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Abstract

We study multistage distributionally robust mixed-integer programs under endogenous
uncertainty, where the probability distribution of stage-wise uncertainty depends on
the decisions made in previous stages. We first consider two ambiguity sets defined by
decision-dependent bounds on the first and second moments of uncertain parameters
and by mean and covariance matrix that exactly match decision-dependent empirical
ones, respectively. For both sets, we show that the subproblem in each stage can be
recast as a mixed-integer linear program (MILP). Moreover, we extend the general
moment-based ambiguity set in Delage and Ye (Oper Res 58(3):595-612, 2010) to
the multistage decision-dependent setting, and derive mixed-integer semidefinite pro-
gramming (MISDP) reformulations of stage-wise subproblems. We develop methods
for attaining lower and upper bounds of the optimal objective value of the multistage
MISDPs, and approximate them using a series of MILPs. We deploy the Stochas-
tic Dual Dynamic integer Programming (SDDiP) method for solving the problem
under the three ambiguity sets with risk-neutral or risk-averse objective functions, and
conduct numerical studies on multistage facility-location instances having diverse
sizes under different parameter and uncertainty settings. Our results show that the
SDDiP quickly finds optimal solutions for moderate-sized instances under the first two
ambiguity sets, and also finds good approximate bounds for the multistage MISDPs
derived under the third ambiguity set. We also demonstrate the efficacy of incor-
porating decision-dependent distributional ambiguity in multistage decision-making
processes.
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1 Introduction

Data uncertainty appears ubiquitously in decision-making processes in practice, where
system design and operational decisions are made sequentially and dynamically over
a finite time horizon, to be adaptive to varying parameters (e.g., random customer
demand, stochastic travel time). When using stochastic programming approaches,
the goal is to optimize a certain measure of a random outcome (e.g., the expected
cost of service operations) given a fully known distribution of uncertain parameter.
We refer to, e.g., [6,36], for detailed discussions about applications, formulations,
and solution algorithms used in two-stage and multistage stochastic programming.
On the other hand, robust optimization [3,4] provides an alternative way to make
conservative decisions, and assumes that values of uncertain parameter may vary in a
given constrained set, called “uncertainty set.” The resultant model seeks a solution
that is feasible for any realization in the uncertainty set and optimal for the worst-case
objective function.

Recently, an approach that bridges the gap between robust optimization and stochas-
tic programming is proposed to handle decision-making problems with ambiguously
known distributions of uncertain parameter, namely, the distributionally robust opti-
mization (DRO) approach. In DRO, optimal solutions are sought for the worst-case
probability distribution within a family of candidate distributions, called an “ambi-
guity set.” A seminal paper by [8] focused on ambiguity sets defined by mean and
covariance matrix, where they proved that a distributionally robust convex program
can be reformulated as a semidefinite program and solved in polynomial time for a
wide range of objective functions. They also quantified the relationship between the
amount of data and the choice of moment-based ambiguity set parameters for achiev-
ing certain levels of solution conservatism. Recent DRO literature demonstrates that
the ways of constructing the ambiguity sets can base on (i) empirical moments and their
nearby regions (see, e.g., [8,26,40,43]), and (ii) statistical distances between a candi-
date distribution and a reference distribution, such as norm-based distance (see [17]),
¢-divergence (see [16]), and Wasserstein metric (see, e.g., [7,9,10]). In this paper, we
focus on moment ambiguity sets and extend them to multistage decision-dependent
uncertainty settings, which we elaborate later.

Reference [5] studied adaptive DRO in a dynamic setting, where decisions are
adapted to the uncertain outcomes through stages. They focused on a class of second-
order conic representable ambiguity sets and transformed the adaptive DRO problem to
aclassical robust optimization problem following linear decision rules. Reference [13]
studied a linear optimization problem under uncertainty which has expectation terms in
the objective function and constraints. The authors developed a new nonanticipative
decision rule, which was more flexible than the linear decision rule, to find DRO
solutions.

In practice, system parameters and therefore their uncertain features could depend
on decisions made previously. For example, customer demand in various types of
service industries, especially new service or service launched in a new market, is ran-

@ Springer



Multistage distributionally robust mixed-integer...

dom and hard to predict due to lack of prior data. Its probability distribution can be
greatly dependent on locations of service centers or facilities. For example, consider
carsharing or bikesharing services offered in metropolitan areas. Normally, one would
sign up as a member only if she can easily find available cars or bikes nearby her
work/home locations (see [19]). This type of uncertainty is called endogenous uncer-
tainty, which has been extensively studied in the literature of dynamic programming
(see, e.g., [41]), stochastic programming (see, e.g., [12,18,22]) and robust optimiza-
tion (see, e.g., [15,20,21,27,32,37]). Among them, [41] proposed an approximate
dynamic programming approach to solve a multistage global climate policy problem
under decision-dependent uncertainties. Reference [12] studied a class of stochastic
programs with decision-dependent parameters and presented a hybrid mixed-integer
disjunctive programming formulation for these programs. Reference [32] investigated
robust combinatorial optimization with variable budgeted uncertainty, where the uncer-
tain parameters belong to the image of multifunctions of the problem variables. They
proposed a mixed-integer linear program (MILP) to reformulate the problem. Further-
more, [38] considered the process of revealing uncertain information being affected
by previously made decisions, and proposed decision rules for stochastic programs
with decision-dependent information discovery processes. Reference [39] extended
their methods to a robust optimization setting and performed numerical studies on
instances of the active preference elicitation problem, solved for designing city secu-
rity and crime control policies.

We consider multistage mixed-integer DRO models under endogenous uncertainty,
of which the ambiguity sets are moment based and depend on previous stages’ deci-
sions. The following papers also incorporate decision-dependent uncertainty into DRO
formulations, but do not consider multistage, dynamic, nested formulations as the ones
we will introduce in Sects. 3 and 4. Reference [28] considered a DRO problem, where
the ambiguity sets are balls centered at a decision-dependent probability distribu-
tion. The measure they used is based on a class of earth mover’s distances, including
both total variation distance and Wasserstein metrics. Their models are nonconvex
nonlinear programs, which are computationally intractable, and the authors specified
several problem settings under which it is possible to obtain tractable formulations.
They demonstrated the results by solving small instances of a distributionally robust
job scheduling problem that only involves 1 machine, 2 jobs, and 2 scenarios in the
finite support of uncertain job-processing time. Reference [24] studied two-stage DRO
models with decision-dependent ambiguity sets constructed using bounds on moments,
covariance matrix, Wasserstein metric, Phi-divergence and Kolmogorov—Smirnov test.
For the finite support case, they provide a small numerical example of a newsvendor
problem where both the decision variable and uncertainty are 1-dimensional. Recently,
[2] considered a two-stage distributionally robust facility location problem, where
mean and variance of the demand depend on the first-stage facility-opening deci-
sions. The authors derived an equivalent MILP based on special problem structures
and developed valid inequalities to improve the solution time when testing larger-
sized instances (with up to 10 facility locations, 20 demand sites, and 100 possible
realizations in the support of demand).

Regarding algorithms for multistage stochastic programs, [29] were the first to
develop the Stochastic Dual Dynamic Programming (SDDP) algorithm for efficiently
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computing multistage stochastic linear programs based on scenario tree representa-
tion of the dynamically realized uncertainty. We also refer the interested readers to
[11,14,31] for studies on the convergence of the SDDP algorithm under different prob-
lem settings. Recently, [30] studied a variant of SDDP with a distributionally robust
objective, where the ambiguity set is a Euclidean neighborhood of the nominal prob-
ability distribution. The authors showed its almost-sure convergence under standard
assumptions and applied it to New Zealand hydrothermal electricity system. Stochastic
Dual Dynamic integer Programming (SDDiP), firstly proposed by [44], is an extension
of SDDP to handle the nonconvexity arising in multistage stochastic integer programs.
The essential differences are the new reformulations of subproblems in each stage and
a new class of cuts derived for handling the integer variables.

In this paper, we deploy risk-neutral expectation and risk-averse coherent-risk
measures to interpret the objective functions in multistage DRO models with decision-
dependent endogenous uncertain parameter. We consider three types of moment-based
ambiguity sets respectively involving: Type 1 decision-dependent bounds on moments
(extended from one case of ambiguity sets in [24] for two-stage decision-dependent
DRO models); Type 2 the mean vector and covariance matrix exactly matching
decision-dependent empirical ones (extended from the ambiguity set proposed by
[40] for general DRO models); and Type 3 the mean vector of uncertain parameters
lying in an ellipsoid centered at a decision-dependent estimate mean vector, and the
centered second-moment matrix lying in a positive semidefinite (psd) cone (extended
from the general moment ambiguity set in [8]). For Type 1 and Type 2 ambiguity sets,
we reformulate the problem as multistage stochastic MILPs, and for Type 3, we refor-
mulate it as a multistage stochastic mixed-integer semidefinite program (MISDP). We
then apply variants of the SDDiP approach for solving these reformulations or deriving
objective bounds.

The main contributions of the paper are threefold. First, to our best knowledge, this
paper is the first that handles mixed-integer DRO models under endogenous uncertainty
in a multistage setting and derives reformulations that can be solved by off-the-shelf
solvers. Second, the reformulation for Type 3 ambiguity set is a multistage MISDP,
which cannot be optimized directly by any state-of-the-art integer-programming
solvers. We derive both lower- and upper-bounds via Lagrangian relaxation and inner
approximation, respectively, and numerically show that these bounds can approximate
the optimal objective of the multistage problem well by having 4% optimality gap in
most instances given demand with high variation. Third, we successfully implement
the SDDiP algorithm for handling both risk-neutral and risk-averse models and numer-
ically evaluate the efficacy of our reformulations and bounds via testing diverse-sized
problems (in terms of number of decision variables, constraints, stages in SDDiP and
the support size).

The remaining of this paper is organized as follows. In Sect. 2, we set up the
formulation of a risk-neutral multistage decision-dependent DRO model with mixed-
integer variables in each stage, and describe our problem assumptions. In Sect. 3, we
develop exact MILP reformulations and SDDiP algorithms for the multistage decision-
dependent DRO models under Type 1 and Type 2 ambiguity sets. In Sect. 4, we
develop MISDP reformulations and bounds for approximating the optimal objective
for Type 3 ambiguity set. In Sect. 5, we consider multistage facility-location instances
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having location-dependent demand and a finite set of periods for locating facilities.
We demonstrate the finite convergence of the SDDiP algorithm, and present numerical
results for instances with different sizes and parameter settings. In Sect. 6, we conclude
the paper and state future research directions.

Furthermore, we present all reformulations for the continuous support case in
“Appendix A”, analysis of the risk-averse models under the three ambiguity sets in
“Appendix B”, and details of all proofs in “Appendix C”.

Throughout the paper, we use the following notation: The bold symbol will be used
to denote a vector/matrix; for n € Z4, the set {1, ..., n} is represented by [n]; the
Frobenius inner product trace(A" B) is denoted by A - B.

2 Problem formulation and assumptions

In the main paper, we focus on risk-neutral multistage decision-dependent distribution-
ally robust mixed-integer programming models. (Due to similar analysis and results,
we describe reformulations for the risk-averse models having coherent-risk-based
objectives in “Appendix B”.)

Consider a generic formulation of a multistage DRO problem with endogenous
uncertainty and risk-neutral objectives as

N-DDDR:

min {giGeny)+ max Ep[ min g,y 4o
x1yneX VT pePrn 2L ayeXa ) 2

+  max Ep[ min gi(xe, y,)+ -+
PPy LyeX g7

+  max EPT[ min gT(xT,yT)]]» M

PrePr(xr-1) (x7,yr)eXT(x7-1,87)

where &, € &, C R7 is the random vector at stage t, forallr = 2,...,T. Wlo.g.,
let Z1 be a singleton, i.e., &; is a deterministic vector. For ¢+ > 1, the probability
of each uncertain parameter §, is not known exactly, but lies in an ambiguity set of
probability distributions. Letting & = &1 x & x - - - X &, the evolution of §, defines
a probability space (=, F, P), and a filtration 7| C F» C --- C Fr C F such that
each F; corresponds to the information available up to (and including) the current stage
t,with F; = {0, E'}, Fr = F. We define binary state variable x; € {0, 1}1 to connect
the consecutive two stages ¢ and ¢ 4 1, and define integer/continuous stage variable
¥, € R/ which only appears at stage ¢. The feasible region for choosing decisions
(x;, y,)is X, (x,_1,&,) € {0, 1}/ x R/*/ which depends on the values of decision
x;—1 and random vector &,. Consider linear cost function g;(x;, y,) and non-empty
compact mixed-integer polyhedral feasible set X;(x,_1, &,) for each t € [T]. The
ambiguity set at stage ¢ is denoted by P; (x;—1), which depends on the previous stage’s
decision variable x;_1, and P;(x;—1) C P;(&E;, F;), denoting the set of probability
distributions defined on (&}, F;), forallt =2,..., T.
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The dynamic decision-making process is as follows:

decision (x1, y;) — worst-case (P,) — observation (§,) — decision (x2, y,) — - --

Stage 1 Stage 2

— worst-case (P;) — observation (§,) — decision (x;, y,) — ---

Stage ¢

— worst-case (Pr) — observation (§ ) — decision (x7, yr)

Stage T’

In the first stage, we make decisions x1, y;. The nature chooses the worst-case prob-
ability distribution P, € P,(x1), under which the uncertain parameter &, is observed
and then make corresponding decisions x2, y, in the second stage. This process
continues until reaching stage 7 .

The Bellman equations for N-DDDR Model (1) involve:

0= min {gl(xl y1)+ max EPZ[Qz(xl,Ez)]},

(x1,y1)€X] PrePs(x;
O/(x,-1,8) = (xr,y,)emXEI(lx,_l,i,) {gt(xts Yo+ Png::fl(x’)EPm [Or+1(xs, §t+1)]} )
)
foreacht =2,...,T — 1, and
Or(xr-1,87) = min gr(xr, yr).

(xr,yr)eXT(x7-1,87)

Note that the Bellman equation in each stage t € [T — 1] is a min-max problem.
Therefore, our goal is to recast the inner maximization problem as a minimization
problem and then reformulate the min-max model as a monolithic formulation. Let
X, represent the feasible set X; projecting to the x,-space, i.e., x; € X, if and only
if there exists y, such that (x;, y,) € X;. We make the following assumptions in this

paper.

Assumption 1 The random vectors are stage-wise independent, i.e., &, is stochastically
independent of §; ,_1; = (§;, ..., g_p'. forallt=2,...,T.

Assumption 2 The subproblem Q,(x,_1, &) in each stage 7 is always feasible for any
decision made in the constraint set X, and for every realization of the random vector
&, forall t € [T]. That is, the problem has complete recourse.

Assumption 3 For each r = 2,..., T, every probability distribution P; € P;(x;_1)
has a decision-independent support =; := {§’;},§: | With finite K elements for all solu-

tion values x,_| € X +—1. Each realization ’g‘f is associated with a decision-dependent
ambiguously known probability pg(x;—1) satisfying Z,le pr(xi—1) = 1.
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Assumption 2 is for notation simplicity of the derivation and analysis of the SDDiP
algorithm for solving reformulations of Model (1). It is made w.l.0.g. as we can always
penalize the violation of a certain constraint in the objective function by adding an
additional penalty-related variable to the constraint.

Assumption 3 is needed for deriving efficient, finitely convergent algorithms for
multistage models. If we relax the assumption and allow continuous supports =, YVt =
2,..., T, the reformulations of N-DDDR under three ambiguity sets become semi-
infinite programs with an infinite number of constraints and cannot be numerically
tested. (We will present the corresponding reformulations in Theorems A.1, A.2 and
A.3 in “Appendix A”.) Therefore, we keep Assumption 3 in the main paper to derive
reformulations of N-DDDR, and numerically evaluate their performance in Sect. 5.

For notation simplicity, every discrete support =, is assumed to have the same
number of elements K fort = 2, ..., T. However, our model and solution approaches
can be easily extended to settings with time-varying K. Moreover, our setting can also
accommodate the case of decision-dependent support with &;(x;_1) = {& f}ke[ KI\2»
by letting a subset £2 C [K] of realizations to have zero probabilities, i.e., pg (x;—1) =
0, Vk e £2, if our decision x;_; will not lead to any of those specific realizations
glf,‘v’k € R instaget forallt =2,...,T.

3 Solving N-DDDR under Type 1 and Type 2 ambiguity sets
We consider Types 1 and 2 ambiguity sets mentioned in Sect. 1 for characterizing

ambiguity sets P2(x1), ..., Pr(xr—1), and will derive MILP reformulations and
algorithms for exactly optimizing N-DDDR under these two ambiguity sets.

3.1 Reformulation under Type 1 ambiguity set

Following the settings of one ambiguity set studied by [24], we bound all the moments
by certain decision-dependent functions. In stage # + 1, the random vector is §,, | =

(Erx1.1s -2 Er1.7)T € R where &1+1,; represents the jth uncertain parameter. We
consider m different moment functions f = (fi(§,.1),..., fm (§z+1))T. Then for
eachs=1,...,m,

G D) = G D)5 G152 - E )5

where kg; is a non-negative integer indicating the power of &, 1, ; for the sth moment
function. The lower and upper bounds are defined by I(x;) := ([{(x;), ..., In x N’
and u(x;) = (w1 (x;), ..., um(x))", respectively. For each ¢ € [T — 1], a discrete
Type 1 ambiguity set with Assumption 3 is:

K
Pt?'_ll(x,) = {P e R¥ | p(x) = p < p(xp), L(x)) < Zpkf@zﬂ) = ”(xt)} )
k=1

3)
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where p(x;) and p(x,) are the given lower and upper bounds of the candidate true
probability p, which are decision-dependent. Following the derivations in [24] for
reformulating a two-stage decision-dependent DRO model, we generalize their results
for the multistage setting and reformulate Bellman equation (2) below in Theorem
1. Note that p can be ensured as a probability distribution by setting one of the
moment functions f, lower and upper bounds / and u to be 1 (which then enforces
Zle pr = 1). The details are given in Eqs. (5a) and (6a) later and without loss of
generality, we do not include (6a) specifically in (3). We also describe a continuous
version of 773_‘1 (x;) and the resulting reformulation in “Appendix A”.

Theorem 1 If for any feasible x; € X,, the ambiguity set defined in (3) is non-empty,
then the Bellman equation (2) can be reformulated as:

Oi(xi—1.6) = min g, y) —alx) +BTu)—y px) + 7 pxy) (da)
a.B.y.y.x0.y;

st (—a+ B fE D=y, + 7 = Qi1 (i 85 . VK € K],

(4b)
(xt,y;) € Xe(xi—1, &), (4¢c)
o, B, y,7>0. (4d)

The proof of Theorem 1 is presented in “Appendix C”. Note that there exist nonlinear

terms in both objective function (4a) and constraints (4b) (e.g., o'l(x)), B Tu (x;))and

we explore special structures of ’Pgr'l(x,) to speed up the computation. For the first

and second moments of each parameter, we consider their lower and upper bounds as
follows:

fi D=1 Lhx) =ui(x) =1, (5a)

F14j Gy ) = &1,y Ly j(xr) = pj(xr) —ey, U4 () = pj(xr) +6§-L, vjelJl,
(5b)

Froarj @) = G D% Ly g j&) = Sjx0es, iy (o) = Sjxn)Es, Vj e [J1.
(50)

Here, (5a) is a normalization constraint to ensure that P is a probability distribution.
Equations (5b) and (5¢) demonstrate the first and second moment functions for each
parameter, respectively. When the first moment functionis used, /1y j (x,) and u1y j (x,)
bound the mean of parameter &, ; in an ej.‘ -interval of the empirical mean function
wj(x;) for all j € [J]. Similarly, /144 (x;) and u14 4 ;(x;) bound the second
moment of parameter &, 1, ; via scaling the empirical second moment function S; (x,)
for all j € [J]. In the rest of our analysis, we set p(x;) = 0, p(x;) = 1 for any
feasible x,, and focus on specially designed forms of wj(x;) and S;(x,) to derive a
computable reformulation of Model (4). We first specify 2J + 1 constraints in the
ambiguity set (3) as:

K
PR () = {peR’j 1> =1, (6a)
k=1
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K
i) — et <3 el <)+ € Vielsl, o (6b)
k=1

K
Sj(xnes <> pr(El, )P < Si(xnEs, Vje [J]}, (6¢)
k=1

where for each j € [J], the empirical first moment w ; (x,) and second moment S (x;)
affinely depend on decisions x;, such that

1
i) = i (1 +Zx;§xﬁ>,

i=1

1
Sj(x1) = (45 +57) (1 + fo,-xn) :

i=1

where the empirical mean and standard deviation of the jth uncertain parameter are
denoted by f1, o, respectively. Here by assumption, the first and second moments
will increase when any of the state variable x;; changes from O to 1. Parameters
A” Afl € Ry respectively represent the degree about how x;; = 1 may affect the
values of the first and second moments of &1 ; for each j € [J]. Following this
assumption, the mean and variance of customer demand may increase if there are

more facilities open nearby, and the respective increasing rates are measured by A’; ;
and AS Depending on specific applications and problem contexts, the values of A*’s

and AS ’s can be set differently. Also note that for notation simplicity, A“ and AS are
the same for all stages ¢t € [T]. Our models and approaches can also accommodate
time-varying A*- or A5-values.

We further rewrite the recursive function Q41 (x;, & f 1) as Qlt‘ 1 for notation sim-
plicity. Using the ambiguity set defined in (6), the Bellman equation (4) becomes

I

. M -
Qt(xt_l,’;‘t):aglrgr’un 8i(Xr, y,) —ar — Zaz,(u,—e )—szﬁﬂj“z/’xti

Yo j=1i=1

J
S+ 5 3 A + P

j=1 j=1i=l

J J 1
F B+ D B+ e+ D AiaiBajxi

j=1 j=1 i=l1

+ Z Bsj(i; + 7)€ + Z fo, & (15 +67)B3jxii (7a)

j=1i=1

st.—a; 4+ B1 + Z $,+17j(_a2j + B2j)
Jje]
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+ ) (ER ) (—as + B3 = 0.

JelJ]
Vk € [K], (7b)
(xr, y,) € X (x-1. &),
o, B>0. (7¢)

Given binary valued x;;, we provide exact reformulations of the bilinear terms
45 = W)X, 2y = 03X, zfizl = BojXii, Zfﬁi = B3jXx:i in objective (7a) using
McCormick envelopes M;)‘Zl Mffl Mgzl Mgi foralli € [I], j € [J]. (We omit
constraint details of all the McCormick envelopes here and also in the remaining
reformulations as they follow standard procedures, which can be found in, e.g., [25].)

Then, following the multi-cut version of SDDiP algorithm [44], at iteration £, we
replace the value function Qf 1 by under-approximation cuts:

oF > vk + @ )x,, VE e [K1, 1 € [2], )

where cut coefficients {(v ,f | are evaluated at stage ¢ + 1 in the backward

lk
1 o))

step at each iteration [ € [{] W1th ! bemg the optimal solution to a Lagrangian

z+1
dual problem of model (7) and vt b= Ct 11 (! . +1) being the value of the Lagrangian
dual function. Then we obtain an under-approximation of the Bellman equation (7) as

J
Qi1 8) = min g,(x,,yn—al—Zaz,(ﬁ,—e_?‘)—ZZA,,uJZ,,,

o,p, X1, Y01

292,293,282 2F3 j=ti=l
J J
=2 ~2\_S A
— D w(ps+0)€; — Ji€] (M, +0; )Z,,,
j=1 j=li=1

J J 1
B B e 1YY ki

j=1 j=li=l

J J
+ Y B +DE + Y ZA,,e (@3 +63Hl
j=1 j=1i=1
s.t. (7¢), (8),
—a+ B+ Z 'S;:t]:,l"j(_azj + B2j)
JEJ]
+ ) ) (—as + Baj) = 0F
JelJ]
Vk € [K],

@ g, xi) € M3 Vi € (1), j € L],

(o 03, i) € M5, Vi € [, j € [J],
(<1jp> Poijo i) € Mij, Vi € 1), j € 1]

@l Bajoxi) € MES, Vi e M1, j e lJ],
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a, B>0. )

The above under-approximation (9) is an MILP. Therefore, we can apply SDDiP
using Lagrangian cuts to optimize the original N-DDDR model (1) with its stage-wise
subproblem reformulations (9), given Type 1 ambiguity set.

3.2 Reformulation under Type 2 ambiguity set

In the previous section, we consider Type 1 ambiguity set defined by decision-
dependent bounds on each moment separately, whereas in reality, there may be
correlations between different parameters. In this case, we rely on estimates of the
true mean and covariance matrix and consider ambiguity sets defined by matching
empirical mean u(x;) € R/ and covariance matrix X (x;) € R’*/ exactly. For each
t € [T — 1], we consider Type 2 ambiguity set having a discrete support of uncertain
parameter, given by

K

PR (x) = {p eR Y pe=1, (10a)
k=1

K
> Pk = r(xo), (10b)
k=1
K
Y pr(Er — mx)) @ - pee)) = z(x»}. (10c)
k=1

Theorem 2 demonstrates a reformulation of Bellman equation (2) given Type 2 ambi-
guity set (10).

Theorem 2 [ffor any feasible x, € X, the ambiguity set defined in (10) is non-empty,
then the Bellman equation (2) can be reformulated as

Qi(xi-1.§) = min (e y) +s +u'px) + Ex) - ¥ (11a)
st s+ ulEN 4+ EF —nae))E —pae))T Y = 08,
Vk € [K],
(xt’yt)ext(xt—ls§1)~ (llb)

A detailed proof of Theorem 2 is presented in “Appendix C”, in which we apply
strong duality to recast the inner maximization problem in (2) as a minimization
problem and combine it with the outer minimization problem. Furthermore, assume
that the elements in w(x,), ¥ (x;) are affine in x,, i.e.,

1
i) = <1 + ijﬁxﬁ) L Vjell (122)

i=1
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¥ (x,) = <1+ZAC"" ) (12b)

where i is the nominal mean vector and ¥ is a psd matrix representing the nominal
covariance matrix. Then

u'p(x,) = Zu,u,m +Zx,,x,, (13a)
j=1

T(x) Y = ZZZH,(HZ)&%Z,) i (13b)
j= 1/’—1

peeDpx) Y Z Z iy 1+ ZA i) (1+ ZA L)Y (130)

Jj=1j'=1

Both (13a) and (13b) contain bilinear terms and (13c) contains trilinear terms.
Since x;;, Vi € [I] are binary variables, we can provide exact reformulations of
the bilinear terms wy;; = X;uj, Z;jj7 = X Yjj, and trilinear terms vy =
xiixYjjp forall t € [T, i,i" € [, j,j" € [J] using McCormick envelopes
MY., M- M?., ... Applying the same cutting planes in (8), we obtain an under-

tij tijj"’ tii’jj
approximation Qt (x¢—1, &,) of the Bellman equation (11) as:

J

min Xt K il

oy Y 8r(x¢ y) + +Z/ij Jj
w,z,v j=1

I J J o I 77
- - _ ]
F DD M Y Y Y+ Y T
i=1 j=1 j=1j'=1 i=1 j=1j'=1
st (7¢), (8)

S+”T5t+1 +Et+l(gt+1 Y

1
k -
- Z Z Eivr i (Y i+ Y+ D W g + Zn’jj/))

j=1 //=1 i=1
+ Z Z Hjldj (YJJ + Z()‘I'L )‘M )21’
j=1j'=1

k
+ ZZ/\N i) = 0, VK € K],

i=1i'=l1
(wlljaxllvuj) EM[U’ Vi e [I] JE [‘]]7

(@uijjrs Xiis Yij) € My, Vi€, j, j € U],

.
(vtii/jj/’xll'/v Zlijj/) € Mtii/jj/’ Vlvl € [I]a J.J € [J]7
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which is an MILP and we can again deploy the SDDiP approach for optimally solving
the N-DDDR model (1).

4 Solving N-DDDR under Type 3 ambiguity set

Now we focus on the general moment-based ambiguity set for decision-dependent
DRO models, and derive reformulations and algorithms for N-DDDR under Type
3 ambiguity set, where the mean vector of uncertain parameters lies in an ellipsoid
centered at an affinely decision-dependent estimate mean vector, and the second-
moment matrix lies in a psd cone defined by an affinely decision-dependent matrix.
Specifically, for all t € [T — 1], letting y, 1 be coefficients controlling the size of the
ambiguity set, we have

K

PR (x) = {p eRN Y pi=1 (14a)
k=1
K T K
(Z ki) — u(xt)) ACH (Z Préfyy — u(x») <7,
k=1 k=1
(14b)
K
Y el — rx))E — )T = nx(xt)}. (14c)
k=1

4.1 Mixed-integer semidefinite programming reformulation

Theorem 3 describes a reformulation of Bellman equation (2) under Type 3 ambiguity
set (14).

Theorem 3 Suppose that the Slater’s constraint qualification conditions are satisfied,
i.e., for any feasible x; € X;, there exists a vector p = (p1, p2, ..., px)" such that

;
S =1, (Zle Préfyy _/L(xt)) Tx)~! (Zlepkélfﬂ —u(xz)) <7
and Z,le pk(Efﬂ - u(xt))(g’;ﬂ — n(x) < nX(x;). Using the ambiguity set

defined in (14), the Bellman equation (2) can be recast as

Qt(xt—lvgt): min gt(xt»yt)+s
x zZY

z,y;sS, 3

F(x)-z1—20(x) 22+ vz +nZ(x,) - Y (15a)
st — 22065 4+ 5 - pe))E — pe)T

Y > 0, Yk € [K], (15b)

7 — (Z; zZ) >0, Y >0, (15¢)
5 23

(x7, y,) € Xe(x-1, &)). (15d)
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A detailed proof of Theorem 3 is given in “Appendix C”. The key idea is to use
the Lagrangian function and apply strong duality to recast the inner maximization
problem in (2) as a minimization problem. We still assume the linear dependence
of w(x;), X(x;) on x;, as shown in (12a) and (12b). Because x;;, i € [I] are
binary variables, we can provide exact reformulations of the bilinear terms wy;;;» =

XtiZ1,jj’s Urij = X1iZ2j, Ryijjr = %Yy, and trilinear terms vy = xt,x,,/Y”/
using McCormick envelopes Mtw Mt“ij Mt’f”/, Mm/”, forall t € [T], IS

[11, j, j' € [J]. Overall, the Bellman equation (15) can be recast as Q;(x;_1, gt) =

J J J J 1
min g (e y) F s+ YYDz D0 Y D Sk wjy
i=1j=1 j=1j=1i=1

X1, ¥,8,Z,
w,u,R,v
J 1 J
- 2(2 Rjz2j + Z Zﬁjk’f,-urij) +vz3
j=1 i=1 j=I
J U J J 1
Z Z DI Ejj’kf"vRtijj)
= : j=1 j’:l i=1
k T
s.t. 212§z+1 +5z+1(§z+1) Y
- Z Z sz+1 iy ( jir Y+ Z)‘j i (Riijrj + le’))
Jj= lJ/—l
+ Z Z Hjij (Y// + Z()‘M +)‘ D Riijj
Jj= 11/—1
+ Z Zx,, foviinii') = Ok K € K], (162)
i=1i'=1
(xr, y,) € X (x-1, &), (16b)
(wnjj’a Xtis 21, jj 1) € Mnj]’a Vi el[ll], j, j/ elJl (16¢)
(i, X1i, 22j) € M, ,l], Vielll, jelJl, (16d)
(Rtt/j’ Xtis ;;/) € Mn”u Vi e[ll, j, ] eJ], (16e)
(vtu]]’y Xti’s Rn]]’) € Mtu 1jj’ Vi, S 11, j. ] € [J], (16f)
Z1 22
Z = >0,Y >0. 16
(z; Z3> - o (1)

For notation simplicity, we rewrite the linear objective functionas g, (x,, y,, s, Z, Y, w,
u, R) and the linear function on the left-hand side of Constraint (16a) as fi(s, Z, Y, R,
v, E, 1 1)- We fold all linear constraints (16b)—(16f) into set X; Then model (16)

@ Springer



Multistage distributionally robust mixed-integer...

becomes:
Qf(xt—lvgt): min gt(xtﬂytasaza Yawau7R) (173)
xt;yné\ZsY
w,u,R,v

st. fi(s,Z,Y,R,v, & ) > 0F |, Yk e [K], (17b)
.y, Z. Y, wu Rv) e X (x,_1.§). (170
Z>0,Y>0. (17d)

4.2 Derivation and computation of bounds for multistage MISDPs

To solve (17), we aim to replace the value function Q4 (x;, ’§f 1) in (17b) by some
under-approximation linear cuts, which will result in a multistage stochastic MISDP.
The MISDP itself is difficult to solve directly due to the nature of semidefinite pro-
grams with integer variables. To our best knowledge, no solvers can directly optimize
MISDP. For example, BNB and CUTSDP are two internal mixed-integer conic pro-
gramming solvers in YALMIP [23], which rely on relaxing integrality/semidefinite
cones during iterative processes but not solve them exactly. If we want to leverage
SDDiP with Lagrangian cuts, an MILP is needed in each stage. In the next two sub-
sections, two methods are proposed to tackle this issue. In Sect. 4.2.1, we solve a
Lagrangian relaxation, which provides valid cuts and the procedures will produce a
lower bound on the optimal objective value of the original multistage problem. In Sect.
4.2.2, we approach the problem by inner approximating MISDPs via MILPs so that
we can apply SDDiP with Lagrangian cuts directly on the resultant multistage MILP.
The gaps of these two approaches are demonstrated numerically in Sect. 5, to show
the efficacy of the bounds.

4.2.1 Lower bounding via relaxed Lagrangian cuts

In the forward step, we solve the MISDPs (17) for all stages ¢t € [T — 1] with current
approximations of the value functions. Then in the backward step, at iteration ¢ of stage
t, our goal is to find under-approximation linear cuts with coefficients {(vfk , n,@k )} ,le
for value function Q,(x,,l,Sf) such that Qt(x,,l,‘;'f) > vfk + (Jrfk)Tx,,l for all
x;—1 € {0, 1}1. Following [44], we make a copy of the state variable z;, = x;_;
and then relax it to get a Lagrangian function. Specifically, at iteration ¢, for each
realization & f, we solve the following relaxation problem in the backward step:

El[((nf): min gl(xlvytvs’zv Yvw’u3 R)_JIIZ[
X1, ¥1:26,8,Z,Y
6;,w,u,R,v
st fi(s.Z.Y, R v, £ ) = 0F, VK € [K],
€))
(xtv yt’ Za Ya w,u, Ra v) € )?[(zt, g;{)a
Z>0,Y>=0.
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A collection of cuts given by the coefficients {(vfk , nfk)},le is generated, where
7% e R! is any real vector and v* = L£F(7 /). We name this collection of cuts
the Relaxed Lagrangian Cuts because it does not require the coefficient & to be the

optimal solution to the Lagrangian dual problem.

Proposition 1 The collection of Relaxed Lagrangian Cuts {(vfk, 7'[,”‘)}]5:1 is valid
because the true value function is bounded from below by these cuts for all x;_1,
ie, Qi(x;_1, &) = v* + (!X x,_y forall x,_1 € {0, 1},

The proof is similar to the one of Theorem 3 in [44] and it is omitted here.

As a result, SDDiP algorithm with Relaxed Lagrangian Cuts provides a lower
bound on the original multistage stochastic MISDP. However, because the Relaxed
Lagrangian Cuts are not necessarily tight, our algorithm is not guaranteed to converge
to an optimal solution. In Sect. 5, the tightness of the bounds is verified numerically
based on diverse instances with different problem sizes and parameter settings.

4.2.2 Upper bounding via inner approximating MISDP by MILPs

We also propose to inner approximate psd cones by polyhedrons to obtain valid upper
bounds for the MISDPs (17).

Definition 1 A symmetric matrix A is diagonally dominant (dd) if a;; > i |ai
for all i.

We can further define a set of cones parameterized by a matrix U € R"*":
DDWU)={M¢eS, | M= UTQU for some dd matrix Q},

where S, represents the set of real symmetric n x n matrices. Optimizing over D D (U)
is a linear program since U is fixed and the associated constraints are linear in M and
Q. Moreover, the matrices in DD(U) are all psd, i.e., VU, DD(U) C P,, where P,
represents the set of n x n psd matrices.

Then, following similar ideas in [1], one natural way is to replace the conditions
Z>0,Y>0byZe DDU), Y € DD(V) for some fixed matrices U, V in the
forward step. This will provide us an upper bound on the value function Q,(x;—1, &,),
given by

Q,(x,1,€,)=min & (x1,y,5.Z, Y, w,u, R)
X1, ¥:.8,Z,Y
w,u,R,v
st fi(s.Z, Y, R, v, &) > 0,y (x,, 6, )). VK € [K],
x0, ¥, Z, Y, w,u, R,v) € X, (x,_1, ),

Ze DDWU), Y €e DD(V).
Then in the backward step, we can construct the Lagrangian cuts on the stage-wise
MILPs. As a result, the optimal objective value of the resultant multistage MILP will

serve as an upper bound of the original multistage MISDP.
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In “Appendix B”, we generalize the risk-neutral objective functions in the N-DDDR
model (1) to risk-averse ones based on coherent risk measures. We present reformu-
lations of the risk-averse multistage decision-dependent DRO problems under Types
1, 2, 3 ambiguity sets and derive SDDIP algorithms or bounds, similar to the results
in Sects. 3 and 4.

5 Numerical studies

We use instances of a multistage facility-location problem (see, e.g., [42]) for validating
our reformulations and algorithms. In these instances, consider 1, ..., [ potential
facilities and 1, ..., J customer sites. We define binary decision variable x;;, V¢ €
[T], i € [I], such that x;; = 1 if a facility is open at location i in stage ¢, and
x;; = 0 otherwise. Decision variable y;;; represents the flow of products from facility
i to customer site j in stage ¢. The random vector at stage ¢ is §, = (&1, ..., E,/)T,
representing the demand in each customer site at stage ¢. Then, in model N-DDDR
(1), the objective function at stage ¢ is defined as g;(x;, y,) = Zil=1 Z;zl CijYiij —

Z,J':1 R; 2{21 yiij, where it minimizes the total transportation cost minus the total
revenue, and ¢;;, R; denote the unit transportation cost from facility i to customer site
Jj and revenue for meeting one unit demand at customer site j, foralli € [I], j € [/],
respectively. The stage-wise feasibility set X;(x;—1, &§,) for each ¢ € [T] consists of

the following constraints:

1

> yij <&, Vel (18a)
i=1

J t

> yij <ha Y xu, Vielll, (18b)
j=1 =1

1

> filei = x-14) < N, (18¢)
i=1
Xy = X1, Vielll, (18d)
xi € {0,1}, Vielll, (18e)
vij € Ly, Yielll, jelll. (18f)

where (18a) and (18b) require that the total shipment to a customer site/from a facility
in each stage cannot exceed the demand/capacity of that customer site/facility, respec-
tively. Constraints (18c) imply that the building cost in each stage cannot exceed a
given budget N, and according to (18d), any open facilities cannot be removed.

In all our tests, we randomly sample I potential facilities and J customer sites on
a 100 x 100 grid. The transportation costs between facilities and customer sites are
calculated by their Manhattan distances divided by 4, i.e., ¢;; = dist(i, j)/4, Vi €
[1]1, j € [J]. We set the building costs f;; = 100 for alli € [I] and ¢t € [T]. In
each stage ¢, we set budget N = 100, and all the facilities have the same capacity
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hy;i = 1000 for all + € [T], i € [I]. The revenue for meeting one unit demand is
setto R; = 100 for all j € [J]. The empirical demand mean f; is drawn uniformly
between 20 and 40 for each j € [J], and the empirical standard deviation 7, is set to
ij x p, where we vary the coefficient p to represent different demand variations later.
Then, for the uncertain demand &;;, we sample K data points following N s 6].2)
for all j € [J], to construct the discrete support &; in each stage r € [T].

In Sect. 5.1, we test small instances with T = 2 stages, I = 3 facilities and J = 1
or 2 customer site(s) for each of the three ambiguity sets. Specifically, we compare
using the SDDiP algorithm for solving each reformulation of the N-DDDR model
with an algorithm that enumerates all feasible first-stage solutions and optimizes the
corresponding second-stage DRO models to seek optimal solutions. We show that both
the optimal solutions and objective values of these two approaches are the same under
the first two ambiguity sets, confirming the finite convergence of SDDiP algorithm to
the true optimum.

In Sects. 5.2 and 5.3, we test the SDDiP algorithm for solving reformulations
given by Type 1 and Type 3 ambiguity sets, respectively, on larger-sized instances by
increasing values of 7', I, J and parameters used in SDDiP.

Our experiments utilize YALMIP toolbox in MATLAB [23] for modeling, where
MOSEK is used to directly solve the stage-wise MILPs, and CUTSDP is used to solve
MISDPs. All numerical experiments are conducted on a Windows 2012 Server with
128 GB RAM and an Intel 2.2 GHz processor.

5.1 Results of small instances and finite convergence of SDDiP
5.1.1 Results of Type 1 ambiguity set on two-stage instances

We first consider N-DDDR model with T = 2 stages, I = 3 facilities and J = 1
customer site. For Type 1 ambiguity set (6) in Sect. 3.1, we set the empirical first and
second moments as i = 10, ¢ = 0.1, and the bounding parameters as €/ = 5, gs =
0.5, €5 = 1.5. We evaluate four different patterns with fixed A*- and A5-values given
in Table 1. For each pattern, we first solve the two-stage min-max formulation of
N-DDDR by enumerating on all feasible first-stage solutions and each second-stage
problem is directly optimized by MOSEK solver. We then apply SDDiP algorithm to
solve both the N-DDDR and the decision-independent counterpart (N-DIDR) with all
A%~ and A5-values set to 0, where the algorithm iteratively builds cuts to approximate
the first-stage value function. Table 2 demonstrates the performance of the above
three models under different patterns. Each column under “Two-stage enumeration”
displays the cost with the corresponding first-stage x-solution (x-sol.), where we mark
the optimal solution in bold. The rest of the columns record the optimal objective values
and optimal solutions of the N-DDDR and N-DIDR models, respectively.

From Table 2, both the optimal solutions and objective values of the two-stage
model by enumeration and N-DDDR are the same, confirming the finite convergence
of the SDDiP algorithm. The model N-DDDR always yields a better objective value
than the one of N-DIDR, indicating the benefits of considering decision-dependency.
When we set AS-values the same, as shown in Pattern #1—1, N-DDDR first builds
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Table 1 Patterns with varying

A-/1S -values that interpret how Pattern (}”’ILI’ }”’ILZ’ )"IL3)T (1227 29 )’

decisions affect mean/variance -1 (0.9.0.5, O.l)T (0.5.0.5. O.S)T
1-2 (0.5,0.5,0.5)7 0.9,0.5,0.)7
1-3 (0.1,0.1,0.D7 0.9,0.5,0.)7
1-4 0.5,0.9,0.1)7 0.9,0.5,0.1)7

Table 2 Results of different models using Type 1 ambiguity set

Pattern Two-stage enumeration N-DDDR N-DIDR

(1,0,0)7 0,1,07 0,0, DT Obj. x-sol. Obj. x-sol.
1-1 -2160 —1800 —1575 —2160 (1,0,0)7 —1463 0,0, DT
1-2 —1800 —1800 —1800 —1800 0,0, )T
1-3 —1665 —1575 —1485 —1665 (1,0,0)7
1-4 —1800 —2160 —1485 —2160 ©,1,07

the facility that has the highest impact on the mean values of demand, coinciding
with our intuition that building such a facility will increase demand in later stages
the most and as a result, it will bring the largest revenue. When we decrease all A/-
values to 0.1, N-DDDR chooses the facility with the highest AS-value, indicated in the
optimal solution in Pattern #1-3. In Patterns #1—4, N-DDDR chooses the facility with
A = 0.9 and A5 = 0.5. These results suggest that the impact on the first moment
(e.g., mean values) plays a more important role than the impact on demand variance
when choosing optimal facility-location solutions.

5.1.2 Results of Type 2 ambiguity set on two-stage instances

Now we consider N-DDDR model with T = 2 stages, I = 3 facilities and J = 2
customer sites. For Type 2 ambiguity set (10), assume that each facility has the same
impact on different customer sites, i.e., )J; ; = Ai, Vj € [J]. The empirical mean and

10 10
10 10
of ambiguity set is the most restricted one because it is defined by three equalities.
As aresult, we evaluate three different patterns with fixed A*- and o -values given in
Table 3, which will make the ambiguity set (10) non-empty. Table 4 demonstrates the
results of the two-stage model solved by enumeration, N-DDDR and N-DIDR solved
by SDDiP under different patterns.

From Table 4, in Pattern #2—1, when all the o -values are the same, N-DDDR builds
the facility with the highest impact on the mean. In Pattern #2-2, when the third
facility has the highest impact on the mean (A", = 0.3) and the lowest impact on
the covariance matrix (o3 = 0.1), N-DDDR still builds the third one, indicating the
importance of mean values of demand.

covariance matrix are given by i = (10,10)T, ¥ = ( ) Note that this type
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Table 3 Patterns with varying

BB BT T

A-/o -values that interpret how Pattern OLJ I )LJ 2’ )L 3) (©1,02,03)

decisions affect mean/covariance T T
2-1 (0.1,0.2,0.3) (0.5,0.5,0.5)
2-2 (0.1,0.2,0.3)7 0.9,0.5,0.1)7
2-3 (0.3,0.3,0.3)T 0.9,0.5,0.1)7

Table 4 Results of different models using Type 2 ambiguity sets

Pattern Two-stage enumeration N-DDDR N-DIDR

1,0,00T  ©0,1,0T  (©,0,HT  Obj. x-sol. Obj. x-sol.
2-1 —3780 —3960 —4140 —4140  (0,0,1)T  —3600 (0,0, DT
2-2 —3780 —3960 —4140 —4140 (0,0, )7
2-3 —4140 —4140 —4140 —4140 (0,0, )T

Bold values indicate the optional solutions

Table 5 Patterns with varying

A" A" A"
A -/o-values that interpret how  Pattern ( > (01, 02,03)"
decisions affect mean/covariance 3L 22’
0.1,0.5,0.9 T
3-1 (0 1.05.0. 9) (0.5,0.5,0.5)
0.5,0.5,0.5 T
3-2 (O 5050, 5) (0.9,0.5,0.1)
0.1,0.5,0.9 T
3-3 (O 1.0.5.0. 9> (0.1,0.5,0.9)
0.1,0.5,0.9 T
34 (0 9.0.5.0. 1) (0.5,0.5,0.5)

5.1.3 Results of Type 3 ambiguity set on two-stage instances

For Type 3 ambiguity set (14), we set bounding parameters as y = 1000, n = 500,
the empirical mean and covariance matrix as g = (10, 07, ¥ = 8; 83 . We
evaluate four different patterns with fixed A*- and o-values given in Table 5. Then in
Table 6, we show the results of the two-stage model solved by enumeration, N-DDDR
and N-DIDR for different patterns given in Table 5.

From Table 6, when the A*-values are the same as shown in Pattern #3—2, N-DDDR
builds the facility with the lowest impact on the covariance matrix, which is different
from the previous two ambiguity sets. In other patterns, N-DDDR always builds the
facility with the highest impact on the mean values of demand for both customer
locations. When different facilities have the highest impact on the demand in the two
locations, the location with smaller demand variance will play a more important role
in choosing facilities to build.
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Table 6 Results of different models under Type 3 ambiguity set and correlated demand

Pattern Two-stage exact N-DDDR N-DIDR

1,0,00T 0, 1,07  ©,0, )T  Obj. x-sol. Obj. x-sol.
3-1 —2700 —3150 —3856.2 —3856.2  (0,0,)T  —2701 (1,0,007
32 —2950 —3150 —3350 —3350 0,0, DT
3-3 —2700 —3150 —3625.4 36254 (0,0, 1)T
34 —2700 —3150 —4201.8  —4201.8 (0,0, 1)T

Bold values indicate the optional solutions

Fig. 1 Locations of customer T T T T

sites and potential facilities on a 100 a 4 Customer sites ||

| 4 @ Potential facilities
100 x 100 grid s #
80 |- "o .
6
% ) .
60 [~ #8 A B
[ ]
7 #L Ot
40| % . e
#3042 40
20 @ #9 e A B
[ ] A A
5 A

5.2 Results of larger instances under Type 1 ambiguity set

We first consider N-DDDR model with T = 3 stages, I = 10 facilities, J = 20 cus-
tomer sites and Type 1 ambiguity set (6) in Sect. 3.1. We set the bounding parameters
et =25, €5 = 0.1, & = 1.9. Parameters )»’;i, Afi follow exponential func-
tions in terms of the distance between customer site j and facility i so that farther
facilities have lower impacts on the first and second moments of the demand, i.e.,
)L?l. = o UL/ 38 = o dis)/50 for all i e [I], j € [J], and then they
are normalized to ensure that the sum of impacts over all facilities equals to 1, i.e.,
Tien Vi = Lien 25 =1, Vi € U],

We sample K data points following N ({1, 6%) to construct the discrete support
Ey for each t € [T], and set the demand variation coefficient p = &;/u; to 0.8
for each j € [J] by default, where we vary it in Sect. 5.2.2. We then apply SDDiP
algorithm to solve both the N-DDDR and N-DIDR with all A*- and A5-values set to 0.
The locations of potential facilities and customer sites are displayed in Fig. 1, where
triangles represent customer sites and circles stand for potential facilities.
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unbounded cases

Fig. 2 Objective values of N-DDDR and N-DIDR under Type 1 ambiguity set and varying support sizes
K. a The original result, b a truncated version by dropping all the unbounded cases

5.2.1 Objective values with different support sizes

We vary the number K of data samples in the discrete, finite support from 10 to 100
and display the objective values of N-DDDR and N-DIDR in Fig. 2a, respectively,
where Fig. 2b zooms in Fig. 2a by dropping the unbounded cases.

From Fig. 2a, when K = 10, 20, the N-DDDR model is unbounded with an
empty ambiguity set (6), mainly due to a lack of data points in the discrete support.
By increasing the support size K, the objective values of N-DDDR increase. Recall
that the worst-case scenario is calculated by the inner maximization problem, and
therefore, larger-sized discrete supports lead to higher worst-case objectives. Overall,
we are minimizing the N-DDDR objective function, and thus lower objective values
are more favorable. More data points K in the discrete support can either be interpreted
as a more risk-averse altitude, or represent a better approximation of the continuous
distribution. From Fig. 2b, the objective values of N-DDDR and N-DIDR both have
step-wise increments. That is, when we include more data points, the objective values
may stay constant or take a step upward, depending on whether the inclusion of
these data points changes the worst-case scenarios. Moreover, N-DDDR always yields
better objective values than N-DIDR, indicating the benefits of considering decision-
dependency.

5.2.2 Objective values with different sample variance and distributions

Next, we fix the support size K = 100 and vary the demand variation coefficient
p =0j/i; from 0.2 to 1 for all j € [J]. To further illustrate the impact of demand
variations on the objective values, we also compare the results of different distributions
of which the data points come from. Figure 3 displays the objective values of N-DDDR
with varying demand variation coefficients p and Normal/Log-normal distributions,
respectively, where we drop the demand variations that make the problem unbounded
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(i.e., make the ambiguity sets empty). To be comparable with Normal distributions, we
set the scale parameter (the median of the Log-normal distribution) to be the empirical
mean of the Normal distribution, i.e., 1, the location parameter (parameter u of the
Log-normal distribution) to be log(jx ;) and the shape parameter (parameter o of the
Log-normal distribution) to be p log(jx ;) for each j € [J].

InFig. 3, the objective values with Normal and Log-normal distributions have totally
different behaviors with respect to demand variations. When p is low (i.e., p < 0.5),
the ambiguity sets with discrete supports constructing by Normal distributions are
empty, because the data points in the discrete support mostly concentrate around the
empirical mean and lack of diversity. On the contrary, the problem with Log-normal
distributions becomes unbounded when p is high (i.e., p > 0.5). This is because
of the long-tail characteristic of Log-normal distributions. Under increasing demand
variations, it is more likely to include extreme scenarios in the discrete support when
sampling from a Log-normal distribution, and having too many deviated data points
from the empirical mean is hard to construct a non-empty ambiguity set (6). It is also
worth noting that the objective values with Normal and Log-normal distributions both
decrease as demand variation increases.

5.2.3 Optimal solutions with varying budgets and transportation costs

We fix the support size K = 100, demand variation p at 0.8, and increase the building
budget N from 100 to 500. Table 7 displays the optimal objective values and solutions
of models N-DDDR and N-DIDR with varying budgets, respectively.

In Table 7, when we only have budgets to build one facility at the first stage, the
optimal solutions of N-DDDR and N-DIDR both choose facility #1. Combining with
Fig. 1, facility #1 is in the most central location. With higher budget values N = 300
and N = 500, the optimal solutions of N-DDDR do not include facility #1 anymore
and the objective values get improved by building more facilities. Moreover, N-DDDR

-10° -10°
T T
162l —1.64 8
7 5 —1.65 8
1% [
= =
< _ L i <
£-164 £ 166 .
o o
Z £
£ S-167F 1
) 56 | i )
3 —1.66 3
—1.68 |- B
—1.68 |- B —1.69 | i
1 1 1 1 1 1 1 1
0.6 0.7 0.8 0.9 1 0.2 0.3 0.4
Demand variation p Demand variation p
(a) Normal distribution (b) Log-normal distribution

Fig. 3 Objective values of N-DDDR under Type 1 ambiguity set, varying demand variations p and distri-
butions. a Normal distribution, b log-normal distribution
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Table 7 Optimal solutions of N-DDDR and N-DIDR with varying budgets

Budget N N-DDDR Obj. N-DDDR Sol. N-DIDR Obj. N-DIDR Sol.
100 —163, 907 1 —146, 535 1

300 —169, 148 [2,4,10] —150, 479 [2,6,10]

500 —171, 986 [2,4,6,8,10] —151, 323 [1,2,5,6,10]

Table 8 Optimal solutions of N-DDDR and N-DIDR with varying budgets and fixed transportation cost

Budget N N-DDDR Ob;. N-DDDR Sol. N-DIDR Ob;. N-DIDR Sol.
100 —162,752 2 —145, 811 9

300 —165, 461 [2,4,8] —145, 815 [7,8,9]

500 —168, 114 [1,2,4,8,10] —145, 820 [4,5,7,8,10]

Table 9 Total impact on the first and second moments of each facility

I #1 #2 #3 #4 #5 #6 #7 #8 #9 #10

n

Zje[]] )‘ji 2.11 347 1.08 2.15 1.43 1.69 1.47 1.86 2.09 2.65
S

Zje[]] )‘ji 2.23 2.58 1.48 2.02 1.57 1.80 1.85 2.11 2.06 2.31

always yields better objective values than N-DIDR by building facilities having bigger
impacts on the demand mean.

To not take relative locations into account, we set all the transportation costs to
10, and record the optimal objective values and solutions in Table 8. We also display
the impacts on the first and second moments of all customer sites by calculating
Y jetn M Xjern A5 for each i € [1]in Table 9.

From Tables 8 and 9, facility #2 has the largest total impact on the first and second
moments of the uncertain demand among all facilities, which is built in the optimal
solutions of N-DDDR. However, without the decision-dependency settings, the opti-
mal solutions of N-DIDR always choose facilities having smaller impacts on the first
and second moments, leading to worse objective values than N-DDDR.

5.2.4 Computational time

We first compare the computational time of models N-DDDR and N-DIDR under Type
1 ambiguity set. We first fix / = 10, J = 20, T = 3 and vary the number K of data
points in the support from 10 to 100. The computational time results are displayed in
Fig. 4a. Then we fix K = 10, T = 3 and vary the number I of facilities from 10 to
50 while setting J = 2I in Fig. 4b. Finally, we fix K = 10, I = 10, J = 20 and
vary the number T of stages from 3 to 8 in Fig. 4c.

InFig. 4, the computational time increases approximately linearly with respect to the
supportsize K and the number T of stages, while it increases exponentially with respect
to the numbers of facilities / and customer sites J, due to the existence of McCormick
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constraints. Moreover, the N-DDDR model is always more time-consuming than the
N-DIDR counterpart, although it has superior performance in terms of objective values
as we note before.

5.3 Results of larger instances under Type 3 ambiguity set

The default setting of the N-DDDR model in this section has 7 = 3 stages, I = 3
facilities and J = 6 customer sites. For Type 3 ambiguity set (14), we set bounding
parameters y = 10, n = 100. Parameters )J;i are the same as described in Sect. 5.2,
and A{°” are drawn uniformly between 0 and 1 for all i € [/], j € [J]. We then
normalize parameters )L;L ;» A{°Y to ensure that the sum over all facilities equals to 1,
ie. Yien My = Lian A =1 Vj € [J].

We sample K data points following N (i, Erjz) for each j € [J] to construct the
discrete support, and set the demand variation coefficient p = ¢/ ; to 0.8 for all
j € [J] by default, where we vary it in Sect. 5.3.2. Then the empirical covariance ¥

5 s0f 1 =
v [
f % 2,000 |- .
E =
= 200f 1 =
] =
=] =]
2 9]
s £ 1,000 - i
2 100 h 4
g g
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ol —=— N-DIDR | | 0l —a— N-DIDR ||
1 1 1 1 1 1 1 1 1 1 1 1 1 T T
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Support size K Number of facilities 1
(a) different support sizes K (b) different numbers of facilities I
T
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o
g
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o
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0 | 1 1 1 1 1 1 =
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Fig. 4 Computational time of N-DDDR and N-DIDR under Type 1 ambiguity set and different support
sizes K, numbers of facilities /, and stages 7. a Different support sizes K, b different numbers of facilities
1, c different stages T
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is set to the sample covariance matrix of the K x J data points among all customer
sites. The locations of potential facilities and customer sites are displayed in Fig. 5,
where triangles represent customer sites and circles represent potential facilities.

5.3.1 Objective values with different support sizes

We vary the values of K from 10 to 100 and display bounds on the objective values
of models N-DDDR and N-DIDR in Fig. 6, respectively, where “LB” indicates valid
lower bounds using Relaxed Lagrangian Cuts introduced in Sect. 4.2.1, and “UB”
stands for valid upper bounds provided by the inner approximation scheme in Sect.
4.2.2 with U, V being identity matrices.

In Fig. 6, the objective values of N-DDDR’s UB and N-DIDR’s LB and UB all
increase stepwise with increased support sizes K, and the objective values of N-DIDR
are slightly higher than N-DDDR’s UB. It is also worth noting that the relative gaps
of N-DDDR are always within 4% while the scale of the relative gaps of N-DIDR
is at 10~*, showing the close proximity of LB and UB provided by our algorithms.

Fig.5 Locations of customer T L
sites and potential facilities on a A :Pct“‘qtt‘_’nl’? S_‘lt_:j“ ,
100 x 100 grid 80 |- otential raciities |_|
A
60 |- f
A
40 - A |
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°
20 - A #9 |
#3 o
°
A
0 L | | | | i
0 20 40 60
10* -10*
T T
—345 - B _3.45| i
Z 7 1
° 5 —35f 1
5 2
g —355] 1 3
= =
o e}
_a6l | —3.55| 1
. —e— N-DDDR-LB —e— N-DIDR-LB
—=— N-DDDR-UB —=— N-DIDR-UB
1 1 1 1 1 1 1 1 1 1
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Support size K Support size K

(a) Bounds on objective values of N-DDDR (b) Bounds on objective values of N-DIDR

Fig. 6 Objective values of N-DDDR and N-DIDR under Type 3 ambiguity set and varying support sizes
K. a Bounds on objective values of N-DDDR, b bounds on objective values of N-DIDR
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Fig.7 Objective values of N-DDDR under Type 3 ambiguity set and varying demand variations p. a Normal
distributions, b log-normal distributions

Moreover, both the LB and UB of N-DDDR and N-DIDR choose to build facility #1 in
the first stage of the optimal solutions, which locates centrally and also has the largest
impact on the mean and covariance of the uncertain demand.

5.3.2 Objective values with different sample variance and distributions

Next we fix K = 10 data points in the support and vary the demand variation p =
oj/ij from 0.2 to 1. Figure 7 displays the objective values of model N-DDDR’s LB
and UB with respect to Normal and Log-normal distributions, respectively. We only
display the demand variations that make the ambiguity sets non-empty and drop the
unbounded cases.

InFig. 7, similarly, when the demand variation p is low (i.e., p < 0.4), the ambiguity
sets constructing by Normal distributions become empty, while the ones constructing
by Log-normal distributions become empty when the demand variation is high (i.e.,
o > 0.8). Moreover, the gaps between LB and UB decrease as demand variation
increases with Normal distributions, while the gaps are significantly reduced with
Log-normal distributions.

5.3.3 Computational time

Lastly, we compare the computational time of solving models N-DDDR and N-DIDR
under Type 3 ambiguity set. We first fix I = 3, J = 6, T = 3 and vary the support
size K from 10 to 50, displayed in Fig. 8a. Then we fix K = 10, T = 3 and vary
the number [ of facilities from 3 to 6 while setting J = 27 in Fig. 8b. Finally, we fix
K =10, I =3, J = 6 and vary the number T of stages from 3 to 6 in Fig. 8c. The
time limit for solving each instance is set as 7200s.

In Fig. 8, Type 3 ambiguity set (14) makes N-DDDR more difficult to solve than
Type 1 ambiguity set. Comparing different approximation schemes for solving model
N-DDDR under Type 3 ambiguity set, UB is the fastest as it solves a stage-wise MILP
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in both forward and backward step, LB is the most time-consuming as it solves a
stage-wise MISDP in both forward and backward steps.

6 Conclusions

In this paper, we studied multistage mixed-integer DRO model with decision-
dependent moment-based ambiguity sets. We also extended the models to risk-averse
cases by replacing the expectation with a coherent risk measure in the objective func-
tion. We recast the two problems as multistage stochastic MILP/MISDP and applied
variants of SDDIP to solve them. Via numerical studies, we showed that N-DDDR
always yielded a better objective value than that of its decision-independent counter-
part. Also, our solution approaches converged to the true optimal results under Types
1 and 2 ambiguity sets, and yielded small gaps between lower- and upper-bounds for
N-DDDR under Type 3 ambiguity set.
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Fig. 8 Computational time of N-DDDR and N-DIDR under Type 3 ambiguity set and different support
sizes K, number of facilities 7, and stages T'. a Different support sizes K, b different numbers of facilities
1, c different stages T
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The ambiguity sets used in this paper are all moment-based. However, this ambi-
guity sets do not have asymptotic consistency, i.e., we can not recover the true optimal
objective value of the stochastic program as the number of data points increases to
infinity. Therefore, it will be interesting to construct ambiguity sets based on some
divergence measures, such as Wasserstein metric, and extend such sets for the decision-
dependent setting in our future research studies.
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Appendix
A Reformulations of N-DDDR having continuous supports

A continuous version of the Type 1 ambiguity set Pt?rl] (x/) in Sect. 3.1 is given by

PG () = {P € M(Ers1. Fin) | v(x)) < P < 0(x,y),

/; fs(Et+l)P(d£t+]) € [ls(xs), us(x)], Vs € [m]}v (A.1)

S+l

where M(E4+1, Fr4+1) represents the set of all positive measures defined on
(&t+1, Fr+1), and v(x;), v(x;) € M(E11, Fr41) are two given measures that are
lower and upper bounds for the true probability measure, respectively. To ensure that
P is a probability distribution, let /1 (x;) = u1(x;) = f1(§;,1) = 1 (see (5a) for more
details).

Let Z;41 be a closed and bounded set in the Euclidean space, and the probability
measures P, v, v be defined on the measurable space (&1, Fr+1), Where the o-
algebra F; contains all singleton subsets, i.e., {§} € F;41 forall £ € &,1. Then,
based on the ambiguity set 7)¢C+11 (x;) in (A.1), we describe a reformulation of the
Bellman equation (2) as an analogy to Theorem 1 for the continuous support case.

Theorem A.1 If for any feasible x; € X,, the ambiguity set (A.1) has a non-empty
relative interior, then the Bellman equation (2) can be reformulated as Q;(x,-1, &,) =

min g, y) —al(x)+ Bulx,)
By VXY,

- f Y Ere)u(r £y )dE
§ir1€811

+ f DG £y )dE
§ir1€811

st (—a+B) FE Dy E D) +7E L) = Qi1 (x &y ), VE L € g,
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(xr,y,) € Xi(xi-1,§)),
a, B, Z(£’+1)’ }7@;+1) >0, V'E;H € By

Next, a continuous version of the Type 2 ambiguity set ’P i % (x;) in (10) is given
by

P (x) == {P € M(&iq1, Fir) [Ep[§i41] = n(x), (A.2a)

EP[(E:H - u(xr))(§z+1 - ﬂ(xt))T] = E(xt)}, (A.2b)

Then, the following result is an analogy to Theorem 2 based on the continuous ambi-
guity set (A.2).

Theorem A.2 If for any feasible x; € X,, the ambiguity set (A.2) has a non-empty
relative interior, then the Bellman equation (2) can be reformulated as

Qr(x-1,8,) = . ymisnu . g, y) +s+up)+X(x)-Y (A.3a)
s.t. s+ uT§l+1 + G — &) Gy — IL(xt))T' Y
> Ory1(xs, &41),

V& 41 € Eryl,
(xr,y,) € Xe(x1-1,§,). (A.3b)

Finally, a continuous version of the Type 3 ambiguity set phs 1 (X¢) in (14) is given
by

P (xr) = {P € M(Ers1. Fir) |EplE ] — k) Ex) ™ Epl€, 1] — m(x) < .
(A.4a)

Epl(§, 41 — mGx))E g — _E))T=0Z(x) | (A.4b)

We present a reformulation of the Bellman equation (2) in the following theorem that
is an analogy to Theorem 3, but given the continuous ambiguity set (A.4).

Theorem A.3 Suppose that the Slater’s constraint qualification conditions are sat-
isfied, i.e., for any feasible x; € X,, there exists a probability measure P €
M(Ers1, Frrr) such that (Ep[§,41] — n(x) Ze) ™ EplEq] — n(x) <,
and Ep[(§, 1 —p(x)) (&, — w(x N1 < nX(x,). Using the ambiguity set defined
in (A.4), the Bellman equation (2) can be recast as

Q,(xt,l,gl):x minZY G y) +s+ 2@ 21 —2mx) 20+ yz3 +nZx) - Y (A.5a)

Y15, 4,

st s =220+ G — D)) Ep — _EDT Y = Q1 (0 E140),
VEi11 € Big1s (A.5Db)
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(2
Z- (Zg 13) =0, Y >0, (A.5¢)
(xr, 1) € Xe(x—1, ). (A.5d)

The proof of Theorem A.1 is similar to the proof in [24] for the two-stage continuous-
support case, and we omit its details. We provide detailed proofs for Theorems A.2 and
A.3in “Appendix C”. Note that the above three reformulations for ambiguity sets with
continuous support are semi-infinite programs and thus cannot be optimized directly.

B Risk-averse multistage DRO with endogenous uncertainty

We can extend N-DDDR in (1) to a more general setting. Previously, the robust
counterpart chooses the worst-case distribution P from a risk-neutral aspect using
expectation to measure the uncertain cost over multiple stages. However, a decision
maker may measure the worst-case distribution in a risk-averse fashion, and we accord-
ingly replace the expectations by coherent risk measures p;, V¢ = 2,...,T. The
corresponding risk-averse multistage decision-dependent DRO model is:

A—DDDR :

min Igl(xl,yl) + max g (x2, yp) + -+

,02[ min
(x1,yEX] PreP>(x1) (x2,¥2)€X2(x1,&5)

+  max ,0[ min gr(xe, y)+ -
PrePr(xi-1) ! (xr,y)€X (x,-1,&)) pee

+  max pT[ min r(xr, )]} (B.6)
PrePr(xr-1) (xT,)’T)EXT(xT—laET)g T

We consider a special class of coherent risk measures, which is a convex combination
of expectation and Conditional Value-at-Risk (CVaR) [34]:

pi(Z) = (1 = A)E[Z] + A,CVaR, [Z],

where A; € [0, 1] is a parameter that balances the expectation and CVaR measure
at a; € (0, 1) risk level. This risk measure is more general than expectation and it
becomes the risk-neutral case when A; = 0.

The Bellman equations for A-DDDR (B.6) then become:

| = min 1(x1,y))+ max p2[Q0a(xy, &),
Q1= o &sGny)+ max mlo £

where fort =2,..., T — 1,

Qi(xi—1,&;) = min (x;, y)+  max  p1[0sp1 (x4, )1,
(- &y rneXee g SO YO T Py P it
(B.7)
and
Or(x7-1,87) = min gr(xT, y7).

(x7,yr)eXT(x7-1,87)
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Following the results by [33], CVaR can be attained by solving the following opti-
mization problem:

1
CVaRy, [Z] := inf {n +
neR 1-— (073

E[Z — Ti]+} ,

where [a]+ := max{a, 0}, and 7 is an auxiliary variable. To linearize [Z — 1]+, we

replace it by a variable m with two additional constraints: m > 0, m > Z — .
Recall that by assumption, every P;11 € P:41(x;) has adecision-independent finite

support Zy 41 1= {§f+l},§=1, Vx,; € X, forafixed K and all r € [T — 1]. Each realiza-

tion k € [K] is associated with probability pg, and therefore the inner maximization

problem maxp, &P, (x,) Pr+1[Qr+1(xs, §,41)] in (B.7) can be reformulated as

K
. Ayl
max  min A1+ Y pk<1’—;1m+<1—xt+1)Qi‘+1) (B.8a)
k=1 ety

Pr1€Pry1(xp) M1

st. m+n>0F,, VkelK], (B.8b)
m >0, Vk € [K]. (B.8c)

We further simplify the notation of the recursive function Q1 (x;, §f 11)as Qf 1
Associating dual variables g with constraints (B.8b) and applying strong duality
result, we have

K K
max (1 — X11) k k o+ max k k (B.9a)
Pr+l€7>t+l(xt){ " ];p QH_I q ];q QH_l
A
s.t gk = PkLl, Vk € [K], (B.9b)
I —orq

K
> gk =, (B.9¢)
k=1
g =0, Yk € [K]-} (B.9d)

Merging the two layers of maximization problems, for each t € [T — 1], we solve

K

max (1= A1) 3 peQfyr + 9k Qr (B.10a)
’ k=1
s.t. (B.9b), (B.9¢c),

P € Pri1(xy), (B.10b)

qr >0, Vk € [K]. (B.10c)

In the following subsections, we present reformulations of A-DDDR in (B.6) under
the three types of ambiguity sets mentioned in Sect. 3.
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B.1 Solving A-DDDR under Type 1 ambiguity set

Using the ambiguity set defined in (3), the inner maximization problem (B.10) can be
recast as

K
k k
max (1= A1) I;pk OF 1 +akQf s (B.11a)
s.t. (B.9b), (B.9c), (C.16b)—(C.16e)
Pks qk = 0, Vk € [K]. (B.11b)

Theorem B.4 Iffor any feasible x; € X, problem (B.11) is feasible, then the Bellman
equation (B.7) can be reformulated as Q;(x;—1,§&,) =

pin (e y) + A6 —@l0xe) + BTu(x) =y p(r) + 7' pCe) (B.122)

st om+0 > 0F, Yk e K], (B.12b)
Artl _
- 1’—;‘1nk +(—a+ B FE Dy, 7= A= A0,
— Oy
Vk € [K], (B.12¢)
(xr,y,) € Xe(xi-1, ), (B.12d)
T, o, By, v =0. (B.12¢)

The proof of Theorem B.4 is similar to the one of Theorem 1 in “Appendix C”, where
the only difference is that we introduce the two more dual variables 7rx and 6, associated
with constraints (B.9b) and (B.9c), respectively.

Notice here when A;+1 = 0, model (B.12) reduces to the risk-neutral case (4). This
reformulation also has similar computational complexity as model (4) in Theorem
1. Therefore, with the same specific ambiguity set considered in (6) in Sect. 3, we
can apply McCormick envelopes to obtain a multistage stochastic MILP and deploy
SDDiP to solve it.

B.2 Solving A-DDDR under Type 2 ambiguity set

Under Type 2 ambiguity set in (10), the inner maximization problem (B.10) can be
recast as

K
max (1= A1) Y peQfyr + @k Qr (B.13a)
’ k=1
s.t. (B.9b), (B.9c), (C.17b)—(C.17d)
Pk, gk >0, Vk € [K]. (B.13b)

@ Springer



X.Yu, S. Shen

Theorem B.5 If for any feasible x; € X, problem (B.13) is feasible, then the Bellman
equation (B.7) can be reformulated as Q,(x;-1,§,) =

min g, y) — A1 +s +uplx) + Ex) Y (B.14a)
X1, y.8,u,Y
st s+uE L+ EL - pae))E —ra))TY
At+1 k

— > (1 =2 ,

7Tk1 a1 - ( t+l)Q[+1
Vk € [K], (B.14b)
m—0> 08, VkelK], (B.14c)
mr >0, Vkel[K], (B.14d)
(x:,y:) € Xe(xi—1,8)p). (B.14e)

The proof of Theorem B.5 is similar to the one of Theorem 2 in “Appendix C”, where
the only difference is that we introduce the two more dual variables 7rx and 6, associated
with constraints (B.9b) and (B.9c), respectively.

Notice here when A;41 = 0, the risk-averse model (B.14) reduces to the risk-neutral
case (11). We can apply McCormick envelopes to get a multistage stochastic MILP
and use SDDIiP algorithm to attain optimal solutions as in Sect. 3.2.

B.3 Solving A-DDDR under Type 3 ambiguity set

Given Type 3 ambiguity set defined in (14), the inner maximization problem (B.10)
can be recast as

K

max (1= A1) 3 peQfyr + 4k Qs
’ k=1

s.t. (B.9b), (B.9¢), (C.19b)—(C.19)
pr >0, g >0, VkelK].

Theorem B.6 Suppose that Slater’s constraint qualification conditions are satisfied,

i.e., for any feasible x; € X;, there exists a vector p = (p1, pa, ..., px)" such that
K K - K

i e =L (0 prdryy — mx)) Z )T (O prkiy — r(x) < v, and

Zle pk(ngrl — ;1,(x,))(§’;2rl —n(x )" < nX(x;). Using the ambiguity set defined
in (14), the Bellman equation (B.7) can be recast as Q;(x;_1, &,) =

min_ g (Xr, y;) — A0+ s+ ) 21 — 200G 22 +yzz +nE ) - ¥ (B.15a)
Xt,y;.8.2,Y
A
stos —22hER L+ EF L — G E — )Y — nkﬁ > (1= 40

- &y
Vk € [K], (B.15b)
Z— (""T “) >0, ¥ >0, (B.15¢)

2743
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m—0= 0k m >0, VkelK], (B.15d)
(xr, y1) € Xi(xr—1,§))- (B.15e)

The proof is similar to the one of Theorem 3. All the proofs in this section are omitted
here due to similarity.

Notice at we obtain an MISDP in each stage and when A;4; = 0, the risk-averse
model (B.15) reduces to the risk-neutral case (15). We can apply McCormick envelopes
and approximation schemes to obtain valid upper and lower bounds similar to the
procedures in Sects. 4.2.1-4.2.2.

C Details of all needed proofs

Proof (Theorem 1) The proof follows Theorem 3.1 in [24]. Using the ambiguity set
defined in (3), the inner maximization problem of (2) can be expressed as

K

max k;kam(xz, Ev1) (C.162)
K

s.t. Zpkf(éfﬂ) > 1(xy), (C.16b)
k=1
K

> e f @) < u@o), (C.16¢)
k=1

pr = p (x0), Yk € [K], (C.16d)

Pk = P_k(xt)’ Vk € [K]v (C16e)

pr =0, Vk € [K]. (C.16f)

We associate dual variables ¢, f € R™ with Constraints (C.16b) and (C.16c¢), dual
variables y and y € RX with Constraints (C.16d) and (C.16e), respectively. When
(C.16) is feasible, strong duality holds and the Bellman equation (2) can be reformu-
lated as (4), which completes the proof. O

The proof of Theorem A.1 is omitted due to its similarity to the proof of Theorem
3.3 in [24].

Proof (Theorem 2) Following Type 2 ambiguity set in (10), the inner maximization
problem in (2) can be recast as

K
k
max ; P Qa1 (%1, 1) (C.17a)
K
st Y pe=1, (C.17b)
k=1

@ Springer



X.Yu, S. Shen

K

>kl = nix), (C.17¢)
k=1

K

> pkEr - mx)E - rx)) = Z(x)), (C.17d)
k=1
P =0, Vk € [K]. (C.17¢)

If the above linear program is feasible, then strong duality holds. Associate dual
variables s € R, u € R’, ¥ € R7*/ with the three sets of constraints, respectively,
and recast the inner maximization problem as a minimization problem. After including
constraints (x;, y,) € X;(x,—1, &,), the Bellman equation (2) is equivalent to (11),
and we complete the proof. O

Proof (Theorem A.2) The proof follows the conic duality in functional spaces [35].
Using the ambiguity set defined in (A.2), the inner maximization problem of (2) can
be formulated as a conic linear program in a functional space as follows:

PEM(I.IE'Ii)T,.EH) Ep[Qit1(xs, &,41)] (C.18a)
s.t. Ep[l] =1, (C.18b)
Epl§, 1] = n(x)), (C.18¢)

Epl(§, 1 — nGx))E 4 — n@x )= Z(x)) (C.18d)

We associate dual variables s € R, u € R/, Y € R’*/ with the three sets of
constraints, respectively. Because the primal problem has a non-empty relative interior,
strong duality holds and the dual problem can be formulated as (A.3), which completes
the proof. O

Proof (Theorem 3) Given Type 3 ambiguity set (14), the inner maximization problem
in (2) can be recast as

K
ol 1; Pk Qe (%1, Ef1)) (C.192)
K
s.t. Z =1, (C.19b)
k=1
K
> ikl =1 (C.19¢)
k=1
(T — @) Z@x)™(r - px)) <y, (C.19d)
K
> k@R, = ma ) EL - rE))T 2 0Z(x), (C.19)
k=1
pr >0, Vk € [K]. (C.19f)
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We rewrite Constraint (C.19d) as

X(xs) T — p(x;)
((r pe) oy ) = 0.

and associate dual variables s € R, u € RY, Z = <§% §2> > 0, Y > 0 with
2 <3

Constraints (C.19b)—(C.19e), respectively. The Lagrangian function of (C.19) has the
following form:

K K K
L(p7 T,5,U, Z? Y) = Zkat-l—l (xls g;(_)_]) - (Z Pk — 1) +uT (T - Zpksf—}—l)
k=1 k=1

k=1

Z(x) T plxr)
+<(r—u(xr))T y) 2

+ < XY(x;) — Zpk(EH_l M(xt))(gfﬂ - M(xt))T) Y

K
=2 e (QrGer Bl — s — uT8l, = 6y — REDEE, — )T Y)
+TT @4 220) + s+ 2@ -z — p(x) 222) + vz +nZx) Y. (C.20)

Because problem (C.19) is convex and under the Slater’s conditions, strong duality
holds. The maximization problem (C.19) can be recast as

min {max{L(p,r s,u,Z,Y):p=0, IGRJ}} (C.21)
s,u,Z)Y | p.T

Following the Lagrangian function (C.20), after solving the inner maximization prob-
lem in (C.21) over p, T, we have

min s+ X(x,) 21 = m(x)T2z2) +yzz +nZ(x,) - Y
S, u, L,
st Q1 (e, EX ) —s —uTE — (L —pe ) E —nax))T Y <0,
Vk € [K],
u—+2z,=0,

7 — <Z+Z2> =0,
Z2Z3
Y =0.

Substituting # = —2z, and combining with the outer minimization problem in (2),
we complete the proof. O

Proof (Theorem A.3) The proof follows the conic duality in functional spaces [35].
Using the ambiguity set defined in (A.4), the inner maximization problem of (2) can
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be formulated as a conic linear program in a functional space as follows:

PeM(Igi)f,ﬁH) Ep[Qs1(xs, &, D] (C.22a)
s.t. Ep[l] =1, (C.22b)

(E[&,4 1] — p(x)) Z(x) " (EIE, ] — p(x) <y, (C220)

E[§, 1 — rGx))Ey — nE)T] = 02X (x,) (C.22d)

21 22

We associate dual variables s € R, Z = ( T ) > 0, Y > 0 with Constraints

Zz 3

(C.22b)—(C.22d), respectively. The Slater’s constraint qualification conditions ensure
that the primal problem has a non-empty relative interior. Therefore, strong duality
holds and the dual problem can be formulated as (A.5), which completes the proof.

m}
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