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A DISTRIBUTIONALLY ROBUST APPROACH TO A CLASS
OF THREE-STAGE STOCHASTIC LINEAR PROGRAMS*
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Abstract: A common criterion in multi-stage stochastic programming is the expected total cost, which is
risk-neutral and requires full knowledge on the joint distribution of random variables. These restrictions
seriously affect the applicability of the multi-stage stochastic programs. By using a three-stage stochastic
linear program as an example, we show how a distributionally robust approach could be used as an alter-
native, which is computationally more tractable. In particular, we show that if the problem is stagewise
independent, then a multi-stage linear programming can be equivalent to a conic optimization problem under
an affine decision rule. Moreover, this new problem does not require full information on the distribution of
random variables; instead, it only requires partial statistical information such as the supporting sets and
certain moments of these variables, specified by an ambiguity set. This set of distributions is specified by a
very general form that can accommodate a wide class of applications. Our analysis is generally extendable to
multi (> 3) stage problems. A numerical example is provided to show the advantages of the distributionally
robust approach.
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Introduction

Multi-stage stochastic linear programming is a classical model in operations research with
important applications in areas such as production planning [7], finance [17], and others. As
a special case, the solution methodology for the two-stage case has been studied. However,
the solution methodology for three or more stages are relatively open. In this paper, we
develop a distributionally robust approach to three-stage stochastic linear programming
(TSSLP) as an example to show how the general multi-stage problems could be solved.
The format of three-stage model is as follows. Let z;, € R% k = 1,2,3, be the decision
vectors to be chosen at the kth stage and let z; € R"™ stand for the random vector repre-
senting the uncertainty at stage k, which is only revealed after xj is chosen. Then a next
decision x,; € R%+! is made, representing a recourse action in stage k + 1. Starting from
k =1, this pattern is repeated twice until a final recourse decision x3 is made. In the linear
case, the recourse decision . is obtained by solving a linear program parameterized by all
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previous z and Zx. Conceptually, a solution to TSSLP consists of a “decision-realization”
chain in the order of

X1, 217:'[;2(21)7 :2?27:E3(21, 22)

for all possible realizations of (Z1, Z2). The fact that the decision xo and z3 are affected by
all previous decisions and realizations, but not affected by any later decision and realization,
is called the nonanticipativity constraints.

To simplify our analysis, we assume that Z; is independent of Z;. Then by using expec-
tation as the criterion of the decisions, the TSSLP can be formulated as

. T . T . T
E E 1.1
Jnin {61 1+ Ep, min {62 z3 + Ep, (;gggg c3 xg)] } (L.1)
where “T” stands for the transpose, E stands for the expectation, and P; and P are the
distribution of z; and Z,, respectively. Let AXj be the feasible region of xy, k = 1,2,3. We
assume that

X, = {J;l eRY : Ayxy = by, 2 > 0}, where A; € RP* x R™ b, € RP?,
Xy = {z2 €R®: Ay(2))a1 + Boxo = ba(%1), 22 > 0},

where Ay(%) € RP2X% By € RP2 x R% by(2,) € RP2, and
Xy = {w3 € R A3(31, Z2)m1 + Bawa + Caxy = bs(31, 22), 23 > 0},

where A3(21,§2) € RP3 x Rdl,B3 € RP3 x Rd2,03 € RP3 x Rd3,b3(21,52) € RP3,

We assume that problem (1.1) has a solution and is of relatively complete recourse,
namely X; # 0, Xy # () for any x; € Xy and Z;, and X3 # 0 for any (z1,72) € X) X
Xo and %1, 25. A major difficulty in applying (1.1) in practice is that the model requires
full information on the distribution of the random variables, which is often unavailable in
practice. In order to circumvent this difficulty, a focal point of recent research is to utilize the
tools developed in robust optimization to convert TSSLP to a conic optimization problem,
which is computationally tractable (more exactly, solvable in polynomial time of the problem
size). The key idea is as follows. Consider the distributionally robust TSSLP (DR-TSSLP)
model

min { ¢/ z; + sup Ep, min |cgzo + sup Ep, [ min cj 3 , (1.2)
r1EX] P, eP; T2 EX> PycePs r3EX3

and P; and P, are certain sets of probability distributions of Z; and Zs, respectively. In
essence, model (1.2) assumes that we do not know the exact distribution Zx, but we know
that the distribution of Z; belongs to an “ambiguity set” Py. We then use the worst-case ex-
pectation over the ambiguity sets as the decision criteria. These worst-case expectations are
indeed corresponding to the so-called coherent risk measures in risk theory [3] and have many
desirable properties. The interested reader may refer to [11] for details of the fundamental
theory and [1] for most recent development on this representation of risk measures.

The model (1.2), although looking more complicated due to the worst-case functions,
turns out to be much easier for computation. The key point is that we replace the computa-
tion of expectation by the solution of an optimization problem, which happens to be “more
tractable” in terms of numerical computation. In fact, the major purpose of this paper is
to show that the problem (1.2) can be converted to a conic optimization problem of size
polynomial in terms of the input data under suitable conditions. Therefore, (1.2) can be
solved efficiently.
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It should be noted that the format of the set Py that we will choose is highly expressive as
demonstrated in Wiesemann et al [22], therefore the theoretical result derived in this paper
is widely applicable. In particular, a spectrum of statistics could be utilized in “designing”
the set P, and thus to create different risk measures. These characteristics reinforce our
confidence in viability of using risk measures in the modeling of stochastic optimization
problems.

The contribution of this paper is to provide a tractable reformulation to DR-TSSLP.
Comparing with the traditional TSSLP, DR-TSSLP does not require the full knowledge of
the distribution information. Hence, it is more general and easier for real world applications.

The rest of the paper is organized as follows. The structure of the ambiguity set is
defined in Section 2. Then, the three-stage stochastic linear program is refomulated as a
conic optimization problem in Section 3. Numreical expriments are carried out in Section 4
to show the effectiveness of th proposed method.

Structural Assumptions on Set P, and Problem Data

Notations

We denote a random quantity, say z, with the tilde sign. Sets, matrices and vectors are
usually represented as script, upper case, and lower case letters, respectively. We use sub-
script k, say zp, to indicate a vector or a matrix arising in stage k, whose components are
denoted by zpi1, o, ... respectively. If M is an m X n real matrix, we write M € R™*"™,
Given a regular (i.e. pointed, closed, convex, and with nonempty interior) cone K in a
finite-dimensional Euclidean space, such as the second-order cone or the semidefinite cone,
for any two vectors x, y, the notation x <x y or y =, = means y —x € K. The dual cone of
K is denoted by
K*:={y:{y,z) >0,V € KC}.

For simplicity of notations, unless otherwise specified, we will always use z ' y, rather than
(z,y), to represent inner products although it may need more subtle interpretations in some
specific cases such as z,y € S", where (z,9) = vecz ' vecy and vecz and vecy are the
vectors made from stacking all elements of x and y respectively.

Let Z and @ be two random vectors in RM and R7, respectively. The set Po(RM)
represents the space of probability distributions on R™ and Py(R™ x RT) represents the
space of probability distributions on RM x RT, respectively.

Structure of P;,

We adopt approach of Wiesemann, Kuhn and Sim [22] (WKS format for short) to define
the ambiguity sets Py. It is always convenient from the application point of view that we
introduce an auxiliary random vector iy € R at stage k and think of the set Py, is defined
by an expectation constraint and by a support constraint, both in conic form. This scheme
does not complicates our analysis in this paper; however, it opens a fertile field of imposing
constraints involving high order moments and absolute deviations of Z through a lifting
procedure with @, see [22] for details.
We start from the support sets of (21, u1) and (22, @2). We specify them as

Q) = {(Z1,U1) eR™ x R™ Giz1 + Hiuy =K, hl}, (2.1)

and
Qo = {(22,u2) € R™ x R" : Gozo + Houp =, ha}, (2.2)
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where G, € RE#>7r Hy € RE+Xt and K, is a regular cone for k = 1,2. Note that the
specification of Qs means that the support of (2a, @i2) does not depend on (Z1, @1). It is easy
to see that the usual box support is a special case of 2. For ease of analysis, we moreover
assume that both €, and Q5 are compact although the boundedness assumption on them can
be removed in more subtle analysis. For the applications we are concerned, this assumption
is natural.

We next define two ambiguity sets, P; and Ps, respectively for distribution of (21, a1)
and distribution of (22, 12). We assume P; is represented as

Ep [E1Z1 + Fitn] = ¢1, }

P, = {IP € Po(R™ x R") :
where F1, F} and g; are matrices defined with the proper dimension. Similarly, we define
P; as

(2.4)

Py = {IP’ € Po(R™ x R™2) : Ep [Ep2 + Fytia] = g, } .

P[(gg,ﬂg) S QQ] =1

where Fy, F and g9 are matrices defined with the proper dimension. The two ambiguity
sets are closely connected with the notion of “risk envelope” in the theory of risk measure
[1,11,19].

If uy does not arise in a specific application, then we simply set the corresponding Fj,
Hy, (k =1,2) and F3 to be zero matrices. The use of the auxiliary variable 4y, helps to cover
many important applications. For instance, it is shown in [22] that the ambiguity set with
a second-order moment constraint

'PIZ{P/:]EJP"[E]:Mv Ep [(2—@)(Z—0)"] jE]ueRm, EGST}-

is the projection onto Z-space of the following ambiguity set in the format of (2.3), if an
auxiliary random matrix U is introduced.

Er (2,0) = (1.%),

P ={PeP (R™ x R™™) P<[(~1 ) (E_JL)T]E())l
Z—p

Therefore, with the help of the auxiliary variables, the first-order moment constraint E(GZ+
G4) = g can indeed include second-order moment constraint for Z as a special case. See [8,22]
for more details.

Related duality theorems

Since we are going to use duality extensively in our analysis, either in finite-dimensional
Hilbert spaces or in infinite-dimensional spaces, it would be convenient to list the related
duality theorems below.
We first consider the infinite-dimensional duality developed by Rockafellar in [18]. Let
X, Y and U be three linear spaces. Let F : X x U — [—00,+00] be a convex function
such that f(z) = F(x,0) and consider the convexly parameterized family of optimization
problems:
min F(z,u) st. ze X, (2.5)

and let
o(u) == in;( F(x,u).

S
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Define the Lagrangian function K : X x )} — [—00, +00] as

K(z,y) = inf [F(z,u) + (,y)]. (2.6)
then one has
f(z) = sup K(z,y), (2.7)
yeY
and
9y) = inf K(z,y). (2.8)
Define the primal problem as
min f(z) st z € X, (2.9)
and the dual problem as
max g(y) s.t. y€ Y. (2.10)

Lemma 2.1. (Strong duality in infinite-dimensional spaces [18, Theorem 15]) Assume
F(x,u) is closed convex in u, the following conditions are equivalent.

(a) inf (2.9) = sup (2.10);
(b) 6(0) = cleonv 6(0);
(c¢) The saddle-value of the Lagrangian exists.

In particular, for semi-infinite optimization [18, Example 4]

min f(x) s.t. h(z,2) <0 Vze Z, (2.11)

zeC

where

Flo,u) = f(z), ifxeC and h(z,z) <u(z) Vz € Z,
’ 400, otherwise,

with u : Z — R, we have

Lemma 2.2. (Strong duality theorem for semi-infinite optimization [18, Theorem 15(a)
and Example 4]) A sufficient condition for Lemma 2.1(a) to hold for problem (2.11) is the
general Slater condition, i.e., there exists Z € ri C such that h(Z,z) < u(z) Vz € Z.

In addition, it is shown [18, Theorem 15(a) and Example 4] that the sup (2.10) is attained
in this case.

We next consider the finite-dimensional conic case. Let E be a finite-dimensional FEu-
clidean space with inner product (-,-) and let I C E be a regular cone. Consider a conic
problem

mzin (c,x) s.t. Az =k b, (2.12)

along with its conic dual

max (b,y) s.t. A'y=c, y k-0, (2.13)
y

where A* is the adjoint operator of A.

Lemma 2.3. (Strong conic duality in finite-dimensional spaces [4, Theorem 1.4.2]) For
Problem (2.12) and its dual (2.13) there hold
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(1) The duality is symmetric: the dual problem is conic, and the problem dual to dual is
the primal.

(2) The duality gap (c,x) — (b,y) is nonnegative at every primal-dual feasible pair (z,y).

(3a) If the primal (2.12) is bounded below and strictly feasible (i.e. Az >k b for some z),
then the dual probelm (2.13) is solvable and the optimal values in the problems are
equal to each other.

(3b) If the dual (2.13) is bounded above and strictly feasible (i.e., exists y =x~ 0 such that
A*y = ¢), then the primal problem (2.12) is solvable and min (2.12) = max (2.13).

Assumptions on Ay (Z1), As(Z1, 22), ba(21), b3(Z1, 22), x2(Z1) and
.’173(21,22)

We assume that As(21), As(Z1, 22), b2(21), b3(Z1, 22) are affinely dependent on Zx, namely
there exist A;;, b;; (i = 2,3), such that

71 T1
Ag(gl) = ZAQJ‘ZU =+ Ago, 52(21) = Zb2j21j + bog, (2.14)

j=1 j=1

and
1 T2 _
A3(Z1,%2) = )0 AsjZij + 30 AsjZay + Aso,
= =t (2.15)

T1 T2 _
b3(Z1,%2) = > bsjZi; + > bsjZa; + bao.
=1 =

The dependence of x5 on Z; and z3 on (21, Z2) is more subtle and implicit. As a first-
order approximation, we assume that both x5 and 3 are affinely dependent on the respective
random vectors, i.e.,

T1 1 72
Ty = E TajZ15 + o0, T3 = E r35Z15 + E T35Zp; + T30 (2.16)
=1 i=1 =1

Thus, the problem turns to finding optimal x1, 25, x3; and Z3; for all j.

The affine dependence assumption above has been used first by Ben-Tal and Nemirovski
[5] and subsequently used in many literatures, e.g., [2,6,9,10,22] as a standard assumption.
An extensive study on this assumption has appeared in the literature such as [8,13,16],
which indicates that this assumption generally performs well in practice and can be made
less restrictive by introducing an auxiliary random vector 4 and assuming affine dependence
on both Z and @. Since the analysis with (Z,4) is similar to that of Z, to simplify our
notations, we keep using (2.14), (2.15), and (2.16) in the sequel.

Under affine dependence and the assumption int () # (, k = 1,2, the linear constraints
defining X5 and X3 can be decomposed as follows.

(2.17)

Ag(gl)l‘l + Boxo = bg(gl), — { Aijlj + BQCCQj = ij,
V(él,’fbl) S Ql, J=0,1,..,r,
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and

As(Z1,Z2)x1 + Bsxo + Csxs = bg(%1, Z2)
V(Z1,11) € D, (Z2,02) € Qo

Aszjz1 + Bawg; + Csws; = bsj,  j=0,1,...,71,
Az;x1 + CsT3j = bsj, i=1...,r0.

(2.18)

The inequality constraints z5(21) > 0 is equivalent to a set of linear constraints on
Z25,j = 0,1,...,r1. To see this fact, let us introduce a new notation. Let X5 be the matrix
defined as

R do X7
Xy = [x21, 22, ..., Ty, | € R

and let x4 be the gth column of X, . Similarly, define a block matrix

V.l -— = =~ ds X
(X3, X3] = [31, 232, ey T3ry; Tal, oory Tary] € R (11H72)

q _
and let (;2) be the gth column of [X3, X3] T, in which x4 corresponds to the X3-block and
3 —
72 corresponds to the X3-block, respectivel =1,...,ds. Let 1, be the qgth component of
3 p ) 1Y y7 q ) ’ kO q p

Tro, k =1,2. Then
z2(Z1) > 0 < min{zd, + (23,21)} >0, V21 € N, g=1,....ds. (2.19)
By Lemma 2.3, the dual problem of min{zd, + (2, 21) : (21,u1) € Q1 } is
Srqnea}cxI 23y + (h1,s7) st. GTs? =g H's1=0, (2.20)

where s? is the dual vector. Strong duality holds because int (€) # 0. Therefore min (2.19) =
max (2.20) and (2.19) is equivalent to the feasibility of the system

zdy + his1>0, G's?=xl H's1=0, sk}, Vqg=1,...,ds. (2.21)

In a similar manner, we can deduce that the requirement of x3(Z1,Z2) > 0 is equivalent
to the feasibility of the following system:

a2l +hit +hytd >0,
Gitl =af, Gyt§ =75, Ht{=0, Hyt§=0, (2.22)
theKy, tleks, Vg=1,...,ds.

To simplify our notation in the subsequent analysis, we aggregate all decision variables
so far into a single vector, namely we define a vector w as

T ¢T T T ,qT ,qT
w! = <:c1T,ng vz s (g=1,...,d2), 2, ,t] 1] (q:l,...,dg)),

and define the feasible set specified by (2.17), (2.18), (2.21), and (2.22) as W. Hence we
can write all constraints imposed by the affine dependence as w € W. Clearly, conic W is a
polyhedron and we further assume that W is nonempty for otherwise the optimal value of
(DR-TSSLP) is trivially 4o0c. It would be also useful to note that the constraint xj € Xj,
k =1,2,3, is the projection of W onto the space R%.
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Reformulation of DR-TSSLP as a Conic Optimization Problem

We start from the third stage recourse function

sup Ep, | min ] a3 . (3.1)
PyePs xr3EXs3
Given (%3, U2) = (21,u1), we designate
-~ . T
Yo(w1, T2, 21, U1, Z2,U2) := min c3 x3.

r3EX3

Note that (3.1) is indeed the optimal value of the following optimization problem

max Ep, [V2(z1, 22, 21, u1, Z2, U2))

2

s.t. EIP’g (EQZQ + FQ'[LQ) = g2, (32)
]P)Q(G222 =+ Hgﬂg t]c2 hz) =1.

According to the theory of semi-infinite programming [15], the dual of (3.2) is a semi-
infinite program as follows

min  g; & + 1 (3.3)

&2,7m2

st.  (Fazo 4 Fug) & +m2 > (21, T, 21, U1, 22, u2), ¥ (22,u2) € Qa,
where (£2,72) € RY2 x R are the dual variables.

Lemma 3.1. Strong duality holds between (3.2) and (3.3) in the sense that (3.2) is solvable
and max (3.2) = min (3.3).

Proof. Observe that for any fixed z1, z2, 21, u1, due to continuity of 1) and the compactness
of Qa, VYo(x1, X2, 21, U1, 22, uz) is a bounded quantity over (za,us) € Qq, say

[a (w1, @2, 21, U1, 22, u2)| < ¢,

where ¢ may depend on x1,x2, 21,41 but not on zy and us. Thus, the point & = 0 and
1o = £+ 1 is a generalized Slater’s point for the dual problem. Applying Lemma 2.2, strong
duality holds in the specified sense. O

Theorem 3.1. Under the affine dependent assumption, the problem (DR-TSSLP) is equiv-
alent to the following stochastic program

. T . T T
min ¢y 1+ sup Ep, min +mo+cox
s 121 Plegl Py e, [92 §2+ M2 2 2}
s.t. hirﬁl + h;—ag — C;,—:B?,o +1n2 >0,
G{ B+ X4c3=0, H B =0, B € K], (3.4)

GQTO[Q = E;éé — X;63, H;Oéz = F2T€2

ag € K5, weW.
Proof. Consider the constraint in (3.3), namely

(Ezze + Foug) "€ +1ma > tho(wy, 22, 21, U1, 22, uz), ¥ (22,u2) € Qa, (3.5)
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which is equivalent to
v (ZQ,UQ) S QQ, 3 xr3 € Xg : (EQZQ —+ FQUQ)ng —+ N2 — C;—$3 Z 0,
or equivalently

; E Fous) | —el } > 0.
(Z27UH121)DEQQ ;?gj}g |:< 272 + 2u2> 62 + 772 03 3] =

The function (Eaze + FQUQ)T & +1m2 —cg w3 is convex in (22, ug) and concave in x3 and both
sets, Q9 and A, are closed and convex. By Sion’s minimax theorem [20], as Q5 is bounded,
we have

0< min max[EZ+FuT n —CTa:]
- (z2,u2)EN2 T3IEX3 ( 2%2 2 2) 62 T2 3 T3

= max min Eozo + Fous) ' & + —ch},
z3€AX3 (22,u2) €N [( 272 bug) &2+ 12 2 T3

The constraint (3.5) is therefore equivalent to
g € Xs, V (22,u2) € Dy : (Fazg + Fgug)ng +ny — C;l‘;g >0, (3.6)
which says that constraint (3.5) can be re-written as
J a3 € Xz, (Fazg + Fuz)T& + 10 > C;Qfg, Y (22,usz) € Qo. (3.7)

Note that -
C;—"Eg = C;’rxg() + C;Xgél + C;—Xég.

It turns out that constraint (3.7) means that 3 x3 € X3 such that

0 S min {(£;E2 — C;X:_),)ZQ —+ g;FQUQ + 772 — C:;ril'go — C;ngl N

3.8
Gazo + Houg =i, ha}. (3:8)

By Lemma 2.3, since int (Q2) # 0, strong duality holds. Thus, (3.8) is equivalent to
3 ay € K3 such that

0 < max {h;ag — C;)—l‘go - cg—ngl + 1 G;—Oég = E;rfg - )_(3:'—03,
H;ag = F2T§27OZQ S ’C;},

therefore, constraint (3.7) can be equivalently replaced by the following system

h;—ag - c;xgo - c;ngl +12 >0, V(21,u1) € Q,
G;ang;—fg—)_(;c;;, H;—OQ:F2T§2, OéQEK,; .

The first constraint in (3.9) is equivalent to
min{h;—ag — C;’rifgo — C;ngl + 772 . E1z1 + F1u1 t)(;l hl} 2 0,
which, by Lemma 2.3 can be equivalently replaced by that 3 8; € Kf such that

h{ B1 + hg ag — c3 w30 + 12 > 0,
Girﬂl +X;C3 = 07 Hirﬂl = 07

which completes the proof. O
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Define

Y1(z1, 21,u1) == min {gy & + 12 + ¢g 22},
T2 €EXo

and repeat the analysis from Lemma 3.1 to Theorem 3.1 for ¢; and problem (3.4), we may
come up with the following main result of this paper. For brevity, we omit the proof.

Theorem 3.2. Suppose that problem (DR-TSSLP) is feasible. Then, under the affine
dependence assumption, the problem (DR-TSSLP) is equivalent to the following conic pro-
gram, hence is solvable in polynomial time with respect to (dg, L, My, Pk, Tk, tk), k = 1,2.

min clTxl + ngfl +m
s.t. thal +n —n2 — gg—fg — C;xgo >0,
hy aa + g; & + 12 > 0,
hi By + hg ag — C3T1‘30 +m2 >0,
Gloar=E& — Xj eo, Hi ay = F €,
Gy oy =By & — X3 ¢z, Hy ag = Fy &,
G Bi+X4c3=0, H 1 =0,
a1 €KY, an € K5, B1 € K7, (3.10)
r1 20, Ajzy = by,
Aojzyj + Botoj = by, 5=0,1,...,71,
Asjzy + Bsxoj + Csxsj = b3, 7=0,1,...,7r1,
Agz;xy + C3Z3; = bsj, 7=1,...,72,
2+ his1>0, Gl st =zl Hls1=0, s1cK}, ¢=1,...,ds,
xRt hotd >0, Git! =2, Gotd =31 qg=1,...,dy,
Ht?=0, Hiti=0, t?7 €K}, t2€K;, q=1,...,dy.

Numerical Results

A Classroom Example

Example.* A company manager is considering the amount of steel to purchase (at $58/1b)
for producing wrenches and pliers in next two months. The manufacturing process involves
moulding the tools on a moulding machine and then assembling the tools on an assembly
machine. Here are the technical data required for making the tools.

There are uncertainties that will influence his decision. 1. The total available moulding
hours of next month (211) could be between 21,000 or 25,000 with mean of 23,000. 2. The
total available assembly hours (Z12)of next month could be between 8,000 and 10,000 with
mean of 9,000. 3. The total available moulding hours of next next month (Z31) could be
between 23,000 and 27,000 with mean of 25,000, and the total available assembly hours of
next next month (Z22) could be between 9,000 or 12,000 with mean of 10,500, respectively.
4. Z = (Z11,%12) and Z2 = (%21, 292) are mutually independent random vectors. The
manager would like to plan the production of wrenches and pliers of next two months so as
to maximize the worst-case expected net revenue of the next two months.

¥The prototype of this example is Example 7.3 in the book of Bertsimas and Freund [7] and it was used
in [2]. We use it again for comparison purpose.
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Wrench | Plier
Steel (Ibs.) 1.5 1
Moulding Machine (hours) 1 1
Contribution to Earnings ($/1000 units) 1300 1000
Table 4.1: Cost and earnings for the products
Scenario | Moulding | Assembly | Probability
1 25000 10000 .25
2 25000 8000 .25
3 21000 10000 .25
4 21000 8000 .25

Table 4.2: Scenarios in Stage 2

For easy comparison, we also construct another three-stage model where the probability
of each scenario is exactly known. In other words, the information on the distribution is fully
known. For fair comparison purpose, the mean of moulding time and the mean of assembly
time in each stage are the same as that in the above example. Particularly, the second-stage
information is the same as that in [2]. The details each scenario in the second-stage and
the third-stage are listed in Table 4.2 and Table 4.3, respectively. We refer to this model
as stochastic model in this paper. This problem can be formulated as a linear optimization
problem and can be solved by CVX [14]. We omit the formulation for brevity.

DR-TSSLP formulation and its conic reformulation with first-order mo-
ment information

In this section, we will formulate the steel purchase problem as a DR-TSSLP. The DR-TSSLP
will, then, be reformulated to a conic optimization problem by applying Theorem 3.2. In
our paper, all the cone optimization problems are numerically solved by the well-known
optimization software package CVX [14].

We set up our decision variables as follows: y; is the amount of steel to purchase in stage
1; wy and p; are the number of wrenches and pilers to produce in stage 2; yo is the amount
of steel to purchase in stage 2; ws and p3 are the number of wrenches and pilers to produce
in stage 3. Here, the unit for moulding and assembly hours is 1000 hours.

In order to formulate the example into a standard DR-TSSLP as that in (1.2), in stage

Scenario Moulding Assembly Probability
1(1),5(2),9(3), 13 (4) 27000 12000 .1250
2 (1), 6 (2), 10 (3), 14 (4) 27000 9000 .0625
3 (1), 7(2), 11 (3), 15 (4) 23000 12000 .0417
4 (1), 8 (2), 12 (3), 16 (4) 23000 9000 .0208

Table 4.3: Scenarios in Stage 3 (The number in the bracket shows the scenario it is
branching from in Stage 2)
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2, we introduce 3 slack variables 71;, ¢ = 1,2,3 and 2 random variables zy;, i = 1,2 for
the mould constraint, the assembly constraint and the steel constraint, which yields the
following equality constraints. In fact, 73 is the steel left in stage 2. The steel left can be
reused in the third-stage for production. However, we consider the cost cs associated with
the stock of the left steel in the second-stage

wi+p1+T1 = 211,
.3’[1)1 + .5p1 + T2 = 212, (41)
—y1+ 15wy +p1 + 7113 = 0.

Similarly, in stage 3, we introduce 3 slack variables 79;, i = 1,2,3 and 2 random variables
Z2i, © = 1,2 for the mould constraint, the assembly constraint and the steel constraint, which
yields the following equality constraints. In fact, 703 is the steel left in stage 3,

we +p2+To1 = 291,
Bwsg + .5ps + Tog = Zog, (4.2)
—yYo — Ti3 + 10wy +p2 + T3 = 0.

By defining
T T
L1 =Y, T2 = [w1 P1 T11 T12 T13 Z/Q} y X3 = [w2 b2 T21 T22 7'23]

)

we can formulate this example into the form of (1.2) with corresponding coefficient matrices
and vectors chosen as

0 1 1 10 00
A1 =0,00=0,4=|0|,B=|3 5 0 1 0 0],
-1 1.5 1.0 0 1 0
Z11 0 0000 O O
by(%1) = |Z12] ,A3=]0|,Bs=1]0 0 0 0 0 O],
0 0 000 0 -1 -1
1 1 100 %01
C3 = .3 S5 0 10 7b3(§1,22) = 222 , C1 = 587
15 1 0 0 1 0

¢y =[~130 =100 00 ¢s 58], 5= [~130 —100000] .

With respect to the linear decision rule, we have

0 0 0 1 0
Asg=| 0 |, Aoy =As= |0, byo= [0f, boy = [0, bao= |1},
-1 0 0 0 0

0 0
Azo = As1 = Az = Az1 = Ao = 0], bgo=bs1 =bza = |0],
0

o

— 1 —
b1 = |0], b3z =
0

O = O
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Then, we construct the ambiguity sets as defined in (2.3). Based on the first-order infor-
mation (mean) on the uncertainties of moulding hours and assembly hours, as mentioned in
Subsection 4.1, we known that

E(Z1) = 23, E(212) = 9, E(Z21) = 25, E(Z52) = 10.5,
E(2%) < 533, E(32,) < 82, E(22)) < 629, E(32,) < 112.5.
21 < 211 <25, 8 <212 <10, 23 <291 <27, 9 < 290 <12,

To formulate the uncertainties with the second-order moment information into the WKS-
type ambiguity set, we need the following result, which is a special case of Theorem 5 in [22].

Lemma 4.1 (Lifting Theorem). Let f € RT and let f : R™ — RT be a function with a
conic representable C-epigraph. Consider the ambiguity set

P ={P" € Py (R™) : Ep [9(2)] 2k f} (4.3)
and the lifted ambiguity set
P={PeP,(R" xR"): Epli] = f,P[g(Z) =k @] =1},
which involves the auxiliary random vector @ € RT. Then it follows that (i) P’ = [, P;
and (ii) P is an instance of the standardized ambiguity set (2.3) and (2.4).

The lifting theorem has a great modeling power and it provides a significant flexibility
to convert various ambiguity sets into the WKS-form as shown in [22]. In the following, we
shall show how to use the Lemma 4.1 to formulate the uncertainties in our problem into the
form of (2.3) and (2.4).

To begin, we use the available information to construct two ambiguity sets P; and Péu
as (4.3) in Lemma 4.1, which can be done straightforwardly.

PL={P € Py (R"): P[] =1, Ep (211) < 23,
Ep (12) <9, Ep (33;) <533, Ep (21,) < 82},

where
o — (A1), 21 < 211 <25,
! 212)  8< 2z <10 [’
Py ={P' € Py (R™) : P'[Q] =1, Ep (221) < 25,
Ep (Z22) < 10.5, Epr (33,) < 629, Ep (23,) < 112.5},
where

. — (7). 23 < 29 <27,
2 Zoo) T 9L 200 <12 [
By applying Lemma 4.1 to P; and P}, we obtain the following two lifted ambiguity sets

Pl and PQ. _
P1={PePy(R™): Ep[E1z + Fitn] = g1, P[] =1},

where
10 0 0 23
0 1 0 0 9
El - 0 O 9 Fl - 1 0 791 - 533 ’
0 0 0 1 82
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and
= 21 <211 <25, wpp > 2%
fh = {(zl’ul) T8 <219 <10, wpp > 25y
Py = {P € Py (Rm) : Ep [EQZQ + FQ@Q] =gy, P [QQ] = 1} ,
where
1 0 0 O 25
0 1 0 O 10.5
Ea=1g o 2= |1 0|92~ | 629
0 0 0 1 112.5

FE3 = F3 are both 4 x 2 zero matrices and

_ 23 < 291 <27, wo > 25
Qo = {(Z2vu2) T 9 < 200 <12, g > 25,

Noting that

Z up + 1
{(211,U11)IZ%1§U11}={(2117u11)1 1|l < 112 }
2
[ 211 )
= (le,ull) . ullT_l € }LS
uil+1
L™ 2
1 0 0 0 0
= (le,ull)i 0 0| z+ 1/2 0 ui]}ﬁ 1/2 s
10 0 1/2 0 -1/2

where L3 is the 3-dimensional Lorenz cone. Then, by defining the above set as L3 and
letting K; = R* x 3 x L3, we obtain an equivalent set of Q; as follows

M= {(Zlvul) Gz + Hiug =k, hl}7

where
_ _ 1 0
G Hyy has 1 0
Gi1 = |Gi2| ,Hi = |Hi2| ,h1 = |h12| ,G11 = )
a H h 0 1
13 | | H13 13 0 -1
8 8 _2215 10 0 0
Hyy = yhin = ,Gia= |0 0| ,Hip2=|1/2 0f,
00 8 0 0 1/2 0
0 0 10
0 [0 1 0 0 0
hia = 1/2 ,Gi3= 10 0|,Hi3=10 1/2 yhiz = 1/2
~1/2 0 0 0 1/2 ~1/2

In a similar manner, we can obtain an equivalent set of {25 as follows.

Qo = {(22,u2) : Gaza + Haug =k, ho},
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where Ky = Ka1 X Koz x Kaz, Ko1 = R47 Koz = Koz = LS,

_ 1 0
G2 Hyy ha1 1 0
Go = |Go2|, Hy = [Haz |, ho = |ho2|, Go1 = ;
G i h 0 1
23 | 23 23 0 1
8 8 _25’7 10 0 0
Hy = 0 0 , hoy = 9 , Gao =10 0, Hyp= [1/2 0,
0 o |2 0 0 1/2 0
0 [0 1 0 O 0
hos = | 1/2 |, Gog = [0 0|, Has= |0 1/2|, hoy= | 1/2
~1/2 0 0 0 1/2 12

Now the problem is formulated in the standard form stated in Section 1 and 2 with the
same notations. Applying Theorem 3.2 to the formulated problem, we obtain the following
second order cone optimization problem.

min  ciz1 +g{ & +m
st. hiap+m —m2— gy o —cgx20 >0,
hiB1+ hgas —cd x30 + 12 > 0,
Gla; =Bl & — X] ¢ H;raj = F]Tfj, ji=1,2,
G;OQ:E;fg—X;—C?,; Girﬁl +X;—C3:0,
H{ 81 =0; Asoz1 + Bawag =0,
Bazaj = by, j =1,2; Bawg; + C3x3; =0, j=0,1,2,
C3Zzj =bsj, j=1,2; xdy+h]s?7>0, ¢=1,2,...,6,
Glst=xd ¢g=1,2,...,6; H' s7=0, ¢=1,2,...,6,
zd o+ h{ti+hatd >0, ¢=1,2,...,5,
Giti =24, ¢=1,2,....,5,
GItd =21 ¢=1,2,...,5,
Hlt1=0,j=1,2 ¢=12,...,5,
Qi12, Qi3, 22, a3, P2, Pig € L3,
sa,osd tly, tls, th,, th, e L3, ¢=1,2,...,5,
a11 20, ag; 20, B11 >0, 21 >0, 51 >0, t11 >0, t21 > 0.

Problem (4.4) is a second order cone programming (SOCP) problem, which can be solved
efficiently by using which can be solved by using [14].

Comparisons and discussions

The major difference between the three-stage model and the second-stage model [2] is that
the steel left in the second-stage 713 can be reused in the third-stage. Therefore, we set the
stock cost ¢s of 713 with different values and then solve (4.4). Then, we compare our results
with that in the stochastic model, and we also compare it with the stochastic model and
the proposed model in [2]. The details of the results are summarized in Table 4.4 and Table
4.5.
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(4.4)  Stochastic Stochastic [2] [2]
Optimal z7 (1000 1b) 37.5 37.5 315 30.5
Expected Profits ($) 2021.67 2078.33 961.89 929.88
Table 4.4: Results Comparison, ¢s = 1
(4.4) Stochastic ~ Stochastic [2] 2]
Optimal z7 (1000 1b) 31.5 31.5 31.5 30.5
Expected Profits ($) 1976.44 2054.22 961.89 929.88

Table 4.5: Results Comparison, c¢s = 50

From Table 4.4 and Table 4.5, we can see as the cost on stocking the left steel increases

the solution becomes more conservative and it reduces to the second-stage decision when

the cost is high enough.

In addition, as expected, the expected profits for three-stage

distributionally robust model is less than that of the three-stage stochastic model.
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