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ABSTRACT. We define a risk-averse nonanticipative feasible policy for multistage stochastic pro-
grams and propose a methodology to implement it. The approach is based on dynamic program-
ming equations written for a risk-averse formulation of the problem.

This formulation relies on a new class of multiperiod risk functionals called extended polyhedral
risk measures. Dual representations of such risk functionals are given and used to derive conditions
of coherence. In the one-period case, conditions for convexity and consistency with second order
stochastic dominance are also provided. The risk-averse dynamic programming equations are
specialized considering convex combinations of one-period extended polyhedral risk measures such
as spectral risk measures.

To implement the proposed policy, the approximation of the risk-averse recourse functions
for stochastic linear programs is discussed. In this context, we detail a stochastic dual dynamic
programming algorithm which converges to the optimal value of the risk-averse problem.

AMS subject classifications: 90C15, 91B30.

1. INTRODUCTION

Let us consider a T-stage optimization problem of the form

T
(1) inf E[Z ft(l‘t,ft)]

t=1

xt € Xt(T1—1,&) a.s., xy Fy-measurable, t = 1,..., T,

where (&), is a stochastic process, F; is the sigma-algebra F; := 0(&;,j < t), and y; : RVe-1e x
RM: = RNtw are given multifunctions. In this setting, multistage stochastic optimization problems
set two challenging questions. The first question refers to modeling: how does one deal with uncer-
tainty in this context? Once a model is chosen, the second question is, how does one design suitable
solution methods?

For the first of these questions, we are interested in defining nonanticipative policies. This means
that the decision we make at any time step should be a function of the available history &) of the
process at this time step. This is a necessary condition for a policy to be implementable since a
decision has to be made on the basis of the available information. We will focus on models with
recourse. More precisely, introducing a recourse function Q;4; for time step ¢ and given z;_1, the
decision z; is found by solving the problem

inf ft(act, ft) + Qt—‘,—l(xta €[t])
@)
xt € xe(xe-1,&)

at time step ¢. In this problem, we have assumed that & is available at time step ¢ and thus &
gathers all the realizations of &; up to time step ¢. The policy depends crucially on the choice of the
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recourse function Qi1 used in (2). Given zo and the information £p;), a non-risk-averse model uses
the recourse functions defined by

inf fi(z,&) + Q E)
(3) Qt(ftfl,é[t_u) :Eff"g[t—l] ( ;%Et)((-f(txtil o t41 (e [t] )

fort=1,...,T, with Qr41 = 0. These dynamic programming (DP) equations are associated to the
non-risk-averse model

(4) inf E[t_Zl Fol@e(Ep), )]

2e(€) € xe(@e—1(§e—1)) &), t=1,...,T.

For the second of these questions, most of the efforts so far have been placed on solution methods
that approximate the recourse functions (3) in the case of multistage stochastic linear programs. In
this paper, we contribute to these two questions as follows.

From the modeling point of view, we define risk-averse recourse functions. For this purpose,
a common approach (Ruszczyniski and Shapiro [RS06a], [RS06b]) is based on a risk-averse nested
formulation of the problem using conditional (coherent) risk measures. In this situation, it is in
general difficult, even for simple risk measures such as the conditional value-at-risk (CVaR) (Rock-
afellar and Uryasev [RU02]), to determine a risk-averse problem (using a risk measure that has a
physical interpretation) whose stagewise decomposition is given by these DP equations. However,
such an interpretation is important. This is why we define instead a risk-averse problem for (1) that
is then decomposed by stages to obtain DP equations. A similar idea appears in the recent book
by Shapiro, Dentcheva, and Ruszczynski, [SDR09, Chapter 6, p. 326], where a convex combination
of the expectation and of the CVaR of the final wealth is used for a portfolio selection problem.
Instead, we control partial costs (the sum of the costs up to the current time step) and use a new
class of risk measures that is suitable for decomposing the risk-averse problem by stages. This class
of multiperiod risk measures called extended polyhedral risk measures has three appealing properties.
First, the class is large: it contains the polyhedral risk measures (Eichhorn and Romisch [ER05]);
in the one-period case some special cases include the optimized certainty equivalent (Ben-Tal and
Teboulle [BTT07]), some spectral risk measures (Acerbi [Ace02]), and the CVaR. More generally,
conditions for such functionals to be coherent or convex are provided. Second, as stated above, it
allows us to define DP equations for our risk-averse problem. Finally, these equations are suitable
for proposing convergent solution methods for a class of stochastic linear programs.

Regarding algorithmic issues, exact decomposition algorithms such as the nested decomposition
(ND) algorithm have shown their superiority to direct solution methods for obtaining approximations
of the recourse functions. Each iteration of these algorithms compute upper and lower bounds on
the optimal mean cost. If an optimal solution to the problem exists, the algorithm finds an optimal
solution after a finite number of iterations. These exact algorithms build at each iteration and each
node of the scenario tree a cut for the recourse functions. These cuts form an outer linearization of
these recourse functions.

There are two important variants of the ND algorithm: a variant that adds quadratic prox-
imal terms in the objective functions of the master problems and a variant that uses multicuts
(Ruszczynski [Rus86]).

The purpose of the first variant is to discourage the solution from moving too far from the best
solution found so far, and this can significantly accelerate the convergence of the method even if
the master problems are quadratic programs with this approach. The proximal term penalties are
positive and can be dynamically modified in the course of the algorithm.
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In the ND algorithm, for a given node in the scenario tree and a given input state x;—; at t,
the subproblems associated to all the realizations in stage ¢ + 1 are solved to obtain their optimal
simplex multipliers. These multipliers are then aggregated to obtain a single cut for each node in
each iteration. In the multicut variant, there are as many cuts as descendant realizations that are
built at each iteration. More information is thus passed from the children nodes to their immediate
ancestor by sending disaggregate cuts. The size of the master programs increases but we expect
fewer iterations (see Birge and Louveaux [BL8S]).

However, in some applications, the number of scenarios may become so large that even these
improved variants are difficult to apply since they entail prohibitive computational efforts.

Monte Carlo sampling-based algorithms constitute an interesting alternative in such situations.
Higle and Sen [HS96] introduced a stochastic cutting plane method for two-stage stochastic programs
and showed its convergence with probability one. Recently, Higle, Rayco, and Sen [HRS10] extended
this idea to multistage models by applying a stochastic cutting plane method to the dual problem
resulting when dualizing nonanticipativity constraints. Their method is, hence, based on scenario
decomposition. A different approach for two-stage problems based on Monte Carlo (importance)
sampling within the L-shaped method was introduced by Dantzig and Glynn [DG90] and Infanger
[Inf92]. For multistage stochastic linear programs whose number of immediate descendant nodes is
small but with many stages, Pereira and Pinto [PP91] propose to sample in the forward pass of the
ND. This sampling-based variant of the ND is the so-called stochastic dual dynamic programming
algorithm on which we focus our attention. More precisely, we detail a stochastic dual dynamic
programming (SDDP) algorithm (Pereira and Pinto [PP91]) to approximate our risk-averse recourse
functions, to be used in (2) in place of Q;1. The computation of the cuts in the backward pass of
SDDP are detailed in this risk-averse setting.

Our developments can be easily extended to other sampling-based decomposition methods such
as AND and DOASA.

The abridged nested decomposition (AND) algorithm proposed by Birge and Donohue [BD06] is
a variant of SDDP that also involves sampling in the forward pass. This algorithm determines in a
different manner the sequence of states and scenarios in the forward pass. The numerical simulations
in Birge and Donohue [BD06] report lower computational time on average for the AND algorithm
in comparison with SDDP.

When the number of immediate descendant nodes is large (possibly infinite) and when the problem
has many stages, we also can (or even must) sample in the backward pass. In this case, for a given
node on a forward path k, not all the optimal simplex multipliers associated to the descendant
subproblems are computed. Only the descendant subproblems associated with some realizations are
solved. As explained in the cut calculation algorithm (CCA) in Philpott and Guan [PGO8], it is,
however, possible in this situation to replace the “missing” multipliers by some coefficients so that
the cuts built still lie below the corresponding recourse functions. This gives rise to dynamic outer
approximation sampling algorithms (DOASA) described in Philpott and Guan [PGOS].

The paper is organized as follows. In the second section, we introduce the class of multiperiod
extended polyhedral risk measures and study their properties: dual representations are derived and
used to provide criteria for convexity and coherence and, in the one-period case, for convexity and
consistency with second order stochastic dominance. In Section 3, we derive DP equations for a risk-
averse problem defined in terms of extended polyhedral risk measures. We also provide conditions
that guarantee the convergence of SDDP in this risk-averse setting. Finally, in Section 4, we propose
to use SDDP to approximate the risk-averse recourse functions from Section 3 for some stochastic
linear programs. In particular, formulas for the cuts in the backward pass are given.

We mention that after writing our paper we became aware of two recent and closely related papers:
Collado, Papp, and Ruszczytiski [CPR] based on scenario decomposition, and Shapiro [Shall], which
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suggests using SDDP to approximate risk-averse recourse functions defined from a nested risk-averse
formulation of a multistage stochastic program.
We start by setting down some notation:
e For z € R", the vectors z+ and x~ are defined by z7 (i) = max(z(i),0) and z~ (i) =
max(—x(¢),0) fori =1,...,n.
e For anonempty set X C R™, the polar cone X* is defined by X* = {* : (z,2*) <0Vzx € X},
where (-, -) is the standard scalar product on R".
e ¢ is a column vector of all ones.
e If Ais an my x n matrix and B an mg X n matrix, (A; B) denotes the (mj +mz) X n matrix

()

e For vectors x1,...,27 € R" and 1 <1 <t9 < T, we denote (z4,,...,2Ts,) € R® x ... x R"
by Lty:tog-

e For z,y € R", the vector x oy € R™ is defined by (zoy)(i) = x(i)y(i), i =1,...,n.

e [, is the n x n identity matrix and 0, , is an m x n matrix of zeros.

e J;; is the Kronecker delta defined for 4, j integers by d;; = 1 if i = j and 0 otherwise.

e Q1 denotes a (generic) recourse function used at time step t = 1,...,T, i.e.,, Qpriq1 = 0,
and if t < T then Qg y1(wy,{}y)) represents a cost over the period t41,...,T. Various recourse

functions at t will be defined using the same notation Q;11. Which Q1 is relevant will be
clear from the context.

As is usually done in the stochastic programming literature and to alleviate notation, we use the
same notation for a random variable and for a particular realization of this random variable, the
context allowing us to know which concept is being referred to.

2. EXTENDED POLYHEDRAL RISK MEASURES

We consider multiperiod risk functionals p whose arguments are sequences of random variables.
We confine ourselves to discrete-time processes with a finite time horizon as in Ruszczynski and
Shapiro [RS06a]. Such risk functionals have to assess the riskiness of a finite sequence z1, ...,z of
random variables for some integer T' > 2. To reflect the evolution of information as time goes by, we
assume that z; is measurable with respect to some o-field F;, where F1, ..., Fr form a filtration, i.e.,
Fi1 CF C...C Fr=F, with F; = {0,Q}. In this setting, z; is deterministic, and a multiperiod
risk functional p will be seen as a mapping p : x7_; L,(Q, F;,P) — R for some p € [1, +00).

Remark 2.1. Throughout the paper, the arguments (z1,...,zr) of the risk functionals will be in-
terpreted as accumulated revenues (for which higher values are preferred). More precisely, if Z; is
the revenue for time step t, we consider the accumulated revenues zy = 2321 Zr,t=1,...,T.

For future use, we recall the definition of multiperiod convex risk measures (from Artzner et al.
[ADET], [ADE"07], Follmer and Schied [FS04]) which are multiperiod risk functionals of special
interest when the random variables z; represent revenues (accumulated or not).

Definition 2.2. A functional p on x]_; L,(, F;,P) is called a multiperiod convex risk measure if
conditions (i)—(iii) below hold:
(i) Monotonicity: if z; < Z; a.s, t =1,...,T, then p(z1,...,27) > p(Z1,. .., 21).
(ii) Translation invariance: for each r € R we have p(z1 +71,..., 20 + 1) = p(z1,...,27) — 1.
(iii) Convexity: for each A € [0,1] and 2,2 € x{_; L,(Q, F,P) we have p(Az + (1 — \)Z) <
Ap(2) + (1= A)p(2).
1t is called a multiperiod coherent risk measure if in addition condition (iv) holds:

(iv) Positive homogeneity: for each X > 0 we have p(Az1, ..., zr) = Ap(z1,...,27).



SAMPLING-BASED DECOMPOSITION METHODS FOR RISK-AVERSE MULTISTAGE SP 5

In the literature, there appear different requirements instead of the translation invariance (ii)
above, e.g., Fritelli and Scandalo [FS05] and Pflug and Romisch [PRO7].
Convex duality can be used to obtain dual representations of multiperiod convex risk measures.
Next, we cite such a representation that uses the set D of generalized density functions where

T
Dri={\€ x{_, Li(Q, F,P) : Ay > 0as,t=1,...,T, 3 E[\]=1}.
t=1

Theorem 2.3. Let p: x}_; Ly(Q, F;,P) — R and assume that p is proper (i.e., p is finite on the
nonempty set dom p = {z : p(z) < oo}) and lower semicontinuous. Then p is a multiperiod conver
risk measure if and only if it admits the representation

(5) p(z) = sup {E( — zT: )\tzt) —p(A) : A€ Pp}

for some convex closed subset P, C Dr of the space X1y Lq(Q, Fi,P) (1—17 + % = 1) on which the
conjugate p* of p is given too. The functional p is coherent if and only if the conjugate p* in (5) is
the indicator function of P,.

A proof of the above theorem can be found in, e.g., Ruszczynski and Shapiro [RS06b]. We are
now in a position to define the class of multiperiod extended polyhedral risk measures.

Definition 2.4. A risk measure p on x}_; L,(Q, F,P) is called multiperiod extended polyhedral if
there exist matrices Ay, By », vectors ag, ci, and functions hy(z) = (he,1(2), .-, hipn, »(2))" for given
Junctions hy 1. .. hin, o 0 Lp(Q, Fe, P) — Ly (Q, Fy, P) with 1 < p’ < p such that

inf B[, ¢/ i)
(6) p(zla"'aZT): yteLp(Qa]:taP;Rkt)a tzla"'aT7
Ay <aya.s,t=1,...,T, Zt;lo Biryi—r = hi(ze) a.s., t =2,...,T.

T

Another less general extension of polyhedral risk measures is due to Eichhorn [Eic07]. Like
a multiperiod polyhedral risk measure (Eichhorn and Rémisch [ER05]), a multiperiod extended
polyhedral risk measure is given as the optimal value of a T-stage linear stochastic program where the
arguments of the risk measure appear on the right-hand side of the dynamic constraints. Multiperiod
polyhedral risk measures constitute a particular case with a; = 0, ¢t = 2,...,T, B, row vectors,
and ht(Zt) = htﬁl(zt) = Zt (i.e., Nto2 = 1)

We mention that multiperiod extended polyhedral risk measures satisfy two additional proper-
ties that were recently discussed in the literature: information monotonicity (see Kovacevic and
Pflug[KP09]) and time consistency, suggested in Shapiro [Sha09]. Information monotonicity means
that the risk p(z1,...,27) gets smaller if the available information expressed by the o-fields F,
t=1,...,T, increases. Since p(z1,...,2r) is given by a risk-neutral multistage stochastic program,
it is time consistent as stated at the beginning of Shapiro [Sha09, section 3].

The need to consider the extended versions from Definition 2.4 is twofold:

(i) Modeling: some (popular) risk measures are extended polyhedral but not polyhedral in the
sense of Eichhorn and Rémisch [ER05] (see examples at the end of this section).

(ii) Algorithmic issues: as announced in the introduction, DP equations can be written for
risk-averse versions of (1) defined in terms of extended polyhedral risk measures. Moreover,
the convergence of a class of decomposition algorithms applied to the corresponding nested
formulation of the risk-averse problem will be proved in Section 3 for a subclass of extended
polyhedral risk measures that contain some nonpolyhedral risk measures. For this subclass,
we have he(z¢) = z¢by + b, for some vectors by, b;.
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In view of (ii) above, extended polyhedral risk measures with h¢(z:) = z:by + by play a particular
role when algorithmic issues come into play. In the rest of this section, we study properties of such
risk functionals. In this context, the matrices A, B; » and the vectors ay, by, Bt, and ¢; are fixed and
deterministic. They have to be chosen such that p exhibits desirable risk measure properties. In
particular, conditions on these parameters for the corresponding extended polyhedral risk measure
to be coherent are given in the Corollary 2.6 of Theorem 2.5, which follows. This theorem gives dual
representations for stochastic program (6) when hi(z) = z:b: + b for some vectors by, by. In what
follows, the dimensions of a; and b, are, respectively, denoted by n: 1 and ng 2.

Theorem 2.5. Let p be a functional of the form (6) on xj_,L,(Q, F,P) with p € [1,00) and
he(z) = z¢be + by for some vectors by, b,. Assume
(i) complete recourse: {y1 : Ayy1 < a1} # 0 and, for every t = 2,...,T, it holds that { By oy:
Atyt S at} — Rnt,z;
(ii) dual feasibility: {(u,v):u € x| R"1 v € xtTZQR””,ct—i-AtTut-i-ZZ:maX(Zt) Bl 1=
0,t=1,....,T}#0.
Then p is finite, convex, and continuous on xz;le(Q,]-—t,P) and with % + % =1 the following dual
representation holds:
(7)
sup —E[S°01, A a0+ 3o A1 (b1 + b))
p(z) =< A€ X[y Ly(Q Fe, P;R™1), Ao € X1y Ly(Q, Ft, Py R™2), Ay > 0a.s., t=1,...,T,
AT+ ey BirBlas | Fl=0as., t=1,..T.

We also have
T

Z Zt*Zt] — (") 2 e xi, Lq(Q,}—t,P)}

t=1

(8) p(z) = sup {E

where p* is the conjugate of p. Next, for every z* € dom(p*), p*(z*) is given by

inf E[ZtT:1 Af,tat + 23:2 )‘g,tfll;t]
(9) *(Z*) = )\1 € ><th1 LQ(Q’]:t’IP; an), )‘2 € ><th2 Lq(Q’]:t’IP; Rm,z),
P 5= Ay qbras, t=2,...T, \;>0as, t=1,..T,
ct + A;gr)\l,t + ZZ:maX(Q,t) Bq:q—_tE[AQ,‘rflLFt] =0 a.s., t= 1, e ,T,

2* € x| Ly(Q,F:,P) such that

I € Xy Ly(Q, Fe, PyR™ 1), Xg € x1_5 Ly(Q, Fi,P;R™2) satisfying
dom(p*) =< At =>0as, t=1,....T,

ot AT AL+ a2y Bl iEDar 1A =0as, t=1,...,T, and

27=0,2f ==X, qbrast=2,...T

Proof. We use results on Lagrangian and conjugate duality. Consider the following Banach spaces
and their duals:

E = xz;le(Q,]:t,IP’; ka), E* = xleLq(Q,ft,P,R t),
Z = x L,(Q,F,P), Z* = < Ly(Q, Fi, P),
with bilinear forms
T T
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Let us introduce the Lagrange multipliers Ay € xtT:ILq(Q,.Ft,IP; R™1) (with Ay > 0 a.s.) and
Ao € X 1o Ly(Q, F;,P; R™:2) associated to the constraints of (6) and the Lagrangian

Ly, M de) = B ¢y + A (A — ) + 3y A3y 1 (30— Beryir — 2ty — Et)}
= E|X @+ A+ Y e B:,T—tk,rfl)Tyt}
+E |- Zthl A par — ZtT:Q Ag1—1(zebe + Bt)} .
The dual functional is defined by
(11) 0(M1, Az) = ;22 L(y, A1, A2),

and the Lagrangian dual of (6) is the problem
(12) Asuf {0(A1,A2) = A1 € X[ Lo(Q, F, PsR™Y), Ay € X[y Lo(Q, Fy, Py R™2), A > 0as. ).
1,72

Due to [Ruszczynski and Shapiro, [RS03], Proposition 5, Chapter 1] the conditional expectation
operator E[-|F;] and the operation of minimization can be interchanged in (11), which gives for
O(A1, A2) the expression

T T T T
—E Z )\Itat =+ Z )\;t,l(ztbt —+ bt) +E Z inf (Ct =+ A:)\lyt + Z B;TftE[AZT*”‘Ft])Tyt

ERFt
t=1 t=2 t=1 "t r=max(2,t)

Next, infy, ez, (¢ + A7 At + Y0 pmaan) Bl Ea - 1| F2)) Tye is 0 if
T
o+ AT M+ Y Bl Ee,1|F]=0
T=max(2,t)

and —oo otherwise. The Lagrangian dual (12) can thus be expressed as

sup ~B[77y A+ 5,25 A3y (a1be + b))
(13) A € Xy Lg(Q, Fe, P R™1), Ao € X1y Ly(Q, Fp, P;R™2), A1 > 0a.s.,

¢t + A;)\l,t + ZZ:max(2,t) B;‘rftE[)\Q,T—llft] =0 a.s., t= 1, ce ,T.
From weak duality and dual feasibility, we obtain p(z) > —oo, and due to the complete recourse
assumption p(z) < +oo. It follows that p(z) is finite. More precisely, dual feasibility and complete

recourse imply that there is no duality gap: the optimal value of (6), i.e., p(z), is the optimal value
of (13). This shows (7).

Next, we use conjugate duality. Let us introduce the vectors ¢ = (¢1,...,¢r)", a = (a1,...,a7)",
Aq 0 be
and b = (by,...,br)T and the matrices A = ,B=| : , and
Ar 0 br
B211 Bgyo 0 . 0
B— B39 B3 1 Bs o
: : 0
Brr-1 Bror-2 Bror-s ... Brp

Let also Y ={y € F : Ay(w) < afor a.e. w € Q} and
0: ExZ — R
(,2) = @(y,2) =y, c)g p- + v (y) + 610y (By — Bz —b),
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where ¢ denotes the indicator function taking values 0 and 400 only. Since Y is closed and convex, ¢
is lower semicontinuous and convex. With this notation, we can express p(z) as p(z) = infyecr ¢(y, 2)
and, due to Bonnans and Shapiro [BS00, Proposition 2.143], p is convex. Since p is finite valued,
[BS00, Proposition 2.152] guarantees the continuity of p. Since p is proper, convex, and lower
semicontinuous, by the Fenchel-Moreau theorem we have that p** = p, where p** is the biconjugate
of p, i.e.,

(14) p(z) = p**(2) =sup {(2,2%) z/7. —p"(2") : 2" € Z7},
which is (8). Next, p*(z*) = ¢*(0, 2*), where the conjugate ¢* of ¢ is given by

(" 2") = sw W,y ) g e + (22 gz —9(y,2) s yEeE, 22}
sup {(y,¥" — g p- + (2,2") 5/« + Ay<aas., By=Bz+bas}.

It follows that

sup B[,y (227 — ¢/ )]
(15) p*(Z*): yteLp(Qa‘FtaPaRkt)v ZteLq(Qa‘Ft;P)a til,,TL

Atyt S Qg G/.S.,t - 1, “ee ,T, Zi__:lo Bt,‘ryt—T = tht + bt a.s., t= 2, “ee ,T.
Due to (i) and (ii), complete recourse and dual feasibility also hold for (15) for every z* € dom(p*),
where dom(p*) is given by (10). Using once again Lagrangian duality for problem (15), we obtain
for p*(z*) dual representation (9). O

Theorems 2.3 and 2.5 allow us to provide a criterion for an extended polyhedral risk measure to
be multiperiod coherent.

Corollary 2.6. Let p be a functional on x}_, L,(Q, F,P) of the form (6) with all a; null and
hi(zt) = ziby for some vector by. Let the conditions of Theorem 2.5 be satisfied (complete recourse
and dual feasibility) and let

A€ x Ly(Q2, Ft,P) such that there exist

p1 € Xy Lg(Q, F, Py R™ 1), po € x1y Ly(2, Fp, P; R™:2) satisfying

M, = i >0as. t=1,...,T,
e+ Al g+ ZZ:max(Q,t) Bl _Eluz 1| F]=0as.,t=1,....T, and
)\1 = 0, )\t = N;,tqbt a.s., t= 2, .. .,T

be the (convex) set of dual multipliers. If M, C D, then p is a multiperiod coherent risk measure.

Proof. Using representation (7) of Theorem 2.5, we can write p(z) = supye g, — Zthl E[Aiz]. We
conclude using Theorem 2.3 with P, = M,,. O

Using representation (8) of Theorem 2.5, the properties of p can also be characterized by properties
of dom(p*), where dom(p*) is given by (10).

Corollary 2.7. Let p be a functional on x| L,(Q, Fi,P) of the form (6) with hs(z;) = z:bs + by
for some vectors by, by, and let the conditions of Theorem 2.5 be satisfied (complete recourse and dual
feasibility). The following hold:
(i) p is monotone <= for all z* € dom(p*) we have z; <0 a.s. fort=1,...,T.
(i) p is translation invariant <= for all z* € dom(p*) we have Zthl E[zf] = —1.
(iii) p is positively homogeneous <= for all z* € dom(p*) we have p*(z*) = 0.

When T = 2, since z; is deterministic, Definition 2.4 corresponds to one-period extended poly-
hedral risk measures that assess the riskiness of one random variable z only. For later reference
we recall the definition of such risk measures which extend the class of one-period polyhedral risk
measures.
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Definition 2.8. Let (2, F,P) be a probability space and let h(z) = (h1(2),...,hn,,(2))" for given
functions hy, ... I, , + Lp(Q, F,P) = Ly (Q, F,P) with1 < p’ < p. A risk measure p on L,(Q2, F,P)
with p € [1,00) is called extended polyhedral if there exist matrices Ay, Az, Ba,o, Ba.1, and vectors

ai,as,c1,ca such that for every random variable z € L,(Q2, F,P)

inf ¢fy1 + Elc; y2]

Y1 € Rkla Y2 € LP(Qv‘FaP;RkZ)a
Alyl <ar, A2y2 < a9 a.s.,

By 1y1 + Baoy2 = h(z) a.s.

(16) p(z)

For one-period risk measures, dual representations from Theorem 2.5 specialize as follows.

Corollary 2.9. Let p be a functional of the form (16) on L,(Q2, F,P) with some p € [1,00) and
h(z) = zby + by for some vectors by, ba. Assume

(i) complete recourse: {y1 : Aiy1 < a1} # 0 and {Ba,oy2 : Asys < az} = R™2;
(i) dual feasibility: {(u,v):u € R™ xR v € R"2 ¢, + Afug + By o v =0, t =1,2} # 0.

Then p is finite, convex, continuous, and with % + % =1, p admits the dual representation

sup —A] a1 — E[\J ag 4+ AJ (2by + by)]

A € R™L, Ay € Ly(Q, F, Py R™1), Ay € Ly(Q, F,B;R"2:2),
p(z) = e+ A{ M + By E[As] =0,

c2 + Agde + By Az =0 a.s.,

)\1 Z 0, )\2 Z 0, a.s.

We also have
(17) p(z) =sup{E[z"z] — p"(z¥) : 2" € Ly(Q,F,P)},
where p* is the conjugate of p. Next, for every z* € dom(p*), p*(z*) is given by

inf E[ Ial + )\;ag + )\Z{EQ]
AL ER™ Ny € Ly(Q, F,P;R™ 1), A3 € Ly(Q, F,P;R™22),
(18) P (") =< z*=—=Abyas., A\ >0, Ay >0a.s.,
c1+ AlT)\l + B;lE[Ag] =0,
co + A;)\Q + B;OAg =0a.s.,
where
z* € Ly(Q, F,P) such that there exist
AR Ay € Ly(Q, F,P;R™1), A3 € L,(Q, F,P;R™2) satistying
c1 + AI/\l + B;lE[Ag] = 0, Al Z 0, AQ Z 0 a.s.,
c2+ A3d2 + By A3 =0a.s.,, and 2" = —A3bs a.s.

(19)  dom(p*) =

Proof. Tt suffices to use Theorem 2.5 with T' = 2. 0
Definition 2.2 specializes as follows to the one-period case.
Definition 2.10. A functional p : L,(Q, F,P) — R is called a convex risk measure if it satisfies the
following three conditions for all z,Z € L,(Q, F,P):
(i) Monotonicity: if z < Z a.s., then p(z) > p(Z).
(ii) Translation invariance: for each r € R we have p(z + 1) = p(z) — .
(iii) Convexity: for all p € [0, 1] we have p(pz + (1 — p)2) < pp(z) + (1 — p)p(2).

Such a functional p is said to be coherent if it is positively homogeneous, i.e., p(uz) = pup(z) for all
w>0 and z € L,(Q, F,P).
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Using Theorems 2.3 and Corollary 2.9, a sufficient criterion can be provided for a one-period
extended polyhedral risk measure to be coherent:

Corollary 2.11. Let p be a functional on L,(Q2, F,P) of the form (16) with a1, a2 null, p € [1,00),
and h(z) = zbs for some vector by. Let the conditions of Corollary 2.9 be satisfied (complete recourse
and dual feasibility), and let M, be the following (convex) set of dual multipliers:

A € Ly(9Q, F,P) such that there exist

(p1, pro, 3) € R™M1 x Lo(Q, F,P;R™1) x Ly(Q, F,P;R™2) satisfying
e+ Af pn + By 1 E[us] =0,

co+ AJ g+ B;O,u3 =0a.s., p1 >0, uo > 0a.s. with A= p3bo

200 M, =

If M, C Dy, then p is a (one-period) coherent risk measure.

Proof. From Corollary 2.9, we obtain p(z) = supyc g, —E[Az], and the result follows taking P, =
M, in Theorem 2.3. O

A dual representation of the second-stage problem for (16) will prove useful for obtaining further
properties of one-period risk measures of the form (16):
Proposition 2.12. Let p be a functional of the form (16) on L,(Q, F,P) with some p € [1,00) and
h(z) = zby + by for some vectors ba,by. Let the conditions of Corollary 2.9 be satisfied (complete

recourse and dual feasibility). Assume the feasible set D of the dual of the second-stage problem is
nonempty where

(21) D={\=(A,A2) ER"™2xR">! : Xy <0, BjoAi + A3\ =c2}.
Then p is finite, convez, continuous and is given by
plz) = inf {cIyl + E[igg Al (2ba + by — Baay1) + /\2(12]} :
Proof. Finiteness, convexity, and continuity follow from Corollary 2.9. Next, we write p(z) as
(22) p(z) = inf {efyn + E[Qa(yn, 2)] + Ay < an},
where for each y; such that Ayy; < a; and for each z € R we have defined
Qo(y1,2) = iélzf {c3ya : Baoya = zby + ba — Ba1y1, Agya < a}.

Finally, since D # (), by duality, we can express Qs(y1, z) as
(23) Qg(yl, Z) = sup {)\I(Z’bg + 62 — Bg71y1) + )\;ag : A <0, B;o)\l + A;)\Q = 02}.

A1,)2)

O

The following proposition provides a sufficient criterion for some extended polyhedral risk mea-
sures to be convex risk measures when

(24) Yi={y1: Aiy1 <ai}
is not necessarily a cone (a; need not be 0).
Proposition 2.13. Let p be a functional on L,(Q2, F,P) of the form (16) with p € [1,00) and

h(z) = zby + by for some vectors by, bs. Let the conditions of Corollary 2.9 be satisfied (complete
recourse and dual feasibility), and let D be defined as in Proposition 2.12. Assume

(i) D # 0 with D C {by}" xR"2.1;
(i) 1 # 0 and by is of the form by = —Bj /c1(i) for at least onei € I ={j : c1(j) # 0} with
y1(2) unconstrained and where Bil denotes the ith column of Bs 1.
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Then p is a finite-valued conver risk measure.

Proof. Let Y7 be defined by (24). Finiteness and convexity of p follow from Corollary 2.9. The
monotonicity of p follows from (i). Indeed, if z,Z € L,(Q, F,P) satisfy z < Z a.s., then for every
y1 € Y1 and every (A1, \2) € D we have

A (zba + by — Baay1) + Agaz > A (2 + by — Bs1y1) + Agas.

With the notation of Proposition 2.12 and with ¢(y1, 2) = ¢] y1 +E[Q2(y1, )], it follows that for every
y1 € Y1, we have E[Qa(y1,2)] = E[Qa(y1, 2)], ¢(y1,2) = ¢(y1,2), and p(z) = infy, ey, ©(y1,2) =
infy, ey, ¢(y1,2) = p(2). The translation invariance condition follows from (ii). Indeed, eventually
after reordering the components of yi, ci, and the columns of Bs ;, we can always assume that the
index i satisfying (ii) is the last kith index, i.e., that ¢1, B2 1, and Y are of the form ¢y = (¢1,¢1)"
with c1 € R*, 3271 = [3271, —Elbg], and Y1 = {yl = (:&1,:{71) : 1211@1 S al,gl S R} We then have for
each r € R, for each z € L,(Q, F,P), and setting g1 = 31 + = €R

p(Z + 7’) = inf {é;gl + 51’1;1 + E[ sup )\I((Z + T)bg + 52 — BQJ’IJl + 7;1511)2) + )\5&2]}
Ar1g1<ai, G1€R (A1, A2)ED
= inf {é;gl +c1y1 + E[ sup )\I (Zbg + 62 — Bg,lgl + glélbg) + )\;ag]} -
Arg1<ai, §1€R (A1, A2)ED
= p(z)—r
O

Proposition 2.13 extends the corresponding result in Eichhorn and Rémisch [ER05]. Proposition
2.14 below shows that condition (i) in Proposition 2.13 ensures in fact a stronger type of monotonicity
than (i) in Definition 2.10. Such monotonicity is based on stochastic dominance rules (see Miiller
and Stoyan [MS02]). For real-valued random variables z, Z € Ly (€, F, P), stochastic dominance rules
are defined by classes of measurable real-valued functions on R. The stochastic dominance rule with
respect to class F is defined by

z2=2rz <= VfeF : [iftE[f(z)] and E[f(Z)] exist, then E[f(z)] < E[f(2)]]

for each z,Z € L1(Q, F,P). Important special cases are the classes F,,4 of nondecreasing functions
and F, 4. of nondecreasing concave functions which, respectively, characterize first and second order
stochastic dominance rules:

2=2pspZ = z3p, 2 << PE<t)>PE<t) VteR,

z2=gsp 2 <= z=F,, 2 <= Elmin(z,t)] <E[min(z,t)] VteR.

ndc

In particular, it is said that a risk measure p is consistent with second order stochastic dominance
(see Ogryczak and Ruszcezynski [OR02]) if z <ggp Z implies p(z) > p(2).

Proposition 2.14. Let p be a functional on L,(2, F,P) of the form (16) with p € [1,00) and
h(z) = zby + by for some vectors ba,by. Let the conditions of Corollary 2.9 be satisfied (complete

recourse and dual feasibility), and let D be defined as in Proposition 2.12. Assume D # () with
D C {by}"xR"™1. Then p is consistent with second order stochastic dominance.

Proof. With Y7 defined as in (24), let g be the function defined for every y; € Y7 and z € R by

(25) g1, 2) =clyr+ sup  {N] (zba + by — Baayr) + AJas}.

(M,22)€D
For every y; € Y1, g(y1,-) is convex and, since D C {bg}* xR™2:1 it is also nonincreasing. Let z <g5p
Z. For every y; € Y1, since —g(y1,-) is concave and nondecreasing, E[—g(y1, z)] < E[—g(y1,2)] and
p(z) = infy, ev; Elg(y1, 2)] > inf,, ey, E[g(y1, 2)] = p(2). U
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For a one-period risk measure of the form (16) with h(z) = zbs + by for some vectors by, bo, the
first-stage solution set S(p(z)) C Y7 is given by
(26)  S(p(=)={m Vi : ple)=clpn+ sup (A (sba+bs— Boryn) + Aan}}.
(A1,X2)€D
For algorithmic issues considered in Sections 3 and 4, it can be useful to have at hand conditions
that guarantee the boundedness of S(p(z)). This question is addressed in the following proposition:

Proposition 2.15. Let p be a functional on L,(Q2, F,P) of the form (16) with p € [1,00), az null,
and h(z) = zba for some vector by. Let the conditions of Corollary 2.9 be satisfied (complete recourse
and dual feasibility), and assume that S(p(0)) is nonempty and bounded. Then S(p(z)) is nonempty,
convez, and compact for any z € L,(Q2, F,P).

Proof. The proof follows the proof of Proposition 2.9 in Eichhorn and Rémisch [ER05], with, in our
case, g given by (25). |

We provide examples of extended polyhedral risk measures. The above criteria for coherence and
consistency with second order stochastic dominance are applied.

Example 2.16 (Spectral risk measures and CVaR). Let F.(x) = P(z < z) be the distribution
function of random variable z, and let FX (p) = inf{x : F,(x) > p} be the usual generalized inverse

of F,. Given a risk spectrum ¢ € L1([0,1]) the spectral risk measure py generated by ¢ is given by
Acerbi [Ace02]:

polz) = — /0 F- (p)d(p)dp.

Spectral risk measures have been used in a number of applications (portfolio selection in Acerbi and
Simonetti [AS], and insurance in Cotter and Kevin [CD06]). The conditional value-at-risk (CVaR) of
level 0 < e < 1, also called average value-at-risk (AVaR) in Féllmer and Schied [FS04], is a particular
spectral risk measure with a piecewise constant risk function ¢ having a jump at £: ¢(u) = %10§u§8
(Acerbi [Ace02] ). Let us consider more generally a piecewise constant risk function ¢(-) with J jumps
at 0 < pr<p2<---<pyj< 1. Settmg A¢k = Qﬁ(p;:) - Qﬁ(p];) = ¢(pk) - ¢(pk—1)a f07" k= 13 SRR J7
with pg = 0, we assume

1
(1) ¢(+) is positive, (i1) A¢p <0, k=1,...,J, (iii) / d(u)du = 1.
0

With this choice of ¢, we can express py(z) as the optimal value of a linear programming problem
(see Acerbi and Simonetti [AS]):

(27) po(z) = inf, > Adwlprar — E [z, — 2" — ¢(1)E[2].
k=1

When J = 1,A¢1 = —1/e,p1 = &, and ¢(1) = 0, the above formula reduces to the formula for the
CVaR given by Rockafellar and Uryasev [RU02]:

(28) CVaR®[z] = inf [m + ! E[z + x]_] .
rER S
A spectral risk measure with a piecewise constant risk function satisfying (i), (i), and (iii) above
is a coherent extended polyhedral risk measure. Indeed, with respect to (16), we have ¢; = A¢op with
Ap = (Ad1,...,A¢5)", c2 = (=A¢;05,1; —¢(1)), B2 = (15;01,5), B2o = (=17,17,051;0127,1),
Ay = (=I25,0251), and h(z) = ze. The matriz Ay and the vectors a1 and as are null, by is a (J+1)-
vector of ones, and by = 0. Notice that when J > 1 it is not polyhedral in the sense of Fichhorn
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and Romisch [ER05]. The complete recourse and dual feasibility assumptions from Corollary 2.9 are
easily checked. This theorem provides for pg the dual representation

sup —E[\z]
(29) pe(z) = A=p"e+o(1), pe Ly(Q,F,P;RY),
Elu] = —A¢op, 0< < —Ad a.s.

Let M, be the set of dual multipliers from Corollary 2.11 for pg. For every X € M
A>0a.s. and

pss we have

J J
BN = Elp(1)+uTel=¢(1) = > Adipi = ¢(1) = Y (@(pi) — ¢(piz1))pi
i=1 i=1
J—1 1
= GO+ Y i — )+ (=)o) = [ ou)du =1
i=1
It follows that M,, C Di and using Corollary 2.11, pg is a coherent one-period risk measure.
Next, the set D in Proposition 2.1/ is given by D = {(A1,X2) € RI7FIXR2) © Xy <0, Ay yq1 =
—¢(1), )\1,1;‘] = )\2,‘]4_1;2‘], )\1,1;‘] = _)\271:J+A¢}. For every ()\1, )\2) c D, we have )\Ibg = )\Ie S 0.
It follows that D C {ba}" xR"21 and due to Corollary 2.14, ps is consistent with second order
stochastic dominance. When J =1,A¢1 = —1/e,p1 = ¢, and ¢(1) =0, p, = CVaR® and we recover
results given in Eichhorn and Romisch [ER05]: the CVaR is consistent with second order stochastic
dominance and is an extended polyhedral risk measure of the form (16) with ¢y = 1, ¢ = (£;0),
Bs1 = —1, Bag = (—1,1),As = =I5, h(z) = z, and Ay, a1,a2 null. The dual representation (29)
becomes

1
CVaR®(z) =sup{—E[Az] : A € Ly(, F,P),0 <A < - @S, E[A\ =1}.

Example 2.17 (Optimized certainty equivalent (OCE) and expected utility). Given a concave
nondecreasing utility function u, the optimized certainty equivalent Sy (z) of the random variable z is
defined in Ben-Tal and Teboulle [BTTO7] by Su(2) = sup,, cg y1+E[u(z —y1)]. Considering for u a
piecewise affine concave function, we can express the convex function —u as follows (see Rockafellar
and Wets, [RW98, Example 3.54]):

(30) —u(z)=inf{cy : yeR* y>0,e"y=1, by =z}
for some vectors b, c € R¥. It follows that if u is a piecewise affine concave function, p(z) = —S.(2)
s given by
inf —y; + E[c¢"yo]
1 =
(3 ) P(Z) { y1€R, yQERk, yQZO; €Ty2:1, bT:lJQ:Z—yl.

In this case, the opposite of the OCE is an extended one-period polyhedral risk measure with h affine:
c1=-1,c0=c¢, Ay = [-Ij;e";—€"], ag = [0p1;1;—1], Boy =1, Bag=b", ba = 1, and Ay, a4,
and by null. Notice that it is not polyhedral in the sense of Eichhorn and Rémisch [ER05] and that
complete recourse does not hold. However, properties of the OCE, given in Ben-Tal and Teboulle
[BTTO7], are easily checked: monotonicity follows from the definition of —S,, and the fact that u is
nondecreasing; translation invariance follows from the change of variable g1 = y1 — r in (31) (for
p(z+1)) or in the definition of —S,(z + r); convexity can be checked directly from the definition of
Su (or using representation (31) and [BS00, Proposition 2.143|, as in the proof of Theorem 2.5).
Let us consider as a special case a piecewise linear utility function of the form

(32) u(z) =y (2)" —y2(—2)", where 0 <y <1<
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(note that u(x) < x for x # 0). The corresponding risk measure p(z) = —S,(2) is an extended
polyhedral risk measure with ¢; = —1, ca = (—y1;72), B2y =1,Bao =[1 — 1], A2 = =13, h(z) = 2,
and Ay, az2,as null. Since complete (and even simple) recourse and dual feasibility hold, Corollary
2.9 provides the following dual representation:

p(z) = =Su(z) =sup{—E[Xz] : A € Ly(Q, F,P), EA\| =1, 1 <A<y as.}.

Using Corollary 2.11, we deduce that when w is of the form (32), p(z) = —Su(2) is a coherent risk
measure. More generally, it is shown in Ben-Tal and Teboulle [BTTOT] that if u is a strongly risk-
averse function (see Ben-Tal and Teboulle [BTTOT7]), p(z) = —Su(z) is coherent if and only if u is
of the form (32). For 0 <e < 1, CVaR® constitutes a particular case with v1 =0 and o = % The
set D in Proposition 2.14 is given by D = {(A1,\2) : =72 < A1 < =1, A2 < 0}. Since for every
(A1, A2) € D we have A{ by = A\ e <0, using Proposition 2.14 we conclude that —S,(z) is consistent
with second order stochastzc dominance.

For any concave utility function u, the risk measure p(z) = —E(u(z)) is an extended polyhedral
risk measure with h = w, Bag = co = 1, while the other parameters are null. In the particular
case when u is a piecewise affine concave function, representation (30) shows that —E(u(z)) can be
written as an extended polyhedral risk measure with h(z) = z and that complete recourse does not
hold. However, a dual representation of p can be derived from the dual representation

(33) —u(x) =sup{—-Mz —A3: A € R2, Aib+ Age < —c}

of —u. Applying the expectation operator to both sides of the above equation and using Rockafellar
and Wets [RW98, Theorem 14.60] (for switching the inf and expectation operators), we obtain for p
the dual representation

p(2) = sup{—E[\12 + Xa] : A € L,(Q, F,P;R?), \ib+ Ase < —ca.s.}.

Since —u is nonincreasing, for every (A1, A2) in the feasible set of (33) we have \y > 0 (otherwise,
there would be positive subgradients of —u at large enough points). It follows that in the above
representation of p, A1 > 0 a.s., which implies that p is monotone, convexr, and consistent with
second order stochastic dominance. The expected regret or expected loss p(z) = E(z— )~ for some
target B is a special case (already considered in Eichhorn and Rémisch [ERO05]) with utility function
u(z) = —(z — B)~. Finally, notice that p(z) = E[(z — E[2])*] for some 1 <k <p— 1 is an evtended
polyhedral risk measure with h(z) = (z — E[z])*.

Example 2.18 (Multiperiod extended polyhedral risk measures).

We consider functionals p on x{_iL,(Q, F,P) (p € [1,00)) of the form p(z) = ps(®(2)), where py
is a spectral risk measure of form (27) with ¢(-) satisfying (i), (ii), (i) in Example 2.16, and the
function ® is defined on RT and maps to the extended real numbers.

Then p is a finite-valued coherent multiperiod risk measure if the function ® (i) is concave, (ii) is
monotone with respect to the (canonical) partial ordering in R, (iii) is positively homogeneous, (iv)
satisfies the property ®(C1 +7,...,(r+71) = ®((1,..., (7)) +7 for allr € R and ¢ € RT, and (v) has
linear growth; i.e., for some constant L > 0 it holds |®(¢)| < LZtT:1 G| for every ¢ € RT.

There are three important special cases of the function ®:

(a) ©(¢) = ZtT_l VG with v > 0,t=1,...,T, such that ZtT_l v = 1. Using (27), we have

p(z) = Pqﬁ(Z%Zt) = mf (Agop)'z+E ( ZA¢k {9% —Z%Zt} —¢(1)2T:%Zt)

inf (Agop)Tz+E (— Zk:l Ajpwy — d)(l)vT)
o :CGRJa ’Ut:Ut71+’ytZt; vteLP(Qv‘Fﬁ;P)atzla"'vT} ’UO:O,
wg >0, wy >k —ovp, wy € Ly(Q,Fr,P), k=1,...,J.
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The stochastic program above can be rewritten in the form (6) and p is a multiperiod extended
polyhedral coherent risk measure. In the case when pgy = CVaR?, according to the dual representation

of CVaR?®, we obtain

T
p(Z) = sup{fZE(/\tzt) :)\t GLq(Q,ft,]P)), ()\t)—’yt, 0<At ~ ? tfl jﬂ’7
t=1

E(Xet1|Ft) =y A as, t=1,...,T — 1},

where Ay = WE\F), t=1,...,T, and % + % = 1. Hence, p is a multiperiod extended polyhedral
coherent risk measure according to Theorems 2.3 and 2.5.

(b) ©(¢) = min,es(y,¢) = min,eg ZZ;I v¢(s, where S denotes the standard simplex S = {y € RT :
v >0,t=1,...,T, Zthl v = 1}, may be used instead of the function ® in (a). This function
satisfies conditions (1)—(v), but avoids specifying the weights v¢, t =1,...,T.

(c) ®(¢) = miny—y__7 ¢ for ¢ € RT. Using representation (27), we obtain

.....

o - et AR 3y

J
p(z) = po(,min =) = inf (Agop)Tw +E (=3 Ady o - t_qnnthr — (1) min_z)

J
. T _ _ _
— zleanJ (Agpop)'z+E ( ; Aoy tgll.za.ufT(O, xp —2zt) + (1) t:nﬁ%)& zt)
inf (Agpop)'z+E ( - Zi:l Adrvpr + ¢(1)UT)
= :CGR‘Jv UlZ*Zl, ’Utzvtflv vtzi'ztthQa"'vT’

Ukt Z’Ukt—la Ukt Zwk — Zt, Ut, Ukt ELP(Qa]:ta]P))a k= 1)"'7J7 tzla"'aT7Uk0 =0.

The latter linear stochastic program may be rewritten in the form (6), and p is a multiperiod extended
polyhedral coherent risk measure. In the case when pgy = CVaR®, we obtain

1
(34) p(z):inf{x + —E(vr):ve € Lpy(Q Fi,P),—x — 2z < w1 <t =1,..., T, 09 =0,z € R}.
€

Ezxample (34) was first studied by Eichhorn in [Eic07].

3. RISK-AVERSE DYNAMIC PROGRAMMING

3.1. General setting. When using a multiperiod extended polyhedral risk measure to deal with
uncertainty in the multistage stochastic programming framework (4), we consider accumulated rev-
enues z; = — 23:1 fr(x7,&:) and the sigma-algebras F; = o(§;,j <t)fort =1,...,T. Recall that
xg and x1(wo,&1) are deterministic and that for any time step ¢ = 1,...,T, we denote by &, the
available realizations of the process up to this time step, i.e., { = (§;,7 < 1).

We also denote by Z; the space of F;-measurable functions (these sets are embedded: Z; C ... C
Zr). Next, for t =1,...,T, we assume the following:

(H1) the functions f; : RVte x RMt — R are continuous and y; : RVi-1.e x RM: = RNte are

measurable, bounded and closed-valued multifunctions.

We are now in a position to define a risk-averse problem for (1) via a multiperiod risk measure. Let
p: 21 X ...2Zp — R be a multiperiod risk measure and let us introduce the risk-averse problem

(35) inf P (fl 1'1;51 Zf‘l’ l"r T] g‘r . Zf‘l’ Zr 5[7’) 57))
2 (&) € Xe(we—1(Ep— 1]) 'ft) t=1,...,T.
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In the above problem, the optimization is performed over F;-measurable functions x¢,t =1,...,T,
satisfying the constraints and such that fi(a¢(-),-) € Z;. The sequence of measurable mappings
2¢(), t =1,...,T, is called a policy. The Fi-measurability of x;(-) implies the nonanticipativity of
the policy, i.e., implies that x; is a function of £;. The policy obtained from (35) will be said to be
risk-averse. A policy is said to be feasible if the constraints z4({) € x¢(ze-1(8-17), &), t =1,..., T,
are satisfied with probability one.

In this section, our objective is to provide a class of form (1) problems and a class of multiperiod
risk measures p having the following two properties:

(P1) DP equations can be written for (35).
(P2) The SDDP algorithm applied to problem (35) decomposed by stages converges to an optimal
solution of (35).

We intend to enforce (P2) obtaining DP equations that satisfy conditions given in Philpott and
Guan [PGO8]. These conditions imply the following:

P3) The recourse functions are given as the optimal value of a non-risk-averse stochastic program
g g
(the objective function is an expectation) where the randomness appears on the right-hand
side of the constraints only.

Property (P3) leads us naturally to use the class of extended polyhedral risk measures introduced
in the previous section.

3.2. Extended polyhedral risk measures. Taking for p a multiperiod extended polyhedral risk
measure of the form (6), problem (35) can be written as

inf E[Zthl ¢t i)

Ay <apas, t=1,...,T,

S By = ho(= N fr(@nn &) as., t=2,. . T,
xt € Xe(Ti-1,&) as, t=1,...,T.

(36)

Remark 3.1. In (36), the dependence of x¢ and y; with respect to &y was suppressed to alleviate
notation. This will in general be done in what follows.

We first check that (P1) and (P3) hold for problem (36) above. Since we want to write DP
equations, we start with the following simple remark.

Remark 3.2. Let us consider the following T-stage optimization problem:

p inf f(x1,...,27)
Tt EX(wo,...,l‘t_l), t=1,....,T.

We decompose [ as f(x) = Zgzl fr(z1:), where fi is the sum of all the functions in the sum
of functions defining f which depend on xy but not on xgi1.7 (for a given k, fi is 0 if no such
functions exist). DP equations for P can be written as follows:

0 B iaIvltf fe(x1:4) + Qi1 (o)
t\L0:t—1) — s EX(SCO;tfl)

fort=1,....T, with Qry1 = 0.
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The application of Remark 3.2 to (36) yields the following DP equations: for t = 1,...,T,
Qi(w0:—1,&[t—1), Y1:4—1) is given by
(37)
infﬂﬂmyt C;yt + Qt-i-l(xo:ta g[t]ayl:t)
Ay < ay,
Qt(l'o:tflvg[t—l]’ylttfl) = Egtlg[t—l] (1—64) (Zi;lo By v — hy(— Zi:1 fr(fEr,fT))) =0, )

xr € Xe(Ti—1,&)

where here, and in what follows, Q71 = 0. Since these DP equations correspond to the stagewise
decomposition of risk-averse problem (36), the recourse functions Q; in (37) are said to be risk-
averse. Compared to the DP equations of the original stochastic program, a new state variable
y+ and new constraints for it appear in (37) at time t. They serve for computing the multiperiod
extended polyhedral risk measure.

Let us now take as a special case for p the multiperiod risk measure defined by

T
(38) p(z1,...,27) = =01 E[zp] + Z 0:p" (2¢)
t=2
for some nonnegative weights 0;,t = 1,...,7T, summing to one (Zthl 0; = 1) and for some one-

period coherent extended polyhedral risk measures p' : 2, = R, t =2,...,T.

Remark 3.3. We easily check that p in (38) is a multiperiod (coherent) extended polyhedral risk
measure.

Observe that since p' is coherent and z; deterministic, we have p(z: — 21) = p'(2¢) + 21, and
p(z1,...,2r) in (38) can be expressed as p(z1,...,27) = —21 — O1E[zp — z1] + 2322 Orpt (24 — 21).
This expression reveals that the corresponding objective function in (35) is the sum of the first-stage
(deterministic) cost and of a convex combination of the mean future cost and of risk measures of
future partial costs. With this choice of p, problem (35) becomes

t

T T
(39) inf fi(x1,&) + 91E[g Je(xe, &) + Z ot/’t(*z fe(@r, &)

t=2 k=2

Plugging the expression (16) of the risk measure p’ (taking the same for all time steps) into (39),
the latter can be written as

T T

T
inf fi(x1, &)+ Orefw +E01Y | filwn &)+ Y e i)

T, Wt Yt
Wt Yt S i—2 i—2

t
By yw; + Ba oy = h(— 22:2 fr(ze, &), t=2,...,T,
Aywy <ay, Asyr <ag, t=2,....T,
xp € xe(ap-1,&), t=1,...,T.

In turn, the above optimization problem can be expressed as
T

(40) zIHUléT fi(wy, &) + tz_; Osci wy + Qo (21, &), wa, ..., wr)

Alwt S ai, t= 2)"'7Ta Ty € Xl(x()agl)a
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where

T T
inf E[olz fe(@e, &) + Z Orcy yi]
(41)  Qa(a1,&upwar) =4 7Y = =2

BQ,lwt + BQ,Oyt = h(_ Zkzg fk(xkagk))a A2yt S az, t= 23 ceey Ta
$t€Xt($t—1a€t)a t:2aaT

The application of Remark 3.2 to optimization problem (41) yields the following DP equations: for
t=2,...,T, Qt(r1.4-1,&[—1), we.T) is given by

(42) E znﬁf O fe(we, &) + Orca ye + Qura (@1t Eggy Wegrer)
Eel€re—1 e -
U\ Bajgwi + Baoyr = h(— Yp_y fel@r, &) Aoyr < ag, 14 € Xe(m-1, &)

In DP equations (37) and (42) obtained for, respectively, risk-averse problems (36) and (39), the
state variables memorize the relevant history of the process and of the decisions. For (37) (resp.,
(42)), we can reduce the size of the state vector replacing the history of the decisions z1.;—1 by z;—1
and z;—y (resp., x¢—1 and Z;_1 with Z;_1 = 2z;_; — z1). Variable Z;_; represents the total revenue
(opposite of the cost) from time step 2 until time step ¢ — 1 (i.e., the total income until time step
t — 1 for the time steps where the data are random). Variables Z; satisfy Z; = Z;_1 — fi(a4, &) for
t=2,...,T, with z; set equal to 0. With this notation, DP equations (37) for problem (36) become
(43)
infmhytazt C;yt + Qt+1($t’ £[t])zta yl:t)
Qt(xtfl,é[t—u,Zt717y1:t71):E5,,\5[t,1] (1—4641) (Zi;lo Bt ryi—r — ht(Zt)) =0, Ay < ay,

2 = zi—1 — fi(xe, &), 0 € xe(Te-1,&)

fort =1,...,T, with zo = 0. As for the DP equations (40) and (42), they simplify as follows: in
(40), Qa(w1, &), wa, - . ., wr) needs to be replaced by Qo (21,1, 21, wa, ..., wr) and fort = 2,..., T,
we have

inf  — 0p001 2 + Orcg yr + Qi (@, &gy 2o, Weg1.7)

Tt,2t,Yt

(44) Qe(we—1,&jt-1) Ze—1, wer) =Eg, 1, By 1wy + B oyr = h(Z), A2yr < ag,
Zr="%-1— fi(xe,&), v € xe(Ti-1,&)

Remark 3.4. Comparing the non-risk-averse DP equations (3) with the risk-averse ones (43)
or (40) and (44), we see that additional decision and state variables are introduced in the latter
cases. More precisely, at the first time step, in the non-risk-averse case the decision x1 is taken,
while in risk-averse case (43) (resp., (40) and (44)), additional decision variables y1 and z (resp.,
(wa, ..., wr)) are needed. This first-stage problem is deterministic for all models.

For time step t = 2,...,T, in risk-averse case (43) (resp., (40) and (44)), the state vector is
augmented with partial cost zi—1 and with the variables (yi,...,yt—1) (resp., partial cost Zz—1 and
the variables (wy,...,wr)). For both risk-averse models, additional decisions z; (or Z:) and y; are
needed for stagest =2,...,T. This is summarized in Table 1.
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First-stage Stagest=2,...,T
NRA 1 o
Decision variables | RA; (x1,21,y1) (2, 2, Yt)
RA5 | (x1,w2,...,wr) (2, Zt, Yt)
NRA (0, o) (e—1,&-1)
State variables RA, (w0, o)) (o1, &1 Ze—1, Y15 - -, Yi—1)
RA, (0, o) (ze—1,&u—1), Zt—1, W, - ., WT)

TABLE 1. Decision and state variables for the non-risk-averse (NRA) DP equations
(3) as well as for the risk-averse ones (43) (RA1), and (40) and (44) (RAz2).

Remark 3.5. Other special cases for the multiperiod risk measure p in (35) for which DP equations
can be written are the risk measures from Example 2.18.

Properties (P1) and (P3) thus hold for (36) and hold for (39) when using extended one-period
polyhedral risk measures for p'. We now concentrate on (P2). So far, all the developments of
this section were valid for a problem of the form (1). To ensure that (P2) holds, we consider the
special case when (1) is a stochastic linear program (SLP). Indeed, the convergence of the SDDP
algorithm and of related sampling-based algorithms is proved in Philpott and Guan [PG08] for SLP.
We observe that if (1) is an SLP, then risk-averse problem (36) (resp., (39)) is an SLP if and only if

(45) hi(z) = zby + l;t, for some by, by € R™:2 (resp., h(z) = zba + l;g, for some b, by € R"™2:2),

Of interest for applications, we now specialize the above DP equations (44) taking extended poly-
hedral risk measures with h(-) of the kind (45) above. As seen in the previous section, spectral risk
measures with piecewise constant spectra are of this kind. We provide the DP equations obtained
in this case using directly (27).

3.3. Spectral risk measures. Let ¢ be a piecewise constant risk spectrum satisfying (i), (ii), and
(iii) given in Example 2.16 and let A¢y = ¢(pr) — ¢(pr—1),k =1,...,J. If we take for p* a spectral
risk measure pg (the same for all time steps), using (27) we can decompose (39) by stages and
express it under the form

T
(46) inf f1(z1, &) + Z Orci wy + Qo(w1, &y, 21, wa, . . ., wr)
t=2
r1 € x1(w0, &), wy R, t=2,...,T,

with Z2; = 0,¢1 = A¢ o p, and where for t =2,...,T,
(47) Qu(—1,€t—1]s Zt—1,wer) = Eg, e, ( fltngr {t(ZhU}t) + Qo Gy 2 ir) )
Ze=Z1 — fr(®e,6), 20 € xe(wi-1,81)
with
FiGiywe) = =001 + G(1)0:) % — 0 Ap™ (wy — Zre) .
When the risk spectrum ¢ has one jump, we obtain the CVaR.

3.4. Conditional value-at-risk. When taking p! = CVaR®* and using (28), we can express (39)
under the form

T
(48) zllluleT fi(wy, &) — Z Opwy + Qa(w1, &), 21, w2, .. ., wr)

t=2
T € Xl(-r07£1)7 Wt € Ra t= 2)"'7Ta
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with Z; = 0, and where for t =2,...,T,
(49)
0+
. inf — 07615 + —(wy — Z)T + Ty, &1y 2y Wt
Que(i—1,§p—1p Ze-1,wer) =By, | @0z S Et( ¢ = 2)" + Qe (@ € B wiiir)
Ze=Z1 — fr(@e, &), 26 € Xe(we-1,61)

3.5. Convergence of SDDP in a risk-averse setting. The convergence of the SDDP algorithm
and of related sampling-based algorithms is proved in Philpott and Guan [PGO08] for SLP with the
following properties:

(A1) Random data only appear on the right-hand side of the constraints.

(A2) The supports of the distributions of the underlying random vectors are discrete and finite.

(A3) Random vectors are interstage independent or satisfy a certain type of interstage dependence
(see Philpott and Guan [PGO08]).

(A4) The feasible set of the linear program is nonempty and bounded in each stage.

In what follows, we consider multistage SLPs of the form (1) where
(50) ft(ZCt,Et) = d;,ﬁEt and Xt($t_1,€t) = {.’L‘t LTt Z 0, CtZEt = ft — Dtact_l}.

For these programs, Assumption (A1) holds, and it can be noted that if (A1) holds for (1), then (A1)
holds for risk-averse problems (36) and (39). In the remainder of the paper, we assume (A2) and
(A3). We also assume that (A4) holds for (1), which, in our context, can be expressed as follows:

(A4) For t =1,...,T, for any feasible state x;_1, and for any realization & of &, the set
xe(@e-1,&) = {2 | @ > 0, Gy = & — Dywy1}
is bounded and nonempty.

To apply the convergence results from Philpott and Guan [PGO8] in our risk-averse setting, (A4)
should also hold for risk-averse problems (36) or (39). For (36), (A4) takes the following form:

(A5) {y1 : A1y1 < a1} is bounded and for all t = 2,...,T, for any feasible states x1,41,...,
T 1,91, and for any sequence of realizations &%, ... &} of &;1,...,&, the set {y; : Ay <

at, Bioy: = he(— Zizl f‘l’(z‘l'5§7z')) - Ztr;ll B +y;—~ for some x; € Xt(ztflvgz)} is bounded
and nonempty.

For (39), remembering Proposition 2.15, a condition implying (A4) is the following:

(A6) For t = 2,...,T, the sets S(p'(0)) are nonempty and bounded, where S(p’(0)) is de-
fined in (26). {y1 : Aiy1 < a1} is bounded and for all ¢ = 2,...,T, for any feasible
T1,Y1s - -5 Te—1,Yt—1, W2, and for any sequence of realizations &, ..., & of &,...,&, the
set {y; : Ayyr < ag, 3 x4 € Xe(26-1,&}), Baoye = h(— Zi:z fr(27,€L)) — Bajw,} is bounded
and nonempty.
Indeed, with respect to the non-risk-averse setting, recall that the additional decision variables for
(39) are Zz; (bounded, due to (A4)), y:, and w;. Variables wy,t = 2,...,T, are first-stage decision
variables and, due to Proposition 2.15, if S(p*(0)) is nonempty and bounded, then optimal w; are
bounded. Next, condition (A6) guarantees the boundedness of optimal y;.

However, even if the feasible set at each stage for (36) or (39) is not bounded, we may be able
to show, in some cases, that these feasible sets can be replaced by bounded feasible sets without
changing the problems, i.e., that the solutions are bounded. Such is the case for problems (46)
and (48). Indeed, for these problems, the only additional variables with respect to the non-risk-
averse case are Z; (bounded, due to (A4)) and first-stage variables wa, ..., wr. For the spectral risk
measure p' = py,t = 2,...,T, considered in (46), the sets S(p'(0)) = S(ps(0)) = {0},t =2,...,T,
are nonempty and bounded. Using Proposition 2.15, optimal values of w; in (46) are bounded. This
result can also be easily proved directly:
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Lemma 3.6. Let assumption (A4) hold, and let ¢ be a piecewise risk spectrum satisfying (i), (ii),
and (iii) given in Ezample 2.16. Let w3, ..., w4 be optimal values of wa,...,wr for (46). Then
wi (k) is finite for everyt =2,...., T, and k=1,...,J.

Proof. Since x¢,t = 1,...,T, are bounded and A¢ < 0, we can bound from below the objective
function of (46) by L, (w) = K1+ZtT:2 0 (Agop) "w; and La(w) = K2+ZtT:2 0:(Ago(p—e)) " w; for
some constants K1 and K. Since A¢op < 0, if one component wy (k) = —oo, then Ly (w) = +00, the
objective function is therefore +o00, and such w;(k) cannot be an optimal value of w; (k). Similarly,
since Ag o (p—e) > 0, if one wi(k) = 400, then La(w) = 400, the objective function is +oo, and
such wy (k) cannot be an optimal value of wy (k). O

The following corollary is an immediate consequence of this lemma.

Corollary 3.7. Let assumption (A4) hold. Let w3, ..., wh be optimal values of wa, ..., wy for (48).
Then wy is finite for everyt =2,...,T.

It follows that we can add (sufficiently large) box constraints on w; in (46) and (48) without
changing the optimal solutions of (46) and (48). Gathering our observations, we come to the
following proposition.

Proposition 3.8. [convergence of SDDP in a risk-averse setting] Consider multistage SLPs of the
form (1) with f; and x: given by (50). Assume that for such multistage programs, Assumptions
(A1), (A2), (A3), and (A4) hold. Consider the risk-averse formulations (46), (47) and (48), (49).
Then an SDDP algorithm applied on these DP equations will converge if the sampling procedures
satisfy the FPSP and BPSP assumptions (see Philpott and Guan [PGO08]).

The same convergence result holds for the following two risk-averse formulations:

(1) assuming (A5), for risk-averse program (36) decomposed by stages as (43) with hi(-) given
by (45);

(2) assuming (AG), for risk-averse program (39) decomposed by stages as (40), (44) with h(-)
given by (45).

In the next section, we detail the SDDP algorithm for interstage independent risk-averse problems
of form (35). The developments can be easily adapted to the case when the process affinely depends
on previous values. Our notation follows closely that of Birge and Donohue [BDO06].

4. DECOMPOSITION ALGORITHMS FOR A CLASS OF RISK-AVERSE STOCHASTIC PROGRAMS

We consider the risk-averse recourse functions (43) from Section 3 in the case when f; and y;
are given by (50) and h:(-) is given by (45). Recall that risk-averse DP equations (43) satisfy
(P3) (like the non-risk-averse DP equations (3) but with additional state and control variables).
We assume interstage independence and relatively complete recourse for (1). We also assume that
the hypotheses of Proposition 3.8 hold. In this context, relatively complete recourse also holds
for risk-averse problems (43). As a result, the SDDP algorithm [PP91], [Shall] can be applied to
obtain approximations of the corresponding risk-averse recourse functions. At each iteration, this
algorithm consists of a forward pass followed by a backward pass. The backward pass builds cuts
for the recourse functions (hyperplanes lying below these functions) at some points computed in the
forward pass. If H cuts are built for each recourse function at each iteration, we finish iteration ¢
with a lower bounding approximation of form

t—1
(51) Qi(wt—1, 2t—1,Y1:t—1) = jiOH%aXiH[*Etj,lth —Z] yz1— Z Yy + el ]
=U,L,.. —i
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for Q;, knowing that the algorithm starts taking for QO a known lower bounding affine approximation
of Q; while Q% = 0. In the above expression, Z/_, € R, while E/ | and Y7 are row vectors of
appropriate dimensions.

The forward pass of iteration i samples H scenarios (¢5,....&%), k = (i — 1)H +1,...,iH,

from the distribution of (&, ...,&r). On scenario (€5, ...,&%), the decisions (z¥,... 2% oy, ... yk)
as well as the partial costs (2F,...,2%) are computed replacing recourse functions Q; by Qi ' for

t=2,...,T+ 1. The stopping criteria is discussed in [Shall].
The cuts are computed from time step 7+1 down to time step 2. For time step T'+1, since QZ'TJr1 =
Qr41 =0, cuts for Qr4q are obtained taking null values for E%, Z%, lef T and eT fork=(i—1)H+
iH. Att=2,...,T, cuts for Q; are computed at (zF_;, zf_l,y’f:t_l), k=(G—-1)H+1,...,iH.
More precisely, having at hand the lower bounding approximation Q¢ 41 of Q¢y1, we can bound from
below Q¢(z4—1, 2t—1,Yy1:t-1) by Ee, [Q4(xe—1, 2e—1, Y1:¢—1, )] with Q% (z4—1, 2¢—1,y1:4—1,&) given as
the optimal value of the following linear program:
inf ¢y + 0,

Ti,Yt,2e,0t

Aryy < ag, w4 >0,
(52) Zt;:lo Bt,‘rytf'r — 2thy = Bt,
ze +d xe = 241,
Ciry = &§ — Dywy 1,
Etxt + 7,5215 + ey > — ZT 1 71& yr + i t (d)

where 7@ =(20,Z}, ..., ZH)T and ? is the matrix whose (j 4 1)th line is Y;j’T for j =0,...,iH.
We denote by §g, j = 1,...,qt < 400, the possible realizations of & with p(t,j) = P(& =
€)). We also denote by of’, 7 77 and pf’ the (row vectors) optimal Lagrange multipli-
ers associated to constraints (52)- ( )y (52)-(b), (52)-(c), and (52)-(d) for the problem defining
Qi(mf_l,zf_l,y’f:t_l,ﬁg ). With this notation, the following theorem provides the cuts computed
for Q; at iteration 1.

b

)

a)
)

P

Theorem 4.1. Let Qi t = 2,...,T + 1, be the risk-averse recourse functions given by (43) with
hi(-) given by (45). In the backward pass of iteration i of the SDDP algorithm, the following cuts

are computed for these recourse functzons Fort =T+ 1, we set EF |, ZF 1,Ytk Tand el | to 0
fork=(G—-1)H+1,....iH and 7 = 1,...,T. Fortf2 LT, and k= (i—1)H +1,...,iH,
EF | = ?;1 p(t,j)ﬂf"th and
gt
Zf_lszp(t,j)uf’j, Ytki: ?;1 p(taj)( Btt T+Ptj?” =1...,t—-1
j=1
Next, eF | is given by
gt

Zp(tvj) Q;(x?—laszlayft—lvfg) kaf 1+Z JBtt r+pg j?l‘r y'r+7rt JDt'rt 1

j=1
Proof. Since relatively complete recourse and Assumptions (A4) and (A5) hold, the linear program
defining Qi(xF |, zF | 4%, |.€)) has a nonempty feasible set and its optimal value is finite. As a
result, both this primal problem and its dual have the same optimal value. Since a dual solution
is a subgradient of the value function for problem (52), we obtain for Qi(z4_1,2i—1,y1.4—1,&7) the
lower bound

Qi(g”fflaszlayftflagglz - Ztr 11 Ty JBtT(yt = Y,) — > 1 Pt ’]?” -
g (zem1 = 2q) = 7 Dy — af_y).
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qt

Plugging this bound into the relation Q¢(x¢—1,2¢—1,Y1:4-1) > Z p(t, ) Qi(xe—1, 261, Y1:6-1, &),
j=1

rearranging the terms, and identifying with (51) gives the announced cuts. 0

The above cuts can be easily specialized to DP equations (46)-(47) (based on spectral risk mea-
sures) or to (44) with h(-) as in (45).

5. CONCLUSION

The class of extended polyhedral risk measures was introduced in this paper. Dual representations
of these risk measures were obtained and used to provide conditions for coherence, convexity and
consistency with second order stochastic dominance.

This class allowed us to write risk-averse dynamic programming equations for some risk-averse
problems with risk measures taken from this class. We then detailed a stochastic dual dynamic
programming algorithm for approximating the corresponding risk-averse recourse functions for some
stochastic linear programs. In particular, conditions were given to guarantee convergence. The
methodology can be easily adapted if the recourse functions are approximated using other sampling-
based decomposition algorithms such as AND (Birge and Donohue [BD06]) and DOASA (Philpott
and Guan [PGO08]).

A forthcoming work will assess the proposed approach on a mid-term multistage production
management problem Guigues [Guill].
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