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Abstract In this paper we are interested in the convergence analysis of the Stochastic Dual Dynamic
Algorithm (SDDP) algorithm in a general framework, and regardless of whether the underlying probability
space is discrete or not. We consider a convex stochastic control program not necessarily linear and the
resulting dynamic programming equation. We prove under mild assumptions that the approximations
of the Bellman functions using SDDP converge uniformly to the solution of the dynamic programming
equation. We prove also that the distribution of the state variable along iterations converges in distribution
to a steady state distribution, which turn out to be the optimal distribution of the state variable. We
make use of epi-convergence to assert that the sequence of policies along iterations can be sought among
continuous policies and converges pointwise to the optimal policy of the problem. All the mentioned results
are provided almost surely with respect to a distribution derived from the optimal policy. Furthermore
we propose original proofs of these results which naturally are not based on the finite representation of
randomness. It seems that these latter results are new so far.
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1 Introduction

In the last three decades, substantial progress have been done concerning the possibility to overcome
the well known curse of dimensionality in dynamic programming, specially for convex stochastic control
optimization problems. The Stochastic Dual Dynamic Programming algorithm (SDDP) [7,8] of Pereira
and Pinto is designed to approximate the Bellman functions of a dynamic programming equation. This
algorithm consists in iterating two passes, the first pass selects a trajectory in the space of feasible states
of the control problem, and the second pass improves the representation of the Bellman functions. The
supposed advantage of this method is to learn along iterations, the optimal distribution of the state
variable. By the way, some implementations consider many trajectories for the simulation pass [10], the
aim being to learn as quickly as possible the optimal distribution of the state variable. We consider
a stochastic dynamic programming equation, the random variables invoked in the formulation are not
assumed to be discrete, and their discretization is beyond the scope of this paper. Nevertheless in case of
continuous distribution a practical approach to tackle this problem could be to formulate a deterministic
equivalent problem using the Stochastic Average Approximation (SAA) and then to apply the SDDP
algorithm [15]. Given the stochastic dynamic programming equation, one can consider to formulate a
deterministic equivalent of the Bellman operators [14] and then apply the SDDP algorithm to solve the
resulting discrete dynamic programming equation. If the underlying probability distribution turns out
to be a scenario tree, the SDDP algorithm has been studied for piecewise linear problem in [9] and for
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a general class of convex problems by [6]. We organized the paper in five sections, the first one being
this section. In the second section we introduce the general setup and we formulate the stochastic convex
program that we shall study. We recall also the dynamic programming equation and some properties of
the Bellman operator. The third section is devoted to the SDDP algorithm formulation, and we introduce
the norm which will be employed to analyze the convergence. The fourth section gathers the mains results
of the paper, and their proofs, the last section discusses these results.

2 General framework

An extended real-valued function V : R? — R takes values which may be real numbers or may be +\ — oco.
We denote dom(V) the effective domain of V' which reads dom(V) := {z € R | V() < 400}. We say
that V is proper if it nowhere takes the value —oo and is not identically equal to +oco. Let K be a
compact subset of R?, the space of all continuous real-valued functions of K is denoted C(K,R) and
for V e C(K,R), the supremum norm of V denoted ||V||; is defined by ||V ;; := sup,ecx |V (2)]. When
C(K,R) is equipped with the supremum norm, it is a Banach space. Let V : R? — R be an extended
real-valued function, if the restriction function Vig : x € K +— V() is such that V| € C(K,R), we shall
denote in order to avoid cumbersome notations, ||V| - instead of HV| K || - The uniform convergence is the
convergence with respect of the supremum norm, it is generally a stronger property than the pointwise
convergence, but for a sequence of monotone functions, the uniform convergence can be derived from the
pointwise convergence under mild assumptions.

Proposition 1 (Dini) Let K be a compact subset of R?, h* € C(K,R) and h € C(K,R), if h* <
R**L and Vo € K, supgeyhF(z) = h(z), then h* converges uniformly to h on K, that is to say
limg—s o0 |[P¥ = B[] . = 0.

Definition 1 A function V of R? into R U {+oc} is said to be subdifferentiable at a point x € R? if
it has a continuous affine minorant which is exact at x. The slope p € R? of such a minorant is called
subgradient of V' at x, and the set of subgradient of V at x is called subdifferential at x and is denoted
OV (z). If V is not subdifferentiable at x, we have V (x) = 0.

Under some mild assumptions the subdifferential is not empty.

Proposition 2 Let V be a convex function of R? into R U {+oco}, finite and continuous at the point
€ RL Then OV (z) # 0 for all z € int(dom(V)), and in particular OV (z) # 0.

Assuming continuity of the objective function in a convex setup is not a restrictive condition because
convex functions are very smooth in general, this is what states the next Proposition.

Proposition 3 ([5]) Every proper convex function on a space of finite dimension is continuous on the
interior of its effective domain.

Let (£2, F, 1) be a probability space where 2 is an abstract topological space equipped with a o-field
F of subsets of 2 and y : F — [0,1] a probability measure. Let & = (&)7;' be a random variable
such that § = (§1,i)i=1,...q € L™(2,F, ;R?), the latter space being equipped with the infinite norm
€l == min{a >0 |&, <apas}and (&), are stagewise independents. The complete o-
field generated by (&, ...,&) is denoted F;. For any subset F' C R? the indicator function §r maps
points of F into {0} and points of R¥\F (set difference) into {+co}. The support of a probability
distribution is the smallest measurable set of mass one for this probability distribution. In the sequel we
shall consider functions F' : R4 xRP x R? — R (finite values) such that F(-, -, £) is continuous for each & and
& — F(x,u,€) is measurable for each (x,u), such functions are called Carathéodory. For Carathéodory
functions £ — F(xz(£),u(£),£) is measurable when (x(&),u(£)) depends measurably of £. A set valued
mapping S : R? = RP maps R? into subsets of RP. Such mappings have an inverse S~! : RP = R¢
and S7!(u) := {z |u € S(z)}, the domain of S is defined by dom(S) := {z | S(z) # 0}. We say that
S is measurable if for every open sets @ C RP the set S~}(O) C R? is Borel measurable. The inner
semicontinuity of S means that S(Z) C liminf, ,z S(z) with:

lim inf S(z) := {u |VzF - Z, AN € Ny, lim  uF =u with u* € S(xk)},

e k—+o0,kEN



where N := {N C N | N\N finite }, and outer semicontinuous if limsup,_,z S(z) C S(x) where:

lim sup S(z) = {u | 2P = 2, Fub — u with u* € S(ack)} .

T—T

The mapping S is called continuous if both inner and outer semincontinuity condition hold.

2.1 Optimization model

We consider now f; : (z,u,£) € RY x RP x R? — fi(z,u, &) € R? a linear mapping with respect to (x,u),
e (z,u,€) € REXRP xR — ¢4, u, ) € R jointly convex function relative to (z,u) and measurable with
respect to &, and @7 : R? — R a convex function. It would not bring any additional difficulty to connect the
dimensions d, p and ¢ with the time step t, we merely have avoided this possibility in order to alleviate the
notations. Let Utf be a measurable correspondence &, = Utf (&) € RYxRP, supposed to be multi-compact-

convex-valued, from which we define the correspondence M/ (z,&;) := {u eRP | (z,u) e U/ (ft)} assumed

to be multi-compact-valued, and the correspondence U}(&;) := {x e RY | M/ (x,&) # (Z)}. At a given x
of UL (&) and for t = 0,...,T — 1 the optimal value of the following problem:

s=t

Xsr1 = [s(Xs,Us, &), Vs=t,....,T—1, (1)
Xt =,

U, € M{(X,,&,), Vs=t,...T —1,

Us € L“((Rq)s+17FS;Rp) Vs=t,...,T—1,

T—1
min E Z c(Xs, Us, &) + gzi)T(‘XT)‘| )

is denoted V;*(z), and this value is set to +o0o when the problem is not feasible. A policy is a rule describing
which decision we are willing to take in any situation, such rules are also called in the literature decision
rules, feedback control or recourse decision. By feasible policy is meant a policy m; which complies with
the constraints of the problem. The Markov Decision theory asserts that it is enough to consider only
Markov Decision Policies, it means in our framework, policies m;(X¢, &) depending measurably of the
couple (X, &), and we shall prove that the latter policy is in fact continuous. Given zg € Ug (&) the goal
is to compute both V{(xg) and to come up with a feasible policy in order to attain the optimal cost by
simulation. Let’s us consider the following technical assumptions:

Assumption 1 Vi =0,...,7 —1:

1. The functions ci(x,u,&) are strictly convex with respect to u and continuous in & relatively to the
support of &;

There exists an integrable function denoted m of & such that ci(x,u, &) > m(&) a.s. and ¢r(x) > my;
we M (z,&) as. = M[+1(ft(x,u,§t),§t+1) #0 a.s.;

x € UH&) a.s. & x € dom(V}*);

The correspondence Mtf s continuous relatively to the support of &;

The function f(x,u,&) is continuous in & relatively to the support of &.

S G Lo o

Henceforth we shall assume that all the assumptions above hold true.
Remark 1 One can make the following observations:

1. The statements (1-3-4) of the foregoing assumption are independents of the probability distribution of
gt;

2. V¥ is a proper function, for x € UL(&) we have:

T-1

> m(&s)

s=t

E +mr <V (z) < +o0.




3. Let supp(&) be the support of the random variable &, then:
dom(Mtf) = dom(V}") x supp(&;).
Let V be a Borel measurable real extended valued function of R%, we define the Bellman operator I by:

V = I(V) where 2 € R — I (V)(z) :=E H}in ce(z,u, &) + V(fr(z,u, &) | - (2)
ueM] (x,&)

It is well known [2] that functions (V;*)7_;' satisfy the Bellman equation that reads:
Vi =Li(Viia), Vo= or. (3)

Let’s drop the optimization problem (1) and we let’s focus on the numerical resolution of the dynamic
equation hereafter:

find (V;)L, such that I} (Vi) = Vi and Vi = &p. (4)
We have gathered some useful properties of the Bellman operators I} in the following Proposition.

Proposition 4 Let V,V' be continuous real-valued functions from R? such that V' < V then V¥t =
0,...,7 — 1 we have:

1. If V is a convex function then so is I'+(V);
2. Monotonicity: I3 (V) > I (V');
3. If dom(Vy*) is compact and V' <V < V7| then:

IT:(V) = L (V) laomvey <MV =V laomevy, )

Proof Convexity of I(V) arises from the joint convexity of the application defined by:
(J?, u) = Ct(l‘, U, gt) + V(ft('ra U, ft)) + 6Utf(§t)(x5 u) (5)

The monotonicity is straight. To show the last point we derive from the relation V' <V < Vi% 1 both that
dom(Vy ;) € dom(V) C dom(V') and that I}(V') < I (V) < I(Vy,) = V;* and therefore dom(Vy*) =
dom(I3 (V3 ,)) C dom(I3(V)) C dom(I3(V')). We deduce that if z € dom(V;*) then x € Uy(§;) and by
item three of assumptions 1 Vu € Mtf(x,ft), fe(z,u,&) € UL (&41), by fourth item of assumption 1
fe(x,u,&) € dom(Vy, ). In other words whatever the policy m; such that m(z,&;) € M/ (x,&) we have
fe(x, m (2, &), &) € dom(V;% ) and therefore Vo € dom(V;*):

ILV)(@) = LV @) < sup [V(felw,u,&)) = V' (filw, w, N < IV =V llaomevys,) - (6)
uGMtf(rc,ff,)

The existence of optimal policies, is related to the notion of epi-convergence that we shall address it
in section 4.

3 The SDDP algorithm

Basically the SDDP algorithm collects informations along iterations, and constructs for each ¢ both a
non-Markovian model of the Bellman function V;* and an approximation of the optimal policy 7} (X¢, &).
There are many approaches in order to implement the SDDP algorithm, our aim is not to provide a
convergence proof for all of them but merely to studied in detail one variant. The variant we consider is
based on three steps and proceeds as follows:

— At the first step we “Run” the current policy, this step consists in a simulation. For the initialization
we have to come up with a feasible policy;



— At the second step, we “Integrate” the Bellman equation (4) only at the visited states of the first step.
The integration of the dynamic programming equation gives new subgradients and hence new cuts;

— The last step is performed after the complete integration of the Bellman function of the second step,
and consists in “Maximizing” for each time-step the bundle of cuts “After” the complete integration
of the dynamic programming equation. This operation updates the Bellman functions and therefore
the policies.

Let’s agree to call this variant SDDP-RIMA, notice that the Bellman operators I; are very convenient to
provide a compact description of how the SDDP-RIMA proceeds and hence avoids the use of cumbersome
notations.

Firstly we describe the initialization procedure, let V2 = &7 and Vt =0, ..., T — 1:

1. Pick 29 € dom(V}*);
2. Pick p0 € L(V,)(2);
3. V() = (00, — a?) + T (VS,) (2D).

Remark that the above initialization yields necessarily functions V0 such that V,? < V;*. Let W, €
L> (2, F;R9) be a random variable, we shall describe in the sequel how proceeds the SDDP-RIMA
algorithm.

Algorithm 1 The SDDP-RIMA loops:

Initialization: according to items (1-2-3) above;
Begin of the loop: we have f and Vvt =0,...,T —1 and V{f = Pr;

Drawing: Draw Wk .= (Wé”'l7 ceey Wﬁﬂ) independently from the past drawings;
Simulation pass: Xﬁ'll = fe(XFT R (X WY WY XET = g

Optimization pass: Pick p;tt € 0L, (VE L) (X, vt=0,...,T—1;

Update Bellman functions: V! (x) := max (V¥ (=), (phHl oz — Xk 4 Ft(Wﬁl)(Xf+1)),'
Update policies: ﬂf“;
Loop: k < k+ 1 and loop.

We stress on the simulation procedure which is performed with a different probability distribution of the
one used to evaluate the Bellman operator.

Assumption 2 For each t the random variables (Wy, ..., Wy) and (o, ..., &) have the same Borels sets
of null mass.

The foregoing assumption ensures that (Wy, ..., Wr_1) and (€, . . ., &r—1) have the same support denoted
supp(W), and for any measurable function ¢ : supp(W) — R, if ©(&o,...,&r—1) = 0 holds true a.s., then
©(Wo,...,Wr_1) = 0 a.s. and reversely. Similarly if M} (z,&) # 0 a.s., we have also M (z, W,) # 0 a.s.
We shall assume that I; t(V;’fH) has bounded subgradients and hence pF*! exists at any step of algorithm
1. Inasmuch we shall study the convergence of a stochastic algorithm it is convenient to introduce the
samples space (A, B,P) := (Z, Bz, uw )N, where = := (R?)T, Bz is the Borel o-field of open subsets
of £ and pw = pw, ® ... ® pw,_,. We denote F° := o((), =) and Vk € N* := N\ {0}, F* the Borel
o-field of open subsets of =% Under these notations V¥ is F*¥-measurable, and F := (F¥);cy is a fil-
tration of B it means that F* C F*+! C B. It is important to notice that if 7F is F-measurable, its
means 7F = 7, is a deterministic policy. The drawings (W*)zen- in algorithm 1 are independents and
identically distributed (iid). We shall prove that algorithm 1 converges with respect to the norms induced
by the policy 7 := (7o, ..., 7r—1) and denoted ||-||, which are defined by [[V||, := E[[V(X{*)|] where
X[ is the random variable defined dynamically with the equation X/[Y{" = fi(X7", m (X[, W), Wy)
and X% = zo. The distribution of the random variable X will be denoted pixr and for any mea-

surable function V : R* — R we define [V = [ [VIpxre. We can remark that if 7F is a FF-

measurable policy then, E (|V/*(X[ )| | F*) = ||VF|| . If we consider X/*! as a measurable function of
t

7l WETL W that s to say XFTE = Fy(ak, .. 7k WL L WERD) P-almost surely,

where F} is measurable with respect to its arguments. Then for each ¢ the succession of equalities below



hold true P-almost surely:

E(|Vvtk(Xf+l)| |‘Fk) :E(‘%k(Ft(ﬂgv"'vﬂf—lvwlkJrl"'7Wt]iJr11))| |-Fk)7
:E[“/t(Ft(ﬂO?"'?Trt—l?Wl""Wt—l))|]|Vt:Vtk,7r:7r’“7

= H‘/t”’ﬂ'“/t:‘/tk,ﬂ':ﬂ'k’
_ k

This equation means that we perform first the conditional expectation with respect to F* without av-
eraging V;¥ and 7%, which turn out to be an expectation. Thereafter we substitute V; (resp. 7) with V,*
(resp. 7*) which is F* measurable.

4 Convergence analysis

In this section we study the convergence of the SDDP-RIMA algorithm, we proceed in our analysis in
two parts. The first part is concerned with the algebraic properties of the functions V;*. We prove in
Proposition 5 hereafter that the latter sequence of functions is non-decreasing (straight) and converges
uniformly. The Proposition 6 states a fundamental relation between different errors terms involved the
algorithm, and which is still valid along iterations. The purpose is to match these two results and to prove
that they are agreeing. For that purpose we shall use the concept of epi-convergence in a second part
of our analysis. We shall prove in Proposition 9 the policy which governs the evolution equation of the
state variable, converges pointwise to a steady policy and hence by Proposition 10 that the state variable
converges along iterations to a steady state. The Corollary 1 makes the link between the mentioned
results and asserts that the uniform limit of the sequence V}* is a solution of the dynamic programming
equation(4). Before stating these results we need to recall the definition of a locally simplicial set. Indeed
that latter notion plays a role in the continuity of the Belman functions on their effective domains.

Definition 2 A subset S is said to be locally simplicial if for each x € S there exists a finite collection
of simplices T, ..., Ty contained in S such that:

UNn(Tu...uT,)=UnS. (7)
for some neighborhood U of x.

Assumption 3 For each t the set dom(V,*) is:

1. compact;
2. locally simplicial.

Remark 2 All polytopes and polyhedral convex sets are locally simplicials, the relatively open convex sets
are so too.

Proposition 5 The following properties holds true P-almost surely ¥t =0,..., T —1, Vk & N:

— V¥ is a real valued proper convex function;

— The sequence VF converges pointwise to Vtti on dom(V,*) the latter function being convez lsc and such
that dom(V;*) = dom(V});

_ Vtk < ‘/tk+1 < ‘/tﬁ;

- VXY = LV D (X,

If in addition Assumption 3 holds true, then sequence V¥ converges uniformly to V;ﬁ on dom(Vtﬁ).

Proof 1. The initialization provides for each ¢ a function V;? which is affine, therefore it is proper and
convex. If we assume V/* is real valued proper and convex, then so is Vtk‘Irl as the maximum of two real
valued proper and convex functions. Therefore Vk € N, Vt =0,...,T, V¥ are convex continuous

functions.



2. Let’s consider the statement P(k) < Vt V¥ < V| we then reason by induction in k. We have
clearly P(0) holds true, then we assume P(k) holds true so what happen with P(k + 1). Since V%,
is convex then I}(V;%,) is convex and Iy (Vi) (z) > (pft! z — X + T(VE,)(XFT) and by the
induction hypothesis we have V}/’il < V¢ .. Farthermore by virtue of monotonicity of Iy we have
LU(ViEL) < (V) = Vi, therefore VAT < Vi* and P(k + 1) holds true.

The sequence (V/*)en is nondecreasing and upper bounded on dom(V;*). Let’s define V/(z) equal to
supyen V¥ (@) if 2 € dom(V;*) and +oo otherwise. Hence dom(V}) = dom(V;*) and V{ is a proper
convex [5, Proposition 2.2] function, which is furthermore bounded above by V,* on its effective domain.

3. By construction V;* is bounded above by th.
4. By virtue of the recursive definition of V¥ we have:

Vi) = max fm {{ 0 = XE) 4 LV V@)

therefore for © = X/ we have VFT(XFH)> L(VE,)(XFT). Since every Vi, are convex, then

so I;(V/%, 1) by Proposition 4 therefore, I} (V1) (z) > (i 2 — X{T) + (V4 ) (X{T). Moreover

VE< k, VY < VP then [(VE,) < L(VE,) and L(VA)(XE) = TV )(XE) = (o X+ —

X + L(VE (X, We have V)2 < I(VS,,), moreover V%, < V%, then by the monotonicity

property of I';, we also have V,? < I};(V/%,). Therefore V"™ (X[ 1) < Ft(Vt’j_l)(XfH).

Under Assumption 3 the set dom(V;*) is locally simplicial, then so is dom(Vtﬁ)7 but since Vtn is also
convex lsc and proper, then by [12, Theorem 10.2] Vtu is continuous on its effective domain. By Proposition
1 the convergence of the sequence V¥ to Vtti is uniform on the effective domain of V;ﬁ.

Remark 3 In the foregoing proposition we have assumed the simplicial localness of dom(V,*) in order to
derive the continuity of Vtﬁ on its effective domain. The continuity of a propositioner convex lsc function
on its effective domain has been studied in [1], where authors provide characterizations.

Proposition 6 The equality below hold true Vk:

HVtﬁ - Ft(thjrl)HTrk = HVtu - V}kHﬂk - HVtk - Ft(Vt]fH)H P-almost surely. (8)

,n.k
t
Proof Using the relation min(a, b) = 3(a + b) — 4 |a — b| yields for each ¢ the equation:

vo e dom(VF),  (Vf — Vi) =3 (V) — V@) + V@) — (b w = X — L))

1
=5 VF@) = (o e = X7 = LV DX (9)

For z = X!, we have X+ € dom(V}/) then:

1
VACE) = VIR ) =2 (VAOE) = VRO + VAT - RV (E) -
1
- 5 VA = LA (). (10)

By Proposition 5 we have the relation:

VAXET) = R(VE (X =5 (VX = VRS + VA = R(VE ) (XE) ..

DO =

1 X
— 5 V) = ROV D ()] (11)
Which in turn implies that:

VAXE) = RO = (VA = VEE) = (VA - RvE (] (12)



and:
(VAXE) = LA (XE) = (VA = Ve
— VA = R(VA) (XE). (13)
And we take the conditional expectation:
E (VAXF) = DVED(XE) | F2) =B (VAXE) - VR | )
—E (V) - LA XED] A (g

From V) — VF > 0 we deduce that [}(VE)(XFT) < VEY(XFH) < VH(XFH), and the observation
that I;(V/}F), V¥ and 7} are F* measurable functions, yields the desired result:

Remark 4 We can observe that if we substitute I'; with an unbiased estimator I'F, the foregoing result
would failed due to the non linearity of the absolute value function.

V;fﬁ_‘/tk

Vi-nvh|, =|

V= VD (15)
mh t

4.1 Epi-convergence

We start this section recalling the epi-convergence concept and some of its important properties. For a
comprehensive treatment of epi-convergence and related issues together with the proofs of the following
Proposition, see [13]. Let (h*)ren be a sequence of real valued functions, the epigraph of k¥ is the set
denoted epi(h*) which reads:

epi(h¥) == {(a,u) | a > hk(u)} . (16)

We say that (h*) epi converges to h and we denote h* 5 h if the lower epi-limit (e — lim inf h*) is equal
to the upper epi-limit (e — limsup h*), where lower epi-limit is defined by:

epi(e — lim ir]if h*) := lim sup(epi(h*))
k

and upper epi-limit is defined by:

epi(e — limsup h*) := lim iréf(epi(hk)).
k

This convergence refers to the convergence of epigraphs (16) for the so called integrated set distance [13,
Theorem 7.58]. The sequence of functions (h*)cy is said to be eventually level-bounded if if for each a € R
the sequence of sets lev,h¥ is eventually bounded. It is well known that the sequence (h¥)ycy is eventually
level-bounded if there is a level-bounded function ¢ such that eventually A* > ¢ or if the sequence of set
dom(h*) is eventually bounded. Under eventually level boundedness concept the epi-convergence entails
convergence of minimizers.

Proposition 7 [13, Theorem. 7.33] Suppose that h¥ is eventually level-bounded, and h* 5 h with h*
and h lsc and proper. Then:

inf h* — inf h(finite) (17)
while for k in some index set N € Ny the sets argmin h* are nonempty and form a bounded sequence

with
lim sup(arg min hk) C argmin h.
k

Indeed, for any choice of €* \, 0 and x* € argmin(h* + ), the sequence (z*)en is bounded and such
that all its cluster points belong to arg min h. If argmin h consists of a unique point T, then for any choice
of e¥ = 0 and x* € argmin {hk + Ek} one must actually have =% — x.



Proposition 8 Let V' be a Isc-conver-real-valued function such that V- < V7, then there exists a con-
tinuous function m of (x,&;) such that:

Ve € dom(13(V)), L(V)(x) = Eley(z, me(x, &), &) + V(fele, (2, &), &) (18)
and  m(z,&) € M (2,€). (19)

Proof Let Sy : dom(Mtf ) = R? be the correspondence defined by:

St(x,w) := arg min g;(z, u, w). (20)

where g¢(x, u, w;) = ci(x, u, we) + V(fi(z,u,wy)) + (SMtf(I’wt)(U). Consider (2", w™),, C dom(S;) a con-
vergent sequence such that lim2" = z and limw™ = w, firstly we want to prove that lim Sy(z", w™) =
Si(z,w). Let G be the function defined by u € R? — ci(z”, u, w™) + V(fi (2™, u,w™)), then (G}), is
a sequence of finite convex functions which converges pointwise to Gt(u) := ct(x, u, w) + V(fe(x, u, w)).
By virtue of [13, Theorem 7.17] we have both that G} 5 G, and converges uniformly on every compact
subsets of RP. Since G is continuous then [13, Theorem 7.14] yields that G} converges continuously to G.
Since M/ is a continuous correspondence then by [13, Proposition 7.4 (f)] we have 50
and by [13, Theorem 7.46] we deduce that g} +(5Mtf($n,wn)
the convergence of the associated sequence of minimizers, we deduce using the uniqueness of these mini-
mizers that u™ € Sy(2™,w™) converges to u € S¢(z,w). The latter result means that the correspondence
St is inner semicontinuous. The Michael Theorem (see [13, Theorem 5.58]), asserts that whenever S; is
inner semicontinuous on dom(S;) as well as closed-convex-valued and that dom(S;) is closed, which turns
out to be the case, then S; possesses a continuous selection. This implies that there exists a continuous
function m; such that m;(x,w;) minimizes g;(z, -, w;) whenever arg min g;(z, -, w;) # 0.

M (@ wm) T MY (2w
5 G+ 6Mtf($7w). Then epi-convergence entails

The Proposition 5 asserts that the sequence V;* converges pointwise to Vtﬁ on dom(V;*). Nonetheless,
despite this result, we know little about the policies behavior so far. Let gF be defined by:

gb (e, w) = col,u,w) + VA (ol w,w)) + Sy 0 (), (21)

We have clearly the following relation:
LV (@) = E [mingf (@,u0,6)] (22)

By virtue of Proposition 8 we know that there exists a policy 7f which depends continuously of (z,w)
and such that min, ¥ (x,u, w;) = gF (z, 7F (z,w;), w;). We shall show the epi-convergence of the sequence
gf(m, -,w) and the pointwise convergence of the associated sequence of minimizers ﬂf.

Remark 5 The sequence (gF(x,-,w))ren is a sequence of random functionals and we want to studied
its convergence. This issue has been studied by Robinson (see [11, Proposition 2.4]) which stresses the
necessity for the effective domain of g¥(z,-,w) denoted dom(gF)(x, w) to be almost surely constant. Indeed
the effective domain is both a function the sample of W = (WO ..., WP¥ ...) € A and of the iteration
index k. This assumption clearly holds true in our problem formulation since dom(gF)(z,w) is merely
Mtf (z,w). This requirement cannot be dropped whether we want to ensure the almost sure convergence of
the sequence of minimizers.

Proposition 9 The sequence gF(z,-,w) epi-converges to gf(x,-,w) the latter function being lsc and
proper. The function gF(x,-,w) (resp. gf(m, - w)) has an unique minimizer, let’s denote it ¥ (x, w) (resp.
7 (x,-,w)), then 7k (x,w) converges pointwise to 7+ (z,w).

Proof The sequence gF(z,-,w) is nondecreasing then [13, Proposition 7.4, (d)] asserts that gF(x,-, w)
epi-converges to sup,ey gf (2, -, w). By Proposition 5 we have Vi) = supgey V¥ (2) if z € dom(V}"),
then:

Vu e M (z,w), supgf(z,u,w) = ;(w,u,w) + sup VF(fulw, u,w)) = co(@, u,w) + VE(fi(z,u,w)) (23)
keN keN



Call ¢! (z,u,w) := ¢;(z,u,w) + VF(filz, u,w)) + Oprf (2,0 (1) then gF(z, - w) S gi(x,-,w). Due to the

strict convexity of ¢;(x, -, w) we have clearly that gF(x, -, w) (resp. gg (z,-,w)) possesses a unique minimizer

7* (2, w) (resp. mf(z,w)) for (z,w) € dom(M/). Since Epi-convergence entails also the convergence of

minimizers then 7% (2, w) converges to 7} (x,w) the unique minimizer of g} (z, -, w) for (z,w) € dom(M;).
VE — Vtti . is evaluated
T

with respect to a norm depending of the current policy 7F, whereas we want to come up with a common

norm reference along iterations in order to evaluate the convergence of the algorithm. Let uf := fo b
t

The main drawback with Proposition 6 arises from the fact the error term ‘

k
be the probability distribution of X, *, the state variable governed by the policy 7F, we shall show
it converges in distribution to the probability distribution ,uﬁ = the latter distribution being
X

t
the optimal distribution of the state variable. We have already proved the pointwise convergence of the
sequence 7F, we are ready to state the convergence of the probability distributions of the random variables
X7
k

k #
Proposition 10 The sequence X[* (X,° := x¢) converges in distribution to X" (X,° = 0).

Proof We reason by induction, let “ H(t) < (ux”? = U Wg)” be the induction hypothesis. Clearly the
X

t t

statement holds true for ¢ = 0 since B b is the Dirac measure in xo for each k. We assume now H(t)
0

hods true, let ¢ be a bounded continuous function (see [4, Theorem 25.8]) then, the continuity of mF

given by Proposition 8 yields:
(z,w) € dom(M{) = @(fi(x, 7} (z,w),w)) and (z,w) € dom(M{) = @(fy(x, 7} (z,w),w))  (24)
are continuous and converge pointwise:
Jim (filw, 7 (2, w), w) = (file, i} (@, w), w)) (25)
We denote supp(W;) the support of W; which turns out to be bounded since W; € L (2, F;R9) then,
K := dom(Mj) is a compact set and:
e,k @), w) = p(fola @ w)w) | =0 (26)

Since pk = uf then:

lim gD(lL'),LL wk (diﬂ) = lim go(f(x,wf(:c,w),w))u =k @ P, (dac,dw),
k—o0 XHSFI k—o0 X, t )

= lim (go(f(l‘,ﬂ'f(.%‘,w), w)) — W(ft(xvﬂ—g(wi)’w))) MXW}? ® pw, (dx, dw)+

k—o0

lim @(ft('rﬂrg('raw)vw))/’&)(wf ®NW¢ (dm,dw),

k—o0

— [ el _; (o).

t+1

Remark 6 The result of the latter proposition can be read also:
ok .
i (717 | 74) = o7 (27)
because of the following equality holds:

T my ™y
E (so(Xtﬁ )| f’“) —E ((fi(XTF mf (XT0 W), W) | )

:/(,O(ft(xt,Wf(l‘t,’U)t),U)t)),UzXﬂ.ic ®th(dl‘t,dwt)



Corollary 1 Assume Assumption 3 holds true, then for each t we have V;ﬂ = Ft(VtﬁH) ,ug a.s. on
dom(V}).

k
Proof Since X[t € dom(V}?) a.s. we have:

|-, = [ vk (28)
L dom(th)
< —VF 29
- ‘ ¢ dom(Vtu) ( )
dom(vly = 0 hence limg_, o H(Vtﬁ — Vtk)Hﬂf:O and by
Proposition 6:
. k
Jim [|(vF - 13 v;mH o= ([ = B ) =0 (30)
Let 1t (z) == |Vi(z) — Ft(vt';l)(x)‘ and hy(z ‘Vt FT(VM)(QC)( then:
va € dom(VY), |(hf — LVE)@)| - Vi@ - nvio@||, 6y
< \rt V(@) = T(VE)(@)]. (32)
Applying Proposition 4 with V' = V}* |,V = V!, then:
Vo € dom(VY), LV @)~ LV @) < ||nvh) - LD |, (33)
< |V, -V} . 34
< v = Ve (34)
Therefore:
k ko #
Hht ht”dom(vj) < HVt—H Vt+1 dom(V. +1) (35)
Moreover:
O R e B 0 oy B A ) (36)
dom(Vtu) dom(Vtﬁ) dom(Vtu) dom(Vtu)
By Jensen inequality:
J A B T - L I R X et (37)
dom(Vﬁ) dom(Vtu) t dom(Vtﬁ)
Since p = 4f and V¥ converges uniformly to Vi on dom(V}?) we deduce that:
Jm [V - k| = [vi-neia| =0 (38)
t
Then Vil vty = Te(VE D) Tygmesy — i @:s..

We are ready to state our main result.

Theorem 1 Assume Assumption 1 holds true, then the sequence (VF)pen converges pointwise to Vtﬁ
on dom(V;*). Furthermore for each t the sequence g¥(x,-,w) epi-converges to gf(x, -, w) and the associ-
ated sequence of minimizers mF converges pointwise to the minimizer of gt( w). The corresponding

distribution [t i COMVETGES i distribution to the distribution [t and V = Ft(VtH) on dom (V).
t

Proof The convergence to Vtti is given by Proposition 5. By Proposition 9 we obtain the pointwise conver-
gence of (7F(z, w))gen to 7 (z,w) which in turn gives the convergence of (1F)pen to ! in distribution.
The Corollary 1 gives the desired statement.



5 Conclusion

The results of convergence obtained are not based on any finite representation of the random variables
invoked in the problem formulation. The Proposition 10 states the convergence to a steady state distribu-
tion of the state variable along iterations of the algorithm. The steady state distribution turns out to be
the optimal distribution of the state variable. This result highlights the ability of the SDDP-RIMA algo-
rithm to visit the trajectories of the state space taking into account the optimal probability distribution of
the state variable. Throughout the paper we have not assumed any linearity assumption, nevertheless the
second requirement of Assumption 3 can be dropped if the problem is linear and the random variables are
discretes. We have assumed that all function invoked in our formulation are continuous with respect to
the random variables, this requirement can be dropped to if the underlying probability space is discrete.
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