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A Dynamic Programing Approach to Evaluating Multivariate Gaussian
Probabilities

Morgan Jones, Matthew M. Peet

Abstract— We propose a method of approximating multivari-
ate Gaussian probabilities using dynamic programming. We
show that solving the optimization problem associated with a
class of discrete-time finite horizon Markov decision processes
with non-Lipschitz cost functions is equivalent to integrating a
Gaussian functions over polytopes. An approximation scheme
for this class of MDP’s is proposed and explicit error bounds
under the supremum norm for the optimal cost to go functions
are derived.

I. INTRODUCTION

Integration of a Gaussian function over a polytope is a
central computational bottleneck in several control and op-
timization problems, including machine learning [1], chance
constrained optimization [2], [3], [4], and statistical model-
ing [5]. While this problem is known to be a computationally
challenging problem [6], in this paper, we show that it
can be reformulated as an optimization problem associated
with a Markov Decision Process (MDP). Next, we show
that MDPs of this form can be uniformly approximated by
MDPs with countable state space. Finally, we show that this
sequence of approximated MDPs can be efficiently solved
using a variation of Belman’s equation. The solution is then
demonstrated in several numerical examples.

Many methods for integrating a Gaussian function over a
polytope have emerged in the literature. Genz [7] represents
the state of the art, where the algorithm makes a series of
transformations to reduce integration over a hyper-rectangle
to integration over a unit cube. Here lattice point numerical
integration can be used and explicit error bounds can be
achieved. However Genz only looks at the specific case
where the integration is over a rectangle. Several other
algorithms of Gaussian integration over rectangles can be
found in [8]. Another approach is to use bounding methods
where the polytope is inner approximated by closed and
bounded sectors such as in [9], but no error bound can
be found here. A common approach is to use expectation
propagation but as seen in [6] this method performs badly
on anything that is more complicated than a rectangular inte-
gration region. An alternative method is to use probabilistic
methods where confidence intervals can be provided instead
of error bounds [10]. In this paper we propose an integration
algorithm over a possibly non-compact general polytope with
explicit error bounds.
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In Section III we show the equivalence of solving the
optimization problem associated with a class of MDP’s
and evaluating Gaussian probabilities. MDP’s describe the
mathematical framework for modeling discrete time evolving
processes involving a decision making situation coupled
with partly random outcomes. Each MDP has an associated
optimization problem of picking the sequence of decisions
that minimizes the total expected cost of the process. MDP’s
appear in a vast number of fields such as economics, com-
puter science, engineering etc; an in depth list of application
of MDP’s can be found in the survey [11].

MDP’s are commonly solved using dynamic programing
(DP) [12]. Unfortunately in practice it is rare to be able find
an analytical solution to Bellman’s equation and thus the
problem must be solved numerically, see [13] as an example.
In this paper we are interested in MDP’s where the state and
control spaces can be uncountable (for example [0,1]). In
these cases for an algorithm to solve the problem it becomes
necessary to approximate the MDP by discretization; that is
we replace the state and control spaces with a countable set.
One hopes there is sufficient continuity in the original MDP
such that as the discretization sharpness increases a solution
can be found arbitrarily close to the true solution.

In the literature there has been much work done on deriv-
ing error bounds for discretization approximations of MDP’s
with compact control and state spaces and Lipschitz cost
functions [14], [15]. However in many practical problems
the state dynamics are of the form x(¢ + 1) = Ax(r) + Be(r)
where € ~ .47(0,1), inducing the non-compact state space
of x € R". A major contribution was made in [16] where
a discretization scheme was proposed and error bounds
were proved for a general class of MDP’s with locally
compact state and control spaces. In this paper we modify
and extend the work of [16] to the case when the terminal
cost function of the MDP is non-Lipschitz. The discretization
scheme we propose is to first approximate the cost function
by a Lipschitz continuous function and then to use the
discretization scheme from [16].

The rest of this paper is organized as follows. In section
IIT we show the relation of MDP’s and integrating Gaussian
random variables over polytopes. In section IV we introduce
the class of MDP’s we are interested in approximating. In
Section V we show how to approximate this class of MDP’s.
In Section VI we present our numerical results and in VII
we finish with our conclusion.
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II. NOTATION

For a matrix A € R™" we denote the j’th column of A by
A.J = [61171‘, e 7am,j]T.

For A € R™*" we define ||A||max= max{|a; ;| }.

We define the power set of a set S to be the set of all
subsets denoted by SY:={U :U C S}.

For T € N we denote the set [T] = {0,...,T}.

We define the positive scalars as Rt :={x € R : x > 0}.

For functions f; : X — R and f> : X — R we denote fj(x)V
f2(x) := max{fi (x), f2(x)}.

We denote the Hausdorff metric space in R” as D" with
metric dy, which is the set of non-empty subsets of R” where
if X,Y € D", then dy(X,Y) = max{supg,cxyinfycyy|lx —
|2, 8upgyeyyinfpexy|lx = yll2}-

The function f:R" — R™ is said to be Lipschitz contin-
uous if there exists L > 0 such that :

[1f Ger) = f(xe2)[[2< Ll b1 — %2l

For a Lipschitz continuous function f:R" — R™, we denote
by Ly the smallest constant L such that Equation (1) holds.
For bounded function on X, we denote the infinity norm
as [|Al := sup,cy |h(x)|
For a given weighting function w : R" — R, we also
define the weighted infinity norm ||v||,,:= sup,cpn{ 2l }and

for all x;,x, € X (1)

v
wx
v e L,(X) to be the space of Lipschitz continuous fl(lI)ICtiOIIS
with finite ||v||y.

We denote #(X) to be the Borel sigma algebra of some
set X.

Consider a probability space (Q,.% P). Wesay Z: Q — R
is a real valued random variable if it is a .#-measurable
function. For any B € # we denote the law of Z by
Pz(B) :=P({w:Z(w) € B}). For a Borel measurable function
g :R — R we define the expectation as Ez[g(Z)] := [ gdPz.
Furthermore we say Z ~ A4 (i,X), g € R” and X € R™" if
Pz(B) = [p¢(x)dx where ¢ : R" — [0,1] is given by ¢(x) =

1 Ty—1
- =) TE N x—p) ).
ety exp(z(x 0 ()
For any subset X C Z, we define the indicator function
1x:Z—{0,1} as

ifxeX
otherwise.

In Section V, we will make use of a parameterized
smoothed indicator function gj ,(x) : R™ — [0, 1] which is
defined for any b € R” and A > 0 as g ,(x) := IT"  gi(x)
where '

1

1, i x<bi- o

o 1

i) = A(wi—by), it bi— 5 <x <b @
0, if by <x;.

Associated with gy 5, we define the region of smoothing
Z CR" as

‘%X,b = {X eR": gl,b(x) 7& ]}'{XGR" 1 x<b} ()C)}

Suppose (X, D) is a compact metric space. We say the set
g = {x1,...,x,} is an B-partition of X if:
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o There exists disjoint subsets, Xi,...,X,, of X such that
UL X;=X and x; € X; for i € {1,...,n}.
e D(x,x;) < for all x € X;.
Furthermore given a partition I'g = {x1,...,x, } of some space
X, we define PX.Ty X —Tpas PX.Ty (x) =x; for every x € X;.

III. MULTI-VARIABLE GAUSSIAN INTEGRATION OVER
POLYTOPES CAN BE WRITTEN AS A DYNAMIC
PROGRAMING PROBLEM

Our aim is to compute:
P,(Z € ) :/ 0 (x)dx
xeP

Where Z ~ A (U,2), LER", ZER" P ={xeR": Ax <
b}, A€ R™" and b € R™.

Remark 1: For any ¥ > 0, there exists an invertible C €
R™" such that ¥ = CCT and under the transformation N =
C ' (Z—u)wesee N~ A (0,I). Thus Pz(Z € 2)=Py(N €
P where ' = {x e R":ACx<b—Au} ={xeR":A'x <
b'}. Therefore without loss of generality we can assume U =
0 and X =1 for the rest of this paper.

Lemma 1: For every polytope & C R" there exists A €
R™" and b € R™ such that & = {x € R" : Ax < b} with
ain #Z0Vie{l,...,m}.

Proof: Since & is a polytope there exists some A’ €
R™" and b' € R™ such that &2 = {x € R" : A’x < b'}.
Now A'x < b <= TA'x < Tb' for any elementwise-
nonnegative invertible 7 € R™*”, WLOG we assume there
is at least one nonnegative element in the last column of
A’ (otherwise we can restrict the space to R"~!) and by
relabeling coordinates we assume a,,,, # 0. Consider the

3)

D00 ATl
0 3 0 [|A" lmax /| @,
matrix 7 = . : . Clearly
0 0 % A" [ max /@, |
0 0 0 HA/HmaX/|afn,n|

T has all nonnegative elements and is invertible as all of its
columns are independent. It follows &2 = {x e R" : TA'x <
Th'} where TA', = (552 + sign(ampn)[|A || max, -, 252 +
sign(amn)||A||max, ign(@m.n)||A||max])” Which clearly has no

nonzero elements since ||A’||max> ai, for 1 <i<m. [ ]
We consider the Dynamic Programing (DP) problem:
J=Exq{l<py(xr)} Subject to: 4)
Xigp1 =Xig+ain & te[T—1], ie{l,.,m}
xi0o=0 ie{l,..m}
&~ N(0,1) te[T—1]

Proposition 1: The objective function, J, defined in (4) is
equal to [, ¢ (x)dx, where & = {x € RT : Ax < b} and
A= {a[J} S RmXT.

Proof: Let us denote x;, = (X14,...,%m,)” . From the
second line in (4) we see x;y1 = x; +A.;11&. Thus:

xr=xy-1tA rér1=xr 2+A 1 1&r 2+A 1611
= AA_’1 &+ ... +A.,T8T_1 =Az
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Where z = (&, ....,&r—1) and thus z ~ A4(0,Irx7). Now
considering the objective function in (2):

J=Eq 1y (or) =Elgpy(2) =P (Az< b) = /xe ,

¢ (x)dx

[
Proposition 1 shows that computing integrals of Gaussian
functions over polytopes is equivalent to solving a DP
problem. Later we will discuss how to find an approximate

solution to DP problems of the form (4).

IV. MARKOV DECISION PROCESSES

In this section state the properties of the class of MDP’s
we are interested in.

A. Markov Decision Processes

In this chapter we follow closely the notation and defini-
tions of [17].

Definition 1: We say . is a finite time horizon Markov
Decision Process (MDP) if it is a six tuple .#
(({X: }ren, X), 2, W, {Os }1en, (¢, h),T) such that the follow-
ing hold,

e X is a locally compact Borel space, with metric dy,
representing the state space. {X;};en is a family of
locally compact Borel subsets of X representing the state
space at time ?.

o/ is a locally compact Borel space with metric dy
representing the set of admissible inputs.

v is a map X — /¥ such that for each x € X, y(x) is a
measurable subset of .o representing the set of feasible
controls that can be used at state x € X. We suppose
Ki={(x,a):x€X,a€ y(x)} and K= {(x,a) : x €
X,a € y(x)} are measurable subsets of X x «7". (Note
if o/ =0 then we define K =X and K; = X;).

{0 }sen is a family of stochastic kernels. That is, for
B € #(X;+1) the map B — Q(B|x,a) is a probability
measure on (X1, %(X;41)) for all (x,a) € K,, and
(x,a) — Q(B|x,a) is a measurable function on K for
every B € #(X,+1). When o =0, we simplify our no-
tation by Q,(B|x) = Q,(B|x,a). We denote the Lebesgue
integral [ f(v)O:(dy|x,a) := [pf(y)du where p is
the induced measure created by the stochastic kernel,
1(B) = Qi(Blx,a).

c: K — R is a measurable function representing the
cost per stage and & : X — R is a measurable function
representing the terminal cost.

o T € N with T < oo, representing the terminal time step.

Furthermore we denote M to be the set of all finite time
horizon MDP’s.

Definition 2: Consider a MDP M
(({X: hen, X), &, W, {0 }ren, (c,h), T) € M. We define
a policy to be a sequence of maps 7 = {7 },c[7_) such that
X, — o and for all t € [T — 1] m(x) € y(x) Vx € X,. We
denote the space of policies for the MDP .# by IT ,.

Definition 3: For every MDP M
(({X: ten, X), &, W, {Qs }ren, (¢,h), T) € M we can define
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its associated optimization problem, - 4 (xp).

T-1
min G 4 (x0,7) :=E,[ Y c(x,m(x;)) +h(xr)] Given,
rnell 4 =0
]P)x,H (X141 € Blx; = x,a = m(x;)) = Qi(Blx,a), B € «%(XH—I)’

x(O) = X0,

where Gy (xo,7) denotes the expected cost for the policy
nw € I1 , and initial condition xo € X associated with .7 .
Definition 4: Consider a MDP, .# € M. The optimal
total expected cost, G* : Xo — R is defined by G*,(x) =
infzert , Gy (x, ) for x € Xo. We define 7 € I1 4 to be the
optimal policy if G 4 (x,7*) = G*/,(x) for any x € Xj.
Commonly the associated optimization problem for an
MDP is solved using a method called dynamic programing
where Bellman’s equation, which we will define in the next
definition, is recursively solved backwards in time.
Definition 5: For a MDP .# € M we define the optimal
cost to go function (OCTGF) J 4 ; : X — R recursively as:

L1 (x) = h(x) o)
Laso)= inf {e(ra)+ [ Laa()Qdsina)
acy(x) Xi11

xeX, te[T—-1]

Proposition 2: For any MDP .# € M, if J 4,(x) is the
associated OCTGF and G, (x) is the optimal expected cost,
then J 4 o(x) = G*,(x) for all x € Xo. Moreover, for every ¢,
there exists f; : X — o7 such that

Lara0) = el fi )+ [ L )0yl £}

xeXr

Jt then defines the optimal policy as 7" = {fi };cr—1)-

Proof: See [17]. ]
Note (5) can tractably be solved and the infimum attained
for MDP’s with countable state and countol spaces.

Corollary 1: There exists .# € M such that the associated

optimization problem, .Z ,(0), is equivalent to (4).

Proof: We propose an MDP Z
(({XI}IGN7X)5d7wa{Qt}IENa(Cah)’T) e M with an
associated optimization problem equivalent to (4). We
define the elements of .Z as follows,

e X=R"and X, =X for all t € N. (6)
o o/ =0. (7N
o y(x)=0forall xeX. ®)

e We can define the family of stochastic kernels for B €
ZAB(R™) and x € R™,

o0 2
-y
sz/]lx—i—A. ——exp| — )d 9
Qt( |) e B( ,H»ly)m p( ) > y ()
Where A=[A.1,---,A. 7] € R™T as in (4).
e The cost per stage and the terminal cost is,
c(x) =0, h(x) =T (x). (10)
Where b € R™ is from (4).
e The finite time horizon is given to be,
T <o is as defined in Eq. (4). (1n
]
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B. Readily-aproximable MDP’s

Next we introduce similar properties of MDP’s that [16]
approximates, however we allow for discontinuity in the
terminal cost function and require Property 8.

Definition 6: We  say a  six tuple .#
(({X: }ren, X), 7, W, {Qs }ren, (¢, h),T) is an approximable
MDP or .# € A C M if ./ satisfies the following Properties
1-8.

Property 1: X =R™.

Property 2: y(x) is compact for all x € X.

Property 3: The map v : X — o7" is Lipschitz continuous
with respect to the Hausdorff norm. So dy(y(x),y(y)) <
Lydyx(x,y) for some constant Ly, > 0.

Property 4: The cost function, ¢ : K — R, is Lipschitz
continuous on K. The terminal cost function, 4 : X — R,
can be written in the form h(x) = hj(x) + ha(x) where hy
is a Lipschitz continuous and A, is of the form hy(x) =

<b
? ! Ex; *=" Where b€ X and f1 and f; are bounded
20X

x>b

and Lipschitz continuous (we note h; is not necessarily
bounded). Furthermore there exists a positive lower semi-
continuous function w: X — R and a positive constant ¢ > 0
such that

[ (x) |+ A2l sup |e(x,a)[< Ew(x).
acy(x)
Before we proceed to Property 5 we will introduce some
additional notation. Given a function v: X — R and an MDP
% = (({XI}IENaX)v'%? w» {Qt}I€N7 (C,h), T) S M7 we deﬁne
CV/,// :K; — R by,

Gl )= |

Xit1

12)

v(y)O: (dyl|x,a). (13)
We note for the MDP with tuple elements defined (6) to (11)
we have {7 (x) = [pv(x+A.1w)¢(w)dw for x € R™,

Property 5: There exists w satisfying (12) such that
&:” (x,a) is upper continuous on K,. In addition there exists
d > 0 such that C;Z{(x,a) <dw(x) for all (x,a) € K.

Property 6: For every bounded and continuous function v
on X, the MDP ./ has the property that the induced function
CV/,// is continuous on K for each r € N .

Property 7: There exists a constant Ly > 0 such that Vr €
N, (x,a) and (y,b) in K, and for any Lipschitz continuous
function v : X — R with Lipschitz constant L, > 0:

16 (e.a) = G (7,b)] < LyLuldx (x,) +da(a,b)]

Property 8: Consider w: X — R and b € R™ as in Property
4, then for all 8 > 0 there exists an A € R such that,
SUPxex uey(x) fye%”l,b w(y)Qr—1(dy|x,u)|< 6 for all 1 > A.
Next we will prove a Lemma showing the MDP associated
with tuple elements defined (6) to (11) has Property 8. Then
in the next proposition we will show the MDP is in A.

Lemma 2: Consider the stochastic kernel, of the MDP
with tuple elements (6) to (11),

exp <

2

y>dy

V2r

0Bl = [ n(x+A.iy) :
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Where B€ Z(R™), beR™, x € R™ and A € R™ T then for
all A > 0 we have,

m
su Or_1(dylx)| < — .
o /ye%“ (@] )| min; <i<pm{|air|}A

Proof: By Lemma 1 we have a;7 # 0 Vi € {1,..,m}.
For some x € R™ and A > 0 we have,

/  Or-a1(dylx) =Pe,_ (x+A.rer-1 € %3 )
Y b

1
Pe, <Ul<i<m {xi+ai,T€T1 € (bi— ;L,bi)}>
ua 1
ZPST—I (ST—I S Xi, b; —x,-)) .
i=1

i
Where e7_1 ~ .47(0,1). For i € {1,...,m} let us consider the
function f; : R — [0, 1] deﬁnedlby,

(14)

5)

1
b
air (

IN

1
f,(x) :P£T71 Er—1 € air (b,'—l—x,b,-—x))
= Z’? —L ex —_Wz dw
= h,-—%—x T p 5 .
a7

It can be shown x* = b; — ﬁ is the point at which f; attains
its maximum. Now,

S 2 S
2a; A 1 —W 2a; A
fi(x®) :/ ‘ exp <> dw < / T dw
*2ai}T1 vV2r 2 72“i,]T7L
1 1

— < )
laiT|A — minj<j<plair|A

Now by substituting this into (15) we derive (14). |
Proposition 3: Let us denote the MDP with tuple ele-
ments defined (6) to (11) by .#, then .Z € A.
Proof: To show # € A we will show .# satisfies
Properties 1-8.
Property 1: True since X = R™.
Properties 2 and 3: @ is compact and y(x) =0 Vx € X,
moreover it follows dy (y(x), y(y)) =0 for all x,y € X.
1 x<b

0 x>b

Property 4: ¢(x,a) =0, hj(x) =0 and hy(x) =

We can trivially select w(x) =1 in this case.

Property 5: The probability measure of the entire state space
5 1. G (o) = Jx Oildylx,a) = 1 = w(x).

Property 6: Consider continuous and bounded function
v:R" — Rzand let C = ||v||w. Let us denote ¢(u) =
\/% exp | —
rem (DCT) to show &7 (x) = [, cgm v(3) Qi (dylx) = [ v(x+
Aiu)@(u)du is continuous with respect to x. Suppose
lim,, 0o x, = x and let g, (u) = v(x, + A 1u)@(u). Since v is
continuous clearly lim, e gy = g = v(x+Ary1u)9 (). Now
gn(t) <sup,|v(x+A;11u)|¢(u) <Co(u). Thus g,(u) is dom-
inated by some integrable function C¢(u) ([|C¢(u)|du =
C < =) and tends point-wise to g(u). It follows by DCT
limy 0 [ gn(u)du = [ g(u)du, showing ;¥ (x) is continuous.
Property 7: We will show L, = 1. Suppose v is a Lipschitz

. We can use Dominated Convergence Theo-
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continuous function.
&l (x,a) = &7 (v,b)

- ‘/Z Px+Ap1w) —v(y+ A 1iw)]o (w)dw

<L [ Joret Aw) = G+ Aaw)] 6 (w)dw
= Lv|x _y|
Property 8: The result follows from Lemma 2. [ ]

V. APPROXIMATING MDP’s

Given .# € A our approximation scheme has two stages;
smoothing and discretization. During the smoothing stage the
terminal cost function of the MDP is approximated with a
Lipschitz continuous function. During the discretization stage
the state and control spaces are approximated with compact
spaces and then further approximated to countable sets.

A. Smoothing

For any MDP .# € A we will show how to use the
function g, ,(x) (2) to construct a sequence of MDP’s with
smooth terminal cost function and OCTGF’s that converge
to the OCTGF of .# under the supremum norm.

Definition 7: Consider an approximable MDP
M= (({Xl}tef\hx)vﬂvW?{QT}IGNa(c7h)7T) € A By

Property 4 we can write h(x) = hy(x) 4 ha(x) where 5y
<b

is Lipschitz continuous and hy(x) = fix) =9
fa(x) x>b

Let us define the smoothed function fz;L (x;b; M) =
fi®)gp(x) + LE( - gip(x). We call the MDP
My = (({Xihen.X), o W, {Orten, (¢;h1 + 1y),T) the
A-smoothed MDP of .#. Furthermore we define the map
@) AxXRY = A by @ (A0 =M.

Next we will show that the terminal cost function of the
A-smoothed MDP is Lipschitz continuous.

Corollary 2: The function h; : X — R defined by
h(x:b, ) = fi(x)gap(x) + f2(x)(1 — gap(x)), where fi
and f> are any bounded Lipschitz functions, is Lips-
chitz continuous with Lipschitz constant L, = [Lys, + L, +
2Ammax{||fi||s,||f2]]«}]. Where m=dim(X).

Remark 2: The image of the map ®; is a subset of A.
Furthermore for any .# € A and A > 0 there exists a function
w:X — R such that both .# and ¢;(.#,A) satisfy Property
4 using w.

In the next lemma we will give the Lipschitz properties
of the OCTGF of a A-smoothed MDP.

Lemma 3: For some A > 0 consider the OCTGF’s J; and
J; of the MDP’s .# € A and .# = ®(.#,2) respectively.
Then ||J;||,y< e and J; € L,,(X), where w: X — R is as in
Property 4 for .# . Furthermore,

th =[L. +LquHlHl +LW] (16)
LjT = Lill + L.
Proof: See Lemma 2.5 in [16]. |

Corollary 3: Consider the OCTGF, J;, of a MDP .Z =
@ (A ,A) for some .# € A. Then its Lipschitz constant,
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L,; > 0 satisfies,
Lj, = (Lq[U+ Ly))T (L, +Lg, + 22mmax{|[fil e, | fal e} +Ln] +
Le[1+ Ly Y (L1 + Ly )Y vee[T).

The next Proposition proves that the OCTGF for a A-
smoothed MDP converges to the OCTGF of its correspond-
ing approximable MDP under the supremum norm as A — oo,

Proposition 4: Consider an MDP M =
(({Xt}IENaX)wQ{aw;{Qt}IENv(c7h)7T) S A - and
its corresponding A-smoothed MDP M =

(({XY}IEvi)aﬂaIIIa{Ql}tGN;(Cahl + hﬂ,);T) - q)l(%al)
with OCTGF’s denoted by J;(x) and J;(x) respectively.
Then for 6 > 0 there exists A € R and w: X — R
such that ||J;||w< oo, J; € L,,(X) and for all A > A we
have sup,cx |Ji(x) = J(x)| < (IJr|lw+|rllw) 6 for any
te[T—1].

Proof: Consider w:X — R as in Property 4 of .# then
by Lemma 3 ||J;||w< oo, J; € L,,(X). For # € [T — 1] using
Bellman’s equation (5) we have,

’ft—l(x) —Jt—l(x)|

<| inf sup
UEY(X) gey(x)

amn

[ F0)0 (yle) = [ K00 (dylra)
JXr JXr

)

+ | inf sup |c(x,u) —c(x,a)|V inf sup |c(x,u)—c(x,a)l|
UEY(X) e y(x) acy(x) ucy(x)

V inf sup
acy(x) yey(x)

[ e idlxn = [ 500 @ixa)
Xr Xr

We now proceed by downward induction starting at ¢ =
T —1. Let 6 >0, by Property 8 of .# 3A > 0 such that
VA > A

w(y)Or—1(dylx,u)| < 0

SUDxeX ucy(x /
uevl ) YEZA B

For A > A we see,

[ Ir00r @l - [ r)er(@la)

<

(18)

M M
G e = G (xa)|

/ Jr(»)0r_1 (dylx,a) / J7(»)0r_1 (dylx,a)
Xr Xr
< Ly(Lpy + Ly, )da(u,a)

+

#| w0k [ s00r @i

< Lyg(Lp, + Ly, )da(u, a) +

/ . Jr(»)Qr—1(dy|x,a)
YERb

+ /}:6%“ Jr(y)0r-1(dylx,a)

Jr(y)Qr—1(dyl|x,a)

Jr(3)0r-1(dylva) - [

YEXT /% b

[
YEXT [Rp b
< Ly(Lp, + Ly, )da(u,a)

F Wt | [ wer-i(@via)
YEXr b

+ /yexr/'% (1 (y) +hy () — ()] Q7—1 (dy|x, a)

< Lg(Lp, +Lg, )da(u,a) + (11Ul lw+Vr[w)6-
Where the triangle inequality is used in the first and
third inequality, Property 7 is used in the second inequality,




MTNS 2018, July 16-20, 2018
HKUST, Hong Kong

Property 4 is used in the fourth inequality and in the fifth
inequality Property 8 and the fact h(y) = hi(y) + i (v)
Vy € X /%), is used.

Also by Property 4 of .#,

le(x,u) — c(x,a)|< Leda(u,a). (19)
Moreover,
inf  sup da(u,a)V inf sup da(u,a) (20)
”EW(x)aew(x) aeW(x)ueu/(x)

= i (W (x), w(x)) = 0.

Thus it follows by substituting t = 7" into (17) and further
using (18), (19) and (20),

sup [ r—1 () =Jr1(x)| < (Ve llw+[17 ||w) 6.
xXe

Now we proceed by downward induction. Assuming the
result to be true for s+ 1, JA such that VA > A we

have supycx [Jo1100) — o100 < (el b+ 1) 6. Now
for A > A,
‘/ ]\+1 Qs d}’|x u / JH—l dy\x a) 2D

;,(x,u>—c;;m<x,a>\+ /X o1 () = o1 0)] Qs (dyix,a)
s+1

< Lol dalu.)+supliar ()~ Fa )] [ Oi(dyea)
ye s+1

< LPLJ}HdA(“va)+(HJTHw+||jTHW)9-

Where the first inequality uses the triangle rule, the second
inequality uses Property 7 and the third inequality uses the
induction hypothesis.

Thus it follows by substituting = s+ 1 into (17) and further
using (21), (19) and (20),

s (x) = Js@)| < (U [lw+[177]]) 0

B. Discretization

In this section we show how to mathematically discretize
a A-smoothed readily-aporximable MDP. We will show the
discretized MDP can be made arbitrarily close to the A-
smoothed MDP.

Definition 8: For any MDP M
(({Xt}teNax)a da v, {Ql}t€N7 (C,h), T) S q)l (AaR+) and
€ >0 we define H .o s @ set of compact subsets of X
where we say {H, },cir) € H 5, if

e H; is a compact subset of X; for all t € [T] and

® SUP(xa)el;_ fX/H, w(y)Qs-1(dylx,a) < a for all t € [T,

where J,_1 = {(x,a) :x € Hi_j,a€ y(x)} and w: X —
R is as in Property 4 for some .# such that .#Z =
P (A ,A) for some A > 0.
Lemma 4: N4 € ®(A,R") and o >0 H ; , #0.
Proof: We note ®1(A,R") is a subset of A and thus
the result of the Lemma follows from Lemma 2.9 [16]. =
Consider « > 0. For some {H},cr € H ;, let us
denote the map @, : XY x ®;(A,RT) — M such

623

that for % = (({Xt}rEN7X)>%>II/7{Qt}lENv(Cah)JT

Dy (Aa R+) we have q)Z({Hf}IG[T] ’ %)
(({Ht}tG[T] aX)7JZ{7 l//7 {Qr}teNv (C,h), T)

Proposition 5: Denote the MDP with tuple elements 1(6)

V2mmax|a; | maxa?

to (11) by . Forany)u>lletocf7\/m (A) g

and consider the family of sets H; := y"; CR"™ where ¥ ; =
[—2y/210g(A),11/2l0g(A)], then {H,},ci7) € Hy, (.1.2).a

Proof: Clearly H, is a compact subset of R™ Vr € [T].

Next using w(x) = 1 that can be used in Property 4 of .#
we show,

) €

sup Qt 1(dylx) < (22)
xeH,
Recalling € ~ .47(0,1),
sup Q;—1(dy|x) = sup Pe(x+A. e ¢ Hy) (23)
x€H,_1 /X /H; X€EH,
< sup {Ps <Ui6{17,.,m} {x,-Jra[T,e >t 210g(l)})

x€H;—,

+Pe (Ui, m {xi+aige < —1y/210g(2)}) |

gZ{

sup Pg (x,-—o—ai,,s >t 210g(/1))

Xi€%-12

+ sup Pe

Xi€Y%-14

We will show,
1

(x,-+ai,,e <t 210g(l))}
)

by considering the cases a > 0, a < 0 and a = 0 separately.
For a > 0,

1

A

lal

Sup PS <x+a£ >t 210g(l)) m

XEY—1,4

sup Pe (x+a8>t 2log(l))
XE€Y—1.4
o B (>21gm> _», (>MW>
XEY—14 a a
1
a exp (_loggl)) < a (l) a* .
2log(A) a 2log(A) \ A

Where the second inequality uses Lemma 5 and the last
inequality follows since we can assume A > 1. The case
a < 0 follows by a similar proof. The case a =0 is trivial,
SUPye, ,, P(x+ag >1y/2log(4)) =0. A similar argument
of considering the different cases of a can show

1
|a| ( 1 ) oz
sup P(x+ae < —1y/2log(A 3 .
xey,gl ( gh) < 2log(A) \ A
(25)
Now, substituting (24) and (25) into (23), we get (22). H

Next we return to a general A-smoothed MDP and approxi-
mate its state and control space’s with a countable set.

Definition 9: Given an approximable MDP
M € A we can define a corresponding MDP
M = (({Hf}tE[T] X)?'Q{allla{Ql}teNv(cah)aT) =

D ({H; }s(r), 1 (4, 1)) for some compact family {H, },¢ 7|
and A > 0. Furthermore given
o Iy is a B-partition of H,.
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o O;(x) is a n-partition of y(x).

o O defined for x € I}, y € Tyy; and a € O;(x) as
0:(y|x,a) == Qt(pl;zil-,l"m (y)|x,a) for r € [T — 1] where
p;1t1+1,1"t+1 (y) is the pre-image of y,

we define the map @3 : RT x R* x Im{®,} — M by M =
¢3(57n’%) if A = (({Ft}te[T]ax)vﬂve)thAv (Cah)’T)'

If y(x) =0 Vx € X we simplify our notation and set 1 = 0.

Definition 10: We define the total approximation map

WA X (R+)3 X (XU)T — M by \P('///7l7ﬁ7n’{Ht}t€[T]) =
O3(B.n, P2({H: }ieir), P1 (A, 1))).
Note (5) can be tractably solved for MDP’s in Im‘Y.

Definition 11: Let J; be the OCTGF of some MDP in

Im{¥} with state space ({I;},c[r),X). For any compact set
H, such that T'; C H, we define the extended OCTGF of J; (x)

as follows: E)=J(pur () xeH,

Next we will state a theorem that gives a bound for error
of the OCTGF’s of the MDP’s in Im{®;} and associated
MDP’s mapped under ®s.

Theorem 1: Consider some .# € A. For some A > 0 sup-
pose J; is the OCTGF of .# = ®(.#,A). For any o, 3,1 >
0 there exists {H; },c[r) € H /.o Such that if we denote J as
the extended OCTGF of W(.#,A,B,n,{H:}cir]) then for
te[T—1],

sup |/ (x) —Jr (x)|< (L +Lj;, ) B (26)
x€HT
sulg) |J: (x) — e ()| <| |+ 1 || wer + (LleLq +Lo)n 27
XEH;

+ sup o1 (0) = e )| +L; B
YEH;

Where the function w: X — R and Lipschitz constant L, are
as in Property 4 and Property 7 of .# respectively.

Moreover in the case where the control space of .Z is
empty we set n =0.

Proof: See Theorem 3.4 in [16].

C. Error Bounds

In this section we will show how Theorem 1 can be
combined with Proposition 4 to show that the OCTGF’s
of an MDP .# € A, and the approximated MDP M =
V(A ,A,B,n,{H:}cir)) are arbitrary close together.

Theorem 2: Consider some MDP .# € A with OCTGF
denoted by J;. For any «, ,1,6 > 0 there exists {H, },c[r) €
Hy7 o and A > 0 such that for all A > A and any ¢ € [T — 1],

i) o
x€H,
T—t

T—t
+1 {Lq ():] Ly, +(Tt)LC> } +B {L,, +L, + ;L,;M}

Where J; and h+ hy,_is the OCTGF and terminal cost func-
tion of ®(.#,A) respectively. J; is the extended OCTGF
of W(A,A,B,n,{H:}cir))- The function w:X — R and
constant L, are as in Properties 4 and 7 of .# respectively.
Moreover in the case where the control space of .Z is
empty we set 1 =0.
Proof: By the triangle inequality,

i () = J (01 < W (0) = J (0) [+ (x) = i ()|

T—t

ZHft-‘rin

i=1

sup [J; (x) =S ()| < 8 {17 [+ [} + o

(29)
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We then use Proposition 4 to bound |J;(x) —J;(x)|. Then
we recursively solve (26) and (27) in Theorem 4 to bound
|/;(x) — J;(x)|. Substituting these bounds into (29) the re-
sult (28) follows. |

We now specialize Theorem 2 to the MDP with tuple
elements defined (6) to (11). Since in this specific case the
control space, <7, is empty we can set 11 =0 in Theorem 2.

Corollary 4: Consider the MDP with tuple elements de-
fined (6) to (11) by .#. For any A > 1 and 8 >0 let H, =
[—1y/210g(),11/2log(A)]™ then the extended OCTGEF, J,
of W(A,A,B,0,{H,}c[r)) satisfies,

o 2m
dx — J < — 30
xe,@(P(X) x = o)) < minje(, {|air|} A G0
V2mT max|a;,| 1 w
S (Y™ 4 2mAB(T +1).
)™ 2B (T )

where xo = (0,..,0), Z = {x € R : Ax < b} and A € R™*T
and b € R™.

Proof: By Proposition 3 .# € A, thus .4 is well
defined. Let us denote the OCTGF of the MDP’s .# and
M = ®(.#,A) by J, and J,. By Proposition 1 Jo(xo) =
Jxe 9 (x)dx. Using Corollary 3 and Corollary 2 L; and L;,
can be calculated. Proposition 5 shows H, € H ; , where

_ \/Emmax|a,->,| (l

V/log(2) 7)

the specific MDP .#, where Lemma 2 is used to select an
appropriate 0; and using induction and (5) it can be shown
[ [w< 1 Ve € [T). [ ]
VI. NUMERICAL RESULTS

We find approximate solutions to the optimization
problem associated with the MDP .# with tuple el-
ements (6) to (11). Our algorithm recursively solves
(5) for the MDP W(.#,A,B,0,{H,},c[r)) where H,
[—£4/2log(A),t1/2log(A)]™ and A > 1,8 > 0. For simula-
tions (A, ) were parametrized by n € N; A =/nand f§ = %

Figure 1 shows the results of computing the probability
that a two dimensional Gaussian variable is in the positive
orthant; this can be written as an integral of the form (3)
where A = [1,1]” and b = [0,0]”. Using (30) it can be shown
the error bound for integration over the positive orthant is

J
maxa?

it . Now Theorem 2 can be applied to

E = % + \/nfom, which is of order & (in) The order of

the actual error of the algorithm, when compared to the true
value of 0.5, seems to also be & (ﬁ), indicating our error
bounds are tight in some cases.

In Figure 2 we evaluate an integral of the Form (3)
05 07 1 09
and b = The

2
02 07 05 1 0.5]
horizontal line represents the Monte Carlo approximation of

103 samples. The curved line represents the OCTGEF, fo(O),
of the approximated MDP with tuple elements (6) to (11).
VII. CONCLUSION

where A =

In this paper we showed that given a multivariate Gaus-
sian integral over a polytope it is possible to construct
an MDP such that the solution of the MDP’s associated
optimization problem is equal to the integral. In general this
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class of MDP’s have non-compact uncountable state spaces
and discontinuous terminal cost functions. In this paper we
use Bellman’s equation to solve the associated optimization
problem. However in general there is no analytical solution
to Bellman’s equation for MDP’s of this class and thus an
approximation is required. We proposed an approximation
scheme that maps our class of MDP’s to a much simpler
class of MDP’s with countable state and control spaces.
Moreover we derived bounds on the supremum norm error
of the optimal cost to go functions of the MDP and the
mapped MDP. The main contribution of this paper is thus
a dynamic programing based algorithm for evaluating mul-
tivariate Gaussian integration over polytopes with a priori
error bounds.

Our numerical results presented in section VI are consis-
tent with our error bounds in section V. There are substantial
computational costs to this dynamic programing approach
but using this approach we are able to compute the integral
to any degree of accuracy. This paper links computing
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multivariate Gaussian integration over polytopes to dynamic
programing; a well developed computational technique.
VIII. APPENDIX
Lemma 5: For t >0 Pe(e >1) < %exp(%z) where € ~

A(0,1). _— .
Proof: P, (e > 1) :/ ﬁexp (2) dx
Jt v

Where the second inequality uses the fact that inside the
integral domain x > ¢ and L 1. |
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