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Abstract

The goal of this thesis is to provide efficient and provably convergent numerical methods
for solving partial differential equations (PDEs) coming from impulse control problems
motivated by finance. Impulses, which are controlled jumps in a stochastic process, are
used to model realistic features in financial problems which cannot be captured by ordinary
stochastic controls. In this thesis, we consider two distinct cases of impulse control: one in
which impulses can occur at any time and one in which they occur only at “fixed” (i.e.,
nonrandom and noncontrollable) times.

The first case is used to model features in finance such as fixed transaction costs,
liquidity risk, execution delay, etc. In this case, the corresponding PDEs are Hamilton-
Jacobi-Bellman quasi-variational inequalities (HJBQVIs). Other than in certain special
cases, the numerical schemes that come from the discretization of HIBQVIs take the form
of complicated nonlinear matrix equations also known as Bellman problems. We prove
that a policy iteration algorithm can be used to compute their solutions. In order to do
so, we employ the theory of weakly chained diagonally dominant (w.c.d.d.) matrices. As
a byproduct of our analysis, we obtain some new results regarding a particular family
of Markov decision processes which can be thought of as impulse control problems on a
discrete state space and the relationship between w.c.d.d. matrices and M-matrices. Since
HJBQVIs are nonlocal PDEs, we are unable to directly use the seminal result of Barles
and Souganidis (concerning the convergence of monotone, stable, and consistent numerical
schemes to the viscosity solution) to prove the convergence of our schemes. We address this
issue by extending the work of Barles and Souganidis to nonlocal PDEs in a manner general
enough to apply to HIBQVIs. We apply our schemes to compute the solutions of various
classical problems from finance concerning optimal control of the exchange rate, optimal
consumption with fixed and proportional transaction costs, and guaranteed minimum
withdrawal benefits in variable annuities.

The second case of impulse control, involving impulses occurring at fixed times, is
frequently used in pricing and hedging insurance contracts. In this case, the impulses
correspond to regular anniversaries (e.g., monthly, yearly, etc.) at which the holder of the
contract can perform certain actions (e.g., lapse the contract). The corresponding pricing
equations are a sequence of linear PDEs coupled by nonlinear constraints corresponding to
the impulses. For these problems, our focus is on speeding up the computation associated
with the nonlinear constraints by means of a control reduction. We apply our results to
price guaranteed lifelong withdrawal benefits in variable annuities.
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Chapter 1

Introduction

Financial problems and stochastic processes have a
long, symbiotic history. The first known use of Brown-
ian motion to evaluate stock options appears in Louis
Bachelier’s doctoral thesis, “Théorie de la spécula-
tion”, defended in 1900 [Bac95]. In this document,
Bachelier reasoned that increments of stock prices
should be independent and normally distributed.
Though a rigorous construction of Brownian motion
only appeared in 1923 due to Wiener, Bachelier was
able to (at least intuitively) connect the price of an
option to a heat equation, which he solved using a
Green’s function.

. time

Fig. 1.1: Sample path of process
driven by Brownian motion plotted
alongside its mean

In 1931, Kolmogorov proved that a continuous random process not depending on its
past information (i.e., a Markov process) is wholly characterized by two parameters: the
drift, describing the speed of its deterministic evolution, and the diffusion, describing the
speed of its random evolution [Kol92]. In 1944, It6 introduced a particular class of such
processes described by the stochastic differential equation (SDE) [1t644]

drift diffusion

where B is a Brownian motion. Given a twice differentiable function f, It6 characterized
the rate of change of f(X;) by means of what is now known as Itd’s formula [[t651]:

G = J(X)X+ o (X)X

1



In 1965, Samuelson, having rediscovered the work of Bachelier, published two revo-
lutionary works [Sam65a; Sam65b]. The first gives economic basis for Bachelier’s belief
that prices fluctuate randomly and suggests that discounted future prices should follow a
martingale, laying out the theory of rational option pricing. The second suggests that a
good model for options pricing is geometric Brownian motion (i.e., a(z) = rx and b(x) = ox
in (1.1)). Therein, he also derived prices for European and American options. However,
these ideas only gained widespread popularity when Black and Scholes gave derivations
using [t6’s formula along with replicating portfolio arguments to show that the value of a
European option is obtained by solving the partial differential equation (PDE) [BS73]

1
Vi + 50%2‘/” +raV, —rV =0,

now known as the Black-Scholes PDE. The above is a linear (degenerate) parabolic PDE,
and as such, is well-understood.

As the field of finance matured, there came a need to solve problems more complicated
than European options pricing. As an example, the price of a European option when the
volatility is uncertain but is known to lie within the interval [oyin, Omax] is Obtained by
solving the nonlinear PDE [ALP95; Lyo95]

1
Vi+  sup {2021:2‘/;” +rzV, — T’V} =0. (1.2)

(2SS [Umin 7Umax]

Since nonlinear PDEs do not generally admit smooth solutions, a notion of weak solution
is required to study them. The appropriate notion of weak solution in the setting of finance
(and more generally, optimal control) is that of a viscosity solution, introduced for first
order equations by Crandall and Lions [CL83] and extended to second order equations by
Jensen [Jen88]. Following these works, Barles and Souganidis gave very general criteria for
a numerical method to converge to the viscosity solution of a second order equation [BS91].
This provided a theoretical backing for employing numerical PDE methods to compute
solutions of complicated financial problems such as (1.2). This brings us to the goal of this
thesis: to study numerically one such class of problems, impulse control problems.

1.1  Motivation and contributions

The goal of this thesis is to provide efficient and provably convergent numerical methods
for solving PDEs coming from impulse control problems motivated by finance. Impulse



Fig. 1.2: Sample path of stochastic process with impulses

control problems involve a stochastic process X with dynamics

dXt = Cl(t, Xt, U)t)dt + b(t, Xt, U)t)dBt for ¢ 7£ 51, 52, ce (13&)
Xe, =D&, Xe,—, 20) fort=1, 2,... (1.3b)
where X;_ = limgy X is a limit from the left and 6 = (w; &y, 21; &, 205 .. ) is a so-called

combined stochastic and impulse control. Aside from influencing the process X continuously
via the stochastic control w, the controller is also able to induce jumps in the process by
choosing “intervention times” &, and “impulses” z, (Fig. 1.2). The size and direction of
these jumps is determined by the function I'.

Remark 1.1.1. In this thesis, probabilistic “objects” such as the process X are used only
to motivate, heuristically, several PDE problems (the rigorous link can be established by
various arguments; see the discussion in Section 4.1). As such, we ignore issues related to
the existence of solutions X to the SDE (1.3). Nevertheless, it is understood that B is a
Brownian motion generating the (completed and right-continuous) filtration (F;)iso, w is
progressively measurable, (§,), is an increasing sequence of stopping times, and each z; is
an F¢, measurable random variable.

Our interest in the SDE (1.3) in lieu of the simpler (1.1) lies in its ability to capture
realistic features in financial decision-making including, for example, fixed transaction costs,
liquidity risk, or execution delay. Problems where such features appear include optimal
consumption, optimal portfolio selection, hedging and pricing insurance contracts, and
optimal liquidation [)S02; LMP07; CF08; BP09; KP10; DF14; GL14; Che+16]. Of course,
this list is far from exhaustive.



1.1.1 Hamilton-Jacobi-Bellman quasi-variational inequalities

The general form of an optimal control problem involving impulse control is to maximize,
over all controls ¢, the quantity

J(t,x;0) =E /tT fu, Xy, wy,)du + Z K (&, Xe,—y 20) + 9(X7)

t<Ee<T

X = x} : (1.4)

Here, the terms [ f, > K, and g represent cash flows obtained continuously, from impulses,
and at the terminal time, respectively. Directly computing V (¢, x) = sup, J (¢, z; 0) is not
an easy, nor even feasible, task. As such, we use an equivalent PDE formulation of the
problem which can then be solved via numerical methods.

If we assume that w, and z, take values in the control sets W and Z(&,, X¢,— ) respectively,
then using dynamic programming arguments [Sey(09], we obtain the PDE (restricting our
attention to the case in which X is a one-dimensional process for simplicity)

min {—Vt — sup {;b(-,w)Q%x+a(-,w)Vx—|—f(-,w)} V- MV} =0on [0,7) xD (1.5a)

weW
min {V(T,-) — ¢, V(T,-) = MV(T,-)} =0 on ® (1.5b)
where
MV(t,2) = sup {V(t,T(t,2) + K(t,2, )} (1.6)
2€Z(t,x)

is a so-called “intervention operator” and ® is a closed and connected subset of R determined
by the support of the process X. The PDE (1.5) is called a Hamilton-Jacobi-Bellman
quasi-variational inequality' (HIJBQVT).

We consider three numerical schemes for tackling the HIBQVI (1.5): the direct control,
penalty, and explicit-impulse schemes. The first two schemes require the solution of
complicated nonlinear matrix equations. We can use policy iteration to solve these equations.
However, in the case of the direct control scheme, the corresponding nonlinear matrix
equations involve singular matrices, and as a result, convergence of policy iteration is not
immediate. In our work, we solve the convergence problem by making use of the theory of
weakly chained diagonally dominant (w.c.d.d.) matrices. As a byproduct of our analysis, we
obtain some new results regarding a particular family of Markov decision processes which
can be thought of as impulse control problems on a discrete state space and the relationship

"While the term “inequality” may seem out of place in describing the PDE (1.5), we point out that the
equation min{a, b} = 0 is equivalent to 0 < a L b > 0.

4



between w.c.d.d. matrices and M-matrices. On the other hand, the explicit-impulse scheme
involves solving a linear system at each timestep and hence no policy iteration is necessary.
However, it can only be used when the diffusion coefficient b does not depend on the control
(i.e., b(t,z,w) = b(t,z)) and the time horizon is finite (i.e., T' < c0).

Since our PDEs are nonlinear, we cannot expect to obtain unique smooth solutions.
Rather, we seek wiscosity solutions, the relevant notion of weak solution for optimal control.
The typical method for showing convergence of a numerical scheme to a viscosity solution is
via the classical work of Barles and Souganidis which proves the convergence of a monotone,
stable, and consistent numerical scheme to the unique viscosity solution of a local PDE
satisfying a comparison principle [BS91]. However, the intervention operator M appearing
in the HIBQVT is nonlocal: the value of MV (t, ) depends on the value of V' at points other
than (t,z) (see (1.6)). Therefore, the results of [BS91] do not immediately apply. Instead,
we extend the work of Barles and Souganidis to allow for such nonlocal operators, with
the main feature being the introduction of the notion of nonlocal consistency. We are then
able to prove convergence of our three schemes to the viscosity solution by showing that
they are all monotone, stable, and nonlocally consistent. In order to illustrate convergence
and compare the schemes, we apply them to obtain numerical solutions of various classical
problems from finance.

1.1.2 Example: optimal control of the foreign exchange rate

To make matters concrete, we introduce below an impulse control problem involving a
government interested in controlling the foreign exchange (FEX) rate of its currency (i.e.,
the number of domestic monetary units it takes to buy one foreign monetary unit). This
problem, which will serve as a running example for a majority of the thesis, is perhaps one
of the oldest and simplest financial applications of impulse control [M(©98; CZ99; CZ00].

Example 1.1.2. Consider a government with two ways of influencing the FEX rate of its
own currency:

o At all times, the government picks the domestic interest rate.

e The government picks specific times at which to intervene in the FEX market by
buying or selling foreign currency in large quantities.

Let w; denote the difference between the domestic and foreign interest rate at time
t. Let & < & < -+ < o0 be the times at which the government intervenes in the FEX



market, with corresponding amounts z1, zo, ... A positive value for z, indicates the purchase
of foreign currency at time &y, while a negative value indicates the sale of foreign currency.

Subject to the above, the FEX rate X (in log space) evolves according to

dXt = —,LL/LUtdt—FO'dBt fOTt#gl,é%...
Xe, = Xe,m + 2 fort= 1, 2, ...

where |1 and o are nonnegative constants representing the drift speed and variability of X.

To prevent the domestic government from choosing an arbitrarily large interest rate, we
assume that w; takes values in the set W = [—w™ w™] where w™* > 0. We assume
that z, takes values in R (i.e., no restrictions are imposed on the amounts that the domestic
government can buy or sell in the FEX market).

The government’s objective is to keep X as close as possible to some target rate m.
Letting 0 = (w; &y, 215 &2, 225 .. .) denote a control, the government’s costs are captured by
the objective function (compare with (1./))

T
J(t,x;0) =E —/ e Pu ((Xu—m)2+7wu2) du — Z e 75 (K |z¢] + ¢)

¢ t<&<T

Xt— = CL‘]

where 3 is a nonnegative discount factor. The term (X, — m)? penalizes the government
for straying from the target rate m. The term vyw,?, where v > 0, penalizes the government
for choosing an interest rate that is either too low or too high with respect to the foreign
interest rate. The term k |z| + ¢, where k > 0 and ¢ > 0, captures the fized and proportional
transaction costs paid by the government for intervening in the FEX market.

Standard dynamic programming arguments (cf. [0S05, Example 8.2]) are used to
transform the optimization problem V (t,x) = sup, J(t, z;0) into the equivalent HIBQVI

2
min {—V} — sup {UQVM — pwV, —e ((x —m)* + 7w2)} V- MV} =0on[0,7) xR
weW

min {V/(T,-), V(T,") = MV(T,)} =0 on R (L.7)

where
MV (t,2) =sup {V(t,z + 2) — e ™ (r|2| + )} . (1.8)

zeR
Note that the above is just a special case of the HIBQVI (1.5).



1.1.3 Fixed intervention times

We also consider a type of impulse control problem arising from the pricing and hedging of
insurance contracts. In this context, we restrict impulses in (1.4) to occur at the “fixed”
(i.e., nonrandom and noncontrollable) times &, satisfying

0<& << <& <T.

These intervention times correspond to regular anniversaries (e.g., monthly, yearly, etc.)
on which the holder of the insurance contract can perform certain actions (e.g., lapse
the contract). Away from these times, the holder has no control over the contract. This
corresponds to the functions a and b in (1.3) and f in (1.4) being independent of the control
w. This setting appears in, for example, [BKR08; CVF08; CF08; Bac+11; FV14; HK16;
HZK17]. In this case, a standard dynamic programming argument gives the pricing problem
as finding a function V (¢, z) which satisfies (once again restricting our attention to the case
in which X is a one-dimensional process for simplicity)

Vit z) = —;b(t, DVt ) — alt D)Vt 2) — f(tw)  fort £&r, . & (1.9)
V(t—,llf) :MV(t,ZL') fOI't:gl,...,fL (19b)
V(T,x) = g(x) (1.9¢)

where V (t—,-) = limg, V (s, -) is a limit from the left, M is the intervention operator (1.6),
and it is understood that the equations (1.9a) to (1.9¢) hold at each « in the domain. Under
reasonable conditions discussed in the sequel, problem (1.9) admits a solution V' that is
smooth everywhere except possibly at ¢t = &;,...,&.. As such, viscosity arguments are not
required to ensure convergence of numerical methods for the problem. In this case, we
focus our attention on the numerical discretization of the intervention operator M, as it is
the main computational bottleneck. In particular, since the control set Z(t,x) appearing
in (1.6) is generally infinite, the numerical method needs to resort to a linear search over
a discretization of the control set Z(t,z) to approximate the supremum. Convergence
to a desired tolerance is obtained by refining this discretization. Since the cost of linear
search is proportional to the level of refinement, we identify practical scenarios in which
the refinement step can be skipped while retaining a convergent method.



The main research contributions in this thesis are:

Creating the explicit-impulse scheme and generalizing the direct control and penalty
schemes.

Ensuring that a policy iteration algorithm can be applied to solve the direct control
scheme by using (and contributing to) the theory of w.c.d.d. matrices.

Of the three different schemes — direct control, penalty, and explicit-impulse — we
show that the second and third are the methods of choice for the HIBQVI.

Developing the concept of nonlocal consistency for handling convergence proofs for
nonlocal PDEs and using this to prove the convergence of the three schemes.

Finding sufficient conditions under which impulse control problems with fixed inter-
vention times can be solved without needing to successively refine a discretization of
the control set, resulting in a faster numerical method.

Our results appear in the following articles (in chronological order):

(1)

(2)

(3)

(4)

(5)

P. Azimzadeh and P. A. Forsyth. “The existence of optimal bang-bang controls for
GMxB contracts”. In: SIAM J. Financial Math. 6.1 (2015), pp. 117-139

P. Azimzadeh and P. A. Forsyth. “Weakly chained matrices, policy iteration, and
impulse control”. In: SIAM J. Numer. Anal. 54.3 (2016), pp. 1341-1364

P. Azimzadeh. “A zero-sum stochastic differential game with impulses, precom-
mitment, and unrestricted cost functions”. In: Appl. Math. Optim. (2017). To
appear.

P. Azimzadeh. “A fast and stable test to check if a weakly diagonally dominant
matrix is an M-matrix”. In: arXiv preprint arXiv:1701.06951 (2017)

P. Azimzadeh, E. Bayraktar, and G. Labahn. “Convergence of approximation schemes
for weakly nonlocal second order equations”. In: arXiv preprint arXiv:1705.02922

(2017)



1.2 Outline

This thesis is organized as follows:

e In Chapter 2, we describe three numerical schemes for the HIBQVI: the direct control,
penalty, and explicit-impulse schemes. These schemes are derived using heuristic
arguments, with rigorous proofs of convergence deferred to a later chapter.

e In Chapter 3, we consider solving the nonlinear matrix equations associated with
the direct control and penalty schemes by policy iteration. In the case of the direct
control scheme, the nonlinear matrix equations involve singular matrices, and new
techniques involving w.c.d.d. matrices are introduced to handle this case.

e In Chapter 4, we introduce the notion of nonlocal consistency in order to extend the
results of Barles and Souganidis to viscosity solutions of nonlocal PDEs. We apply
our findings to prove that the schemes of Chapter 2 converge to the viscosity solution
of the HIBQVL

e In Chapter 5, we apply the schemes of Chapter 2 to compute numerical solutions of
three impulse control problems from finance. We use our numerical results to compare
the relative efficiency of the schemes.

e In Chapter 6, we consider the impulse control problem involving fixed (i.e., nonrandom
and noncontrollable) intervention times. We show that computing solutions of such
a problem can often be sped up by skipping the control set refinement step (while
retaining provable convergence) and apply our result to obtain a fast numerical pricer
for a particular insurance contract.

e In Chapter 7, we summarize our findings and discuss possible avenues for future
research.






Chapter 2

Numerical schemes for the HIBQVI

In this chapter, we introduce three “implicit” numerical schemes for HJBQVIs: the direct
control, penalty, and explicit-impulse schemes. By implicit, we mean that each scheme
requires the solution of a nontrivial (and possibly nonlinear) system of equations at each
timestep. Our motivation for considering such schemes is to avoid the usual timestep
restrictions of “explicit” schemes.

To simplify presentation, we restrict our attention to the one dimensional HJIBQVI (1.5),
repeated below for the reader’s convenience:

min {—Vt — sup {1b(~,w)2Vm+a(-,w)%%—f(,w)} ,V — MV} =0on [0,7) xD (1.5a)

weW 2
min{V(T,-) — ¢, V(T,") = MV(T,-)} =0on D (1.5b)
where
MV(t) = sup {V(t,T(t,2)) + K(t,7,2)} (1.6)
z€Z(t,x)

Modifications required to extend the schemes of this chapter to solve HIBQVIs of higher
dimension are discussed in Chapter 4. Chapter 4 also includes the rigorous convergence
arguments used to justify the heuristic derivations in this chapter.
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2.1 Preliminaries

2.1.1 Terminal condition

The terminal condition (1.5b) can be written equivalently as
V(T,-) = max {MV(T,-),g}. (2.1)
Unlike most problems in finance, which involve an explicit terminal condition of the form
V(T,-) =g, (2.1) is an implicit terminal condition: V(T -) appears on both sides of the
equation. For a function g whose only input is the space variable z (i.e., g(z)), define
Mg(z) = sup {g(I(T'z,2)) + K(T' z, 2)}

2€Z(T,x)
(compare with (1.6)). If we assume the pointwise inequality
Mg <y, (2:2)

then V(T,-) = ¢ is a solution of (2.1), returning us to an explicit terminal condi-
tion.Assumption (2.2) has the interpretation that performing an impulse at the final
time 7" never increases the value of the payoff [BC16; BCS17]. This assumption is satisfied
by most reasonable impulse control problems, including those in this thesis.

2.1.2  Numerical grid

Since the terminal condition (2.1) occurs at time ¢ = 7', the numerical method proceeds
“backwards in time” to obtain a solution at time ¢t = 0. Therefore, it is natural to refer to
the procedure which evolves a numerical solution from time ¢ = T" to some earlier time
t =T — At as the first timestep, that which evolves the numerical solution from time
t=T— At tot =T — 2A7 as the second timestep, etc.

In light of this, we denote by V™ ~ V(7" x;) the numerical solution at time 7" = T'—nAT
and point z; in space where 0 < i« < M and A7 = T/N (Fig. 2.1). We denote by
Ve = (Vg ..., Vi)T the numerical solution vector at the n-th timestep. For brevity, we
use the shorthand a'(w) = a(7", z;, w) with b} and f defined similarly.

Example 2.1.1. The HIBQVI (1.7) of Example 1.1.2 is posed on the unbounded set
[0, 7] x R. A numerical grid is obtained by “truncating” this set to a bounded region
[0,T] x [-R, R] and taking {xq, ..., 2z} to be a partition' of the interval [—R, R].

LA partition of an interval [a, ] is understood to be a set of points {xg,. ..,z } satisfying a = zg <
Ty <---<zp =0
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first timestep

second timestep

T —2AT = 72

N-th timestep

Zo x Tg 0 TpM-1 TM

Fig. 2.1: Numerical grid

Following the discussion of the previous section, all schemes in this chapter satisfy

VY = g(z;)

7

corresponding to the terminal condition V(7T,-) = g. Therefore, in describing a scheme, we
specify only the equations required to determine V" for n > 0.

2.1.3 Standard stencils

Unless otherwise specified, we discretize the time derivative V; appearing in (1.5a) by

V(e ) ~ V(" + At ) — V(7" x;) _ V(rtx) — V(" x;) - |- Vl”

AT AT AT

We use D, to denote a three point discretization of the second spatial derivative so that
Ve (T™, ;) &= (DyV™);. Precisely, for each vector U = (Uy, ..., Uy )T, we define

Vi — U - Ui = Ui if0<i<M
(DU); = (Tiy1 — 23) (Tig1 — Ti-1) (Ti — zi1) (Tig1 — Tio1) (2.3)
0 otherwise.

To make matters concrete, we have set (DyU); to be zero at the boundary points xg and zy,
corresponding to the artificial Neumann boundary condition V. (t,zq) = Vi (t,zp) = 0
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(we mention, however, that the techniques in this thesis are not specific to this choice of
boundary condition). Note that when the grid points {x, ...,z } are uniformly spaced
(i.e., ;41 — x; = Ax), (DU); takes the familiar form

Uit1 = 2U; + Uiy

(DU); = (Bo)? if0<i< M.

Similarly, we use Dy to denote forward (4) and backward (—) discretizations of the
first spatial derivative so that V. (7", x;) &~ (D+V™);. In particular,

Yn=Ui o0 icm Uizl ocicm
(DyU); =S Tig1 — ; and (D_U); =4 T; — Ti—1
0 otherwise 0 otherwise.

(2.4)
As usual, to make matters concrete, we have set (D.U); to be zero at the boundary
points g and xj;, corresponding to the artificial Neumann boundary condition V,(t,x¢) =
Vi (t,zpr) = 0. With a slight abuse of notation, we define the “upwind” discretization

al(w)(DyU);  if a(w) >0

. (2.5)
a(w)(D_U); otherwise

a} (w)(DU); = {

which employs a forward difference when the coefficient of the first derivative is positive
and a backward difference otherwise. The choice of upwinding will be useful in the sequel
to ensure the convergence of our schemes.

Remark 2.1.2. [t is often convenient to view Dy (resp. D+) as a matriz mapping each
vector U to the vector DoU (resp. DU ) with entries given by (2.3) (resp. (2.4)).

2.1.4 Intervention operator

The point I'(¢,x, z) appearing in the intervention operator M defined in (1.6) is not
necessarily a point on the numerical grid, hence a discretization of M requires interpolation.
We use interp(V™, x) to denote the value of the numerical solution at (7", z) as approximated
by a standard monotone linear interpolant. That is, for each vector U = (Uy, ..., Uy )T and
point x contained in the grid (i.e., o < z < x)/), we define

interp(U, z) = aUg41 + (1 — a) Uy (2.6)
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U1

interp(U, x)
Uy —4 | |

Tk x Th+1

Fig. 2.2: Linear interpolation

where k is the unique integer satisfying z; < = < xpy and a = (x — zx) /(21 — xk)
(Fig. 2.2). Though we have suppressed this in the notation, the quantities « and k depend
on z. If x is not contained in the grid (i.e., z < xg or & > x)), we define

Uy if
interp(U, x) = 0 )

U M if
so that no extrapolation is performed. We can now discretize the intervention operator
according to

(MpU); = sup {interp(U, (7", 2, 2;)) + K(7", 23, 2;) } (2.7)

Ziezh(7n7xi)

Using the notation above, MV (7", ;) =~ (M, V");.

Since the control set Z(t,x) appearing in (1.6) is not, in general, a finite set, we have
introduced into (2.7) a subset Z"(7", z;) of Z(7", z;) to serve as an approximation of
Z(1t™, x;). We are purposely vague in our use of the term “approximation” (the convergence
proofs of Chapter 4 will require us to attach a rigorous meaning to the term). For the time
being, we assume only that Z”(¢, z) is finite and nonempty. The finitude of Z"(¢, ) ensures
that the supremum in (2.7) can be computed by performing a linear search over finitely
many elements. To make matters concrete, an example is given below.

Example 2.1.3. Recall the intervention operator (1.8) of Example 1.1.2:

MV (t, z) :sup{V(t,w+z) —e P (k|2 —|—c)}. (1.8)

z€R
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The control set Z(t,x) = R is infinite. We take Z"(t,x) = {xg — z,..., 27 — x} s0 that

(MyU); = max {interp(U, T4 z) — e P (k|z| + c)}

zi€{xo—T 5, T —Ti }

= max {interp(U, x;) — e P (K |ay — m] + c)}

0<jsM

— L BT o
—02}?&{(]] e (K |x; x,|—i-c)}.

2.2  The direct control scheme

We are now ready to introduce our first scheme, the direct control scheme. We first introduce
an “auxiliary” control d in order to rewrite (1.5a) without the outer minimum:

sup {(1 iy (Vt b b )2V 4 a( W)V, 4+ f(-,w>) FAMY - V)} — 0.
clon) ’

From this point on, we will use the shorthand d = 1 — d for brevity. To obtain the direct
control scheme, we then replace all operators in the above by their discretized versions (i.e.,
D,, D, M., etc.):

SR VAN I VA |
sup {d; [ ———— 4+ =0 (w2 (DV™)s + al(wy) (DV™); + £ (w;)
die{0,1} AT 2
’LL/z'GWh

+d (M V™), — W)} —0. (2.8)

It is understood that equation (2.8) holds for allm =1,..., N and i =0,..., M.

In (2.8), we have introduced a finite nonempty subset W" of W to serve as an approx-
imation of W, analogously to the approximation of Z(t,x) by Z"(t,z). For example, in
the case of the control set W = [—w™®* w™¥] of Example 1.1.2, we can take W" to be a
partition of W.

The direct control scheme was suggested in [CMS07] to solve a particular problem
involving optimal consumption. In that paper, the authors focused on solving the nonlinear
matrix equations associated with the direct control scheme by policy iteration. No proofs
of convergence (in the viscosity sense) or an implementation are given in that paper.
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2.3 The penalty scheme

In [BL84, Chapter 5, Section 1.6], the authors study the HIBQVI (1.5) in its variational
form. In order to show existence of a solution, they introduce what they refer to as the
“penalized” form of (1.5):

1 1
—V — sup {2b(-,w)2‘/§$—l—a(-, w)V;—i—f(-,w)} — —max {MV -V 0}=00n[0,7) xD
weW €
(2.9a)
VT, )—g=0on2D. (2.9b)
The authors of [BL84] then show, subject to some technical conditions, that the solution V'
of the original HIBQVI (1.5) is the pointwise limit of the solution V¢ of (2.9) as € | 0.

The basic idea behind the penalty scheme is to discretize (2.9a). In particular, we first
rewrite (2.9a) using the auxiliary control d to get, omitting the superscript € in V¢,

1 1
sup {Vt + =b(-, w)* Ve + a(, w)Vy + f(w) + =d (MV — V)} =0.
de{0,1} 2 €

weWw
We then replace all operators by their discretized versions (i.e., Dy, D, M, etc.) to obtain

the penalty scheme:

V;n—l _ ‘/;n 1 " 9 n n n n
SUp 3 + b7 (wi)*(DV")i + @ (wi ) (DV™); + £ (wi)
d;€{0,1} T 2

wiEWh

L (M - V;‘)} =0. (210)

€

It is understood that equation (2.10) holds for alln =1,..., N and : =0,..., M.

An alternate (and perhaps easier) way to motivate the penalty scheme (2.10) is to note
that it is an approximation of the direct control scheme (2.8). In particular, after some
simplification, (2.10) is equivalent to

sup {d7(V,w) + di (Mo V™) = Vi + e (V,wy)) } = 0 (2.11)
(LE{O,I}
w,jEWh
where
n ‘/inil - ‘/1n 1 n 2 n n n n
v (Vowi) = —x, t3bh (wi)*(D2V™)i + ait (wi) (DV™); + fi*(wi). (2.12)
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Aside from the term ey (V,w;) = O(€), (2.8) and (2.11) are identical. Hence, as the positive
parameter € vanishes, we expect the penalty scheme to behave like the direct control scheme.

A penalty scheme was first applied to an HIBQVI in [BFL09]. The authors in [BFLO9]
consider a very specific form for the intervention operator M motivated by the application
problem studied therein. This specific form is exploited in the convergence proofs, which
do not generalize. To the best of our knowledge, the penalty scheme was first considered in
full generality (i.e., with a general form for M) in our own work [AF16; ABL17].

2.4 The infinite horizon (steady state) case

Assume now that the functions a, b, f, Z, I'; and K do not depend on time (i.e., a(t, z,w) =
a(0,z,w), b(t,z,w) = b(0, z,w), etc.). Then, the infinite horizon analogue of (1.5) is given

by

min {ﬁV — sup {;b(O, W)V + a0, -, w)V, + £(0, ~,w)} LV — MV} =0on® (2.13)

weWw
where § > 0 is a positive discount factor. Note that in the above, V' is no longer a function
of time and space but rather a function of space alone (i.e., V' (z)).

Recall that in the context of impulse control, the finite horizon HIBQVI (1.5) was
related to picking a control ¢ to maximize the quantity (1.4). Similarly, the infinite horizon
HJBQVT (2.13) is related to picking a control € to maximize the quantity [Sey09]

Joo(t,z;0) = E

/ e_ﬁuf(u, Xy, wy)du + Z e_ﬁ&K(&, Xe,—y 21)
t

<&y

X = x} . (2.14)

We will see an example of such a problem involving an investor whose goal it is to consume
optimally in a market consisting of a risky investment and bank account in Chapter 5.

Dropping the term corresponding to the discretization of the time derivative and
introducing a term for the discount factor in (2.8), we obtain an extension of the direct
control scheme for the infinite horizon problem:

— 1 - - -
sup {@; (= BV; + 80w 2DaV)s + (@) (DY) + f2(w)) + di (MoV)i = Vi) } =0,
di€{071} 2

wl‘EWh

(2.15)
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In the above, the numerical solution V = (Vp, ..., Va)T is a vector of M + 1 points (one
per grid point z;) since there is no time dependency. It is understood that equation (2.15)
holds for all n = 1,...,N and i = 0,..., M. An identical exercise can be performed to
extend the penalty scheme (2.10) to the infinite horizon case:

1 — — 1 —
sup {—BVi + =02 (w;)*(DoV ) + af (i) (DV); + £ (w;) + =d; ((MOV)i — Vl)} = 0.
d;€{0,1} 2 €
’LUZ'GWh

(2.16)

2.5 The explicit-impulse scheme

The direct control and penalty schemes of the previous sections are versatile in the sense that
they are able to handle both finite and infinite horizon problems with minimal restrictions
on the coefficients of the HIBQVI. However, as we will see later in Chapter 3, the equations
associated with these schemes are nonlinear in V™ and as such, require the use of an
expensive iterative method at each timestep.

If the horizon is finite (i.e., 7" < oo) and the second derivative coefficient does not
depend on the control w (i.e., b(t,x,w) = b(t,x)), then we can produce a scheme whose
associated equations are linear in V", thereby requiring only a single linear system be solved
at each timestep. The idea is to rewrite (1.5a) as

min {— sup {(Vt +a(-,w)V,) + ;b(~)2Vm + f(-,w)} V= MV} =0on (0,7] x ®

weW
(2.17)
and approximate the term V; + a(-,w)V, by
interp(V"™", a; + af (w) A1) = V'
Vi(r™ ) + (e, s w) Vi (77 ) e PV B H G (W)AT) ZVE g g

AT

This approximation can be derived in two ways: by a Lagrangian argument involving
tracing the path of a particle [Che(8, Section 2.3.1], or by a Taylor series (see Section 2.6).
As usual, the second derivative is approximated by D, and the intervention operator by
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M,,. Substituting these approximations into (2.17):

— (int vl g, ) AT) =V 1
ap (7 (B 0000 S L)
d;€{0,1} AT 2
’LUiGWh

+d; (MY = v")} =0

where b = b(7",z;). Note that unlike the previous schemes, we have not used V" but
rather V"~ ! as an argument to the discretized intervention operator M,,, hence the name
“explicit-impulse”. Next, an O(A7) term is added to the equation:

{d (interp(V”l, x; + al(w;,)At) = V"

1 n\2 n n
i Ar + 5(51) (DV")i + f; (wl)>

sup
d; 6{0,1}
wiEWh

+d, ((ann—l)i -V + ;(b?)Q(DQV”)iAT>} =0. (2.19)

After some simplification, we can isolate all V™ terms to one side of the equation, arriving
at the explicit-impulse scheme:

1
V' = S0 (DV")iAr
= sup {dfz (interp(V"‘l, x; + al(w;)AT) + fi"(wi)AT) + di(/\/an”_l),-} . (2.20)
dze{ovl}
wieW"

It is understood that equation (2.20) holds for alln =1,..., N andi=0,..., M. As we
will see below, adding the O(AT) term allows us to express the scheme as a linear system of
equations at each timestep. However, adding this term does not come for free: it introduces
an additional source of discretization error.

Equation (2.20) is the i-th row of the linear system
AVt =y (2.21)
where y is the vector whose i-th component is the right hand side of (2.20):

Y; = sup {dj (mterp(vn_la r; + ai (w;)) AT) + fin(wi)AT) + di(ann_l)i}
die{ovl}
wiGWh
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and A
T . n 7
A=1— 7 dlag((b0)27 R (bM)Q)DQ

For example, if the grid points {xy, ...,z } are uniformly spaced (i.e., x;1; — z; = Ax),
the matrix A simplifies to
0
ae |20 A oy
T —(0g 2 — (02
A=lt 50 ,(2.22)
—(0%-0)? 200-0)7 —(bh-0)”

0

which is strictly diagonally dominant (in fact, A is also strictly diagonally dominant if
the grid is not uniform). Since strict diagonal dominance implies nonsingularity [Var00,
Theorem 1.21], the linear system (2.21) has a unique solution.

Remark 2.5.1. If the coefficient of the second spatial derivative does not depend on time
(i.e., b(t,x) = b(0,x)), then the matriz A does not depend on the timestep n. In this case,
we can speed up computation by factoring (or preconditioning) the matriz A ezxactly once
instead of at each timestep.

The explicit-impulse scheme was first introduced in our own work [AF16].
2.6 Convergence rates

We close this chapter with a study of convergence rates. Doing so will help our understanding
of the convergence rates witnessed in experiments appearing in the sequel.

To simplify notation, we assume temporarily that the grid points {xg,...,zy} are
uniformly spaced (i.e., ;41 — 2; = Ax). Now, let ¢ be a smooth function (of time and
space) and @™ = (p(7", o), ..., (7", xar))T be a vector whose components are obtained by

evaluating ¢(7", ) on the spatial grid. Using Taylor series, it follows that
(D20™)i = Pua(T",2:) + O((Ax)?) and  (Dip™); = @ (7", ;) + O(Ax) if0<i< M

Similarly,”
interp(¢”, z) = (7", ) + O((Az)?). (2.23)

2We are, for the time being, ignoring “overstepping” error that occurs in (2.23) when the point x does
not lie between two grid points. This issue is handled rigorously in the sequel (see, in particular, the text
preceding Lemma 4.3.18 of Chapter 4).
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Assuming I' is a bounded function, it follows from the above that

(Mpe™)i~ sup {interp(¢", (7", x;, 2)) + K (7", 2, 2:) } = Mo(T", ;) + O((A:L‘)Q).

Z €Z(T™,x4)
Moreover, substituting ¢ into the right hand side of (2.18),
interp(¢" !, 2, + a?(w)AT) — p(r", 3,)

AT( (w)AT) — (1", ;) ((A))
:SOTn_l,:UZ-—i—a?w ) — (1™, 2, o (Az)?

AT AT
(Az)?
AT

= (7", ;) + a(7", iy W) (T", ;) + O ( + AT> .

Assuming that the timestep and spatial grid size are of the same order (i.e., A7 = const. h
and Az = const. h), the above approximations suggest that the schemes of this chapter are
all first order accurate. Obtaining higher order accuracy requires a higher order discretization
of, for example, the first order spatial derivative. However, as we will see in Chapter 4,
the use of higher order approximations violates a key requirement known as monotonicity,
which is used to ensure the theoretical convergence of our schemes (nonmonotone schemes
may fail to converge in the viscosity sense; see [Obe06, Section 1.3] for a simple example).
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Chapter 3

Convergence of policy iteration

We saw in Chapter 2 that a numerical solution of the HIBQVI (1.5) can be obtained by
the explicit-impulse scheme if the time horizon is finite and the second derivative coefficient
is independent of the control. If either of these assumptions are violated, then we should
use the direct control or penalty scheme. As we will see in this chapter, solutions of these
schemes are obtained by solving nonlinear matrix equations of the form

find U € RM*! such that sup {—A(P)U +y(P)} =0 (3.1)
pPeP

where A(P) is a real square matrix, y(P) is a real vector, and P is a set.

Problem (3.1) is commonly referred to as a Bellman problem and is usually solved by
one of two procedures. The first is value iteration, which — in the context of numerical
schemes for PDEs — exhibits slow convergence as the grid is refined [FLO7, Section 6.1].
The second is Howard’s policy iteration, which is celebrated for its superlinear convergence
[BMZ09, Section 3]. We consider only the latter. The policy iteration procedure given
in this thesis is our own extension of Howard’s original policy iteration that makes no
assumptions about the compactness of the set P or continuity of the functions A and y
(compare with, e.g., the standard setting in [BMZ09]).

In the case of the penalty scheme, convergence of policy iteration is a consequence of
the strict diagonal dominance of the matrices A(P). The direct control scheme, however,
involves matrices that are singular and as such, more delicate arguments are required to
ensure convergence.

The paper [CMS07] gives sufficient conditions for the convergence of policy iteration as
applied to the direct control scheme. In that paper, the authors consider a more general
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version of the direct control scheme involving nonlinear operators in lieu of matrices. As a
result of this, the sufficient conditions given therein are too conservative to be applied to
the problems appearing in this thesis. In addition, convergence in [CMS07] depends on the
choice of initial guess. Our goal is to give more lenient sufficient conditions for convergence
that are also independent of the choice of initial guess. We also apply our findings to obtain
some new results for infinite horizon Markov decision processes (MDPs).

In order to do so, we use weakly chained diagonally dominant (w.c.d.d.) matrices.
As a byproduct of our analysis, we prove that w.c.d.d. matrices give a graph-theoretic
characterization of weakly diagonally dominant M-matrices. This generalizes some well-
known results regarding M-matrices. M-matrices are common in the scientific computing
community since they arise naturally in discretizations of elliptic operators (e.g., the
Laplacian A), Markov decision processes, linear complementarity problems, etc.

Our contributions in this chapter are:

e Extending Howard’s original policy iteration to a setting in which no assumptions are
made about the compactness of P or continuity of A and y (Theorem 3.1.3).

e Providing a graph-theoretic characterization of weakly diagonally dominant M-
matrices (Theorem 3.2.5).

e Showing that policy iteration applied to the penalty scheme always converges.

e Showing that a naive application of policy iteration to the direct control scheme can
(and often does) fail.

e Using the theory of w.c.d.d. matrices to provide a provably convergent modification
of policy iteration for the direct control scheme.

e Applying our findings to obtain new results for infinite horizon MDPs.

The results of this chapter appear in our articles

P. Azimzadeh and P. A. Forsyth. “Weakly chained matrices, policy iteration, and
impulse control”. In: SIAM J. Numer. Anal. 54.3 (2016), pp. 1341-1364

P. Azimzadeh. “A fast and stable test to check if a weakly diagonally dominant matrix
is an M-matrix”. In: arXiv preprint arXiv:1701.06951 (2017)
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3.1 Policy iteration

In this section, we give some results regarding policy iteration. In order to simplify notation,
we work with the general form of the Bellman problem (3.1), for which it is understood that

(i) P =Py X -+ x Py is a product of nonempty sets.

(ii) Controls are “row-decoupled” (cf. [BMZ09]). That is, using the notation P =
(Po, ..., Py) to denote a control in P,

[A(P)];; and [y(P)]; depend only on P; € P;.

In other words, the i-th row of A(P) and y(P) are determined solely by the i-th
coordinate of the control P.

(iii) The order on RM*1 (and RMF*(MHD) g element-wise:

for x,y € RM* 2 >y if and only if 2; > y; for all 7.

(iv) The supremum in (3.1) is with respect to the element-wise order:

for {y(P)}pep C RM*' 2 = sup y(P) is a vector with components z; = sup[y(P)];.
PcP PeP

We recall Howard’s policy iteration procedure [BMZ09, Algorithm Ho-1] to solve problem
(3.1) below.

1: procedure POLICY-ITERATION(P)

2 Pick an initial guess U° € RM+!

3 for ¢ <+ 1,2,... until convergence (or max iteration count reached)

4 Pick P’ such that —A(PY)U ! + y(P*) = suppep{—A(P)U ! +y(P)}
5: Solve the linear system A(PY)U* = y(P*) to obtain U*

6 end for

7 return U*

8: end procedure

We have purposely not specified a convergence criterion since the results of this chapter
characterize convergence of the iterates U’ as ¢ — co. In a practical implementation,
the iteration should be terminated when the relative error between subsequent iterates is
desirably small (see (5.1) in Chapter 5).

Before continuing, we recall a definition from linear algebra.
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Definition 3.1.1 ([Col66, Section I1.23]). A real square matriz A is monotone if it is
nonsingular and A~ > 0 (i.e., the entries of A" are nonnegative).

We can now state sufficient conditions for the convergence of POLICY-ITERATION.

Proposition 3.1.2 ([BMZ09] Theorem 2.1). Suppose that P is a compact topological space,
A and y are continuous functions, and that A(P) is monotone for each P € P. Then, the
sequence (U1 defined by POLICY-ITERATION (P) converges from below to the unique
solution of (3.1). Moreover, if P is finite, convergence occurs in at most |P| iterations (i.e.,
piPl — yiPe Z L),

The compactness and continuity assumptions in Proposition 3.1.2 ensure that the
supremum on Line 4 of POLICY-ITERATION is attained at a point in P. To remove these
assumptions (specifically in order to strengthen our results in our study of MDPs), we
introduce below an extension of Howard’s policy iteration. In the pseudocode description

of the procedure, we use € = (1,...,1)T to denote the vector whose entries are one.
1. procedure e-POLICY-ITERATION(P)
2 Pick an initial guess U° € RM+!
3 Pick a sequence (€*);>1 of positive numbers satisfying 3, €¥ < 0o // e.g., € = 1/k?
4 for ¢ <+ 1,2, ... until convergence (or max iteration count reached)
5: Pick P’ such that —A(PY)U + y(P*) + '@ > suppep{—A(P)U + y(P)}
6 Solve the linear system A(PY)U* = y(P*) to obtain U*
7 end for
8 return U*
9: end procedure

We can think of the parameter €’ in the above as the maximum error allowed in
approximating the supremum on Line 5 at each step /.

To establish convergence of e-POLICY-ITERATION, we require some assumptions:

(H1) The function P — A(P)~! is bounded on the set {P € P: A(P) is nonsingular}.

(H2) The functions A and y are bounded.

Note that the boundedness in assumptions (H1) and (H2) is stated without reference to
a particular norm (all norms on a finite dimensional vector space are equivalent). We are
now ready to state the convergence result.
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Theorem 3.1.3. Suppose (H1), (H2), and that A(P) is monotone for each P € P. Then,
the sequence (U*), defined by e-POLICY-ITERATION(P) converges to the unique solution of

(3.1).

To prove the result, we require a few lemmas. The first is just a general form of the
results [BMZ09, Eq. (5.8)] and [HFL12, Proposition 3.1].

Lemma 3.1.4. Let (z%)50 be a sequence of real numbers that is bounded from above.
Suppose there exists a sequence (¢9)p=1 of positive numbers such that Y, < oo and
af — gt > ¢t for € > 1. Then, the sequence (a:e)@() converges to a real number.

Proof. Note that

xq—xp:(xq—xq_1>+---+(xp+1—xp) > Eq: e> -3¢ (3.2)

{=p+1 {>p

for any integers ¢ and p satisfying ¢ > p > 0. Picking p = 0 in (3.2), we get 27 > 2° — >, ¢,
establishing that the sequence (z°), is also bounded from below. Taking limits in (3.2),
we get liminf, 27 — limsup, 27 > 0. Since liminf, 7 — lim sup, ¥ < 0 by definition, this
implies that lim inf, 2¢ = lim sup, 2¥, and hence the sequence (2%), has a limit. H

Lemma 3.1.5. The function H defined by H(U) = suppep{—A(P)U + y(P)} is Lipschitz
continuous.

Proof. The claim follows from the fact that for any two vectors U and U ,

|H@) = #(O)| < sup [-AP)U = 0) +y(P) —y(P)
= sup ) - 0 < (sl ) o - 0] = conse. - 0.
pPeP PeP
The last equality follows from the boundedness of the function A in (H2). O

Lemma 3.1.6. Let U be a solution of (3.1) and U be a vector. Suppose we can find a
sequence (P*), such that A(P*) is monotone for each { and

— A(PYU + y(P*) — 0. (3.3)

Then, U—U}O.
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Proof. By (3.3), we can find a sequence (§%), of vectors converging to zero such that
— A(PYU +y(P") + 6" = 0. (3.4)
Moreover, since U is a solution of (3.1),

0 = sup {—A(P)U +y(P)} > —A(P"U + y(P"). (3.5)

pPepP
Combining (3.4) and (3.5),
U—U > AP (=6 > — const. 6. (3.6)

In the above, we have used the monotonicity of A(P) (which implies A(P)~" > 0) along
with (H1). Taking limits in (3.6), we find that U — U > 0. O

We can now prove Theorem 3.1.3:

Proof of Theorem 3.1.3. By Lines 5 and 6 of e-POLICY-ITERATION,

A(PY) (U = U"1) = —A(PYU ! + y(P') = sup {—A(P)U " +y(P)} — e (3.7)

PeP

and, for £ > 1,

sup {APU +y(P)} > —APHU +y(P) =0, (3.8)

Combining (3.7) and (3.8), we find that for ¢ > 1,

AP (U =U"Y) +€e > sup {~AP)U +y(P)} >0 (3.9)

and hence, similarly to the proof of Lemma 3.1.6,
UL = U > A(PY) 7Y (=€) > — const. €°¢.

Note also that since U* = A(P*)~1y(P*) for £ > 1, the sequence (U*), is bounded by (H1)
and (H2). Therefore, we can apply Lemma 3.1.4 to conclude that the sequence (U*),
converges to some real vector U. Now, since U’ — U and €’ — 0,

lim {A(P) (U* = U*") + e} = 0. (3.10)

{—00
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Taking limits in (3.9) and applying (3.10),

0= lim {A(Pé) (UE - Ue_l) + ezé'} > lim sup {—A(P)U‘V]_1 + y(P)} >0

{—00 {—00 pep

and hence

lim sup {—A(P)Ué_1 + y(P)} = 0.

{—00 pcp

Using the notation of Lemma 3.1.5, we can rewrite the above as

lim H(U") =0 (3.11)

L— o0

Since limits and continuous functions commute, Lemma 3.1.5 implies

lim H(U"") = H(lim U*') = H(U)

l—00 {—00

and hence H(U) = 0 by (3.11). Equivalently, substituting in the definition of H,

]S;)lég{—A(P)U +y(P)} =0.

That is, U is a solution of (3.1).
It remains only to prove uniqueness. Let U and U be solutions of (3.1). It follows that
we can find a sequence (PY), such that
—A(PYU +y(P") — 0.

Therefore, by Lemma 3.1.6, U — U>o0. Switching the roles of U and U in the above gives
U —U > 0. Therefore, U = U. n

We close this section by pointing out that it is sometimes advantageous to scale the
inputs to policy iteration in order to obtain faster convergence. While this was observed
in [HFL13] for a specific instance of problem (3.1), we give a general result which codifies
precisely when this scaling can be performed without changing the set of solutions to (3.1).
This will be used in the sequel to speed up computations.

Lemma 3.1.7. Let s: P — RM*! be a vector-valued function such that

inf min[s(P)]; >0 and supmax[s(P)]; < cc. (3.12)
PeP 1 Pep ¢
Then, U is a solution of (5.1) if and only if
sup {diag(s(P)) (—A(P)U +y(P))} = 0. (3.13)
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Proof. First, we prove that if U is a solution of (3.1) then (3.13) holds. Indeed, if U is a
solution of (3.1), there exists a sequence (P*), such that

—A(PYU +y(P*) 10

where we have used the symbol 1 to mean that the limit approaches zero monotonically
from below so that —A(P*)U + y(P*) < 0 for each /. Since s is bounded above by (3.12),

lim sup {diag(s(PZ)) (—A(PZ)U + y(Pe)>} > const. lim {—A(PZ)U + y(Pg)} =0,

{—00 {—00
and so

sup {diag(s(P)) (=A(P)U +y(P))} = 0.

pep

Note that if the above holds with equality, we have established (3.13), as desired. Therefore,
in order to arrive at a contradiction, suppose the above holds with strict inequality. In this
case, we can find some P, for which

diag(s(F)) (—A(P)U +y(F)) > 0.

Since s is bounded below by (3.12), s(F) > 0 and hence we can multiply both sides of the
above inequality by the inverse of diag(s(P,)) to obtain

—A(Po)U +y(Fo) > 0,

contradicting the assumption that U is a solution of (3.1).

The converse is handled by symmetry. In particular, suppose that U satisfies (3.13).
Defining Ay(P) = diag(s(P))A(P) and yo(P) = diag(s(P))y(P), (3.13) is equivalent to

sup {—Ao(P)U + yo(P)} = 0.

PeP

The arguments of the previous paragraph imply that

sup {—A(P)U +y(P)} = sup {diag(s(P)) ™! (~Ao(P)U + yo(P))} =0,

as desired. O
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(a) An (M + 1) x (M + 1) matrix

Fig. 3.1: An example of a w.c.d.d. matrix and its adjacency graph

3.2 Weakly chained diagonally dominant matrices

In this section, we describe weakly chained diagonally dominant (w.c.d.d.) matrices [SC74]
and give some new results relating them to M-matrices. We will ultimately apply the theory
developed in this section to the Bellman problem (3.1). We first recall a few definitions
from linear algebra.

Definition 3.2.1. Let A = (a;j) be a complex matriz. Row i of A is strictly diagonally
dominant (s.d.d.) if |as| > 3,4 |aij|. The matriz A is s.d.d. if all of its rows are s.d.d.
Similarly, row i of A is weakly diagonally dominant (w.d.d.) if |as| = 3,4 |ai;|. The
matriz A is w.d.d. if all of its rows are w.d.d.

Definition 3.2.2. Let A = (aij)ijeqo,...,my be an (M + 1) x (M + 1) complex matriz. The
(directed) adjacency graph of A is given by the vertices {0, ..., M} and edges defined as
follows: there exists an edge from i to j if and only if a;; # 0.

In light of the above, we use the terms “row” and “vertex” interchangeably. To simplify
notation, we write ¢+ — 7 to denote an edge from ¢ to j. Similarly, we write i; — - -+ — i
to denote a walk from vertex #; to vertex 7; passing through vertices o, i3, etc.

We are now ready to define w.c.d.d. matrices.

Definition 3.2.3 ([SC74]). A square complex matriz A is w.c.d.d. if it is w.d.d. and for
each row iy that is not s.d.d., there exists a walk iy — - -+ — 15 in the adjacency graph of A
such that iy, is s.d.d. (Fig. 3.1).

Below, we recall the definition of Z-matrices and M-matrices.

Definition 3.2.4 ([Ple77]). A Z-matriz is a real matriz with nonpositive off-diagonals. An
M-matrixz is a monotone Z-matrix.
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The main result of this section is given below.

Theorem 3.2.5. If A is a square w.d.d. Z-matrixz with nonnegative diagonals, then the
following are equivalent:

(1) A is an M-matriz.
(i) A is a nonsingular matriz.

(iii) A is a w.c.d.d. matriz.

Proof. (i) implies (ii) is true since M-matrices are monotone by definition and monotone
matrices are nonsingular by definition. (iii) implies (i) is proven in [BH64]." Therefore, it
remains to prove that (ii) implies (iii).

To this end, let A be an (M +1) x (M +1) w.d.d. Z-matrix with nonnegative diagonals
that is not w.c.d.d. We will prove that A is singular, thereby establishing (ii) implies (iii) by

contrapositive. Let J be the set of all s.d.d. rows (of A). Let W be the set of all non-s.d.d.
rows 7 satisfying Definition 3.2.3. Specifically,

W = {i; ¢ J: there exists a walk i; — --- — iy such that i, € J}

Let R ={0,...,M}\ (JUW). Since A is not w.c.d.d., R is nonempty. Without loss
of generality, we may assume R = {0,...,r} where 0 < r < M since otherwise, we can
relabel the rows and columns of A (this corresponds to replacing A by PAPT where P is
an appropriately chosen permutation matrix).

If r = M, it follows that J is empty, and hence every row of A is not s.d.d. In this case,
since A is a w.d.d. Z-matrix with nonnegative diagonals, we have a; = — 3, a;; for each
row i. In other words, the row sums of A are zero so that Ae’= 0 and hence A is singular.

If r < M, the adjacency graph of A has the structure shown in Fig. 3.2. In particular,
there are no edges from a vertex ¢ € R to a vertex j € J U W since if there were, ¢ would
not be a member of R by definition. This implies that A has the block structure

B0
_ (r4+1)x(r+1)
A—(C D)WhereBER )

where the zero in the top right quadrant corresponds to the absence of edges from vertices
in R to vertices in J U W. Moreover, the partition above guarantees that D is w.c.d.d.

L[BH64] refers to w.c.d.d. Z-matrices with nonnegative diagonals as matrices of positive type.
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Fig. 3.2: “Block” adjacency graph of the w.c.d.d. matrix in the proof of Theorem 3.2.5

since i ¢ R for all i > r. Since w.c.d.d. matrices are nonsingular [SC74], the linear system
Dx = —C'¢ has a unique solution z. Similarly to the case of r = M, since every row of B is
not s.d.d., the row sums of B are zero so that Be' = 0. It follows that

¢ Beé
A (1‘) o <05+ Dm) =0,

and hence A is singular. O

The result above was first proven in our own work [AF16; Azil7a] and immediately
strengthens some existing results from linear algebra. For example, due to the above, well-
known bounds on the minimum eigenvalue and infinity-norm of the inverse of an arbitrary
w.c.d.d. M-matrix [Shi+96; CHO7; Li08; Wan09; HZ10] apply to w.d.d. M-matrices.

3.3 Application to the HIBQVI

In this section, we revisit the direct control and penalty schemes of Chapter 2. Our goal is
to see if given the solution V™! of one of these schemes at the (n — 1)-th timestep, we can
use policy iteration to compute the solution V™ at the n-th timestep.

Recall the discretized control sets W" and Z"(t, x) introduced in Chapter 2. For the
remainder of this section, we let

Py =W x Z"7" x;) x {0,1}.
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Intuitively, each P, = (w;, 2z;,d;) € P; is a tuple that contains control information for some
grid point x;. Therefore, letting P = Py X -+ X Py, each P = (wy, z;, d;)M, € P is a tuple
that contains control information for all grid points z;. Since Wh and Z"(7", x;) are finite
sets by definition, P is also finite and hence trivially compact.

3.3.1 The penalty scheme

We begin with the penalty scheme (2.10). To write the penalty scheme in the form of (3.1),
we define the matrix-valued function A and vector-valued function y such that for each
vector U = (U, ...,Up)T and integer i satisfying 0 < ¢ < M,

[A(P)U]; = XT — ;b?(wz) (D2U)i — ag' (wi) (DU); + 1dz~ (U — interp(U, T'(7", z;, 2;)))
[y(P))i = Vn —+f (wi)+idiK(Tn7xi,Zi)- (3.14)

With the above ch01ces of A and y, V™ is a solution of (3.1). This is seen immediately by
noting that

AP + (Pl = T L () (Do) af(w) (DU): + fi ()

1
+ —d; (interp(U, I'(7", @, 2:)) + K(7", 4, 2;) — Us;)  (3.15)
€
(compare with (2.10)). The lemma below ensures that in this case, the conditions of

Proposition 3.1.2 are satisfied, so that we may compute V" by POLICY-ITERATION.
Lemma 3.3.1. A(P) given by (3.14) is an M-matriz.

Proof. We will prove that A(P) is an s.d.d. Z-matrix with positive diagonals so that by
Theorem 3.2.5, it is an M-matrix.

To simplify notation, we will assume the grid points {xg, ...,z } are uniformly spaced
(i.e., ;41 — x; = Ax) (the same arguments can also be applied in the case of a nonuniform
grid). Letting U be an arbitrary vector, (2.3), (2.5), and (3.14) imply

Lo (w)? | af(wy)] 1
APYU]; = | — ! i 4\ U
AP <A7'+ (Az)? + Az T odi) Us
1o} (wi)® | af (ws)] 1o (w;)? | (w;)]
_ (2 (AI)2 + Ax 1{a?(wi)>0} Uz—l—l - 5 (AZL’)2 + Az 1{af(w,;)<0} Uz—l

1 1
— dioaUpp — -di (1= o) Uy if0<i<M (3.16)
€ €
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where k and « depend on i and satisfy 0 < k < M and 0 < a < 1 (recall (2.6)). The
indicator functions 1{ar (w;)>0} and 1¢ar (w;)<o} are used to capture the fact that due to the
upwind discretization, the choice of stencil depends on the sign of the coefficient of the first
derivative. Similarly,

1 lag (wo)| 1
[A(P)U]o = (Ar + OAx L{an (wo)>0} T ;do U

ag(w 1 1
— (‘ o(wo)| 1{ag(wo)>o}> Ur — ;doaUk—H - gdo 1=a)Uy  (3.17)

Ax
and
[A(P)U]y = (Al + Ml{an (war)<0} T 1dM> Um
T Az M €
- (Wl{a%(wj)@}) Up—1 — 1dMozUk+1 - 1dM (1 —a)U. (3.18)

By (3.16) to (3.18), the matrix A(P) has nonpositive off-diagonals and as such, is a Z-matrix.
Setting U = €'in (3.16) to (3.18), we find that for all i,

2 APy = [A(P)E) = = >0, (3.19)

from which it follows that A(P) is s.d.d. with positive diagonals since

[A(P)]ii > = %:[A<P)]ij = %: [[A(P)];;] = 0. O

3.3.2 The direct control scheme

We now consider the direct control scheme (2.8). To write the direct control scheme in the
form of (3.1), we define the matrix-valued function A and the vector-valued function y such
that for each vector U = (U, ...,Up)T and integer i satisfying 0 < ¢ < M,

AP, = @, (ZT _ ;b?(w,,;)Q(DQU)i _ a?(wi)(DU)O +d; (U; — interp(U, T(+", 25, %))
[y(P)]; = d; <V§; + fzn(wz)> + d; K(m", 2y, 2;). (3.20)
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With the above choices of A and y, V" is a solution of (3.1). This is seen immediately by
noting that

V;n—l o Uz

AP Pl = (Y

b JI@RDD) + DU+ £

+ d; (interp(U, U'(7", x;, 2;)) + K(m", x4, z) — U;)  (3.21)
(compare with (2.8)).
Remark 3.3.2. Note that the quantities

vl - U,

l Ar T ;b?(wi)Q(DQU)i + i (w;)(DU); + fi' (wi)

and
interp(U, I'(7", w4, 2:)) + K(7", 23, z1) — U;

appearing in (5.21) have different units: the former is a rate of change while the latter is
a unit amount. A similar situation is encountered in [HF'L13], in which the authors find
that policy iteration performs better after scaling the problem to normalize the units. In the
contezt of Lemma 5.1.7, this corresponds to the scaling factor s(P) with entries given by

1

[5(P))s = @ + di—

where § is some positive constant. By Lemma 3.1.7, the unscaled problem (3.1) has the same
set of solutions as the scaled problem (3.13), for which the units are all rates of change:

ding(s(P))(— A(P)U + y(P)))
7 (V‘U 4 L)+ @) (DU, + ff(wn)

AT
d (interp(U7F(7n7$iazi)) +K<7—naxiazi) B UZ)
i Ar .

+
S

While a similar issue occurs for the penalty scheme (see (5.15)), taking € to be a multiple of
AT immediately normalizes the units.

Next, we give an analogue of Lemma 3.3.1 for the direct control setting.

Lemma 3.3.3. A(P) given by (3.20) is a w.d.d. Z-matriz with nonnegative diagonals.
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Proof. As in the proof of Lemma 3.3.1, we have

[A(P)U]; = (d( ILACHN |a’7'17:")|> + dZ») U;

(Az)?
Lof (w)? g (wi)] — (10 (wi)? | ap (wy)]
—d; Lianw, i1 —d; | =— ! Lian(w, -
( (AZB) + Ax {a?(w;)>0} Uz-‘,—l i\9 (AQZ’)Z + Az {a?(w;)<0} Ui—1

—diOJUk+1—di (1—0&) U, f0<i<M (322)

along with

— (1 lag (wo)|
[A(P)U]o = (do <AT + OA Lian(wo)>0y | +do | Uo

=¥

— [ lag(w
0 <yoi$0)‘1{a8’(wo)>o}> U — doaUpsr — do (1 —a) Up - (3.23)

and

— (1 aj (wy)]
[A(P)U]y = (dM (AT + = Hay <oy | T | Un

— ( |ahy (W,
—dyy ('A/[ix]\[)’]_{a?/[(wu)<o}> Up—1 — dMOéUk+1 —dr (]_ — O./) Uy, (324)
from which one sees that A(P) has nonpositive off-diagonals and as such, is a Z-matrix.
Setting U = €'in (3.22) to (3.24), we find that for all i,

— 1 1

DAP)iy = [A(P)E]s = dis- = (1= di) 1= 20, (3.25)

[A(P)]s = =Y _[A(P)]i; = > [[A(P)];] = 0. [

J#i J#i

Unfortunately, Lemma 3.3.3 does not guarantee the nonsingularity of A(P). For example,
if d; =1 for all 4, (3.25) implies A(P)e = 0 and hence A(P) is singular. This is a serious
issue for POLICY-ITERATION since if any of the matrices in the set {A(P)}pep are singular,
the iterates U’ may not even be well-defined. To see why, consider the linear system on
Line 6 of the pseudocode. If A(P?) is singular, the vector y(P?) is not guaranteed to lie
in the range of A(P’) and hence the linear system may not have any solutions. We will
resolve this issue in the next section.

We close this subsection by stating a result that we will use in the sequel.
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Lemma 3.3.4. Let A(P) be given by (3.20). Then, row i of A(P) is not s.d.d. if and only
if di = 1. Moreover, [A(P)];; < 1 whenever d; = 1.

Proof. The first claim is made immediately obvious by rewriting (3.25) as

AP)]] = [A(P)]i = = >_IA( (1-d 7_2‘ P)i + (1 = di)

1

JF#i JF#i AT

Now, suppose that d; = 1 for some fixed row i. Then by (3.20), we have
[A(P)U); = U; — interp(U, T'(7", x4, 2;)) = Uy — aUg1 — (1 — ) Uy,

where 0 < a < 1 and 0 < & < M. Letting & be the i-th standard basis vector (i.e., the
vector with entries Z; = §;; where ¢;; is the Kronecker delta), we have

[A(P)]” = [A(P)f]l = (Su — a(si,k:—i-l — (1 — CY) 5zk =1- 0451'7k+1 — (1 — O{) 57,]@ é 1,

establishing the second claim in the lemma statement. O

3.4 Singularity in the Bellman problem

In the previous section, we saw that the direct control scheme may involve singular (and
hence nonmonotone) matrices A(P). Motivated by this issue, we now revisit the Bellman
problem (3.1), relaxing the assumption that the matrices A(P) are monotone. Throughout
this section, we call upon the assumption below.

(H3) For each P € P, A(P) is a w.d.d. Z-matrix with nonnegative diagonals satisfying
[A(P)];; < 1 whenever its i-th row is not s.d.d.

We mention that (H3) is satisfied by all problems of interest in this chapter (see, e.g.,
Lemmas 3.3.3 and 3.3.4), including the MDPs studied in the sequel.
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3.4.1 Uniqueness

We now establish that solutions of (3.1) are unique independent of the nonsingularity of
A(P). The idea behind our technique is to restrict attention to rows of A(P) that are not
s.d.d., as these are the “problem” rows that can cause A(P) to be singular.

In light of this, it is convenient to define

[y(P)]; if row ¢ of A(P) is not s.d.d.

—00 otherwise

and the (nonlinear) operator A by

AU = ;gg{—A(P)U +9(P)}

(compare with (3.1)). We also define M = I + A. It is understood that if [AU]; = —oo, then
MU]J; = [(I +A)U); = U; + [AU]; = —oo. We use superscripts to indicate composition. For
example, M = I and MF = (M*~!) o M for any positive integer k.

Example 3.4.1. Suppose A and y are given by (3.20), corresponding to the direct control
scheme. By Lemma 3.5./, row i of A(P) is not s.d.d. if and only if d; = 1. Therefore,

K(T”,xi,zi) Zfdl =1

—00 otherwise

[9(P)): = {

and hence

MU; = U; + [AUJ;
= Uz + sup {interp(Ua F(Tn7 Xi, Z!)) + K(Tna X, Zi) - UZ}
ZZ'GZh(T'"‘,$i)

= (MnU>z

where M, is defined in (2.7). More succinctly, we write Ml = M,,.

The following assumption, justified momentarily, is used in the proof of uniqueness:

(H4) For each U € RM*! and integer i satisfying 0 < i < M, there exist integers m; and
my satisfying 0 < my; < mg and [M"™U]|; > [M™2U];.
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Example 3.4.2. The discretized intervention operator M,, of Example 2.1.3 satisfies

(M2U); = (Mo (M,D)); = max {(M,U); — e (k]a; — 25| + )}

o<j<M
= U, —e P™ . — . }
Ogr%xé{ { p—¢€ (klxj — x| + K |og — 25| +2¢) ¢ .

Therefore, an application of the triangle inequality yields

(M2U); < max {Uj —e P (k|2 — | + 20)} = (MU); —e e < (M,U)s.

Oy M

Since Ml = M,, by Example 3..1, (H]) is satisfied (with my =1 and my = 2).

The above example highlights the intuition behind (H4), which attempts to capture the
suboptimality of consecutive applications of the operator M. In the example, M2 represents
the controller performing two consecutive impulses: the first changes the state from x; to
x; while the second changes it from x; to z;. This is suboptimal, since the controller can
directly change the state from x; to zj, paying only the fixed cost of ¢ instead of 2c.

We can now state our uniqueness result, which is independent of any assumptions
regarding nonsingularity.

Theorem 3.4.3. Suppose (H1), (H3), and (H/). Then, solutions of (3.1) are unique.
To prove the result, we require a lemma.
Lemma 3.4.4. Let U be a solution of (3.1). Then, we can find a sequence (P*), such that
— A(PYU 4+ y(P") — 0 (3.26)
and A(PY) is an M-matriz for each (.

Proof. Throughout the proof, we call upon the following facts:

(i) By (H3) and Theorem 3.2.5, A(P) being an M-matrix is equivalent to it being w.c.d.d.
(ii) Since U is a solution of (3.1),

AU = f)gg{—A(P)U +9(P)} < gég{—A(P)U +y(P)} =0 (3.27)

and hence MU = (I + A)U =U + AU < U.
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(iii) M is a monotone operator (i.e., if X <Y, then MX < MY'). To see this, note that
[MX]; = [({ + A)X];
= Xi +suppep[—A(P)X +(P)];
= suppep{ (1 — [A(P)]i) Xi — ZjulAP)];; X; + [§(P
< suwppep{(1 — [A(P)]1) Y — Zj;éi[A(P)] [?J(P)] }
where the inequality above follows from the fact that if [§(P)]; # —oo, then 1 —
[A(P)];; = 0 and [A(P)];; < 0 for j # 4 by (H3).

First, we consider the case where P is a finite set. In this case, the supremum in (3.1)
is attained at a point P:
—A(P)U +y(P) =0. (3.28)
We seek to show that A(P) is w.c.d.d. since in this case, the constant sequence (P*),
defined by P’ = P satisfies (3.26). Let G be the (directed) adjacency graph of A(P), J be
the set of all s.d.d. rows of A(P), and R ={0,...,M}\ (JUW) where

W = {i; ¢ J: there exists a walk iy — - -+ — i in G such that iy € J}

(compare with J, R, and W defined in the proof of Theorem 3.2.5). Suppose A(P) is
not w.c.d.d. By Definition 3.2.3, it follows that R is nonempty. Since RN .J = () and
9(P); = [y(P)]; for any j ¢ J, (3.25) implies

[AU],. > [-A(P)U + §(P)], = [-A(P)U +y(P)], =0 forr € R. (3.29)
By (3.27), AU < 0, and hence the inequality in (3.29) must hold with equality. In particular,

we can conclude

AU, =0 forr e R.
Equivalently, in terms of the operator Ml = I + A,

MU|, =U, forreR. (3.30)
Now, note that
[M2U], = [M(MU)),
= [(I + A)MU)]
= [MU], + [A(MU)],
> [MU], + [-A(P)(MU) + y(P)]:
= [MU], ~ S AP MU + [y(P)) forr € R (3.31)
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where the last equality follows since [A(P)],; = 0 if j ¢ R (recall, as in Fig. 3.2, that there
are no edges from vertices in R to vertices in J U W). Applying (3.30) to (3.31) and using
the fact that (3.29) holds with equality yields

[M?U], > U, — z;%[A(P)]mUj + [y(P)l»
=U, + [-A(P)U + y(P)],
= Ur + [AU]T
— (1 +A)U),
= [MUJ, for r € R.

By the monotonicity of M and the inequality MU < U (recall (3.27)), M*U < MU, and
hence [M2U], = [MU], for r € R. Continuing this procedure, we establish

U, = [MU], =  M?U], =  M*U], =--- forr € R,
contradicting (H4).
If P is infinite, the supremum in (3.1), while not necessarily attained at a point, can be

approximated by some sequence (P*):

lim {—A(P")U +y(P")} = 0. (3.32)
{—00

It is sufficient to show that for ¢ sufficiently large, A(P*) is w.c.d.d. since we can always
drop the first finitely many terms from a sequence without changing its limit. In order
to arrive at a contradiction, suppose that we can find a subsequence of (P*), indexed by
(¢5), such that for each s, A(P*%) is not w.c.d.d. Let G* be the directed adjacency graph of
A(P*%), J* be the set of s.d.d. rows of A(P%), and R* = {0,..., M} \ (J* UW?) where

W?* = {i; ¢ J°: there exists a walk i — - -+ — 4, in G*® such that i, € J°}.

Since the sequence of triplets ((G*, J*, W?#)), takes on at most finitely many values, we can
use the pigeonhole principle to find a constant subsequence of ((G*, J*, W?)), indexed by
(s¢);. By constant, we mean that

G'=G2=..., J'=J%2=... and WI'=W%=...

In light of this, it is convenient to define G = G*', J = J*, W = W* and R = R®.
For brevity, we also define A®) = A(P%t), y®) = y(P%t), and §*) = §(P*+). Since a
subsequence of a convergent sequence has the same limit, (3.32) implies

lim {~AOU +y®} = 0. (3.33)

t—o00
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Since RN J =0 and [§(P)]; = [y(P)]; for any 5 ¢ J, (3.33) implies

[AU], > lim [-AOU 4 ), = lim [-ADU +4yP], =0 for r € R.

t—o00 t—o00

Again, by (3.27), AU < 0 and hence it must be the case that the above holds with equality.
As in the previous paragraph, this implies (3.30). Similarly to (3.31),

t—o00

MU, + lim — 3~ [~A®];[MU]; + [y), for r € R.

JER

IM2U], > [MU], + lim [~ A (MU) + ),
>

Applying (3.30) to the above

MEU) > U+ Jim =S [AY) 0 + [0,

jER
= U + lim [-AOU 4y,
= U, + [AU],
= [MU], for r € R.

Again, by the monotonicity of M and the inequality MU < U (recall (3.27)), MU < MU,
and hence [M2U], = [MU], for r € R. Continuing this procedure, we establish

U, = [MU], = [M2U], = [M*U], = --- forr € R,
contradicting (H4). O

We can now prove Theorem 3.4.3:

Proof of Theorem 3./.5. Let U and U be solutions of (3.1). By Lemma 3.4.4, it follows
that we can find a sequence (P%), such that A(P?) is an M-matrix for each ¢ and

—A(PYU +y(P") — 0.

Therefore, by Lemma 3.1.6, U — U > 0. Switching the roles of U and U in the above gives
U—-U2>0. Hence U =U. O
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nonsingular

RM+D)x(M+1)

Fig. 3.3: Restriction to a subset of controls that preclude singularity

3.4.2 Policy iteration on a subset of controls

Recall that policy iteration may fail upon encountering a singular matrix iterate A(P*) (see
the discussion at the end of Section 3.3.2). To avoid singular matrix iterates, we perform
policy iteration on a subset P’ of P obtained by removing certain controls P for which
A(P) is singular (Fig. 3.3), employing Theorem 3.4.3 to ensure uniqueness of the solution.
Below, we state this idea precisely.

Theorem 3.4.5. For each i, let P! be a nonempty subset of P; and define P' = Pix---xPj,.
Suppose (H1)-(H}), A(P) is nonsingular for each P € P', and for all U € RM*T1

H(U;P) <0 whenever H(U;P')=0 (3.34)

where H(U; P) = suppep{—A(P)U+y(P)}. Then, the sequence (U%), defined by e-POLICY-
ITERATION (P’) converges to the unique solution of (3.1).

Proof. By (H3) and Theorem 3.2.5, A(P) is an M-matrix for each P € P’. Therefore, by
Theorem 3.1.3, (U*), converges to a vector U satisfying H(U;P’) = 0. Since P’ C P, it
follows that H(U;P) > H(U;P’") = 0. Therefore, by (3.34), H(U;P) = 0 and hence U is a
solution of (3.1). Moreover, by Theorem 3.4.3, it is the unique solution. H

Remark 3.4.6. If, in addition to the requirements of Theorem 5./.5, P’ is a compact
topological space and the restrictions of the functions A and y to the set P’ are continuous,
we can use POLICY-ITERATION (P’) (instead of e-POLICY-ITERATION(P’)) to compute the
unique solution of (3.1).

The drawback of the approach suggested by Theorem 3.4.5 is that it is not clear how to
select the subset P’ in general. This set must be chosen on a problem-by-problem basis (an
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example is given below). In this sense, the penalty scheme, which requires no additional
effort to ensure convergence, is more robust than the direct control scheme. This begs
the following natural question: if both schemes converge to the same solution, is there an
advantage to using the direct control scheme? (e.g., could it, at least empirically, exhibit
faster convergence?) This question is answered in Chapter 5.

Example 3.4.7. Consider the HIBQVI (1.7) of Example 1.1.2. To simplify notation,
assume the target FEX rate m is zero.

Let {xq,...,xp} be a uniform partition of the interval [—R, R] (i.e., v; = (i — M /2)Ax
where Ax = 2R/M ) and Z"(t,x) = {xg — x,..., 27 — x} be chosen as per Ezample 2.1.5.
To simplify notation, assume M is even so that xpr = m = 0.

The direct control scheme applied to the HIBQVI (1.7) is given by the matriz-valued
function A and vector-valued function y specified by (compare with (5.20))

U; 1 .
A 502(D2U)i + ,uwi(D_U)i) + d; (U; — interp(U, x; + z;))

n—1
(P =4, (VL = e (@i = m)” + vwf)) — die " (i =i + o).
T

AP =

As discussed in Section 5.5.2, we cannot apply policy iteration to the above parame-
terization of the Bellman problem since we have no guarantees on the nonsingularity of
the matrices A(P). In order to surmount this issue, we seek to construct a subset P’ on
which to apply policy iteration. In particular, we choose P’ to be the subset of controls
P = (wy, 2, d;)M, € P satisfying

dypp =0, z>0idfx; <m, and z <0 ifz; >m. (3.35)

In Appendiz A, we verify that P’ satisfies the conditions of Theorem 3./.5, so that we may
apply POLICY-ITERATION (P’) to compute the solution of the direct control scheme at the
n-th timestep.

3.5 Application to Markov decision processes

Undiscounted infinite horizon Markov decision processes (MDPs) were first considered in
[Bla65; DS65; Str66] and more recently, for example, in [CR14; Ohn+16]. Unlike their
discounted counterparts, computing solutions of these MDPs is known to be a difficult task
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(see Remark 3.5.2), often amounting to solving a nonconvex optimization problem (with
no known efficient general purpose solver). In this section, we use our results regarding
singularity in the Bellman problem to show that we can often apply policy iteration to
solve these MDPs.

We repeat here the standard setting of an infinite horizon MDP from [BerO1]. A
controlled Markov chain (X*)g=o is a sequence of random variables taking values in the
finite state space {0, ..., M} determined by transition probabilities

P(X* =5 | X¥ =1i) =T(i,4,0%()) (3.36)

where 6 = (6%),>0, the control, is a sequence of functions such that 6%(i) € P;. To simplify
matters, we assume that the control set P; is a countable set.”? The controller’s objective is
to choose a control to maximize the total reward

J(i;0) =E | > R(X*, 0%(X")) k]:[l D(X*, QK(XK))‘XO = 2] : (3.37)
k>0 =0

We denote by V; = sup, J(i;0) the maximum total reward. The function R determines
the reward obtained at each “step” k, while the function D — which takes values in [0, 1] —
determines the discount factor. [CMS07, Lemma 5] establishes that if the entries of the
vector V' = (Vp, ..., Vy)T are finite (i.e., |V;| < 00), then V is a solution of the Bellman
problem (3.1) with

where §;; is the Kronecker delta and as usual, P = (Fp, ..., Py) € Py X -+ X Par.

Remark 3.5.1. (5.56) and the laws of probability imply that T >0 and >, T(-,j,-) = 1.
Since D > 0, it follows that for i # j, [A(P)];; = =1, 7, P,)D(i, P;) <0, and hence A(P)
is a Z-matrix. Using the fact that D < 1,

Y AP = Z%‘ - D(i, P) ZT(@J}B) =1-D(i,P;) >0,

J

and hence A(P) is w.d.d. In particular, rowi of A(P) is not s.d.d. if and only if D(i, P;) = 1.

2The assumption that P; is countable is required to avoid any measure theoretic issues. More generally,
P; can be an arbitrary Polish space [Ber05, Section 1.5].
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Remark 3.5.2. [t has long been known that in the undiscounted setting, V cannot be
obtained by a naive application of policy iteration [Ber01, Page 149]. However, if one
assumes the nonnegativity of the reward function R, V' can instead be obtained by solving a
related linear program [Ber(1, Page 150]. A similar result holds if the reward function is
assumed to be negative (corresponding to costs), though the resulting program is not linear
(or even convex) and hence hard to solve in general [Ber01, Page 150]. Using the ideas
developed in this chapter, we are able to consider the much more general case in which no
assumptions are made about the sign of the reward function R.

Remark 3.5.3. We are careful not to refer to the index k in (3.37) as “time” since this
analogy only works in the discounted setting. In particular, if D(X* 0%(X*)) < 1, the
indices k and k + 1 can be interpreted as times t and t + At, since a reward obtained
at index k + 1 is worth less than the same reward obtained at index k. Conversely, if
D(X*, 0%(X*)) = 1, the indices k and k + 1 should be interpreted as referring to the same
time t, since no discounting is applied. This is analogous to impulse control, for which the
left hand limit t— and the right hand limit t are used to refer to the instant before and after
an impulse occurs (see, e.q., (1.50)). In this sense, undiscounted MDPs can be interpreted
as impulse control problems where the time horizon and state space are discrete.

3.6 Summary

Motivated by the direct control scheme, this chapter resolved the issue of singularity in
the Bellman problem. In doing so, some new results for MDPs and w.c.d.d. matrices were
obtained. We saw that unlike the penalty scheme, policy iteration applied to the direct
control scheme requires additional effort to ensure convergence.
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Chapter 4

Convergence of schemes for weakly nonlocal
second order equations

Consider the fully nonlinear second-order local PDE
G(z,V(z), DV (x),D*V(z)) =0 forze€Q (4.1)

where ) is an open' subset of R?, G : Rx R xR?x 8% — R is a locally bounded function, and
84 is the set of d x d symmetric matrices. In (4.1), DV and D?V are the (formal) gradient
vector and Hessian matrix of V. It is established in [BS91] that if a numerical scheme for
the PDE (4.1) is monotone, stable, and consistent, then it converges to a viscosity solution of
(4.1) provided that a comparison principle, guaranteeing the uniqueness of solutions, holds.
This result is referred to as the Barles-Souganidis framework, named after its authors.

The term “local” above is used to capture the fact that to determine if a function V'
satisfies the PDE (4.1) at a particular point x in the domain, it is necessary only to examine
the values of V' and its partial derivatives evaluated at that point z (at points where V' is
not smooth, derivatives of particular test functions are considered instead). However, the
HJBQVI (1.5) is not a local PDE due to the intervention operator M.

As such, we must broaden the class of PDEs which we consider. In particular, we
consider in this chapter PDEs having the form

F(z,V(z), DV (x), D*V(z),[ZV](z)) =0 forz € Q (4.2)

!The assumption that € is open is used to simplify presentation, being stronger than what is generally
required for the theory of viscosity solutions (see, e.g., [CIL92, Theorem 3.2]).
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where F: R x R x R? x 8% x R — R is a locally bounded function and Z is an operator
mapping from a space of functions to itself. The purpose of Z is to capture the nonlocal
features of a PDE (e.g., in the case of the HIBQVI, Z = M). Since this nonlocality does not
extend to the derivatives D'V, we refer to equations of the form (4.2) as weakly nonlocal.

It is well-known that for certain nonlocal operators Z (e.g., integro-differential operators),
the Barles-Souganidis framework can be applied to (4.2) without running into any major
issues [CVO05]. However, if Z = M is an intervention operator, this approach fails (see
Appendix B for a detailed discussion of why it fails). To overcome this issue, we extend the
Barles-Souganidis framework to nonlocal PDEs of the form (4.2) in a very general manner.
This results in a consistency requirement that is stronger than what is typically used in the
local case. We use these results to prove the convergence of the schemes from Chapter 2 to
the unique viscosity solution of the HIBQVI (1.5).

Our contributions in this chapter are:

e Extending the Barles-Souganidis framework to nonlocal PDEs in a general manner.

e Proving the convergence of the direct control, penalty, and explicit-impulse schemes
to the viscosity solution of the HIBQVI.

The results of this chapter appear in our articles

P. Azimzadeh, E. Bayraktar, and G. Labahn. “Convergence of approximation schemes
for weakly nonlocal second order equations”. In: arXiv preprint arXiv:1705.02922 (2017)

P. Azimzadeh. “A zero-sum stochastic differential game with impulses, precommitment,
and unrestricted cost functions”. In: Appl. Math. Optim. (2017). To appear.

4.1 Viscosity solutions

Recall that in the classical (i.e., differentiable) setting, establishing a maximum principle
is the usual technique for obtaining uniqueness of solutions to second order PDEs [Fri64,
Chapter 2|. However, for many interesting (e.g., nonlinear) PDEs, it is unreasonable to
expect to find differentiable solutions.

Viscosity solutions generalize the classical notion of a solution to a PDE. In particular,
viscosity solutions are “weak enough” to be applicable to functions that are only semicon-
tinuous (i.e., neither differentiable nor even a priori continuous) but “strong enough” to
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allow the user to derive maximum principles which, in the viscosity setting, are referred to
as comparison principles [C11.92].

Moreover, viscosity solutions are well-known to be the relevant notion of solution for
optimal control problems, making them the relevant solution for problems arising from
finance. While being out of the scope of this thesis, we provide the reader with some
references to various modern arguments establishing this fact. One such argument is
weak dynamic programming [BT11; Toul3] which, unlike strong dynamic programming
[Lio83], does not require sophisticated tools from measure theory (e.g., measurable selection).
Another argument is stochastic Perron’s method [BS12; BS13; BS14], which is arguably
even more flexible as it does not rely on any dynamic programming style arguments.

In this section, we introduce the appropriate definition of viscosity solution for the PDEs
in this thesis. In order to do so, we first recall the notion of semicontinuity:

Definition 4.1.1. Let Y be a metric space and u: Y — R be a locally bounded function.
We define the upper and lower semicontinuous envelopes u* and u, of u by

u*(x) = liI?IJlj;lp w(y) and u.(x)= lign_glfu(y).

The function u is said to be upper (resp. lower) semicontinuous if u = u* (resp. u = u,)
pointwise (Fig. J.1).
We are now ready to give the definition of viscosity solution for (4.2).

Definition 4.1.2. An upper (resp. lower) semicontinuous function V' Qﬁ—> R is a viscosity
subsolution (resp. supersolution) of (4.2) if for all ¢ € C*(Q) and z € Q such that V — ¢
has a local mazimum (resp. minimum) at x (Fig. /.2), we have

F.(z,V(x), Do(z), D*p(x), [ZV](x))
(resp. F*(x,V(z), Dp(x), D*p(), [ZV](2))

VoA

0
0).
We say V' is a viscosity solution if it is both a subsolution and a supersolution. Since

viscosity solutions are the only solution concept used in this chapter, we will often omit the
prefiz “viscosity” and simply write “subsolution”, “supersolution”, or “solution”.

If F'is continuous, the definition above agrees with the common definition for nonlocal
problems given in [BIO8]. We have, however, allowed F' to be discontinuous so that we
may write both the partial differential equation and its boundary conditions as a single
expression as in [BS91]. This is demonstrated in the example below.
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(a) An upper semicontinuous function (b) A lower semicontinuous function

Fig. 4.1: Examples of semicontinuous functions

\ 4

A 4

T T

(a) Local maximum (b) Local minimum

Fig. 4.2: Role of test functions in the definition of viscosity solution
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Example 4.1.3. Consider the Dirichlet problem

Vi(xa) = ya
1 T/
—50‘21'2‘/;“; + AeaV, + AV — )\/ ) V(nz)y(m)dn —Af =0 on (zq4,7,)
zq/x

where 0 < x4 < x,, 0 and X\ are positive constants, ¥ is a lognormal probability density,
k= 5 n(n)dn — 1> 0, and

fla) = |

In a market where the riskless rate of return is zero, this Dirichlet problem corresponds to
the price of an infinite horizon barrier option which pays off yq if the price of the asset,
which follows a geometric Brownian motion with lognormally distributed jumps, drops below
the barrier x4 and pays off v, if it goes above the barrier x, [Sep0i].

[e.9]

v+ [ ()

w/T

zq/x

We can rewrite this problem in the form (4.2) by defining Q2 = (x4, xy),

Ty /T
ZVI@w) = [ Vi) (43)
zq/T
and
r—1Yq if v = x4
F(x,r,p,A,0) = H(x,r,p, A l) ifz €
r— Yy if v =z,

where H(xz,r,p, A, 0) = —%O’Ql’QA + Akzp + Ar — M — Af(x). In view of Definition 4.1.2,
note that
F(z,V(2), ¢'(2),¢" (2), [ZV](z))
(@, V(2),¢'(x), ¢"(2), [ZV](2)),V(x) = ya} if v = x4
= H(z,V(z),¢'(z), ¢" (@), [ZV](z)) if v €9
( V(ZL‘), (’0'(1*)7 QOII(I)? [ZV](J;)% V(I‘) - yu} if v =1y

and similarly,

max{H (z,V(z),¢'(2),¢"(x), [ZV](z)),V(2) = ya} i © = 2a
= H(x,V(x),¢'(2),¢"(x), [ZV](z)) if v e
max{H (z,V(x),¢'(2),¢"(x), ZV](z)), V(2) = yu} if 2= u.



In the above, we see a “mizing” of the boundary conditions and the PDE operator H(-) at
xr = x4 and x = x,. This phenomenon, which we will encounter again in this chapter, is
referred to as a boundary layer [FTW11, Remark 5.2].

4.2  Numerical schemes

n [BS91], the authors find sufficient conditions under which one can approximate the
solution V' of the local PDE (4.1) using an “approximate solution” V" that converges to V
as h goes to zero. Intuitively, V" is obtained by a numerical method (e.g., finite differences)
and h is a parameter that controls, roughly speaking, the accuracy of the method (e.g., a
smaller value of h corresponds to a finer grid).

We follow a similar approach, approximating a solution V' of the nonlocal PDE (4.2)
using an approximate solution V":  — R. Precisely, V" is a function whose range is a
finite set? and satisfies

S(h,z, V" [T"V"(z)) =0 for xz € Q (4.4)

(in the time-dependent case, x is replaced by ¢, ). Together, the pair (S,Z") are meant
be an abstract representation of a numerical scheme with Z" being an approximation to
the operator Z. Precisely, letting B(Q) denote the set of bounded real-valued functions
mapping from €, S is a real-valued function mapping from (0, 00) x Q x B(Q2) x R and the
operator Z" is a map from B() to itself. The idea behind the abstract representation of a
numerical scheme (4.4) is made clear in the example below.

Example 4.2.1. Consider the Dirichlet problem described in Ezample 4.1.5. Let {xq,...,xp}
be a partition of the interval [xq, z,] and, for convenience, define x_1 = xo and Ty11 = Xy
The change of variables ¢ = log(nx) in the integral in (}.3) yields

(logzj+logxjy1)/2

Vi@ = [ v mac= Y (o) V (e )(es f)dg

log zg4 0<j<M (logzj_1+logz;)/

log x4,

The above suggests the numerical scheme (S,I") given by

[Z"V)(zi) = > Vi)

(logxj+logxjy1)/2
/ (e i) )

logz;_1+logx;)/2

2The assumption of finite range (i.e., | range(V")| < co) can be removed using standard ideas (see, e.g.,
our preprint [ABL17]), but doing so complicates the notation. In the case of finite difference schemes, this
assumption is trivially satisfied (see Remark 4.2.2).
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and, using the shorthand V; =V (x;) and V = (Vo,...,Vu)T,

Vi—a ifi=0

where H is defined in Example /.1.3 and Dy and D_ are defined in (2.3) and (2.]).

Remark 4.2.2. For fized h > 0, the scheme in the above example only defines the numerical
solution V" at grid points z;. Following [BS91, Example 3], we extend the numerical solution
to points not on the grid by assuming that it is piecewise constant:

Vi) = V() ifae | SRR HEI

2 ’ 2

where we have used the convention x_y = xo and xp41 = xpr (note, in particular, that Vh
has finite range). This extension to points not on the grid can be enforced “indirectly” by
defining [Z" -|(z) and S(h,x,-,-) for x # x; appropriately.

4.3 Application to the HIBQVI

In this section, we revisit the schemes of Chapter 2. Our goal is to show that the solutions
of these schemes converge to the viscosity solution of the HIBQVI (1.5).

For the purposes of demonstration, we take the domain ® in (1.5) to be the real line R.
To simplify notation, we assume that the grid points {xy, ...,z } are uniformly spaced.
In particular, we take x; = (i — M/2)Az so that the approximate solution is computed on
the “numerical domain” [0, 7] x [-(M/2)Az, (M/2)Ax]. To ensure that the numerical grid
“approximates” the original domain [0,7] x R as h — 0, we assume

AT = const. h, Az =const.h, and MAz — oo as h — 0. (4.5)

While the assumption M Ax — oo simplifies the presentation, it is computationally
intractable to implement in practice as it requires “enlarging” the numerical domain
whenever the spatial grid is refined (e.g., by taking M = const.[h~17?] for some a > 0
where [-] is the ceiling function). Fortunately, for elliptic PDEs, truncating the domain to
a bounded region and introducing “artificial” boundary conditions is expected to lead to
small errors on the interior [Bar97, Section 5]. In Appendix C, we truncate the domain of
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the HIBQVTI to a bounded set, introducing artificial boundary conditions and modifying
our schemes accordingly. Therein, we also give the necessary modifications required for our
convergence proofs to work in the truncated setting. Since these arguments are somewhat
standard, we confine them to the appendix so that we may, in this chapter, focus on the
main difficulties arising from discretizing the HJBQVT.

To write the HIBQVT (1.5) in the form (4.2), we take Q = [0,T) x R, Z = M, and

F((t,z),r,(q,p), A, £)

_ {min {—q — SUD, e {%b(t, z,w)? A+ a(t,z,w)p+ f(t,z, w)} T — E} ift<T

: ‘ (4.6)
min {r — g(x),r — ¢} ift="T

where we have used the notation (g, p) to distinguish between the time and spatial derivatives
(i.e., ¢ = Vi(t,x) and p = V, (¢, x)) and, with a slight abuse of notation, A to refer only to
the second spatial derivative (i.e., A = V,,(¢,2)) since no second time derivatives appear.
Throughout this section, when we refer to “the HJBQVI” it is understood that we mean
the above.

In order to perform our analysis, we must first rewrite the direct control scheme (2.8),
the penalty scheme (2.11), and the explicit-impulse scheme (2.19) in the form (4.4) by
defining S and Z" appropriately. We do so below, using the usual shorthand V* = V (7, z;)
and V"™ = (Vi, ..., V)T

For the direct control scheme, we define Z" by
[Z"V](r" @) = (M V") (4.7)
where M,, is defined in (2.7) and S by
S(h, (7", 2;),V,€) =V" —g(x;) fn=0and0<i< M (4.8)

d;e{0,1}
wiEWh

_(yrl_yrn 1
= — sup {di (H + 51)?(11)1-)2(1)2‘/”),- + al(w;)(DV"™); + f{‘(ug)) +d; (¢ — VL")}

ifn>0and 0 <i< M. (4.9)

3Though Q = [0,7) x R is not an open set, this poses no issues in our analyses since the coefficient of
the time derivative ¢ = V;(¢, x) in the HIBQVTI is negative (cf. [Toul3, Remark 7.1]).
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For the penalty scheme, we define Z" by (4.7) and S by (4.8) and

d,jE{O,l}
wiEWh
ifn>0and 0<i< M (4.10)

where v(V, w;) is defined in (2.12). It is understood that the parameter ¢ > 0 in the above
vanishes as the grid is made finer. Precisely, we mean that

e—0 as h—0. (4.11)

Lastly, for the explicit-impulse scheme, we define Z" by
[Z"V](r", ) = (MR V") (4.12)
(compare with (4.7)) and S by (4.8) and

S(h, (", z;), V, €)
: n—1 . n . _\/n
_ sup {di (mterp(V o+ al(w)AT) =V,

1 n\2 n n
- L ARG )

d;€{0,1}
wiEWh

1
+d; (f - V" + 2(b?)2(D2V")iAT>} ifn>0and 0<i< M. (4.13)
In order to prove convergence, we make the following assumptions about the quantities
appearing in the HIBQVI and intervention operator M:

(H1) f, g, a, b, I', and K are continuous functions with f and g bounded and Mg < g.

(H2) W is a nonempty compact metric space and there exists a metric space Y such that
Z(t,x) is a nonempty compact subset of Y for each (t,x).

(H3) sup;, . K(t,z,2) <O,

The assumption (H3), to be used in the stability proofs, can be interpreted as the
controller paying a cost for the right to perform an impulse. Remark 4.3.7 discusses how
this assumption can be relaxed.
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4.3.1 Monotonicity

In this subsection, we prove the monotonicity of our schemes. A scheme (% ") is monotone
(cf. [BS9L, Eq. (2.2)]) if for all h € (0,00), 2 € Q, £ € R, and V,V € B(Q),

S(h,z,V,0) < S(h,z,V,¢) whenever V >V and V(z)=V(x).

Note that the monotonicity requirement above does not involve the operator Z" and as
such, the reader may be tempted to guess that high order discretizations of the nonlocal
operator Z are possible. Unfortunately, this is not the case: high order discretizations
are generally precluded by the stronger consistency requirement of our framework (see
Remark 4.3.15 for further explanation).

Due to our choice of upwind discretization (2.5) and first order interpolation in (2.18),
all the schemes of Chapter 2 are monotone by construction. We establish this below in a
series of lemmas.

Lemma 4.3.1. The direct control scheme is monotone.

Proof. 1t is sufficient to check the monotonicity condition at grid points (see Remark 4.2.2).
In light of this, let (7, 2;) be an arbitrary grid point and let V and V be two functions
satisfying V > V and V= V” where we have, as usual, employed the shorthand V" =
V(r", x;) and ‘A/I" = V(T ,x;). By (4.8),if n =0,

S(h’ (7-”’ xi)’ V’ g) - S<h7 (Tnv xi)? Vag) = V;n - ‘zn =0.
By (4.9), if n > 0,
S(h, (t", 2;), V, £) — S(h, (7", z;),V, £)

o V;n 1 Vn 1 1 . .
< sup (4 —A + b (wi)*(DoU); + |af! (w) | (D4 U)iLian (w,)>0}
d'ie{ovl} T
wl‘EWh

- ) (O wren ) | (010
where, in the above, we have defined the vector U = V" — V" = (170” S 7 S \A/ﬁ — VT
and treated Dy and Dy (defined in (2.3) and (2.4)) as matrices. The indicator functions

L{az (wi)>0y and 1gar(w,)<oy are used to capture the fact that due to the upwind discretization,
the choice of stencil (D4 or D_) depends on the sign of the coefficient of the first derivative.
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Using the fact that the vector U has nonpositive entries and U; = V" — VZ” = 0, the
inequalities (DU); < 0, (D U); < 0, and (D_U); > 0 follow immediately from (2.3)
and (2.4). Along with the fact that V"~! — V"1 < 0, this implies that the right hand side
of (4.14) is nonpositive, as desired. O

Lemma 4.3.2. The penalty scheme is monotone.

Proof. The proof is identical to that of Lemma 4.3.1 except that instead of (4.14), we have,
by (4.10),

A

S(h, (", z;),V, €) — S(h, (", 2;),V,€) < sup {(E + edi) (%”(\A/, w;) — 3 (V, wi))}

diE{O,l}
wiEWh
= su d; + ed; ;+fb?wl2'DUz+ CL:-LU}Z' ,DUi]-alei
die{(gl}{( ) ( AT 2 ( ) ( 2 ) ‘ ( )|( + ) {z( ;)>0}
wiEWh

- )] (O wyen ) | <0 O
Lemma 4.3.3. The explicit-impulse scheme is monotone.

Proof. The proof is identical to that of Lemma 4.3.1 except that instead of (4.14), we have,
by (4.13),

N — 1
S(h, (7", ), V, €) = S(h, (7", ), V, £) < sup {(di + Ard;) S (0])2(DaU);
die{0.1} 2
’wq;GWh
+d; (interp(V”‘l, ; + a?(wnAT)A— interp(V" ™", ; + a?(wi)m)> } (4.15)
T

By (2.6),

interp(V"™Y, z; + o (w;) A7) — interp(V" ™1, 2; + a (w;) A7)
= o (V5 = Vin!) + (0 —o) (W =) <0

where 0 < a < 1 and 0 < k < M. Therefore, the right hand side of (4.15) is nonpositive,
as desired. ]

29



4.3.2  Stability

In this subsection, we prove the stability of our schemes. A scheme (S,Z") is stable (cf.
[BS91, Eq. (2.3)]) if there exists a constant C' such that for each solution V" of (4.4),
Ve < C-

To establish stability, we prove that the solutions of each scheme are bounded by
C = |fllcT + ||g|loo- Recalling the original optimal control problem defined by (1.4), this
bound has the intuitive interpretation of being the sum of the maximum possible continuous
reward and the maximum possible reward obtained at the final time:

[ 7 X wdu+ g(Xr) < T + gl (4.16)
We establish this below in a series of lemmas.
Lemma 4.3.4. The direct control scheme is stable.
Proof. Let V = V" be a solution of the direct control scheme. First, note that by (4.8),
0=S(h, (1 2:),V,") = Vi’ — g(:)

from which it follows that
—[|9lloe <V < 19]loo- (4.17)

Letting n > 0, (4.9) implies
0=—S(h, (", 2;),V,")

Vn—l —Vnr 1
> sup {H + b7 (w2 (DV™)s + a?(w) (DV™); + fl"(wL)} . (4.18)
wiewh AT 2

Now, pick j such that V]* = min; V;". It follows that Vi, — V" > 0 so that by (2.3),

" v, =2V 4+ Vi v, =VvVr4+Vr, =V
(D V )j = It (AQJ:)2 ¢ 11{0<j<M} = I ](Ax>2] 1 liocj<rry 2 0.

Similarly, by (2.4),

Vi, =V vir—-vr

(DL V")) = =5 ey =0 and (D_V"); = 2 Mﬂ'*11{j>0}<0.
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Therefore, by (2.5),
a3 (w07 (DV™); = 1 ()| (D4 V™) Liap o0y — 03 (@)l (D-V™); 1 gy 2 0.
We summarize the above findings by writing
(DoV™"); 20 and  af(w;)(DV"); = 0. (4.19)

Setting ¢ = j in (4.18) and applying (4.19),

yr=t_yn
0> R ~
|/l
and hence
VI > min V" — || flle AT (4.20)

By (4.17) and (4.20), it follows by induction on n that

miinVZ-n = _HfHoonAT - HgHoo > _”f“ooT - HgHoo for all n,

establishing a lower bound on the solution.

It remains to establish an upper bound. Let n > 0 and pick j such that V" = max; V".
By (4.7) and (4.9),

0=—S(h, (7", 2,), V, [Z"V](7", z;))

_(vrt=vr o1 N n " n
’w]'GWh

+d; (MV™); = vj“)}

and hence at least one of

0= sup. {5 @+ )@V + )} @)
or
0= (M, V"), — V" (4.22)
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has to hold. Note that (4.22) cannot be true since by (H3),
(MpV"); = sup  Ainterp(V", T'(7", 25, 2;)) + K (7", 25, ;) }
z €21 (T x;)

< sup interp(V", (7", 25, 2;)) < V", (4.23)
z;€ZM (17 x5)
Our choice of j implies V%, — V* < 0 which, similarly to (4.19), we can use to establish

Applying (4.24) to (4.21),

yr=t_yn
0g L—7~L - 4.25
>+l (1.25)
and hence
n n—1
Vi< m;fiX‘/i + || fllcc AT (4.26)

By (4.17) and (4.26), it follows by induction on n that
max V7 < | flandr + gl < IflT + gl for all m,

establishing an upper bound on the solution. O

Lemma 4.3.5. The penalty scheme is stable.

Proof. Let V = V" be a solution of the penalty scheme. Since this proof is very similar to
that of Lemma 4.3.4, we point out only parts in which it differs.

Letting n > 0, (4.7) and (4.10) imply
0=—S(h, (7", 2;), V, [T"V](T", z;))
= sup {d?(V,w) +di (MaV™)i = V" + e (V,wi)) }
die{ovl}
wZEWh

Performing some algebra and substituting in the definition of 7}*(V,w;) from (2.12), the
above equality becomes

0= sup {47 (Vo) + <, (MY = V)

d;€{0,1}
w;EWh
V;n_l B ‘/;n 1 n 2 n n n n 1 n n
= sup ¢ ———+;b0/(w)(DV")i+ai (w;)(DV")it fi"(wi)+—d; (MR V") = V') ¢
wiGWh

(4.27)

62



By (4.27),

| A VA |

0> sup {H + =0 w;) 2 (DV™); + al(w;)(DV"™); + fzn(wb)} (4.28)

Noting that the inequalities (4.18) and (4.28) are identical, we can proceed as in the proof
of Lemma 4.3.4 to obtain a lower bound on V.

To obtain the upper bound, pick j such that V;* = max; V;*. By (4.23), (M,,V"); =V} <
0. Applying this fact to (4.27),

vit—ve }

0< sup { A It §b?(wj)2(D2V")j + a;»l(wj)(DV”)j + fjn(wj) (4.29)

'LUjEWh

As in the proof of Lemma 4.3.4 (see, in particular, (4.24)), our choice of j implies (D,V™); < 0
and a}(w;)(DV"); < 0. Applying these facts to (4.29), we get

|/ VL
0 2——~ 0o 4.30
R (4.30)
Noting that the inequalities (4.25) and (4.30) are identical, we can proceed as in the proof
of Lemma 4.3.4 to obtain an upper bound on V. O

Lemma 4.3.6. The explicit-impulse scheme is stable.

Proof. Let V = V" be a solution of the explicit-impulse scheme. As usual, we proceed by
establishing a lower bound and upper bound separately.

Letting n > 0, (4.12) and (4.13) imply

0=—S(h, (1", z;), V, [ZV](T", 2;))

— [int o+ al(w)AT) = VR
— s {di (m erp(V" 1z Z;—Ll(w) T) f

1
 GOAD S0
d;e{0,1}
w; EWh

+d; ((M,J/”‘l)i -V + ;(b?)Q(DQV”)iAT> } (4.31)

By (4.31),
interp(V™=L z; + a™(w))AT) — VP 1
0> sup {m erp(V" L 2y + a?(w;)AT) =V, +(b?)2(D2V")i—|—ff(wi)}
wiGWh AT 2

ming V"' -V 1 n
> T = ADV )~ e (4:32)
-
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Now, pick j such that V;* = min V;". As in the proof of Lemma 4.3.4 (see, in particular
(4.19)), this choice of j implies (DoV'™); > 0. Setting ¢ = j and substituting this inequality
into (4.32), we obtain, after some simplification,

Vit > mkin Vi — |1 fllee AT (4.33)
Noting that the inequalities (4.20) and (4.33) are identical, we can proceed as in the proof
of Lemma 4.3.4 to obtain a lower bound on V.

It remains to establish an upper bound. (H3) implies that
(M V™), = sup {interp(V”_l, C(r", @y, 2)) + K(T7, 2y, ZL)}
2, €ZNM (17 x4)
< sup interp(V"L (7", 24, 2)) < max V' (4.34)
2, €ZN (7 1) k

Now, pick j such that V" = maxV;". As in the proof of Lemma 4.3.4 (see, in particular,
(4.24)), this choice of j implies (D2V™); < 0. Applying this fact and (4.34) to equation
(4.31) with ¢ = j yields

_ makak"_l—Vj” 1 .
0< sup 14 Ar [ flloo | +dy {max Vi = Vit ) o

d;je{0,1}

Equivalently,

0< sup {d, (m}gx Vil —-vi 4 HfHOOAT> +d; (m}gx Vit — V;")}

d;je{0,1}

= max Vit =V || fllee AT (4.35)

Noting that the inequalities (4.26) and (4.35) are equivalent, we can proceed as in the proof
of Lemma 4.3.4 to obtain an upper bound on V. O]

Remark 4.3.7. A close examination of the proof of direct control stability reveals that if
we redefine M,, by
(MnU>Z = sup {interp(U7F(Tnaxi7Z7ﬁ>> + K(Tn7xivzi)} -V
2, €ZN (17 ;)

where v > 0 and v — 0 as h — 0, we can relaz the requirement (H3) from strict inequality to
weak inequality (i.e., sup, , . K(t,x,2) < 0) without losing the stability of the direct control
scheme. Since v vanishes as the grid is made finer, this has no bearing on the consistency
proofs of the next section.

Similarly, a close examination of the proofs of penalty and explicit-impulse stability
reveals that, as in the previous paragraph, we can relazx the requirement (H3) from strict
inequality to weak inequality. In this case, it is not necessary even to redefine M.,,.
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| ] P —1

(a) A function in the family (u")sso (b) The upper half-relaxed limit @

Fig. 4.3: An example of a half-relaxed limit

4.3.3 Nonlocal consistency

As mentioned at the beginning of this chapter, our notion of consistency differs from the
usual notion defined in [BS91, Eq. (2.4)]. Before we can introduce our notion of consistency,
we review half-relaxed limits, which appear frequently in the theory of viscosity solutions.

Definition 4.3.8 ([BP87]). For a family (u")no of real-valued maps from a metric space
such that (h,x) — u"(x) is locally bounded, we define the upper and lower half-relazed limits
u and uw by

T(x) = limsupu(y) and w(x) = liminfu"(y).

h—0 h—0
y—x y—z

Half-relaxed limits are a generalization of semicontinuous envelopes. To see this, note
that if we fix a function u and take u" = u for all h, @ = u* and u = u,. See also Fig. 4.3
for an example of a family of functions along with its upper half-relaxed limit.

We are now ready to define nonlocal consistency. A scheme (S, Z") is nonlocally consistent
if for each family (u™) >0 of uniformly bounded real-valued maps from Q, ¢ € C?(Q), and
x € Q, we have

lim inf S(h, y, o + € [T6")(4)) > Fu(e, ple), Dole), Dp(w), [Tul(x))  (4:36)

y—}([
£—0
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and

limsup S(h, .+ & [L0'](0) < F* (@, 0(a). D(e), Dpla). [Tal(a)  (437)
€20

where © and u are the half-relaxed limits from Definition 4.3.8.

In the absence of the nonlocal operator (i.e., Z = Z" = 0), nonlocal consistency is
equivalent to the usual notion of consistency [BS91, Eq (2.4)]. In other words, the only
difference between nonlocal consistency and the usual notion of consistency is the explicit
handling of the nonlocal operator by half-relaxed limits.

In Chapter 2, we replaced the (possibly infinite) control sets W by a finite subset W".
A similar exercise was performed to obtain Z"(¢,z). To prove the nonlocal consistency of
our schemes, we will need to ensure that these finite subsets converge, in some sense, to the
original sets which they approximate. The appropriate notion of convergence, in this case,
is with respect to the Hausdorff metric. We recall below the definition of the Hausdorff
metric.

Definition 4.3.9 ([Mun75, Pg. 281]). The Hausdorff metric dy between two nonempty
compact subsets X and Y of a metric space (M,d) is given by

dy(X,Y) = max {sup inf d(x,y),sup inf d(z, y)} )

zeX yeYy yeY xeX
If X CY as in Fig. 4.4, then sup,cy inf ey d(z,y) = 0 so that the above simplifies to

dg(X,Y) =supinf d(z,y).
yeY xeX

A short example illustrating convergence in the Hausdorff metric is given below.

Example 4.3.10. Consider the partition X,, = {0, %, %, ..., 1} of the unit interval Y =
[0,1]. Since X,, C Y,
1
dg(Xpm,Y) =sup inf |z —y| = —
yeY zeXn, 2m
and hence dy(X,,,Y) — 0 as m — oo. In other words, the partition X,, converges (in the

Hausdorff metric) to the unit interval Y.

66



sup inf d(z,y)

Fig. 4.4: Hausdorff distance between a set and another set containing it (modified from
https://commons.wikimedia.org/wiki/File:Hausdorff_distance_sample.svg)

In the context of discretizations of controlled PDEs, we can think of the unit interval in
the above example as the control set (e.g., W) and the partition as an approximation of
that control set (e.g., W").

We are now able to state the last assumption in this chapter, concerning the convergence
of the approximate control sets W" and Z"(t, z).

(H4) As h — 0, W" converges (in the Hausdorff metric) to W and Z" converges locally
uniformly (in the Hausdorff metric) to Z. Moreover, (t,z) — Z"(t,z) is continuous
(in the Hausdorff metric) for each h.

Remark 4.3.11. By the uniform limit theorem (which states that a uniformly convergent
sequence of continuous functions has a continuous limit [Mun75, Theorem 21.6]) and (H/),
the function (t,x) — Z(t,x) is also continuous (in the Hausdorff metric).

Using (H4), we will establish the nonlocal consistency of our schemes. Before we can do
so, we require a few lemmas.

Lemma 4.3.12. Let (am)m, (bm)m, and (¢m)m be real sequences with ¢,, = min{a,,, by, }
(resp. ¢ < min{apm, by, }) for each m. Then,

lim inf ¢,,, > min{lim inf a,,, lim inf b,, } (4.38)
m—00 m—00 m—00
(resp. limsup ¢, < min{lim sup a,,, limsup b,,} ). (4.39)
m—r0o0 m—ro0 m—o0
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Proof. 1f ¢, > min{a,, b, } for each m,

inf ¢, > inf min{az, b} = min{ inf a;, inf b, }.
k>m k= k>m { ks k} {k>m k’k}m k}

Taking limits in the above yields

lim inf ¢ > lim min{ inf az, inf b} = min{ lim inf ax, lim inf b
m—o0 k>m k /m—>oo {k>m k’kgm k} {m—>oo k>m k’m—mok)m k}

where the last equality follows from the continuity of the function (z,y) — min{x,y}. Since
lim,,, o0 infg>p, 2 = liminf,, , x,, by definition, this establishes (4.38).

Similarly, if ¢, < min{a,,, b,,} for each m,

sup ¢ < sup min{ag, by} < min{sup ay, sup by }.
k>m k>m k>m k>m

As in the previous paragraph, taking limits establishes (4.39). O

The next lemma ensures us that we can approximate the term sup, .y {-} appearing in
(4.6) using the approximate control set W".

Lemma 4.3.13. Let Y be a compact metric space and p: Y X W — R be a continuous
function. Let (hpy,)m be a sequence of positive real numbers converging to zero and (Y, )m be
a sequence in'Y converging to some y € Y. Then,

sup  p(Ym,w) — sup p(g,w).
weWhm weWw

Proof. Let py, = supyewrm P(Ym, w). Since ||plle < 0o (Y x W is compact and p is
continuous), the sequence (p,,)m, is bounded. Therefore, it is sufficient to show that every
convergent subsequence of (p,,)n, converges to sup,,cy p(7, w).

In light of this, consider an arbitrary convergent subsequence of (p,,)m, and relabel it,
with a slight abuse of notation, (p,,),. Since W is compact, we can find @ € W such that

p(§, ) = sup p(g, w).
weWw

Moreover, since W' — W by (H4), we can find a sequence (w,,),, such that w,, € Whn
for each m and w,, — w € W. Therefore,

lim p, = lim  sup p(ym, w) = lim p(ym, w,) = p(J,0) = sup p(§,w).  (4.40)

m—00 m—o0
m—oc0 wEWhm weWw
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Furthermore, since W= C W by definition,

lim pp, = lim = sup p(Ym, w) < lim sup p(ym,w) = sup p( lim y,,, w) = sup p(J, w)
m—00 M=  cWhm m—o0o0 weEW weW Moo weW
(4.41)

where we have obtained the second last equality in (4.41) by using the continuity of
Y > sup,ew P(y, w). Combining (4.40) and (4.41), we obtain

lim p,, = sup p(g, w),
m—00 weW

as desired.

In the previous paragraph, we claimed that y — sup,,ciy p(y, w) is continuous. To see
that this is indeed true, let yo € Y and € > 0 be arbitrary. Since p is defined on a compact
set and thereby uniformly continuous, we can pick 6 > 0 such that for all w € W and
y1 € Y with d(yo,y1) <6, |p(yo,w) — p(y1,w)| < € and hence

sup p(yo, w) — sup p(y1, w)| < sup |p(yo, w) — ply1, w)| < e. O
weWw weWw weW

The next lemma ensures us that we can approximate the intervention operator M using
its discretization M,, given in (2.7).

Lemma 4.3.14. Let (u"),~0 be a family of uniformly bounded real-valued maps from [0, T x
R with half-relaxed limits @ and u. For brevity, let u™" = (u"(7", z0), ..., u" (7", 23/))T be a
vector whose components are obtained by evaluating the function u"(7",-) on the spatial
grid. Then, for any (t,z) € [0,T] x R,

Mu(t,z) < liminf (Myu™"); < limsup (M,u™"); < Mu(t, x).
h—0
(7" mi) = (t,2) (7" )= (t,x)

Proof. We first prove the leftmost inequality. Let (A, Sim, Ym)m be a sequence satisfying
hpmp =0 and  (Spm, Ym) — (t,2) as m — oo

chosen such that s,, = 7" =T — n,, A7 and y,, = z;,, are grid points (though not explicit
in the notation, both A7 = const. h,, and Az = const. h,, depend on m through h,,). Now,
let § > 0 and choose z° € Z(t,z) such that

Mu(t,z) = sup {u(t,D(t,z,2)) + K(t,z,2)} <u(t,T(t,z,2°) + K(t,z,2°) + 0.

z€Z(t,x)
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By (H4), we can pick a sequence (2,,),, such that z,, — z° and z,, € Z""(s,,,y,,) for each
m. For brevity, we write /" for the quantity u""(s,,, ;). Note that since s,, = 7%, u" is
the i-th entry of the vector u™m"= defined in the lemma statement. Using this notation,

(/\/lnmu"m’hm)im = sup {interp(u"m’h’”, U(Sims Ym, 2)) + K(Sms Ym, z)}
z€Zhm (s, ym,)

> interp(u™™" T(Sms Ym 2m)) + K (Smy Y, Zm)

= oy g+ (1 — ) w4+ K(Sp, Y, 2m)
where 0 < o, < 1 and £, satisfies
zy,, — D(t,z,2°) as m — oo (4.42)
(recall (2.6)). Therefore, by Lemma 4.3.12,

%ﬂigf(/\/lnm“"m’hm)im > I%nrrl}ioréf{min{u;”mﬂ, upt Y+ K(Sms Ymy Zm)

> min{lmio%f Uy, 11, lim Inf up' ¥+ K(t, z,2°). (4.43)

Now, by (4.42), (Sp, @,,) — (t,T'(t,2,2°)) as m — oo. Therefore, by the definition of the
half-relaxed limit wu,

liminfu® = liminf u"™ (s,,, 2, ) > liminf  w"(s,y) = w(t,T(t, z,2°)).  (4.44)
m—00 m m—00 m h—0
(s:y)=(t.L(t,2,2%))

Similarly, since xg, 11 — g, = Ax = const. h,y,,

liminfup’ > u(t,T(t 2, 2")). (4.45)

m—r0o0

Applying (4.44) and (4.45) to (4.43),

im

lmiogf(Mnmunm’hm)~ > u(t,T(t, 2, 2°)) + K(t,z,2°) > Mu(t,z) — 6. (4.46)

Since ¢ is arbitrary, the desired result follows.

We now handle the rightmost inequality. Let (A, Sm, Ym)m be a sequence as in the
previous paragraph. Since Z""(s,,,y,) is by definition a finite set (and hence compact),
for each m, there exists a z,, € Z"(s,,, ym) such that

(M, wmhm), = sup {interp(unm,hm, L (Smy Yms 2)) + K (Sms Yums z)}
2€ZMM (81, ym,)
= interp(u”m’hm, F(Sm; Ym, Zm)) + K<Sm7 Ym, Zm)

amup o1+ (1= am) w4 K (Sm, Yms 2m)
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where 0 < a;,, < 1 and k,, satisfies (4.42). By (H4), (z,,)m is contained in a compact set
and hence has a convergent subsequence (z,,,); with limit 2. By another application of
(H4), the right hand side of the inequality

d(2,Z(t,x)) < d(2, 2m;) + d(2,;, Z(t, 1))
approaches zero as j — oo and hence 2 € Z(t, x). Therefore, similarly to how we established
(4.43) and (4.46) in the previous paragraph,

lim sup(./\/lnmu”m’hm)im < limsup{max{u’ .1, ui’ } + K(Sm: Ym, 2m) }

< max{limsupuy ., limsupu;’ } + K(t,,2)
m—0o0 m—0o0
u(t,I'(t,x, 2)) + K(t,z, 2)
Ma(t, z). O

NN

Remark 4.3.15. The proof above relies heavily on the fact that interp is a linear interpolant
and hence the “interpolation weights” o and (1 — «) in (2.6) are nonnegative. A quadratic
interpolant, for example, takes the form

quad-interp(U, x) = aU,_1 + (1 — a — B)Uy, + BUks1

where it is not necessarily the case that the coefficients a, (1—a— ), and B are nonnegative.
This suggests that higher order discretizations of M are generally precluded by the nonlocal
consistency requirement.

We are now ready to prove the nonlocal consistency of our schemes.

Lemma 4.3.16. The direct control scheme is nonlocally consistent.

Proof. Let Q= [0,T) x R and ¢ € C**(Q). Let (u")y>0 be a family of uniformly bounded
real-valued maps from  with half-relaxed limits @ and w. Let (A, Sim, Ym, Em)m be an
arbitrary sequence satisfying

hw =0, (Spm,Ym) — (t,z), and &, —0 as m — oc. (4.47)

Without loss of generality (see Remark 4.2.2), we will assume that the sequence is chosen such
that s,, = 7" =T — n,, At and y,, = x;,, are grid points (as usual, both A7 = const. h,,
and Az = const. h,, depend on m through h,,). For brevity, let ¢! denote ¢(7",x;) and
0" = (e0, - Ph)T
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By (4.7) to (4.9),

min{SV, S@} if n,, >0
iy (S s © -+ s (270 (50 1)) = { L5 S’} (1.15)
Sy it ny, =0
where
(pﬂm*1 — Spnm 1
st == sup (A St @ Dag (D + i)
weEWhm T 2
Sr()f) = SDZZL + fm - (Mnmunm7hm)im
S = ot + &m — 9(Ym)- (4.49)

Note that in the above, we have used the notation u™" introduced in Lemma 4.3.14. Now,
by Lemma 4.3.13,

lim SV

m— 00

= —tim swp Lt ) + S0Pt 0) + 7 ()t ) + () + Oh)

Tm
m—o0 wEWhm 2

= —p(t,x) — sup {;b(t,m,w)zwm(t,x) +a(t,z,w)p.(t, ) + f(t,x,w)} . (4.50)
weWw

Moreover, by Lemma 4.3.14,

liminf S > o(t,z) — lim sup(M,,, u"™ "), > o(t,z) — Mu(t, z) (4.51)

tm
m—00 m—00

and

limsup S < ¢(t, 2) — lim inf(M,, u™"m);

m—oo m—00

< p(t,x) — Mu(t, z). (4.52)

m

Suppose now that ¢t < T Since s, — T, we may assume that s,, < T (or, equivalently,
N, > 0) for each m. In this case, taking limit inferiors of both sides of (4.48) and applying
Lemma 4.3.12 yields

Hm inf S(Am, (Sms Ym)s © + Em, [Ihmuh’"](sm, Ym))

m—r00

= lim inf min {Sr(i), 57(73)} > min {hmnl,io%f S hmf&io%f Sr(r%)}

m—o0
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Applying (4.50) and (4.51) to the above,
i inf S (o, (S, Yon) @+ s (770" (50, i)

1
> min{—gpt(t,x) — sup {2b(t, T, W) 2 0ue(t, 1) + a(t, z, w)p(t, z) + f(t, :v,w)} :
weW

o(t, ) — Mu(t, ;E)} = F,.((t,x), p(t,x), Do(t, x), D*p(t, x), MT(t,x)) (4.53)

where D?p = @, Do = (¢4, p.), and F is given by (4.6). In establishing the last equality
in the above, we have used the fact that F' = F, since F is continuous away from ¢t = T
Now, since (A, Sms Yms Em)m 1S an arbitrary sequence satisfying (4.47), (4.53) implies

liminf S(h, (s,y), + & [Z""](s,y)) > Fu(t. 2), o(t,2), Dp(t, ), D*p(t, x), Mau(t, z)),

(5,y)—(t,x)
£—0

(4.54)
which is exactly the nonlocal consistency inequality (4.36) in the time-dependent case with
7 = M. Symmetrically, we can establish the inequality

timsup S(h, (5,9), @ + & [T'u](5,9) < F*((t, ), 9(t, ), Dp(t, 2), Do(t, 7), Ma(t, 2)),
(a2 (k)
£—0

(4.55)
which corresponds to the nonlocal consistency inequality (4.37).

Suppose now that ¢ = T'. Since s, — t, it is possible that s,, = T (or, equivalently,
Ny, = 0) for one more indices m in the sequence. Therefore, by (4.48),

S (P ($ms Ym)> # + &y [T 0" (810, ym)) = min { ST, 52, 53
= min (min {Sﬁ,{), S,(,f)} ,S,(,f:’)) . (4.56)
An immediate consequence of the definition of S(3) in (4.49) is that

Taking limit inferiors of both sides of (4.56) and applying Lemma 4.3.12 and (4.50), (4.51),
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and (4.57),
b0 (s, (3o ). -+ s (20 (510, 10)

1
> min (min{—g@t(t,z) — sup {Qb(t’ T, W) 20 (t, 1) + a(t, z, w)p.(t, 2) + f(t,, w)} :
weW

o(t,x) — Mu(t, x)}, min{gp(t, x) — g(x), o(t,x) — Mu(t, x)})
= F.((t,7),0(t,x), Dp(t, ), D*p(t, z), Mu(t, x)).

As in the previous paragraph, the above implies the nonlocal consistency inequality (4.54).

It remains to establish (4.55) in the case of ¢ = T. Since Mg < g by assumption (H1),
it follows that ¢(y,) = max{g(ym), Mg(ym)} for each m. Therefore,

S = ppm + & — max{g(ym), Mg(ym)}
= min {wyg +&m = 9(Ym), i + Em — Mg(ym)}
= min {7 + € — 9(ym), @1 + Em — (Mo )i, + O((A2)) }

where in the last equality, in which we have used ¢ to denote the vector § = (go, ..., 9m)7,
we have employed the fact that there is O((Az)?) error in approximating the intervention
operator M by the discretized intervention operator M, due to the linear interpolant. By
Remark 4.4.2, we can, without loss of generality, assume that u” is a solution of the scheme
so that u)" = V(79 2;) = g(x;) for all i, corresponding to the terminal condition. It
follows that, letting

4 = min {7 + & = g(ym), o1 + En — (Mo, u™ ), + O((Az))
we have S3) = S whenever n,, = 0. Therefore, by (4.48)
S (s (Sms Ym)» @ + &ons [T 0" (810, ym)) < max (min { S, P}, SW) . (4.58)
Moreover, by Lemmas 4.3.12 and 4.3.14

limsup SW < min {¢(t, 2) — g(x), p(t, ) — Mu(t,z)} . (4.59)

m—r0o0

Taking limit superiors of both sides of (4.58) and applying Lemma 4.3.12 and (4.50), (4.52),
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and (4.59),

Hm sup S(hm, (Sm, Ym)s © + Em, [Ihmuhm}(sm, Ym))

m— 00

1
< max (mm{—gpt(t, .T) — sup {2b(t7 Z, w)QSOmz(ta J]) + a(t7 Z, w)%c@ .T) + f(t, Z, w)} )
weWw

olt, 1) — Ma(r, az)}, mind o(t,2) — g(e), o(t, 2) — Mu, m>}>
= F*((t,x), p(t,x), Do(t, x), D*p(t, x), M(t,z)),
which establishes (4.55), as desired. O

Lemma 4.3.17. The penalty scheme is nonlocally consistent.

Proof. Recalling that the penalty scheme can be viewed as an approximation of the direct
control scheme (see (2.11) and (2.12) and the text following these equations), it is no
surprise that the proof of nonlocal consistency for the penalty scheme is nearly identical to
the proof of Lemma 4.3.16. Namely, to obtain the proof for the penalty scheme, we need
only replace the definition of S(?) in (4.49) by

S = o 4 & — (M, u"™"), + €S (4.60)

where we have used the hat symbol * to distinguish the new definition from the old. Since
€S — 0 as m — oo by (4.11), it follows that

liminf $% = liminf S and limsup S? = limsup S?
m—o0 m—ro0 m—o0 m—r0o0

so that no other changes to the proof of Lemma 4.3.16 are necessary. O]

Next, we establish the nonlocal consistency of the explicit-impulse scheme. The argu-
ments in the proof will exploit heavily the fact that M Az — oo (see (4.5)) in order to
ensure that no overstepping error is made in the approximation (2.18). In Appendix C, we
consider the explicit-impulse scheme on a truncated domain, in which case we cannot rely
on arguments involving M Ax — co. We will see, in Appendix C, that to establish nonlocal
consistency in the truncated case requires us to modify the spatial grid so that the distance
between the first and last two grid points (x; — o and xp; — 1) vanishes sublinearly with
respect to h. In practice, this is not a grave issue since we are not interested in obtaining
high accuracy at the boundaries.

75



Lemma 4.3.18. The explicit-impulse scheme is nonlocally consistent.

Proof. Let Q= [0,T) x R and ¢ € CY%(Q). For brevity, let ¢ denote (7", z;) and " =
(©5s s @h)T. Let (R Sms Ym, Em)m be a sequence chosen as in the proof of Lemma 4.3.16
so that s, = 7" and y,, = x;,, are grid points. Then,

interp(¢™™ ! + &y Y + Al (W)AT) — (T, Ym) — Em

AT
(S + AT, Y + AP (W)AT) = 0(Sm, Ym) + Em — Em (Az)?
— m 10
AT AT
(Az)?

=@t x)+alt,z,w)p.(t,z) + O ( + AT) = @i(t,z)+alt,z,w)p.(t,z) + O (hy)

(4.61)

AT

by a Taylor expansion (compare with Section 2.6). As mentioned in the text preceding
the lemma statement, we have exploited (4.5) to ensure that the point y,, + a;™ (w)AT
is contained in the interval [—(M/2)Ax, (M/2)Az] for m sufficiently large (recall that
MAz — oo as h,, — 0).

As with the penalty scheme, only a minor modification of the proof of Lemma 4.3.16
is required to obtain the proof of nonlocal consistency of the explicit-impulse scheme. In
particular, we need only replace the definitions of S{V and S(?) in (4.49) by

S(l) = — sup interp((pnm_l + fma Ym + a:i,:n (w)AT) — @(Tnma ym) — gm
" weWhm AT
1
G Do)+ Fir )
and

S = i 4 & — (Mg, umm =),

As usual, we have used the hat symbol * to distinguish the new definitions from the old.
Note that by (4.61),

m*

lim S = lim S

m—r0o0 m—0o0

Moreover, by Lemma 4.3.14,

Ag)

> p(t,z) — limsup(M,,, u" =), > p(t, z) — Ma(t, x)

m— 00

lim inf
m—0o0
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and A
limsup $2 < p(t, z) — linl)inf(/\/lnmu"m’l’hm)-

im
m—0o0

< p(t,z) — Mu(t, x)

(compare with (4.51) and (4.52)) so that no other changes to the proof of Lemma 4.3.16
are necessary. O

4.3.4 Convergence result

In this subsection, we give the convergence result for our schemes. First, we recall what
it means for (4.2) to satisfy a comparison principle. In particular, we say that PDE (4.2)
satisfies a comparison principle if the following condition is met:

if U,V € B(Q) are a subsolution and supersolution, respectively, of (4.2), then U < V.
(4.62)

We can now state our convergence result.

Theorem 4.3.19. Suppose (H1)-(H/) and that the HIBQVI satisfies a comparison princi-
ple. Then, as h — 0, solutions of the direct control, penalty, and explicit-impulse schemes
converge locally uniformly to the unique bounded solution of the HIBQVI.

The above is an immediate corollary of a more general convergence result for the nonlocal
PDE (4.2) given in the next section.

Note that Theorem 4.3.19 depends on the HJBQVI satisfying a comparison principle.
Below, we establish that a comparison principle holds for the HJBQVI if the coefficients a
and b do not depend on time and are Lipschitz in space. This result appears in our article
[Azi17b]. The proof, being somewhat technical, is deferred to Appendix D.

Theorem 4.3.20. Suppose (H1)-(Hj) and that the functions a and b are independent of
time (i.e., a(t,z,w) = a(x,w) and similarly for b) and satisfy the Lipschitz condition

la(x,w) — a(y,w)| + |b(x,w) — by, w)| < const. |z — y|

where const. does not depend on w. Then, the HIBQVI satisfies a comparison principle.

4.4  General convergence result

In this section, we show that any monotone, stable, and nonlocally consistent scheme for a
nonlocal PDE satisfying a comparison principle converges to the unique solution of that
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PDE. As an immediate corollary, we obtain Theorem 4.3.19 of the previous section. No
assumptions are made about the set €2, other than that it is a subset of d-dimensional
Euclidean space.

Theorem 4.4.1. Suppose the PDE (/.2) satisfies a comparison principle. Let (S,I") be
a monotone, stable, and nonlocally consistent scheme for (/.2). Then, as h — 0, V" (a
solution of (4.4)) converges locally uniformly to the unique bounded solution of (4.2).

Proof of Theorem /.4.1. The proof follows closely that of [BS91, Theorem 2.1], differing
mainly in its use of the nonlocal consistency requirement.

Let V and V denote the half-relaxed limits of the family (V"),~o. We seek to show
that V is a subsolution and V is a supersolution of (4.2). In this case, (4.62) yields V <V,
while the reverse inequality is a trivial consequence of the definition of V' and V. Therefore,
V =V =V is a (continuous) solution of (4.2). It follows that

lim V"(y) = V(z) forz € Q,
h:O
y—T

from which we obtain that convergence is locally uniform.

Returning to our previous claim, we prove that V is a subsolution (that V is a superso-
lution is proved similarly). To this end, let z € Q be a local maximum point of V' — ¢ where
¢ € C?(Q2). By definition, we can find a neighbourhood (relative to ) U of z whose closure
is compact and on which z is a global maximum point of V — . Without loss of generality,
we may assume that this maximum is strict, V(z) = ¢(z), and ¢ > 1+ supy, [|V"]|w outside
U (cf. proof of [BS91, Theorem 2.1]). By the definition of V', we can find a sequence
(R, T)m such that h,, — 0, x,, — z, and V" (x,,) — V(z). Now, for each m, pick
Ym € U such that

VI () = @(ym) = sup {V"™ (y) — o(y) }

yeU

That the supremum is attained is made possible by the assumption that V" has finite range
(see Section 4.2). Due to the compactness of U, we can pick a subsequence of (A, T, Ym )m
such that its last argument converges to some point § € U. With a slight abuse of notation,
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relabel this subsequence (A, T, Ym)m- 1t follows that

0=V(2)—p() = lim {V"(2,.) — ()}

m— 00

< lim sup {Vh’” (Ym) — @(ym)}

m—0o0

< limsup {V"(y) - ¢(y)}
h—0
Yy—y

V() — e(9).

Because x was assumed to be a strict maximum point, the above inequality implies § = x.
Letting &,, = V" (y,,) — ©(ym), we have &,, — 0 and V' < ¢ + &, for m sufficiently large
(recall that outside of U, ¢ + &, = 1+ supp-g ||V"]|eo + &n)- Now, the definition of V" and
the monotonicity of S yield

N

0 = SR, Yo, V" [T V"™ (y10)) = SRy Yms @ + &y [TV | ()
for m sufficiently large. Taking limit inferiors and employing nonlocal consistency,

0 = liminf S(hu, Ym, @ + &m, [Ihmvhm](ym))

m—00

> liminf S(h,y, ¢ + & [Z"V")(y))

y%x
£—0

which is the desired inequality, since V(z) = p(x). O

Remark 4.4.2. Recall that the functions (u"),so appearing in the nonlocal consistency
inequalities (4.56) and (/.37) are an arbitrary family of uniformly bounded real-valued maps.
However, a close inspection of the above proof reveals that we only use these inequalities
with u" = V" where V! is a solution of the scheme (/./). Therefore, in establishing nonlocal
consistency we can, without loss of generality, assume that u" is a solution of the scheme.

We close this section by mentioning an extension of Theorem 4.4.1 that allows us to
approximate solutions that are not necessarily bounded (the proof is identical to that of
Theorem 4.4.1, save for minor modifications). This is of practical importance, since many

problems in finance do not have bounded solutions. Let By;(2) be the set of all functions
V: Q — R satisfying the polynomial growth condition

[V (z)| < const.(1 + |z|%) for all z € Q.
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Now, relax (i) the stability condition to read
there exists a unique solution V" € By(Q) of (4.4) for each h > 0,

(ii) the consistency condition by requiring (4.36) and (4.37) to hold more generally for
families (u")ns0 C Bq(Q)) not necessarily uniformly bounded, and (iii) the comparison

principle (4.62) by replacing instances of B(£2) by By(€2). Then, we obtain a relaxation of
Theorem 4.4.1 which allows for solutions of polynomial growth.

4.5 Extensions

4.5.1 The infinite horizon (steady state) case

Recall that in Chapter 2, we gave versions of the direct control and penalty schemes for
the infinite horizon HIBQVI (2.13). The arguments for these infinite horizon schemes are
nearly identical to those in Section 4.3, save that we obtain the stability bound || f||s3~"
instead of || f||e?” + ||g]|co- Similarly to (4.16), this bound has the intuitive interpretation
of being the maximum possible continuous reward in (2.14):

[T e X wdu <l [ e < e [ e = 1187
t ¢ 0

4.5.2 Higher dimensions

The HIBQVI (1.5) is a special case of the following higher dimensional HIBQVT [()S05,
Chapter §]:

min {—Vt —sup {LV(t,z)+ f(-,w)},V — MV} =0on[0,7) x D

weW

min {V(T,:) — ¢, V(T,-) = MV (T,-)} =0 on ® (4.63)

where

LV(tx) = ;trace(b(~,w)b(-, w)TD?V) + (a(-,w), DV).

In the above, DV and D2V are the gradient vector and Hessian matrix of V' (with respect
to the spatial coordinate z = (x1,...,74)) and ® C R% Note that in the above, a and b are
no longer real-valued functions but rather d x 1 vector and d x d matrix valued functions.

80



If no cross-derivatives appear in (4.63) (i.e., if b is a diagonal matrix at each point in its
domain), the direct control, penalty, and explicit-impulse schemes can be made to handle
the higher-dimensional case by extending the finite difference approximations Dy and D
to higher dimensions in the obvious way. An analogous claim can be made for a higher
dimensional relaxation of the infinite horizon HIBQVI (2.13).

However, in the general case involving cross-derivatives, special care must be taken to
ensure that the schemes are monotone, either by employing wide-stencils [Obe08; CW16;
CW17; MF17] or by techniques involving interpolation [DJ13]. We do not handle the
cross-derivative case in this thesis, leaving it for future work.

4.6 Summary

In this chapter, we extended the Barles-Souganidis framework to nonlocal PDEs in a general
manner. We used our results to prove the convergence of the direct control, penalty, and
explicit-impulse schemes to the viscosity solution of the HIBQVI.
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Chapter 5

Numerical results

In this chapter, we apply the findings of the previous chapters to compute numerical
solutions of the following impulse control problems from finance:

(A) Optimal control of the foreign exchange (FEX) rate.
(B) Optimal consumption with fixed and proportional transaction costs.

(C) Guaranteed minimum withdrawal benefits (GMWBs) in variable annuities.

Each of these three problems is a special case of the general impulse control problem
involving (1.4). As a result of our numerical tests, we also gain a sense of the relative
efficiency of the direct control, penalty, and explicit-impulse schemes.

Our work is the first to give a numerical implementation of problem (A) in the finite
horizon setting (i.e., T' < o0). Previously, only “semi-analytic” solutions had been considered
in the infinite horizon setting (i.e., T'= o0o) in [CZ99, Section 5] and [CZ00, Section 4]. We
are also the first to give a numerical implementation of problem (B) in the finite horizon
setting. Though an infinite horizon implementation of this problem was given in [C(S02],
the technique used therein is iterated optimal stopping, which is well-known to have a
high space complexity and prohibitively slow convergence rate when extended to the finite
horizon setting [BFL14]."

'We mention also the related works [MRS16; ARS17], which employ a penalty-like scheme for infinite
horizon consumption problems.
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We have seen in Chapter 3 that for the direct control scheme, policy iteration must be
performed on a subset P’ of the original control set P. Unfortunately, this subset has to
be picked on a problem-by-problem basis, making the direct control scheme less robust
than the penalty scheme, for which no additional effort is required to ensure convergence
of the corresponding policy iteration. As such, in this chapter, we seek to answer the
following natural question: if both schemes converge to the same solution, is there an
advantage to using the direct control scheme? (e.g., could it, at least empirically, exhibit
faster convergence?)

Our contributions in this chapter are:

e Applying the direct control, penalty, and explicit-impulse schemes to three classical
impulse control problems from finance (as mentioned above, some of these problems
had not been previously considered numerically).

e Comparing the performance of the three schemes.

The results of this chapter appear in our article

P. Azimzadeh and P. A. Forsyth. “Weakly chained matrices, policy iteration, and
impulse control”. In: STAM J. Numer. Anal. 54.3 (2016), pp. 1341-1364

5.1 Optimal control of the foreign exchange (FEX) rate

In this section, we study the problem described in Example 1.1.2, in which a government is
interested in influencing the FEX rate of its currency.

5.1.1 Artificial boundary conditions

As discussed in Section 4.3, it is computationally intractable to solve the HIBQVI (1.7) of
Example 1.1.2 since it is posed on the unbounded domain [0, 7] x R. In light of this, we
truncate the domain to a bounded set [0, 7] x [—R, R]. To ensure that that impulses do
not leave the truncated domain, we similarly truncate the control set Z(t,x) = R in (1.8)
to [-R — x, R — z|. Artificial boundary conditions are introduced as per Appendix C.
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Parameter Value

Maximum interest rate differential — w™* 0.07
Drift speed " 0.25

Volatility o 0.3

Target m 0

Effect of interest rate differential y 3
Proportional transaction cost K 1
Fixed transaction cost c 0.1

Discount factor B8 0.02

Horizon T 10

Truncated domain boundary R 2

Table 5.1: Parameters for FEX rate problem

5.1.2 Implementation details

Unless otherwise specified, we use BICGSTAB with an ILUT preconditioner [Saa03, Section
10.4] to solve all linear systems. POLICY-ITERATION, used to obtain solutions of the direct
control and penalty schemes, is terminated at the /-th iteration if the error tolerance

{ Uf - U

max{|U/|, scale}

max
(2

} < tolerance (5.1)

is met. The parameter scale is used to ensure that unrealistic levels of accuracy are not
imposed if the solution is close to zero. We use scale = 1 and tolerance = 1076 for all
experiments. For the penalty scheme, we use the penalty parameter (recall (4.11)) e =
1072A7. For the direct control scheme, we use the scaling factor described in Remark 3.3.2
with 6 = 1072, The explicit-impulse scheme is optimized as per Remark 2.5.1 whenever
possible. Since these implementation details are the same for all problems considered in
this chapter, we do not repeat them.

5.1.3 Convergence tests

For the numerical tests in this section, we use the parameters in Table 5.1. Table 5.2 reports
the size of the numerical grid. In particular, we report the number of timesteps 7", spatial
points z;, stochastic control points w;, and impulse control points z;. The value of R is
chosen large enough to ensure high accuracy within a region of interest (in this case, at the
point z = m).
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h Timesteps x points w points 2z points
1 16 32 8 16

1/2

32 64

16

32

Table 5.2: Numerical grid for FEX rate problem

h Value V*(t = 0,2 =m) Avg. policy its. Avg. BiCGSTAB its. Ratio Norm. time
1 -1.59470667276 2.50 1.65 1.24e+01
1/2 -1.60161214854 2.53 1.82 4.30e+01
1/4 -1.60009885637 2.33 2.80 -4.56  2.53e+02
1/8 -1.59882094629 2.33 2.96 1.18 1.88e+03
1/16 -1.59796763572 2.36 2.97 1.50 1.73e+04
1/32 -1.59753341756 2.34 2.95 1.97 1.42e+05
1/64 -1.59730416122 2.34 2.90 1.89 1.04e+06
(a) Direct control scheme
h Value V(t = 0,7 =m) Avg. policy its. Avg. BiCGSTAB its. Ratio Norm. time
1 -1.59542996288 2.56 1.95 1.23e+4-01
1/2 -1.60176266672 2.53 2.13 4.70e+01
1/4 -1.60012316809 2.34 2.08 -3.86 2.87e4-02
1/8 -1.59883787204 2.33 3.08 1.28 2.09¢+03
1/16 -1.59796948734 2.36 3.19 1.48 1.83e+04
1/32 -1.59753376608 2.35 3.17 1.99 1.42e+05
1/64 -1.59730437362 2.34 3.18 1.90 1.04e+06
(b) Penalty scheme
h  Value Vi(t =0,2 =m) Ratio Norm. time

1 -1.21009825238 1.00e+4-00

1/2 -1.40343492151 7.14e4-00

1/4 -1.50140778899 1.97 5.69e+01

1/8 -1.54909952448 2.05 4.44e+4-02

1/16 -1.57273173354 2.02 3.33e+4-03

1/32 -1.58474899304 1.97 2.84e4-04

1/64 -1.59084952538 1.97 2.34e405

(¢) Explicit-impulse scheme

Table 5.3: Convergence tests for FEX rate problem
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Fig. 5.1: Numerical solution of FEX rate problem

Convergence tests are shown in Table 5.3. Times are normalized to the fastest explicit-
impulse solve. The ratio of successive changes in the solution is reported. The average
number of policy iterations and BiCGSTAB iterations per timestep are also reported.
For the explicit-impulse scheme applied to the exchange rate problem, we note that the
linear system solved at each timestep n involves a tridiagonal matrix A (see (2.22) and
Remark 2.5.1). Therefore, in this special case, we use a direct solver. As such, no iteration
counts are reported for the explicit-impulse scheme.

Recall that the explicit-impulse requires only a single linear system solve per timestep.
The direct control and penalty schemes, on the other hand, require the use of policy
iteration at each timestep. Policy iteration can, in the worst case, require |P| linear
system solves [BEFS16], where P is the set of controls (recall Section 3.3). If the discretized
control sets W" and Z"(t,x) are each of size O(1/h), this corresponds to a total of
O(|P]) = O(1/h? - 1/(Ax)?) = O(1/h%*?) iterations, where d is the dimension of the
problem (in the case of the FEX rate problem, d = 1). However, this worst case bound is
much more pessimistic than what is observed in practice since in Table 5.3, we see roughly
a constant number of policy iterations per timestep.

We close this subsection with a few more observations. The direct control and penalty
schemes are nearly identical in performance and accuracy. Compared to the explicit-impulse
scheme, these two schemes require more execution time but produce solutions that are more
accurate even for large values of h. As h approaches zero, we see that all three schemes
tend to linear convergence rates (i.e., Ratio =~ 2).
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5.1.4 Optimal control

Consider the optimal control in Fig. 5.1a. If the FEX rate is sufficiently close to the target
m = 0, the government does not intervene in the FEX market. That is, no impulses occur
in the region (—n,n) for some 7. In this region, the government influences the FEX rate
by choosing the interest rate differential w (depicted by the smooth curve in Fig. 5.1a).
However, if the FEX rate lies outside of this region, the government intervenes by selling
large amounts of foreign currency to bring the FEX rate back to some acceptable level
+no satisfying m < n9 < n. For example, at the point x = 7, the government performs the
impulse z = 1y —n (depicted by the rightmost arrow in Fig. 5.1a) in order to instantaneously
change the FEX rate to x + z =n+ (o — 1) = no.

The above suggests that the solution V' satisfies
V(t,z) = V(t,m0(t) — & (|z] = no(t)) —c i || = n(t)

where, as reflected in the notation, n and 7y are allowed to depend on time ¢. In other
words, V' is asymptotically linear in space. This is reflected in Fig. 5.1b.

5.2  Optimal consumption with fixed and proportional costs

The problem of an investor consuming optimally was first studied in the celebrated article
[Mer71]. To incorporate both fixed and proportional transaction costs, the model was
extended to the impulse control setting in [()S02]. In that paper, the authors consider an
investor that, at any point in time, has two investment opportunities: a risky investment
and a safe bank account.

e At all times, the investor picks the rate at which they consume capital from the bank
account.

e The investor picks specific times at which to transfer money from the bank to the
risky investment or vice versa.

Let w; denote the investor’s rate of consumption at time t. Let & < & < --- < 0o be
the times at which the investor transfers money between the accounts, with corresponding
amounts z1, zo,... A positive value for z, indicates that money is moved from the bank
account to the risky investment at time &,, while a negative value indicates flow of money
in the opposite direction.
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Subject to the above, the risky investment S and bank account ) evolve according to

dS; = pSidt + 05;dB, for t #&1,&, ...
dQy = (rQ; — wilyg,>0y)dt for t # £1,&, ...
Se, = Se,— + 20 fort= 1, 2,...
Qe, = Qe — 20— K|z| — ¢ for/ =1, 2,...

where p, o, and r are nonnegative constants representing the drift, volatility, and interest
rate. The term r(); in the above corresponds to the riskless return from the bank account,
which is reduced by the rate of consumption w;. The indicator function 14g,0) is used to
ensure that the bank account cannot become negative. The constants ¢ > 0 and 0 < x < 1
parameterize the fixed and proportional costs of moving money to/from the bank account.

To prevent the investor from consuming too quickly, we impose the restriction |w;| <
w™*, We assume that the control z, must be chosen such that the portfolio remains solvent
(i.e., the risky investment and bank account must remain nonnegative at all times).

The investor’s objective is to maximize their utility by consuming optimally. Letting
x = (s,q) and 0 = (w; &y, 21; &, 205 . . .) denote a control, the investor’s utility is captured by
the objective function

_grmax{Qr + (1 — k) Sr —¢,0}7
Y

T wY
J(t,2;0) =E /t e—ﬁu7“1{Qu>o}du+e

(51-.00) = ]

where 0 < v < 1 captures the investor’s aversion to risk and [ is a nonnegative discount
factor. The term w) /v corresponds to the utility gained from consumption. The term
max {Qr + (1 — k) St — ¢,0}" /v corresponds to the investor consuming their net worth at
the final time (modeling, for example, retirement).

In [¥S05, Example 8.3], standard dynamic programming arguments are used to transform
the optimization problem V(¢,z) = sup, J(¢, ;) into the equivalent HIBQVI

N
min {—Vt —  sup {E“’V + e‘ﬂtu;l{qw}} V= MV} =0on [0,7) x [0, 00)?

we [O,wmax}

min {V(T,-) — g,V(T,-) — MV(T,-)} = 0 on [0, 00)* (5.2)
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where
1
‘va(ta S, Q) = 50252‘/88(t7 S, q) + ,US‘/;(t, S, q) + (Tq - U)]-{q>0}) V;](ta S, C])
MV(t,s,q) = sup V(t,s+2,9q—z2—kK|z|—c)
2€Z(s,q)
Z(s,q) ={z:s+z2>20n{z:q—2z—K|z| —c =0}
—prnax {¢g+ (1 —kK)s—¢,0}"
Y
Note that the above is a two dimensional HJBQVI with no cross-derivatives and can hence

be handled by obvious extensions of the direct control, penalty, and explicit-impulse schemes
discussed in the previous chapter (see Section 4.5.2).

(5.3)

9(s,q) =

5.2.1 Artificial boundary conditions

As usual, we do not solve the HIBQVI (5.2) directly but rather truncate the domain and
introduce artificial boundary conditions. In particular, letting s and R, be large positive
numbers, we work on the truncated domain [0, 7] x [0, Rs] x [0, R,].

In [COS02], the authors solve an infinite horizon version of the optimal consumption
problem. In that paper, they use the artificial Neumann boundary conditions Vi,(¢, Rs, ¢) =
Vis(t, Rs,q) = 0 and V(t,s, R;) = 0. We follow the approach of [C(S02] here, defining the
operator L% by

w 1
‘CRV(t> S, Q) = (20252‘/:95(ta S, Q) + /’LS‘/S(t7 S, q)) 1{S<Rs} + (rq - wl{‘]>0}) %(tv S, Q>1{Q<Rq}
(5.4)
(compare with £ in (5.3)). For convenience, we also define the sets

Q=1[0,T)x[0,Ry] x [0,R,] and 0FfQ=0Q\Q={T} x[0,R] x [0, R,
Instead of the HIBQVTI (5.2), we solve numerically the “truncated HIBQVI”
v
min {—Vt — sup {E%V + e‘Btil{PO}} V— MRV} =0on

we[0,wmax]
min{V — g,V — MzV} =0on 9;Q
where L% is given by (5.4), g is given by (5.3), and

MgVt s,q) = sup V(t,s+z,q—z—k|z|—¢c)
2€ZRr(s,q9)

Zr(s,q) ={2: 0<s+2< R}N{z: 0<qg—2—k|z| —c < Ry}
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Parameter Value

Maximum withdrawal rate wMax 100
Drift I 0.11

Volatility o 0.3

Interest rate r 0.07

Proportional transaction cost K 0.1
Fixed transaction cost c 0.05
Relative risk aversion 1—7 0.7
Discount factor B8 0.1

Horizon T 40

Initial risky investment value S0 45.20
Initial bank account value Qo 45.20

Truncated domain boundaries (Rs, R;) (200, 200)

Table 5.4: Parameters for optimal consumption problem from [C(O)S02]

h Timesteps s points ¢ points w points 2z points

1 32 20 20 15 15
1/2 64 40 40 30 30

Table 5.5: Numerical grid for optimal consumption problem

Note that Mg restricts controls to lie in the set Zg(s,q) to ensure that impulses do not
leave the truncated domain (compare with M in (5.3)).

5.2.2 Convergence tests

For the numerical tests in this section, we use the parameters in Table 5.4. Table 5.5 reports
the size of the numerical grid. Convergence tests are shown in Table 5.6.

As in the FEX rate problem, the direct control and penalty schemes are nearly identical
in accuracy and exhibit linear convergence. Unlike the FEX rate problem, the average
number of BICGSTAB iterations per timestep increases much faster for the direct control
scheme than the penalty scheme, resulting in larger execution times. This is due to the
matrices associated with the penalty scheme being generally better conditioned than those
associated with the direct control scheme, a claim which we have verified numerically. A
possible explanation for this phenomenon is to recall that by (3.19) and an application of
the Gershgorin circle theorem, the matrix A(P) associated with the penalty scheme has

91



h Value V*(t = 0,s0,q0) Avg. policy its. Avg. BiCGSTAB its. Ratio Norm. time

1 56.0621229141 7.63 9.77 1.63e+01
1/2 58.7392240395 8.80 16.7 2.93e+02
1/4 59.4201246475 10.4 23.7 3.93 5.66e+03
1/8 59.6584129364 11.8 38.7 2.86 1.03e+05
1/16 59.7547798553 13.3 59.2 2.47 1.85e+-06
1/32 59.7972061330 14.2 92.3 2.27 3.05e+07

(a) Direct control scheme

h Value V" (t = 0,s0,q0) Avg. policy its. Avg. BICGSTAB its. Ratio Norm. time

1 56.0584963190 4.09 5.85 1.03e+01
1/2 58.7390408653 3.95 6.99 1.47e4-02
1/4 59.4200754123 3.40 7.99 3.94 1.99e+03
1/8 59.6583990235 3.04 11.2 2.86 2.69e+04
1/16 59.7547779953 2.80 15.4 2.47 4.02e+05
1/32 59.7972150004 2.58 15.4 2.27 5.86e-+06

(b) Penalty scheme

h Value V*(t = 0,50,q0) Avg. BiCGSTAB its. Ratio Norm. time

1 55.6216321734 1.00 1.00e4-00
1/2 58.7820641022 2.00 1.55e+01
1/4 59.4045764001 3.00 5.08 2.60e+02
1/8 59.5693702945 4.00 3.78 4.05e4-03
1/16 59.6511861506 6.00 2.01 6.68e4-04
1/32 59.7053148416 8.00 1.51 1.11e4-06
1/64 59.7483254658 10.8 1.26 1.85e+4-07

(¢) Explicit-impulse scheme

Table 5.6: Convergence tests for optimal consumption problem
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Fig. 5.2: The i-th Gershgorin disc (in the complex plane) for the penalty scheme

eigenvalues bounded away from zero by a distance of 1/A7 (Fig. 5.2). In the case of the
direct control scheme, no such guarantees can be made (see (3.25)).

For the explicit-impulse scheme, we note that the average number of BICGSTAB
iterations per timestep are nearly integer, suggesting that the number of BiCGSTAB
iterations is roughly a constant independent of the timestep n. A possible explanation for
this phenomenon is to recall that at each timestep n, the explicit-impulse scheme involves
solving, for the vector V", a linear system of the form

AV ="

(see (2.21) and Remark 2.5.1). In the above, we have made explicit the dependence of the
right hand side on the timestep n by writing y™. Since the matrix A does not depend on the
timestep n, we expect BICGSTAB to have similar performance from timestep to timestep.

5.2.3 Optimal control
Consider the optimal control in Fig. 5.3a. As in [C()S02], three regions are observed in an
optimal control: the buy (B), sell (S), and no transaction (NT) regions. In the B and S

regions, the controller performs an impulse to jump to the closest of the two lines marked
A; and Ay. In NT, the controller consumes capital.

5.3  Guaranteed minimum withdrawal benefits (GMWBs)

A variable annuity is a contract between an individual and an insurance company that
provides a guaranteed stream of cash flows. The contract is bootstrapped by an up-front
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Fig. 5.3: Numerical solution of optimal consumption problem

premium from the individual to the insurance company, which is immediately invested
in a diversified portfolio (e.g., an exchange-traded or mutual fund). While the contract
guarantees a minimum stream of cash flows, these flows may exceed the guaranteed amount

if the portfolio performs well.

A particularly popular variable annuity, the GMWB, was first studied as a singular
control problem in [DKZ08]. Shortly thereafter, it was recast as an impulse control problem
in [CF08] and solved numerically therein. Roughly speaking, impulse control is more general
than singular control: when the fixed cost of an impulse approaches zero, a solution of an
impulse control problem tends to that of a corresponding singular control problem; see, e.g.,
[MR83a; MR83b; 0ks99].

A GMWB is composed of a risky investment S and a guarantee account ). It is
bootstrapped by an up-front payment sy, to an insurer, placed in the risky investment
(i.e., So = sp). A GMWB promises to pay back at least the lump sum sy, assuming that
the holder does not withdraw above a certain contract-specified rate. This is captured
by setting Qg = s¢ and reducing both the risky investment and guarantee account on a
dollar-for-dollar basis upon withdrawals. The holder can continue to withdraw as long as
the guarantee account remains positive. In particular:

e At all times, the holder picks the rate at which they withdraw capital continuously.

e The holder picks specific times at which to withdraw a finite amount subject to a
penalty imposed by the insurer.
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Let w; denote the withdrawal rate at time t. Let & < & < --- < 0o be the times at
which the holder withdraws amounts z, 2o, ... Subject to the above, the risky investment
S and guarantee account () evolve according to

dS; = ((r —n)S; — wilys, 0,>01)dt + 0.5,dB, for t # &,&,, ...
dQy = —wilig,>0dt for t #&,&, ...
S, = max{S¢,- — 2,0} fort =1, 2,...
Qe, = Qe — 20 fort= 1, 2,... (5.5)

where r and o are nonnegative constants representing the interest rate and volatility and
n < r corresponds to a proportional management fee paid to the insurer. As is usually
the case in risk-neutral options pricing, the “real” drift u of the stock does not make an
appearance in (5.5).

To prevent the holder from withdrawing too quickly, we impose the restriction |w,| <

w™*, We also assume the holder cannot deposit into or withdraw more than the value of
the guarantee account, captured by the restriction 0 < 2, < Q¢,—.

Letting x = (s,q) and 0 = (w; &, 21; &, 22; . . .) denote a control, the value of the GMWB
is captured by the objective function

T
J(t,z;0) =FE [/ e Mw, g, sopdu+ Y e ((1—K)z —c)
t

t<E<T
+ e max {Sr, (1 — k) Qr — ¢} | (Si—, Q) = x] (5.6)

where ¢ > 0 and 0 < k < 1 are fixed and proportional penalties paid for withdrawing.
The term max{Sr, (1 — k) Qr — ¢} corresponds to the holder receiving the greater of the
risky investment or a full withdrawal of the guarantee account subject to any withdrawal
penalties.

In [Che08, Appendix GJ, standard dynamic programming arguments are used to trans-
form the optimization problem V (¢, x) = sup, J(t, z;0) into the equivalent HIBQVTI*

min {—V} —  sup {L”“UV + e’”wl{(po}} V= MV} =0on [0,7T) x [0,00)?

we [07wmax]

min {V(T,-) — g,V(T,-) — MV(T,-)} = 0 on [0, 00)? (5.7)

2[Che08] considers instead the function Vo(t,z) = e" sup, J(t, z;6). As such, the HIBQVI (5.7) and
the HIBQVTI in [Che08] are equivalent up to the change of variables Vy = €™V
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where

1
ﬁwv(t7 S, Q) - 50282‘/88<t7 S, Q) + ((T - 7]) §— wl{s,q>0}) ‘/s(t7 S, Q) - wl{q>0}‘/q<t7 S, Q>
MV (t,s,q) = sup {V(t, max {s — 2,0} ,¢—2)+e " (1 —kK) 2z — c)}

2€[0,q]
9(s,q) = e " max {s, (1 — r)q—c} . (5.8)

5.3.1 Artificial boundary conditions

As usual, we do not solve the HIBQVI (5.7) directly but rather truncate the domain and
introduce artificial boundary conditions. In particular, letting Rs and R, be large positive
numbers, we work on the truncated domain [0, 7] x [0, Rs] x [0, R,].

As remarked in [CF08; DKZ08], an artificial boundary condition is not needed at ¢ = R,,.
This is due to the fact that the coefficient of V; in (5.8) is nonpositive, and hence the
characteristics of the PDE are outgoing in the ¢ direction at ¢ = R,.

To derive an appropriate artificial boundary condition at s = R, we assume as per
[CF08; DKZ08] that V is asymptotically linear in s. That is, we assume the existence of a
smooth function A such that

V(t,s,q) ~ A(t,q)s as s— o0
which implies
Vit,s,q) ~ Ai(t,q)s, Vi(t,s,q) ~ A(t,q), and Vi(t,s,9) ~0 as s— oc.
Substituting the above into LV (t, s, ¢) defined in (5.8), we find that
LYV (t,s,q) = ((r —n)s— wl{s’q>0}) V(t,s,q)/s —wli=nVy(t,s,q) as s— oo,
This leads us to define the operator Ly by
RV (t,5,9) = —wlig=0Vo(l, 5,9)

20252 V(t, s, q) + ((r —n)s— w1{57q>0}) Vi(t,s,q) if s < Rs
((7" —n)s— wl{s,q>0}) V(t,s,q)/s if s = R,.

For convenience, we also define the sets

(5.9)

Q=[0,7)x [0,R,] x [0,R,] and &FQ=0\Q={T} x [0,R,] x [0, R,].
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Parameter Value

Maximum withdrawal rate w™ax 10
Risk-free interest rate r 0.05
Management fee N 0

Volatility o 0.3

Excess withdrawal penalty K 0.1
Fixed transaction cost c 106
Horizon T 10

Truncated domain boundaries (Rs, R,) (1000, 100)

Table 5.7: Parameters for GMWB problem from [CFO08]

h Timesteps s points ¢ points w points 2z points

1 32 64 50 2 2
1/2 64 128 100 2 4

Table 5.8: Numerical grid for optimal consumption problem

Instead of the HIBQVI (5.7), we solve numerically the “truncated HIBQVI”

min {—Vt —  sup {E}%V + e‘”wl{(po}} ,V — MV} =0 on €

we[0,wmax]

min {V — ¢,V — MV} =0 on 90
where LY is given by (5.9) and g and M are given by (5.8).

Remark 5.3.1. The particular form of the intervention operator M in the GMWB problem
does not satisfy assumption (H3) of Chapter /, so that the stability arguments of that chapter
do not apply. However, the stability of the various schemes in this thesis applied to the
GMWB problem can be handled by minor modifications of the arguments in [CF0S, Lemma
5.1] for the explicit-impulse scheme and [HF'12, Lemma 5.1] for the direct control and

penalty schemes.

5.3.2 Convergence tests

For the numerical tests in this section, we use the parameters in Table 5.7. We point out
that it is sufficient to take W" = {0, w™**} as the discretization of the control set [0, w™**]
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h Vh(t =0,s=100,q = 100) Avg. policy its. Avg. BICGSTAB its. Ratio Norm. time

1 107.683417498 3.47 1.47 1.71e+01
1/2 107.706787394 4.25 1.64 2.03e+02
1/4 107.718780318 4.34 1.85 1.95 2.60e+03
1/8 107.725782831 4.43 2.22 1.71 3.46e+-04
1/16 107.729641357 4.31 2.71 1.81 4.75e405
1/32 107.731755456 4.15 3.40 1.83 7.55e+06

(a) Direct control scheme

h Vit =0,s=100,q = 100) Avg. policy its. Avg. BICGSTAB its. Ratio Norm. time

1 107.682425551 3.47 1.58 1.80e+01
1/2 107.706388904 4.08 1.65 2.06e+02
1/4 107.718700668 3.95 1.76 1.95 2.45e+4-03
1/8 107.725763667 3.98 1.97 1.74 3.22e+04
1/16 107.729637421 3.71 2.39 1.82 4.34e+405
1/32 107.731754559 3.32 3.01 1.83 6.62e+06

(b) Penalty scheme

h Vi (t=0,5s=100,¢ = 100) Avg. BiCGSTAB its. Ratio Norm. time

1 107.423506170 1.00 1.00e4-00
1/2 107.684431768 1.00 1.02e+4-01
1/4 107.708405901 1.00 10.9 1.39e+4-02
1/8 107.722569027 1.00 1.70 2.03e+03
1/16 107.730146084 1.00 1.87 3.31e+04
1/32 107.732241020 1.98 3.62 6.10e+05
1/64 107.733372937 2.90 1.85 1.13e4-07

(¢) Explicit-impulse scheme
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Fig. 5.4: Numerical solution of GMWB problem

since the argument appearing in the supremum of the HIBQVT is linear in w. Table 5.8
reports the size of the numerical grid. Convergence tests are shown in Table 5.9. Our
results agree closely with [CF08], which computes the value as 107.7313.

As in the FEX rate problem, the direct control and penalty schemes are nearly identical
in performance and accuracy. The explicit-impulse scheme, which seems to produce

comparably accurate solutions for the GMWB problem, executes much faster than its
counterparts.

5.3.3 Optimal control
Fig. 5.4a shows an optimal control for a GMWB. Three regions are witnessed. In two of
the three regions, the contract holder performs an impulse to withdraw a finite amount

instantaneously. In the remaining region, the controller withdraws at the constant rate
w™ . A more detailed explanation of these regions is given in [CF08].

5.4 Infinite horizon

So far, we have only considered finite horizon problems. As a proof of concept, we solve
in this section the optimal consumption problem over an infinite horizon by the penalty
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h Value V" (t = 0,50,q0) Tot. policy its. Tot. BICGSTAB its. Ratio Norm. time

1 56.2664380074 8 21 1.00e+00
1/2 59.1841989658 9 36 4.41e+-00
1/4 59.8299121028 9 58 4.52 3.19e+01
1/8 60.0469132389 9 82 2.98 2.43e+02
1/16 60.1330774909 9 121 2.52 1.93e+03
1/32 60.1706514583 8 185 2.29 1.40e+4-04
1/64 60.1881729190 8 328 2.14 1.30e+4-05

Table 5.10: Convergence tests for infinite horizon optimal consumption problem

scheme (2.16). This problem was previously considered using iterated optimal stopping in
[COS02]. The setting is identical to Section 5.2, with the exception that 7" = oo. In this
case, the corresponding HIBQVI is [COS02, Eq. (2.31)]

v
min {ﬁV — sup {E“’V + u’;l{,po}} V= MV} =0on [0,7T) x [0,00)?

we[0,wmax]

where £ and M are defined in (5.3).

Similarly to Section 5.2.1, we can introduce artificial boundary conditions into the above
HJBQVI to make it computationally tractable (we omit the details). Convergence results are
shown in Table 5.10 with times normalized to the fastest solve. We note that the computed
values agree roughly with those shown in [C(S02, Fig. 5.2]. The results are obtained by
invoking policy iteration exactly once (there are no timesteps in the infinite horizon case) to
solve (2.16). The total number of policy iterations and BICGSTAB iterations per timestep
are also reported.

5.5 Summary

In this chapter, we applied the direct control, penalty, and explicit-impulse schemes to
three classical impulse control problems from finance. As mentioned in the introduction,
some of these problems had not been previously considered numerically.

The explicit-impulse scheme, which requires no policy iteration whatsoever, is much
faster than its counterparts. However, as pointed out in Chapter 2, the explicit-impulse
scheme can only be used if the horizon is finite and the second derivative coefficient is
independent of the control. Moreover, our results indicate that the direct control and
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penalty schemes produce nearly identical results and often require roughly the same amount
of computation. In the specific case of the optimal consumption problem, the penalty
scheme even outperforms the direct control scheme, requiring far fewer policy iterations per
timestep. Due to the additional effort required to ensure convergence of the direct control
scheme as discussed in the introduction of this chapter, we advise against using this scheme
altogether.
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Chapter 6

Efficient computation of problems with fixed
intervention times

In the previous chapters, we dealt with problems involving impulses that are allowed to
occur at any point in time. However, in practice, many contracts specify that the holder
can exercise their contract rights at only a finite number of fixed (i.e., nonrandom and
noncontrollable) times'

0<& << << T (6.1)

As we will see shortly, the pricing equations in this case consist of a linear PDE which
holds at any time ¢ not equal to an intervention time (i.e., t # &) and a collection of
optimization problems at each intervention time (i.e., t = &). The linear PDE describes
the evolution of the contract away from the intervention times, while the collection of
optimization problems determine an optimal control at each intervention time. This type of
problem appears frequently in the insurance literature, in the context of pricing and hedging
variable annuities (see, e.g., [BKR08; CVF08; CF08; Bac+11; FV14; HK16; HZK17]).

Computationally, there are various ways to handle this type of problem. One approach
is to use a least squares Monte Carlo algorithm [Bac+11]. However, least squares Monte
Carlo (first introduced for American options in [LLS01]) is tractable only when the control
set at each intervention time is finite (e.g., in the case of American options, there are only
two controls: “exercise” or “hold”). Unfortunately, in the context of variable annuities, it is
not usually the case that the control set is finite.

IRigorously, in the previous chapters, the intervention times &, were stopping times. In this chapter,
each &, is simply a constant positive number corresponding to a “fixed” point in time.
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Another approach is to discretize the problem on a numerical grid, substituting finite
difference approximations of various derivatives into the linear PDE [CF08, Section 4].
In this case, the method needs to resort to a linear search over a discretization of the
control set. Convergence to a desired tolerance is achieved by refining this discretization.
In practice, the linear search is often the bottleneck of this method.

In this chapter, we provide the reader with sufficient conditions under which the control
set can be reduced to a finite set, with the motivation being obtaining efficient numerical
methods. This control set reduction is established using results from convex analysis and
the theory of parabolic PDEs.

We apply our control set reduction to the guaranteed lifelong withdrawal benefits
(GLWB), a popular variable annuity. We show that the holder can maximize the value of
this contract by only ever performing one of three actions at each intervention time:

e Nonwithdrawal to receive a bonus.
e Withdrawing a contract-specified amount.

e Lapsing the contract.

We use this result to create a fast numerical pricer for the GLWB. We also point the reader
to the articles [HK16; HZK17] for applications of our control set reduction result by other
authors.

In this chapter, we also consider the related guaranteed minimum withdrawal benefits
(GMWB) contract. In order to apply a least squares Monte Carlo approach to price this
contract, it is a common assumption in the literature that the holder can only ever perform
one of a finite number of actions [BKR08; Bac+11]. Using our analysis, we demonstrate
that this approach may lead to incorrect pricing and hedging strategies.

Our contributions in this chapter are:

e Giving sufficient conditions under which a control set reduction is possible for an
impulse control problem involving fixed intervention times.

e Applying these results to obtain a fast numerical pricer for GLWBs.

e Demonstrating that a control set reduction may not be attainable for GMWBs.

The results of this chapter appear in our article:

P. Azimzadeh and P. A. Forsyth. “The existence of optimal bang-bang controls for
GMxB contracts”. In: SIAM J. Financial Math. 6.1 (2015), pp. 117-139
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6.1 Variable annuities

We introduce in this section two variable annuity contracts modeled as impulse control
problems with fixed intervention times (i.e., (6.1)). These intervention times correspond
to regular anniversaries (e.g., monthly, yearly, etc.) on which the holder of the variable
annuity can perform certain actions (e.g., withdraw from an account).

6.1.1 Guaranteed minimum withdrawal benefits (GMWB)

For ease of exposition, we begin with the simpler of the two variable annuities: the
guaranteed minimum withdrawal benefits (GMWB) contract. This contract was previously
studied in Chapter 5, but therein, we followed the formulation of [CF08, Section 3.2,
allowing the holder of the contract to perform a withdrawal at any point in time. In this
subsection, we give instead the formulation of [DKZ08, Section 2.2], in which the holder of
the GMWB can only withdraw at the regular anniversaries 1, ..., & specified by (6.1).

A GMWB is composed of a risky investment S and a guarantee account ). It is
bootstrapped by an up-front payment sq to an insurer, placed in the risky investment
(i.e., So = sp). A GMWB promises to pay back at least the lump sum sy, assuming that
the holder does not withdraw above a certain contract-specified amount G > 0. This is
captured by setting Qg = s¢ and reducing both the risky investment and guarantee account
on a dollar-for-dollar basis upon withdrawals. The holder can continue to withdraw as long
as the guarantee account remains positive.

The risky investment S and guarantee account () evolve according to

dSt:(T_n)Stdt—i_O-StdBt fOI't?éfl,...,gL
thZO fort#ﬁl,...,fL (62)

where r and o > 0 are constants representing the interest rate and volatility, and n < r
corresponds to a proportional management fee paid to the insurer.

To simplify notation, we assume that impulses, which correspond to withdrawals, occur
yearly (i.e., & = 1, & = 2, ete.). At the intervention time & = ¢, the holder withdraws
the amount 2, in which case the risky investment and guarantee account are reduced on a
dollar-for-dollar basis:

Sg:maX{Sg_—Zg,O} fOI‘gzl,...,L
Qo= Qe — 2 fort=1,...,L.
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It is assumed that the holder cannot deposit into or withdraw more than the value of
the guarantee account, captured by the restriction 0 < 2z, < @Q,—. In actuality, the holder
does not necessarily receive the full amount z, upon withdrawal. Instead, they receive the
amount f(z,) where

fz) = G+(1—r)(:—G) ifz>G (6.3)

(cf. [DKZ08, Eq. (2.4)]) and 0 < k < 1 is a proportional penalty charged by the insurer for
withdrawing more than the contract-specified amount G.

A {z if2<G@G

Letting # = (s,q) € [0,00)? and 6 = (z1,...,2;) denote a control, the value of the
GMWRB is captured by the objective function

L

Z e_rgf(zl) + e_TT maX{STa f(QT)} ‘ (St—7 Qt—) - x]
0=[t]

J(t,x;0) =E

A

(compare with (5.6)). The term max{Sr, f(Qr)} corresponds to the holder receiving the
greater of the risky investment or a full withdrawal of the guarantee account subject to any
withdrawal penalties.

In [Che08, Appendix I], standard arguments are used to transform the optimization
problem V' (¢, z) = sup, J(t, x; ) into the equivalent formulation

Vi(t,z) = =LV (t,x) t#1,...,L (6.4a)
V(t—,z) = sup {V(t, max{s — z,0},q — 2) + e_rtf(z)} t=1,...,L (6.4Db)
2€[0,q]
V(T,2) = e T maxs, f(a)) (6.4c)
where 1
LV = 50252‘/33 + rsVi. (6.5)

The notation ¢ # 1,..., L is meant to signify that the PDE (6.4a) does not necessarily
hold at the intervention times § = 1,...,&, = L. The notation V(t—,-) = limy, V (s, )
signifies a limit from the left. Note that (6.4a) suggests that between intervention times,
the GMWB contract behaves like a European option.

Note that no derivatives with respect to ¢ appear in the operator (6.5). This is because
between intervention times, the process @) is constant (recall d@Q; = 0 in (6.2)). The process
(), updated only when the calendar time ¢ sweeps across an intervention time (as reflected
by equation (6.4b)), is called a “path dependent” variable.
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We close this subsection by pointing out that (6.4b) can be written equivalently as

V(t—,z) = sup {V(t, max{s — A\q,0}, ¢ — \q) + e’”f()\q)} t=1,...,L. (6.6)

X€0,1]

We use this fact in the sequel.

6.1.2 Guaranteed lifelong withdrawal benefits (GLWB)

Next, we introduce the guaranteed lifelong withdrawal benefits (GLWB) contract, using the
formulation from [F'V14]. In the landscape of variable annuities, the GLWB was designed
with the purpose of serving as a substitute for defined benefit pension plans [lam+09],
allowing the buyer to replicate the security of such a plan via a substitute.

A GLWB is composed of a risky investment S and a guarantee account Q. It is
bootstrapped by an up-front payment sy to an insurer, placed in the risky investment (i.e.,
So = s9). A GLWB promises guaranteed cash flows at each anniversary date (e.g., yearly)
until the holder’s death, even if the risky investment diminishes to zero. The amount
received at each anniversary date is a contract-specified fraction 0 < G < 1 of the guarantee
account. The value of the guarantee account is not reduced unless the holder violates the
terms of the contract by withdrawing more than this contract-specified fraction. This is
captured by setting Qo = sg and reducing the risky investment account on a dollar-for-dollar
basis upon withdrawals, reducing the guarantee account only upon withdrawals over the
contract-specified fraction.

As with the GMWB, the risky investment S and guarantee account () evolve according
0 (6.2). As usual, we simplify notation by assuming that impulses occur yearly (i.e., & = 1,
& = 2, etc.). At the intervention time & = ¢, the holder employs the control A\, € [0, 2].
There are three distinct cases we need to consider:

e )\, = 0 corresponds to the holder not withdrawing. In this case, the guarantee account
is amplified by a “bonus factor” 5 > 0:

Sy = Sy_
Qe=(1+75)Q..

The bonus factor is meant to incentivize the holder not to withdraw.
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e )\, € (0,1] corresponds to the holder withdrawing no more than the contract-specified
fraction G of the guarantee account. In this case,

Sg = Imax {Sg, — )\gGQg,, O}
Qe = Q-

e )\, € (1,2] corresponds to the holder withdrawing over the contract-specified fraction.
In this case,

Sg = (2 - )\g) max {Se_ — GQg_, 0}
Qe = (2—X\) Q.

Applying the control A\, = 2, after which both risky investment and guarantee account
become zero, corresponds to the holder lapsing (i.e., forfeiting) the contract.

We can succinctly summarize the three cases above by defining the functions

—\Gq,0 if0<A<1
TO(s,q,0) = WX T AGR0F (6.7)
(2—=N)max{s —Gq,0} ifl<A<2
and
(1+p8)g ifX=
r@(g,\) =<{gq if0<A<1 (6.8)
(2—XN)gq ifl<A<2
and writing
Sy =T (S, Qo \) for0=1,...,L
Qe =TD(Q,_, \) for ¢ =1,...,L.

As with the GMWB, the holder does not necessarily receive the full amount A, upon
withdrawal. Instead, they receive the amount f(S,—, Qy—, \¢) where

) \G if 0 < \
{ 1 : A (6.9)

<1
f(s,q0.7) = .
Gg+(AN—1)(1 —kr)max{s — Gq,0} if 1l <A<2
(cf. [HK16, Eq. (2.3)]) and 0 < x < 1 is a proportional penalty charged by the insurer for
withdrawing over the contract-specified fraction G.
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Unlike the GMWB, to price the GLWB, the insurer has to take into account mortality
risk. In particular, let Y(t) be the mortality rate at time ¢ (i.e., [/2 Y(t)dt is the fraction
of holders who pass away in the interval (¢1,13)) so that R(t), defined as the fraction of
holders alive at time t, is related to ) by

t
R(t)=1— / Y(u)du.
0
We assume ) is continuous® and that both ) and R are nonnegative. We also assume the

existence of a time 7' > 0 such that R(T") = 0 (i.e., survival beyond T is impossible).

Letting z = (s,q) € [0,00)% and 6 = (\;,...,\;) denote a control, the value of the
GLWRB is captured by the objective function
T L .
J(t,2:0) =E / e Y(u)Sudu+ Y e RO F(Siz, Qe M)
t =Tt
The term e~"™)(u)S, corresponds to (discounted) cash flows obtained by the holder’s estate
due to mortality.

(Si—, Q=) = x] .

In [FV14], standard arguments are used to transform the optimization problem V (¢, z) =
sup, J (t, x; 0) into the equivalent formulation

Vi(t,z) = =LV (t,z) — e "' Y(t)s t#1,...,L (6.10a)

V(t—,z) = sup {V(£,T®(s,q,0), T (g, \) + e ""R(t)f(s,¢,\)} t=1,...,L (6.10b)
X€0,2]

V(T,z) = 0. (6.10c¢)

where L is defined in (6.5).

0.2 General formulation

Both GMWB and GLWB involve a linear PDE ((6.4a) and (6.10a)) and a collection of
optimization problems ((6.6) and (6.10b)). In order to simplify notation, we write these
problems in a more general form. Letting z = (s, q) € [0, 00)?, this general form is

Vit,z) = =LV (t,x) — f(t,x) t#&, ..., &L (6.11a)
V(t—,z) = MV (t,z) t=¢&,...,& (6.11Db)
V(T,x) = g(x) (6.11c)

2Technically, we only require ) to be continuous between intervention times
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where )
LV(t,z) = §b(t>282‘/ss(t, x) +a(t)sVi(t, x)

and
MV (t,x) = sup {V(t,T(t,z,\)) + K(t,z,\)}. (6.12)

AEA(L)

Note that (6.12) is an intervention operator (compare with (1.6)). Unlike (1.6), in which
the control set is allowed to depend on time and space (i.e., Z(t,x) 2 z), the control set in
(6.12) depends only on time. This assumption is crucial to our analysis (see Remark 6.2.14).

Example 6.2.1. The GMWB problem (6./) can be cast in the form (6.11) by defining

at)y=r—m=0
b(t)=0>0
flt,x)=0
g(z) = e max{s, f(q)}
A(t) =10,1]
[(t,z, \) = (max{s — A\q,0}, ¢ — \q)
K(t,z,\) = 6_’"tf()\q) (6.13)

where f is defined in (6.3).
Example 6.2.2. The GLWB problem (6.10) can be cast in the form (06.11) by defining

a(t)y=r—n=0
b(t)=0>0
flt,z) =e"Y(t)s
g9(x) =0
A(t) =10,2]
L(t,2,A) = (T¥(s,4,)), TV(g, \))
K(t,z,\) = e ""R() f(s,q, \) (6.14)

where Y is the (continuous and nonnegative) mortality rate, ') and T@ are defined in
(6.7) and (6.8), and f is defined in (6.9).

Note that for both the GMWB and GLWB, the control set A(t) is a continuum. As
mentioned in the introduction, this poses an issue for numerical methods (both least squares
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Monte Carlo and methods involving discretization). As such, our goal is to obtain sufficient
conditions under which we can perform a “control set reduction” to obtain an equivalent
formulation of problem (6.11) involving a finite control set.

Remark 6.2.3. We have focused on the two dimensional case (i.e., x = (s,q)) for ease
of exposition. The s axis is related to a process driven by a geometric Brownian motion
while the q axis models a path dependent variable (i.e., a process with no drift or diffusion).
Our ideas can be extended in a straightforward manner to the case of an n-dimensional
geometric Brownian motion with m path dependent variables.

6.2.1 Preliminaries

In an effort to remain self-contained, we provide the reader with several elementary facts
used in our analysis. Throughout this chapter, it is understood that the order on Euclidean
space is element-wise:

for z,y € R", x <y if and only if z; < y; for all 4.

Given a function F' mapping between subsets of Euclidean spaces, the above gives an
unambiguous meaning to the phrases “F' is nondecreasing” and “F is convex”. Subject to
this convention, we recall the following elementary fact:

Proposition 6.2.4 ([BV04, Pg. 84]). Let A, B, and C' be subsets of Euclidean space with
A and B being convex. Let F1: A — B and Fy: B — C. Then, Fyo F} is a convex function
whenever Fy is conver and Fy is convex and nondecreasing.

We will also use the fact that the maximum of a convex function on a polytope is
attained at the vertices:

Definition 6.2.5 ([Roc70, Pg. 12]). A polytope X is a convez set in Euclidean space
with finitely many extreme points xy, ..., T, (more commonly referred to as the polytope’s
vertices). We use vert(X) = {x1,...,x,} to denote the set of vertices of X.

Proposition 6.2.6 ([Roc70, Theorem 32.2]). Let F' be a real-valued convex function
mapping from a polytope X. Then, sup,cx F(x) = maxevert(x) F ().

6.2.2 Control set reduction

In this subsection, we present our control set reduction. First, we require an assumption:
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(H1) For each t, the set A(t) can be written as the union of finitely many polytopes:
A(t) = A(t) U---UA,(t). Moreover, for each x, the restriction of the functions
A= I'(t,z,\) and A — K(t,z,\) to each polytope A;(t) are convex.

We are now ready to state the control set reduction:

Theorem 6.2.7. Let V: [0,T] x [0,00)? — R and t be a given time. Suppose (H1) and
that x — V (t,x) is conver and nondecreasing. Then, for each point x, the supremum in

MV (t,x) = sup {V(t,T(t,z,\)) + K(t,z,\)}

AEA(t)

is attained at one of the (finitely many) points in vert(Ay(t)) U --- U vert(A(t)).
Proof of Theorem 6.2.7. Since A(t) = Ay (t) U--- UA,(2),

MV (t,x) = max sup {V(¢t,T(t,z,\))+ K(t,z,\)}.

1<5<T AEA (1)

By Proposition 6.2.4 and (H1) along with the assumption that V' is convex and nondecreasing,
the restriction of the function

N VET( 2, \) + K(t 2, \)
to each set of the form A;(t) is convex. Therefore, by Proposition 6.2.6,

MV (t,x) = max max {V(t,T(tz,N\)+ K(t,z,\)},

1<5<J Aevert(A; (1))

as desired. O

Intuitively, Theorem 6.2.7 allows us to “reduce” the control set A(t) to the finite control
set vert(A1(¢)) U---Uvert(A,(t)). For the purposes of illustration, we verify (H1) for the
GLWB below.

Example 6.2.8. Consider the GLWB, so that A, T', and K are specified by (6.14). Let
A1(t) =[0,1] and Ay(t) = [1,2] so that

A UAS(t) = [0,1] U[L,2] = [0,2] = A(t).
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Moreover, note that

K(t,z, \) = e ""R(t)f(x,\)

R \Gq if A€ A (t)
B Gg+ (A —1) (1 — ) max {s — Gq,0} if A € Ay(2).

In particular, the restriction of A — K(t,x,\) to A;j(t) is linear (and hence convex) for
each 7 =1,2. Similarly, note that

(s, (1+B)q) if A € {0}
Pt 2, A) = | (max{s — A\Gq, 0}, ¢) if A€ Ai(t) \ {0}
((2 - )\) max{s - /\GCL 0}7 (2 - )\)Q) Zf/\ € AZ(t)7
from which it is verified that the restriction of A — I'(t,z, \) to A;(t) is also convex for each

j =1,2. By Theorem 6.2.7, we conclude that if v — V(t,z) is convex and nondecreasing,
the supremum in (6.10b) is attained at a point in

vert(Aq(t)) U vert(Aq(t)) = vert([0, 1]) U vert([1,2]) = {0,1} U {1,2} ={0,1,2}.

Recalling Section 6.1.2, these controls correspond to monwithdrawal to receive a bonus
(A = 0), withdrawing precisely the contract-specified fraction of the guarantee account
(A = 1), and lapsing the contract (A = 2).

Note that Theorem 6.2.7 can only be applied if V' is convex and nondecreasing (in the

space variable x). In light of this, the coming subsections establish sufficient conditions for
solutions V' of problem (6.11) to be convex and nondecreasing.

6.2.3 Green’s function representation
To establish that solutions to problem (6.11) are convex and nondecreasing, we make use of

a Green’s function representation of solutions. In order to ensure that we can use a Green’s
function representation, we require some assumptions:

(H2) The real-valued functions a, b, f, and g are continuous. Moreover, a and b are
bounded, inf; b(t) > 0, and f satisfies the Lipschitz condition

‘f(ta Slvq) - f(t7527Q)| g C(Q) ’51 - 82‘
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along with the polynomial growth condition

[f(t.5,9)] < Clq) (1+]s])
where d is a positive integer and C'(q) is a positive constant allowed to depend on g.

(H3) For each time ¢, if x +— V (¢, x) is continuous, then z — MV (¢, ) is also continuous
(i.e., the operator M maps continuous functions to continuous functions).

We verify below these assumptions for the GLWB.

Example 6.2.9. Consider the GLWB, so that a, b, f, g, A, I, and K are specified by
(6.14). By inspection, the functions a, b, f, and g satisfy (H2). To establish (H3), note
first that the function

(s, (1 +B)q) ifA=0
L(t,z,\) = < (max{s — A\Gq, 0}, q) fo<A<1
((2 = N)max{s — A\Gq,0}, (2—N)q) f1 <A <2

s continuous everywhere except for at A = 0. As such, we can define

f(t )\) lim)\fu\ F(t,&?,)\/) Zf)\ =0
7x7 -
T(t,z, ) if0 <\ <2

as a continuous “extension” of I'. Now, we can write MV (t,x) as

MV (t,x) = sup {V(t,T(t,z,\)) + K(t,z,\)}

Ae[0,2]
= max {V(t, I'(t,z,0)) + K(t,z,0), sup {V(t,f(t,x, N)+ K(t, z, )\)}} :
A€(0,2]

Therefore,

MV (t,2) — MV (t, )|
< |V, T(t,2,0)) = V£, T(t,y,0)| + |K (¢, 2,0) — K(t,y,0)|
+ sup |Vt T(t2,0) = V(T (L, \)| + sup |[K(t 2, \) = K(t,y,\)].

Ae[0,2] A€(0,2]
Suppose now that V (t,-) is a continuous function and x is some given point. Since A(t) =
[0,2] is a compact set and T and K are continuous functions (and hence uniformly continuous
on compact sets), we can make the right hand side of the above inequality arbitrarily small
by choosing y sufficiently close to x. Therefore, MV (t,-) is continuous, establishing (H3).
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We now return to the matter of obtaining a Green’s function representation of solutions
to (6.11). For the remainder of this chapter, we define {; = 0 and £, = T to simplify
notation.

Recall that parabolic PDEs such as (6.11a) are known to admit “spurious” solutions
of exponential growth which do not correspond to solutions of optimal control problems
[Fri64; Fri75]. As such, to obtain a Green’s function representation, we have to restrict our
attention to a set of functions that precludes such rapid exponential growth. In particular,
we say that the function V': [0, 7] x [0,00)* — R has polynomial growth in s if it satisfies

[V (t,s,q)| < Clq) (1+]s]9)

where d is a positive integer and C(q) is a positive constant allowed to depend on q. We
are now ready to define what it means for a function V' to be a solution of problem (6.11).

Definition 6.2.10. We say V: [0,T] x [0,00)? — R is a solution of (6.11) if

1. 'V has polynomial growth in s.

2. The restriction of V' onto each set of the form [£s, 1) X [0,00) X {q} is once
continuously differentiable in t and twice in s. Moreover, for each x, V(T—, z) = g(x).

3.V satisfies equations (6.11a) to (6.11c¢).

Note that the above notion of solution is classical (i.e., differentiable). While differen-
tiable solutions were inappropriate for the nonlinear HIBQVIs of the previous chapters,
they are an appropriate choice for problem (6.11), which involves the linear PDE (6.11a).
We are now finally ready to state the Green’s function representation.

Lemma 6.2.11. If V is a solution of (6.11), it has the representation

00 1
V(t, s, q) = /0 V(&1 —t,0,log 3’){/(@“—,33’,(1)?&9’

§e41—t poo 1
+ / v / W&y —t, 7, log s") f(§er — 7', 85, q) = d7'ds’
0 0 s
forO< U< L, & <t <&, and s >0 (6.15)

where W is a nonnegative function (referred to as a Green’s function).
The proof of the above result, being somewhat technical, is given in Appendix E. An

immediate corollary of the above is that solutions (in the sense of Definition 6.2.10) are
unique.
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6.2.4 Convexity and monotonicity

We now return to our goal of establishing that solutions of (6.11) are convex and nonde-
creasing. We require the following assumptions, which we will establish for the GLWB at
the end of this section.

(H4) For each t, z — f(t,x) and g are convex and nondecreasing functions. Moreover, for
each t and A\ € A(t), z — I'(¢t,x,\) and = — K(t,x,\) are convex functions.

(H5) For each ¢, points x1, 25 € [0,00)? satisfying z; < 2, and \; € A(t), we can find
Ao € A(t) such that T'(¢,x1, A\1) < [(¢, 22, o) and K (t, 21, A1) < K(t, 22, A2).

Theorem 6.2.12. Suppose (H2)-(H5) and let V' be a solution of (6.11). Then, V is convex
and nondecreasing.

To establish the above, we require a lemma:

Lemma 6.2.13. For each time t, if x — V (t,x) is continuous, convex, and nondecreasing,
then x +— MV (t,x) is also continuous, convex, and nondecreasing.

Proof. Suppose the function x + V (¢, z) is continuous, convex, and nondecreasing. Note
that by (H3), we immediately obtain the continuity of z — MV (¢, x).

Recalling that f; o f5 is convex whenever f; is a convex and nondecreasing function and
fo is a convex function [BV04, Pg. 84], it follows by (H4) that

x— V(t,[(t,z,\)) is a convex function. (6.16)

Now, let 1,25 € [0,00)? be arbitrary points and « be a constant between zero and one.
By (H4) and (6.16),

MV (t,ax; + (1 — a) x2)

= sup {V(t,[(t,azx; + (1 — @) x2,\)) + K(t,ax + (1 — ) 22, \)}
AEA()

<o sup V(LT N) + K20 )} + (L—a) sup (V6 T( 22 0) + Kt 12, )
AEA(t) AEA(L)
=aMV(t,z1)+ (1 — o) MV (t,x9), (6.17)

establishing the convexity of x — MV (¢, z).
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It remains to establish the nondecreasing property. Let x1, 73 € [0,00)? be points
satisfying x; < xg. Since x — MV (t,z) is continuous, it follows that MV (t,x1) < co.
Therefore, letting € > 0, we can pick A\; € A(t) such that

MV(t,xl) < V(t,F(t,a:l, )\1)) + K(t,.ﬁlﬁl, )\1) + €.

By (H5) along with the assumption that x — V (¢, z) is nondecreasing, we can pick Ay € A(t)
such that

V(t, F(t, Xy, )\1)) + K(t, Xy, )\1) < V(t, F(t, T, )\2)) + K(t, T2, )\2) < MV(t, .’172).

Combining these inequalities, MV (t,71) < MV (t,z3) + €. Since € was arbitrary, the
desired result follows. O

Remark 6.2.14. The above proof sheds light on why we defined the intervention operator
using a control set A that does not depend on the space variable x. If A was allowed to
depend on x (i.e., A(t,z)), we would only be able to establish the inequality in (6.17) if we
made the additional assumption A(t,x1), A(t,z2) D A(t, oz + (1 — @)xzy).

We are now ready to prove Theorem 6.2.12:

Proof of Theorem 6.2.12. Suppose that x — V(&1—,x) is convex and nondecreasing for
some ¢ satisfying 0 < ¢ < L. It follows that for each s’ > 0,

(s,q) = V(Ee1—, 85, q) is convex and nondecreasing. (6.18)
Similarly, by (H4), for each s’ > 0,
(s,q) = f(&y1 — 7', 85, q) is convex and nondecreasing. (6.19)

Applying (6.18) and (6.19) to the Green’s function representation (6.15), it follows that for
each t satisfying & <t < &pyq,

(s,q) = V(t,s,q) is convex and nondecreasing on (0,00) x [0, 00). (6.20)

Using the continuity of V' (see Definition 6.2.10), we can extend (6.20) to the closure
of (0,00) x [0,00). Now, if £ > 0, then  — V(&{—,z) is convex and nondecreasing by
Lemma 6.2.13 (recall that V(§—,z) = MV (&, z) by (6.11b)).

Since the terminal condition ¢ is convex and nondecreasing, the desired result follows
by induction (recall that V(T'—,z) = g(z) and £,41 = T by Definition 6.2.10). O
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We close this subsection by verifying (H4) and (H5) for the GLWB.

Example 6.2.15. Consider the GLWB, so that f, g, A, ', and K are specified by (6.14).
By inspection, the functions ', K, f, and g satisfy (H/). We give the arguments to establish
(H5) below. Albeit tedious, these arguments are elementary.

Let 1 = (s1,q1) and xo3 = (S2,q2) be points in [0, 00) satisfying 1 < x2, and Ay € [0,2].
Note that T'(t,x1, A1) < (¢, 21, \2) for any Ay € [0, \]. Therefore, it is sufficient to find

A

Ao € [0, A\1] such that f(xl, A1) < f(xe, \ay) since in this case,
K(t,z1, M) = efrtR(t)J?(be A1) < €7TtR<t)f(372, Ao) = K (t, 22, A2).
We proceed by cases:

o Suppose \; < 1. Let Ao = \iq1/q2. Then,

A A

f(xh >\1) = \q1 = \aqe = f($2, )\2)-

e Suppose \y > 1. If s1 < Gqq, we can take Ay =1 to obtain

A A

flz1, M) = Gqr < Gga = f(xa, Xa).

Therefore, we proceed assuming s, > Gqy so that

A

f(l’l, )\1) = G(h + (]. — )\1) (1 — li) (81 — G(h) < G(]l + (1 — )\1) (81 — qu)
= )\le1 + (1 — )\1) S1 < S1.
Now, if s5 < Gqo, choosing \y = 1 yields
f(ﬂUl,)\l) <s51<5<Gp = f($2,)\2)-
If on the other hand sy > Gqo, choosing Ay = \1 yields
Fl@, M) = fz,2e) = G+ (1= Ao) (1 = k) (s1 — Gay)
<G+ (1= X)) (1= k) (s2 — Gga) = f(2, Xo).
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6.2.5 Positive homogeneity

We close this section by giving sufficient conditions for solutions of (6.11) to be positive
homogeneous, a property that allows us to remove a “redundant” dimension from the
problem, leading to more efficient numerical methods. We recall the definition of positive
homogeneity below.

Definition 6.2.16. Let F' be a function mapping between Euclidean spaces. F is positive
homogeneous (of order one) if for all points x in its domain and positive numbers a,

aF(z) = F(ax)
To establish the homogeneity of solutions, we require the following assumption:

(H6) For each t and A € A(t), the functions x — f(t,z), g, x — I'(t,x,\), and = —
K(t,x,\) are positive homogeneous.

Example 6.2.17. Consider the GLWB, so that f, g, A, T', and K are specified by (6.14).
By inspection, these functions satisfy (HG).

Theorem 6.2.18. Suppose (H2), (H3), and (H6) and let V' be a solution of (6.11). Then,
for each t, x — V(t,x) is positive homogeneous.

Before we give a proof, we discuss why homogeneity affords us a reduction in dimen-
sionality. Let ¢; > 0 be a constant and note that if x — V (¢, x) is positive homogeneous,
V(ta87Q) - V(t7a87Q1)/a where 04:%/61-

In other words, the solution is wholly determined by two cross-sections of the ¢ axis:
{(t;s,9): ¢ =0} and {(t,5,¢): ¢ = ¢:}-
Returning to our goal of proving Theorem 6.2.18, we give first a lemma:

Lemma 6.2.19. For each time t, if © — V(t,x) is positive homogeneous, then x
MV (t,x) is also positive homogeneous.

Proof. This follows immediately from the presumed homogeneity of I' and K in (H6) since
aMV (t,z) = sup {aV(t,T(t,x,\)) + aK(t,x,\)}
AEA(E)
= sup {V(t,I'(t,az,\)) + K(t,az,\)} = MV (t,ax). O

AEA(L)

Proof of Theorem 6.2.18. The proof is identical to that of Theorem 6.2.12, replacing any
instance of “convex and nondecreasing” with “positive homogeneous” and “Lemma 6.2.13”
with “Lemma 6.2.19”. O
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6.3 An efficient numerical method for the GLWB

In this section, we use the theory established in the previous section to create an efficient
numerical method for the GLWB. For the remainder of this section, we use V' to denote
the solution of the GLWB pricing problem (6.10).

6.3.1 Applying the control set and dimensionality reductions

By Examples 6.2.8, 6.2.9, 6.2.15 and 6.2.17, the GLWB pricing problem (6.10) satisfies
(H1)—(H6). This implies that = — V(¢, z) is positive homogeneous for each time ¢, and that
the supremum in (6.10b) is attained at a point in vert(Aq(¢)) U vert(Ay(t)) = {0, 1, 2}.

Now, let g; > 0 be a constant and define
W(t,s)=V(t s q)
corresponding to a cross-section of the solution V at ¢ = ¢;. By (6.10a), it follows that
Wi(t,s) = —LW(t,s) —e " Y(t)s fort#1,..., L. (6.21)
Moreover, since the supremum in (6.10b) is attained at a point in {0, 1,2},

—8) = (s) (9) —rt 3
Wit=s) = max {V( T (s,0,0), Tqu, \) + RO F (5,0, )}
= max W,(t,s) fort=1,...,L

Ae{0,1,2}
(6.22)

where we have defined Wy, Wy, and W5 by

Wo(t,s) =V (t,s,(1+B)q) = (1 + B)W(t,s/(1+3))
Wi(t,s) = V(t,max{s — Gq1,0},q1) + Gg1 = W (t,max{s — Gq1,0}) + Gqx
Wi(t,s) =V(t,0,0) + Gg; + (1 — k) max {s — Gq1,0} = Gg; + (1 — k) max {s — Gq;,0} .

Lastly, by (6.10¢),
W(T,z) = 0. (6.23)
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6.3.2 Asymptotics

The domain of W is [0, 7] x [0,00) 3 (¢, s). In order to compute an approximation of W,
we truncate the domain to a bounded set [0, 7] x [0, R], introducing an artificial boundary
condition at s = R. To derive this artificial boundary condition, we follow the approach of
[WEV04], assuming that W is asymptotically linear. That is, we assume the existence of a
function A such that

Wi(t,s) ~A(t)s as s— o0

and A is continuously differentiable everywhere but possibly at the intervention times t = &,.
Therefore, for t # &,

Wi(t,s) ~ A'(t)s, Wi(t,s) ~ A(t), and Wy(t,s) ~0 as s— 0.
Substituting these derivatives into (6.21), we find that for ¢ # &,

Wi(t,s) ~ —(r—n)W(t,s) —e " V(t)s as s— 0 (6.24)

6.3.3 Numerical method

We use the numerical grid introduced in Chapter 2, with 7 = T — nA7 and {zo, ..., 2}
being a partition® of [0, R]. We denote by W &~ W (7", x;) the numerical solution at time
7" and point x; and by W" = (W[, ..., W},)T the numerical solution vector at the n-th
timestep. To simplify notation, we assume that the terminal time 7T is an integer and the
step size A7 divides 1, so that each intervention time & = ¢ corresponds to a particular
timestep 7".

Using the definitions of Dy, D, and interp from (2.3), (2.4), and (2.6), equations (6.21)
to (6.24) suggest the numerical method described by the following discrete equations:

Wy —wr " .

# = —(LyW"); =™ V(") forn=1,...,Nandi=0,...,M —1

Wn_l - Wn n

W:—(r—n)w&—e”y(T”)xM forn=1,...,N
WP =0 fori=0,...,M

3A partition of an interval [a, b] is understood to be a set of points {zo, ..., 2} satisfying a = zg <

T <o <axpm=0b
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Parameter Value

Time ¢ Penalty parameter x(t)

Interest rate 0.04
Volatility o 0.2 1 0.03
Management fee 7 0.015 2 0.02
Contract-specified fraction G 0.05 3 0.01
Bonus rate  f3 0.06 >4 0
Mortality data R Appendix F
Table 6.1: Parameters for GLWB pricing problem
where 1
and
W = wr it #£1,...,L
! maX/\e{O’LQ} WZ})\ if 7 = 1, ceey L
W[fo = interp(W", z; /(1 + f3))
Wﬁl = interp(W", max{z; — Gq1,0}) + Gqy
VT/ZLQ = Gq + (1 — k) max{z; — Gq,0}.
The discrete equations at each timestep n = 1,..., N can be written as a linear system.

The details, being rather standard, are omitted.

6.3.4 Numerical results

We use the numerical method of the previous subsection to compute prices and optimal
controls for the GLWB. All tests are run on an AMD FX-6100 processor with a clock-speed
of 3.6 GHz. Since the linear system corresponding to the discrete equations is tridiagonal,
a direct solver is used.

We use the parameters in Table 6.1. Note that we have allowed the penalty parameter
k to depend on time ¢ (cf. [F'V14]). Table 6.2 displays convergence tests. We see that the
numerical method tends to a linear convergence rate (i.e., Ratio ~ 2). Even at the highest
level of refinement, where the solution is accurate up to four significant digits, the method
takes only a few seconds.

Since the GLWB pricing problem admits a smooth solution, viscosity arguments are not
required to ensure convergence of the numerical method. As such, we may use nonmonotone

122



Grid points Timesteps Value V(t =0,s = 100, = 100) Ratio Time (secs)

256 96 9.974424e+01 4.38e—02

512 192 9.977326e+01 3.91e—02
1024 384 9.978973e+01 1.76 7.81e—02
2048 768 9.979875e+-01 1.82 1.80e—01
4096 1536 9.980331e+-01 1.98 4.68e—01
8192 3072 9.980568e+01 1.93 1.35e+4-00
16384 6144 9.980686e+01 2.00 4.41e+00

Table 6.2: Convergence tests for GLWB pricing problem

Grid points  Timesteps Value V(¢ = 0,s = 100,¢ = 100) Ratio Time (secs)

256 96 9.975727e+4-01 3.42e—02

512 192 9.979275e+01 4.97e—02
1024 384 9.980418e+01 3.10 1.06e—01
2048 768 9.980709¢e+01 3.93 2.38e—01
4096 1536 9.980781e+01 4.04 5.89e—01
8192 3072 9.980799e+-01 4.06 1.62e4-00
16384 6144 9.980803e+-01 4.01 5.03e+-00

Table 6.3: Higher order convergence tests for GLWB pricing problem

discretizations to achieve higher order convergence rates. We can modify the numerical
method of the previous subsection to use a Crank-Nicolson discretization in time with a
centred difference for the first spatial derivative. This yields quadratic convergence rates
(i.e., Ratio &~ 4), as seen in Table 6.3.

Optimal controls at the first and eighth intervention times & = 1 and & = 8 are
displayed in Fig. 6.1. These impulses correspond to the holder being aged 58 and 65 years
old, respectively. We see that due to increased mortality risk, the holder is much more
willing to perform a full withdrawal at the age of 65. When the guarantee account is much
larger than the investment account, the optimal strategy is withdrawal of the predetermined
fraction. Conversely, when the investment account is much larger than the guarantee
account, the optimal strategy is to perform a full withdrawal (the guarantee is out of the
money). Otherwise, the optimal strategy includes nonwithdrawal (to receive a bonus) or
withdrawal at the contract rate. Note that the strategy is constant along any straight line
through the origin due to the homogeneity of the solution.
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Investment account s Investment account s
(a) Intervention time & =1 (b) Intervention time &5 = 8

Fig. 6.1: Optimal control for GLWB pricing problem

6.4 Nonconvexity of the GMWB

In order to apply a least squares Monte Carlo approach to price this contract, it is a common
assumption in the literature [BKR08; Bac+11] that the holder of a GMWB can only ever
perform one of two actions:

e Withdrawing the contract-specified amount (i.e., z = G in (6.4b)).
e Lapsing the contract (i.e., z = ¢ in (6.4h)).

In this section, we demonstrate why this assumption fails in general.

For the GMWB, the function K is given by (recall (6.13))

) if A\ <
Kt 0) = e f(Ag) = et 4 A<
G+(1-kr)(M—G) if \¢>G.

If Kk =0, then x — K(t,z,\) is a linear function (and hence convex). Otherwise, if

0<k<1,z— K(t,z,\) is concave, so that (H4) is violated. In this case, we expect the
solution of the GMWB to be nonconvex.
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Time t Penalty parameter x(t)

Parameter Value

1 0.08

Interest rate r 0.05 2 0.07

Volatility o 0.15 3 0.06

Management fee 7 0.01 4 0.05
Contract-specified amount G 10 5 0.04
Terminal time T 10 6 0.03

=7 0

Table 6.4: Parameters for GMWB pricing problem from [CVF0§]

We verify this numerically for the parameters in Table 6.4. To compute the value of the
GMWB, we use the numerical method described in [CF08, Section 4]. Since this method
is nearly identical to the method described in Section 6.3.3, a detailed description is not
given here. Fig. 6.2 demonstrates that at time ¢ = 6, when x becomes nonzero, convexity is
violated. Fig. 6.3 shows the optimal withdrawal amount 2 at the first intervention time.
Note, in particular, that the optimal withdrawal amount takes values other than G and gq.
As such, the least squares Monte Carlo approach of [BKR08; Bac+11] may lead to incorrect
pricing and hedging strategies.

6.5 Summary

In this chapter, we determined sufficient conditions to obtain a control set reduction
for impulse control problems with fixed intervention times, a common setting in pricing
and hedging insurance contracts. Our control set reduction exploited the convexity and
monotonicity of the solution, which has been studied extensively in various non-impulse
settings [Gig+91; JT04; LM06; ET07a; ET07b; BGO8] and also appears in the context of
finance in super-replication, bubbles, etc. [EJT05; ET08; ET09; DRR12]. We applied our
theory to obtain a fast numerical method for pricing GLWBs. We also demonstrated that
the GMWB pricing problem does not in general admit a convex solution, so that a control
set reduction may not be attainable.
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Fig. 6.2: Price of GMWB at various times
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Fig. 6.3: Optimal control for GMWB pricing problem (taken from [CVF08, Fig. 1])
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Chapter 7

Summary and future work

This thesis explored the numerical aspects of impulse control. The bulk of the thesis
focused on HJBQVIs arising from impulse control, for which various schemes (some new)
were considered. Some of these schemes took the form of nonlinear matrix equations
(a.k.a. Bellman problems) suitable for policy iteration. To ensure that policy iteration
could be applied to these schemes required existing and new results from the theory of
w.c.d.d. matrices. To prove the convergence of these schemes to the viscosity solution,
classical results of Barles and Souganidis were extended to the nonlocal setting and applied
to the schemes, which were shown to be monotone, stable, and nonlocally consistent. The
schemes were then applied to numerically compute solutions of various classical problems
from finance, from which it was determined that the direct control scheme (proposed in
[COS02]) is dominated by the penalty scheme.

The remainder of the thesis focused on PDEs arising from impulse control with fixed
impulse times. In this case, sufficient conditions were found under which it is possible to
perform a control reduction, thereby leading to faster numerical methods. These results
were applied to price GLWB contracts.

In terms of future work, there are several avenues of research that remain to be explored:
e In Section 4.5.2, we mentioned that extending the direct control, penalty, and explicit-
impulse schemes to higher dimensions is a nontrivial matter if cross-derivatives are

present. One possible avenue for future research is to resolve this by incorporating
wide-stencils [Obe08; CW16; ME17] or the interpolation techniques in [DJ13].

e In Appendix C, we introduced a truncated approximation to the HIBQVI. However,
we gave no rigorous bounds on the error between the solutions of the truncated
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HJBQVI and the original HIBQVI (1.5). Obtaining such a result would rigorously
justify the use of the truncated approximation, and may also suggest how large to
pick our truncated domain in practice.

In Chapter 6, we were able to optimize the cost of approximating the intervention
operator in a problem involving fixed impulse times. It would be interesting to extend
this analysis to the setting of the HJIBQVI. Such an extension would undoubtedly
require us to establish convexity and monotonicity properties of solutions to HJBQVIs.

In [Kha+10], the authors obtain an alternate representation of the HIBQVI by
backwards stochastic differential equations (BSDEs). Very recently, researchers have
used deep neural networks to implement fast BSDE solvers [H+17]. Though such
methods are not provably convergent, they are extremely fast and can handle high-
dimensional (e.g., 100 dimensions) problems. One possible avenue for future research
is to combine the results of [Kha+10] and [H+17] to obtain a fast high-dimensional
HJBQVI solver.

In the series of works [LL06a; LLOGb; LLO7a; LLO7b], Lasry and Lions created
the study of mean field games, concerning strategic decision making in very large
populations of small interacting agents. At the time of writing, no analytic or
numeric work exists incorporating impulses into the mean field game setting. This is
a promising avenue for future research.

128



References

[ARS17]

[ALP95]

[AF15]
[AF16]
[AzilTa]

[Azil7Db]

[ABL17]

[BFL14]

[Bac95]

A. Altarovici, M. Reppen, and H. M. Soner. “Optimal consumption and in-
vestment with fixed and proportional transaction costs”. In: STAM J. Control
Optim. 55.3 (2017), pp. 1673-1710.

M. Avellaneda, A. Levy, and A. Paras. “Pricing and hedging derivative securities
in markets with uncertain volatilities”. In: Appl. Math. Finance 2.2 (1995),
pp. 73-88.

P. Azimzadeh and P. A. Forsyth. “The existence of optimal bang-bang controls
for GMxB contracts”. In: SIAM J. Financial Math. 6.1 (2015), pp. 117-139.

P. Azimzadeh and P. A. Forsyth. “Weakly chained matrices, policy iteration,
and impulse control”. In: SIAM J. Numer. Anal. 54.3 (2016), pp. 1341-1364.

P. Azimzadeh. “A fast and stable test to check if a weakly diagonally dominant
matrix is an M-matrix”. In: arXiv preprint arXiv:1701.06951 (2017).

P. Azimzadeh. “A zero-sum stochastic differential game with impulses, precom-
mitment, and unrestricted cost functions”. In: Appl. Math. Optim. (2017). To
appear.

P. Azimzadeh, E. Bayraktar, and G. Labahn. “Convergence of approxima-
tion schemes for weakly nonlocal second order equations”. In: arXiv preprint
arXiv:1705.02922 (2017).

J. Babbin, P. A. Forsyth, and G. Labahn. “A comparison of iterated optimal
stopping and local policy iteration for American options under regime switching”.
In: J. Sci. Comput. 58.2 (2014), pp. 409-430.

L. Bachelier. Théorie de la spéculation. Les Grands Classiques Gauthier-Villars.
[Gauthier-Villars Great Classics]. Théorie mathématique du jeu. [Mathematical
theory of games], Reprint of the 1900 original. Editions Jacques Gabay, Sceaux,
1995, pp. vi+190.

129



[Bac+11]

[Bar97]

[Bar85]

[BP87]

[BS91]

[BIOS]

[BKROS]

[BS14]

[BS12]

[BS13]
[BC16]

[BCS17]

A. R. Bacinello, P. Millossovich, A. Olivieri, and E. Pitacco. “Variable annuities:
a unifying valuation approach”. In: Insurance Math. Econom. 49.3 (2011),
pp. 285—297.

G. Barles. “Convergence of numerical schemes for degenerate parabolic equations
arising in finance theory”. In: Numerical methods in finance. Vol. 13. Publ.
Newton Inst. Cambridge Univ. Press, Cambridge, 1997, pp. 1-21.

G. Barles. “Deterministic impulse control problems”. In: SIAM J. Control
Optim. 23.3 (1985), pp. 419-432.

G. Barles and B. Perthame. “Discontinuous solutions of deterministic optimal
stopping time problems”. In: RAIRO Modél. Math. Anal. Numér. 21.4 (1987),
pp. 557-579.

G. Barles and P. E. Souganidis. “Convergence of approximation schemes for fully
nonlinear second order equations”. In: Asymptotic Anal. 4.3 (1991), pp. 271-283.

G. Barles and C. Imbert. “Second-order elliptic integro-differential equations:
viscosity solutions’ theory revisited”. In: Ann. Inst. H. Poincaré Anal. Non
Linéaire 25.3 (2008), pp. 567-585.

D. Bauer, A. Kling, and J. Russ. “A universal pricing framework for guaranteed
minimum benefits in variable annuities”. In: Astin Bull. 38.2 (2008), pp. 621
651.

E. Bayraktar and M. Sirbu. “Stochastic Perron’s method and verification
without smoothness using viscosity comparison: obstacle problems and Dynkin
games”. In: Proc. Amer. Math. Soc. 142.4 (2014), pp. 1399-1412.

E. Bayraktar and M. Sirbu. “Stochastic Perron’s method and verification

without smoothness using viscosity comparison: the linear case”. In: Proc.
Amer. Math. Soc. 140.10 (2012), pp. 3645-3654.

E. Bayraktar and M. Sirbu. “Stochastic Perron’s method for Hamilton-Jacobi-
Bellman equations”. In: SIAM J. Control Optim. 51.6 (2013), pp. 4274-4294.

C. Belak and S. Christensen. “Utility maximization in a factor model with
constant and proportional costs”. In: SSRN preprint SSRN:277/697 (2016).

C. Belak, S. Christensen, and F. T. Seifried. “A general verification result for
stochastic impulse control problems”. In: SIAM J. Control Optim. 55.2 (2017),
pp. 627-649.

130



[BFLO9]

[BL84|
[Ber05]
[Ber01]
[BGOS]
[BST73]
[Bla65]

[BFS16]

[BMZ09)]
[BMZ07]
[BT11]
[BV04]

[BH64]

[BP09)]

[CZ00]

A. C. Bélanger, P. A. Forsyth, and G. Labahn. “Valuing the guaranteed mini-
mum death benefit clause with partial withdrawals”. In: Appl. Math. Finance
16.5-6 (2009), pp. 451-496.

A. Bensoussan and J.-L. Lions. Impulse control and quasi-variational inequalities.
Gauthier-Villars, 1984.

D. P. Bertsekas. Dynamic programming and optimal control. Vol. I. Third.
Athena Scientific, Belmont, MA, 2005, pp. xvi+543.

D. P. Bertsekas. Dynamic programming and optimal control. Vol. II. Second.
Athena Scientific, Belmont, MA, 2001, pp. xvi+303.

B. Bian and P. Guan. “Convexity preserving for fully nonlinear parabolic
integro-differential equations”. In: Methods Appl. Anal. 15.1 (2008), pp. 39-51.

F. Black and M. Scholes. “The pricing of options and corporate liabilities”. In:
J. Polit. Econ. 81.3 (1973), pp. 637-654.

D. Blackwell. “Discounted dynamic programming”. In: Ann. Math. Statist. 36
(1965), pp. 226-235.

O. Bokanowski, M. Falcone, and S. Sahu. “An efficient filtered scheme for
some first order time-dependent Hamilton-Jacobi equations”. In: STAM J. Sci.
Comput. 38.1 (2016), A171-A195.

O. Bokanowski, S. Maroso, and H. Zidani. “Some convergence results for
Howard’s algorithm”. In: SIAM J. Numer. Anal. 47.4 (2009), pp. 3001-3026.

F. Bonnans, S. Maroso, and H. Zidani. “Error estimates for a stochastic impulse
control problem”. In: Appl. Math. Optim. 55.3 (2007), pp. 327-357.

B. Bouchard and N. Touzi. “Weak dynamic programming principle for viscosity
solutions”. In: STAM J. Control Optim. 49.3 (2011), pp. 948-962.

S. Boyd and L. Vandenberghe. Convex optimization. Cambridge University
Press, Cambridge, 2004, pp. xiv+716.

J. H. Bramble and B. E. Hubbard. “On a finite difference analogue of an elliptic
boundary problem which is neither diagonally dominant nor of non-negative
type”. In: J. Math. and Phys. 43 (1964), pp. 117-132.

B. Bruder and H. Pham. “Impulse control problem on finite horizon with
execution delay”. In: Stochastic Process. Appl. 119.5 (2009), pp. 1436-1469.

A. Cadenillas and F. Zapatero. “Classical and impulse stochastic control of the
exchange rate using interest rates and reserves”. In: Math. Finance 10.2 (2000).
INFORMS Applied Probability Conference (Ulm, 1999), pp. 141-156.

131



[CZ99]
[CR14]

[CMS07]

[COS02]

[CW16]

[CW17]

[CVFO08]

[Che08]

[CFO8]

[CHOT]

[Che+16]

[Col66]

A. Cadenillas and F. Zapatero. “Optimal central bank intervention in the
foreign exchange market”. In: J. Econom. Theory 87.1 (1999), pp. 218-242.

O. Cavus and A. Ruszczynski. “Risk-averse control of undiscounted transient
Markov models”. In: SIAM J. Control Optim. 52.6 (2014), pp. 3935-3966.

J.-P. Chancelier, M. Messaoud, and A. Sulem. “A policy iteration algorithm for
fixed point problems with nonexpansive operators”. In: Math. Methods Oper.
Res. 65.2 (2007), pp. 239-259.

J.-P. Chancelier, B. Qksendal, and A. Sulem. “Combined stochastic control
and optimal stopping, and application to numerical approximation of combined
stochastic and impulse control”. In: Tr. Mat. Inst. Steklova 237.Stokhast. Finans.
Mat. (2002), pp. 149-172.

Y. Chen and J. W. Wan. “Monotone Mixed Narrow/Wide Stencil Finite Differ-
ence Scheme for Monge-Ampere Equation”. In: arXiv preprint arXiv:1608.00644
(2016).

Y. Chen and J. W. Wan. “Multigrid methods for convergent mixed finite differ-
ence scheme for Monge-Ampere equation”. In: Computing and Visualization in
Science (2017), pp. 1-15.

Z. Chen, K. Vetzal, and P. A. Forsyth. “The effect of modelling parameters on
the value of GMWB guarantees”. In: Insurance Math. Econom. 43.1 (2008),
pp. 165-173.

7. Chen. “Numerical methods for optimal stochastic control in finance”. PhD
thesis. University of Waterloo, 2008.

Z. Chen and P. A. Forsyth. “A numerical scheme for the impulse control formu-

lation for pricing variable annuities with a guaranteed minimum withdrawal
benefit (GMWB)”. In: Numer. Math. 109.4 (2008), pp. 535-569.

G.-H. Cheng and T.-Z. Huang. “An upper bound for ||A7!||,, of strictly diago-
nally dominant M-matrices”. In: Linear Algebra Appl. 426.2-3 (2007), pp. 667—
673.

E. Chevalier, V. Ly Vath, S. Scotti, and A. Roch. “Optimal execution cost for
liquidation through a limit order market”. In: Int. J. Theor. Appl. Finance 19.1
(2016), pp. 1650004, 26.

L. Collatz. Functional analysis and numerical mathematics. Translated from
the German by Hansjorg Oser. Academic Press, New York-London, 1966,
pp. xx+473.

132



[CV05]

[CIL92]

(CL83]
[DKZ08]

[DF14]

[DGW10]

[DJ13]

[DRR12]

[DS65]

[EJTO5]
[ETOY]
[ETO7a]

[ETO8]

R. Cont and E. Voltchkova. “A finite difference scheme for option pricing in
jump diffusion and exponential Lévy models”. In: SIAM J. Numer. Anal. 43.4
(2005), pp. 1596-1626.

M. G. Crandall, H. Ishii, and P.-L. Lions. “User’s guide to viscosity solutions of
second order partial differential equations”. In: Bull. Amer. Math. Soc. (N.S.)
27.1 (1992), pp. 1-67.

M. G. Crandall and P.-L. Lions. “Viscosity solutions of Hamilton-Jacobi equa-
tions”. In: Trans. Amer. Math. Soc. 277.1 (1983), pp. 1-42.

M. Dai, Y. K. Kwok, and J. Zong. “Guaranteed minimum withdrawal benefit
in variable annuities”. In: Math. Finance 18.4 (2008), pp. 595-611.

D.-M. Dang and P. A. Forsyth. “Continuous time mean-variance optimal
portfolio allocation under jump diffusion: a numerical impulse control approach”.
In: Numer. Methods Partial Differential Equations 30.2 (2014), pp. 664-698.

M. H. A. Davis, X. Guo, and G. Wu. “Impulse control of multidimensional
jump diffusions”. In: STAM J. Control Optim. 48.8 (2010), pp. 5276-5293.

K. Debrabant and E. R. Jakobsen. “Semi-Lagrangian schemes for linear and
fully non-linear diffusion equations”. In: Math. Comp. 82.283 (2013), pp. 1433
1462.

P. Del Moral, B. Rémillard, and S. Rubenthaler. “Monte Carlo approximations
of American options that preserve monotonicity and convexity”. In: Numerical
methods in finance. Vol. 12. Springer Proc. Math. Springer, Heidelberg, 2012,
pp. 115-143.

L. E. Dubins and L. J. Savage. How to gamble if you must. Inequalities for
stochastic processes. McGraw-Hill Book Co., New York-Toronto-London-Sydney,
1965, pp. xiv+249.

E. Ekstrom, S. Janson, and J. Tysk. “Superreplication of options on several
underlying assets”. In: J. Appl. Probab. 42.1 (2005), pp. 27-38.

E. Ekstrom and J. Tysk. “Bubbles, convexity and the Black-Scholes equation”.
In: Ann. Appl. Probab. 19.4 (2009), pp. 1369-1384.

E. Ekstrom and J. Tysk. “Convexity preserving jump-diffusion models for
option pricing”. In: J. Math. Anal. Appl. 330.1 (2007), pp. 715-728.

E. Ekstrom and J. Tysk. “Convexity theory for the term structure equation”.
In: Finance Stoch. 12.1 (2008), pp. 117-147.

133



[ETOT7b]
[FTW11]
[FLOT]

[FV14]

[Fri64]

[Fri75]

(Gig+91]

[GL14]

[GWO9]

[H+17]

[HZ10]

[HF12]

[HFL12]

E. Ekstrom and J. Tysk. “Properties of option prices in models with jumps”.
In: Math. Finance 17.3 (2007), pp. 381-397.

A. Fahim, N. Touzi, and X. Warin. “A probabilistic numerical method for fully
nonlinear parabolic PDEs”. In: Ann. Appl. Probab. 21.4 (2011), pp. 1322-1364.

P. A. Forsyth and G. Labahn. “Numerical methods for controlled Hamilton-
Jacobi-Bellman PDEs in finance”. In: J. Comput. Finance 11.2 (2007).

P. Forsyth and K. Vetzal. “An optimal stochastic control framework for de-
termining the cost of hedging of variable annuities”. In: J. Econom. Dynam.
Control 44 (2014), pp. 29-53.

A. Friedman. Partial differential equations of parabolic type. Prentice-Hall, Inc.,
Englewood Cliffs, N.J., 1964, pp. xiv+347.

A. Friedman. Stochastic differential equations and applications. Vol. 1. Proba-
bility and Mathematical Statistics, Vol. 28. Academic Press [Harcourt Brace
Jovanovich, Publishers|, New York-London, 1975, pp. xiii+231.

Y. Giga, S. Goto, H. Ishii, and M.-H. Sato. “Comparison principle and convexity
preserving properties for singular degenerate parabolic equations on unbounded
domains”. In: Indiana Univ. Math. J. 40.2 (1991), pp. 443-470.

H. Guan and Z. Liang. “Viscosity solution and impulse control of the diffu-
sion model with reinsurance and fixed transaction costs”. In: Insurance Math.
Econom. 54 (2014), pp. 109-122.

X. Guo and G. Wu. “Smooth fit principle for impulse control of multidimensional
diffusion processes”. In: STAM J. Control Optim. 48.2 (2009), pp. 594-617.

J. Han, A. Jentzen, et al. “Deep learning-based numerical methods for high-
dimensional parabolic partial differential equations and backward stochastic
differential equations”. In: arXiv preprint arXiv:1706.04702 (2017).

T.-Z. Huang and Y. Zhu. “Estimation of |||A7!|||o for weakly chained diagonally
dominant M-matrices”. In: Linear Algebra Appl. 432.2-3 (2010), pp. 670-677.

Y. Huang and P. A. Forsyth. “Analysis of a penalty method for pricing a
guaranteed minimum withdrawal benefit (GMWB)”. In: IMA J. Numer. Anal.
32.1 (2012), pp. 320-351.

Y. Huang, P. A. Forsyth, and G. Labahn. “Combined fixed point and policy it-
eration for Hamilton-Jacobi-Bellman equations in finance”. In: STAM J. Numer.
Anal. 50.4 (2012), pp. 1861-1882.

134



[HFL13]

[HK16]

[HZK17]

[Tam+-09]

[Ish93]
[1t651]

[1t644]
[JT04]

[Jen8s]

[KN00]

[Kha-+10]

[KP10]

Y. Huang, P. A. Forsyth, and G. Labahn. “Inexact arithmetic considerations for
direct control and penalty methods: American options under jump diffusion”.
In: Appl. Numer. Math. 72 (2013), pp. 33-51.

Y. T. Huang and Y. K. Kwok. “Regression-based Monte Carlo methods for
stochastic control models: variable annuities with lifelong guarantees”. In: Quant.
Finance 16.6 (2016), pp. 905-928.

Y. T. Huang, P. Zeng, and Y. K. Kwok. “Optimal initiation of Guaranteed
Lifelong Withdrawal Benefit with dynamic withdrawals”. In: SIAM J. Financial
Math. (2017). To appear.

H. Tams, B. A. Butrica, K. E. Smith, and E. J. Toder. “The disappearing
defined benefit pension and its potential impact on the retirement incomes of
baby boomers”. In: Social Security Bulletin 69.3 (2009), pp. 1-28.

K. Ishii. “Viscosity solutions of nonlinear second order elliptic PDEs associated
with impulse control problems”. In: Funkcial. Ekvac. 36.1 (1993), pp. 123-141.

K. It6. “On a formula concerning stochastic differentials”. In: Nagoya Math. J.
3 (1951), pp. 55-65.

K. Itd. “Stochastic integral”. In: Proc. Imp. Acad. Tokyo 20 (1944), pp. 519-524.

S. Janson and J. Tysk. “Preservation of convexity of solutions to parabolic
equations”. In: J. Differential Equations 206.1 (2004), pp. 182-226.

R. Jensen. “The maximum principle for viscosity solutions of fully nonlinear
second order partial differential equations”. In: Arch. Rational Mech. Anal.
101.1 (1988), pp. 1-27.

W. J. Kaczor and M. T. Nowak. Problems in mathematical analysis. 1. Real
numbers, sequences and series. Vol. 4. Student Mathematical Library. American
Mathematical Society, Providence, RI, 2000, pp. xiv+380.

I. Kharroubi, J. Ma, H. Pham, and J. Zhang. “Backward SDEs with constrained
jumps and quasi-variational inequalities”. In: Ann. Probab. 38.2 (2010), pp. 794—
840.

I. Kharroubi and H. Pham. “Optimal portfolio liquidation with execution cost
and risk”. In: STAM J. Financial Math. 1.1 (2010), pp. 897-931.

135



[Kol92]

[LLOGa]
[LLOG]
[LLOTa)
[Li0g]

[LLOTD]
[LMO6]

[Lio83]

[LSO01]

[LMPO7]
[Lyo95]

[MF17]

[MR83a]

A. N. Kolmogorov. Selected works. Vol. II. Vol. 26. Mathematics and its
Applications (Soviet Series). Probability theory and mathematical statistics,
With a preface by P. S. Aleksandrov, Translated from the Russian by G.
Lindquist, Translation edited by A. N. Shiryayev [A. N. Shiryaev|. Kluwer
Academic Publishers Group, Dordrecht, 1992, pp. xvi+597.

J.-M. Lasry and P.-L. Lions. “Jeux a champ moyen. 1. Le cas stationnaire”. In:
C. R. Math. Acad. Sci. Paris 343.9 (2006), pp. 619-625.

J.-M. Lasry and P.-L. Lions. “Jeux a champ moyen. II. Horizon fini et controle
optimal”. In: C. R. Math. Acad. Sci. Paris 343.10 (2006), pp. 679-684.

J.-M. Lasry and P.-L. Lions. “Mean field games”. In: Jpn. J. Math. 2.1 (2007),
pp- 229-260.

W. Li. “The infinity norm bound for the inverse of nonsingular diagonal domi-
nant matrices”. In: Appl. Math. Lett. 21.3 (2008), pp. 258-263.

P.-L. Lions and J.-M. Lasry. “Large investor trading impacts on volatility”. In:
Ann. Inst. H. Poincaré Anal. Non Linéaire 24.2 (2007), pp. 311-323.

P.-L. Lions and M. Musiela. “Convexity of solutions of parabolic equations”.
In: C. R. Math. Acad. Sci. Paris 342.12 (2006), pp. 915-921.

P.-L. Lions. “Optimal control of diffusion processes and Hamilton-Jacobi-
Bellman equations. I. The dynamic programming principle and applications”.
In: Comm. Partial Differential Equations 8.10 (1983), pp. 1101-1174.

F. A. Longstaff and E. S. Schwartz. “Valuing American options by simulation:
a simple least-squares approach”. In: The Review of Financial Studies 14.1
(2001), pp. 113-147.

V. Ly Vath, M. Mnif, and H. Pham. “A model of optimal portfolio selection
under liquidity risk and price impact”. In: Finance Stoch. 11.1 (2007), pp. 51-90.

T. J. Lyons. “Uncertain volatility and the risk-free synthesis of derivatives”. In:
Appl. Math. Finance 2.2 (1995), pp. 117-133.

K. Ma and P. A. Forsyth. “An unconditionally monotone numerical scheme
for the two-factor uncertain volatility model”. In: IMA J. Numer. Anal. 37.2
(2017), pp. 905-944.

J.-L. Menaldi and M. Robin. “On some cheap control problems for diffusion
processes”. In: Trans. Amer. Math. Soc. 278.2 (1983), pp. 771-802.

136



[MR83b)]

[Mer71]
[MRS16]

[MQ98]

[Mun75]

[Obe06]

[Obe08]

[Ohn+16]

[(Oks99]

[0S05]

[0S02]

[Pas+05]

J.-L. Menaldi and E. Rofman. “On stochastic control problems with impulse
cost vanishing”. In: Semi-infinite programming and applications (Austin, Tez.,
1981). Vol. 215. Lecture Notes in Econom. and Math. Systems. Springer, Berlin,
1983, pp. 281-294.

R. C. Merton. “Optimum consumption and portfolio rules in a continuous-time
model”. In: J. Econom. Theory 3.4 (1971), pp. 373-413.

J. Muhle-Karbe, M. Reppen, and H. M. Soner. “A primer on portfolio choice
with small transaction costs”. In: arXiv preprint arXiv:1612.01302 (2016).

G. Mundaca and B. @ksendal. “Optimal stochastic intervention control with
application to the exchange rate”. In: J. Math. Econom. 29.2 (1998), pp. 225-
243.

J. R. Munkres. Topology: a first course. Prentice-Hall, Inc., Englewood Cliffs,
N.J., 1975, pp. xvi+413.

A. M. Oberman. “Convergent difference schemes for degenerate elliptic and

parabolic equations: Hamilton-Jacobi equations and free boundary problems”.
In: SIAM J. Numer. Anal. 44.2 (2006), pp. 879-895.

A. M. Oberman. “Wide stencil finite difference schemes for the elliptic Monge-
Ampere equation and functions of the eigenvalues of the Hessian”. In: Discrete
Contin. Dyn. Syst. Ser. B 10.1 (2008), pp. 221-238.

K. Ohno, T. Boh, K. Nakade, and T. Tamura. “New approximate dynamic
programming algorithms for large-scale undiscounted Markov decision processes
and their application to optimize a production and distribution system”. In:
European J. Oper. Res. 249.1 (2016), pp. 22-31.

B. Oksendal. “Stochastic control problems where small intervention costs have
big effects”. In: Appl. Math. Optim. 40.3 (1999), pp. 355-375.

B. Oksendal and A. Sulem. Applied stochastic control of jump diffusions. Uni-
versitext. Springer-Verlag, Berlin, 2005, pp. x+208.

B. OQksendal and A. Sulem. “Optimal consumption and portfolio with both
fixed and proportional transaction costs”. In: STAM J. Control Optim. 40.6
(2002), pp. 1765-1790.

U. Pasdika, J. Wolff, G. Re, and M. Life. “Coping with longevity: The new
German annuity valuation table DAV 2004 R”. In: The Living to 100 and
Beyond Symposium, Orlando Florida. Vol. 2. 4. 2005, p. 6.

137



[Ple77]
[Roc70)
[Saa03]
[Sam65al
[Sam65b)]

[Sep04]

[Sey09]

[SC74]

[Shi+96]

[Str66]

[Toul3]

[Var00]

[Wan09]

R. J. Plemmons. “M-matrix characterizations. I. Nonsingular M-matrices”. In:
Linear Algebra and Appl. 18.2 (1977), pp. 175-188.

R. T. Rockafellar. Convex analysis. Princeton Mathematical Series, No. 28.
Princeton University Press, Princeton, N.J., 1970, pp. xviii4+451.

Y. Saad. [terative methods for sparse linear systems. Second. Society for Indus-
trial and Applied Mathematics, Philadelphia, PA, 2003, pp. xviii+528.

P. A. Samuelson. “Proof that properly anticipated prices fluctuate randomly”.
In: IMR; Industrial Management Review (pre-1986) 6.2 (1965), pp. 41-49.

P. A. Samuelson. “Rational theory of warrant pricing”. In: IMR; Industrial
Management Review (pre-1986) 6.2 (1965).

A. Sepp. “Analytical pricing of double-barrier options under a double-exponential
jump diffusion process: applications of Laplace transform”. In: Int. J. Theor.
Appl. Finance 7.2 (2004), pp. 151-175.

R. C. Seydel. “Existence and uniqueness of viscosity solutions for QVI associated
with impulse control of jump-diffusions”. In: Stochastic Process. Appl. 119.10
(2009), pp. 3719-3748.

P. N. Shivakumar and K. H. Chew. “A sufficient condition for nonvanishing of
determinants”. In: Proc. Amer. Math. Soc. 43 (1974), pp. 63-66.

P. N. Shivakumar, J. J. Williams, Q. Ye, and C. A. Marinov. “On two-sided
bounds related to weakly diagonally dominant M-matrices with application to
digital circuit dynamics”. In: SIAM J. Matriz Anal. Appl. 17.2 (1996), pp. 298
312.

R. E. Strauch. “Negative dynamic programming”. In: Ann. Math. Statist. 37
(1966), pp. 871-890.

N. Touzi. Optimal stochastic control, stochastic target problems, and backward
SDE. Vol. 29. Fields Institute Monographs. With Chapter 13 by Anges Tourin.
Springer, New York; Fields Institute for Research in Mathematical Sciences,
Toronto, ON, 2013, pp. x+214.

R. S. Varga. Matriz iterative analysis. expanded. Vol. 27. Springer Series in
Computational Mathematics. Springer-Verlag, Berlin, 2000, pp. x+358.

P. Wang. “An upper bound for ||A™"||« of strictly diagonally dominant M-
matrices”. In: Linear Algebra Appl. 431.5-7 (2009), pp. 511-517.

138



[WFV04] H. Windcliff, P. A. Forsyth, and K. R. Vetzal. “Analysis of the stability of
the linear boundary condition for the Black-Scholes equation”. In: Journal of
Computational Finance 8 (2004), pp. 65-92.

139






APPENDICES

141






Appendix A

Supplementary material for Chapter 3

In this appendix, we take the setting of Example 3.4.7 in order to prove that the assumptions
of Theorem 3.4.5 are satisfied. We first establish the w.c.d.d. condition:

Lemma A.0.1. A(P) is w.c.d.d. for each P € P'.

Proof. Let P be an arbitrary control in P’. It is sufficient to show that for each row i; of
A(P) that is not s.d.d., we can find a walk i; — -+ — i; to an s.d.d. row . As such, let
i1 be a row that is not s.d.d. Since the i-th row of A(P) is not s.d.d. if and only if d; =1
(recall Lemma 3.3.4), it follows that d;, = 1.

By symmetry, it is sufficient to consider the case of i; < M /2. In this case, z;, = z;, — x4,
for some row iy < iy < M/2 by (3.35). If iy is an s.d.d. row, then i; — i is a walk to an
s.d.d. row. Otherwise, we can repeat this procedure to produce i3, 1y, ... until arriving at
an s.d.d. row 7. In this case, iy — -+ — 1 is a walk to an s.d.d. row. We are guaranteed
that this procedure terminates since row M/2 is s.d.d. due to dy;o = 0 (see (3.35)). O

We now establish (3.34). The proof, albeit elementary, is somewhat arduous. As such,
we simply sketch the ideas below.

Proof sketch for (3.9/). Fixn and suppose that V"' = (Vg" 1, ... Vi~ 1)T satisfies Vitja—i =
Va2 for all i. Now, let U = (Uo, ..., Un)T be the unique vector satisfying H(U;P’) = 0.
By some straightforward yet arduous algebra, one can establish that Ups/o—; = Upz/a4 for
all 2 and

- S Unj2—2 S Unjo1 < Unije 2 Ungjon 2 Uppjoe 2 -

143



Using these two facts, it is straightforward to establish (3.34). Now, by Theorem 3.4.5, it
follows that U is the unique vector satisfying H(U;P) = 0, and hence V" = U.

Now, since V? is the zero vector (recall that the terminal condition in Example 1.1.2
is g(x) = 0), it trivially satisfies Vo ; = Vi p,, for all i. Therefore, (3.34) is established
(for all n) by induction. O
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Appendix B

Barles-Souganidis framework and the HJBQVI

In this appendix, we discuss why it is not possible to naively apply the Barles-Souganidis
framework [BS91] to prove the convergence of the direct control, penalty, and explicit-
impulse schemes for the HIBQVI. We recommend reading this appendix after Section 4.4.

Adapting the notation to match the notation of this thesis, recall that in [BS91], the
authors consider numerical schemes of the form
S(h,z, V") =0 forz e . (B.1)
Compared to our notion of numerical scheme (4.4), the above does not have an explicit
treatment of the nonlocal operator 7.

Consider now the following alternate definition of viscosity solution for (4.2).

Definition B.0.1. An upper (resp. lower) semicontinuous function V:Q — R is a

viscosity subsolution (resp. supersolution) of (/.2) if for all ¢ € C*(Q) and x € Q such that
V(z) — p(z) =0 is a local maximum (resp. minimum) of V — ¢, we have

F(x,¢(x), Do(z), D*p(x), [Z¢](x)) <

(resp. F*(x, (), Dy(x), D*p(2), [Z](x)) = 0). (B.2)

We say V' is a viscosity solution if it is both a subsolution and a supersolution.

0
0

\V/

Compared to Definition 4.1.2, which is the relevant definition for impulse control
problems [()S05; Sey09], the above alternate definition uses Zy instead of ZV in (B.2). As
such, Definitions 4.1.2 and B.0.1 are not equivalent in general.
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In [CV05] it is demonstrated that one can use schemes of the form (B.1) to approximate
the solution of (4.2) when working under the alternate notion of solution specified by
Definition B.0.1. In this case, the relevant notion of consistency is as follows [CV05, Eq.
(4.1)]: a scheme S is consistent if for each p € C*(Q) and x € Q

lim inf S(h,y, ¢ +&) > Fu(z, p(x), Dp(x), D*p(), [Z¢](x))

y%x
£—0

and
limsup S(h, y, ¢ + &) < F*(x, o(x), Dp(x), D*p(x), [Zp](x)).

h—0
Y—T

£—0

Compared to our notion of nonlocal consistency given by (4.36) and (4.37), the above
does not require the use of half-relaxed limits. At least intuitively, half-relaxed limits
are not needed in this case since the alternate notion of viscosity solution specified by
Definition B.0.1 uses Z¢ instead of ZV in (B.2), as discussed in the previous paragraph.

For the HIBQVI, we have the following result, which appears in [GW09, Theorem 3.1},
[DGW10, Section 4], and [Bar85, Proposition 1.2].

Proposition B.0.2. Let F' be given by (4.6) and T = M, corresponding to the HIBQVI.
Let V: Q0 — R be uniformly continuous. Then, V is a subsolution (resp. supersolution)
in the sense of Definition 4.1.2 if and only if it is a subsolution (resp. supersolution) in the
sense of Definition B.0.1.

The need for uniform continuity is summarized succinctly in [GWO09]:

“However, note that the operator M is nonlocal; i.e., Mp(t, x) is not determined
by values of ¢ in a neighborhood of (t,x), and My(t,x) might be very small if
¢ s small away from (t,x). Therefore, one has no control over My(t,xz) by
simply requiring that uw — ¢ have a local mazimum (resp. minimum) at (t,x).”

Since the Barles-Souganidis framework operates by constructing a subsolution and
supersolution pair that are only semicontinuous (see the details of the proof in [BS91,
Pg. 276]), the continuity requirement in Proposition B.0.2 is too strong for us to apply
the Barles-Souganidis framework to obtain a solution of the HJBQVI in the sense of
Definition 4.1.2. It is this theoretical issue that ultimately led us to the notion of nonlocal
consistency as a means to obtain the provable convergence of our schemes.
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It is worthwhile to mention that one way to sidestep the above issue is by using a
technique called iterated optimal stopping, in which a solution of the HJIBQVT is obtained
by considering a sequence of local PDEs. This approach is described and analyzed in
[BMZ07] for the case of infinite horizon (i.e., T'= oco) HIBQVIs such as (2.13). However,
it is well-known that when extended to the finite horizon (i.e., 7" < 00) setting, iterated
optimal stopping has a high space complexity and prohibitively slow convergence rate
[BFL14], making it unsuitable for the problems considered in this thesis.
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Appendix C

Truncated domain approximation

As discussed in Chapter 4 (see, in particular, the text below (4.5)), computing the numerical
solution of the HIBQVI as posed on an unbounded domain is computationally intractable.
In light of this, we restrict the HIBQVI to a truncated domain, introducing “artificial”
boundary conditions posed on the boundary of that domain.

In Subsection C.1, we introduce the truncated HJBQVI. In Subsection C.2, we modify
the convergence arguments of Chapter 4 to ensure convergence to the solution of the

truncated HJBQVI.

C.1 Truncated HIBQVI
The truncated HIJIBQVT is

1
min {—Vt — sup {26(-, W) Ve + a(-, w)V, + f(,w)} ,V — MV} =0on (C.1a)
weW

min{—Vt— sup {f(-,w)},V—MV} =0on 940 (C.1b)
weW
min{V —g,V—-MV}=00n09{Q (C.lc)

where

Q=1[0,T)x (-R,R), 0:Q=1[0,T)x{-R,R}, and 8;Q={T}x [-R,R].
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"\‘ f—t—> —t—
WW T T V‘ T T

Fig. C.1: Possible realizations of the first escape time

Remark C.1.1. (C.1b) corresponds to imposing artificial Neumann boundary conditions
Via(t,£R) = Vi (t,£R) = 0 for all t € [0,T). The techniques in this appendiz can be used
to handle other boundary conditions, such as replacing (C.1b) by

min {V — g,V — MV} =0 on 959.

With the above choice of boundary condition, the truncated HIBQVI is related to mazximizing,
over all controls 6, the objective function (compare with (1./))

JR(t,J};G) =E

| fw X wdut 3 K (€ Xom 2+ 9(X)

t<€<T

th = x]

where 7 is the minimum of the terminal time T and the first time the process X “escapes”
the interval (—R, R) (Fig. C.1), defined as

m=min{7T,m} where my=inf{s>1t:|Xs| > R}.

Throughout this appendix, we assume (H1)—(H4) of Chapter 4 hold. To ensure that
impulses do not leave the truncated domain, we also assume the following:

(H5) (t,T(t,z,2)) € Q for all (t,r) € Q and 2 € Z(t, ).
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Lastly, we mention that in order to write (C.1) in the form (4.2), we take Z = M and

F((t z),r (¢,p), A, €)
min {—q — SUD e {%b(t, z,w)?A+a(t,z,w)p+ f(t, z, w)} T — 6} if (t,x) € Q

= {min {—q — sup,ew {f(t, 2, w)},r — £} if (t,2) € 9310
min {r — g(z),r — ¢} if (t,2) € 050
(C.2)

(compare with (4.6)).

Remark C.1.2. If, in addition to the requirements of Theorem }.5.20, a(-,£R,-) =
b(, xR, ) =0, a trivial modification of the arguments in Appendiz D yield a comparison
principle for the truncated HJIBQVI.

C.2  Moditying the convergence arguments

In this subsection, we discuss how to modify the convergence arguments in order to ensure
convergence to the solution of the truncated HIBQVI (C.1).

Instead of the uniform spacing condition z;,; — z; = Az and the condition on M in

(4.5), we work under the assumption that {xo, ...,z } is a partition of the interval [— R, R]
which satisfies (using Bachmann-Landau notation),

Therefore, while the number of points on the spatial grid increases as h — 0, the location
of the boundary points g = —R and x;; = R remains fixed.

The monotonicity and stability of the direct control, penalty, and explicit-impulse
schemes are not affected by the modified grid described above. In light of this, it is sufficient
only to show that these schemes are nonlocally consistent (with respect to (C.2)).

Lemma C.2.1. The direct control scheme is nonlocally consistent (with respect to (C.2)).

Proof. Let @ = [0,T)x(~R, R) and ¢ € C*2(Q). Let ! and ", ()50, and (hyns $ims Yons &)
be defined as in the proof of Lemma 4.3.16. By the definition of the scheme,

min{SV, S@} ifn,, >0and 0<i< M
SRy (Smy Y )y @ + &y [ 0" (S Ym)) = { min{S®) SOV if . > 0and i =0, M
S3) if ny, =0
(C.A4)
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(compare with (4.48)) where S, S@ and S®) are defined in (4.49) and

nm—1 nm
" uewe | AT )

Similarly to Lemma 4.3.12, we have

lim S®) = —py(t, ) — sup {f(t,z,w)}. (C.5)

m— 00 weWw

Suppose that (Sy, Ym) — (t,2) where t < T and x = £R, corresponding to the artificial
boundary condition (the other cases can be handled as in the proof of Lemma 4.3.16). Due
to symmetry, we will focus only on the case of x = +R.

Since s,, — t, we may assume that s,, < T (or, equivalently, n,, > 0) for each m. In
this case, by (C.4),

S(hms (Sms Ym)s # + &ny [0} (50, yn)) = min (mind S, S}, min{ S, SP}) .

Taking limit inferiors of both sides of the above inequality and applying Lemma 4.3.12
and (4.50), (4.57), and (C.5),

lis 0f S (i, (50, Y ), 2 + Eons (2776 (530, m))

1
> min (mm{—wtu,x) — sup {2000, 0,0 2) + alt, 2, w)ult,2) + S0, ]
weW

o(t, z) — Mu(t, :L‘)}, min{—cpt(t, x) — “516111/‘)/ {f(t,z,w)}, p(t,x) — Muf(t, x)})
= F.((t,z), p(t, ), Dp(t,x), D*p(t, x), Mu(t,z),)

where F' is defined in (C.2). As in the proof of Lemma 4.3.16, this implies (4.54). (4.55) is
established similarly. O

Recall that in the case of an unbounded domain, nonlocal consistency of the (untruncated)
penalty scheme in Lemma 4.3.17 was obtained by a simple modification of the proof of
nonlocal consistency of the (untruncated) direct control scheme in Lemma 4.3.16. The
situation is analogous here. Namely, to obtain the nonlocal consistency of the truncated
penalty scheme, we need only replace the definition of S by (4.60). We summarize below.

Lemma C.2.2. The penalty scheme is nonlocally consistent (with respect to (C.2)).
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Unlike the truncated direct control and truncated penalty schemes, we cannot immedi-
ately prove the nonlocal consistency of the truncated explicit-impulse scheme. In particular,
due to the fact that the point z; + a(w)A7 appearing in (2.18) may be outside of the
truncated domain [— R, R], the approximation (2.18) may introduce overstepping error. In
order to get around this issue, we will have to modify the spatial grid so that the distance
between the first and last two grid points vanishes sublinearly:

Lemma C.2.3. Suppose that, instead of (C.3), the points {xo,...,xr} are a partition of
[— R, R] which satisfies (using Bachmann-Landau notation)

Tip1 —x; = O(h) forO<i< M —1
Ziv1 —x; = o(Vh) Nw(h) for i=0,M—1.

Then, the explicit-impulse scheme is nonlocally consistent (with respect to (C.2)).

Before giving the proof, recall that a function is in w(h) if it vanishes (as h — 0) strictly
slower than h (i.e., sublinearly) while a function is in o(v/h) if it vanishes strictly faster
than the function v/A. A function is in o(v/h) Nw(h) if it satisfies both these requirements.

Proof. Let Q = [0,T) x (=R, R) and ¢ € C*?(Q). Let ¢ and ©" and (A, Sm, Yms Em)m
be defined as in the proof of Lemma 4.3.16.

Now, suppose —R < y,, < R (or, equivalently, 0 < i, < M). Let

llalloxw = sup  a(t,z,w) < oo.
(t,z,w)eQxXW

Then,

Ym + a;™ (W)AT < xpp—1 + ||alloxw AT
=uxy — (Ty — Tp—1) + const. ||al|axw hm
=R — (zp — xpr-1) + const. Ay,

so that for m sufficiently large, y,, + a;™ (w)A7T < R since xpy — -1 = w(hm). By a
symmetric argument, we also have that y,, +a;™ (w)A7 > —R (i.e., there is no overstepping
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error for m sufficiently large). Therefore,

interp(gonm_l +&my Ym + CLZZL (w)AT) - g0<7-nm’ ym) —&m
AT
O(Sm + AT, ym + al™ (W)AT) — @(Smy Ym) + Em — &m L0 <($km+1 — ka)2>

AT AT

_ 2
= @i(t,z) +a(t,r,w)p,(t, ) + O ((JﬂkmﬂA T, ) n AT)
T

o 2
= @it ) + a(t,z, w)p.(t,x) + O (“’“MHA Tho) AT> .
T

Now, by the o(v/h) requirement,

(Thpg1 — m)2 i (\/E)Q
O( i Ar k +AT>—0< ™ >+O(hm)—>0 as m — oo.

The remainder of the proof follows the usual arguments as in Lemma 4.3.18. [

Remark C.2.4. If a(-, R,-) <0, the condition xp; — 251 = o(v/h) Nw(h) is not needed,
since mo overstepping can occur. A symmetric claim is true for the left boundary in the
case of a(-,—R,-) > 0.
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Appendix D

Comparison principle proof

In this appendix, we prove the comparison principle in Theorem 4.3.20. Throughout this
appendix, we assume (H1)-(H4) of Chapter 4 along with the conditions on the coefficients a
and b in the statement of Theorem 4.3.20. Furthermore, we use the notation Q = [0,7) x R,

D2 = 4q, and Dy = (¢4, ¢).

Our first order of business is to perform a change of variables to introduce a discount
factor 8 > 0 into the HIBQVI. In particular, we define Mg by

MgV (t,z) = sup {V(¢t,T(t,z,2))+ Ks(t,z,2)}

2€Z(t,x)

and consider the discounted HJIBQVI

min {—Vt + SV — sup {;b(~,/w)2‘/;x+a(', w)‘/;+f5(~,w)} V- MgV} =0on[0,7) xR

weW

min {V(T,-) — g3, V(T,-) = MgV (T, )} =0on R
where Ks(t,z) = eP'K(t,z), f5(t,x) = €’ f(t,x), and gs(x) = e’Tg(x). To write the
discounted HJBQVI in the form (4.2), we take Z = My and
F((t,2),r (a,p), A, €)

~Jmin {—q + [r — sup,ew {%b(w, w)?A+ a(z,w)p+ fs(t, z, w)} T — E} ift>0
N\ min {r — gs(z),r — £} if t =0.
(D.1)
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Note that setting § = 0 returns to the undiscounted HJIBQVTI specified by (4.6). Now,
note that if V' is a viscosity subsolution of the undiscounted HIBQVI, then the function
(t,x) — PV (t,z) is a viscosity subsolution (resp. supersolution) of the discounted HJIBQVI.
Therefore, it is sufficient to prove the comparison principle for the discounted HJBQVI.

We now repeat two results regarding the intervention operator, taken from [Sey09].

Lemma D.0.1 ([Sey09, Lemma 4.3]). Let U,V € B(Q). IfU > V, then MgU >
MgV (i.e., Mg is monotone). Moreover, MgU, (resp. MgU*) is lower (resp. upper)
semicontinuous and MpU, < (MgU), (resp. (MgU)* < MgU*).

Lemma D.0.2 ([Sey09, Lemma 5.5]). Let U,V € B(Q2). Then,
MpANU + (1 =N V) <K IMBU + (1 = AN MgV for0< A< 1
(i.e., Mg is convex).

The following, also to be used in the proof of comparison, is a well-known result from
real analysis:

Proposition D.0.3 ([KN00, Problem 2.4.17]). Let (ay), and (b,), be sequences of nonneg-
ative numbers. If a,, converges to a positive number a, limsup,,_, . a,b, = alimsup,,_, . by,.

We now give a result that describes the regularity of the “non-impulse” part of the
discounted HIBQVI. Below, we use < to denote the positive semidefinite order.

Lemma D.0.4. Let H be given by

H(t,,p.4) = = sup { S0, w4+ ala, whp + folt, )
weW

(compare with (D.1)). Then, there exists a positive constant C' such that for each compact
set D C R, there exists a modulus of continuity w such that for all (t,x, X), (s,y,Y) €

[0,T] x D x R satisfying
X 1 -1
()= ()

and all positive constants o and e,

H(s,y,a(x —y)—ey,Y —¢) — H(t,z,a(x —y) + ex, X +¢€)
<Clalz =yl +e(d+ [z +y*) + (|t 2) — (s,9)).
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Proof. First, note that

H(s,y,a(x—y)—ey,Y—e)—H(t,x,a(x—y)+ex,X+6)

{ ; (b(x, w)?X — b(y,w)2Y> + g (b(x, w)? + b(y, w)2)

+a(a(r,w) — aly,w)) (x —y) + ¢ (a(r, w)r + aly, w)y)

}+W(I(t>$) = (s,9)])

(D.2)

where we have used the fact that since [0, 7] x D x W is compact and f is continuous, we
can find a modulus of continuity w satisfying

Flt,z,w) = fo(s,y.w) < @(|(t,2) — (s,)]) for (t,2), (s,y) € [0,T] x D and w € W.

Omitting the dependence on w for brevity, we can write the argument in the supremum in
(D.2) as

S (B2 —bwPY) + & (6o +5(5)°) + a (ale) — al)) (x — ) + ¢ () + ay)y).

2
(D.3)
Now, recall that any Lipschitz function ¢(-) satisfies

[0(x) — l(y)| < const. |z —y| and |¢(x)| < const. (1+ |z]).
Therefore, since a is Lipschitz, we have
(a(z) = a(y)) (x — y) < la(z) — a(y)| |z - y| < const. |z — y*.
and
a(@)z + a(y)y < |a(@)] |z] + |a(y)| ly| < const. ((1 + |z]) [z + (1 + [y]) [y])
< const. (1 + |z|> + |y|?).
Similarly, since b is Lipschitz, we have

b(x)? + b(y)® < const. (L + |a])® + (L +Jy|)?) < const. (1 + |z|* +[y[*).

and
2 2 b(z)*>  b(z)b(y) (X
b(x)"X —b(y)"Y = trace ((b(y)b(:r) b(y)Qy ) ( —Y>>
b(a)*  b(x)b(y)\ (1 -1
<&““%<wa@> ww9><4 1>>
= 30 (b(z) — b(y))?
< 3acconst. (14 |z* + |y|?).
Now, the desired result follows by applying the above inequalities to (D.3). O
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The next result establish that the discounted HJBQVI has no boundary layer (recall
Example 4.1.3) at time ¢t = T. The proof follows closely [FTW11, Remark 3.2], which
establishes the absence of a boundary layer for a Hamilton-Jacobi-Bellman (HJB) equation.

Lemma D.0.5. Let V' be a subsolution (resp. supersolution) of the discounted HJBQVI.
Then, for all x € R,

min {V (T, x) — gs(x), V(T,2) — MgV (T, x
(resp. min{V(T,x) — gg(x), V(T,z) — MgV (T, x)

VoA

0
0).

~—

Proof. Let V be a subsolution. Let ¢ € CY%(Q) and (T, z) be a maximum point of V — ¢.
Define 9(t,-) = ¢(t,-) + ¢(T — t) where ¢ is a positive constant, to be chosen later. Since
¢(T —t) is nonnegative, the point (T, x) is also a maximum point of V' —1). Since ¢, = p; — ¢,
it follows that

F.(T,x),V(T,z), Dy(T, x), D*y(T, x), [ZV|(T,z)) = min{—gpt(T, x)+ V(T z)

— H(T, 2,0, (T, ), Y0 (T, ) + ¢, V(T, x) — g5(x), V(T, 2) — MV (T, JJ)} <0

where F is given by (D.1), Z = Mg, and H is defined in Lemma D.0.4. By picking ¢ large
enough,
min {V(Ta l’) - gﬂ(x)v V(T7 .I‘) - MBV(Ta x)} <0,

as desired. The supersolution case is handled symmetrically. O

The next lemma allows us to construct a family of “strict” supersolutions {V}} Ae(0,1) of
the discounted HIBQVTI by taking combinations of an ordinary supersolution and a specific
constant. A similar technique is used for a related problem in [Ish93, Lemma 3.2].

Lemma D.0.6. Let V' be a supersolution of the discounted HIBQVI. Define

¢ = max{([| /sl +1)/8, lgslloc + 1}

and & = min{1, Ko} where Ko = —sup, . K(t,x,2) > 0. Let Vy = (1 — \)V + Ac where
0 < A< 1. Then, for all ¢ € CY*(Q) and (t,z) € Q such that Vy — ¢ has a local mazimum
(resp. minimum) at (t,x), we have

F((t,7), Va(t, x), Dop(t, ), D*(t, ), [TVA](t, 7)) > A (D.4)
where Fis given by (D.1) and T = Mg. Moreover, for all z € R,
min {V\(T', z) — gs(z), Vi(T,x) — MsViA(T, )} = AE. (D.5)
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Proof. Let (t,z,1) € Q x CY%(Q) be such that Vy(t,z) — (¢, z) = 0 is a local minimum of
Vi — 1. Letting N = 1 — A for brevity and ¢ = (¢ — Ac)/N, it follows that (¢,z) is also a
local minimum point of V' — ¢ since

NV =) =XV =(@h—=X)/XN) =NV +Ac— =V — .

Since V' is a supersolution, we can find w € W such that

0> X (ult,) = BV (t.2) + ;b(x,w)%m(t,x) + e, whent, ) + folt 2, 0) )

= ult, ) = B (Valt, ) = Ac) + 20, 0 thaa(t, ) + ala, whn(t, ) £ X filt, ,0)
= y(t,2) — BVAE @) + S 0) () + ale, (1) + folt, )
£ (Be — folt @, w))
> ult, ) — BVA( )+ 2ble, w)toes(t,2) + e Wb, 2) + Folt, 7, 0) + X6 (D)
where the last inequality follows from

Be— fa(t,x,w) = B (1 fslle +1) /8 = | falle =12 €.

Now, note that the convexity of Mz (Lemma D.0.2) yields
VA= MgVy = Vi — Mg(N'V + Xe) = Vi — N MgV — AMge

where we have, with a slight abuse of notation, used ¢ in the above to denote a constant
function (i.e., ¢(t,z) = ¢). Note also that, for each point (¢, z),

c— Mge(t,z) =c— sup {c+K(t,z,2)} > Ky = €.
2€Z(t,z)

Now, using once again the fact that V' is a supersolution along with Lemma D.0.5, we have
that V' > MgV. Therefore,

V)\—M[ﬂ/}\EVA—A/V—AMBCE)\(C—M@C) 2/\5 (D7)

Now, let x € R be arbitrary. Using once again the fact that V' is a supersolution along
with Lemma D.0.5, we have that V (T, z) > gg(x). Therefore,

VAT, x) = gp(z) = N (V(2) = gs(x)) + Alc = gs(z)) 2 Ac — gs(z)) 2 A (D.8)
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where the last inequality follows from
c—gs(x) = llgsll +1—lgsllc =1 2 ¢

The proof is concluded by noting that inequalities (D.6) and (D.7) imply (D.4) while
inequalities (D.7) and (D.8) imply (D.5). O

We are finally ready to prove the comparison principle. The main tool that we use is
the Crandall-Ishii lemma, for which we refer to the “User’s Guide to Viscosity Solutions”
[CIL92, Theorem 3.2]. In the proof, we use the notation @é’i and ?é’i to denote the
parabolic semijets defined in [CIL92, Section 8§].

Proof of Theorem 4.5.20. Let U be a bounded subsolution and V' be a bounded super-
solution of the discounted HIBQVI. Let ¢ be given as in Lemma D.0.6 and define
Vin = (1 —1/m)V + ¢/m for all integers m > 1. Note that

sup {U = Vin} =sup {U =V 4 (V.= c) /m} 2 sup {U =V} = ([V][oo + ¢} /m.

Therefore, to prove the comparison principle, it is sufficient to show that U — V,,, < 0 along
a subsequence of (V,,,),, We establish it for all m.

To that end, fix m and suppose 6 = supo{U — V,,} > 0. Letting v > 0, we can find
(t”,2") € Q such that U(t",2") — V(t",2") > 0 — v. Let

o(t,z,5,y) = % (1t = s/ + |z — y*) + g (12> + 1)

be a smooth function parameterized by constants a > 0 and 0 < € < 1. Further let
O(t,x,s,y) =U(t,x) — Vin(s,y) — ¢(t,x,s,y) and note that

sip O(L,z,5,y) > sup Ot,x,t,2)

(t,x,s,y) €02 (t,x)eQ
= sup {U(t,x) —Vnlt,z) —€ |x|2}
(t,x)eQ
> Ut 2") — Vi (tV, %) — €|z”|?
>0 —v—elz’)’.

We henceforth assume v and € are small enough (e.g., pick v < §/4 and € < §/(4]z|?)) to
ensure that § — v — €|z |? is positive.
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Since U and V,,, are bounded (and thus trivially of subquadratic growth), it follows that
® admits a maximum at (t,, Ta, Sa, Ya) € Q0 such that

HU”OO + HVm”oo > Ulta, Ta) = Vin(Sa,Ya) =2 0 — vV — E|xV|2 + ©(tas Tas Sar Ya) (D.9)
Since —¢|x”|? > —|z¥|?, the above inequality implies that
& (|ta - Sa’2 + ‘xa - ya|2> +e€ (|xa|2 + |ya|2)

is bounded independently of o and € (but not of v since |z¥| may be arbitrarily large).

Now, for fixed €, consider some sequence of increasing «a, say (a,),, such that o, — oo.
To each «, is associated a maximum point (¢, T, Sn, Yn) = (ta,s Tans Sans Yo, ). By the dis-
cussion above, {(t,,, Ty, Sn, Yn) }n is contained in a compact set. Therefore, (a,, tn, T, Spy Yn)n
admits a subsequence whose four last components converge to some point (£, Z, 5, 7). With
a slight abuse of notation, we relabel this subsequence (a,, t,, Ty, Sn, Yn)n, forgetting the
original sequence. It follows that & = ¢ since otherwise |Z — ¢| > 0 and Proposition D.0.3
implies

lim sup {an|xn — yn|2} = limsup ay, | — §|* = oo,
n—o00 n—o0

contradicting the boundedness discussed in the previous paragraph. The same exact
argument yields ¢ = 5. Moreover, letting ¢, = 0(tn, Tn, Sn, Un; On),
0 < limsup g < T sup {U(tn, 2n) = Vin(m9n)} — 6+ v + |z
n—oo

n—o0

U, 2) = Vin(£,2) — 0 4+ v + €|z”|? (D.10)

and hence
0<6—v—ea’><U 2) — Vpu(t, ). (D.11)

By Lemma D.0.6, V,,, (S, Yn) =M Vi (Sn, yn) = &/m. Suppose, in order to arrive at a con-
tradiction, (au,, tn, Tn, Sn, Yn)n admits a subsequence along which U (t,,, z,,) — MU (t,, ) <
0. As usual, we abuse slightly the notation and temporarily refer to this subsequence as
(0, tn, Tny Sny Yn)n. Combining the inequalities V,,(sp, Yn) — MaVin(Sn, yn) = &/m and
Ulty, xn) — MpU(t,, x,) <0, we get

_f/m Z U(tnvxn) - Vm(3n7yn) - (M,BU(tna l‘n) - Mﬁvm(snayn))
>0 —v—e|lg” > + MgVi(8n, yn) — MU (tn, 7).
Taking limit inferiors with respect to n — oo of both sides of the above inequality and
using the semicontinuity established in Lemma D.0.1 yields

—&/m =6 — v — €2’ + MgV, (t,2) — MgU(t, 2).
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It follows, by the upper semicontinuity of U, that the supremum in MU (%, %) is achieved
at some 2 € Z(t,%). Therefore,

—&/m =8 —v—elz”)P + V£, (L, 2,2) - UET(E 2 2) = —v —€z”]%

Taking v and e small enough yields a contradiction. By virtue of the above, we may
assume that our original sequence (au,, t,, Tn, Sn, Yn)n Whose four last components converge
to (,2,5,7) satisfies U(t,, z,) — MgU(t,,2,) > 0 for all n.

Now, suppose ¢ = T. By Lemma D.0.6, V,,,(T, %) — MgV,,(T,2) = ¢/m and V,,,(T, %) —
g3(2) =2 0. T U(T,z) — MpU(T,z) < 0, we arrive at a contradiction by an argument
similar to the argument in the previous paragraph. It follows that U(T, %) — gg(2) < 0 and
hence U(T, #) — V,,,(T, ) < 0, contradicting (D.11). We conclude that < T so that we
may safely assume (t,,, T, Sp, Yn) € 2 for all n.

Define the shorthand derivative notation

0
atSOn = aif(un Tny Sny Yn; an)

and 0y, Osn, and Jy¢p,, similarly. We are now in a position to apply the Crandall-Ishii
lemma [CIL92, Theorem 3.2], which implies the existence of X,,,Y,, € R satisfying

(at@m 8:090717 Xn + 5) € ﬁé+U(tna In)» (8590n, ay@na Y, — 5) € @32)77‘/771(5717 yn)a

1 X, 1 -1
st ) 2 (% ) e (B F),

Due to our choice of ¢, we get

and

O =t (tn — sn) = =0
along with
Optpn = 0 (Tn, — Yp) + €xn,  and Oy, = —an(Tn — Yn) + €Y.
Therefore, since U (t,,, x,,) — MgU (t,, z,) > 0,

—atSOn + BU(tna xn) + H(tna o O‘n(l‘n - yn) + €Ty, Xn + 6) < 0
—Oppn, + va<5m yn) + H(Sn7 Yns an(xn - yn) — €Yny Yn — 6) 20 (D'12>
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where H is defined in Lemma D.0.4. We can combine the inequalities in (D.12) and apply
Lemma D.0.4 to get

0 < H(Sny Yny n(Tn, — Yn) — €Y, Yo — €) — H(tn, T, (T, — yn) + €2, Xy + €)
+ B (Vin(Sns Yn) — Ultn, 7))
< C(anltn = yul® + e(1+ |2a* + [ynl*) + @(|(tn; 2n) = (S0, 9n)])
+ B (Vin(Sn: Yn) — Ultn, 70))
< 20 (on +€) + @(|(tn, T0) = (80, Yn)|) + B (Vin(Sns yn) — Uty ) (D.13)

where w is a modulus of continuity. Moreover, by (D.9),
Via (8 Yn) — Ultn, ) < =0 + v + €|’ ?, (D.14)

and by (D.10),
lim sup ¢, < v+ e|lz”|?. (D.15)
n—oo

Applying (D.14) to (D.13), taking the limit superior as n — oo of both sides, and finally
applying (D.15) to the resulting expression yields

d < const. (V +e+ e|m”|2)

(const. above depends on 8 and C'). Since § is positive, picking v small enough and taking
€ — 0 in the above inequality yields the desired contradiction. O
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Appendix E

Green’s function representation prootf

In this appendix, we prove the Green’s function representation in Lemma 6.2.11.

Proof of Lemma 6.2.11. We proceed by a backwards induction argument on ¢.

Suppose that V(£,,1—, ) is continuous for some ¢ satisfying 0 < ¢ < L. Now, fix ¢ > 0
and define the functions

a(t) = a(€es1 —7)
B<7) = b0(&11 —7)

f(ry) = f(&r — T, expy, q)
i(y) = V(E1—,expy, q).

Now, let A = &1 — & and define the function u: [0, A] x R — R by
V - if 0
ulry) =4 (e —mexpy,q) il > (B.1)
u(y) if 7 =0.

By performing a change of variables in the linear PDE (6.11a), we find that u satisfies the
initial value problem
1+ o 1a
u7—2buyy—<a—2b>uy—f1:00n(0,A]><]R (E.2a)
u(0,) —u =0 on R. (E.2b)
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Since V satisfies a polynomial growth condition (recall Definition 6.2.10), u satisfies an
exponential growth condition:

lu(r, y)| = [V (&1 — T expy, q)] < C(q)(1 + [expy|?) < C(q)(1 + exp(dly]))
< 2C(q) exp(dlyl).

Therefore, by [Fri64, Chapter 1, Theorems 12 and 16|, u can be written as a sum of
convolutions involving the Green’s function ¥ of the PDE (E.2a):

u(T,y):/R\IJ(TO v,y )a(y")dy' —i—/ / 1y y)f(r,y)dr'dy  for 7 >0. (E.3)

Since the coefficients @ and b do not depend on the space variable y, the Green’s function
has the special form [Fri64, Chapter 9, Theorem 1]

\II(T) 7',7,%?/) - \I;<T7 Tlay, - y) (E4)
We can employ (E.3) and (E.4) to obtain
u(T,y) Z/\I’(T 0,y —y)u(y)dy' +/ / 7,y —y)f(T',y’)dT’dy’ for 7 > 0.
R

Now, perform the change of variables iy = y + log s’ to get

o0 1
u(T,y):/O U (7,0,log s")u(y +logs) ds’
~ 1
+/ / U(r, 7' logs) f(7',y +logs’)—dr'ds" for T > 0.
0 Jo s

By the relation (E.1), we can rewrite the above equation in terms of V:

00 1
V(t,s,q) = / W(Es1 — 1,0, log s )ii(log(ss')) —ds’

S

Coir—t : 1
N / 41 / U (& — t, 7, log s") f(7',1og(ss)) = dr'ds’  for & <t < &y and s > 0.
5

We can simplify this expression even further by replacing @ and f by their definitions to
obtain (6.15). Lastly, if £ > 0, then V(&—,-) = MV (&, ) is continuous by (H3).

The desired result now follows by induction since V(T'—,:) = ¢ is presumed to be
continuous. O
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Appendix F

Mortality data

The mortality data used in the numerical results of Chapter 6 is obtained from [Pas+05].
The mortality table, reproduced below, is specified in terms of 1¢,: the probability that a
person aged x will die within 1 year.

z 19z €T 19z x 19z €T 19z T 14z

65  0.008886 66  0.009938 67 0.011253 68  0.012687 69  0.014231
70 0.015887 71 0.017663 72 0.019598 73 0.021698 74 0.023990
75 0.026610 76 0.029533 77 0.032873 78 0.036696 79 0.041106
80  0.046239 81  0.052094 82 0.058742 83  0.066209 84  0.074583
85  0.083899 86  0.094103 87 0.105171 88  0.116929 89  0.129206
90  0.141850 91  0.154860 92 0.168157 93  0.181737 94 0.195567
95  0.209614 96  0.223854 97 0.238280 98  0.252858 99  0.267526
100 0.278816 101 0.293701 102 0.308850 103 0.324261 104 0.339936
105  0.355873 106 0.372069 107 0.388523 108 0.405229 109  0.422180
110 0.439368 111 0.456782 112 0.474411 113 0.492237 114 0.510241
115  0.528401 116 0.546689 117 0.565074 118  0.583517 119 0.601976
120 0.620400 121 1.000000

Table F.1: DAV 2004R mortality table for a 65 year old German male

Assuming that the holder of a GLWB is 65 years old at contract inception (i.e., t = 0),
the initial condition R(0) = 1 and recurrence

R(n)=R(n—1)(1 —1¢e54n-1) ifn>0

specify the value of R at integer times. R is extended to noninteger times by assuming it
is piecewise linear.
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