OPTIMAL SWITCHING WITH APPLICATIONS
TO ENERGY TOLLING AGREEMENTS

MICHAEL LUDKOVSKI

A DISSERTATION
PRESENTED TO THE FACULTY
OF PRINCETON UNIVERSITY
IN CANDIDACY FOR THE DEGREE

OF DOCTOR OF PHILOSOPHY

RECOMMENDED FOR ACCEPTANCE
BY THE DEPARTMENT OF

OPERATIONS RESEARCH AND FINANCIAL ENGINEERING

JUNE 2005



(© Copyright 2005 by Michael Ludkovski.
All rights reserved.



Abstract

We consider the problem of optimal switching with finite horizon. This special case
of stochastic impulse control naturally arises during analysis of operational flexibility
of exotic energy derivatives. The current practice for such problems relies on Markov
decision processes that have poor dimension-scaling properties, or on strips of spark
spread options that ignore the operational constraints of the asset.

To overcome both of these limitations, we propose a new framework based on re-
cursive optimal stopping. Our model demonstrates that the optimal dispatch policies
can be described with the aid of ‘switching boundaries’, similar to standard Ameri-
can options. In turn, this provides new insight regarding the qualitative properties
of the value function.

Our main contribution is a new method of numerical solution based on Monte
Carlo regressions. The scheme uses dynamic programming to simultaneously ap-
proximate the optimal switching times along all the simulated paths. Convergence
analysis is carried out and numerical results are illustrated with a variety of concrete
examples. We then benchmark and compare our scheme to alternative numerical
methods. On a mathematical level, we contribute to the numerical analysis of re-
flected backward stochastic differential equations and quasi-variational inequalities.
The final part of the dissertation proposes fruitful extensions to tackle other financial
problems such as gas storage, exhaustible resources, hedging supply guarantees and

energy risk management.
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Chapter 1

Introduction

This dissertation is concerned with finding optimal policies for exercise of operational
flexibility over energy assets. This is one of the fundamental problems faced by
participants in the emerging energy markets. To reduce the large liquidity risk
present in these markets trading firms are increasingly seeking control of generating
assets like power plants or gas storage facilities. The ownership is transferred by
signing temporary lease agreements and it is of interest to efficiently value and hedge
such tolling contracts given the volatile gas and electricity prices.

In this work to solve the outlined problem we adopt a framework of stochastic
control in continuous time. The commodity prices are modelled as stochastic pro-
cesses and the owner exercises her managerial options by controlling the production
mode of the asset. This approach was pioneered by Brennan and Schwartz [13] over
twenty years ago, but only recently received attention. However, the dynamic setting
is the only way to fully capture the interplay between flexibility and uncertainty. The
method is technical, but the intuitiveness is not lost. We obtain explicit results which
have simple interpretations and lend themselves well to practical implementations.

Our key insight is that optimal switching is a special case of stochastic impulse

control that is efficiently reduced to a series of recursive optimal stopping problems.



At any given instant in time, the optimal policy is determined by the simple decision
between ‘continue in the same production regime’ and ‘switch to the best alternative’.
From this idea, we develop a new numerical algorithm based on Monte Carlo simu-
lations and Dynamic Programming. Our main motivation is robust implementation
and applicability to a wide range of financial engineering settings.

Besides a numerical scheme, the second contribution of this work is a new qual-
itative analysis of optimal switching. Under conditions to be specified later on, we
prove that the optimal switching decisions can be fully described with the aid of
switching boundaries. These boundaries are smooth and divide the state space into
connected components. Our analysis is entirely probabilistic, avoiding the difficulties
of the traditional quasi-variational framework. In particular, we do not make any
ad hoc guesses about the optimal policy. Instead we rely on the theory of reflected
backward stochastic differential equations and the new technique of maturity ran-
domization. Maturity randomization studies finite horizon problems as limits of an
iterative sequence of infinite horizon ones and naturally fits in our framework.

Compared to existing literature, we consider more general stochastic price pro-
cesses and more importantly look at finite horizon problems. Rather than valuing
a project on an infinite time interval, we concentrate on contracts with fixed expiry
dates. This is closer to reality but makes the problem much more difficult. Time has
to explicitly enter into all the calculations and time decay may become significant.

To the best of our knowledge this work is the first to apply continuous time
impulse control in the context of tolling agreements for energy assets. Accordingly,
we highlight the differences and advantages of our model versus existing methods in
a variety of numerical and qualitative examples. We especially concentrate on the
strip of options approximation that is widely used nowadays by practitioners.

The organization of this thesis is as follows. Chapter 2 begins by introducing the

financial motivation for our problem and carefully formulating the precise mathe-



matical framework. We then proceed to Chapter 3 which presents the main concept
of converting optimal switching problem into recursive optimal stopping. Building
on the basic Theorems 1 and 2 we then discuss the analytical properties of the
value function. The chapter ends by recalling the alternative approaches based on
quasi-variational inequalities and backward stochastic differential equations and the
additional insights they provide.

Chapter 4 is the backbone of this dissertation and describes the numerical ap-
proach we use to solve the problem. The main regression-based dynamic program-
ming algorithm is presented in Section 4.1. In Section 4.3 we then systematically
discuss convergence issues with separate analysis of each source of error. Moving
on to practical issues, Section 4.4 provides several representative examples and Sec-
tion 4.5 compares our algorithm to alternative numerical methods. In a different
vein, Section 4.7 discusses the differences of our framework versus approaches cur-
rently in use by practitioners.

The final Chapter 5 is devoted to extending our framework to additional cases of
interest. We begin by discussing a model of gas storage in Section 5.1. While similar
to dispatch of a power plant, this problem has past-dependent state variables that
complicate implementation. We propose two possible solutions in Section 5.1.1 and
compare their performance on a couple more examples. Gas storage naturally leads
to other generalizations. Specifically, we discuss supply guarantees in Section 5.2, ex-
haustible resources in Section 5.3, and nonlinear risk preferences in Section 5.5. The
last extension in turn leads to a new proposal in Section 5.6 for integration of intrin-
sic risk preferences and vanilla instruments with managerial flexibility. Combined
we obtain a risk management framework that brings us full circle and allows us to
resolve both pricing and hedging of tolling agreements. The concluding Section 5.7

summarizes our work and discusses avenues for further research.



Chapter 2

Problem Setup

2.1 Tolling Agreements

The energy industry is fundamentally very capital intensive with project costs of
seven or eight digits. A typical fossil fuel power plant costs in the hundreds of
millions of dollars and may take three to five years to build. Oil refineries or gas
storage facilities also require enormous capital outlays. As a result, the physical stock
is owned by a few very large firms whose expertise is in building and maintaining
the infrastructure. From a financial point of view however, energy assets are really
a play on the spread between two different commodities. To put it another way,
energy assets are simply black boxes that convert a fuel commodity into another
fuel commodity. Thus, a power plant converts gas or oil into electricity, a refinery
converts crude oil into gasoline and jet fuel, and a storage facility converts gas today
into gas six months from now.

Because energy markets are not sufficiently liquid and efficient, access to the
physical ‘equipment’ has extra benefits that cannot be attained otherwise. In partic-
ular, many commodity contracts require physical settlement which necessitates ac-

tual ownership of an asset. Consequently, many energy trading firms have a vested



interest in owning energy assets. To circumvent the capital intensive side of the
business, the idea of a tolling agreement was invented.

For a trader, a tolling agreement is a call on power with a gas-linked strike
price. Thus, if the gas/power spread is large enough, the trader will run the plant
turning a profit. In general, the buyer has the right to plant output at his discretion,
subject to pre-specified exercise rules. Since the latter can be quite complex, for
our purposes a tolling agreement is simply any temporary contract between the
permanent owner of an asset and another agent that allows that agent to claim
ownership and management of the output. In short, the agent ‘rents’ the asset from
the owner. The arrangement permits the owner to concentrate on maintenance and
development while allowing the agent to hedge and/or speculate in the gas and power
derivatives markets.

Tolling agreements come in a variety of shapes and flavors. Being a structured
deal, each contract is different and uniquely tailored to the participants’ needs. There
even exist reverse tolls which allow power producers to virtually convert their elec-
tricity back into gas. In this thesis we abstract from the specifics and concentrate
on the optimal behavior of the renter in a general mathematical framework. For
concreteness, from now on we discuss the case of a tolling agreement for a gas-fired
power plant in a de-regulated market. The agent is exposed to fluctuating fuel and
electricity prices and would like to derive the maximum value from the plant. This is
achieved by optimizing the dispatching policy, i.e. deciding when the plant is running
and when it is offline. These decisions are made dynamically, as time and market
conditions evolve. We shall assume that the market is infinitely liquid and the agent
is a price taker, so that her actions do not have any effect on the prices. The last
assumption is very strong, however very few financial models can take into account

price impact in a succinct manner.



2.2 Operating Strategies

Consider an operator in charge of a peaking combined cycle gas turbine (CCGT)
power plant. This is a medium size new technology power plant characterized by
short ramping times. Hence it only takes 2 — 4 hours to bring the plant online, in
contrast to baseload units that require days of powering up. Several hundred of such
units have been built in North America with typical capacity of 40 — 200M W h. As
the name suggests, a CCGT plant is made up of several gas-fired turbines that allow
for variable levels of output.

If the operator wishes to run the plant, she buys natural gas, converts it into
electricity and sells the output on the market. The conversion ratio is called the heat
rate. More precisely, the heat rate HR specifies the number of millions of British
thermal units (MMBtu) of gas needed to produce one megawatt-hour MWh.!
Thus, the higher the heat rate the less efficient the conversion. Typical heat rates
are about 9 — 12M W h/M M Btu. To formulate the financial setting, let (P;) be the
price process of electricity, (G;) be the price process of gas, K the operating costs
and Cap the capacity of the plant. We remain vague about the precise meaning of
(P;) and (Gy). They could be spot prices, but they could also very well be day-ahead
prices if all the commitments are made on a 24-hour basis. The revenue rate from
running the plant is then given by the spark spread, Cap-(P,— HR-G;— K) -dt. In
other words the spark spread pays the difference between the market price of power
and the market price of gas needed to produce this power. The remaining margin,
which may be negative, is the current economic rent of owning the plant.

Suppose that besides running the plant at full capacity with heat rate HR or
keeping it completely off-line, there also exist a total of M — 1 intermediate oper-

ating modes or regimes, corresponding to different subsets of turbines running. In

'In Europe, heat rates are quoted in megawatt-hours per giga-joule GJ. We use the American
units.



principle, the plant may have a continuous spectrum of operating regimes. However,
some specific output levels are likely to be more operationally stable so that our
model is an acceptable simplification. To each mode we associate the corresponding
marginal heat rate H R;, such that they are ranked in increasing order of inefficiency,
0=HRy< HRi < HR; < ... < HRy, ) ,HR; = HR. The marginal benefit is
always decreasing, causing dis-economies of scale. One reason this happens is due
to increasing losses from heat dissipation. Each mode also has its own rate of O&M
costs K;. The rate of payoff in regime m is then given by

m

1=0

In general, we denote by X; = (P, G;) the stochastic R?-valued driving process and
by ¥ (t, X;) the respective payoff rates. Subject to integrability conditions to be
specified later on, 1, is allowed to be any time dependent Lipschitz-continuous func-
tional on the domain of (X;). In particular, 1, might incorporate time discounting
at some rate r. However, to avoid clutter from now on we will not write out explicitly
either e™ or the K;’s.

Changing an output level is costly. It often requires extra fuel and various over-
head costs. Moreover, decisions must be synchronized to ensure operational stability.
For ease of presentation, let us assume that the startup and shutdown costs are equal
to C for each unit, so that the cost of switching from mode ¢ to mode j is C|i — j|.
At this point we ignore the time delay effect of having to gradually ‘ramp-up’ and
‘ramp-down’ the turbine, an issue that we revisit in Section 4.1.1. In the general
setting we will also write C; ; and we can even allow dependence on time and cur-
rent state C; (¢, X;). The switching costs are discrete with C;; > € > 0, for all
i, 7 and satisfy the triangle inequality C;; < Cj i, + Ci; for any intermediate regime
k. We further assume that the cost of not running a plant is zero. Fixed expenses
are ignored because those are deterministic sunk costs representing an additional

component of being an operator and must be paid regardless of dispatching policy.



The problem we shall investigate consists of optimal use of the power plant on a
finite time horizon [0,7]. We have in mind a relatively short time period, such as
six months or at most a year. The optionality of running the plant comes only from
startup/shutdown decisions. Thus, the operating strategies in our setting consist of
the double sequences u = (£,7) where & taking values in Zy, £ {0,--- , M — 1}
are the successive modes chosen by the strategy v and 0 < 7,y < 7 < T are
the switching times. Since the only observable is (X;) itself, we require 7 to be
FX_stopping times, where FX = o(X,: 0 < s < t) is the filtration generated by
(X;). In general, several successive switches are allowed so that 7, = 74,1 is possible.
However, due to the assumption made in the previous paragraph about subadditive
costs, multiple instantaneous switches are suboptimal. Note that this assumption is
without loss of generality because one can simply re-define C; ; = ming(C;j, + Ci ;)
without changing the structure of the problem. Consequently, one can think of u
as an FX-adapted piecewise-constant and cadlag (right-continuous with left-limits)
process where ug denotes the operating mode at time s. The jumps of u are precisely

described by 7. The total reward up to fixed final time 7" for such control u is
T T
H(x, i, [0, T); u)(w) 2 / (5, X,) ds — c/ duls,  Xo=mue=i.  (22)
0 0

The second term above is a convenient shorthand notation for counting the cumu-
lative switching costs corresponding to u. In full generality it should be written as
Zm <7C(Wry—, Ur, s T, X7, —) which we find too cumbersome. Observe that the re-
ward functional H(z,1,[0,77];-) is time additive which will be crucial for structural

properties of the problem.

2.3 Control Problem

Let (2, F,F = (F),P) be a stochastic basis. As usual in finance, the measure P
corresponds to the risk-neutral valuation measure. Let U (respectively U(t)) be the

set of all acceptable controls on [0,7] (resp. on [t,T]). It consists of all adapted



cadlag Zjys-valued processes u of a.s. finite variation on [t,T]. The last condition
means that we require the number of switches to be finite almost surely. Thus,
there exists a random integer Ny = Np(u) such that 7y, = T. Alternatively,
Plr, < T Vn > 0] = 0. This restriction is superfluous if the expected maximum
gain is finite a.s., ]P’”J[fOT max; ¥;(s, X5)ds = +oo] = 0. Indeed, for any strategy
u, on the set A% = {Np(u) = oo} the switching costs are infinite, and hence
H(z,i,[0,T);u) = —o0 on A% . As a result if P*(A%) > 0 then the mean expected
loss from strategy w is infinite and the latter is clearly not optimal. We conclude that
only strategies u for which P*(A%) = 0 need to be considered. From an economic
perspective the assumption also makes a lot of sense— switching a plant a thousand
times a day is impossible.

The optimal switching problem we will investigate may now be rigorously written

as finding
J(t,x, i) = sup J(t,z,i;u), (2.3)
u€U(t)
where J(t,x,i;u) = E[H(x,i, [t,T]u)| Xy = x,us = 2}
In full,

J(t,x,i) = sup E
u€U(t)

/Twus(S’XS) ds — Z C(um—vuﬂg)

t<re<T

Xt =XT,Ut = Z] . (24)

In Section 3.3 we will impose further conditions on the ingredients and verify that
the above control problem is sensible. In words, J(¢,x,7), which is called the value
function, is the conditional maximum expected value for running the plant on [¢, T
given the initial value of X; = x and the initial regime u; = 7. In economic terms,
J(t,z,i) represents the net present value of all future profit flows given optimal
behavior henceforth. Our goal is to numerically compute the value function J(¢, x, 1),
describe its qualitative properties and characterize the optimal switching policy u* =

, , if one exists, that achieves the supremum in (2.4). The last item is crucia
T, if ists, that achi the sup in (2.4). The last item i ial
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for practical applications where the agent needs an easily implementable dispatch

strategy.
Mean Reversion and the Spark Spread

In contrast to most existing finance literature, our main case of interest is a mean-
reverting driving process (X;). Indeed, unless (X;) is mean-reverting and recurrent,
the problem will become degenerate as the drift would eventually make one regime
preferable to all the rest. Furthermore, for our problem, empirical data [27, 38]
strongly suggest that the spark spread P, — HR - G, is stationary and fluctuates
around its long-term mean corresponding to the average flow of economic rent from
a power plant.

An abbreviated alternative that will be used for some of our illustrations is to
assume that (X;) is one-dimensional. This corresponds to direct modeling of the
spark spread, see for example [15]. In that case we will assume that the payoff rates
are of the form ,,,(X;) =m- Xy, — > " 3 - K, where §y = 0,0, > ... > [Bu. This

is the one-dimensional analogue of decreasing efficiency of production.

2.4 Relation to Existing Literature

Optimal switching is a rather old problem that has been studied by both economists
and mathematicians. Mathematically, it is a special case of impulse control and the
latter has been extensively analyzed since late 1970s. We review relevant results in
this direction in Section 3.6. Economically, several other financial applications have
been looked at. The largest body of related literature treats problems of partially
reversible investment encountered in real options. In this setting the agent is a firm
facing several investment projects with uncertain dynamic value (X;) that it can
start and suspend. The control is therefore composed of investment times 7, and

choice/size of project to start . For example, such optimal capacity management
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by an industrial firm has been studied by A. @ksendal [60] and extended to the case
of partial disinvestment by Guo and Pham [43].

Another related problem is optimal dividend payout by a corporation. Given
stochastic firm value (X;), the objective is to find the best method of distributing
the wealth to shareholders. Thus, the controls are dividend times 7, and dividend
amounts &,. Mathematical treatment of this problem first appeared in Jeanblanc
and Shiryaev [48]. Extensions including non-zero recovery at default and mean-
reverting (X;) have been recently studied by Boguslavsky [9] and Cadenillas et al.
[14] respectively.

Directly related to our setting we should foremost mention the recent work by
Hamadene and Jeanblanc [44]. Their probabilistic approach has been the inspiration
for this research. However, in their model there are only two operating regimes and
they spend little time discussing numerical implementation. The traditional varia-
tional approach to optimal switching originated with Brekke and (Jksendal [12] who
considered a geometric Brownian motion for (X;) and infinite horizon. Another sim-
ilar work is by Yushkevich [71]. He considers the switching problem in discrete time
for a general recurrent Markov chain with countable state space. Again, there are
only two regimes and no running rewards which allows for geometric characterization
of the value function.

The original paper on using stochastic control for commodity asset dispatch is
due to Brennan and Schwartz [13]. They used the methodology to price a copper
mine, once more with geometric Brownian motion for commodity price (X;). Further
extensions such as abandonment and initial start decisions have appeared in a series
of recent papers by Zervos and various co-authors [28, 57, 72].

From an economic perspective, the thrust has been to show that stochasticity
of the (X;) state process together with positive switching costs cause investment

delay and the appearance of the hysteresis band [26]. This means that the owner
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will forgo possible small gains (or respectively suffer small losses) due to the large
outlay required to make a switch. Thus, an operator may continue to run a plant at
a loss if he has enough hope that the prices will soon increase. Similarly, once prices
are on the rise, the manager will be reluctant to bring the plant online immediately,
delaying his decision. Overall, the fixed switching costs in the face of uncertain
revenue streams induce risk-aversion and reduce net present value (NPV). There is
also a competing effect, termed the timing option [1, 28]. Because the manager is
able to time his decisions he can minimize his losses in unfavorable conditions, as well
maximize them in good ones. As a result he derives extra benefits that essentially
correspond to the time premium for American option rights and are often a crucial
ingredient of the project NPV.

With the exception of Hamadeéne and Jeanblanc [44], all other ‘mathematical’
papers mentioned so far concentrate on explicit solutions and restrict their attention
to infinite horizon and one-dimensional time-homogeneous diffusions for (X;). By
abstracting to these stylized setting, it is possible to find analytical solutions which
are used to demonstrate key features. However, the shortcoming is that most models
are impractical, and it is not clear how to implement them in a real-life situation.
One of the motivations behind this thesis was to redress this problem and focus on

numerical robustness and scalability.



Chapter 3

Recursive Optimal Stopping

3.1 Setup and Assumptions

We begin by stating the technical setup we will work in. For our driving process we
take (X;) to be an Ito diffusion’ on an open subset £ C RY. We do not specify here
boundary conditions and our typical space is in fact the entire R?. In that case the

dynamics of (X;) are representable by a stochastic differential equation (SDE)
dXt = [L(Xt) dt+U(Xt) : th, (31)

where W is a standard Wiener process on (2, F,F,P). The filtration [ is Brownian
and satisfies the usual conditions. We assume that Fy is trivial and our initial laws
are always deterministic point-masses at some x giving rise to conditional proba-
bility laws P*. We will write (X%*) to indicate the process conditional on X; = .
Moreover, we make a standing assumption that the transition law P;(x,y) of (X)
is non-degenerate in the entire domain: fooo Py(x,y)dt > 0, Vx,y € E. As usual,
E is equipped with its Borel o-algebra B(E) and regularity implies that the former
coincides with the intrinsic topology of (X;). For vector norm we use the Euclidean

lll = 32, 27

!Generalizations are possible, see Section 5.4.

13
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Throughout we assume that the SDE (3.1) is non-degenerate, i.e. the eigenvalues
of o(z) are bounded away from zero, inf,cg [Amin(o(z))| > 0, and has a unique strong

solution. One sufficient condition is for p and o to be locally Lipschitz:

lu(z) = p@W)l + llo(x) —o@W)l < Exllz =yl Vil Iyl <N (3.2)

Both p and o can be time dependent and we suppress dependence on ¢ purely for

convenience. Let

SpE{Z: e Fu B swp ZF <o},
te[0,T

WV
—_

(3.3)
We then make

Assumption 1. For all m, the reward function y,: [0,T] x E — R is Borel, con-

tinuous and locally Lipschitz in (t,z). Furthermore, ¥, (-, X.) € S2.

The last condition is satisfied, for instance, if (X;) € .7} and all the rewards are of
quadratic growth, |1, (t, z)| < C(1 + ||z]|?).
Our canonical example for (X;) is a d-dimensional exponential Ornstein-Uhlenbeck

process, namely

dx;
Xi

= K"(0" —log X}) dt + X - dW,, i=1,...,d, (3.4)

2

or d(log X}) = k" (6" — ;i. —log X)) dt + % - dW;, Xi=a'
K;l

where W, is a d-dimensional Brownian motion and ¥ € R%*? is a constant non-
degenerate volatility matrix. Thus, the dependence between the components of (X;)
is only through the correlation in the driving Wiener process. The attractiveness
of this model is that log X; is Gaussian and allows for explicit calculations, see

Sections 3.5 and 4.8.

3.2 Snell Envelopes

Instead of directly solving the impulse control problem in (2.4) we shall construct

a recursive solution using the concept of Snell envelope for optimal stopping. We
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begin with a quick review of the fundamental concepts. Our main references are El
Karoui [32] and Karatzas and Shreve [49].

Let Z be an R-valued cadlag process adapted to the filtration (F;) with square-
integrable supremum Z € 2. We emphasize that Z need not be Markov. For a
given stopping time v, define S, = {7 < T' : F —stopping time such thatv < 7 a.s. }
to be the set of all stopping times after v. Thus, § = &y is the set of all F-stopping
times bounded by T

Definition 1. Let (X;,l € L) be an arbitrary family of random wvariables. The
essential supremum of (X;) is the unique random variable X = esssup; X; such that
X > X, a.s foralll € L, and X <Y a.s. for all random variables Y such that

Y 2 X, as Viel.

Definition 2. A family (X;,l € L) of random variables is directed upwards if for

any pair (I',1") of elements of L, there exists | € L such that X; > sup(Xy, Xi»).

Armed with the above notions, for each v € &, we now define the nonnegative

random variable

Y (v) 2 esssup E [ZT}E} . (3.5)

TESV

It is easy to see that for any v > 7

E[Y (v)| F;] = esssupE[Z,| F;] < Y (7),

HESY

so {Y(v)} forms a supermartingale family. Moreover, this family is directed upwards
and is right-continuous in expectation and therefore [32] there exists a cadlag F-
supermartingale Y such that Y (v) = Y], i.e. Y" stopped at time v. The process Y
is called the aggregating supermartingale of the family {Y (v)}. Under the additional
assumption that Z is continuous from the left in expectation: 7, \, 7 = E[Z, | —
E[Z.], it can now be shown that the minimal optimal stopping time 7* for Y'(0)

exists and is explicitly given by
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That is, Yy = E[Z,+] = sup, E[Z;]. Y is called the Snell envelope of Z and can be
further characterized as the smallest cadlag supermartingale dominating Z. By a

basic comparison and Doob’s inequality,

E[ sup |Y7[] <4 sup E[(Y])?] <AE[(Yy)’] <AE[ sup |Z "] < oco.

0<s<T 0<s<T 0<s<T
We therefore obtain a stability of the set .22 under the operation of Snell envelopes.

To understand the continuity properties of Y, apply the Doob—Meyer decom-
position, Y = M — A for some F-martingale M and F-predictable non-decreasing
process A. If Z has continuous paths, then so does A [49, Theorem D.13]. Further-
more, if the filtration (F;) is Brownian, then the martingale M and therefore Y

must also be continuous. More generally,

Proposition 1. /45, Lemma 1] Suppose Z is upper semicontinuous from the left and
of class [D] (that is {Z,;: 7 € S} is uniformly integrable) and (F;) is a completed

Brownian filtration. Then Y is continuous and of class [D].

This shows that if we want to preserve the continuity of the Snell envelope, we can
only allow positive jumps in the reward process. In any case, on [0,7%) Y" is a

martingale and hence A, = 0.

3.3 Recasting Optimal Switching as Iterative Op-

timal Stopping

We return to the optimal switching setting of Section 2.2. To begin solving (2.4) we
shall first consider a restricted situation where we put a fixed upper bound on the
total number of switches allowed. Define U*(t) = {(&,T) € U(t): 7o = T for >
k + 1} to be the set of all admissible strategies on [t,T] with at most k switches.
Denote by J* the value function where we optimize only over U¥,

T T
/ o, (s, Xs) ds — / C'|dul,
¢ ¢

Jk(t, X;,1) = esssupE
uelUk (t)

Footy = z] . (3.6)
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Since (X;) is strong Markov the above definition makes sense and can be extended
for t being a stopping time. The existence of J* as a measurable left-continuous
left-limited process of class [D] is shown by El Karoui [32, Theorem I.21].

It is intuitive that optimization over U**! and over U* should be related to
each other. In fact, by the formal Bellman optimality principle solving the problem
with £ + 1 switches is equivalent to finding the optimal first switching time 7 which
maximizes the initial payoff until 7 plus the value function at 7 corresponding to
optimal switching with k switches.

This train of thought leads us to the method of solving our switching problem
through a recursive sequence of simpler optimal stopping problems. More precisely
we are going to give an alternative recursive construction for Jk. Define J Rt x,1)

where £ =0,1,2,..., 0<t < T, 1 € Zy, via

TO(t, 1) 2 ]E[/Tz/)i(s,Xs) ds‘ X, = x]

TAT

TRz, 0) 2 supE[ Pi(s, Xo) ds + M™ (7, X;)
t

TES:

(3.7)

thx].

The recursion is hidden inside the operator M which is known in the literature as the
intervention operator. M specifies the best value that can be achieved by making

an immediate switch from current mode ¢ given k switches remaining,

Mt ) 2 mas] ~Ciy + T b2, | (3.8)

J#i
If there are only two regimes like in Hamadéne and Jeanblanc [44], the maximum
above is trivial, because there is only one regime to switch into.
We first verify that the definition of J* is reasonable, i.e. that J* can be chosen to
be (2 x Ry x E, F ® Br, ® B)-measurable. This is straightforward once we connect
to notation of Section 3.2. Pick an initial value Xy = x and observe that under

minimal regularity assumptions (3.7) is equivalent to

JE(t, X7 i) 2 esssup E* [/ Vi(s, XE)ds + MP (1, X*)
t

TES:

]-“t] . (3.9)
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Let Wi = fg Ui(s, X¥)ds, ZI" = fg Pi(s, X%) ds + MPi(t, XF). Tt is easy to see
that Z%? satisfies all the regularity assumptions of Section 3.2. Then Y*? the Snell
envelope of Z" solves V"' = esssup, g, E*[Z"| F;] and comparing with (3.9) we
see that
JE(t, XE i) =Y —wl

This identification resolves all the measurability issues and moreover shows that the
optimal stopping time 7; corresponding to the Snell envelope defined by J*(¢,x, 1)
is simply 77 = inf{s > t: J*(s, X,,i) = M"¥(s, X,)} AT. Note that to ease on
notation we have labeled by J* both the raw essential supremum and the aggregating

supermartingale of the Snell envelope, cf. (3.5).

Theorem 1. J* is equal to the value function for the optimal switching problem with

at most k switches allowed, Jk.

Proof. The theorem states that a ‘global” optimization using a fixed maximum of k
switches is equivalent to a successive ‘local’ optimization using one switch at a time
in (3.7).

Our proof is based on direct use of the properties of Snell envelope. We induct
on the number of switches left. The case k = 1 is immediate. Indeed, J' is the
value function of a simple optimal stopping problem (all we can choose is (&1, 71))
and similarly J* is directly the Snell envelope of

T T
esssup]E[/ VYi(s, Xs)ds — Cli — j| + / V;(X,) ds } ]:t].
Y t T

Next define 77 = 0, and for ¢/ = 1,..., k the stopping times

s inf{s > 750 J(s, X, 1) = max(—Ci; + JZ_I(S,XS,j))} AT, (3.10)

JF
and sequence of regimes &/ £ arg max; MK’Z'(TZ*—,XT;_). It is easy to see that by
‘unrolling’ the value functions J* using the above (£*,7*) we obtain a well-defined

strategy u* € U*(t) for optimal switching with at most k switches. To show that this
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strategy dominates any other, let u = (§1,&,...; T1,7T2,...,Tx) be a given strategy

in U*(t). Then by construction

J¥(t2,0) > E| / als, X7 ds + M (ry, X50)
t

X, = :1:] (3.11)
T1
> E[/ ¢i<87X§7m) ds — C|l - €1| + ‘]k_l(Tlant—’lx7§1)‘ Xy = l}a
t

but E[J* Y (r, X, . &)| F] = E[J1(r, X,,, )| F] a.s. by induction. Comparing
with (3.6), J* > J*(-;u) and since u was arbitrary, J* > JF. We also see that the
inequalities become equalities for (&, ;) because 77 is the optimal time from the
Snell envelope characterization and J*(s, X® i) is a martingale on [t, 71]. Therefore
ﬁ(-; u*) achieves the supremum in the impulse control problem (3.6). Observe that
as a corollary we obtain the existence of an optimal switching policy and a direct
proof that this policy is of the ‘barrier’ type—the optimal switching times are hitting
times for (X3). O

As the next theorem demonstrates, taking the limit & — oo in the number of

switches we recover the true value function.

Theorem 2. Define J(t,z,i) by (2.4) and J*(t,x,i) by (3.7). Then limy ., J* = J

pointwise.

Proof. Since having more switches is always advantageous, J**! > J*. At the same

time,
T
Tt 7, ) < B [/ mas | dh(s, X,)|ds| < oo.
0 (A

Therefore, the bounded monotone sequence J* converges to some finite J>. It
remains to show that J> = J. Let v* = (&f,...;7/,...) be an optimal policy with
unlimited number of switches. Define uj () = u*(t) if ¢ < 7, and uj(t) = u*(7y)

otherwise. That is, u; approximates u* up to the latter’s k-th switch and remains
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constant afterwards. Trivially, J*(t,z,i) > J(t,x,7;u;). To bound the remainder,

observe that since a switch is made only if it increases expected value,

T T
0 gE[/ Vs (5, X,) ds—/ Cldu'l,] <E[T = 7] - E[ sup max|ui(t, X,)|].

ot<T
Because by admissibility 7, — 7" a.s., the right hand side converges to zero. Hence,
Jo(t, w,i) = limg oo J(t, 7,45 u;) = sup,eyq) J(t, 7,4 u). This also shows that for
any € > 0, there is a k large enough such that the optimal control of J* generates

an e-optimal strategy, a fact which is useful for numerical approximations. m

Thanks to our recursive construction, it becomes clear that because (X) is
Markov, then the optimal policy can be chosen to be Markovian as well [53]. In-
deed, each switch by itself becomes Markovian in (3.10). In turn this implies that
the Dynamic Programming principle holds for the value function, i.e. with obvious

notation

J(t,z,i)= sup E[H(z,i,[t,t'];u)+ J(, X5 ug)

u€lU (t,t')

X, = z,u = i|. (3.12)

The idea of representing impulse control problems as limits of sequential optimal
stopping has been well known for a long time, see e.g. [53, 62]. In the setting of
optimal switching some of the ideas appear in [44], however we believe our work is

the first careful formulation in purely probabilistic terms.

3.4 Exponential Maturity Randomization

In the previous section we have replaced a seemingly harder problem of optimal
switching with a sequence of simpler optimal stopping problems. We now take
a second step of replacing the harder problem with finite horizon by a sequence
of infinite horizon ones. Combined, the two methods allow us to give a unified
treatment of the general problem of optimal switching as an iterative system of
optimal stopping problems on infinite horizon. This conceptual reduction paves the

way for new qualitative results regarding the resulting value function.
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We introduce the maturity randomization method pioneered by Carr [18] and
recently put on firm ground by Bouchard et al. [10]. Instead of finishing at a fixed
time 7, the contract is terminated at the N-th arrival, the time T . Let o,, denote the
inter-arrival times which are i.i.d. exponential random variables with mean 1/\ £
T/N. Following the notation in [10] we count the o’s backwards. Then Ty =
ZnNzlon, and the new problem consists in optimizing over [0, Ty]. By the Law of
Large Numbers in the limit N — oo, Ty — T in L? converging to the finite horizon
case.

The key feature of the construction is that the arrivals are observable but inde-
pendent of (X;). To achieve this we redefine the big o-algebra to be F = o(Fu V I)
where I represents additional randomness. The inter-arrival times o; will be drawn in
an i.i.d. fashion from I. We have I 1| F,, and letting T,, = Zfian o; denote the n-
th arrival time, the observable filtration is changed to F, = 0(]—} V. Lz, gt})‘ Hence,
at time ¢ we know exactly how many arrivals have occurred. However, by the memo-
ryless property of exponentials, on each interval [T, T}, 1] we have time stationarity.
Overall, we have replaced the smooth but time-dependent switching boundary from
the finite horizon case by N constant boundaries, one for each [T},, T;,+1]. This major
simplification is the raison d’étre of maturity randomization.

To make everything precise we make explicit the (possibly random) horizon of
the problem, writing J(¢,z,4;T) for our old value function. Following [10] we now
define a new set of value functions as follows. Fix total number of arrivals NV and let
Uk (t,v) be the set of all policies u that use at most k total switches and that agree
with policy v up to time t: us = v, for s < t. Note that past history matters now,

and if we used up switches before, we have fewer left. For a strategy u € U*(0), let

t t
Vi (t, 0,4) = H(xo, i [O,t];u):/ %(Xs)ds—c/ dul, € F;,  cf. (22),
0 0
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and define recursively,
VY(t, xo,1) £ esssup E[Vﬁ_l(t + O, To, 1) ‘.7:}] (3.13)
ueUk (t,v)

= esssup E[/ Ae ATV (520, 4) ds‘]}t}, n=12...,N.
t

ueUk (t,v)
When t = 0, we just write V,,(0, x,7). The control problem for V?(¢, x¢,7) optimizes
over the random subinterval [t,t + 0,] given past history of (X;) up to t and given
that there are still n intervals to go. Note that the running payoff is encoded into
VV(t, zo,4) which is the sum of realized profit on [0,¢] using the strategy v plus best
expected future reward until ¢ + Z?:l o;. The initial condition Xy = xy remains
constant and only the horizon is changing.

To state the main convergence result we make the following assumptions:

Assumption 2 (HU). Stability of U* under bifurcation at deterministic times:

For any A € F, and v1,vy € U*, v = vy on [0,1) = v114 + vol 4 € UF.

Assumption 3 (HY). Possible rewards are always dominated: Yu H(x,1; [0, t];u) <

My, where M is a uniformly integrable martingale on [0, c0].

Assumption 4 (HV). There exists an aggregating (2 x Ry x E,F ® Br, ® B)-

measurable version of V.

Then under (HU), (HY), and (HV) [10],

J(0,z,i; Ty) < Vn(0,2,4) < J(0,2,4; o' + 0% +---+0N)m(do)  (3.14)

Y

with equality in the limit N — oo. This says that the recursively defined V), which
consists of piecewise optimization on each interval [T,,T,.1] is better than direct
optimization on [0, Ty], but worse than pathwise optimization with respect to each
separate realization of the arrival process. The nontrivial part is proving that in the
limit the upper and lower bounds converge, squeezing V. Note that the theorem

does not guarantee any monotonicity assumptions on the sequence Vy, even though
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we intuitively expect that Vi is eventually increasing in NN, because having more
intervals is akin to ‘more information” which should help the optimization.

Verifying the necessary hypotheses on (X;) and admissible policies U is straight-
forward in our case of recursive optimal stopping. Indeed, (HU) is immediate for
optimal switching and the measurability hypothesis (HV') follows directly from the
Snell envelope construction. The uniform integrability (HY') follows if we assume
that E[sup, max,, [, (¢, X;)|] < oo on [0, o0].

In analogy with Section 3.3 we will now provide a second doubly recursive con-
struction in the number of switches k& and the number of random time intervals
remaining n. To avoid confusion we relabel our value functions as V' instead of J.
Suppose we are on the subinterval between T_,_1 and Ty_,, 0 <n < N so that n
arrivals remain before termination. Let ¢ be the time of next arrival. Then ( is an
exponential random variable with mean 1/\, so that A is interpreted as the rate of
‘dropping’ to the level below. Define

(AT

Vrk(t i) = sup B[ [ (s, Xs) ds + V"R Xe i) Lees

TES, j t

+ (Vn’k_l(T, XT’j) — Ci,j)]]'c>7" ﬁt, Xt =T,Ut = Z]

= sup E[/ e_’\(s_t)(z/zi(s,Xz’m) + )\V”_l’k(s,Xz’x,i))ds

TES:, J t

+ e—)x('r—t) (mG—l(,r, X;ﬁ_,x7]) . Oi,j)

X; = x] (3.15)

VOt z,i) = E| / e M (g (s, XE7) + AVTHO(s, XE7 1)) ds| X, =
t

and VO* = 0. The equality between two definitions in (3.15) follows by the mem-
oryless property of the exponentials. By analogy with before, we expect that VV*
actually corresponds to the value function for optimal switching with at most k
switches allowed and ‘end-of-the-world’” at Ty. Due to memorilessness, if we decide
to switch at time 7, the clock restarts and we are once again facing the problem of

optimal switching with n periods left and k — 1 switches.
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Theorem 3. The two methods (3.13) and (3.15) of optimizing over U, i.e. with at

most k switches allowed, are equal: V,,(0,z,i) = V™0, x,1).

Proof. Conceptually this is a straightforward adaptation of the results in [10] for
the case of optimal switching, which is only slightly more general than the optimal
stopping considered there. The main notational difficulty is that the definition of V,”
aggregates previous payoffs while V¥ only looks to the future. For u = (&,7) € U*

their general relationship is
Vi (t, @, i) = VPRt XT wy) + H(x, i, [0, t];u),

with k, =) 1, - the (random) number of switches made by u up to t.

The proof is again by induction on k,n. The conditions are trivially satisfied
when n = 0 or k = 0. Suppose the result is true in &/*~! with n periods and in
U* with n — 1 periods. We will show it is also true in U* with n periods. For any

u € U*(t,v) isolate out the first switching decision as
u = {(ul,u’) s €U (T v U, ui(s) = ug(t) = v(t) for t < s < ’7'1}.

This just means that until 71 we do not switch and then use u/. Now conditioning

on the order of ( and 71 we have

VY(t,x,1) = esssup E[Vn“_l(t +(, x, 2)} ]}t]

uelk (t,v)

= esssup E[Viy (t+ Cwy i) Livegn + Vi (84 C 2, 0) Lo | ﬁt] .
uel® (t,v)

(3.16)
For the second term we use the fact that conditional on ( > 7 — ¢, the distribution

of ( is still exponential, due to the independence between I and F,,. Directly,

E[Viii(t+ ¢ 2, i) Lisesn | j:t] = E[/ e ATV (5 2.0) ds| .7-"t]

T1
’

E| / ANV (5, ,) ds| ] e N0 F
— B[V (r1,2,7) - e | F]. (3.17)

Il
&

T1
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The last step is justified by the continuity properties of the control problem for V,”
which allows (3.13) to be extended for any F-stopping time 7 using the standard
cadlag modification arguments [32, p.99]. Since v’ uses one more switch than u we

can invoke the inductive assumption,

V:/(Tl,ﬂf,l) | 1(7 Xz

T1) 7‘

ul )+ H(z,1,[0,71];u)

— {Vn,kfkt*1<7' X7 u ul) — Cug . +/ ¢ut(X§)ds} + H(z,1,[0,t];u).
t

As for the first term in (3.16), by invoking the inductive assumption with n’ =

n— 1,k =k we have

E[V (t+ ¢z, z)]1t+<<n|.7-"t] = [/ e Ay (g 0 ds‘ft] (3.18)
¢
71
=E [/ Ae Ay mbhke (o X ) ds
t

+/ Y, (X)) e 6 0ds + H(z,4,[0,1]; \]—"t]
t

where the last term is coming from ftn e 2670 H(z,4,[0, s]; 1) ds. Roughly speak-
ing, when t + ¢ < 71, V¥(t + () is just optimizing in U*(t + ¢, u) with one less arrival
left. However, because ( is independent from (X;) we cannot apply the dynamic pro-
gramming principle at instant ¢ and must resort to the explicit calculation above.

Comparing (3.16),(3.17) and (3.18) with (3.15) the induction is complete. O

By an analogue of Theorem 2, the original value function J(t,z,) equals to
A}lm khm VNE(E, x,4). At the same time, if we set Ryf(z) = E ([T e f(Xy) dt],

then (3.15) can be rewritten as

V"’k(t,x, i) = sup E[e_’\(T_t){V"’k_l(T, X0 5) — Ci;

TES:, J

~ R, (Qbi(s, XE2) 4 AV (7 Xt i)) X, = 1‘] + R (s + AVHR(0, - ) ()

making it a standard optimal stopping problem for a stationary Markov process.

Hence, the entire well-developed theory for this field can be brought to bear. Es-
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pecially interesting is the connection between Snell envelopes and minimal excessive

majorants that we explore in in Section 3.6.1.

3.5 Regularity of the Value Functions

In this section we state several results on the regularity of J(¢,x,7). Even though
the required conditions are increasingly restrictive, they still cover the situations of
practical interest. For a typical (X;) think of an exponential of a linear diffusion,
either mean-reverting OU or Brownian motion with drift. A typical payoff rate would

be linear and increasing in the components of X;.

Theorem 4. Suppose that (X;) is an d-dimensional OU process of (3.4) and the

payoff rates ;(t,x) are convex. Then the value functions J(t,x,i) are convex in x.

Proof. The key property we need is the linearity of the OU process,
Xrtee = X7 4 e_”iseei, where ¢; = (0,...,0,1,0,...), (3.19)

with a one in the i-th position. We first prove the result assuming the payoff rates are
linear, whence we write them as ¥;(s, X5) = A; - X5 — (s, 1) for some set of (time-
dependent) vectors (A;). Fix initial condition (z,7) and let a* be the respective

optimal strategy in U(t),

J(t,z,4) = ]E[/T[Aag L XT —ap(s, 0] ds — /T0|dax|s} X, = m] (3.20)

Without loss of generality we concentrate on the first component X of (X;). If
we perturb the initial condition in the XV direction via X, = = + eey, 4* is still an

acceptable strategy to use, so that

T T
J(t,x + €eq, 1) EE[/ [Aﬁz'Xf+eel—@/J(S,ﬂf)]ds—/ C’|dﬁm|s|Xt:1‘+€€1
t t

= J(t,x,1) + €01 (t,x1,1)
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for some function 9, due to (3.19) and (3.20). Now in reverse, starting with = + ee;

and looking at 4*T! we obtain
J(t,x, 1) = J(t,x + eeq,i) — €O (t, 1 + €, 1),

which must imply that fixing the other parameters 0y (¢, x, ) is increasing in x. Now
letting € — 0, we see that 0 (¢, z,7) is nothing but the right derivative in the first
coordinate direction d.J(t,z,7)/0x}. So we showed that the derivative of the value
function is increasing in z, i.e. J(t,z,4) is convex in z.

For a general convex );, write it as a supremum of piecewise linear functions.
For any truncated piecewise linear approximation ;(x) o~ max;<;j<m ¥;;(x), enlarge
the policy space by replacing regime i with a collection {41, a,...7}, such that the
payoff rate at regime 4; is ¢;; and the switching cost between two regimes in the
collection is zero. Once we allow as many of those zero-cost switches as desired, the
acceptable strategies reduce to the set & and we have an obvious correspondence to
the original setting. The first part of the proof applies now to the extended policies

and we are done. O

A related result in the special case of American options and one-dimensional (X;) ap-
peared in El Karoui et al. [34]. There it is also shown that if one does not immediately
switch at (¢, z) then the left-derivative of J(t,z,%) is bounded by the left-derivative
of ().

We now suppose that the flow of (X) is Lipschitz, namely that ¢ and o in (3.1)
are continuously differentiable with bounded derivatives. By a standard result this
implies E?| X2 < C(1+ ||z|*), or more generally, E*[sup, || X;||"] < C(1+ ||z||P) [65,

p. 342]. As a corollary we obtain the following two lemmas.

Lemma 1. Suppose all the payoff rates 1;(t,z) are Lipschitz in x. Then the value

functions J(t,x,1) are Lipschitz in x.
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Proof. This is a simple estimate :
T
[ J(t,2,4) — J(t,y,0)]> < sup E[/ [, (3, X07) = thu, (5, XJ¥)| ds]
u€U(t) t

T
< CE[/ | Xt — X;%vyﬁds}
t

< CE[ sup |XD* — Xﬁ’yﬂ < Cllz -y,
t<s<T

where C' denotes a generic constant that changes from expression to expression. [

Lemma 2. Suppose the payoff rates 1; and the process (X;) are time-homogeneous
and Elsup, |¢;(Xs)|] < oo for all i. Then the value function J(t,x,i) is Lipschitz

continuous in t.

Proof. Because of the time-homogeneity, J(t,z,4;T) = J(0,z,i;T — t), i.e. we can

shift the problem to time zero and maturity (7" — t). Therefore for t < ¢/,
|J(t7 xz, Z) - J(t/a €, Z)| = |‘]<Oa T, 1 T— t) - ‘](07 x,1; T— t/)|

< o ([ o)

weU(T—t") T—t/

< (' = t) E[sup max [v;(X7)]],
and the last expression is uniform in (# — ¢) by Assumption 1. O

Theorem 5. Suppose (X) is time-homogeneous, the costs are additive: C; j = C; ¢+
C,; whenever i < { < j, and coordinate-wise monotone in payoff Oy, (Vi — ;) = 0
(alternatively < 0) for all © > j. Then the optimal policy for J(t,z,i) can be char-

acterized by exercise boundaries that divide the base space E into connected regions.

Proof. Additive costs imply that C;; = C|i — j| which is the case we originally
considered in Section 2.2. Consider now two optimal policies @ and v corresponding
to starting with same initial condition Xy = x but different initial regimes. We claim

that if ag > 0¢ then u, > v, Vt. Clearly, along any given path of (X;), whenever
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s = Us then the optimal policies coalesce after s by the Markov property. For the
order to be reversed, there must therefore be some time 7 such that 4,_ > 0,_
but 4, < 0,. Without loss of generality assume that 7 is a switching time of ©
with 0, = 0,4, = 4, = 1,0, = 2. Then being in regime 0 at 7 we must prefer
regime 2 to regime 1, i.e. J(7,X,,2)—2C > J(1,X,,1) = C. But then J(7, X;,1) <
J(1,X;,2) — C and so at 7 one should also switch from regime 1 to regime 2,
contradicting 4, = 1.

The claim is proven and by assumption 0, (¢a, — ¥s,) = 0 (< 0). Therefore the
same is true of the respective value functions. It follows that the difference between
any two J(t,z,i) and J(t,x,j) is always strictly increasing (strictly decreasing) and

the set
Switch(i, j;t) = {x eRY: —Ci; + J(t,z,5) > rgix{—ci,j/ + J(t,aj,j’)}}
3'#i

of all z’s where it is optimal to immediately switch from regime ¢ to j is connected.
The switching boundaries are the boundaries of Switch(i, j;t) as a function of ¢ for
different pairs of (i,7). By Lemma 2 the value function J is continuous in ¢, and

consequently so is the switching set and its boundary. [l

3.6 Review of the Variational Formulation

We recall that optimal switching is a special case of impulse control. Redefine the
controlled (Markov) state process to be X, = (X,, u;) with values in R? x Zj,.
Applying the impulse (&,7) costs C(X,_,¢) and changes the regime only, X, =
(X,_,€). In general, X, = X,_ + ¢ and the aim of the controller is to maximize the
discounted future reward up to final time T, which is either a killing time of X or
an exogeneous problem horizon,

J(t,z) = sup E[/Toe_’"s\ll(f(s) ds — Z e_”’“C(f(Tk_,gk)‘ X, = :)3}

(& T)eu() i
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Such problems have been looked at extensively in finance, e.g. for optimal trading
with fixed transaction costs [51] or foreign exchange intervention [47].

The classical method of solving impulse control problems driven by Markov pro-
cesses goes back to the fundamental work of Bensoussan and Lions [8]. The idea is
to study the parabolic partial differential equation resulting from applying Bellman’s
principle to the process conditional on no control on [t,¢ 4 dt), together with the
equation corresponding to applying optimal control at t. At least one of these two
equations must hold at any given instant. Combined we obtain a (quasi-) variational
formulation with a free boundary.

The key connection to analysis is furnished by Dynkin’s formula:

Proposition 2. [61, Theorem 7.4.1] Let (X;) be an Ité diffusion with space-time

generator

N R N O
Lx = 8t+;m(x)8—xi + 5;(0(:6)0(%) )Z»j D 0,

and f € CH([0,T] x E). Suppose T is a stopping time, E*[1] < oo and f(t, X;) is
bounded on [0,7). Then

E*[f(r, X,)] = £(0,2) +E” [/OTng(S,XS)dS | (3.21)

The main tool now is the verification theorem. It states that a smooth solution of
the quasi-variational inequality (QVI) constructed below is in fact the value function
of the impulse control problem. We adapt it to optimal switching where the impulses

affect only the operating regime.

Proposition 3 ([12, 62]). Let X be a Markov cadlag process on E C RY with
space-time generator Lx. Denote by Mo(t,x,i) = max;z{—C;; + ¢(t,x,7)} the
intervention operator. We again think of M as the barrier above which our solution

must remain. Let

D =U{(t,2): 6(t,2,i) = Mo(t, x,i)}
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be the free boundary. Suppose there exists ¢(t, x,1) belonging to C+*(([0, To]x E) \D)N
CYY(D) and satisfying the following quasi-variational Hamilton-Jacobi-Bellman (HJB)

inequality for all i € Zyy:
. ¢ = Mo,
o el (T
1. K |:f0 ]1¢<M¢dt} = 0,

iii. Lxo(t,z,i)+vi(t,z) <0,  &(T, x,i)=0,

=

0.

<£X¢(t> xz, Z) + %(757 l’)) <¢(t7 T, Z) - M(b(ta T, Z)) = 0.
Then ¢ is the optimal value function for the switching problem (2.4).

In words, the conditions on ¢ require it to dominate the barrier and satisfy the
fundamental PDE inside the continuation region. In addition, the free boundary
must be such that the process spends Lebesgue-measure zero time on it on the
entire interval [0, Tp]? .

The proof relies on application of (3.21). Since ¢ is potentially unbounded, let
Tr be the minimum of 7y and the first exit time for (X;) from a ball of radius R.

Then for any stopping time 7,

TATR
ot x,i) = E [— / Lxd(s, X17 i) ds + ¢(r A7r, X1F, | i)‘ X, = x]
t

TATR

E[ [ s, XY ds + (7 A, XEt )| X = @] (3.22)
t

WV

TATR?

where we have plugged in condition (iii). Next we let the intervention times be the
hitting times of the barrier 73, £ inf{s > 71 ¢(s, Xs, r,_,) SM(s, Xs,ur,_)INT,
and & be such that ¢(m,—, X;, -, &) = Mo(1—, Xr, -, Ek—1). Equality now holds in

(iii) and therefore in (3.22) on each subinterval [, 7441). By induction it can then

2In the literature an alternative notation is to say that ¢ is stochastically-C2 on E.
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be shown [8, Lemma 6.3.8] that assuming 7, < T' A 7g, and calling u* the strategy

of using (7%, &) above,

Tk
6(0,2,1) = E [/ o (1 X2) b+ (7, X )
0
k
— CZ luy, —u;. | ‘ Xo=x,up =1/, (3.23)
=1

with inequality for any other strategy u. The rest of the proof is like the proof of
Theorem 2 in Section 3.3.

While providing a very general framework, the variational approach has a large
overhead. Analysis of the QVI without a priori assumption of a smooth solution is
quite involved. Besides classical strong solutions, there are all sorts of weak solu-
tions. For example, it can be shown [8, Chapter 6] that the increasing sequence of
solutions ¢* which consists in applying the optimal control up to 7, cf. (3.23) con-
verges upwards to the minimum solution of the QVI. At the same time, the sequence
of approximate solutions resulting from solving the problem using at most k con-
trols, cf. (3.6) converges to the mazimum solution of the QVI. As the names suggest,
the two are not necessarily equal. To achieve uniqueness, one must pass to the no-
tion of viscosity solutions. Fortunately, viscosity solutions are naturally compatible
with stochastic control. Thus, the value function J is always the (unique) viscosity
solution of the system in Proposition 3, furnishing the converse to the verification
theorem above. Viscosity solutions are beyond the scope of this thesis and we refer
to the volume of Fleming and Soner [40] for extensive discussion in the context of
general stochastic control.

For implementation, the ‘smooth pasting’ condition of being C! across D is crucial
for determining the free boundary. However, it is often assumed without justification,
by invoking heuristic arguments. Even then it only leads to a system of implicit
equations with the existence of a solution again unclear. See for example the paper of

Brekke and Oksendal [12, p. 1031], where the free boundary is parametrized by four
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quantities ai, ..., a4 and a complicated coupled algebraic system of equations in a; is
obtained. The authors then state “we have not been able to derive tractable general
conditions for existence of a solution” to this system. To sum up, the variational
method poses a multitude of technical challenges that prevent rigorous solutions
in all but the simplest settings. It is a theoretical overkill that underperforms in

practice.

3.6.1 Smallest Excessive Majorants

The original probabilistic treatment of optimal stopping is due to Dynkin [30]. Re-

call,

Definition 3. A nonnegative function f € C'(E) is called [(-excessive if for all

reFE,
f(z) = E*le P f(X,)] forall t >0, and llti\r—‘%]Ex[e_’gtf(Xt)] = f(x).
If B =0 we just call f excessive.

Dynkin’s approach is based on the fact that the Snell envelope is the smallest
excessive majorant (s.e.m.) of the payoff function. S.e.m.’s may be sometimes found
directly by inspection. For example, in the special case when (X;) is a standard
one-dimensional Brownian motion, excessive functions are characterized as concave
functions. Recently this result has been extended by Dayanik [24] to all regular
one-dimensional diffusions. In general, to find the s.em. @ of f, let (Q,f)(z) =
maxy,(f(z), E*[f(Xo-n)], ..., E*[f(Xp2-n)],...). Then Q(z) = lim,_o Qnf(z). [66,
Lemma IT11.1] Observe how @,, essentially discretizes the set of stopping times to be
multiples of 277,

Excessive functions are fundamentally smooth. If (X;) is any cadlag strong
Markov process and f is excessive for (X;), then f is continuous [31, Theorem 12.4].

Moreover, if (X;) is continuous then excessive functions are superharmonic for the
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generator Ly, i.e. Lxf < 0 in the variational sense. This is an extension of the

smoothness properties of convex functions which satisfy “Af < 07.

Corollary 1. Suppose (X;) is a cadlag strong Markov process on E C RY and all
the payoff rates are time-homogeneous. Then the value function V™% coming from

the exponential maturity randomization (3.15) is N/T-excessive.

The above proposition follows more or less directly from [66, Theorem I11.3.1] since
as already stated the problem for V™* is a standard optimal stopping problem for
a stationary process discounted at rate A = N/T. Now the original value function
J is the limit as N — 0o, A — 00,k — oo of V¥*_ This provides an interesting
angle of attack for studying the smoothness of .J. However, one must be careful since
the excessivity property is non-uniform and depends on total number of exponential
periods N.

In the one-dimensional case we have a more precise condition recently found by

Dayanik and Egami [23].

Definition 4. Set F* = */¢* where Y (resp. ¢) is the increasing (decreasing)
fundamental solution of Lxu — Au = 0. A function u: E — R is called F*-concave
iof for every l < x <r

F(r) — F(z)
F(ry—F()

F(z)— F(I)

u(z) = u(l) )~ F()

+u(r)

Proposition 4 ([23], Theorem 5.1). Suppose (X) is a reqular one-dimensional dif-
fusion with domain E an open subset of R. Then the value function of the impulse

control problem

Vi(x,i) = sup E[H (z,1, [0, T]; )], T ~ exp(N)

ueU

is F*-concave on int(E).

The significance of this proposition is that there are simple geometric methods

for finding F*-concave majorants. Consequently, the above result shows that there
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are potentially even closed form solutions to the optimal switching problem with an
exponential horizon. It would be interesting to further explore this aspect using the

Dynkin-Dayanik techniques.

3.7 Reflected Backward SDEs

The reflected backward stochastic differential equations (BSDE) are the probabilis-
tic counterpart of the variational approach when (X;) is an Ito diffusion. For a
given initial condition X, = x, suppose I(Y*, Z% A)® adapted to (F;X) such that

E [supocr |[Y7|* + fOT||Zl§’“"||2 dt +|Ar[*] < oo, A is continuous and increasing and

T T
Yy = / bils, XZ)ds + Ap — A, — / Z, - dW,, (3.24)
¢ ¢
Y > MMt XT), as defined in (3.8)

T
/ (Y7 — MEi(t, X2))dA, =0, Ay =0.
0

The interpretation is that Z is a conditional expectation process that helps Y; to
be F;-measurable, while A is a compensator that increases only when Y hits the
barrier M*?. Let us also mention that the integrability assumption M*¢ € .72 that
we checked in Theorem 1 is necessary for (3.24) to make sense. The first result in
(35, Prop. 2.3] shows that Y& = J*(0,2,7). More generally, Y;* = J*(t, X7, i). For
the intuition of why this might be true, it suffices to observe that by construction of

(3.24) for any stopping time T,

y;c:ﬂt«:[/ Uils, Xy ds + Y + A, — A,
t

7
> B[ [ 0105, X) ds + MU X)Lt
t

and A; = 0 until Y hits the barrier. It follows that equality above holds for 7 =

™ =inf{s > 0: Y = M"(s, X,)} which must be optimal.

30f course, all the parameters are functions of initial mode i as well
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Let us next state some estimates on Y which will be especially important for our
convergence proofs in Section 4.3. We work with a slightly modified version where

the barrier is an explicit function of X;:

Y= [T U(s, X,)ds + Ap — A — [ Z, - dW,,

(3.25)
Vi g(t,X,), and [ (Y:—g(t, X,)dA, = 0.
Assuming ¥ and ¢ are uniformly Lipschitz in z and ¢,
(W (t, @) — Wt 2")| + |g(t,x) — g(t', 2")| SCA+ [t = | + [lz — 2]l )
we have global estimates [35]
E[ sup |V;]* + A%] < / W (t, X;)|2dt + sup |g(t, X;)| ] (3.26)
0<t<T 0<t<T
or | sup Will|, <O+ sup 1Xilll,)-
0<t<T 0<t<T

Secondly, (3.25) satisfies a stability property: if Y’ solves the same system but with

modified barrier ¢’ and generator ¥’ then
Y, = V{1 <e“T (g = ¢'lloo + (T = )| W — ¥'||c).

Note that the last equation implies uniqueness of solutions to (3.25).

The BSDE formulation clarifies the continuity properties of the Snell envelope.
Indeed, if the barrier M*? is continuous in ¢, it is clear that the solution Y of (3.24)
is also continuous. Furthermore, analogues of stochastic flow theory imply that
under regularity conditions on the parameters of the stochastic differential equation
for (X;), Y* will be continuously differentiable in the initial condition x and other
parameters of the (X;)-SDE [36]. By induction the same is true of the recursive
value functions J*(t,z,) of our problem (but not necessarily of J(t,z,4) itself).

The link between BSDEs and parabolic PDEs is quite deep. Set (Y/*);<s<r to

be the solution of (3.24) with X; = x. Then there exists a measurable function u
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such that u(s, X4%) = Y5*. In particular, u(t,z) = Y;"* which is deterministic and
continuous in both ¢ and x. This u can be shown to be the unique viscosity solution
of the QVT in Proposition 3. In particular, if the QVI admits a classical solution (for

example if all the coefficients are C* and bounded) then u(t, z) € C12([0,T] x RY).

Remark 1. The quasi-variational inequality for optimal switching can be re-formulated

as a coupled system of reflected BSDE’s for (Y%);cz,,,

T T
y;':/ wi(s,Xs)derAiT—Ai—/ 7z aw,
t t
Y > mgx{—ci,j +Y/}.
JFi

However, the question of existence and uniqueness of solutions to such systems is
difficult. In the special case of two regimes M = 2, Hamadéne and Jeanblanc [44]
explicitly proved existence by working with the difference process Y — Y?2. For
M > 2 it seems that the only available tools are either the analytic approach via

viscosity solutions of the QVTI or the recursive optimal stopping that we use.



Chapter 4

Numerical Solution

4.1 Dynamic Programming in Discrete Time

We now describe the numerical procedure for solving the optimal switching problem
formulated recursively in (3.7). To be able to do numerical computation, we first
pass from the continuous time to discrete time. Let {mAt, m = 0,1,..., M*},
At = % be a discrete time grid. Switches are now allowed only at grid points,
ie. 7, € S® = {mAt : 0 < m < M*} and we label as U* the corresponding set
of admissible strategies. This limiting of managerial flexibility is similar to looking
at Bermudan options as approximation to American exercise rights. If the problem
horizon is about 2—6 months, a practical discretization is on the scale of At = 3—12
hours.

Let t; = mAt, ty = (m + 1)At be two consecutive time steps. In discrete time,
the Snell envelope is easily computed through the backward dynamic programming

(DP) method. More precisely, the Snell envelope property of J*(¢,z,1) reduces to

38
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deciding between immediate switch at ¢; to some other regime j versus no switching

and therefore waiting until ¢5. Thus, (3.7) becomes

to
‘]k<t1>Xt17i) = HlaX(E [/ %’(&Xs) ds + Jk(t27Xt27 Z)’ ftl]a Mk’i(tl,Xt1)>
t1
~ max(q/zi(tl,th) At +E[J5(ty, X0, 1) Fu] (4.1)

m;zx{—C’i —jl+ Jk*l(tlthnj)})'
JFi

We see that to solve the problem it suffices to have a computationally efficient algo-
rithm for evaluating the conditional expectations appearing in (4.1). Recall that the
conditional expectation E[f(X},)| F,] is defined to be the F; -measurable random
variable ' which minimizes E[|f(Xy,) — F'|?]. On the other hand, if (X;) is Markov,
any such F; -measurable F' may be written as F' = F(X,,). Therefore, the condi-
tional expectation can be viewed as simply a mapping = — By, (x) = E[f(X,,)| X, =
x] € L*(P). Hence, one possible numerical strategy for evaluating the former is to
approximate the map F;, which is a well-studied statistical problem.

We concentrate on a particular variation first described by Longstaff and Schwartz
[54] and Tsitsiklis and van Roy [67]. The idea is to project E; onto a truncation of
a basis of the Hilbert space L*(P). This finite projection is just a regression of E;

against the first N? basis functions, i.e.

Ey(z) ~ Ey(z) = Z a; Bj(x), (4.2)

where B;(z) are the bases and «; the R-valued coefficients.

The computational advantage is that the projection can now be approximated
with an empirical regression. The algorithm generates a large Monte Carlo sample
(zf,,x},), from the joint distribution of X;, and X,,. The empirical values f(z,)

are then regressed against { B;(z},)} to obtain the coefficients «; after which we can

use (4.2) to compute the conditional expectations.
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We now extend this idea to allow for simultaneous recursive computation of all the
J¥’s. Begin by generating N? sample paths x¢ of the discretized (X;) process with a
fixed initial condition Xy = x. We will approximate J*(0, z,4) by ﬁ S IR0, 26, 0).
The pathwise values J*(t,z¢,i) are computed recursively in a backward fashion,
starting with J*(T,2%,i) = 0. To implement (4.1), for a given step t; = mAt and
regime i we regress the known future values J*((m + 1)At, :L’fm L 1)a¢: 4) onto the cur-
rent underlying values {B;(z% ,)}. As a result of regression we obtain a prediction
B [JE(mAt, -, 1)) (zh, 5,) for the continuation value along the (-th path. Compar-
ing this with the current value J*~1(mAt, z¢ .,, ) from a lower ‘layer’ k — 1 for each
switching choice 7 we can find the optimal decision at ¢;. The computations are
done bottom-up in k, so that indeed J*(mAt, z¢ .,,7) is known when computing
JE(mAt, 2t ,,1). The efficiency is maintained because we use the same set of paths
to compute all the recursive conditional expectations. At a given layer k, the com-
putations of J* for different regimes i are independent of each other, and hence the

errors only cumulate with respect to number of switches.
Recursion for 7%

It turns out that for numerical efficiency rather than directly computing the value
function, it is better to instead keep track of the optimal stopping time. This
was the beautiful insight of Longstaff and Schwartz [54], as opposed to the Tsit-
siklis and Van Roy paper [67] which implemented the just-described algorithm as
is. Let 7F(mAt, X,uas,4) - At correspond to the smallest optimal switching time for

JE(mAtL, X,nas, ). In other words, the optimal future rewards are given by
‘I'k
J¥(mAt,z,i) = E [Z Vi(GAL, Xjae) At + M (TPAL Xeng) | Xinar = x} .
j=m

Then we have the analogue of (4.1) for 7*:

8 ((m 4+ 1)At, 2! ,1), no switch;
SYRINRTIWE T I )

m, switch,
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and the set of paths on which we switch is given by {£: 7*(mAt;i) # i} with

J(t3) = argmax (= Cig + 77 (b, ), (b, 2 )M+ By, [Pt 9] (af)).
(4.4)

The full recursive pathwise construction for J* is

T mAL 2t ) = vi(mAt, xf A,) At + J((m + 1)At, xme)At, i), mno switch;
» PmAt —
—Cij + JFH(mAt, a6, 5), switch to j.

(4.5)

Observe that in this version the regression is used solely to update the optimal
stopping times 7% and the regressed values are never stored directly. This additional

layer of random behavior helps to eliminate potential biases from the regression step.
Choosing the Basis Functions

The choice of appropriate basis functions (Bj) is rather heuristic. Several canonical
choices have been proposed, including the Laguerre polynomials

) _ a—x/2 gdj(xje—x>
Biw) = e 0w
from the original paper [54] and the indicator functions B;(z) = 1g;(x) of a partition
of E [42]. A more automated approach was suggested by [46] based on neural

networks. The idea is to use the logistic basis

eO{jiK

Bj(z) =

CemT 4 4 eonB

where the coefficients («;) are picked using a factor analysis of the current data. In
any case, the numerical precision can be greatly improved by customizing the basis.
In particular, it helps to use basis functions that resemble the expected shape of the
value function. In examples of this thesis v; are usually linear and our favorite set

of bases B;(z) are of the form 2?, e** and max(x — K, 0).



42

In a multi-dimensional setting the simplest choice is to use tensor products of
one-dimensional bases [ [, Bj,. This makes the required number of basis functions in
principle exponential in the dimension of (X;). However, if the rewards only depend
on fixed linear combinations of components of X;, even a linear number of bases
might be sufficient to capture the relationship between the value function J{(t,z,1)
and z. In practice, N? as small as 5 or 6 normally suffices, and having more bases

can often lead to worse numerical results due to overfitting.

4.1.1 Delay and Time Separation

An important feature of a realistic model is operational delay. Turning a physical
plant on/off is not only costly, but also takes a significant amount of time. A typical
plant requires 4 — 12 hours of ramping up before it is operational. This delay is
important if we look at markets with price spikes. Because there is a lag in taking
a plant online, the operator is more risk averse, since he faces more uncertainty
regarding the profitability of the spark spread by the time the plant is running. To
approximate this phenomenon, we may want to assume that each switch takes a
fixed amount of money Cj ;, as well as a fixed delay time 9§, so that the plant is in
its new regime only after t 4+ . Unfortunately, in continuous time, correct treatment
of delay is cumbersome. The definition of the total reward obtained from strategy u

must be changed from (2.2) to

T T
Hiz.i, [O,T];u):/ ¢us_5(5,xs)ds—c/ dul,
0 0

where we define uy, = i for —6 < s < 0. Note that u, is still F,-measurable,
but the corresponding payoft is only realized at s + 0. The appearance of v, _,
introduces acute technical difficulties, see for example work of Bar Ilan et al. [6] on
irreversible real options with installation delay and Elsanosi et al. [37] on delayed

optimal harvesting.
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As an approximation of time delay we instead can impose time separation i.e. the
constraint 7, > 7i_1 + 0" . This models the situation where the effect of the switch
takes place immediately but then the plant is locked-up for a period of §. Clearly,
such situation is less risky than true delay because decisions have instantaneous
impact, but it still limits the flexibility of the operator. With separation we also
strictly speaking lose the Markov property of the value function. If we made a
switch at ¢, time advances to ¢ 4+ ¢ while our hands are tied. Hence, (3.7) only holds
at the switch times.

The advantage is that in discrete time, especially if § is a multiple of At, separa-
tion is very convenient to implement. It means that instead of evaluating E[J*(t +
At, Xy ar, )| Fi] we now need to compute E[J*(t + 6, Xt+5,i)| Fi] the conditional
expectation §/At steps ahead, but this is as easy as the original computation. Dia-
gram 4.1 illustrates the dependency in space-time of the value functions with different

delay settings.
Unlimited Number of Switches

If the physical problem has no upper limit on number of switches made, we can
simplify the algorithm by replacing all J*’s with just J. In other words, we do not
need to keep track of number of switches made. Indeed, on a discrete grid we can
make at most M total switches, so that for k > 2- M, J*(mAt,-) = J*~1(mAt,-) for
any m. This allows to flatten our construction of J* in (4.1) and significantly speed

up the computation.

Remark 2. In a real-life setting it is possible that the number of switches is limited
a priori so that we really have to compute J* for a fixed k. For instance, consider
an operator who does not like switching due to political implications— he must not

appear to be a price speculator. Thus, the management postulates that at most K

1See also [17] for a related discussion in the case of energy swing options.
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mAt meDA mAras
+1i(Xe, ) At
Standard JE(t, x,1) Tk (ta, X¢, 1)
Jkil(thl'vj)
Delay Jk(th x, Z) - Jk(tg, th Z) | +'l/1i(XmAt+5)At |
‘]k_l(thxvj)
Separation JR(ty, w,10) J*(ta, Xty 1)

T~

Jk_l(t27Xt25j)

Figure 4.1: Decision Making with Different Delay Settings

switches can be made within a given month. If K is small, then JX < J* strictly

and recursive computations are the only feasible approach.

4.1.2 Approximating the Switching Boundary

The Monte Carlo regression algorithm also produces an approximation to the switch-
ing boundary. Recall that the switching boundary specifies for each k,: the graph
(t,z;) such that the minimal optimal switching time corresponds to the first time of
hitting this barrier. In our case, for each instant ¢ and regime ¢ we have (M — 1)
boundaries containing the thresholds at which our optimal strategy at the current

time step changes to regime j.
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Since we keep track of optimal minimal 7, we can easily reconstruct the switching
boundary by summarizing at the end of the algorithm the graph of 7%(0, zy, i) against

X;. Namely, the set
{2 A,: £is such that 75(0, 2%, ) = m} (4.6)

defines the empirical region of switching from regime ¢ at instant mAt¢. The com-
plement is the continuation set and we can determine the regime switched into by
keeping track of 7* from (4.4). The switching boundary can in turn be used in the
forward direction to construct the optimal dispatch policy for any given path of (X3).

See Section 4.4 for a numerical example.

4.2 Summary of Algorithm

What follows is the summary of the numerical algorithm we use:
i. Select a set of basis functions (B;) and algorithm parameters At, M* NP K §.

ii. Generate NP paths of the driving process: {zf ., m = 0,1,...,M* ( =

1,2,..., NP} with fixed initial condition z§ = x.

iii. Initialize the value functions and minimal switching times J*(T, 2%, i) = 0,

(T, 24, 1) = M* Vi, k.
iv. Moving backward in time with t = mA¢t, m = M*, ... 0 repeat the following:

e Compute inductively the layers k = 0,1,..., K using (3.7). To evaluate
the conditional expectation E [J*(mAt+At, -, i)| Frae] regress {J*(mAt+
At, b Ar4ass 1)} against current set of basis functions {B; (%, At)}j-\fl. Add

the reward ;(mAt, z¢ .,) - At to the continuation value.

e Update the optimal switching times and value functions using (4.3), (4.4)
and (4.5).
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v. end Loop.

vi. Check back whether K switches are enough by comparing .J K and JE-1 (they

should be equal).
vii. To obtain the free boundary, for each given k, i, mAt compute (4.6).

Observe that during the main loop we only need to store the buffer values
J(t,),y ..., J(t+6,-); and 7(t,-),...,7(t+9,-).

We call the described algorithm the Longstaff-Schwartz Monte Carlo regression
scheme, or just (LS). It is distinguished from the Tsitsiklis-van Roy (TvR) scheme

which in step iv.2 directly uses the conditional expectations,

Jk(mAta xﬁ@Atv Z) = Mk’l(mAtv xant)

V B [74(m+ DAL )] (@pad) +0i(mAt o) - At (47)

Algorithm Requirements

The speed of the algorithm is O(M? - K - NP - M*) where M is the number of
possible regimes, K maximum number of switches, N? number of Monte Carlo paths,
and M! the number of discrete time stages used. The memory requirements are
O(N?-(M*+D-K - M)) where D = & 4+ 1 > 3 is the buffer size and the two terms
represent storage of sample paths and value functions respectively.

The algorithm complexity is quadratic in the number of regimes since we must
check the possibility of switching from each mode ¢ into each other mode j. The
algorithm is linear in N? since during the regression step we only deal with matrices
of size N? x NB. Because the other dimension is fixed, the number of arithmetic
operations is linear in the bigger dimension.

In practice, the biggest constraint is in space, because the backward induction
requires keeping the entire array M* x NP of sample paths in memory. Even for

reasonable values such as M* = 500, N? = 20, 000 this is already 40M B of storage.
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4.3 Convergence

The presented algorithm for computing J* has several layers of approximations. We
now take a systematic tally of all the errors involved. Looking back four types of
errors can be identified: error due to discretizing the SDE, error due to restricting
switching times, projection error and Monte Carlo sampling error. We shall address
each of these errors in turn and present the current state-of-the-art regarding error
bounds in terms of At and the number of paths NP.

The framework of backward stochastic differential equations from Section 3.7 has
been the most successful for analyzing convergence properties of optimal stopping
algorithms. The basic TvR scheme (4.7) is essentially a simple algorithm for solving
discrete-time reflected BSDE’s, a topic that has been a very active area of research,
see e.g. [11, 21, 42]. The expected convergence properties of the TvR scheme are not
as good as of the LS scheme, however the former is much more amenable to analysis.

The BSDE approach starts from (3.24) and constructs a discrete time approxi-
mation to the pair (Y, 7). As we will see, this again reduces to computing condi-
tional expectations. The initial analysis of Bouchard and Touzi [11] used indepen-
dent approximations for each conditional expectation making errors at each time
step uncorrelated. More recently, Gobet et al. [42] extended this analysis to the
LS/TvR approach of using a single set of (X;)-paths to approximate all the condi-
tional expectations. To simplify our proofs let us restate our framework with slightly
stronger assumptions. Recall that in terms of BSDE’s the problem reduces to finding

Y = Jk(t, X7, i) (again we suppress dependence on x) where

Xy=z+ /Otu(Xs) ds + /Ota(Xs) - dWs, (4.8)

T T
Y;]m = / wi(Sa Xs) ds + Ar — Ay — / Zs - dwsv
t t

T
Yl > fﬂ:mgx{_ci,jﬂg’“*“}, and / (Y = My dA, =0,  (4.9)
J7 0
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As usual, i represents the initial regime and k counts the number of switches, so
when k = 0 we simply have no barrier in (4.9). Because of the Markovian setting
V" (and hence also M}"") are functions of X7, a fact that allows to connect the

backward and forward components.

Assumption 5. p(z) and o(z) are twice continuously differentiable, bounded and
Lipschitz. The payoffs 1;(xz) are time-homogeneous, continuously differentiable and

Lipschitz.

The convergence proof will proceed in several steps. In Step 1, we will estimate
the error resulting from time discretization— discretizing (X;) using Euler scheme
and (Y;"") using the standard backward scheme. Simultaneously we restrict the
switching times to occur only at the discrete time grid points. We show that the
error from this procedure which produces (X2, Y*44 Zk44Y is O(v/At). In Step 2,
we replace the conditional expectations with a projection P, on a finite dimensional
orthonormal family in L?(P). Hence, Y*"# is approximated by Vi The resulting
error is O(At~%. (mean projection error)). Finally, in Step 3 we further approximate
the projections by an empirical regression using N realizations of the paths (zf 4,
¢ =1,...,N). We conjecture that the error here is O((At - N)~'/2), the expected
rate for Monte Carlo methods.

This section will be heavy on notation, and we will often drop unnecessary sub-
scripts and superscripts to prevent clutter. Throughout M and N are used to denote
the number of discrete time periods and total number of Monte Carlo simulations
respectively. The time steps are indexed by m and the paths by ¢. In the proofs
below C'is a generic constant that may change from line to line, and ¢; and ¢, are
two generic adjacent time steps, t; = mAt, to = t; + At. Finally, we use the standard
notation X VY £ max(X,Y) and || X||, = (E[|X["])"/?,p > 1 for the LP-norm of the

random variable X. At this point let us also recall the following
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Lemma 3. If positive sequences (ap), (bm), (cm), 0 < m < M satisfy am-1 <
max{ (1 + CAt)ay, + by_1, Cm_1} then

Ay < CT=mAD g 4 Z b; + max ¢; | . (4.10)

jzm
j>m

This is just a straightforward extension of the discrete version of Gronwall’s inequal-
ity for the case where term-by-term maximum is taken. This lemma will be key for
L? estimates when combined with Young’s inequality: (a+b)* < (1+7)a®+(1+ )b

for any v > 0.

4.3.1 Discretization Error

To discretize, we first use the classical Euler scheme for the process (X;)? :

Xi, = X5+ u(XD)At+o(X5) - (Why, — W),

(4.11)
XP =XE+pXE)t—t) +o(XE) - (W, —Wy,), fort € (ti,ta).
Then a standard LP-bound is [11, Lemma 3.2]
lims.upL | sup | X — XP[|| <00 Vp>1. (4.12)
At—0 VAL o< P

Assuming (4.11) for (X2), the discretized versions of (Y*? Z%%) from (4.8), which

we label (Y*44 744 “and in an obvious way M*2 solve

Y;lf’i’A = max{/\/lfl’i’A, E[Ytlzlﬂ ft1i| + %‘(Xt?)At}, Yq’f%A =0, (4'13)

‘ (W — W,
Zfi,’L,A — E |:}/;I;7Z7A . ( t2At tl)

]—"t] . (4.14)
The alternative
YA = max{ MES, B[S +ui(x8)at 7, | )

has also been used by some authors, e.g. Bally et al. [4]. There is not much difference

for our setting, however (4.13) is better for the general situation where the generator

2If (X;) is Gaussian this is not needed, but we cover the general setting since the backward
components must be discretized in any case.



20

¥; may depend on Y*!. From a financial point of view (4.13) means that the payoff
between today and tomorrow is certain. It is not clear which assumption is more
realistic but numerically for small At the differences seem to be negligible.

The next theorem is an analogue of Theorem 7.1 in Bouchard and Touzi [11].
It shows that the total discretization error is O(v/At). We provide a full proof for

completeness.

Theorem 6. For allp > 1,

. ki, A kyi
lim sup sup ||YmAt — YmAth < 0.
At—0 At ogmgM

Proof. As in all subsequent proofs we will proceed by induction on k remembering
that the first level has no barrier and reduces to the standard BSDE situation. Let
SA(mAt) = {jAt: m < j < M} be the set of our discretized stopping times after
mAt and define the auxiliary processes

M
Ry, = esssup E [M P+ AL Z Losjar - ¥i(Xjar)
TESA (mAL)

fmAt} ;

j=m

LF £ esssup E [Mf.z + Pi(Xs) ds‘ fmAt]
TESA (MAL) mAt

Hence, L*' discretizes the stopping rule, while R*? converts the integrated reward

into a sum. We will use

VS =Y S [YES = RY' 4+ Ry — LY + Ly = Y
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and separately estimate the three terms of the right hand side. First, for any 7 €
S(mAt), set 7 = [ 5| - At € S4(mAt) so that 7 rounds up 7 to the next time point
on the grid. Then using the fact that ¢;’s are Lipschitz we have

YA, — | < esssup B, {IM’T“' - M+ [ \wi(Xsﬂds}

TES(MAL)

< esssup max[E,, [2 / |¢j(Xs)]ds}
TeS(mAL) J T

<2At-]Em[ sup maXWj(Xs)’]
mAt<s<T  J

= HYr’:LZt - LﬁfAth < CAt ” sup ’XS‘HP < CAtL
0Ls<T

Next under Assumption 5 by a standard argument maxocm<ns |R5S, — LE% ||, <

CAt, see e.g. Lemma 4 in [4]. Observe that both estimates above are uniform in k

because the approximation concerns ;(X;) only.

The bulk of the error is hidden inside the difference of R"’\, and Yfl&f which use

different barriers and different X’s. Applying [(X; VY1) — (X2 VY2)| < | X1 — Xa| V
|Yi — ngy on |Mﬁ’7’ — Mﬁ’i’A‘ = ]maxj#(Yf_l’j — Oi,j) — Hlan?gi(Y;.k_l’j’A — C@j)’ we
have
. . M
|REL, — YR < esssup B, [\M’:ﬂ — MEPA L ALY " Tosjar [i(Xin,) — wxxjm)\]

TESA (MAL)

j=m

k1,5 k—1,5/,A
< Em[ max max |V, 7 — Y\, "’ \—i—C!Xf‘At —X]Atq or
m<G<M j'#i - J J

IREL, — YEUR, < OVAE+ || max max |V, — .’C*M’Amp by (4.12).

0G<M jiAi I Jat

Combining the three individual bounds we finally obtain,

ki, A ki k—1,5 k—1,4" A
lomass, Wk = Yol ll, < VAL || ma max Vs = Yoa I,

where the constant C' is intrinsic to (X;) and ;’s. By induction on k, the O(v At)
error propagates through for any fixed level k. n

The above error due to replacing the ‘American’ switching policy with a ‘Bermu-

dan’ one has also been studied by Dupuis and Wang [29]. Using Brownian local time
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techniques they directly show that for a one-dimensional optimal stopping problem
the discretized value functions converge with rate O(At) and give precise break-
down of the error sources. They furthermore demonstrate that the optimal stopping
rules converge only with rate O(v/At), a result that is unavailable with the BSDE

formulation.

4.3.2 Projection Error

For the next step we approximate the conditional expectation E,, = E[-| F;,] by a
finite-dimensional projection P;, onto the set of bases By, = By, (X,) (the latter is a
vector of length NZ, but we do not write out the individual components). We label
by ay, the resulting coefficients which form a random vector in RY ” and by }A/tlfz the

approximation of Y;’f’i’A. Hence the equation (4.13) is replaced with
Yyt = (Pn V] + wi(th)At> v M (4.15)
= <Oét1 . Bt1 + wz(th) At) V Mfl’l

o : Ok 2
where ay, is given by a;, = arg min,, ]E[|Yt2 —a- By }

We first check that for a fixed k, begt is uniformly L*-integrable. Using
1
E[(X1V Y1) = (X2 VYY) < (1 +7)E[X; — X V(1 + ;)E\Yl —Yl* (4.16)
as well as the fact that P, is an L2-contraction and Young’s inequality we obtain

B = E || (Pl + Ati(X.)) v MET

< <(1 + CAYE[P, [YVET] + (A + %) E [wi(th)QD v (1+ ﬁ)E!Mﬁ’iIZ

o 1 . .
<((+ CONBITEP) + CAtL+ al)) v O+ ) max BT
JF
so that by Gronwall’s lemma

L 1 . .
ki 2 2 k—1,512
< I
Ogla&EHYmAt | < C(l + ||z]|* + A7 I?g?ogza@EHYmAt | ]) (4.17)
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Completing the induction on k, maxocmen E[[VE4,]2] < C(AL)7*(1 + ||z||?). Even
if this bound deteriorates as k increases, it still provides useful a priori estimates on

the regression result Y, £ ay, - By,. By (4.17) and orthonormality of B;, we have
EY,"[* = Ellas, | Bul*) = o [* < C(1 + [|2]*)
and consequently,

V' < | 1B (Xe)| < |Boy (X)) [V O (L + [J2]?). (4.18)

Thus, we can construct a truncation function 7}, such that |Yt’1“| < Ty, (Xy,) and

E[T}, (X4, )?] < oco. This truncation is used to bound back oy, via
jaw, [* = E|Y,"[* < E[T (X,)7).

We now investigate in more detail the build-up of regression errors. Let R,
denote the remainder after the projection Py, so that for any X € F,, X =P, (X)+
R, (X), and the two latter terms are orthogonal in L?. The following theorem is

similar to Theorem 2 in Gobet et al. [42].

Theorem 7. With the notation of (4.15), and Y*i = Yki8

M
max EU AL~ At‘ CZE Y]:nlJrl)At])Q]

o<m<M
m=0

¢ k1,5 k—1,5
+ g o, max B[V = Va7

Proof. The theorem shows that the regression errors add up when moving across
a fixed level k£ and get multiplied by Ait when moving down to level £ — 1. Set
n! 2B (|95~ Y], We will show that

BT (1 OO (o + B[Ry (B VED?) v (14 i) maf ™
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Combined once again with Lemma 3 this is enough to prove the theorem. To show
the claimed inequality, re-write

. ~ . ~ . . ) 2
nb! = E|{Pu () + vl X Ar v METL = LB (VA + it X)) At v M|

E||Pn (V") = B (V)P V IME = M| (4.19)
Since Py, is an L2-projection, for any Z, Py, (Z) = Py, (Ey,[Z]) and so Ey, (Yt;“) =
P (V") + Ry (B, [VS"]) implying
B[P, (V) — B [V < B[Ry (B YA + B [|757 - v

by the orthogonality of the remainder R;,. Substituting into (4.19) and using (4.16)

< (1 + OO (B[R (B [VE)) 4 7) v (14 BV — M

as desired. n

In a more general way we can think of P, as any approximation (not necessarily
a projection) of the conditional expectation. For example, P;, may be an empirical
Monte Carlo average. In this case the above theorem is slightly modified because we
can no longer use the orthogonality of the projection errors. We state the following

result which originally appeared in Bouchard and Touzi [11]:

Theorem 8. For any m,k,1,

k ki k,
1A = Ykl < o max (|| — PV

k-1 k—1,5
At m<GEM (j+1)At H +max||Y J — YN Hp)-

Proof. Using same techniques as for (4.19),
Yt = T < (1B = P) (T 4 B [V = V7)) v ma Y9 = Y1)
IV = ¥l < (14 A8 (1B — Pu) (V)
1 1
ki ki k— k-1,
FIVE = T V(14 ) max VAT - P,

which by Lemma 3 implies the result. O]
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4.3.3 Sampling Error

In the final step we simulate N sample paths {2f \,,¢ = 1,..., N} and replace the
projection P, by an empirical regression. We call the resulting regression coefficients
alN and the resulting basis functions B, = By, (2!, ). The approximation of Y/ along

the (-th path is labeled as Y**¢ and satisfies

Tt = (T (o) - BE) + wilal, )At) v ME, (420
1 o o
) = argmin ~ Z(Ytlj’l’z —a- B (4.21)
=1

The empirical truncation Tfl (x) is an analytical device relying on the a priori estimate

(4.18) to make sure that the simulation Y’s are bounded. Letting Yt'fM = Bt | it

t1?
is taken such that Tfl (Ytll”) = Tfl (ov, -Btl(xfl)) = a4, By, (:Bfl) and Tfl (af\f-Btl (xfl)) <

2-T;, (zf,). In other terms, [Y*| < 2.|Y*?|. Note that 7" is random since it depends

on ay,.

Full analysis of the Monte Carlo sampling error EDAQI;Z — hY;’f’N| where fftlf’N =
% Zévzl }A/t]flz appears to be intractable. The major difficulty is the presence of
the recursively defined MPFit which causes the sampling error to propagate in a
nonlinear fashion. Moreover, it is not clear how to compare the empirical yhaN
which is a sum of max-terms in (4.20) with Vi which is a single max-term. Looking
closely the sampling error has three components that are closely intertwined— error
due to using ai\lf rather than oy, error due to using MPFiE rather than MF, and
error due to potentially choosing the wrong side in the max-comparison, i.e. picking
T (Y;’fle) + (], ) At over MESE when oy, - By + i(af ) At < MEE,

We do not know how to isolate these error sources, so let us summarize the results
of other papers that deal with simpler cases. The closest analogue is the paper of

Gobet et al. [42] who study the non-reflected case. Their main idea is to denote by
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BY =+ S B (B;)" € RN”*N" the sample regression matrix and to define the

‘good’ event
A 2 {Ym: |BN,, — Id|| < At}.

Remembering that the basis is orthonormal, for any fixed At, P(A) — 1 as N — oo
by the law of large numbers. On the other hand, using the truncation 73, and the
fact that the regression matrix is close to identity on A, we have (we abuse notation
and use YN even after dropping the reflection terms involving M in (4.20) and
(4.15))

BT TR < Elacl 74 — TE2) + LIV - 7597

<E
< E[Lac|2- Ty, (Xyy) + Tiy (Xe)[P] + E[LAl B P|ef] — o, )

VAN
©

PA]Y? [T, (X0) 'Y + (1+ AE[La]ay) — oy, 2.

Hence on A it suffices to estimate the error from the wrong regression coefficients

ozi\lf . Using Gronwall-type inequality Gobet et al. [42, Theorem 3] then show that

C
N 2
max E|lala —« <
0<m<M [t mat|”] < At-N

implying that the rate of convergence is O(N~'/2) on A. It still remains unclear how
fast does the ‘good’ event itself grow; observe that A requires the regression matrix
norm to be small uniformly in mA¢.

From a different angle, Bouchard and Touzi [11, Theorem 4.1] show that if one
directly approximates E;, with a Monte Carlo simulation then the resulting rate of
convergence in LP-norm is O(At~1%/4P. N=2P) hoth for the non-reflected case and a
single-level reflection. The technique is again to use a priori bounds on the empirical
Y’s and Gronwall’s inequality.

On a more abstract level, Clément et al. [22] have shown that fixing NZ and
using the Longstaff-Schwartz scheme (4.3) of approximating the optimal switching

time, the asymptotic sampling error as N — oo has mean zero and a Gaussian
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distribution. Moreover, the Central Limit Theorem rate of convergence O(N~'/2)
still applies. This justifies the idea of directly approximating the policy rather than
the value functions. Clément et al. also show that taking N® — oo we recover the

original value function J*(t,x,1).

4.3.4 Final Word On Convergence

Summarizing the last three sections, the total error we have is
”Y;k,z _ Yk,i,A,NH2 < Hyvtk,z N Yk’i’A”Q + HY;k’i’A _ }}k,i,A”z + H)};k,i,A . }}k,i,A,NHZ

! E[Rtl (Etl D/;;Z])Q] 1
<C (\/E + o + \/m).

Even without the last term which is only our conjecture and is not proven, these con-

(4.22)

vergence rates are quite pessimistic. We observe a general explosion in the regression
errors as we cascade through the number of switches k, cf. the second term in (4.22).
This would suggest that to obtain any convergence, the projection plus sampling
errors must be decreasing exponentially in k. In the best case (with adaptive choice
of (B;)), we expect the projection error to decrease exponentially in the number of
basis functions N2, so the latter needs to grow linearly with k. However, an implicit
issue that is hidden above is the relationship between N® and N. Namely, for a
given number of basis functions, how many Monte Carlo paths are needed to obtain
a comparable sampling error. Unfortunately, Glasserman and Yu [41] give a negative
result and show that in the worst case one may need as many as eV N paths. It follows
that to compute J K \we must use at least N ~ (At)_f( paths, which would make the
computations intractable.

In practice the LS scheme avoids repeated conditioning and therefore regression
errors are accumulated only when a switch or a wrong switching decision is made.
On a given path, instead of M regression errors, we should only see O(1). As a
result, we conjecture that the total error grows linearly in the maximum number of

switches K, which is what we seem to observe in practice. To prove this analytically,



o8

one probably should use the fact that the barrier MFi g closely related to the
current }A/k’i, and so the various errors in the barrier cancel out the errors in the
regression approximation. This would produce tight bounds on expression of the
form E[Ytljz Y Mflz] in terms of E[Ytljz] and E[M fl’i], cf. (4.19) and proof of (4.17).

From our extensive experimentation with the method, it seems that for M < 1000
the algorithm is quite stable. The corresponding discretization step At should be
good enough for most financial problems. The real key to successful implementation
is a correct estimate of the number of layers K and a judicious choice of the basis
functions (B;). After that N ~ 20000 simulated paths seem to be more than enough
for examples we tried.

To check the actual rate of convergence with respect to the size of the Monte Carlo
simulation we run Example 4.2 using 2000 — 24000 paths and tabulate the resulting
means and standard deviations over 50 separate runs in Table 4.1. We used six
basis functions in this case and 400 time steps. We see that the variance decreases
by about 40% when we double the number of simulations and then stabilizes as
the remaining error is mostly coming from the projections and not from the Monte
Carlo. We also see that in this example the value is decreasing, approaching the

‘true’ value of 5.931.

No. Paths Mean Std. Dev
2000 6.90 0.37
4000 6.44 0.30
8000 6.16 0.22
16000 5.90 0.19

24000 5.86 0.17

Table 4.1: Convergence of Monte Carlo simulations for Example 4.2.
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4.4 Numerical Examples

We now give a series of numerical examples to illustrate the algorithm and the
problem structure in different settings. Example 4.1 is the most basic one and has a
one-dimensional time-homogeneous diffusion (X;) with two regimes. Example 4.2 is
the ‘generic’ one, with a two-dimensional diffusion (X;) and three regimes. Example
4.3 shows the case where (X;) has both jumps and seasonality. Finally, Example
4.4 shows a multi-dimensional, multi-mode setup with X, taking values in R? and
M =5.

Example 4.1. In our first example, we consider a simple one-dimensional Ornstein-

Uhlenbeck driving process:
dXt - 2(]_0 - Xt) dt + Qth, X() — 10,

with time horizon T' = 2, and delay (or rather switch separation) § = 0.02. We have
two regimes with continuous reward rates of 1y(X;) = 0 and 1 (X;) = 10(X; — 10),

and the switching cost between them is C' = 0.3.

Figure 4.2 shows the output from the LS scheme for Example 4.1, using 200 steps,
8000 paths, and successive levels k = 1,2,...,8. The initial regime is ‘off’, and the
increasing curves correspond to the number of ‘on-off” switches available. The plot
shows each J*(t,z,0;T) as a function of ¢, which due to the time homogeneity equals
the expected total profit with horizon T"—t. As we get further away from maturity,
each separate value function J* flattens out because the time decay becomes less
relevant. The total value function J = sup, J* approaches linear growth in time
to maturity since the stationary nature of (X;) translates into an asymptotic fixed
earnings per unit time ratio.

Figure 4.3 shows the switching thresholds in Example 4.1 as a function of time
for two different levels k. The top boundary is for switching from regime 1 to regime

2 and the bottom is from regime 2 to regime 1. The area in between is the hysteresis
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o 0.5 1 1.5 2
Years to maturity

Figure 4.2: Value functions J*(¢,r,0) as a function of ¢ for Example 4.1.

band where no switching takes place (note that at-the-money is always = = 10).
Thus, if we the plant is ‘off’; it will be brought online only when X, is about 10.8.
The left panel plots the boundaries for £ = 2. Far from maturity 7' the boundary
is slowly increasing, as more time implies availability of more profitable switching
opportunities. Closer to maturity, the time decay becomes significant and makes the
agent less ‘picky’ in choosing the threshold to switch. Even a small expected profit
is worthwhile to capture since little time is left. Finally, very close to maturity, the
time decay dominates and the fixed cost is larger than any gain from switching. As
a result, the switching boundary widens dramatically near 7". For large k (the right
panel in Figure 4.3), the exercise boundary is essentially flat after a sharp curve
close to expiration, as time stationarity and large number of allowed switches make
time decay insignificant. This parallels the situation with infinite horizon where the

switching boundary is constant.

Ezample 4.2. The generic case of a spark spread, X; = (P,, G;) representing prices

of power and gas respectively (for parameter meaning see (3.4)):

log(P,) ~ OU(k = 2,0 =log(10),0 = 0.8), Py, =10,

log(Gy) ~ OU(k = 1,6 = log(10),0 = 0.4), Gy = 10, Ppg = 0.7.



61

N
o
o
=
o
o

Switching boundary
=
o
Switching boundary
-
o
T

©
o
©
2
T

ﬂ
|

8.5 . - . 8.5
0 0.5 1 15 2 0 0.5 1 15 2

Time Units Time Units

k=1 k=17

Figure 4.3: Optimal Exercise Boundaries for Example 4.1 for different levels k. The
decreasing boundary around ¢t = 0 is an artifact of the Monte Carlo.

We solve the switching problem on [0, 0.5] with regime rates of ¥y (X;) = 0,91 (X;) =
10(P, — Gy) and 9(X;) = 20(F, — 1.1G,), and switching costs C;; = 0.25)i — j|.

This example will be used for benchmarking in Section 4.6, see Table 4.4.

Ezxample 4.3. Our third example shows that the method works also with jumps and

time-dependent parameters. Let us consider the original spark-spread model with

legPt:6(pt—lOgPt)dt‘i‘OEdet‘i‘é—tht, P0:107

dlog G, = 1- (10 —log G,) dt + 0.4 dW;-, Go = 10, Ppg = 0.7,

with p; = 10-]0.95+0.05 cos(27t)] meant to represent seasonal fluctuation in electric-
ity prices where the summer is consistently more expensive. (N;) is an independent
Poisson process with intensity A = 0.02 and & ~ exp(0.1), so that jumps are always
upwards with a mean of 10% increase in price. There are two regimes again with

the reward rates of ¥o(X;) =0, ¢4 (X;) = 10(F; — G;) and switching cost C' = 0.5.

For the seasonal Example 4.3, on the horizon of one year counting from July 1 to
June 30th, it follows that the plant should rarely be operated in the winter around
t = 0.5, when the mean power price is under $9. However, as Figure 4.4 shows there
are still sizeable gains to be made in the winter (over 10% of expected gains are

generated in the three middle months). The possibility of price spikes or just large
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enough fluctuations in (P;) has value that can be exploited through plant flexibility.
Of course, if large fixed costs can be avoided by complete shutdown it may still be

optimal to close down the operations for the winter.

25F

1.5F

Expected Cumulative Wealth

0.5

Years

Figure 4.4: Value function for Example 4.3 showing expected cumulative profit
EH (z,‘off’, [0,t]; u*) as a function of time ¢.

Example 4.4. The last example of this section illustrates the structure of optionality
for a multi-commodity spread option. We consider a dual gas/crude oil power plant
that can use either fuel depending on market conditions. The driving process is

X; = (P, Gy, Oy) where (Oy) is the price of crude oil. Its dynamics are
(
log(P,) ~ OU(k = 2,0 = log(10),0 = 0.8), Py =10,

log(Gy) ~ OU(k = 1,0 = log(10),0 = 0.4), Go = 10, Ppg = 0.5,

klog(Ot) ~ OU(k = 1,0 =log(10),0 = 0.4), Oy = 10, Ppo = 0.3, pgo = 0.
There are four possible regimes besides complete shutdown 1g(X;) = 0:

Ui(Xy) =5 (P — Gy, o(Xy) =5+ (B = O),

V3(Xe) =5- (3P — 4Gy), a(Xy) =5+ (3P, — 40y).
We take C;; = 0.25 and also experiment with the delay setting, since switching a

plant from one fuel to another is likely to take a long time. Hence we try the time-

separation parameter § = 0.01,0.02,0.04 (up to two weeks) with 7" = 1 a horizon of
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one year. As Table 4.2 shows, high § significantly lowers the profitability, as does
removal of regimes. For example, without regimes 3 and 4 which are initially 30%
out of the money, the expected profit drops from 13.28 to 8.99. Similarly, if the plant

could only run on gas, the expected profit nearly halves to just 7.06.

Regimes Avail.  Delay Setting  Value Function

All PDE FD 13.31
All 0 =0.01 13.28
All 0 =0.02 12.49
All 0 =10.04 11.54
0-3 0 =0.01 10.41
0—-2 0 =0.01 8.99
0,1,3 0 =10.01 7.06

Table 4.2: Summary of results from Example 4.4. We ran the LS scheme with 400
steps and 16000 paths. The first method is the finite differences PDE solver with no
delay used for comparison.

Constructing Optimal Policies

Using the switching boundaries obtained from our algorithm, it is now straightfor-
ward to construct the optimal policy that can be implemented given a realization of
(X¢). Suppose we computed J K and our initial regime is ug. Then we keep track of
the switching sets Switch,, ; for all j # ug corresponding to the K-th level. At the
first time ¢ that X; € Switch,, ; we switch to mode j. We then begin to monitor
the switching boundaries of the (K — 1)-th level and continue accordingly until 7.
It remains to keep track of the profits and losses along the way corresponding to
the employed strategy. An illustration of this method for Example 4.1 is shown in
Figure 4.5. The top panel shows the successive switching boundaries and a realized
path of X;. Observe the slight jumps of the boundaries at the switching times when
the level changes. The bottom panel shows the total cumulative wealth obtained

from the policy. The discrete switching costs are indicated by drops of C' = 0.3 at

the switching times.
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Figure 4.5: Implementing optimal policy for Example 4.1.

4.5 Comparison to Other Numerical Methods

The optimal switching problem allows for several other numerical methods of solu-
tion. Roughly speaking, there are three possible strategies. First, one can directly
tackle the quasi-variational formulation of Section 3.6 using partial differential equa-
tion (PDE) solvers. Second, one can attempt to replace the continuous-space dy-
namics of (X;) by some sort of discrete approximation. For this approximation one
can then apply the dynamic programming approach directly. Finally, one can look
for other means of computing conditional expectations in (4.1) besides the proposed
Monte Carlo regression scheme. In this section we outline in turn each of these
three approaches and finish by running a set of benchmarks to evaluate the relative

performance and accuracy of our scheme.
PDE Solver

The PDE solver relies on the quasi-variational formulation of Proposition 3. The

stochastic control problem is transformed into a parabolic partial differential equa-
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tion with a free boundary. These have been heavily studied, and a variety of tools
are available, see for example the references in Chapter 7 of Wilmott et al. [70]. For
instance, consider the basic finite differencing (FD) algorithm. We begin by setting
up a space-time grid (for simplicity take it to be uniform with steps At and Az in
time and space respectively). On this grid we solve

o(z)?

we(t, z, 1) + p(2)u' (L, z, 1) + Z5=u" (t, z, 1) + i(x) = 0,

u(t, i) > max;(—C;; + u(t, z, 7)),

uw(T,x,i) =0,
by replacing derivatives with finite differences in the first equation and directly en-
forcing the barrier condition at each step. Using the standard properties of the

. . . N At—0,Az—0
infinitesimal generator Ly, u(0,z,i) ————

J(0,z,7). The free boundary can
be determined by keeping track of the index j in the max argument of the barrier
condition. An FD method is easy to implement but suffers several major drawbacks.
First, numerical stability often requires taking a large number of time steps. Sec-
ond, the method suffers from dimensionality problem: the size of the space grid is
exponential in number of dimensions d and generally speaking d > 3 is computation-
ally infeasible. Finally, the switching boundary will inevitably be jagged due to the
presence of a grid in the x-space. The last point can be alleviated with the use of an

adaptive grid. The method’s accuracy depends on the order of the approximation

used for the derivatives of u, which should be at least O(At + Ax?).
Markov Chain Approximation

The Markov chain approximation method pioneered by Kushner [52] consists in
replacing (X;) by a continuous time Markov chain (X;) with a finite state space
E. such that its transition probabilities (]St) are consistent with the dynamics of
(X;). The final implementation is similar to the PDE solver since the transition
probabilities are computed through the infinitesimal generator Lx of (X;) which

leads back to the finite differences approximations of the HJB equation.
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For notational simplicity we will work with a one-dimensional (X;). Take a
rectangular grid (x,,t,) = (2o + nAx, mAt), 0 <n < M*, 0 < m < M*. Thus our
finite base space is F = {z¢ +nAz} C E and appropriate boundary conditions will
also be required. Next we assume that in one time step A¢, X moves at most one
point in the grid, meaning that the transition probability of going from (x, mAt) to
(y, mAt + At), which we denote by P,,(z,y) is zero unless y € {z,z + Az, x — Ax}.

To solve for P,, we need consistency conditions which make the dynamics of (X;)

match the dynamics of (X;). If we match the first two moments, then

E[X (m+1)at] Xoar = x| —x = p(x)At  and

Var(X(m+1)At| X,Ar = r) = o?(x)At.
Next we must decide whether P, is given explicitly or implicitly. For example,
the upwind implicit version for computing the conditional expectation J By, m,i) =
E[J*(ty, X4y, 1) Xy, = 2] is:

At o%(z) At At

At1 4 . A )
L0 (@) oo + ()| 5| M) = | T2 5 + (@) 5| T (a4 A i)

A2 Ax
o*(xz) At _ o ALY 5 ; k '
[TA—xz + W <x)A_;L‘:|J (tl,QT—Al',Z) +J (tan7Z)a (423)

where z+ £ max(z,0) and = = — max(—=,0)). This can be formally re-written as

TH(mAL 2,i) = Pulw,y) - J*(mALy, i) + Pz, ) - J*((m + 1) At 2,1)
yekE
indicating the dynamic programming analogy. Solving such an implicit system only
involves inverting a tri-diagonal matrix. Thus the code is O(1/At) fast. After

A

J(mAt, xo + nAx, 1) is solved for, we simply mimic (4.1):

JE(mAt, 2o +nAw, i) = <jk(mAt, xo + nAz, i) + i (mAt, xo + nAa:)At)

v mgx(Jk_l(mAt, zo + nlz,j) — Cz',j>~
J#i

Like the PDE solver, this algorithm suffers from the curse of dimensionality and

is not robust to extensions. Nevertheless, in low dimensions it provides a reliable
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benchmark. We have implemented the basic explicit scheme for dimensions one

through three, and the implicit scheme in one dimension.
Quantization Method

A powerful non-Markovian version of the above method with an adaptive approxi-
mating grid is the so-called Quantization Scheme. The main motivation of quantiza-
tion is to find a small and efficient approximating grid in exchange for giving up the
Markov property and closed-form formulae for P,,. The latter is instead computed
via a Monte Carlo simulation. While this is likely to be slow, it can be done just
once off-line and stored for later calculations. The gain is increased robustness and
much better dimensional scaling.

To implement the quantization method we need two major ingredients: the state
spaces B = {E, Y™ and the transition matrices P = {P,,}. The location sites
E, ={z"},k=1,...,N,, called the quantization grids, should be a cloud of N,,
points optimal in the sense of approximating well the distribution of X,,o;. More
precisely, we want E[mink | Xmat — x’anﬂ to be small. The proper way to think
of the quantization grid is as a partition of £ C R? into cells. The cells are the
Voronoi tessellations {C*} such that C* £ {z € R%: ||z — 2% || = miny ||z — 2% ||}
is the set of all 2’s closest to z¥ . The transition matrices P,, are then required to
approximate closely the dynamics of (X;) between cells of the adjacent quantization

grids. Namely, we would like
Pm(l,j) ~ P X(m+1)At S Ogn_i_l‘ XmAt & C:n] .

Note that the quantized process X,a; = Sk Tk (Ximar) obtained by picking the
nearest neighbor on the quantization grid, is not Markov, so the above expression is
ill-defined and we really should be conditioning on the entire path of (X;). Algorith-
mically (E, ]5) is constructed by simulation. In particular, Bally et al. [5] propose

the Competitive Learning Vector Quantizer (CLVQ) algorithm for dynamically con-
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structing the grid. The basic concept is to simulate N paths (zf A, ¢ = 1,...,N)
of (X;) and at each stage to pick the ‘winner’ indices i,,(f) satisfying 2% ., € Cim.
Now we simply approximate with the empirical average

¢ . j
card |24, € Crns Tlmnyar € ol

P(i,j) = (4.24)

card |zt 5, € C4|

The CLVQ further improves by slightly adjusting the grid E,, given the simulated
paths in order to obtain the best possible (in-sample) quantizing grid. Bally et al. [5]

show that the resulting speed of convergence to the true Snell envelope in a standard

(At)1+d
Zm Nim

itself is O((Y,, Nyn)~Y4). They also show that there is a gain from using variable

optimal stopping problem is O( ), and the LP error of the quantization grid
grid sizes V,, with smaller grids towards ¢ = 0 and larger grids around ¢t = T.
Heuristically, a grid size of 500 — 1000 points is usually sufficient in dimension d < 3.
Figure 4.6 shows an optimal quantization grid for the 2-d exponential OU process
of Example 4.2 using 600 sites.

Once (E, P) is computed, we solve the optimal switching problem by formally
computing the pseudo-Snell envelopes of the non-Markov (X't) using the familiar

recursion (both sides are vectors now):

Jk(tla Etpi) = max<wi<tla Et1) At + ‘]k(t27 Etza Z) : Ptlla

masx{~Cli — j| + 77 (s, By, g)} ). (4.25)
JF1

The advantage of the quantization method is its robustness, since the entire
algorithm for constructing (X;) is Monte Carlo based. Moreover, the simulations
themselves are straightforward and can be parallelized. Once the grids and transi-
tions are computed, any control problem can be solved because the approximation
of (X?) is independent from the optimization step. Contrast this with the regression

method where the basis functions are customized to the payoff functions ;.
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Figure 4.6: Example of optimal quantization grid for Example 4.2. We use 600
points and the grid for standard 2-d Brownian motion from Gilles Pagés webpage
[63].

The difficulty with quantization is estimating P. When there are many cells,
each CF shrinks, causing the estimate in (4.24) to have high variance since both
the numerator and denominator are very small. Thus, one is forced to run a huge
number of simulations (often as many as 10°) to achieve an acceptable accuracy.
One solution, proposed by Mrad et al. [59]® is to treat C* as a single point and
to approximate the joint density in (4.24) by using Malliavin integration by parts.
The authors claim a great numerical improvement, but further analysis is needed to

understand when it is acceptable to replace the cell C¥ by a Dirac mass at z¥,.
Nonparametric regressions

The final alternative we discuss concerns directly our own method of discretizing the
Snell envelope. As we mentioned before, this approach reduces to computations of
conditional expectations. The latter can be obtained by several methods, includ-
ing Malliavin calculus [11], Monte Carlo simulations and regression. In particular,
among regression schemes we still have a choice between regression against basis

functions that we performed versus fully non-parametric regression. Choosing a

31 am grateful to Nizar Touzi for pointing out this reference to me.
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non-parametric regression relieves us of the concerns regarding selecting appropriate
basis functions and may produce smoother conditional distributions [64].

We have explored the simplest version of this approach, namely k-nearest neigh-
bors multivariate kernel regression. Given a set of simulated paths (zf ,,) like in

Section 4.1 and setting y/, ., £ J((m+1)At, wme)At, i) we approximate

k
T — E[J((m + 1)At7 X(m+1)At>i)| Xmatr = l'] by xant = Zwaiy1€1+l7
i=1

where «; are the k nearest neighbors of ¢ ,, € R? and

The kernel K: RY — R, is a smooth C* function which integrates to one and is

centered at zero. For instance, a classical choice is the Gaussian kernel,

1
2V 27rd

Thus, the regression is replaced by a local linear combination of the other paths’

o llall?/2.

K(x) =

values with the weights proportional to the distance. The use of nearest neighbors
is to reduce the curse of dimensionality. The simple kernel regression algorithm that
uses all points would have complexity O(N?). By contrast, the complexity of the
k-nearest neighbors version is O(N log N 4+ kN) since we need to compute N sums
of k terms, and to select those k terms we need to sort once the whole data set.
Hence taking k& ~ log N we only do O(N log N) work. In more than one dimension
selecting nearest k neighbors in O(N log N) time is challenging. A simple scheme is
to pick a variable number of neighbors instead. We first sort over one coordinate,
and then define an adaptive hypercube for the neighbors in the other coordinates.

Namely we fix parameters N; and D and for a given site z = (z1,...,14) € R? pick

Nbr(z) = {2°: |2} — 1| is among N; smallest values, \:cﬁ —zj| < Dforj=2,...,d}.
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The kernel estimator converges to the true conditional expectation with the speed
of O(N~%/2), however it is usually biased [19]. It is attractive due to its robustness,
since besides averaging no additional error is introduced. However, the two major
difficulties with the kernel method are selecting an appropriate bandwidth and the
computations around the edges. The bandwidth h controls the peakedness of the
weights around (z,y). Thus, as the bandwidth increases, more distant points carry
more weight and the estimate becomes more ‘global’. However, choosing A is heuristic
and may require a lot of trial-and-error. The other difficulty is when the regressed y*
is extreme. Consider, for example, the situation when y ., = max; y’, ;. Then all
the neighbors of (z£,4;, Y5, 1) have smaller y-values causing the estimate at 2,1, to
be necessarily underestimated. Observe that by contrast, the regression algorithm

does not have any inherent bias for extreme response values.

4.6 Benchmarking

As mentioned in introduction, we do not know of any papers that have solved a
switching problem on a finite horizon. Therefore, to verify our numerical results
we initially benchmarked our scheme in the easier American option setting. More
precisely, we adjusted our algorithms to solve the 2-dimensional American exchange
option that is discussed in Villeneuve and Zanette [68].

The reference problem is pricing the American put option paying out (K —

min (S, S2))* where (S?, S?) follow the two-dimensional Black-Scholes model
St =1log(1.05)dt + 0.3dW},

dS? = log(1.05) dt + 0.2 dW?

with d(W*' W?2), = 0.5dt. The option is at the money with K = S} = S = 40
and the maturity is 7" = 7/12, seven months. The reference value is 3.8958 from
(68, p. 147]. We recomputed this option value using our homegrown versions of

the Longstaff Schwartz (LS), Tsitsiklis van Roy (TvR), Kernel, Quantization and
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Markov Chain approximation (i.e. PDE FD) methods. The results are in Table 4.3.
All the regression methods used 400 time steps and 10000 paths. The PDE solver
used 20000 steps and a 400 x 400 grid in space. For the quantization method we used
N = 250,000 and grids with sizes up to N, = 600 taken from [63]. The variance was
obtained by running each algorithm 50 times and the timing is relative to a Pentium
4, 1.8GHz desktop.

On this simple problem all methods did very well. We see that the PDE solver
did the best, exactly reproducing the reference value. However, it was quite slow.
The second best was surprisingly the LS scheme. The kernel algorithm was quite
erratic and required a lot of finetuning. The quantization did not perform very well,
however we have not finetuned it at all and a smarter implementation should do
much better. Note that the given time of nearly seven hours is for computing all
the transition probabilities (P,,). However, once they are computed any optimal

stopping problem for (S!, S?) can be solved almost instantaneously.

Method Mean  Std. Dev  Time (m)
Explicit FD 3.8955 — 7.5
LS Regression 3.929 0.03 0.8
TvR Regression  4.213 0.02 0.8
Kernel 4.078 0.06 3.1
Quantization 4.025 0.01 400*

Table 4.3: Benchmark results for the two-dimensional American minimum put op-
tion. The quantization method time is for computing P. See comment in text.

We proceed to benchmark our computation of Example 4.2. We choose this case
because it is two-dimensional and has three regimes, which can be viewed as a generic
setting of our problem. Again, we repeat the results using all methods listed above.
In absence of third party reference value we assume that the PDE solver is the most
accurate since its error for this problem should be comparable to the error on the
American put which was negligible. This time the kernel method performed best,

however we believe this is just a lucky coincidence. The LS scheme did very well,
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though its variance was quite high. In contrast, the TvR scheme had smaller variance
but a very strong bias, confirming the superiority of the Longstaff-Schwartz approach.
The quantization performed acceptably and again a better implementation should
make it competitive.

Summarizing, in small dimensions (d < 3) the best algorithm is the PDE solver.
An industrial-strength implementation should be very fast and produce provably
accurate results. However, the PDE approach becomes infeasible as soon as d > 2,
as grid sizes approach 10° points. Thus, for scalability to high dimensional problems
the LS and Quantization schemes should be used. The choice between those depends
on the environment. If one is looking for a quick tool to solve optimal switching for
a variety of (X;), the LS scheme is best. On the other hand, if (X;) is fixed, the
quantization may be better as one has time to compute a superior approximation of

P and then use it to price any (X;)-tolling agreements within seconds.

Method Mean  Std. Dev  Time (m)
Explicit FD 5.931 — 25
LS Regression 5.903 0.165 1.46
TvR Regression  5.276 0.096 1.45
Kernel 5.916 0.074 3.8
Quantization 5.658 0.013 400*

Table 4.4: Benchmark results for Example 4.2. Computational settings are same as
for Table 4.3.

4.7 Comparison to Practitioner Methods

Let us briefly summarize the tools that have been used by practitioners to solve the
operational flexibility problem. Early on the standard approach was the classical net
present value theory. It used discounted cash flow analysis to estimate the value of
the asset based on projections of future prices and proper weighing and discounting of
possible cases. Uncertainty was essentially eliminated, as static scenarios were used

to forecast the future and select pre-determined optimal behavior. The opportunity
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of dynamically responding to prices was ignored and as a result the contracts were
consistently underpriced [26].

In late 1980s, the stochastic programming approach, also called Markov Decision
Processes (MDP) became popular. The terminology of MDP’s is rather different,
but in effect they are tree-based versions of the stochastic control formulation. The
problem is discretized in time and the path space of (X;) is broken into a finite
number of scenarios. Then the transition probabilities P(x,y; At) are estimated (by
simulation or analytical approximation) for each current outcome z and possible
transition scenario y. Finally, the problem is solved via dynamic programming that
corresponds to a lattice discretization of the QVI :

J(tl,l’,i) = mjax{_ci,j + Zﬂl<xay) ’ J(t27y7j)}'

Y

Like with American options, the MDP tree is simple to write down and intuitive
to understand. An example of explicit solution for a simple switching problem can
be found in [71]. However, if one must solve numerically then the computational
complexity explodes for long horizons with many optionalities.

With the advent of financial engineering, the new widely used method for pricing
tolling agreements is the strips of spark-spread options approach [38]. The motivation
is to reduce the problem to pricing standard financial options whose valuation is
well understood. Accordingly, the payoff from the power plant is represented as a
collection of European options that pay the maximum value to be obtained during
each period. Each such option is of the spark-spread variety with maturity 7,, =
mAt. If for simplicity we consider just two regimes ‘off’ and ‘on’, the overall value

of running the power plant is approximated by

Mt
V(O,ZC, At) :Ex |:Z WmAt(PmAt —H_R GmAt — K) . At], (Po,G()) = X. (426)

m=0

Above m,,a; is the exercise decision variable, equivalent to the policy u used in

the control framework. In the no-delay setting we allow the plant to be switched
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instantaneously, so that m; = 1p gFg.q,.x Producing the classical spread option.
With delay we require m; € F;_s to be predictable beforehand, so the option expires
before maturity.

Let us stress that the strip approximation introduces two major simplifications.
First, it ignores the time-dependency of the optimal policy and the hysteresis band
resulting from presence of switching costs. Second, it eliminates the time decay
due to finite-horizon features of the contract* . Nevertheless, the method remains
immensely popular. One reason is that for many processes (X;) (in particular the
conditionally Gaussian case) there are efficient closed form approximations to spread
options that are very fast to compute and provide good bounds not just on the price
but also on the sensitivities [15]. As a result, the general intuition that practitioners
have built up for dealing with vanilla options can be directly transferred.

For direct comparison of the two valuations, the major obstacle is the switching
cost C; ;. Indeed, as the next proposition shows, without switching costs the two

approaches are equivalent.

Lemma 4. Let C' = sup,; C;;. In the limit of vanishing switching costs C' — 0
the discretized value function J(0,x,1) of optimal switching converges to the value

function V(0,x) coming from the spark spread approximation.

Proof. Fix a time step At and current time t; = mAt. For simplicity we work
without delay and with K = 0, in which case

M
V(mAt,z) =E [Z(PjAt — HR - Gja)" - At} Xmat = x} :

j=m

4To account for some of the operational constraints other variants have also been considered,
for instance swing options [17] that limit the total number of exercises.
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Clearly, V (t;,x) is the maximum value that one can extract from the plant since
there are no operational constraints, so trivially V(¢;,z) > J(t1,z,47). By a basic

conditioning,
Vit z) = E[V(ts, X)) Xy, = 2] + (P, — HR- Gy,) " -At. (4.27)

On the other hand, for any x there exists mode 7 such that ¢;(z) = (P, —HR-Gy,)*.

For this mode 1,
J(tr,,1) = E[J(ts, X127, 4)| Xy, = 2] + ¢i(2)At,
and combining with (4.27),
| J(t1,2,0) — V(ty, z)| S E[|J(t2, X7, 1) — V(ta, X0 | X, = 2]
Now we use the fact that |J(¢,z,i) — J(t,z,j)| < C to get

sSup Imnax |J(t1,]}72) - V(thx)‘ <C+ Sup Inax |J(t2,$,l) - V(t275(7>|

Inducting on t;, we get sup, sup, |J(t,2,i) — V(¢,z)] < M* - C and taking the limit

C — 0 we are done. O]

Returning to the case when C; ;’s are significant, we observe that with the strip of
options approach C; ; does not enter into the decision process so that many exercises
are made to capture relatively small gains. One solution to correct for this could be
to increase the strike price of the option to include the switching cost. However, this
still ignores the time-series properties of running the plant which form a significant
component of the total price. Indeed, once we switch ‘on’, there is a high probability
of being in-the-money in the next time period as well. A better fix is first to compute
the unadjusted V (¢, x) and then estimate the corresponding number of switches. For
instance, assume that we switch off immediately after reaching zero profitability, and

switch on as soon as the spread is at least P, — HR-G; > a for some threshold a > 0.
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Ideally a is equal to the true switching boundary, but any rough estimate would do.
Then the approximate number of switches is equal to the number of downcrossings
by P, — HR - G; over the interval [a,0]. Each downcrossing corresponds to an ‘on-
off” control and therefore costs Cy; + Ci that we subtract from V (¢, x). In reality
profitable paths will remain in-the-money for a long time and therefore will have
few downcrossings, while the paths with many downcrossings will always stay close
to at-the-money and therefore would not be worthwhile to exercise. In this light,
the adjusted strip estimate is a lower bound, since it will overestimate the switching
costs.

For a one-dimensional Orstein-Uhlenbeck process, the distribution of downcross-
ings may be analytically computed. Using the explicit formula for Laplace transform

of a hitting time we have [39]

Tgo \/7/ 1+ erf(t/v/2)) - e /2 dt,

al{i>oy 5 o o
Var[Tgo"] = v 27r/ / / (14 erf(r/v/2)) - " T=9/2 dr ds dt,

where T(fflw” is the time for a standard OU process to complete one downcrossing
across (a,0). For the range of interest this shows that the expected number of
downcrossings is O(a=%/?). To illustrate, consider Example 4.1 with switching cost
of C'=1. The optimal value for the stochastic control model comes out to be about
J(0,10, off) = 4.23. On the other hand, the expected profit from a strip of spread
options is V(0,10) = 7.65. Using as our guide the exercise boundary in Figure 4.3,
a downcrossing interval of [10, 11] yields 1.93 switches on average for a final profit of
3.8, which is within 10% of the true value. In more general situations, the number

of downcrossings can be estimated by a simple Monte Carlo simulation.

Remark 3. Analysis of downcrossings of (X;) can also shed light on the error between
J* and the true value function J. Indeed, the probability that more than k switches

are needed for optimal strategy can be bounded from above by some conservative
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estimate on the number of ‘profitable switching opportunities’ which are closely
related to (X;) crossing the switching boundaries. Of course the true switching

boundary is unknown but we can get a good estimate from the boundaries of J*.

4.8 Simulating Mean-Reverting Processes

All the numerical algorithms described in this chapter require simulation of (X;) so
let us address this issue briefly. We first concentrate on the ‘classical’ setup from
(3.4), where the pair of price processes (G, P,) follow a two-dimensional exponential

Ornstein Uhlenbeck process. For convenience we will work with their logarithms

(P,,G,) = (log P,,1log G,) which therefore satisfy

dP, = k,(0, — P,) dt + o, dW},

dét = lig(ég - Gt) dt + Og th27

with d(W', W?), = pdt and 0; = 6; — 2‘75 Recall that given an initial condition
(9o, po), the process is Gaussian and the conditional mean and covariance of (P, G;)

are explicitly given by [15]

E[Pt\ P, Gy = ép 1+ e rwl(t—s) (log Ps — ép),
(1—

B ) ef2np(tfs)) o _
Var[F| P, G| = o, P similarly for G,
p
1 —exp(— (kg + Kp)(t — 5))

]E[Pt -Gy PS,GS] = po,0y, P
g T Kp

This implies that (P;, G;) are conditionally log-normal and the process can be simu-
lated ezxactly, eliminating SDE discretization error when computing X,,,o;. Note that
the explicit formulae pertain even when the mean reversion level is time-dependent,
e.g. 0, =0,(t). In this case,

2

t o
B[P = [ e 00, (s) — 32 ds + e log B
0 P

with same variance as before.
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Mean Reversion with Jumps

We can also easily incorporate Poisson jumps with deterministic intensity in either
P, or GG;. This means that the SDE for, say, P, has an extra term d/N;, where NV, is a
Poisson process with intensity A, cf. Example 4.3. To simulate P, a; given P, first
simulate the number of jumps on [t,t + At]. Then conditional on Ny a; — IV, the
times of the jumps are uniformly distributed with respect to the cumulative intensity
process. It remains to simulate the size of each jump (which are assumed to be i.i.d.)
and let the process follow the Gaussian OU dynamics between jump times.

On a practical level the problem is that to achieve the large spikes prevalent in
observed power prices the mean-reversion parameter has to be very large. Usually the
resulting estimates of x, are unacceptably large, killing off any volatility besides the
jumps. One solution [50], is to use an additive two-factor model for P, = Py, + Pyy,
with one factor P;; an OU diffusion as before, and a second mean-reverting jump
factor P4 driven entirely by a Poisson process which is responsible for the jumps.
The attractive feature of such a model is that one can still simulate exactly and
moreover derive closed-form formulae for vanilla options. For further details about

modeling spot prices of commodities we refer to [16] and the references therein.



Chapter 5

(Generalizations

5.1 Gas Storage

As opposed to purely financial obligations like stocks and bonds, commodities re-
quire physical storage and consequently often exhibit seasonal price patterns. This
is especially noticeable in energy fuel commodities whose consumption is highly cor-
related with weather. The principal example is natural gas that is used by many
households in North America for heating during the winter. Thus, natural gas de-
mand has a pronounced spike in the cold season. On the other hand, natural gas
supply, obtained by extracting gas from gas fields and moving it through the pipeline
system closer to the end users, is relatively stable. To accommodate the higher win-
ter demand there are all sorts of storage facilities, like salt domes, depleted gas fields
and aquifers that allow for gas to be kept in an easily accessible manner.

Given that short term gas prices are highly volatile and unpredictable, storage
also provides a tool for financial speculation. In particular, salt domes have high
deliverability rate that allows to make speculative bets on intertemporal spreads in
gas prices. As documented by de Jong and Walet [25], “in the liberalisation process,
natural gas storage is unbundled, ... offered as a distinct, separately charged service.

... Buyers and sellers of natural gas have the possibility to use storage capacity to take

30
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advantages of the volatility in prices”. The basic idea is to rent a storage facility and
then to ‘buy low’ and ‘sell high’, such that the realized profit covers the intermediate
storage and rental costs. This is in close parallel to power plant tolling discussed in
the first half of this dissertation. Continuing the analogy, it is now natural to ask
what is the financial value of such a rent contract. Observe that the time structure
and seasonality of prices becomes crucial. As a stylized example, if average gas prices
are $4 per Btu in July and $8 in January, while monthly storage costs are 50c cents,
then one can realize a sure profit of $1 by buying gas in July, forward selling it in
January and storing in between. Such transactions do take place, but they should
be seen as monetizing the economic rent of the storage facility rather than arbitrage.
Indeed, the total amount of storage is limited and the owner has to invest very large
amount of capital and time to build the facility in the first place. We are more
interested instead in dynamic trading that responds to short-term fluctuations. For
us a gas storage facility acts like a straddle on gas prices, making the agent long
volatility. Thus, in this presentation we will ignore the forward curve dynamics and
focus on the ‘real option’ component of storing gas which derives value from the
timing optionality.

To construct a tractable mathematical model we assume that the storage facility
operates as follows. First, gas is transferred in and out by means of a pipeline which
has limited capacity, implying that the transfer rate is fixed by the operational
characteristics. For simplicity, assume that we have a single feasible injection rate
a;, and a single withdrawal rate a,,; in units of MMB¢tu per time unit. Furthermore,
assume we have a constant storage rate b for storing one MMBtu for one time period.
Finally, assume that changing the operating regime of the facility is costly and costs
C per switch. This cost represents both the effort—one must dispatch workers,
coordinate with the outgoing pipeline, stop/start the decompressors, etc.—and the

time needed to change the operating mode. In practice, storage is subject to many
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other operational constraints. These include upper and lower bounds on inventory;,
injection and withdrawal constraints, seepage costs, etc. All these may be time- and
inventory level-dependent, but for now we simply ignore them.

For gas prices we mainly refer to near-month forwards that are by far the most
liquid contract on the market, however overall we remain agnostic about the inter-
pretation of the price process. In any case, letting GG; denote the current gas price
and I; the current inventory in storage, the facility can then be in three possible

regimes i € {—1,0, 1} with corresponding payoff rates given by

Inject: ¢—1(Gta ]t) = _Gt * Aip, — bIt, dIt = Ujn dt7
Store: wO(Gt, [t) = —b It) dIt = O, (51)
Withdraw: wl(th It) = +Gt Aoyt — bIt, dIt = —Qout dt.

The facility operator would then like to maximize the net profit given that changing
regimes and storage are costly:

T T
/zpus(Gs,Is)ds—C’/ |duls

t t

J(t,g,c,1) L sup E
uel (t)

Gt:g,[t:C,Ut:i . (52)

The contract normally specifies that the facility should be returned with the same
inventory Ij as in the beginning. Various buy-back provisions are employed to enforce
violations of this constraint at the end of the storage period. A possible terminal
condition is J(T, g, I, i;1y) = —C - g|Ir — Iy|, making the penalty proportional to
the absolute difference with stipulated inventory times the terminal gas price. One
will often also require a specific final mode of the facility, say ur = 0.

The control problem (5.2) is somewhat different because now the dynamics of
(X:), namely the inventory I, is affected by the control. Nevertheless, we can

reuse the same methodology as in Section 3.3. Define the recursive value functions
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JE(t,g,c,i) to denote the optimal expected profit to be had starting at time ¢ with
Gy = g, I; = ¢ while in state u; = ¢ and having k£ = 0,1, ... switches left:

JE(t, g,c,i) = sup E /@DZ (G, Iy)

TES
s max{~Ciy + S G L)} G = 9. =] (5.3)
JF1
Similar to (3.10), we see that the optimal switching times 7* should be defined by
e = inf{s >0 JM(s, Gy, I i) = mgx(—Civj + JF (s, G, ]S,j))} ANT. (5.4)
Ve
Let us point out that the inventory process (I;) is degenerate in the sense that it
can be deterministically computed from knowledge of initial inventory level I, and
switching policy u. In particular, in our model if there are no switches on [¢,7), I,
is a linear function of I; and (7 — t). For instance, if the initial regime is ‘inject’ we
can re-write equation (5.3) as
T (t—t)
JE(t, g, c,—1) = supE[—/ i, - Ggds + mgx{ —Ci;—b / (c+ ap,-s)ds
t J7 0

TES:

+ I (7, Gy ot ainlT = 1).5) }| Gi = g].
with no mention of I; at all. This feature will have important implications for the
numerical implementation below.

The PDE approach has also been explored for gas storage by deriving the QVI
satisfied by the value function [2]. In our case, the basic QVI is

¢(t g,¢, Z) ij( Ci,j + (b(t)g?C?j))a (55)

at¢(t7 g,¢, Z) + £G¢(t7 g, ¢, Z) —a 8[¢(t7 9,6 Z) + (a’i g— b- C) < 0.
The system can now be solved using, for instance, the FD method. Observe that
even in the simplest case when (G¢) is one-dimensional, the PDE is two-dimensional

in space, making it quite slow.
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5.1.1 Backward Recursion For Inventory Level

The difficulty with solving (5.2) by the usual backward dynamic programming algo-
rithm is that at time ¢ we do not know the optimal current inventory I;. Indeed,
starting with Iy, I depends on the past path of (G;) and the optimal strategy u*
on [0,t]. Both are unknown from the point of view of the backward recursion. To
overcome this problem, we simply discretize the I-space and keep Longstaff-Schwartz
regressions in the G-dimension. In this modified algorithm suppose that we know
J*(ta, gy, ¢, i) along the paths (¢°))"; for any inventory level ¢. Now fix the current
inventory level ¢ and regress all the conditional expectations to derive an estimate

for J*(t1, g;,, ¢, ) in the same way as in Section 4.2:

Tt gty 000) = (BTt 0+ aist, )] (gf,) + i(gh, )AL

V max(—Ci,j + Jk_l(tla gfla Eaj)) . (56)

J#i
It remains to obtain a full map ¢ — J*(¢y, gfl,c, i). To do so, vary ¢ by using a grid
of N¢ values {c;: ¢; = ¢op + jAc} and then interpolate. In principle, for a fixed At
we can even construct a full grid in the I-dimension and solve the problem exactly.
Indeed, if we are in regime ¢ then in one time step At, the inventory changes by

a; - At and so if we take
Ac € {x: In; e Ns.t. - n; = a; - At Vi}

then inventory adjustments in all regimes result in an integral number of jumps on
the inventory grid and no interpolation is needed.

The above approach (with or without interpolation) is very time intensive since
we now run a separate regression for each inventory c;, regime 7, number of switches
k and time step mAt. Moreover, we are no longer able to employ the true Longstaff-
Schwartz scheme of approximating the switching times. Because we only have values

for J* at the grid points (mAt, g, ,, ¢j), we must store the conditional expectations
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at every time step. Nevertheless, the algorithm is quite robust and is the simplest
way of dealing with inventory level parameters.

To maintain numerical efficiency it is desirable to eliminate the fixed discretiza-
tion in the I-space that resembles the classical lattice schemes with their bad di-
mensional scaling. Accordingly, we propose the following modification that instead
uses pathwise inventory levels (I 1,). This allows us to do a joint (G, I)-regression
and keep all the features of LS scheme. The idea is to generate for each path
and time point (¢, mAt) a random inventory level I .,. Then the expected future
profit conditional on I¢ ., and g% ., is obtained by a double regression in (5.6) of

future values J((m + 1)At, gf

)AL 1 fm )AL i) against the Markovian current state

(g8 ais I5A:)Y,. The extra randomization in (I;) allows us to reduce computations
by leveraging the information from other paths. From another angle, the grids for
current I,,n; are now random and we use a global regression (rather than local in-
terpolation) to perform the backward recursion. To perform the 2-d regression it
is likely that a large number of basis functions is needed (about 10 — 15 in our
experience) which in turn means that a large number of simulations is necessary.
Nevertheless, the scheme still handily beats the interpolation method. Furthermore,
viewing [; as a generic history variable we suggest that this idea can be applied to

carry out the dynamic programming algorithm for any past-dependent setting.

Example 5.1. For a numerical illustration we consider a facility with a total capacity
of 8 MMBtu rented out for one year. The price process is taken from the data of

[25],

dlog Gy = 17.1(log 3 — log G;) dt + 1.33 dW,.
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Observe the very fast mean-reversion of the prices, with a half-life of 20 days. The
initial inventory is 4 MMBtu and the terminal condition is J(T, g,¢,i) = —2-g- (4 —

¢)*. The other parameters in (5.1) are

aim = 0.06-252, b=0.1,
ou = 0.25 - 252, C = 0.25.

We solve this toy storage problem using three different solvers: an explicit finite-
difference PDE solver discretizing (5.5), a mixed interpolation-regression scheme and
a pure 2-d regression scheme. The results are summarized in Table 5.1. We do not
have an intuition which method is the most accurate, but it is reassuring to see all
three values within 2.5% of each other. Let us also point out the long times required
to run each method indicating the computational challenges involved. In this light,
the 45% time savings obtained by the (G, I)-regression scheme become crucial from

a practical point of view.

Method Mean  Std. Dev  Time (m)
Explicit FD 6.95 — 55
LS interp 7.11 0.021 47
LS 2-d regression  7.04 0.038 32

Table 5.1: Comparison of numerical results for Example 5.1. The PDE solver used a
400 x 400 grid and 10000 time steps. The interpolation scheme used 400 time steps,
10000 paths and 80 grid points in the I-dimension. The 2-d regression used 400 time
steps and 40000 paths. Standard deviations were obtained by running the Monte
Carlo methods 50 times.

Figure 5.1 shows the value function J(¢, g, ¢, ) as a function of current price and
inventory for an intermediate time ¢ = 0.5 and mode ‘store’. Not surprisingly, higher
inventory increases the value function since one has the opportunity to simply sell
the excess gas on the market. In the G;-direction we observe a parabolic shape with
a minimum around G; = 3. This suggests that deviations of G; from its mean imply

higher future profits, confirming our intuition about storage acting as a straddle.
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Figure 5.1: Value function surface for Example 5.1 showing J(0.5, g, ¢, ‘store*; T = 1)
as a function of current gas price G; = g and current inventory [; = c.

5.2 Hedging Supply Guarantees

The model developed in the previous section can be used as a foundation for ana-
lyzing the problem of hedging firm supply contracts which are common in the power
industry. The basic setup postulates that an energy merchant signs a fixed price
contract guaranteeing delivery of power to a utility during a specified period. The
merchant owns a power plant that will generate this power. However, there are
two major issues. First, the power plant will require gas that must be obtained
in advance. Supposing the merchant also owns a gas storage facility, he can begin
buying gas early in order to lock in lower prices during the off-season. Second, the
final amount of power demanded Ly is stochastic and will only be determined at
maturity. It will depend on a variety of factors, such as weather, market prices,
state of economy, etc. Given the uncertainty of the demand and the flexibility of gas
storage, the task of the supplier is to build up a gas inventory to match the terminal

demand at the lowest total cost. For simplicity, we assume that the conversion of
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gas to power is deterministic so that we can restrict our attention to just the gas
market. Mathematically, the agent therefore needs to hedge the amount Ly of gas
by buying, selling and storing gas on [0, 7] with minimum cost.

To solve the problem we need to specify the joint dynamics of gas prices (G¢) and
expected demand load L; = E[Ly| F]. We assume that the demand can be described
by an observed stochastic process (L;), so that Ly is not a separate random variable
but a point on a path of (L;). One reasonable model is to take the demand to be a

mean-reverting process with a time-dependent level. Hence,
dL; = kp(0F — L,) dt 4 o dW?. (5.7)

The mean-reverting level 0F can be used to model the seasonal power demand with
higher consumption in the peak seasons. We will continue to assume that the gas
prices (Gy) follow an exponential OU process, cf. (3.4), correlated with (L;). Let
us also note that under (5.7) the conditional expectation L, is a martingale with

exponentially decaying volatility,
dL, = ope " tT=DgW2,

Regarding the penalty for not having the correct inventory of gas at final date T,
we model it as C - Gr(Ly — cr)™. The latter term represents the cost of buying the
remaining gas on the market with a premium C (e.g. C' = 1.5), and with no option of
selling the surplus. Defining the value function as J(t, g,c,1,1), X; = (Gy, Iy, Ly, uy)
we have a modified gas storage problem given by

J(t,g,¢,1,17) 3 sup E/wussGs,[ )ds — C

ueU(t

g,C,l7Z)] (58)
J(T,g,c,l,i)=—-C-g-(1—c)F,

and with the regimes 1; as in (5.1).
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Ezxample 5.2. To illustrate the results we re-use the gas storage example 5.1 from

the previous section. We assume that
dL; =2-(4-(0.9+0.1cos(4nt)) — L;) dt + o dW?, d(WH W?), = —0.8dt,

so that the mean expected load is 4 MMBtu or half the facility capacity of 8 MMBtu.
The negative correlation between W?' and W? indicates that the demand declines
as gas price increases. The fluctuation in the mean level of L; models the bi-yearly
seasonality of demand. Since the average gas price is three dollars per Btu, without
the storage facility the agent will need to pay about $12 million plus hedging costs.
The agent receives the facility empty, so that with the given injection rate it will
take 96 days to inject four MMBtu. The switching costs are set to be pretty high at
0.25 million dollars.

Table 5.2 summarizes the expected costs as we vary the amount of time available
and the volatility o7, of the load. We see that as the amount of time increases, the
cost declines and in fact with a horizon of one year the agent has plenty of time
to engage in speculative storage trading on top of hedging the demand. We also
see that as expected, more volatile load costs more since the agent is unsure till
the very end how much would be needed and hence will try to superhedge to avoid
the penalty of not having enough. Even if the difference of about 0.1 is small, the
relative difference compared to the savings from the storage facility (e.g. about two

million over six months) is financially significant.

5.3 Exhaustible Resources

Besides valuing energy tolling agreements, our model is closely related to manage-
ment of exhaustible resources. In the latter, the firm owns a natural resource, such
as a mine or oilfield that it would like to optimally extract. The resource is subject
to fluctuating price levels and the firm can stop and restart extraction. On infinite

horizon, exhaustible resources have been studied in a classic paper by Brennan and
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Maturity =~ Demand Vol. Demand Vol. Demand Vol.

in Months or, =0.2 o, =04 or, = 0.8
3 12.17 12.19 12.25
6 9.99 10.01 10.08
9 7.53 7.55 7.64
12 5.23 5.25 5.33

Table 5.2: Price of power supply guarantee in millions of USD for Example 5.2. We
use the LS interpolation scheme with 8000 paths and a grid of 50 inventory values.

Schwartz [13]. However, for realistic financial planning the horizon should be finite.
Indeed, many development licenses have finite lifetimes and the operating company
must extract as much as possible by the deadline. For instance, a mining company
may have only a 20-year lease on the mine site after which it will have to obtain a
new license from the government.

Such resource management is easily convertible into our recursive optimal stop-
ping framework. For simplicity (a standard assumption in the literature), we assume
that the mine can be operated in a discrete number of regimes with production rates
a;. Letting I, denote the current level of resources left (hence I, is a non-increasing
process), the model becomes a direct analogue of gas storage. Again, I; is a degener-
ate state variable that depends on past history and whose dynamics can be directly
extracted from the choice of managerial policy. Given initial (known) total inventory

of ¢ the objective is

J(t,x,c i) —SupE /wz s, Xy)ds + J(1, X, I;,§) = Cij| Xe =, I, =c| (5.9)
where I, = ¢—a;(7 —t). Resource depletion is modeled with the boundary condition
J(t,x,0,i) = 0.

Ezample 5.3. For comparison we take up the example of mine management in [13].
Consider a copper mine with finite inventory of 15 years worth of production. The

mine can be either operated at a fixed rate or kept idle. The price process (X;)
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follows a geometric Brownian motion and the payoff rates in annualized millions of

dollars (considering taxes and real estate) are

(

Yo(Xy) = — Ko,
wl(Xt) :q (Xt—K) —05(] (Xt—K)+,
dXt = ILLXt dt + O'Xt th,

| 4=10.K =05, Ko = 0.5, = 0.01,0% = 0.08.

Finally, the switching cost is C' = 0.2, the discount rate is » = 4% and the mine may

be abandoned, putting a local lower bound of zero on the value of a closed mine.
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Figure 5.2: Comparison of different pricing methods for the copper mine example of
Brennan and Schwartz [13], varying the initial copper price Xy. In [13] only the values
Xo = 0.1-k were reported, while we computed on a finer grid Xy = 0.05-k. The PDE
solver used a 400 x 300 grid and 10000 time steps. The mixed regression-interpolation
scheme labeled (RMC) used 600 time steps, 10000 paths and 75 gridpoints in the

I-direction.

We solve this problem assuming a finite horizon of 99 years that is standard for
mine exploitation licenses. We use the mixed regression plus /-interpolation scheme

and a FD PDE solver as a double check to make sure we can recover the reference
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values. The PDE solver uses finite differences to solve the QVI which for this problem
is given by [13, p. 343]

Jtl + %02:152%190 + /ch; — qul +q(r — K)—05¢(x — K)T — rJt =0,
JP + 30202 J0, + paJ? — Ko —rJ° =0,
J(t,2,¢,0) >0 and |J'—JY<C.

The results are compared to those reported by Brennan and Schwartz [13] and
summarized in Figure 5.2. As we see all three solvers are consistent with each other.
Our regression solver has errors of less than 2% everywhere and is an order faster

than the PDE method, already showing significant savings for this toy example.

5.4 Incorporating Other Features

As we have admitted all along, the models presented have been simplifications. Let us
discuss which features one might want to add for a realistic implementation. First of
all, energy prices are observed to be spiky and time-dependent. As mentioned before,
upward jumps can be added easily since the Snell envelope will remain continuous
and thus the value function stays smooth. In principle, smoothness is not necessary,
however the projected conditional expectations will have difficulty approximating
non-smooth functions. Similarly, time-dependent coefficients are straightforward to
incorporate, as long as we have a method for simulating the forward (X;) paths. In
special cases one can even obtain closed-form results, cf. Section 4.8. Clearly, any
agent wishing to price an (X;)-derivative should already have handy some scheme
for such simulations. Switching costs and reward rates are also likely to be time-
inhomogenous and C;; might depend on the current (X;). Again, as long as the
barrier is continuous, this does not affect the qualitative properties of the model.
Some problems may have an abandonment feature. For example, in the ex-
haustible resources problem, the mine operator had the option of complete abandon-

ment, shutting down all operations and exiting the business. This provided insurance
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against negative cash flows if the commodity price dropped really low. Besides [13],
an infinite horizon problem with such abandonment option was considered by Zer-
vos [72]. In our framework, the implementation is simple. We can directly impose a
constraint of the form J*(mAt, z,i) > Ab(mAt, z,i) during dynamic programming,
where Ab(t, x, 1) represents the total value from abandoning at time ¢ and state (x, 7).
In the setting of tolling agreements a crucial feature is outages. Sometimes the
plant experiences a malfunction and must be shut down for maintenance. Outages
are critical in practice and are responsible for many of the electricity price spikes.
They make the operator more risk averse since the benefit of being in an ‘on’ state
is reduced. In general, outages can be broken down into planned and un-planned
ones. The planned outages are usually for routine maintenance and can be seen as
part of the operational characteristics of the plant. Since they are deterministic,
we will ignore them here and concentrate on unplanned emergencies. For simplicity
we assume that the latter are completely unpredictable and occur independently
with a constant intensity rate \. Letting T}, represent the random time of the k-th
emergency, we have P[T}, > s + Tj_1] = e . Hence, the times between outages
have exponential distribution, and we obtain the same framework as for exponential
maturity randomization, cf. (3.15). The recursive construction (3.7) becomes

JE(t, 2,4) = supE[/ e A=) (¢z‘(8,Xs) + AJ" (s, X, 0) — Ci,O)) ds
¢

TES

+e AT max(Jk_l(T, X 7) — C’i,j) ‘Xt = x] :

J#i

where the first term represents the probability of an outage and a forced switch to
mode ‘off” before 7. Numerically, outages are very simple to implement in discrete
time. The benefit of no switch at instant ¢ is simply changed to E[(1 — AA#)J*(t +
At Xpyan 1) + AMEHTHE + At Xyran 0) — Cio)| Fo] + vi(t, Xi)At. Related work
has been done by Wang [69].
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Finally, let us mention some features that are not easily implementable in our
framework. First and foremost these include ‘memory’ properties of operating a plant
that destroy the Markov property of (X;). For instance, in practice the heat rate
is a function of the time the plant has been in operation. The plant is less efficient
when just started and when running for a long time. Similarly, rapid ramping-up
increases the heat rate, meaning that (s, X;) also depends on the last regime used.
Secondly, in reality the plant operator is not a price taker and hence the chosen
strategy v will in fact influence the price. If this influence has long-term effects our
framework breaks down. We are no longer able to simulate (X;) by itself, since it
is now affected by the choice of strategy. Lastly, the already mentioned operational
delay features will be hard to implement if we allow the operator to cancel and/or

change her mind during the transition period.

5.5 Utility Maximization

So far our optimization problem has been linear in the sense that we were simply
optimizing the expected profit. In practice, the agent is likely to be risk-averse and
would wish to smooth her realized profits. Here we talk about total realized profits
on the entire horizon [0, 7], which we recall for a given strategy u were labeled as
H(x,i,[0,T];u). Indeed, the agent should care not only about the expected value
of H(z,i,[0,T];u) but also about its riskiness. This suggests we impose a global
utility function U to measure the risk-adjusted value of the stochastic cumulative
payoff H(zx,i,[0,T];u). We think of U as penalizing variance, so that the agent is
more risk-averse in her managing policy. She will be willing to forgo some profitable
opportunities when they are highly uncertain in order to smooth out total profit
flows. Moreover, this behavior will be a function of her past realized profit.

Our previous setup consisted in optimization of expected profit under the risk-

neutral measure. Alternatively, we could reinterpret it as optimization under the
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historical measure with a so-called differential or local utility, which can model risk
preferences about the local cash flows. Formally, let P be the historical measure and
take ¥;(t, X;) = U(t, ¢i(t, X;)) where ¢;(t, X;) is the nominal cash flow in regime i and
U is a concave utility functional. For instance, we might take ¢;(t, X;) = 10(X; —10)
and U(t,z) = e”™7% 4 > 0 to model a differential constant relative risk aversion.
The advantage of differential utility was linearity. Indeed, the optimal policy on
[t, T] was independent of the realized profits on [0, ¢]. This time additivity made the
optimal policy a function of the current (X;) only. With global utility U, this is
no longer the case. Let (w}') denote the cumulative wealth process resulting from
using strategy w. This will slightly differ from H(x,1, 0, t];u) since we now allow
investment in a risk-free bank account earning interest r. Hence, the (w}') process
has deterministic dynamics

dwy = (rwy + 1y, (£, Xt)) dt no switch,
(5.10)

w = w,— — C(Ur—,u,) switch at 7.

If there are no switches on [t, 7) we obtain

wy = (wff +/ e_’”(s_t)%s(S,Xs)dS)eT(T_t) =Ty +/ e TNy, (s, X,) ds.
¢ t

The new control problem can now be stated as

J(t,z,w,1) = sup E[U(w%)‘ Xi=x,w = w,uy = z},
u€U(t) (5.11)

J(T,z,w,i) = U(w).
Applying the dynamic programming principle to (5.11) and letting 7 denote the first
switching time we obtain

J(t,x,w,i) = sup E[J(T, X5 e, ) Xy = 2w = w, up = i},
TESE, J

with w, = e T Dy + / e’”(f‘%i(s, X" ds — Cij-
¢
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Superficially, solving (5.11) is much harder because (wj') is backward-looking, in
particular depending on the history of chosen policy u. However, thanks to the
degenerate dynamics of (wj') we once again can accommodate it numerically in the
same manner we incorporate current inventory levels in the gas storage problem.
Therefore the whole discussion in Section 5.1.1 is applicable.

The special case where there are no switching costs and U(w) = e~ is called risk
sensitive control and is related to BSDE’s. As shown by El Karoui and Hamadene
[33], the general stochastic control problem

T
J(0,z0,up) = iléBE[exp(—’y/o (s, X, us) ds)‘ Xo = x} (5.12)

can be associated with a quadratic BSDE. Namely, J(0, zo, up; u) = exp(Yy") where

X 2
_dy = (Ztgng Ot X, ) + %thF) dt — Z,dW,, Yy = 0.

Note that u, is now allowed to take a continuum of values. Maximizing J(0, zo, ug; u)
is therefore equivalent to maximizing Y;* which in turn can be done by taking the
infimum in the drift term above due to the comparison theorem for BSDE’s. As
a result, one obtains a closed-form expression for the optimal u; and a numerical
scheme similar to those discussed in this dissertation could be used to compute
the corresponding Y*". It would be interesting to extend this relation further and

incorporate switching costs.

5.6 Risk Management and Hedging

The previous section is a first step towards a systematic method of risk management
in the presence of managerial flexibility. Consider the trading arm of an energy mer-
chant that owns complex portfolios consisting both of standard financial instruments
(European options, futures, etc.) and physical assets with a controllable dispatch
policy. Facing this set of derivatives two main issues arise: how to optimally manage

the assets given the rest of the portfolio? And how to set up hedges for the assets
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using liquid instruments? Both of these fundamental questions hinge on creating a
tractable and consistent method of assigning risk to a general energy portfolio.

To formalize, envision a portfolio of derivatives on an underlying (X;). We as-
sociate to this portfolio a wealth process w which counts the cumulative cash flows
on [0,7]. For example, if the portfolio just contains a European option paying out
#(X7) and the initial endowment is zero, then w, = Ly (t) - #(X;). Abstractly, a
wealth process is any adapted, (R} x €, Br, ® F;) measurable, square-integrable
stochastic process. Let us stress that w is cumulative, rather than representing raw
cash flows. The financial value of the wealth process w from a standpoint of view
at time ¢ is measured by a utility functional p(w). To conform to general notions of
risk we would like that p be a convex utility functional as defined by Artzner et al.
[3]. The canonical example is p(w) = infgeg E@[wr], and the precise requirements
will be given below.

Suppose now that the agent’s portfolio contains a ‘vanilla’ portion with wealth
process w, as well as a tolling agreement Toll. Then for any fixed strategy u, we
now have an associated value of the entire position given by p(w + T'([0,T];u)),
where T'([0, T]; u) is the corresponding cash flow process from the tolling agreement
on [0, 7]. When we wish to emphasize the initial state, we will write T'(x, 1, [¢, T]; u).

The latter is defined in analogy with the notation for cumulative profit from (2.2),
T(w,i,0,T)s u)(t,w) = H(w, i, [0, 1]; u)(w). (5.13)

By assumption, the risk preferences p have been given to us a priori and the definition
of ‘best’ policy u should take them into account. Accordingly we claim that the
appropriate control problem to solve now is
J(0,z,w,i; w) = supp(w +T(x,1,[0,T); u)) given Xo=2x,wo=w. (5.14)
uelU
Thus, J(0,z,w,i; w) measures the total value to be extracted from the tolling con-

tract and the portfolio w on the time interval [0, 7] given initial state. The optimal



98

switching problem (5.14) also answers the first question we posed—how to value a
general portfolio.

To answer the hedging question we must pass to the dynamic paradigm. Thus,
we must be able to dynamically assign risk-adjusted value to a portfolio at any
intermediate point ¢. In particular, p needs to be replaced by a set of risk measures
pt. To achieve this we use the ideas of Cheridito et al. [20] on consistent monetary
utility processes. For technical reasons we work in discrete time and with bounded
wealth processes that belong to the space Lg% £ {X: SUPo<mat<T | Xmae| < oo}

(resp. L% where 7 is a general F2-stopping time).

Definition 5. /20, Definition 3.1] A Mapping ¢: L% — L>(F;) is called a coherent

concave monetary utility functional (CCMUF) if it has the following five properties:
Measurability: ¢(14X) = 14¢(X) for all X € L and A € F.

Monotonicity: ¢(X) < ¢(Y) if Xy <Y, forallt € [1,T] a.s.

Certainty Invariance: ¢(X +m-1,7) = ¢(X)+m, for all X € L2 and m € F..

Concavity: ¢(AX + (1 = N)Y) > Ap(X) + (1 = N)o(Y) for all X,Y € L% and
A€ Fr with 0 < A< 1.

Coherence: ¢(AX) = A\p(X) for all X € L% and A > 0, € R,

Definition 6. /20, Definition 4.1 and 4.3] Suppose that for each t = mAt, ¢; is a
CCMUF on L% Fora FA-stopping time T, define ¢, by ¢ (X) =3 dmar(Lr—mar:
X). The set {¢;}resa is called a monetary utility process. Such a process {¢.} is

called consistent if for any 0 <t <7< T,

th(X) = ¢t(X]]-[t,T) + ¢T(X) : ]l[T,T])- (515)

The concept of consistency is supposed to indicate that we can recursively mea-

sure the risk-adjusted value of w. Namely, from a starting point ¢, the total monetary
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value of w is invariant if instead of receiving the random cash flow on |7, T, we re-
ceive the future value p.(w) with certainty at 7 and no payments thereafter. Note
that we allow p,(w) = p;(w,) to depend on the whole path of w between the present
time ¢ and final 7T'.

We now extend the concept of monetary utility process to value standard deriva-
tives in the presence of a tolling agreement. Let w be a wealth process corresponding
to a vanilla derivative. Given a tolling agreement T'oll and recalling the notation
T([t,T];u) from (5.13), the risk-adjusted value of w is defined by

pr(W) = esssup p; (w+T([t,T];u)) — esssup p,(T([t, T]; u)). (5.16)

uel(t) weld(t)
This definition is reminiscent of the indifference price concept. The value of w is the
difference between the utility of the portfolio with w, minus the utility of having just
the tolling agreement. We observe that p has a joint effect of diversification and opti-
mization, so that p > p. Indeed, letting T7([r, T]; w) (resp. T™*(t, Xy, wy, uy, [t, T]; w))
denote the optimal T'oll wealth process in the presence of a fixed revenue stream w,

and using the superadditivity of p we have

pe(w) = pi(w +T7([t, T]; w)) — po(T"([t, T7;0))
> pi(w+T7([t,T};0)) — po(T*([t, T]; 0))

> [p(w) + po(T"([t, T1;0))] — pe(T*([t, T1:0)) = pe(w).

We claim that p is the canonical construction of assigning value to w, when already
owning Toll. As such, p answers the second question we posed by providing a
method for comparing the merits of different wealth processes w with respect to
Toll. Note that the question of using p for pricing and the resulting consistency
with no-arbitrage is more subtle and we do not address it here. For us p is just a
method of comparing hedging opportunities that in addition preserves all the ‘good’

properties of p. It is immediate to verify that each p; is a CCMUF. Moreover, as the
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next theorem demonstrates, p inherits the time-consistency of p. Intuitively, this is

due to Bellman’s principle that makes optimization consistent in time.
Theorem 9. Suppose that p is a consistent risk measure. Then p is consistent.

Proof. We need to verify that (5.15) holds for 5. We begin by computing

pr(w) = esssup p (Wi 7 + T(7, X7, ur, [1, T]; u)) — esssup p-(T(7, X7, ur, [1,T]; 1))
ueU () ueU(T)

= pr(T*([7, T wlirgy)) — po(T7([7, TT; 0)). (5.17)

Next we observe that by the dynamic programming principle, the additivity of cu-
mulative profits, and consistency of p,

esssup pi(T(t,x,i,[t, T];u)) =  esssup  py (T(t, @, 0, [t, ] u) L5 (5.18)
wel (t,T) weU(t,r), vel(r,T)

+ [T(r, Xz ug, [7, T o) + H(2, 4, [t 75 w) 1{77T1>

= ess sup py (T(t, x,4, [t 7] u) L g (5.19)
w€U (t,T)

+ esssup Pr (T(Tv XT? Ur, [Tv TL U) + H([E, iv [tv T]a u)) ]1[T,T]> .
vel(r,T)

The last expression shows that we can split the optimization step into recursive

optimization over |7, 7] and then over [¢t, 7). We are now ready to compute

Pt (W]l[m) + ﬁT(W)IL[ﬂT]) =

esssup py (Wi + o (W) Ly + T([t Tl ) ) = oo (T (£ T);0)).
ueU(t,T)
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It remains to manipulate RH S, the first term on the right hand side:
RHS; = esssup p; (W]l[tﬁ) + T([t, 7] u)1pp
uel(t,r)

+ [esssup p, (T(7, Xr, ur, [7, T};v) + H(z, 4, [t, 7];u) + pr (W) L)) ] ll[T,T]>
veld(7,T)

= esssup pt([w + T([t, 7]; u)]]l[w)—k[pT(T*([r, T];0)) + H(x,i,[t,7];u)
weU(t,r)

+{ o (T (17, T wliem)) = po(T*([7, T1:0) } 1

= esssup po([w -+ Tt 7} )] Loy pr (T (17, T W) + H(w i [1,7]50)) T
w€eU (t,1)

= esssup p (W + T([t, T]; u)).
uel(t,T)

The first line above applies (5.18), the second line uses (5.19) and (5.17), which due
to the shift invariance of p, leads to terms cancelling each other on the third line,

and the last line finally applies (5.19) in reverse. Summarizing,

pr (Wﬂ[t,ﬂ + ﬁT(W)ﬂ[r,TO = p(T"([t, T w)) — pe(T"([t, T 0)) = pe(w),
which is precisely the consistency condition. O]

The framework can now be used to analyze static hedging by the agent. A
European option paying out ¢(X7) and costing p at time ¢ is worthwhile to purchase
given initial holdings w as long as,

ess sup py <¢(XT) e +wWH+T([t,T);u) — p) > esssup p; (W +T([t, T7; u)),

u€U(t) u€eU(t)

or simply ﬁt(¢(XT) = + W) > pi(W) +p.

Other claims of American, Asian, etc. type can be similarly considered. We can
analyze more complicated cases as well, for instance where the derivative ¢ is written
on a different asset (X7,) than the underlying in the toll (X5;). This is the incomplete
markets situation one encounters in practice when the T'oll underlying (Xs;) are

local power and gas prices (e.g. Chicago city gate), while the financial derivatives
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will be written on the liquidly traded NYMEX contracts. From the point of view of
optimization, there is no difficulty in extending the model to X; = (X, Xs;), and
p then allows us to price together traded options and the illiquid over-the-counter
tolling agreements. In this sense our method is a stochastic control analogue of the
framework in McCardle and Smith [58], who constructed a general static paradigm
for valuing tradeable and non-tradeable assets. Finally, dynamic hedging should be
possible once one appropriately defines continuous-time monetary utility functionals.

On a computational level, tractability depends on the structure of the risk mea-
sure p. For example, the simplest choice p,(w) = E[wy| F;] corresponds to the linear
profit maximization model that we started with in this thesis, and the consistency
of p reduces to the trivial tower property of conditional expectations. A more in-
teresting case is py(w) = essinf,cs, E[w,| F;] corresponding to the worst-stopping
case. Because of the evident relationship between p and Snell envelopes our numer-
ical scheme can also be adapted to this situation. We leave further research in this

direction to future work.

5.7 Conclusion and Future Research

This dissertation investigated the numerical solution of optimal switching problems
that arise in energy markets. Our scheme is based on converting the problem into
recursive optimal stopping and then computing the Snell envelopes by backward
recursion. We proposed a new scheme based on Monte Carlo regressions that are
run simultaneously for all the optimal stopping problems. While our convergence
analysis is incomplete, we hope that the breadth of examples listed is compelling as
to the merit of this approach. We believe that when it comes to practical implemen-
tation our method is more robust and versatile than any that appeared so far in the
academic literature. Moreover, it is superior to the currently practiced approach of

spread option strips that ignores the operational constraints of tolling agreements.
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As the last chapter has demonstrated, the techniques described are applicable
to many other energy-related problems. In particular, the gas storage and power
supply guarantees are important practical challenges on which our method can shed
new light. Full analysis of these two settings will appear in our forthcoming paper
[56]. Before concluding, let us mention a couple more possible avenues of investi-
gation. Partially observed models is a common feature of real-life applications. In
the simplest setting (X;) has unobserved components that affect the dynamics but
not the profit. An example is the class of convenience yield models that have been
popular for energy modeling [16]. In general, stochastic control with partial observa-
tions is very challenging numerically since the full state space is infinite dimensional.
However several simplifications seem to present themselves. First, if the model is
Gaussian, a Kalman filter can be applied, so that the distribution of the unobserved
factor is fully described by its conditional mean and variance. Hence, the effective
dimension of the problem is just d + 2. Then the regression scheme can be applied
in the larger dimension after one simulates the observed part (Xi;) and filters the
unobserved (Xs;). In the more general case, one could attempt to use particle filters
[55]. This means approximating the conditional distribution of X5, by a cloud of N/
particles. The effective dimension is reduced to d + N/, but this is still intractable
for computing conditional expectations. However, one could attempt to find sum-
mary statistics to roughly describe the distribution of the particles. This dimension
reduction idea relates back to Barraquand and Martineau [7] who wrote the origi-
nal paper on solving high-dimensional optimal stopping problems by simulation. It
seems that the same approach should work for optimal switching with partial ob-
servations. For example, one could parametrize via the moments of the empirical
particle distribution.

Stochastic games is another interesting application. Instead of having a single

controller, consider the situation where there are two players with competing inter-
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ests. As long as simultaneous switches are not allowed and there is a clear rule on the
precedence of switching decisions, the problem should fall into the realm of optimal
switching we have analyzed here. In general, stochastic games are naturally related
to doubly-reflected BSDE’s, see e.g. [36]. Possible finance applications might include
exotic convertible bonds, compound game options and competition games between
firms.

Returning to optimal switching itself, several open problems remain that we
would like to settle. A better grip on the regression and Monte Carlo error propaga-
tion is needed to understand the convergence properties of the LS scheme. Also, it
would be very useful to have tractable conditions regarding existence of connected
switching sets, extending Theorem 5. The method of excessive majorants should
be further investigated as it might provide new closed form solutions (or at least
recursive formulae) for the value functions. On a more fundamental level, deeper
understanding of the connection between quasi-variational inequalities and reflected
BSDE’s that we briefly touched upon in Section 3.7 has the potential to provide new

probabilistic tools for numerically solving the classical Stefan problem.
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