ABSTRACT
Asymptotics for mean field games of market competition
Marcus A. Laurel

Director: P. Jameson Graber, Ph.D.

The goal of this thesis is to analyze the limiting behavior of solutions to a
system of mean field games developed by Chan and Sircar to model Bertrand and
Cournot competition. We first provide a basic introduction to control theory, game
theory, and ultimately mean field game theory. With these preliminaries out of the
way, we then introduce the model first proposed by Chan and Sircar, namely a cou-
pled system of two nonlinear partial differential equations. This model contains a
parameter € that measures the degree of interaction between players; we are inter-
ested in the regime € goes to 0. We then prove a collection of theorems which give
estimates on the limiting behavior of solutions as € goes to 0 and ultimately obtain
recursive growth bounds of polynomial approximations to solutions. Finally, we state
some open questions for further research.
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CHAPTER ONE

Introductions of Pertinent Concepts

The goal of this chapter is to build the necessary framework required to un-
derstand mean field games mathematically and inuitively. It is broken up into three
sections: optimal control theory, game theory, and mean field games. Each section

will build on concepts explained in the previous sections.

Optimal Control Theory

The theory of optimal control is a product of the natural desire to achieve a
goal in the most effective and efficient way possible; we want the most, while using
the least. From a thermodynamic perspective, it would seem that the universe is
programmed toward optimization, always minimizing energy use in any given pro-
cess. The mathematical theory of optimal control does not seek to wrestle with the
philosophical implications of this, but rather seeks to define optimization problems
in a mathematically cogent way, and to eventually find solutions to these often-
complicated problems. The basic ideas and intuitions behind pertinent results from
optimal control theory will be presented here, but for a more detailed exposition of
optimal control theory, see Liberzon (2011).

To begin to define an optimal control problem, we first must define the control

system, given by

i = f(t,z(t),a(t), x(to) = o (1)

Here, t is time; x is called the state and is a function of ¢ with values in R"; and
« is the control input and is likewise a function of ¢ with its values in some control
space 2 C R™. t; is the starting or initial time, making x the initial state. Thus,

this equation explains that the way a state changes over time is a function of time,
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the state itself at a given time, and some control input. The control input is the
mathematical representation of how we can influence and change the state of a sys-
tem. It is not enough to simply be able to define a dynamic system, but also explain
how we can alter it toward a certain end. For instance, we could model the state
of a rocket as it journies into orbit, however, this does not help us understand how
we could change its flight path to potentially minimize fuel costs. Thus, we need a
control input within the dynamic system that we are observing and want to optimize.

We have now defined a control system, but we need a mathematical represen-

tation of something to optimize. This leads to the cost functional J, given by:

J(a) = / "L w(t), a(t) dt + Kty 7). @)

to

Here we have ty, the final time, and x ¢, the final state (given by z; = x(ts)). L is the
running cost, also known as the Lagrangian. We can sete that for any ¢ € [to,tf], £
is the associated cost that depends on both the state and the control at time ¢, so as
time passes, our control system accrues a certain cost given by L. K is the terminal
cost and is a function that depends on only the final conditions. It is apparent that
the cost functional is dependent on %y, zg,ts, and a. However, depicting o as the
argument of J not only simplifies the notation, but also reinforces the fact that we
wish to minimize J over all o € 2. We now have the neccesary framework to mathe-
matically define the control problem: find some control, a* that minimizes (at least
locally) the cost functional J(«). From this understanding of a control problem, we
now seek to define the principle of optimality.

To understand where the principle of optimality comes from, we must slightly
shift our initial understanding of the problem at hand. Up to this point we have dis-
cussed the optimization problem as a forward-in-time process. However, it turns out
that approaching this problem from a backwards-in-time perspective simplifies the

process of checking for optimality. This can be intuitively understood by examining
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the discrete case, where the trajectory is now given by a path, {z;}7_, C X, T € N,
where k € {0,1,...T} represents a discrete time step. We also have decisions oy, € A,
where X and A are finite sets with N and M elements respectively. Going forward,
to find an optimal solution we would have to tediously examine and compare every
single possible path as k£ moves step-by-step from 0 to 1, from 1 to 2, eventually up
to T. Note that there are MTT additions required to evaluate a cost, since there are
MT possible paths and 7T time steps.

Starting at T" and moving to T"— 1, we still need to find the path and control
within this time step with the least cost (if two or more paths have the same least
cost, choose one at random). However, by the construction of this process, if a point
x, for some decision oy lies on an optimal path, then that path from k& onwards must
be an optimal path with respect to k£ acting as the initial condition. This is the prin-
ciple of optimality for the discrete case, which ensures that there does not exist some
other trajectory made up of pieces of non-optimal paths that is more optimal than the
path found through this process. Note that there are now NMT additions required
to calculate cost, since there are T' time steps and M possible decisions for N possible
path points to choose going from k£ + 1 to k. Thus, computationally, approaching the
problem this way reduces the amount of work required to solve the problem.

To derive an infinitesimal version of the principle of optimality, we now re-

frame the cost functional given by (2) into this backwards-in-time approach:

J(t,x,a) = /t 1 L(s,x(s),a(s))ds + K(t1, z(t1)). (3)

The cost functional is still dependent on «, but is now also dependent on t and x,

where z in the argument of J is fixed. From here, we define the value function:

u(t,z) = inf J(t,z, ). (4)

At,41]



The existence of a minimizer a* is not assumed, indicated by the use of an infimum,
taken over all controls « restricted to the interval [¢,¢;]. From this definition we can
see that u(ty,z) = K(x) Vo € R™. Our optimization problem is now concerned with
minimizing cost functionals of the form (3). The principle of optimality is as follows:

V(t,$> S [to,tl) x R™ and every At € (O,tl - t],

u(t,z) = inf | {/t L(s,x(s),a(s))ds + u(t + At, z(t + At))} : (5)

O‘|[t,t+At

with 2(-) corresponding to ay i+ aq and z(t) = .

We are now ready to derive the Hamilton-Jacobi-Bellman (HJB) equation,
which is the differential form of the principle of optimality expressed in (5). Using
the chain rule and the relation in (1), we can write u (¢ + At, z(t + At)) as a first

order Taylor expansion centered at At = 0,
u (t+ At z(t + At)) = u(t, z) + w(t, ©) At + Dyu(, t) - f(t, 2, a(t)) At + o(At) (6)
Assuming that £ and « are continuous, we can see that
t+At
/ L(s,x(s),a(s))ds = L(t, x,a(t)) At + o( At). (7)
t
With the equalities given in (6) and (7), (5) can be written as

u(t,z) = inf {L(t, z,at))At + u(t, ) + w(t, ) At+

a‘[t,t+At]

Dyu(t,z) - f(t, 2z, a(t) At + o(A1)} . (8)

Since wu(t,x) and uy(t,z) are not dependent on «, they can be pulled out of the

infimum.



We now divide through by At, taking the limit as At — 0 to get
u(t, ) + insf2 {L(t,z,a(t)) + Dyu(t,z) - f(t,z,a(t))} = 0. 9)
ae
Defining the Hamiltonian (a term that comes out of the calculus of variation)

H (t,x,—Dyu(t,z)) =sup {—Dyu- f(t,z,a) — L(t,z,a(t))}, (10)

a€el

we finally arrive at the HJB equation in its simplest form:
w(t,z) — M (t, z, —Dyu(t,z)) = 0. (11)

The HJB equation can also be derived for a stochastic process, where the trajectory

is subject to random motion (Brownian motion). The control system is now given by
dz = f(t,z(t), a(t)) dt + o dW (1), (12)

which is the equation for Brownian motion. Here o is a positive constant and dW ()

is the Brownian motion. The second order HJB is subsequently given by

2

w + %Au —H (t,,—D,u(t,z)) =0, (13)
where A = Y% %ﬁm is the Laplace operator, indicating a diffusion term. The
derivation for (13) is similar to that of (11), with the essential difference that we use
the Ito formula from stochastic calculus. See for example Oksendal (2003).

To summarize, starting with a dynamical system, one can frame it into the
context of a control system. The goal is then to find a certain control that minimizes

a cost functional. The solution is then embedded in the HJB equation, which is a



PDE expressing the principle of optimality. These are the basic ideas of control theory

necessary to progress to the idea of a mathematical game.

Game Theory

Games have long been a part of the human tradition as a means of entertain-
ment, their history extending as far into the past as ancient Egypt. However, game
theory is a relatively modern mathematical discipline, with much of its formalism
coming out of the early and mid twentieth century (Myerson, 2013). The general
idea of a game is an activity where players operate under set rules to achieve a cer-
tain goal, either individually or cooperatively. Since the goal of any game is to “win,”
a natural question is how to find the best strategy that either guarantees, or statis-
tically improves chances of winning. More generally, a mathematical game is defined
as a social situation involving two or more players (Myerson, 2013). This could refer
to a game that is simply used as entertainment, but this definiton also allows for
applications in economics, where there exist multiple players competing to maximize
profit. It follows that game theory is the study of mathematical models of conflict
and cooperation between rational decision makers (Myerson, 2013). It is important
to consider only rational players, because the premise of a game is built on the fact
that those playing would not do something to hurt their own chances of winning.
With these ideas in mind, we can express a game in terms of the language of control
theory developed earlier. The concepts explained here only scratch the surface of the
vast and growing field of game theory. For a more detailed exposition on the subject,
see Myerson (2013) or Gibbons (1997).

In any game, there exist N players denoted by i € {1,2,..., N}. There is then

a control system for each player:

i = filt,i(t), ai(t)), zi(to) = @i (14)
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In this expression, each player’s trajectory, z; € R™, changes over time as a function of
time, the trajectory itself, and any decision at a given time, «;(t) € ; C R™, where
Q); is the set of permissible decisions for player i. The associated cost functional for

a particular player is then given by:

t
Ji(ag,...,an) = / ' Li(t,zi(t), .. an(t),cn(t), ... an(t)dt+ Kty x1,,. .., 2p),

) (15)
where z(tf) = x;,. This expression can be thought of as an indication of a player’s
success. This is visibly more involved than the cost functional in (2), since, even if we
are examining one particular individual, we must still take into account every other
player’s trajectory as they make their own decisions. This is a result of the fact that
every player is rational; in an attempt to maximize their own success, each player is
playing in a way that considers how other players are playing. The cost functional in
(15) can be thought of as what players need to minimize in order to win, or at least
be the most successful. We now have an associated value function for a particular

player:

u'(t,z) = inf {J(o,...,an)} =

OCZ'EQZ'

ty
1r61¥2 {/ L'l-(t,xl(t),...,a:N(t),al(t),...,aN(t))dthICi(tf,xlf,...,fo)}, (16)
%) i to

where © = (z1,...,2y). Notice that the infimum is taken over all possible decisions
that player ¢ can make, which makes sense as player ¢ cannot directly make decisions
for the other players; they can only react to the choices other players are making.
To undestand what a solution to a game might be, we must discuss the con-
cept of Nash equilibrium. Nash equilibrium refers to a state in which no one player

can unilaterally improve their situation (Gibbons, 1997). That is to say, a Nash



equilibrium strategy is a collection of controls {aj(t),...,ax(t)} such that

Ji(ad, ... k) = ming o, J; <a (a;f)j;,éi) . Wie{l,... N}, (17)

with (ai, (a;)#i) = (af, RN R e T e T ,a}k\,). The control o* = (oz“{, . ,oz*N)
is called a Nash point. It is important to note that a Nash equilibrium does not nec-
essarily exist. Similarly, this definition neither implies uniqueness of a Nash equlib-
rium, nor that this state is what is best for everyone. Nash equilibrium, if it exists
at all, is simply a state in which no one can singlehandedly improve their situation
by making any of their permissible decisions. That is, it could be the case that
Ji(ag, ... ak) # u'(t,z;) for some, or for all i« € {1,...,N}. Nash equilibrium is
a solution that takes into account every player. Since games are competitive, not
everyone can be a winner, however, we can look for the state in which no one can do
any better given their decisions able to be made. So, we can still have players who
are worse off than others, but there exists at least a stability associated with this
particular state; none of the players can gain more than they already have. This is
not a typical notion of “winning,” but it is the best way in which everyone can “win”
to some degree. Perhaps more pessimistically, there is solace in the fact that a player
is not losing as badly as they could be.

Recall that the HJB equation is a differential equation that describes the
principle of optimality, which loosely says that travelling backwards-in-time along
infintesimal paths that are optimal ensures that the entire path travelled is optimal
upon arriving at t5. To define a HJB equation for each player, we must define the

Hamiltonians. We say the set of Lagrangians, {£;}Y,, has a Nash point o* at z if

—Vu; - fi (z,a7) — L; (z,7)

= min {—Vui > (:voz (a;)#i) "y <xa (a;f)#i)} Vie{l,...,N}. (18)

a; €8);



Note that Vu; = <a“i L ) is the spatial gradient of ;. If such a point exists,

oxy’° ) Oz N

the Hamiltonian, H; (z, —Vuy,..., —Vuy), is defined as the system (18). We can

now express the HJB equation for each player:

2

Oyu;(t, z) + %Aui —H;(x,—Vuy,...,—Vuy) =0 (19)

Here, Au; = Zjvzl aijg;j = Zjvzl >y ax?:#jk‘ It is important to mention that all
of the HJB equations are coupled together through nonlinearities in Vu;, found in
the Hamiltonians, ;. Since the equations in system (19) are all coupled together
through the spatial gradients of each player’s value function, it is apparent that as
each player’s trajectory changes, not only is their own value function affected, but
also the value functions of the other players. This reflects the idea that we are dealing
with rational players who will make logical decisions based off of the trajectories and
successes of the others in the game.

While it may be the case that each player’s trajectory affects the other players’
value functions, if we take the number of players N to infinity, the impact of any
one player on anyone else, and thus the entire system, becomes negligible. This is
analogous to many processes in physics where the microscopic view of any one particle
does little to inform about the macroscopic view of the entire system. For instance,
electrical current is made up of an astronomically large number of electrons moving
across a wire, yet any particular electron, because it is constantly colliding with
atoms in the wire, in sum is moving glacially slow across the length of the wire. It
turns out that this general physical concept of the microscipic trivially informing the
macroscopic applies to games, in particular in economic systems with large numbers
of players.

As one can see, the mathematical description of a game is much more complex
than that of a single control system. Subsequently, solutions are that much harder

to come by. Even in the case of a single player, it can be difficult to solve the
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HJB equation with an explicit solution rare. Solving such a PDE often requires
numerical methods and approximations to obtain a value function, but even then,
the computation can quickly get out of hand. However, despite the hopelessness of
finding a general solution to any and every game, there are constraints we can put on

the games and the players that can abate some of the complexites of the problem.

Mean Field Games

In our attempt to simplify the problem at hand, it is important to consider
constraints that are reasonable; these constraints should still allow the game to resem-
ble real-world systems. One specific type of game that has received much attention in
the study of game theory is a mean field game. A mean field game is a type of game
with a very large number of rational players, whose individual impact is negligible on
the entire system. In addition, these players are identical in their goals and pursuits
and anonymous to one another, so their information is limited to what they are able
to obseve. This ensures that no player has an unfair advantage over another, for
example, some sort of outside information on other players’ strategies. The goal of
this section is to develop a mathematical framework for describing mean field games.
For a more rigorous treatment of mean field games and strategies on analyzing them,
see Lasry and Lions (2007).

We are dealing with a large number of players, but the players are identical, so
there is no need to index the control system of each player as done in (14). Instead,
more simply, a player’s dynamics is given by (1). However, the cost functional does
not remain the same as in (2). Instead, a player’s cost functional is also dependent
on the probability density of a trajectory, z(t), or a mean field. This is due to the
fact that we are dealing with an infinite number of players who negligibly impact the

system individually. We let m(z,t) = m (z(t)) represent the probability density for
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z at time t. Our cost functional J is now

J@mn:/fc@ﬂmammMW»a+K%J@ (20)

to

It follows that the value function is given by

u(t,x) = inf {/t L (s,z(s),a(s),m(z,s)) ds +u (T,x(T))} : (21)

pe,m)

Notice that since the Lagrangian is dependent on m, the Hamiltonian is also depen-

dent on m. This means that our HJB equation looks like this:

2
u + %Au — H(t,z,—Dyu,m) = 0. (22)

Since we are examining the limiting case as N goes to infinity, we see that a player’s
value function is no longer dependent on the dynamics of another player as in (16).
Rather, a player’s value function is now dependent on the average density of the other
players’ trajectories. While there is no explicit expression for m, m can be implicitly
described by a PDE known as the Fokker-Planck equation.

Since m is a probability density for x(¢), the probability that the trajectory x

at time ¢ is in a given set (2 is given by

Ph@eﬂzém@ﬂm. (23)

Using a conservation of mass argument, we can view (23) as an amount of mass in
the set 2. Hence, the change in the amount of mass in €2 is equal to the negative flux

of mass along 92, the boundary of 2
d
—/m(x,t) dz = —/ m(z,t)v(z,t) - ndsS, (24)
dt Jq 00
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dz

‘3t 1s a vector field that acts on the

where v : R? x R, — R™, given by v(t,z) =& =

mass. Thus, by the divergence theorem

%/Qm(:c,t) de = —/va - (m(z, t)v(z,t)) dz, (25)

which implies

om = —V, - (mv). (26)

This is the most basic form of the Fokker-Planck equation.
Alternatively, we can take some smooth test function, ¢, and the expected
value, E [¢(t,z)] = [, o(t,z)m(t,z)dz, and take the derivative in time on each

side. Recalling that % = v, we see on one hand,

d dx
dt dt
(27)
= Op(t,z)m(t, z)dx + Vep(t,x)v(t, z)m(t, ) dx,
R Rn
and on the other hand,
= o(t,z)m(t, x)de = Op(t, z)m(t, z) do + / o(t,x)Om(t,x)dx. (28)
R~ R n
Setting the results of (27) and (28) equal to each other yields
/ o(t,x)oym(t,x) de = Vot x)v(t, z)m(t, z) dz. (29)
n Rn

Integrating by parts, we get

/n o(t,x)oym(t,z) de = — /n o(t,2)V, - (v(t, z)m(t, z)) dz. (30)

12



But ¢ is arbitrary, so we obtain (26), the same result described by following the

physical intuition. We can also consider a stochastic case and obtain by Ito’s formula
o2
oym — 7Am +V,-(mv)=0 (31)

Recall from the discussion of games that Nash equilibrium is a particular state
in which no one player can unilaterally improve their situation. Since we are looking
at the case as NV goes to infinity, a Nash equilibrium strategy is a control o* and the
distribution m* (obtained from plugging in o* as a control into the control system)
such that

J(a*,;m"*) = min J(a, m") (32)

a€el)

This seems like it might be impossible to find a solution, since m* is defined by a*, yet
to find o, we seem to need to know m*. However, the differential equations for v and
m are actually coupled, so in general there is a dependence of u (and subsequently
a*) on m and vice versa.

To see how the equations are coupled, we can write v in terms of H, because
at Nash equilibrium each player will be operating under optimal conditions, that is
v = v*. By the definition of v and the Hamiltonian given in (10), if p = —D,u, then

v* = D,H, so that we have

2
oym — %Am +V- (mDPH(t’ x, —Dqu, m)) =0, (33)

which is now a Kolmogorov equation. We now have the system of coupled, second-

order mean field equations:

2
Ou + %Au — H(t,z,—Dyu,m) =0

0.2

om — ?Am +V- (mDp’H(t, T, —Dxu,m)) = 0.

(34)

13



On one hand, the HJB equation is coupled with the Kolmogorov equation
through m itself, whereas the Kolmogorov equation is coupled to the HJB equation
through the Hamiltonian, and hence the spacial gradient of u. We can also see that
the HJB equation is a backwards in time equation, while the Kolmogorov equation is
defined forwards in time. Thus, while the constraints of a mean field game simplify the
general construction of a game, there are other complexities within their mathematical
representation which are not a consequence of the number of unique players present.

Because the equations in (34) are coupled and non-linear, the task to solve
them is difficult, but many techniques for their analysis have been developed over the
past couple of decades. Mean field games have recieved much attention in the topic
of game theory, and much has been discovered about their solutions. For a more

in-depth treatment of the analysis of these equations, see Cardaliaguet (2010).

14



CHAPTER TWO

Bertrand and Cournot Mean Field Games

The purpose of this chapter is to explain the motivation behind the system
of mean field game equations developed by Patrick Chan and Ronnie Sircar in their
paper Bertrand and Cournot Mean Field Games (Chan and Sircar, 2015). These
equations, while constructed via idealized situations and assumptions, have applica-
tions to real-world economics as demonstrated by Chan and Sircar in their paper
Fracking, Renewables, and Mean Field Games, which analyzes the rapid decline of
oil prices from June 2014 to January 2015 (Chan and Sircar, 2017). It is imperative
that these equations are understood, as the equations, and more specifically their
solutions, are the focus of the analysis given in Chapter 3. For other applications of
mean field games to idealized situations see Guéant et al. (2011).

A major application of mean field games is in economics. We can look at an
oligopoly of agents, each trying to compete with each other to maximize their profits.
The basic assumptions of a mean field game hold with the agents being anonymous,
uncooperative, and rational. In addition, they are selling identical products, so no
one agent has an unfair advantage over another. There are two basic models of com-
petition, Bertrand and Cournot competition. In Bertrand competition the control
available to agents is price. Agents directly control the price at which to sell their
product, which by the law of supply and demand affects the quantity of product
produced. In Cournot competition, the control given to the agents is the quantity of
product. Agents are free to control how much of their product is being produced,
which similarly by the law of supply and demand affects the price at which the prod-
uct is sold. For a finite number of players, Bertrand competition leads to a Nash
equilibrium in which the agents make no profit. This is a consequence of the fact

that to be competitive, an agent must sell their product at or less than the price
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of any other agent. In Cournot competition, a profit can still be made as agents
are not required to directly lower prices to remain competitive. This may seem like
Cournot competition is superior, however, as the number of agents tends toward in-
finity, Bertrand and Cournot competions are actually equivalent; the optimal price
in Bertrand competition implies the optimal quantity in Cournot competition (Chan
and Sircar, 2015).

In Bertrand and Cournot Mean Field Games, Chan and Sircar develop a mean
field game for Bertrand/Cournot competition with exhaustible resources. Since re-
sources are exhaustible, if an agent uses all of their resources, then they are no longer
a part of the competition. In this setting m(x,t) is the density of agents with a
positive amount of resources at time ¢ > 0. At t = 0, we let M(z) denote the density
of players with a positive initial amount of resources. Since M (x) is a probability
measure, M(x)dz = 1. As some agents will start with more resources than
others, this(?g;’éial condition allows us to distinguish which agents have more or fewer

initial reserves. As time progresses, agents will naturally exhaust their resources; n(t)

is the fraction of active firms for a given time ¢ with

n(t):/(o )m(t,x) dz. (35)

The first time = 0 is the exhaustion time or the final time 7.
The price set by the agents is given by p(t, z) and the quantity ¢(¢,x) can be

expressed as a linear demand function of p:

q(t,z) = a(n(t)) = p(t, z) + c(n(t))p(t), (36)

where p(t *(t, x)m(t, x) dx is the average price, and p* is the optimal
(t)

price. Also, a(n) = and c¢(n) = 1 — a(n), where ¢ > 0 is a parameter that

measures the degree of mteraction between players. A small value of ¢ indicates a
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low amount of competition between agents. If e = 0, then there is no competition,
and each agent is a monopolist. Conversely, as epsilon goes to infinity, the system
tends toward perfect competition. It is also the case that the amount of demand can
fluctuate randomly, therefore some Brownian motion is introduced into the remaining

resources:

dXt = —q(t, [L’) dt + J]]-(Xt>0) th7 (37)

where 1(x,s0) is the characteristic function for the set of all resources greater than 0.
We also have that ¢ > 0 and x = X;.
Before introducing the value function, we also consider that agents are trying

to maximize lifetime profit, discounted at a rate » > 0. The value function is then

u(t,z) =supE
p

/t e (s, x)q(s, z) ds] : (38)

The corresponding Hamiltonian is

H = Sup {pg — Osu-q} = Sup { (a(n(t)) — p(t, x) + c(n(t)p(t)) (p(t, z) — Byult, w))} :
(39)

Thus, the HJB equation is

o+ T2 — ru-t sup { (a(n(t) — plt.) + c(n(t)5(0) (0. 2) — D)} =0,

p (0
We can solve for the optimal price p* by differentiating the expression being maxi-
mized in (39) with respect to p, setting the derivative equal to 0 (first order condition)
and solving for p to get

(a(n(t) + Ozult, z) + c(n(t))p(?)) - (41)

1
*t = —
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We can now solve for ¢* by substituting (41) into (36) to obtain

q*(t,z) = % (a(n(t)) — Opult, x) + c(n(t))p(t)) - (42)
It follows that
H=q (p"—0pu) = (¢")". (43)
Our HJB equation is now
Byu + %aﬁzu —ru+ i(a(n(t)) — dyult,z) + c(n(t))p(t)>2 ~0. (44)

Note that we have left Dirichlet boundary conditions, since when an agent runs out
of resources z, there is no longer a way to generate profit, so u(¢,0) = 0. As T is the
time at which all agents have exhausted their resources, we can see that u(7,z) = 0.

Notice that the differential equation for u is dependent on m through p. From

Chapter 1 we can see that m satisfies the equation

2
dym — %@%xm +0, [D,H-m] =0, (45)
with p = 0,u. However,
_ *\2| _ * d *] * _1 ok
Dp%—dp[(Q)}—qdp[CI]—29< 2)— q, (46)

so that the equation for m is now
2 1
O — 0%+ 0, |~ (aln(0) = Boult,e) + ca)p) m| =0. (47

Recall that m has the initial condition m(0,x) = M (z). We also have left Dirichlet
boundary conditions for m, since for small values of x, the local dynamics are dom-

inated by the Brownian motion, but Chan and Sircar assert that Brownian motion
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is not significant enough to save an agent from exhausting their resources (Chan and
Sircar, 2015). Thus, as a player’s resources approach 0, they soon run out of resources
altogether and drop out of the competition, hence m(t,0) = 0. We have now fully

defined the system of mean field equations:

(

N
N\

() O+ T0%u—ru+ 2 (a(n(t) = dult,z) + c(n()p(t))

)
(mmm—ammw+ammmmnﬂzo

N | —

g o B
(1)  Oym 5 Opam + 0,

(zii) m(t,0) =0,m(0,2) = M(x),u(t,0) =0,u(T,z) =0
‘ (48)

While a solution to a mean field game requires solving this system of only
two coupled differential equations (as opposed to solving the more complex system
of N coupled differential equations each with different Hamiltonians that describes a
general game of N players) an explicit solution does not exist. However, assuming
a solution exists for any value of €, we can approximate numerical solutions of (48)
using nth order Taylor series expansions. Recall that a(n) and c¢(n) are functions
of the parameter €, so solutions to (48) will depend on e. Thus, we will formally
differentiate u and m with respect to ¢ to produce a Taylor expansion centered at
e=0:

€2 e"

u(t, ) = uo(t, x) + euy (t, ) + Euz(t, x)+ -+ —u,(t,x) + o(e)

2 n! o (49)
m(t,z) = mo(t,xz) + emq(t,x) + Emg(t, x)+ -+ ﬁmn(t, z) + o(e")

5 u(t, z) | _, and my(t,x) = Tm(t, z) | _o- Notice that when e = 0,
€ €

c(n(t)) = 0, so that the equations in (48) decouple. Thus, the functions u, and m,, in

Here, u;(t, z) =

the asymptotic expansion can be solved more or less explicitly, because the equations

they solve are likewise decoupled.
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With this approximation set up, it is of interest to know if these series con-
verge, and if so, what are their radii of convergence? These questions concerning
the asymptotics of solutions to (48) are central to the analysis given in Chapter 3
and while we do not prove analyticity, we obtain error estimates on the numerical

solutions and provide a useful linear approximation to solutions of the system.
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CHAPTER THREE

Proof of Error Estimates

The system of PDE that this chapter is concerned with comes from the ideas

developed by Chan and Sircar (Chan and Sircar, 2015), discussed in Chapter 2 and

is given by
((i) ut—i-%Qum—ru—i—F(e)2:0, 0<x<L 0<t<T
(17) mt—gmm—[F(e)mL:O, 0<z<L 0<t<T
(13i) m(x,0) = M(z), u(z,T) = ur(zx), 0<z<L
(iv)  u(0,t) =m(0,t) =0, u.(t,L) =0, 0<t<T
\ (v) %me(t, L)+ F(eym(t,L) =0, 0<t<T
(50)
where M(x) and ur(x) are known, smooth functions and F' is given by
L
F(e):%(Qie—i—zie/o uxmda:—ux>, (51)

for some parameter € > 0. We will use the notation u = u(x,t;€), m¢ = m(z,t;¢€) to
indicate respective solutions to (i) and (i¢) in (50) when the parameter € is nonzero.
Similarly, u® = u(z,t;0) and m® = m(z,¢;0) will indicate respective solutions to (i)
and (77) in (50) when € = 0, the case in which the two equations are decoupled.

In order to state our results, let us introduce the following notation:

e For 0 < a <1, C%([0,L]) is the space of all a-Holder continuous functions on

0, L]; its norm given by

|0l =]l + [@)a; [¢la := sup
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e For 0 < a < 1, n a positive integer, C"*t*([0, L]) is the space of all a-Holder
continuous functions ¢ on [0, L] such that the jth derivative ¢() for 1 < j <n
is also a-Holder continuous; its norm is given by

+ [¢(n)]a_

o0

’¢‘n+o¢ = ZHQS(I)
=0

o C/2([0, L] x [0,T]) is the space of all functions ¢ = ¢(z,t) on [0, L] x [0, T]

such that ¢ is C in the x-variable, C®/? in the t-variable; its norm is given by

Plaasz =@l + (D)o + [Pltar2
where

[B]a.0 = sup |p(z,t) — ¢(y,t)!’ [Bleasz == sup |p(z,t) — (ﬁ(x,g)"

wAy,t |z —y|* o tts |t — s]o/2

o CHalte/2([0 L) x [0, T]) is the space of all functions ¢ = ¢(z,t) on [0, L] x [0, T]
such that ¢ is C*** in the z-variable, C'*%/2 in the t-variable; its norm is given

by

10la1a14a2 =10l TPl +02llo +lPrelloe + [Pralea + [Di]ras2:

The following theorem is a result from Graber and Bensoussan (2018).

Theorem 1. Let up, M € C*™([0,L]), for some 0 < ~ < 1. There exists a
unique pair of solutions (u¢, m¢) to (50) and a constants C' and o € (0, 1] such that
]u6|2+a’1+a/2, |m6’2+a’1+a/2 < C, for any € € |0,¢) and C depending only on €y and

the data.
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Preliminaries

The following three lemmas will establish useful bounds for solutions to the
types of PDE we will encounter in latter theorems of this chapter.
Lemma 2. Let ¢ be a smooth function such that ¢(0) = 0. Suppose u is the solution
to the following PDE

2
Uy + %Uzz + CL(%, t>u + b(l’, t)(p(um) = C(%, t>’ (52>

u(L,t)

with boundary conditions satisfying|u(0,t)] , Jur(z)| < C1. Forming g {a(z,t)} =

ag and|c(z,t)] < Oy, [u] < em®T (Cre®T + CoT).
Proof. Let ag = ming, »{a(x,t)}. We can add and subtract aou on the left hand side
of (52) to get

2

e+ Tt agu+ (a — ag)u 4 b 1(ue) = e, 1) (53)

Let @ = ue®=T). Multiplying through (52) by e®®=T) we obtain

2
Ty + %ﬂm + (a —ag)t + e Dp(z, t)p(t,e D) = ¢z, t)e® =T (54)

Since }c(a:, t)‘ < (O,

2

iy T+ (0 o)+ €D, p(ie )| < G (55)

Case 1: Let @ = @ — Cye™%T¢t. Tt follows that @ satisfies the PDE

2
Uy + %ﬁm +(a = ap)i + e Db(z, )p(ie 1) <0, (56)

Using the maximum principle on @ (see Evans (2010), Chapter 7.1, Theorem 9) and
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the estimates on the boundary conditions for u, we have that

max @ < max {u(O, £)em(=T) _ Cye=a0T¢,

u(L, t)e™ D) — Che= Tt yp(x) — Coe™ T}, (57)
so that @ < Cie~®T | which implies that
u < e T <C’16’“°T + CQT) )
Case 2: Let @ = @ + Cye~%Tt. Tt follows that @ satisfies the PDE
2

i+ Tt + (a = ao)it 4 e Db(a, ) (e > 0. (58)

Using the minimum principle on % and the estimates on the boundary conditions for

u, we have that

min 4 > min {u(()7 t)@atJ(t—T) 4 Cpe—0Ty

u(L, )™t 4 Coe™ Tt up(z) + Coe™ T}, (59)
so that @ > —Ce~%T which implies that
u> —e T (C’le_“‘)T + C’2T> )

We now have

|U’ S €_a0T (Ole_aOT + CQT)

as desired. O
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Lemma 3. Suppose u is the solution to the following PDE

02

ug + 5 U +a(z, t)u + b(x, t)u, = c(x,t) (60)

with boundary conditions satisfying u(0,t) = 0, u.(L,t) = 0, and |u’T(x)‘ < (Y,
a,b,c € L>, then

|u (0,2)| < kM,

where k = max {Ju(z, 1) .1},
M = max {ceL, E1Crexp [k lur(@)]|, + 2] } ,
and C'is given by
0 = (3t O + oo+ et ).

Proof. Let u = ¢(w), then u; = @' (w)wy, vy = @' (W)wy, and Uy, = @"(w)w? +

¢ (w)wy, so that (60) becomes
¢ (w)w, + " (w)w? + ¢ (W) wee + alz, t)p(w) + bz, )" (W)uy = c(x,t).  (61)

Dividing through by ¢'(w) and rearranging terms, we obtain

¢"(w) p(w) | cz,t)
Wi + Wy = — w, — b(z, H)w, —a(z,t + . 62
’* R R om ey (92)
Let o(w) = klog(1 + w) for k > 1, so that ¢/'(w) = Hiw and ¢"(w) = ﬁ Notice

that w has the same boundary conditions as u. We now have

2

Wy + Wy = 1?@(} — bz, t)w, — %a(:c,t)u(x, (1 +w) — %c(m,t)(l +w).  (63)
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bz, | < 22 + L 5o that

By Young’s inequality,

Wy + Wy > — (i‘b(x,t”? + %’a(x,t)Hu(x,t)} + %’c(m,t}{) (1+w)

1 2 1 1 Ulu(a,t
> <1Hb(x,t)||oo + 4late, 0] Jute )]+ EHc(x,t)Hoo) ol

(64)
Choosing k = max {Hu(az, t)||OO , 1}, we now have
1 2
Wy + Wy > —€ (ZHb(:z:,t)Hoo +||az, 8| —i—Hc(x,t)Hoo> . (65)
Hence,
Now, let w = w + Me™™ so that our PDE for @ is now
Wy + Wy > —C + Me™™. (67)
We need to choose M such that Me % > C and Wy (z, T) <0, so choose
M = max {C’eL, k~1Cy exp {k_lHuT(l‘)Hoo + L}} :
By the maximum principle,
max @ = max {(0,t), w(z,T)}, (68)

but as w,(x,T) < 0 and w(0,t) = w(0,T) = M, we have w(z,T) < M and it must
be the case that maxw = w(0,t) = M. And as w(z,t) < w(0,t), we have that

w,(0,t) < 0. Finally, as w = e* ' — 1, it follows that

u,(0,) < kM.
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For the other direction, the proof that
u.(0,t) > kM

is similar, so is omitted. O
Lemma 4. Let m be the solution to the following PDE

o2
my — ?mm — (bm)y —w, =0, (69)

with m(0,t) = w(0,t) = 0, %me(L,t)+bm(L,t)+w(L,t) =0,]b| < C1, and|w| < Cs,
2
then|m| < C and C' = % <HbEH<2>O +TL+ 2) .

Proof. Begin by multiplying each term in (69) by some ®'(m) with ®”(m) > 0 and

®(0) = 0, then integrate in space:

L d L
/ ' (m)m;dy = — [ ®(m)dy
0 dt Jo

L 52

L
7 d" 2 d

- "9 (m)m, (4m)

o2
2

L 2
/ O’ (m)my, dy = %@’(m)rr%
e (70)

/ @' (m) (tm), dy = @' (m) ('m)|

0 0

L

L L
/ ' (m)w, dy = @'(m)w’ - / " (m)myw dy.
0 0

0

Note that upon adding the boundary terms, we are left with 0 becasue of the boundary

conditions on the PDE for m. Our equation is now

L o2 (L L L
®(m) dy—i-?/ " (m)ym2 dy = —/ " (m)my (b°m) dy—/ " (m)mgw dy.
0 0 0

(71)

dt Jo

By Young’s inequality,

be <U2 2 2 be 2 d <CT2 2 2
my ( m)_gmx—k;( m)” an mxw_gmx—kﬁw,
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and our expression is now

d

— L@(m)d —l—a—z/L@”(m)mzd
) vtg | 2 dy

g " o’ 2 2 €,\2 t " o’ 2 2 2
< O"(m) | —mi+ — (bm)” | dy+ [ D" (m) | —mi+ Sw” | dy. (72)
0 8 o? 0 8 o?

After combining like terms,

d L 0_2 L ) 2 L ) 2 L )
" " € "
@, d(m) dy+Z/0 O (m)mzdy < ;/0 d"(m) (b°m) dy+;/0 O"(m)w” dy.

(73)

Integrating in time we get

[ etmtwinas= [ etmwoyar+ % [ [ e mmtagas
<_ /cp” dyds+—// O (myw? dyds, (74)

and rearranging terms we have

L o2 to[L
/q)(m(y,t))dy—l——// " (m)m?2 dy ds
0 4 Jo Jo
L 2 t L
g/ @(m(y,O))dy—l—;HbEHio// " (m) mdyds+—// " (m)w? dy ds.
0 0 Jo

(75)

Let ®(m) = m? for p > 2. Tt follows that ®”(m) = p(p — 1)m?2, and our equation

1S now

/mpdy+ (p— // mP~*m? dyds</ mP(y,0) dy

In(p — 2p(p — 1)
+—p<’;2 o, [ [ meaas + 2D T i aas. o)
0 Jo g o Jo
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By Young’s inequality,

2 2
mP~ 2w < E—ZmP + ZwP < mP + P,
p p

so that

/mpdy+ p— // mP~?m? dyds</ m?(y,0)d
2 —
—i—p(p—2)|]b6|]2// mpdyds—i— // (m? + w?) dyds,
g

and after combining like terms,

/ mpdy+ <4 // mP~%m? dyds</ mP(y,0) dy
2 _
+%<Hb€” // mpdyds—i— p // wP dy ds.

For ¢ > p,

/ / quxdt</ / sup mP(y, t)m?P(x,t) dx dt
0 y€[0,L]

S/ sup mP(y,t / m?P(z,t)dedt
0

y€[0,L]
T
§/ sup mP(y,t dtsup/mqpxs
0 ye[o,L] $€[0,7T

Choose ¢ = 2p, then (79) yields

/ / m2pdzvdt</ sup mP(y,t)dt sup / mP(x,s)d
0 yelo,L] s€[0,7]

Note that

(77)

(79)

(80)

(81)



so that

dy (82)

L, 9
mP(x,t) L/ (mi(y,t)) dy
0 x
Lo (53)
sup m”(y,t) < L/ (mﬁ(y,t)) dy.
ye[o,) 0 @
Integrating in time we see that
T P
/ sup mP(y,t) t<L/ / Ey,t dydt
0 ye€[0,L]
—L—/‘/an% 2(y, 1) dy dt (34)
2(p — 1 T _
TN [ g wrtgar< POy i ayar
Lp 0 yel0,L] 4 o Jo

It follows that

2(p—1
%/ sup mP(y,t dt</mpy,
P 0 yel0,L]

2 owm(p—1) [t [F
+¥(HZ)GH // mpdyds+p(p—2)// wPdyds, (85)
o Jo g o Jo

and

Sup/mpxsdx</mpy, ) dy
s€[0,T

4 p(p2 ) (HbeHio_‘_l / / mpdyds—i-p(p—2)/ / wP dy ds, (86)
o 0o Jo g 0 /o
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so that

//mzpdxdt< (/ m”(y,0)
p_
2
2p(p — 1 Lt 2p(p—1) " [*
+p(p2 )<||be||io+1>// mpdyds_|_p(p—2)// wPdyds | . (87)
o o Jo g o Jo

p
2(p-1) =1

T L I L
//mzpdxdt§—2 /mp(y,())dy
0o Jo g 0
20( e -0 " [* 2
20D (1) [ weagas 2O w”dyds) s9)
0

m(z, t)Hp Jwll 1}. Then

As

I

Let M, = max {Hm((), 75)||p,

M2p§_( ) (HbeH )MP+MTLMP)
p 0-2 p
2
L 2p?
<= M L2 (||b€|| 1) Mg + L TLM]
o’ (89)
2
<A (||b€|| +TL+2> M2
My, < (L§p20’> a3,
Where €' = 2 (||b€||§o Y TL+ 2).
Now, let ap = M. It follows that
1 < (L%22k0’> * My
< (L%Q%G') * (L%W—Uc’) T My
(90)

k

<T] <L222”C>21 .

n=0
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We can see that

log (ﬁ <L222"C’> %>

n=0

M8||M8

2i ( log L + log (2°") + logC)

lo 22” > 110 L—Ho C’
= g log (27) PP (91)
n=0 n=0
> log (22"
= Z % +log L + 2log C".
n=0
Note that
log <22(n+1)> 2n 1
li . =—-<1 92
ng{.lo on+1 lOg (22n) 2 ’ ( )

. 1 22n
so that by the ratio test, - % converges absolutely. Furthermore, for|z| < 1,

o0 n _ _1
Y o ®" = ==, so that

% [g)x”] Znaz‘ —a— {1:%} - (1—2)? (93)

With « = 1, it follows that Y 7 /2 = 2, showing that

log 22” >

Z =log (22) 3" Qﬁn — log 16. (94)
=0 n=0
We now have
o0 L 2%
log (H <L§22"C’) ) <log16 +log L + 2log C’, (95)
n=0
and
I1 (L%Q%C’)‘T" < 16LC", (96)
n=0
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which, in particular, means
|m|l,, < My < 16LC". (97)

This shows that |m| < C, with C'= 16LC". O

The following result comes from Ladyzhenskaja et al. (1968), Theorem IV.9.1.
Theorem 5. Let ¢pp = ¢p(x) € C?*([0, L)) and f = f(x,t) € L>([0, L] x[0,T]). Then
there exists a unique (weak) solution ¢ to the following boundary value problem:

0.2
¢t + Egbxz = f(l',t),
(98)

¢(0,1) = 0, ¢x(L;1) =0, ¢(z,T) = ¢r(z).

Moreover, for any 0 < a < 1 there exists a constant k., depending on o,T, L such

that

10laajo o1 Ozla e < K (Orly +IIfll) - (99)

Corollary 6. There ezists a constant such that |u(z,t;¢) — u(z, t;0)| < Ce.

Proof. Define v = 1 (u —u°). We now plug u¢ and u’ respectively into (i) of (50)

and subtract the two equations to get

v+ %zvm — v+ % (F(e)* = F(0)*) = 0. (100)
Note that
F(e)? = F(0)? = (F(e) — F(0))* + 2F(0)(F(e) — F(0)), (101)
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so that we have

2

Lz Loty /L cm<d
Vi + —Vpy — 70 + — ugmdr — v,
Lo 4\24+¢ 2+4¢),

—i—l(l—uo) - + ! /Luemed:c—v =0. (102)
2 \24€e 24¢f, * o

With

and

we have
2

vy + %Umx — v+ bz, t)v, + ev? = c(x,t). (103)

As b and ¢ are bounded, it follows from Theorem 1 and Lemma 2 that |v] < C. O

Corollary 7. There exists a constant such that |ux(x,t; €) — ug(z,t; 0)| < Ce.

Proof. Let v =1 (u® — u°) and let w = v,. Differentiate through (100) to obtain

o? 2 . 0
Wy + Wy — 7w — = (Fe)ul, — F(0)ugy,) =0

9 € TT Tx
2

wet Totes — 10— 2 <%u (F(e) - F(0)) - F(O)wx) 0.

(104)
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After expanding F'(e) and F'(0) and combining like terms, we obtain

2

-1 1 L
vt Gt = s (=i (o [imar) o

2+E 2"‘6 0
2

wi+ Tt — ala, thw + b, B, = ().

(105)

It follows from Theorem 1, Lemma 2, Lemma 3 and Theorem 5 that |w| < C. O

Corollary 8. Forv = % (u“‘ — uo), there exists a constant such that|v|a7a/2 <C.

Proof. Let v =1 (u — u°), then by Corollary 6 and rearranging (103),

2
v + T - b(x, t)v, — ev? + ¢, t)
2 (106)

= f(z,1).

Notice that v satisfies the following boundary conditions:

wqazi@mma—u@umyﬂxwumw:o
=1 (uz(L,t;€) — uy(L, £;0)) =0, as uy(L,t) =0 (107)
( ) =vp(z) = 1 (ur(z;€) — ur(z;0)) € C*([0, L]), as urp(z) € C*.

We also have that b and ¢ are bounded. As |v| < C by Corollary 6, and |v,| < C’
by Corollary 7, it follows that f(z,t) € L*([0, L] x [0,7]). Thus, by Theorem 5, the

result follows. O

Corollary 9. There exists a constant such that |m(x,t; €) —m(x,t; 0)} < Ce.

Proof. Define p = (m —-m ) Substituting m¢ and m° into (69), subtracting the

two PDE and dividing by €, we get

pi = pea— = (F(eym — F(0)m’), =0 (108)
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Note that
F(e)m® — F(0)m® = m® (F(e) — F(0)) + F(0) (m® —m°), (109)
so that we have

pr = paw = (F(0)p), =~ |m* (F(e) = F(0))| =o. (110)

With w =1 (F(e) — F(0)) m¢ and b = F(0), it is clear from Theorem 1 that

|w|l,, < oo and||b]|,, < oo, so that by Lemma 4, |p| < C. O

Error Terms: Definitions and Useful Formulas

To make future theorems and expressions more compact, we introduce the
following notation. Let ES(f) = f(e) — > i, w , the error of the nth order
Maclaurin expansion in e. Also, let E¢(f) = - E5(f), the normalized error of f.
The following two lemmas provide useful expressions for the error of products of

functions.

Lemma 10.

i 0(0)
!

Ei(fg)ngZ(fHZ T Eni(9) (111)

Proof. Note that

i

0= (§) 10000, (12)

J=0
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so that by the definition of EY,

n o i\ € FED(0)gW)
EZ(fg)ng—ZZ<j) L é?)g ©

i=0 j=0
o €D (0)99)(0)
R0 2P D e
o o '+ F(0)g9)(0) e
n o n—i ¢l ]fl 0 N0
=f9=2.2. i!j!g
i=0 j=0
00 5= g (0)
:fg—; il ZO T

We then add and subtract g, % and combine like terms to get the result:

30 "l f() Tl i)
1T e LI IS St P SE

!
=0 =7 (114)
n i D)
oz + 3 L )
i=0 ’
O
Lemma 11. For alln € N and k = L%J,
E o ip@) 0
g (1) = ) 2y T ), (115)
i=0 '
Proof. Let k = L%J We have that
W () :
c e f19(0)
f2(Ek(f)+; i )
- (116)

7

) kel ) L0 i
= [EL(N)]” +2EL(f)> [0, (Z S (O)) .
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Note that

k e 2 n i . n  n—i
Elf(%) 0 € f( =(0 l+Jf ( )
(S50) -Ep () y g e

i=k+1 j=0
(117)

(g2 (1) €F(0) f9(0)
E,(f%) —fz—l »3 (J) g
L {C) 0 n,onTl ity
j=0 i=k+1 j=0
}2+22’€:6jf(j)(0 ankzlnzf z+]fz)" )(0)
7=0 7j=0 i=k+1 v
If n is even, n = 2k, so that n — k — 1 =k — 1, hence,
j L)) " (o
(%) = B +2Z€f (f)—2ZEfj!<)Z€f“()
j i=k+1
B 2O 23 eﬂf (0 5 €r0)
kR (0 )
= [Es()]* +2 fk( +22€ij (f)

Ei( +226]f (f)-

(119)

38



If nis odd, n = 2k + 1, so that n — k — 1 = k, hence,

Ee(fQ) e +2Z Ejf(J Ee _22 ejf(j g Zf(l)(o)

i=k+1
J £ "l (i
= [E(f +22 ‘ f( E{(f)= ) Ef(.,)(o) (120)
i=k+1 v
J (J
B + 22 ‘ f ().
Thus, for any n € N with k = L%J, we see that
ki #0)
B = (O 23 ) (121)

Main Result

Recall our derivation for u, and m, at the end of Chapter two. Our main
result suggests that this formal identification can be made rigorous. In what follows
we will identify the symbol Ef(u) with u® — ", j—:uz and likewise E¢(m) = m* —
Yoo j—,ml Formally, E(u) and Ef(m) have the same meaning as in the previous
section; however, it is only by proving that v and m are n times differentiable in € that
we can rigorously make this identification. We also define E¢(u,) to mean 0, E¢(u) =
Dpu — S0 S 0pu;. Once again we define S (u) = e " B¢ (u), BS(uy) = w2 B4 (ug),
and E¢(m) = 1 ES(m). Finally, we define

Efl(u)‘ , Cron = sup
2+a,l+a/2 T eefo]

~

B (m)

Ou,n = Ssup

e€[0,1] 2+a,l4a/2

We may now state our main result.
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Theorem 12. The constants C,,,, and C,, ,, satisfy the following recursive relation:
max{Cyn, Crn} < M(n +2)3 max{Cly .1, Crom-1+4, (122)

where M is a constant depending only on the data. Thus we have the following growth

bounds:

max{Cyn, Crun} < M5+ max{Cyo, Couo}™" (123)

As a result, we obtain these error estimates:

T B e
=0 24-a,14a/2
and
no n
me — z_'mi < M max{C,., Cm70}7nen+1_ (125)
=0 24-a,14a/2

Remark 1. The error estimates are very crude and are far from giving convergence
of the power series. However, they nevertheless provide a rigorous sense in which the

solution (uf,m*) can be approximated polynomially by explicitly known functions.

It is easy to see that (122) implies (123) via induction:

Proof of Growth Bounds from Recursion. Let C,, = max{Cly, Cp.n}, and let

C, = max{C,,n + 3}. Then for n =1, C; < M(3)3C{, so that

7n—171

and (123) holds for n = 1. Now, suppose Cr,_y < M~ CI"'. Then as

Cn < M(n+2)°Cyy,
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7n—171 ~

7
C,<MCT <M <M G an_l) <M CI" (127)

which is the desired inequality. O]

In the proof of the main theorem, we will use a classical result in the theory
of parabolic PDE. The following result can be deduced from the proof of Theorems
IV.5.2 and IV.5.3 in Ladyzhenskaja et al. (1968).

Theorem 13. Let ¢p = ér(z) € C***([0,L]), a = a(z,t) € C**/2([0, L] x [0,T)),
b = b(z,t) € C*/2([0,L] x [0,T)]), and ¢ = c(x,t) € C¥/2([0, L] x [0,T]). Then
there exists a unique solution ¢ € C*+1+/2(]0, L] x [0, T]) to the following boundary

value problem:
2

& + %asm +a(z, )6 + b(x, )by = c(x, 1),
(128)

¢(0,1) = 0, ¢x(L,1) =0, ¢(z,T) = ¢r(x).

Moreover, there exists a constant k depending on o,r,T, |a|a’a/2, and|b|a,a/2 such that
|¢|2+a,1+a/2 < K(orfypy +|C|a,a/2)' (129)

We only need to apply Theorem 13 with ¢ = 0, since wu,(z,T) = 0 = my,(z,0) for
alln=1,2,34,....

Lemma 14. The function 2E¢ (F(e) + E<(ut) depends only on t. Moreover,

n—1 n—1 n—i—1
. . 1
2ES(F(e)) + EE (us) .- K| o+ > Coi+ > Cui > (Conj+ Crji)
@ i=0 i=0 j=0
(130)
whenever K is a constant such that
KZmaX{ v ’2/2‘ 2 /27L|u§c|a,oz/27L}' (131)
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(Here Cy, _1 :=0.) As a corollary,

n—i—1

o S Cum + K —+ZCW+ZCM > (Crj + Cingr)

i=0 j=0

2| (F(©))

(132)

Proof. Note that EE (2+E> = % and E; (2;) = —E,‘; (ﬁ > so by the linearity

of E¢(-) and a successive application of (111),

1

E(F(e) =5

G A G D LS S
(2 +e) 2"(2+e)/ ugm’ dv

L n—(i+1) R
+( / uiZ( > E{(m°)dx
0
1 n— (’L+1 n—i—1 n +1
—1 €(, € 1 m €[, €
S () Ew > EE e B,

(133)

%:6 (Ee( ) E ( ))—GE;( ) E (m = ‘— <Cm,j+cm] 1
: a,a/2
(134)

Thus, (130) follows from (133) and the triangle inequality. O
To simplify our recursive formulas, define C; := max{1,C, ;,Cy,; : 1 < j <i}.
Corollary 15. Assume K satisfies (131). Then (130) becomes

2B (F() + By(u)| < K(n+1)C2, (135)
and (132) becomes

)QE;(F(E)) S Cat Knt 1)C7, (136)

a,a /2
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A

Lemma 16. Assume K > 1 satisfies (131). Let c(z,t) = E¥ (F(€)?) + F(0)ES(us).

n x

Then
|claaje < K(n+2)°Ch_, (137)
as long as
K > max{K?, E|F(0)], 5} (138)
Proof. By Lemma 115, with k& = LgJ,
. 2 k (4) .
B (PO = 5 [B ()] +2 30 08 (R(0)
2 k (4) . .
- €n1+1 [Ek (F(e))} +2Z r j!<o) < (F(e)) +2F(0)EL (F(e))
" (139)

Now we use Corollary 15 to get

1
(Claase < 7 [Cet K(n+ 1G]
k
+2) (Cj+ K(n+1)C3)(Cosy + K(n+1)C2_, 1) +|F(0)]

j=1

0704/2 K(’I’L + 1)0721—1

< —K*(n+2)°Cp +2kK*(n +2)°Ca_y +|F(0)| _, K(n+1)Ch_y. (141)

1
Z a,a/2

The claim follows. m
We now prove our main result.

Proof of Theorem 12. The case that n = 0 is the content of Corollary 6 and Corollary
9. Now, we prove the recursive relation. Let ¢ = E¢(u). By the linearity of E¢(-),
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we have that

2 2
Er (ut + %um —ru+ F(e)2) =y + %@ng —ry" + E;, (F(e)Q) =0. (142)

By Lemma 16 and Theorem 13, we obtain
|¢n|2+a,1+a/2 S "{f((n + 2)SC§—I> (143)

where , K depend only on the data. Now let ¢ = E¢(m). By the linearity of E<(-),

we have that

(145)

Now, let b = F(0) and w = m‘E¢ (F(e)) + S FEZ__i;)(!O) E;(m). Our PDE is now

2

n 0 5 n

Again, applying Lemma 16 and Theorem 13, we obtain

|S0n|2+a,1+a/2 < FK(n+2)°C,_, (147)

the constant k being possibly different from k.
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Combining (147) and (143), we obtain the recursive relation

C, < M(n+2)>3Ck

n—1»

(148)

which, in particular, implies (122). O
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CHAPTER FOUR

Conclusions and Open Questions

It is apparent that the growth bounds are very crude and do not demonstrate
analyticity. Therefore, it is still of interest to know whether or not we can obtain
tighter estimates that give analyticity, or even some type of Gevrey class regularity
if analyticity is too stringent a goal. As the growth bounds tend to grow to astro-
nomically large numbers even after just the first few iterations, it follows that the
first order estimates are of the most use. The first order estimates prove rigorously
that %u |._o and %m |._o are equal to u; and my, respectively. That is, the notation
acually represents derivatives in e evaluated at 0 for v and m as we would expect.

There are still some open questions regarding this system of mean field equa-
tions. Recall in Chapter 2 that we defined T" to be the exhaustion time, the first
instance at which all players have dropped out of the competition. It can be treated
as a variable and Graber and Bensoussan proved existence and uniqueness of solutions
for an arbitrary final time (Graber and Bensoussan, 2018). However, the exit time
is not something known a priori and must be determined from the system endoge-
nously. Without coupling of the equations, the exhaustion time can be computed,
but when we do have a coupled system, is there a way to determine how long before
players run out of resources?” And is it even the case that the expected value is finite?
Furthermore, Chan and Sircar present the system of mean field games as an infinite
time horizon problem, so is the problem still well-posed?

The calculations done in Chapter 3 to obtain error estimates consider the sec-
ond order case of the mean field game. However, for the first order case, when o = 0,
is the problem still well posed? Graber and Mouzouni partially addressed this case,

but for Neumann boundary conditions (Graber and Mouzouni, 2018). Furthermore,
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if the problem is indeed well-posed, are there also error estimates for solutions as
shown in Chapter 3 for the second order case?

While much of the theory of mean field games has been developed over the
past couple of decades, it is clear that there is still much to learn about solutions
to these types of equations. This system of PDE, while a simplification of a general
system of N coupled differential equations, is still very deep in its implications and

has its own unique complexities leaving much to explore about its solutions.
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