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Abstract

In this project, we study an asymptotic expansion method for solving stochastic
volatility Furopean option pricing problems. We explain the backgrounds and de-
tails associated with the method. Specifically, we present in full detail the argu-
ments behind the derivation of the pricing PDEs and detailed calculation in deriving
asymptotic option pricing formulas using our own model specifications. Finally, we

discuss potential difficulties and problems in the implementation of the methods.
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Chapter 1

Introduction

In the traditional Black-Scholes-Merton model for European option pricing, the
volatility parameter is assumed to be constant. However, mounting evidence shows
that there is a significant discrepancy between Black-Scholes option prices and op-
tion prices observed from the market if options of different strikes and maturities on
the same stock are priced with the same constant volatility. In order to correct this
problem, stochastic volatility models had been proposed which give rise to a lot of

new problems in model specification, solving and testing.

In this project, we studied an asymptotic method for solving stochastic volatility
option pricing models. The method was first proposed by Fouque, et al. in [§]
to solve a stochastic volatility model in which the volatility driving process is an
Ornstein-Uhlenbeck (OU) process. Further developments of the method were made
to solve models in which volatility was driven by two stochastic processes. We illus-
trative with full detail how to use those methods to obtain asymptotic option price

formulas for given stochastic volatility models.



Although asymptotic option pricing formulas were derived and theoretical error
bounds were established, there is little knowledge about how the resulting formulas
fit real data. In the comprehensive survey paper by Bakshi, et al. [1], the authors
proposed a framework for testing alternative option pricing models. They tested
models from three major perspectives: internal consistency of implied parameters
with relevant time-series data; out-of-sample pricing; and hedging. To explore the
first point, we illustrate with model specifications which can be potentilly used to

infer volatility and market risk of volatity parameters in the models.



Chapter 2

Review of the
Black-Scholes-Merton Option

Pricing Theory

The theory of option pricing originated from the seminal works of Black and Scholes
[6] and Merton [15], in which they studied the problem of how to assign a fair price
to a European option in the sense of No Arbitrage. An arbitrage is defined to be
a trading strategy which begins with zero capital and at a later time has positive

capital with positive probability without having any risk of loss.

A European call option is a contract that gives its holder the right, but not the
obligation, to buy one unit of an underlying asset for a predetermined strike price
K on the maturity date T'. If Spis the price of the underlying asset at maturity

time 7', then value of the this contract at maturity, which is its payoff, equals

h(St) = (Sr — K)™. (2.1)



In the heart and sole of Black and Scholes’ theory is the idea of dynamic hedging:
the value of an option can be replicated by a dynamically adjusted portfolio consist-
ing the underlying asset and a position in a money market account. Based on the
No Arbitrage assumption, one must have the price of the option equal the price of
the replicating portfolio at any time before the maturity of the option. Black and
Scholes’ theory helped people to understand the nature of an option contract, gave
an satisfatory formula for finding the fair price of the option, and shed light on how

the writer of the option can hedge his short position.

Between 1979 and 1983, Harrison, Kreps, and Pliska used the general theory of
continuous-time stochastic processes to put the Black-Scholes option-pricing theo-
rey on a solid theoretical foundation. Those works include [10, Harrison and Kreps,
1979], [11, Harrison and Pliska, 1981], and [12, Harrison and Pliska, 1983]. Their
results enable people to price many other derivative securities and to build option

pricing models with considerable degrees of freedom.

In this chapter, we derive the Black-Scholes-Merton formula using the risk-neutral
method. The ideas and technical tools used here serve as the foundation of our

presentations in the following chapters. Our presentation follows [18] closely.

2.1 Replicating Portfolio

To facilitate our presentation, we first give the mathematical definition of Arbitrage.

Let (Q, F,P) be a probability space, W;,t > 0, be a Brownian motion, and F;,t > 0

be a filtration associated with the Brownian motion.



Definition 1 (Arbitrage). An arbitrage is a portfolio value process X, satisfying

Xo =0 and also satisfying for some time T > 0,

P(Xp > 0) =1,

P(X7 > 0) > 0.

If there exists a money market account with interest rate r, then an arbitrage can
be equivalently defined as a portfolio value process X; satisfying Xy, = xy and at a

later time T > 0

P(Xr > eTag) =1,
P(Xr > eTxg) > 0.

Consider a European call option with maturity 7" and strike K written on a stock

whose price dynamics is modeled by the geometric Brownian motion

dSt = MStdt + O'Stth, (22)

in which p and o are constant parameters called the drift and the volatility of the

geometric Brownian motion, respectively.

Black and Scholes argued that the value of this option can be replicated by a dy-
namically adjusted portfolio investing in a money market account with interest rate
r and the underlying stock S. Denote the value of this portfolio by X; and the

shares of stocks held by A;. The rest of the money is invested in a money market



account with interest rate r. (A negative value in the account meaning borrowing

at the rate of r.) The dynamics of the value of this porfolio is given by

dXt = AtdSt + T(Xt — AtSt)dt

(2.3)

= TXtdt + At(,u — T)Stdt + AtO'Stth.

And the dynamics of the dicounted portfolio value is given by
d(e_TtXt) == At(,u - T)e_rtdst + AtO'e_TtStth. (24)

Black and Scholes further argued that the value of the option, C, should be a
function of time t and the value of the underlying stock S;. Thus the dynamics of

the value of the option can be written as

1
dC(t, St) == Ct(t, St)dt + Cx(t, St)dSt + §sz(t, St)dStdSt
1
= Ct(t, St) + ,UStCz(t, St> + 502S§O$x(t, St) dt + O'Sth(t, St)th

(2.5)

And the dynamics of the discounted option value is

1
d(e "C(t,S;)) = e " rO(t, S; + Cy(t, S) + uS,Cr(t, S;) + 5025}20”(75, Sy)) | dt

+ eirtO'Sth (t, St)th
(2.6)



By replication, we must have

()= d( ey, (2.7)

So that we equate (2.4) and (2.6) and have

At(,u — T)dst + AtO'Stth
1
= |rC(t, Sy + Cy(t, S;) + pS;Cp(t, S;) + 50253(7”(15, S)) | dt + 0S,Cy(t, Sp)dW,.

(2.8)

Equating the dW; terms on both sides of (2.8) gives

A, = Oy, Sh). (2.9)

This equation is called delta-hedging. It means that at each time ¢ prior to expiration,
the number of shares of stocks contained in the hegding portfolio should equal the
partial derivative with respect to the stock price of the option value function at that
time. The quantity C,(,S;) is called the delta of the option. Then we equate the

dt terms in (2.9) and have

(1= 71)SCal(t, St)
. (2.10)
= —TC(t, St) + Ct(t, St) + ,U/Sth(t, St) + 50’253033.36@, St)

for all ¢ € [0, 7).

Simpify (2.10) a little bit, we have



Ct, ) + raCl(t, z) + %U%ZCM@, ) = rC(t, ) (2.11)

for all t € [0,T) and x > 0. This equation, together with the terminal condition

C(T,z)=(z— K)", (2.12)

is called the Black-Scholes-Merton equation, whose solution gives the No-Arbitrage

price of the European call option.

2.2 No Arbitrage Pricing

Notice that in the above Black-Scholes model, interest rate and volatiliity are as-
sumed to be constant. The only source of randomness is the Brownian motion W;.
It is because of this reason that the option can be hedged using the underlying stock
and the money market account. However, when we work with stochastic volatility
models in which new sources of randomness other than the one driving the stock

price are introduced, the above hegding strategy no longer work.

Although option pricing is fully justified when it is accomplished by a hedge for
a short position in the derivative security, we are maninly interested in finding a
fair price of the option in the sense of No Arbitrage. To this end, we derive the
Black-Scohles-Merton equation again using the risk-neutral pricing approach. The
risk-neutral approach explores the fact that there is a probability measure P, which
is equivalent to the probability measure P, under which the discounted stock price

process is a martingale. By equivalent we mean that the two probability measures



P and P agree which sets in F have probability zero.

Because of this, the discounted price of the option at time ¢ can be written as the
expectation of the option’s payoff under the risk-neutral measure conditioned on the
current information available. It further explores the Markov property of the stock
price process, which enables us to write the conditional expectation as a function of
time ¢ and the stock price at t. Using the Feynman-Kac formula, a partial differen-
tial equation can be obtained, whose solution gives the price function of the option

that will not lead to Arbitrage opportunities.

The existence of the equivalent probability measure P is guaranteed by the following

Glirsanov’s theorm.

Theorem 1 (Girsanov). Let Wy, 0 <t < T, be a Brownian motion on a probability
space (U, F,P), and let F;, 0 <t < T, be a filtration for this Brownian motion. Let

O, 0 <t < T, ba an adapted process. Define

t 1 t
Zy = emp{—/ 0.,dW, — 5/ @idu}, (2.13)
0 0

t
0

and assume that

T
E/ 02 Z2du < co. (2.15)
0

Set Z = Zp. Then EZ =1 and under the probability measure P given by

P(A) = /A Z(w)dP(w), (2.16)



for all A € F, the process W,, 0<t<T, is a Brownian motion.

Recall that our stock price process is modeled as a geometric Brownian motion under

P, whose dynamics is given by (2.2). It is well-known that the solution to (2.2) is

1
Sy = Soexp{(,u - 502)dt + ath}, (2.17)

in which Sy is the initial value of the process S;. Thus the discounted stock price

process can be written as

1
e S = Soexp{(,u —r— 502)dt + ath}, (2.18)

and its differential is

d(e”St> = (u—r)e "Sdt + oe " S dW;. (2.19)

We rewrite (2.19) as

d<6_TtSt> = O'e_rtSt |:@tdt + th:| s <220)

in which

0, =" (2.21)

O, is called the market price of risk. It means the excess return over the risk free

rate one can expect if one is willing to take one more unit of risk.

Now we introduce the probability measure P defined in Girsanov’s theorem, which
uses the market price of risk given by (2.21). In terms of Brownian motion W, of

that theorem, we may write

10



d(ertst) = UefrtStth. (222)

We call P, the measure defined in Girsanov’s theorem, the risk-neutral measure be-
cause it is equivalent to the original measure P and it renders the discounted stock

price e~ "'S; into a martingale.

The undiscounted stock price process S; has mean rate of return equal to the interest
rate under P. This can be seen by replacing dW; = —O,dt + dW, into (2.22). With

this substitution, we have

dSt = rStdt + O'Stth. (223)
More generally, we have the following definition for risk-neutral measure:

Definition 2 (Risk-neutral measure). A probability measure P is said to be risk-
neutral if
(1 )IFD and P are equivalent, and

(2)under P, the discounted stock price e™™S, is a martingale.

The following theorem, called the First Fundamental Theorem of Asset Pricing, tells

us how to check whether an option pricing model is Arbitrage-free:

Theorem 2 (First fundamental theorem of asset pricing). If a market model admits

a risk-neutral probability measure, then it does not admit arbitrage.

Now let X; be a replicating portfolio of the European option we are pricing. By

replication we have

XT = (ST - K)+CL.S. (224)

11



Since X; is always a linear combination of the underlying security and the money
market account and the discounted value process of both these two assets are mar-
tingales under P, we have that the discounted value of X; is also a martingale under

P. So that

e "X, =Ele T Xp|F] = Ele" (S — K)T|F). (2.25)

The value X; of the replicating portfolio is actually the capital needed at time t in
order to construct a hedge of the short position in the derivative security. Hence,

we call X; the price C; of the derivative security at time ¢, and (2.25) becomes

e 0y = EleT(Sp — K)T| A, (2.26)

Note that (2.26) can also be written as

Cy = EleT0(Sp — K)F|F), (2.27)

for0 <t <T.

This is called the risk-neutral pricing formula for the derivative security.

Notice that we had assumed that there exists a portfolio X; which replicates the
value of the derivative security. However, the exact replicating strategy was not
given. But we at least know that such priced derivative security will not lead to
Arbitrage opportunities. Thus it is a possible price for the derivative security. Th
issue of how to hedge a short position in such a contract may lead to another realm
of research. Here we focus on the problem of how to find a No Arbitrage price for

the contract.

12



In cases where we can construct a hedge for a short position in the contract, we
say that we have a complete market model. Otherwise the model is incomplete. In
the Black-Scholes model, we have a complete market. But in the cases of stochastic

volatility models, we will have incomplete market.

The following Second Fundamental Theorem of Asset Pricing links model com-

pletemess with the uniqueness of risk-neutral measure:

Theorem 3 (Second fundamental theorem of asset pricing). Consider a model that
has a risk-neutral probability measure. The model is complete if and only if the

risk-neutral measure is unique.

In the Black-Scholes model, the risk-neutral formula (2.25) can be evaluated explic-
itly. But if we do not have an explicit formula, we could compute the expectation
numerically by beginning at X; and simulating the paths of X, for ¢t < wu < T'. This
is the Monte-Carlo simulation method. However, this method could be computa-

tionally heavy and will only give the price of the derivative security at time 7.

There is another approach to find the value of the conditional expectation. This
approach explores the fact that solutions to stochastic differential equations of the

form

dXt = Oé(t, Xt)dt + 5({;, Xt)th, (228)

which include geometric Brownian motions as special cases, are Markov processes.
And so are measurable functions of Markov processes. The exact definition of a

Markov process is given as following:

Definition 3 (Markov process). Let (2, F,IP) be a probability space, let T' be a

13



fized positive number, and let F, 0 < t < T, be a filtration of sub o-algebras of
F. Consider an adapted stochastic process X;, 0 < t < T. Assume that for all
0 < s <t < T and for every nonnegative, Borel-measurable function f, there is

another Borel-measurable function g such that

Then we say that X s a Markov process.

In the above definition, the function f and g are allowed to depend on time. So
that we may also write f = f(¢,z) and g = g(¢,x). Using this fact, and dentoe the
stock price at time t by s, we have that there exists a Borel-measurable function

C = C(t,z) such that

C(t,z) = Ele"T=9(Sp — K)F|F] 2 EXleT=9(S, — K)1, (2.29)
in which z is the stock price at time t.
Our next important observation is that e "*C/(t, S;) is a martingale under P. This
can be seen as following:

Let 0 <wu <t <T. Since we have

e "C(u, S,) = Ele™(Sy — K)T|F,,

e "O(t,S;) = Ele (S — K)|F]

from (2.29), we take conditional expectation of the second equation and have

14



Ele " C(t,S,)|F.] = E[E[e (S, — K)T|F]|F.]

Ele (S, — K)*|F.] (2.30)

=e "C(u,Sy).

Since e " (C(t, S;) is a martingale, the dt term in the differential d(e="*C'(t, S;)) must

be zero.

1
T8 = 7| el Cut + CodS + 3C.adSS
1 (2.31)
= 677"1e |i—7'C + Ct + TC;E + §U2me:| dt + eirto'cxth'

Setting the dt term equal to zero, we obtain

1
Cy+rC, + 502096:,; —rC =0.

This equation, together with the terminal condition

C(T,x) = (z = K)7,

is exactly the Black-Scholes equation for Europrean call option.

The above arguments, which links the conditional expectation to a partial differential

equation, can be summarized by the following Feynman-Kac theorem:

Theorem 4 (Feynman-Kac). Consider the stochastic differential equation

dX, = B(u, Xy)du + y(u, X,,)dW,,.

15



Let h(y) be a Borel-measurable function. Fix T > 0, and let t € [0,T] be given.

Define the function

g(t,x) = E""h(X7).

(Assume that EM*|h(Xr)| < 00.) Then g(t,z) satisfies the partial differential equa-
tion

0(1,2) + Bt 2)g0(6,) + 3770, 2)g0e( 7) = 0

and the terminal condition

9(T;x) = h(z)

for all x.

2.3 Shortfalls of the Black-Scholes-Merton Model

An important concept in the practical use of the Black-Scholes-Merton formula is
implied volatility. The implied volatility of an option is the volatility value that will
equate the BSM formula to the observed option price. In the original BSM model,
volatility is assumed to be constant. If that is the case, then implied volatility should
also be constant However, during the years it has been observed that the volatility
surface of traded options’ implied volatilities in terms of time of time-to-maturity
and strike prices exhibit ’smile’-shaped curves, which is called wvolatility smile. This

implies that the constant volatility assumption is highly unrealistic.

One of the major efforts to correct this problem is stochastic volatility models. Major
works along this line include [14], [17], [19], [13], [2], and [16]. Most notably, Renault

and Touzi [16] showed that stochastic volatility models are able to recreat the smile

16



curves in cases where the volatility and asset driving processes are uncorrelated and
the risk premium process is a function of the volatility driving process only. This

becomes one of the biggest assets of stochastic volatility models.

17



Chapter 3

Common Volatility Driving

Processes and Their Properties

In this chapter we review two of the most important and widely used volatility driv-
ing processes, namely the Ornstein-Uhlenbeck (OU) process and the Cox-Ingersoll-
Ross (CIR) process. We give their basic properties and introduce some important
concepts associated with them, which will play key roles in the asymptotic expansion

methods introduced in chapter 4.

3.1 The Ornstein-Uhlenbeck Process

The Ornstein-Uhlenbeck process is defined as the solution to the stochastic differ-

ential equation

dY; = a(m — Y;)dt + BdW, (3.1)

where W, is a standard Brownian motion. The solution to this stochastic differential

equation can be written as

18



t
Vi=m+ (y—m)e ™ + ﬁ/ e~ =gy, (3.2)
0

assuming that the initial value of the process is y. From knowledge about stochatic
integrals we have that Y; is a Gaussian process. The contidional distrinution of

ot and standard deviation

Y; given Yy = y is normal with mean m + (y — m)e~
%(1 —e72%"). When t — oo, the mean value and standard deviation of Y; converge
exponentially fast to m and %, respectively. The limit distribution when t — oo is
called the invariant distribution, or unconditional distribution, of Y;. More precisely,
the invariant distribution Y of a process Y; is an initial distribution such that for
any t > 0, Y; has the same distribution. It is called 'invariant’ because it does not

change in time. The invariant distribution Y can be found by solving the following

differential equation:

CE{g(¥0} = SEEMN} =0,

where ¢ is arbitrary.

Since the OU process converges to invariant distribution as time goes on, it is called

an asymptotically stationary process, with a Gaussian stationary distribution.

The concept of invariant distribution is of key importance to the asymptotic expan-
sion method we will use to solve stochastic volatility option pricing models. Fan
[5] points out that the invariant distribution is also very important to statistical
inference of stochastic volatility models. If the initial distribution is taken from the
invariant density, then the process is stationary. And stationary plays an important

role in time series analysis and forecasting. The structual invariablity allows people

19



to forecast the future based on the historical data.

Fouque [7] pointed out that the OU process is ergodic, meaning that the long-run
time average of a bounded function g of the process is close to the statistical average
with respect to its invariant distribution:

1 t

t—»oot 0

in which (g) denotes the expectation of g under the invariant distribution.

An important concept associated with the process (3.1), or more generally, with
stochastic differential equations of the form of (2.28) is infinitesimal generator. Ac-

cording to [4], an infinitesimal generator can be defined as following:

Definition 4. Given a stochastic differential equation of the form of (2.28), the
partial differential operator L, referred to as the infinitesimal generator of X, 1is

defined, for any function h(x) with h € C*(R), by

Lh(t,x) = at, x)% + 562(75, )

o
0r?

Fouque [7] also pointed out that the invariant distribuiton is unique for ergodic

processes and can be calculated using its infinitesimal generator by solving:

E{Lg(Yo)} =0

for any smooth and bounded g.

One final important fact about the OU process has to do with the null space of its

20



infinitesimal generator £, i.e. the solutions of

Lo = ¢+ a(m—y)¢' = 0.

Fouque [7] showed that the solutions to this ordinary differential equation are of the

form:

Y 2 2 2
P(y) = Cl/ M= 250+ ¢y

for constants ¢; and cy. One shall be interested in solutions that are 'well-behaved’,
i.e. solutions that are not rapidly growing. For this reason, one may take ¢; = 0.
So that the only admissible solutions are constant over state y. And this fact is true

for ergodic Markov processes, which include OU and CIR process as special cases.

3.2 The Cox-Ingersoll-Ross Process

The Cox-Ingersoll-Ross (CIR) process is another popular process for stochastic
volatility modeling which is mean-reverting. It was first proposed to model the
dynamics of interest rates but also fits the purpose of volatility modeling. A CIR

process is defined as the solution to the following stochastic differential equation:

dY, = k(m’ — Y,)dt + n\/Y,dW, (3.3)

in which W, is a standard Brownian motion, x is called the rate of mean reversion,
and m’ is the long-run mean level of Y. This equation does not have a closed-form
solution. But the CIR process has an advantage over the OU process: the CIR pro-
cess is always nonnegative. This can be intuitively seen from the defining equation

that when the process approaches zero, the term multiplying dWW,; vanishes and the

21



postive drift term km/dt drives the process back into positive territory.

Although one cannot derive a closed-form solution for (3.4), the conditional distri-
bution of Y; can be calculated. While the computation is too long to be presented
here, we only give the result: Y; is a non-central chi-square distribution and the

expectation and variance equal

e—f{ty + m’(l _ e—nt)

and

2 man

2K

Ui

_y(efnt _ emef) 4 (1 - 267117& 4 672/%)’
K

respectively, in which y is the initial value of the process. As t goes to infinity, we
have that the mean and variance of the process of its long-run distribution is m/’

m/n? .
and 5, respectively.

3.3 Scales in Mean-Reverting Stochatic Volatility

Through studying the S& P500 index return process, Fouque [7] found another char-
acteristic of volatility series which is called fast mean-reverting. They estimated that
the S& P500 volatility returns to its long-run average level on a characteristic time
of 1.5 day. Inspired by this phenomenon and observing that the covariance of the
OU process (3.1) under its long-run distribution is

5 —ali—s]

B{(Y, — m)(Y; —m)} = e, (3.4)
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they assumed « to be a large constant which would cause the process Y to decorre-

late quickly, a mathematical description of fast mean-reverting. They further keep

V? = % as fixed and write 3 = vv/2a. Since « is large, its reciprocal € =

1

= is small.
o

We will see in the next chapter that this small parameter € plays the key role in
the asymptotic methods for solving PDEs resulting from option pricing models in

which the volatility driving process is fast mean-reverting.

For CIR process, the covariance function (3.4) becomes

/,,2

E{(Y; —m)(¥, —m)} = eI, (3.5)

/,,2 . .
Assume that v* = "= being constant, we can write 1 = V252 - Denote € = L, we
K vm/! K
\/§V

can further write n = Nk
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Chapter 4

The Asymptotic Expansion
Method

4.1 Background and History

The asymptotic expansion method, also called the perturbation method, is used to
find an approximate solution to a mathematical problem which cannot be solved
exactly, by starting from the exact solution of a related problem. It leads to an
expression for the desired solution in terms of a formal power series in some small
parameter that quantifies the deviation from the exactly solvable problem. The
leading term in the power series is the solution of the exactly solvable problem,
while further terms describe the deviation in the solution, due to the deviation from

the initial problem.
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4.2 An Illustrative Example

We use the CIR stochastic volatility model to illustrate the asymptotic expansion

method.

4.2.1 Model setup

The model we use here for illustrative purpose is similar to the model used in Fouque
[7]. The difference is that we model the volatility process as a CIR process whereas
Fouque used an OU process as the driving process for volatility. This enables us to
get rid of the unspecified function f as that in Fouque’s model, which is an non-
negative function used because the OU process may take on negative values. Our

model under the real-world probability measure is as the following:

Let (Q, F,P) be a probability space, W, be a Brownian motion, and F; the filtration

associated with the Brownian motion.

dXt = IUXtdt + O'tXtth,
Oy = vV }/ta
1 V\/§
dY, = —(m — Y)dt + ——=+/Y,dZ;
t E(m t) + \/E\/m\/_t to
ZF = pWy + /1 — p*Z,,

where W, and Z, are independent standard Brownian motions. Note that dW;dZ; =
pdt. The specification of the drift and diffusion of Y; follows the reasoning in section

3.3.
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4.2.2 Derivation of option pricing equation

We look for an equivalent probability measure under which the discounted process
e~ "X, is a martingale. To do this, we need the following multiple dimension version

of the Girsanov’s theorem:

Theorem 5 (Girsanov, multiple dimension). Let T be a fized positive time, and let
W = (Wt(l), e ,Wt(d)) be a d-dimensional Brownian motion on a probability space
(Q, F,P). Assiciated with this Brownian motion, we have a filtration F;. Denote

F =Fr. Let © = (@ﬁ”, e ,@ﬁd)) be a d-dimensional adapted process. Define

t 1 t
7, = exp{—/ 0, - dW, — 5/ | ©u ||2 du},
0 0

t
W, =W, + / 0,du,
0

and assume

T
IE/ | ©. |2 Z2du < oo.
0

Set Z = Zp. Then EZ =1, and under the probability measure P given by
P(A) = / Z(w)dP(w)for allA € F,
A

the process Wy s a d-dimensional Brownian motion.

In the above definition,

t t d d t
/@u-qu—/ Z@g’)dWﬁ—Z/ e dw W,
0 0 =1 =170

| ©. || denotes the Euclidean norm
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and

with

WY :Wt<”+/ OV du,j=1,---
0

We introduce the probability measure P using

@§1):M—7”

O

and

@wg) =,

in which 7, = v(Y;) is an unknown function called market price of volatility risk.

The choice of v is not unique, thus the stochastic volatility model gives rise to

an incomplete market in which the process (7;) parametrizes a space of equivalent

measures. For each choice of v, we denote the corresponding equivalent martingale

measure by PO,

Under PO, model (4.1) becomes
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dXt = TXtdt + O-tXttha

o1 = VY,
dY; = 1(m Y;) — \/Vt( 1_p27(n)>]dt+\/—\\//§m\/?td2t*7

Z: = th + v 1-— p2Zt'

(4.2)

And the corresponding risk-neutral valuation formula is

C(t,z,y) = E e T9(Xy — K)*|F}. (4.3)

Through an application of the Feynman-Kac theorem, we have that the function

C(t,z,y) should satisfy the following partial differential equation:

VY2 YCoy— \/I/—\/\/—— (y )C + v ?Joyy+1 (m—y)Cy =0

(4.4)

1
Ct—f—Qx Y?Cpptr(2C, C)+p\/_\/_

in which, A(y) = /y| p== + /1 — p*y(y) |, and the terminal condition
L PPy

C(T,z,y)=(xr— K)*.

The partial differential equation (4.4) involves terms of order 1/e, 1/4/€, and 1.

Introducing the following notations, we can write equation (4.4) more succinctly:
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V2 9?
Ly = Eya—yQ + (m — Z/)a—,
2 2 2
P T ) as
Vm 7 0xdy  /m Ay
g 1, ,0% 0
La=gptavega trivg, =)
and
o+ 2o+ c)c=0 (4.6)
B 0 \/E 1 2 — Y
with terminal condition
C(T,z,y) = (x — K)+. (4.7)

4.2.3 Asymptotic expansion of option price function

The method introduced by Fouque is to expand the solution C' in powers of /e,

C:CO+\/E01+ECQ+€\/E03+..., (48)

where C,C1,...are functions of (¢,z,y) to be determined such that Cy(T,x,y) =
(x — K)*. And we only need the first two terms Cy and C to obtain a approximate
option pricing formula with error bound that can be proved. The terminal condition

for the second term is Cy (T, z,y) = 0.

Substituting (4.8) into (4.6) leads to
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1 1
Eﬁoco + %(5001 + L£,C))

+ (LoCq + L1C) + L2C))
+Ve(LoCs + L1Cy + LoCh) (4.9)
+ o

=0.

Equating terms of order 1/¢, we must have

LoCy = 0. (4.10)

Since the operator £; only acts on y, we have that Cy does not depend on vy, i.e.

Co = Cy(t, ), (4.11)

And then equating terms of 1/4/€, we must have

LoCy + £1Cy = 0. (4.12)

The operator £, takes derivatives with respect to y but Cy does not depend on v,
so that £,Cy = 0. And thus we have £,C; = 0. Similar to Cy we have that C; also

does not depend on y, so we have

(4.11) and (4.13) are important in that they imply that the sum of the first two

terms Cy + 1/€C does not depend on the present volatility. The order-1 terms give
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£002 + £101 + £200 - O (414)

Again, since C; does not involve y and £, takes derivatives with respect to y, we

have £,C7 = 0. Thus the above equation reduces to

EOCQ + EQC{) - O (415)

The variable x being fixed, £,C) is a function of y since £, involves f(y). Focusing

on the y dependence only, equation (4.15) is of the form

£0X +g=0. (416)

This equation is called a Poisson equation for x(y) with respect to the operator
Ly in the variable y. It does not have solutions unless the function g(y) is cen-
tered with respect to the invariant distribution of the Markov process Y. Here
the centering condition implies (£2C5) = 0. And since Cy does not involve y, this
means (L9)Cy = 0. Notice that (L,) is the Black-Scholes operator with volatility
parameter being the expectation of o, under its invariant expectation. Denoted by
g, this expected value of o, is called the effective volatility. Therefore Cy(t,x) is
the solution of the Black-Scholes equation L5g(5)Cy = 0 with terminal condition

Co(T,z) = (v — K)*.

From (4.15) we also know that £,Cy = —L2Cy. For the next step we will try to
simply the expression of Cy in order to obtain an expression for C;. Observe that
there is only one term in the operator L, that involves y and Cy does not involve y.
So that £2Cy and (L2Cy) would differ only for one term that involves y. Also notice

that we have (£2Cp) = 0 from the centering condition, thus we can write £oC5 as
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1 o,y ,0*Ch
LoCy = —(L2Cy — (L2Ch)) = —5(3/ —0%)x 2 (4.17)
So that the second correcting term C5 is given by
Lo g 20°Co
02(t7x7y) = _550 (y — 0 )I W (418)

For notational convenience, we introduce a function ¢(x) which solve the equation

Lop = y* — 7°. (4.19)

This function ¢ can be defined up to a difference of a contant ¢(¢, x) in terms of y.

With this function, we can write C5 as

9*Cy

1
Now we can equate the term of order /€ to zero, which gives
LoCs + L1Cy + LoC7 = 0. (4.21)

This is again a Poisson equation for C5 with respect to Ly, whose solvability condi-
tion implies
(L1Cy 4+ LoC) = 0. (4.22)

Using the fact that the function C does not involve y and notice that (£y) = Lpg(7),
and then plug in the the expression for Cy from (4.18),we can rewrite the above

equation as
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— (LG

= 3{@alot) + tr. G20

- (LSl

- (T varzy - gy (o a>> o
:%<€%”xyaf;y<¢< o) - ﬁ g (0 5))
=3 (+52) e

= 2 sy (25 2)- ?\FW o

To further our calculation, we need to calculate the derivatives of Cy with respect
to x explicit. Recall that Cj is the Black-Scholes formula with long-run averaged
volatility &. It is explicitly given by

Co(t,z) = xN(dy) — Ke " TN (dy), (4.24)

where K is the strike price, T' is the experiation date, and

4 In@/E) + 0+ CNT —t)

oVl —t
4y — In(z/K) + (r—%)(T —1t) 4 oVT R

oVT —t

where N denotes the distribution function of standard normal distribution.
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The first derivative of Cjy with respect to x, which is known as the delta, is calculated

as

aC,
S = N(d). (4.25)

The second derivative of Cy with respect to x, which is known as the gamma, is

calculated as

or* x0T —t

in which ¢ denotes the density function of standard normal distribution.

And the third derivative of Cy with respect to x, which is known as the speed, is

calculated as

PCy o) ( a 1)
ox3 x20\T —t \o/T —t (4.27)
_ 1 dq 41 9*Cy '
o \oJT — ¢ ox?
Now that we have
28200 _ l’¢(d1>
0x? oVT —t’
and thus
(G (S st
Ox Ox? oVT —t (T —1t) (4.28)

rp(dy)  wo(di)dy

oV —1t O'Q(T—t)'
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Observe that

B T—t ox?

3C, d 02C,
3 0 2 1 0
T — I

ox3 (0‘ )

— g2 dy ¢(d1)
B (0 T—1t * 1) zoIT —t (4.29)
_xg(dy)  xg(di)dy

ovVT —t 3T —1t) '

So that

8 8200 . 8300 .T¢(d1)
9°C 0°C '
=a° 8m30 + 22 8;1:20'
Substituting the second equation of (4.30) into (4.23), we have
(LoCh) = Lps(0)Ch
0 0*C 2 0*C
= L2 (252 ) -2 p eSS
\/_ , PC 5 0*C V2 v , 0*C
= Lo (G + 250 ) R ) )
;0 0*C
= e G0+ (VI o) - S )5,

(4.31)

with terminal condition Cy (7T, z) = 0.

Now it is convenient to donote the first correction term /eCy(t,z) by Ci(t,z) and

rewrite the RHS of the last equation in (4.31) in terms of H(t,x), Vs, V3, which are
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given by

820 *C

14

Vo = m(%@d@)) — (A(y)d' (v))), (4.32)

Vi = é;—’”ﬁ@gb'(y».

Multiplying both sides of (4.31) by /e = \/ia, we have

~ 02Cy 9Cy
Lps(3)Cy = —(T —t)H(t, z) = Vox? + Via? : 4.33
ps(0)Cr = —(T = )H(t,2) = Vya* 2 + Vi = (433)
Using the fact that the operator z™ 6‘1 — commutes with the operator x" aa where
m and n are positive intergers, we have that the operator xmaaz—m commutes with

Lps(7). This observation is important in that it enables us to write C explicitly as

Ci(t,x) = —(T —1t) (Vga;? 855;0 + Viz? a;;o). (4.34)
To check this, we see that
Lps(@)(—(T —t)H(l, x))
— (g + 57 g+ =) ) (+(T = (1 2)
~ 1) - (7= 0ns(o) (Ve T v’ CO) (4.35)

= H(t,z)— (T — )(sz %(535( )Co) + Vaz® W(ﬁBS( )Co))

= H(t,z),

in which we use the fact that Lps(5)Co = 0.
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Now we can give first-order corrected pricing formula. Denoting the exact solution
to the equation (4.6) with terminal condition (4.7) by Cgsg, since it is not the Black-

Scholes price function but closely related to the Black-Scholes function, we have:

9%C,
ox?

~ 5 3
OBS ~ C() + Cl = O() - (T - t) (‘/21‘2 + ‘/:31'38 CO), (436)

Ox?

in which Cj is the Black-Scholes price with volatility parameter equals the long-run
averaged volatility, which is essentially the expected value of the process Y; given in
(4.1) with respect to its invariant distribution.

. . . . 2 3 . =
If substituting in the expressions of xz% and a:?’%, we can further write C as

8. ré(dy)

1= —
o

d
(Vs —VoWT —t + v;)gl . (4.37)

Expression (4.37) will be useful when we show how the parameters V, and Vi can

be calibrated from implied volatility data in the next section.

4.2.4 Implied volatility and calibration

The implied volatility, denoted by I, is initially defined as the value of volatility
parameter that will equate the Black-Scholes pricing formula to the option price

observed from the market. Mathematically, we write

Cps(t,; K, T; I) = COserved(t o K T). (4.38)

When dealing with generalized option pricing models, like the one we have here, the

definition of implied volatility should be modified as the value of volatility parameter
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which will equate the theoretical pricing formula to the option price observed from

the market. In our setting, we have

Cps(t,z; K, T; 1) = Cved(t o K. T). (4.39)

To exploit the information contained in the implied volatility data, we first expand
the implied volatility I in powers of y/e¢ around the long-run avaraged volatility 7:
I=c+ el +ely+---. (4.40)

Then we take the Taylor expansion of the model theoretical option price function

Cpg in its volatility parameter around the long-run averaged volatility :

Cps(t,x; K, T;1) = Cps(t,; K, T;5) + (I — 7)

.
+([—0)2882;95(25,:&K7T;J)—|----

Substituting (4.40) into (4.41), we have

oC
BS (4, 2: K, T; )
0'

Cps(t,x; K, T;1) = Cps(t,x; K, T;5) + Vel

2
+e IZaCBS(thTUH—IQaC (t, 2 K,T:5) |+
do do?

= Cps(t,z; K, T; a)+\f11‘9§BS(t K, T;5) + Oe).
(4.42)
On the other hand, we have
GBS == Co + \/ECl + GCQ + ey (443)
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and Cy = Cpgs(t,z; K,T;5). So that we can equate the order € terms in (4.42) and

(4.43) and have

or
~ 1
Vel = el 3235 (t,x; K, T;0)| . (4.45)
g

We will see that 805’5

525 (t,x; K, T; &) contains information about V5 and V3, which are

the parameters needed for option pricing. So that calibrating the implied volatility
expansion to market data up to the accuracy of order /e will be enough for option

pricing purpose.

Substituting (4.45) into (4.40) gives

A —1
%(t, K, T;6)|  +0(e). (4.46)

The partial derivative of the Black-Scholes pricing function with respect to its volatil-

ity parameter, known as wvegga, can be calculated explicitly as

88035 = 2¢(d))VT — ¢
o

e B/2 T (4.47)
B Vor

Substituting (4.47) together with the expression (4.37) for Cy = \/eCy into (4.46),

we have
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o o (dy) ﬁ;

I=6+=— {(Va—%)VT—t+%5]x¢(dl)m+O<e>

s ﬁ {(V3 —VoWT — t + V;;%] +0(e)

L Vd V-V

Sy =S = oI (145)
Vs [In(z/K Vs — Vi

| e e el
Vs [In(K Vs, 3 v

This shows that the implied volatility function is an affine function of the log-

moneyness-to-maturity ratio (LMMR) up to order O(e).

Denote

V3
a = —g,
b_—_i_E(_{_%—z)_E (4.49)
SO T G’
we can express Vo and V3 as
i 3 _,
Vo=35((6 —b) —a(r+ =5°)),
2 (4.50)

Since a and b can be calibrated from implied volatility data, the corrected option

pricing formula (4.36) can be evaluated.
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4.3 Remarks

In [7, Fouque,2000], they use the model

dXt = IUXtdt + O'tXtth,
Ot = f(lft>7
dY, = a(m-Y;) + BdZ,,

Z, = pW, + V1= p?Z,

(4.51)

in which W; and Z; are independent Brownian motions and f is an unknown non-

negative function. The corresponding option price formula is

Ct,z,y) = Co— (T —1) (VQJUQ (4.52)

And the implied volatility expansion is the same as (4.48) with V5 and V5 given by

V= 5 (20(f6) — (A)).
(1),

(4.53)

pv
Vi =
’ V2o

where A(y) = p% + v+y/1 — p? and ¢ solves the equation

Lo = f2(y) - <f2>-

For the model (4.51), Fouque also showed for smooth and bounded terminal condi-
tions (which the European call option does not satisfy) that the difference between
the first order approximation and the exact solution of the problem is controlled by

a constant times ¢, in which the constant is independent of ¢ but may depend on v,
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the current state of the volatility driving process.
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Chapter 5

Multiscale Expansion

In [9, Fouque,2003], a multisacle version of the asymptotic expansion method is
developed. The multiscale expansion method is able to deal with models in which
volatility is driven by two stochastic processes, both of whcih are fast mean-reverting.

And the two processes are allowed to run on different scales.

In this chapter, we propose a relatively simple model in which volatility is modeled
as a linear combination of two CIR processes. This model is motivated by the factor
model in portfolio optimization. We assume that asset volatility consists two parts:
market volatility and asset-specific volatility. In reality, the VIX index can serve
as the market volatility component and the remaining part can serve as the asset-
specific volatility component. Using the multiscale expansion method, we come up
with an implied volatility function with richer structure than that in the single-scale

case.
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5.1 A Volatility ’Factor Model’

We consider the following two-factor stochastic volatility model uder the real world

measure:

dXt == MXtdt + UtXtth(O)a
o = Y, + B2 Zy,

1
4V = =Yt + e "“f \/YtdW
€

ms — Zy)dt + 2\[  Z,aw®

dZ; =
' \/3\/m2

1
50

where Wt(o), Wt(l) and Wt(Q) are standard Brownian motions whose correlation struc-

tures are given by

d<Wt(O)a Wt(1)> = p1dt,
d<Wt(O)> Wt(2)> = padt, (5.2)

AW WY = pradt.

Through an application of Girsanov’s theorem, and assuming that the market price
of risk functions are zero, we obtain the model under the risk-neutral probability

measure:
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dXt = TXtdt + O'tXtth(O),

Ot = /61}/;5 + ﬁ?Zh

1 V2 = (1)
dY, = - —Y,)dt Y dW,
¢ €(m1 1) +\/E\/m_1 a7,

1 2 .
dZ, = —(ms — Z,)dt + v2v2 V2 dW
5 Vo /ma

(5.3)

where Wt(o), Wt(l) and th) having the same correlation structure as Wt(o), Wt(l) and

w.

5.2 The Pricing PDE

By the No Arbitrage argument, we have the call option price under our model should

satisfy the following partial differential equation:

56’506’5(t,x, y,z,q,u) =0,t < T,

0676(T7 x,Y,z,4q, U) = (I‘ - K)+7
where the operator £%s given by

1 1 1 1 1
LOE Lo+ —L1+ Lo+ —=Mi+ My + —=Ms,
e’ Ve ' 2 Vo M Ved ’

in which
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o v 9

Ly = (my — y)a—y + Eya_y?’
. 7/1\/5 82
Ly = \/m_lpl(ﬁw + ﬁQZ)yxaz—Gy’
B 0 1 9 9 0? 0
‘62 - 825 + 2(51y+ﬁ22) X aLUZ +r<x8x - ')7
v /2 P (5.5)
_»
M, = mpz(ﬁly + 622)296—8:082’
0

My = (my —z)a + m—226Z2,

_Adnisprs 0?

Ms =

My bz oyoz

Here, the operator L, is the Black-Scholes operator with volatility parameter equal
01y + Boz. Lo and My are the infinitesimal generators of the CIR processes Y;
and Z;, respectively. £; and M3 contain the mixed partial derivative due to the

correlation between Brownian motions driving the stock price and volatility factors.

5.3 Asymptotic Expansion

We first consider an expansion of the price in the powers of v/,

O = CS+ Vo0 +6C5 + -+, (5.6)

According to [9], the leading order term Cf is defined as the unique solution to the

following boundary value problem

46



1 1
<E‘C° + bt 52) Cs =0

Cs(T,x,y) = h(x).

(5.7)

and the term Cf is defined as the unique solution to the boundary value problem

1 1 1
<Z£0 + %ﬁl + Eg) Cf = — (M1 + %M:g) CS

C{(T,z,y) =0.

(5.8)

Techniques available so far are only able to calculate the first correction Cf.

Next we will expand C§ and C¢ in powers of /¢, the square root of the fast scale, to

obtain an approximation for the price C%°. Specifically, we will consider expansions
Cr=Cox + \/EC'L;c +eCyp + ---for allk € N.

5.3.1 Expansion in ¢

The expansion of the first term Cf gives

CS = C() -+ \/ECI,O + 602’0 + 63/20370 + .- (59)

Plug (5.9) into (5.8) we have

1 1
(Eﬁo + %51 + Ez) (Co +VeCi g+ €Cog + 63/203,0 +ee ) =0

which gives
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1 1
EEQCO + % (;Cocl’o + [,100) + <£00270 + ECLQ + £200> +-.-= O

Find the equations associated with the first two leading terms are

LoCy =0 (5.10)
LoCho+ LoCy =0 (5.11)

These are two homogeneous partical differential equation in y and ¢ and we therefore

take

Co = Cy(t,x,z,u)

and

01’0 = 0170(25, xT,z, u)

Note that the order one terms give

LoChp+ L2Cs =0 (5.12)

since LoC1p = 0. This is a Poisson equation in Uy w.r.t the variables y and q.
And there will be no solutions unless £5Cj is in the orthogonal complement of the
null space of £f, which is called the Fredholm alternative of £y. This is equivalent
to saying that £,C\ has mean zero w.r.t the invariant measure of the CIR processe
Y}, i.e. (£2Ch) = 0. Here the bracket notation means integartion w.r.t the invariant

distribution of the CIR processe Y .Because C, does not depend on y or g, we have
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(L2Co) = (L£2)Cy

where

2
(Lo) = % + (%53@2) + B152(y)z + %537:2) x287 + r(xg _ .)7

the Black-Scholes operator with volatility

(0*(y, 2)) = 07(2),

where &(z) is introduced for notational convenience.

According to [9], the function Cj is defined as the solution to the following boundary

value problem

<£2>CO — O
(5.13)
Co(T,x,z,u) = h(x)

Thus we have

Co(t,z,2,u) = Cpg (t, z; B5%(2) + f(u), 5(2))

with Cpg being the Black-Scholes pricing function.

Next we derive an expression for C} . From the Poisson equation (5.12) and the

associated centering condition we deduce that
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Coo = —Egl(EQCO)
(5.14)
= —L;"(Ly = (£2))Cy

up to an additive function which does not depend on y and which will not play a
role in the problem that defines €' y. The next order term in the e expansion gives
the following Poisson equation in Csp:

EOCZ&,O + 5102,0 + LQCLO =0 (515)

The centering condition for this equation

<£10270 + £201,0> =0

gives the following problem that defines C p:

(L£2)C1o = —(L1C2p)
= —(L1(=Ly (L2 = (£2))Co))
= (L1L5" (L2 — (£2)))Co (5.16)
2 AC,

Cio(T,z,z,u) =0

The function €' o can in fact be written as

Cro = —(T — t).AC,. (5.17)

To see this, we compute the opreators explicitly. To facilitate calculation, we intro-
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duce a function ¢(y, z) which solves the following Poisson equation:

Lop(y,2) = L2 — (La)
82

- [3810 = )+ sty — ]2 (5.18)

{ ﬁl(?/ —1/1 ml)—i—ﬁlﬁz(y ml) ] 2%.

Note that ¢ is defined up to an additive function that depends only on the variables

z, which will not affect A. With these notions, we have

A= (LiLy Ly — (L))

= (L18(y, 2)) (5.19)
. Vl\/_Pl [0)0) dp 0 2 0?
Y (ﬁl( y>+ﬁ2 2 Dy 3 )" Tor\" 922 )
Using the fact that the operator xmgm—m commutes with the operator x" n, which
m O™

implies that the operator commutes with (L), we can verify that the function

8m

C1, ginven by (5.17) does solve problem (5.16):

(L2)Chr o = (Ls) <—(T — t)ACo)
— (T - ) Ac — (T - L AC (520)

- ACO

5.3.2 Expansion of Cf

We next carry out the expansion of C¢ in powers of /e. We write
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Cf = CO,l + \/201,1 + 60271 + 63/203,1 + - (521)

and derive below an explicit expression for Cp ;. Substituting the expansion of Cf

into (5.8), and equating the order 1/e terms, we have

;C()COJ = 0

As before, this implies that the function Cp; does not depend on the variable y.

The next order terms give

LoCr1+ L£1Ch1 = —M3C

Note that £, takes derivatives w.r.t y and ¢ whereas Cj; does not involve y. So
that £,Cp; = 0. For the same reason we have that M3Cy = 0. Consequently we

have

LyCr1 =0,

which implies that C; = Cy (¢, x, z), the same as Cy o and Cj .

Evaluating the terms of order one, we have

LoCoy + L1C11 + L2Cy 1 = —M1Cy — M3Ch .

Using the facts that £,C}; = 0 and M3C, = 0, we have

LoCo1 + L2Ch1 = =M, C.
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This is a Poisson equation in y for C5;, and the associated solvability condition

gives the following defining equation for Cj ;:

(L£2)Co1 = —(My)Cy

Coa(T,x,z,u) =0

Observe the fact that

(My) = <\j£pz(ﬁly + B352) 2r >
= [% o(Bimy + foz)zx T }aﬁ
£ M1%,

and that
9Cy _ 9Cy do
9z o 0z

= (T~ 0)5(2) () 00

we have that Cp; can be written as

Con =

To check this, we have

23

(5.22)

(5.23)

(5.24)

(5.25)



(L2)Co1 = (L2) {(T; 2 <M100>]

= (L,) [(T i Mlﬁ(z)ﬁ/(z)xz%}
= (€T3 5 st g + L0 (eamaer ol )

= (T - t)Mla(z)a'(z)xQZig + (T ; t) (Mla(z)cr'(z)ﬁ@(Eg)Cg)

= —Mlco.

5.3.3 Price approximation

From the expansion of C<°,CS and Cf in (5.6), (5.9) and (5.21), respectively,we

deduce that the call option price in our model can be approximated as

O~ Oed 2 Oy + VePr o+ \/5P0,1

— o (1) (Ve ﬁwﬁ)co,

:CO—(T—t)(\/_yl\/\/;pl (5 + st Y (o aax)
_ \/73”2\/\/%)2 (Bimy + Poz)za aa(;) Co

- o= (VPRI (50750 + sty 20 )

— (T - )\fw\/\@2 (B + Br2) 20 (2 )x%)%

(5.27)

in which we used the facts that
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oC) _ oGy,

5, 5o a'(2) (5.28)
and
9*C 1 0C
2 0o _ 0
Yo T (T —t) 0o (5:29)
Introducing notations
€ 11vV2p1 ¢ d¢
V= VL (504758 + st )
JE3 (5.30)
s _ Voln 2p2 .y
V - 2 \/m—g (6lm1 + /622)20- (2)7
we can write the approximating formula (5.27) as
- 0 0\ 0C
€0 — . €. 2 i 0,. 7 _0
C Co (V o (T —t)V x&v) 5 (5.31)

We will see in the next section that the parameters V¢ and V° can be obtained
by calibrating expanded implied volatility function to observed implied volatility

surface.

5.3.4 Implied volatility

Recall that the implied volatility [ is defined as the volatility value which will equate
the Black-Scholed pricing function Cgg to the corresponding option price observed

on the market:

Cps(t,x; T, K, I) = Cvd(t 2: T, K).
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Since we also have

C«e,5 — Cobserved(t’ IL‘,T, K),

we have

Cps(t,z;T,K,I) = C. (5.32)

On the one hand, we can expand the implied volatility as

I=Lh++D1+--, (5.33)

in which I and I? are proportional to /¢ and V3, respectively.

Next, we apply Taylor expansion to the Black-Scholes preing function Cpg(t, ; T, K, I)

w.r.t the implied volatility parameter around I, and we have:

0Cps

Cps(t,z;T,K,I) = Cps(Iy) + (If + If)w(fo) SR (5.34)
On the other hand, we have deduced that
0 0\ 9C
€,0 ~ . €. 2 o 0, 7 _0
C° = C) <V o (T —t)V :L‘8$> oy (5.35)

Matching terms of corresponding orders in (5.34) and (5.35) we have
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0Cps 9%C,
¢ = € 5.36
h oo (fo) v xf)x@a’ ( )
oC 9°C,
5y BS _ i S 0
L P (Iy) = (T —t)V xax(‘)a'
Combined with the fact that
0\ 0Cgpg d; 0Cgs
e —(1- .
(xax> o ( T —1 t) 9o (5:37)
(5.36) implies that
dy
e ve(ie 5,
ovi—t (5.38)

lfz(T—t)V5(1—W%).

Substituting Iy = d(z) and (5.38) into (5.33), we have that the implied volatility

function can be approximated as

I%a—Ve(l— W%)JF(T—&V&O— N%) (5.39)

Substituting in

o @/K)+(r+ F)(T 1)
' oVl —t ’

we have
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I~5+ ﬁln;x/m + VG(T jL_%) + VT —t) (1 ! f%g)—vféln(x/[()
) 1 _tK e +2 VO; (5:40)
— 0+V€(6n(<;f/_ t)) + <T;T))+V6(T—t)<1 L 67)—?111(3:/[().

This shows that the parameters V¢ and V° can be estimated by calibrating (5.40)

can be calibrated to implied volatility surfaces.
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Chapter 6

Discussion

The asymptotic expansion methods provide us with a relativly general tool for solv-
ing stochastic volatility option pricing models. It exploits the fact that asset returns

volatility processes sometimes are fast mean-reverting.

However, several problems with the methods need to be pointed out. First of all, the
methods depend heavily on the assumption that volatility is fast mean-reverting,
i.e. the rate of mean-reverting of the volatility driving process is large. However,
this point was only checked for a sample of high-frequency S&P500 index data.
Whether volatilities of different assets are fast mean-reverting in general have not
been tested. Thus, the general applicability of the methods may be questioned.
Also, high-frequency data are known to be influenced by the market micro-structure
phenomenon. So whether the fast mean-reverting is a characteristic of volatility pro-
cesses in general, or is it a characteristic of specific asset (e.g. caused by the liquidity
of the asset) also needs to be investigated. And most importantly, the convergence
of the asymptotic expansion methods depends wholly on the reciprocal of the rate

of mean-reverting. So that if the fast mean-reverting assumption is violated, then
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the valitility of the methods will be seriously flawed.

Secondly, as it pointed out by the authors in [7] as well as in our remarks in section
4.3, the asymptotic methods are model-insensitive, meaning that different models
will wind up with structurally identical pricing formulas. Notice that parameters
in the models can be further estimated after one calibrates V, and V3. It would be
an interesting experiment to do if one can make further inference of the parameters
in the models using those V5 and V3 to see whether those common parameters, e.g.
rate of mean-reverting and volatility risk parameter, in different models will have
similar values.

Finally, although the asymptotic expansion methods result in implied volatility func-
tions with rich structures and thus fitting ability, the out-of-sample pricing power
of the resulting price formulas remains unknown. Actually most of the literature
associated with the asymptotic expansion method emphasize how well their model
implied volatility function fits observed implied volatility surface, whereas the pric-
ing performance of the resulting formula was almost untouched. One may notice
that as long as one incorporates more randomness into the model, one will get
richer structure for the model implied volatility function, which will surely fit ob-
served implied volatility surface better. One example that illustrates this point is
[3], in which the author built a model with five Brownian motions and wind up
with an implied volatility function that fits data almost perfectly, as alledged by
the author. But there is no guarantee that a model that fits implied volatility data
better will also fit option price better. Actually it had been showed that stochastic
volatility option pricing models do not have very good out-of-sample pricing ability
(see [1]). Since the asymptotic expansion methods is model-insensitive, it probably

inherits features of option pricing formulas of stochastic volatility models in general.
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The above points may be further investigated in order to make the asymptotic

expansion methods more convincing.
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