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Preface

This book is an outcome of the CIMPA-UNESCO-MESR-MINECO-MOROCCO
research school entitled “Statistical Methods and Applications in Finance and
Actuarial Science”. The research school, organized by the Cadi Ayyad University
in Marrakech, in collaboration with the International Centre for Pure and Applied
Mathematics (CIMPA), was held in Marrakech and Kelaat M’gouna between 8 and
20 April 2013.

This volume of proceedings from the conference provides an opportunity for
readers to engage with the lecture notes for two of the courses and seven refereed
papers that were presented during the school.

The volume comprises two parts. The first is devoted to applications in Finance
and includes a series of lectures presented by F. Viens during the conference
entitled “A didactic introduction to risk management via hedging in discrete and
continuous time” as well as three refereed contributions. The first of these, by
M. Eddahbi and S.M. Lalaoui Ben Cherif, entitled “Sensitivity analysis for
time-inhomogeneous Lévy process: a Malliavin calculus approach and numerics”,
is devoted to the study of sensitivity analysis, with respect to the parameters of the
model, within the framework of a time-inhomogeneous Lévy process. The second,
by N. Privault and D. Yang, is entitled “Variance GGC asset price models and their
sensitivity analysis” and treats the problem of computation of sensitivities or Greeks
under different examples of Lévy type models. On the other hand, the third con-
tribution, by J. Vives, entitled “Decomposition of the pricing formula for stochastic
volatility models based on Malliavin-Skorohod type calculus”, treats the problem of
obtaining decompositions of the derivative price formula for stochastic volatility
jump diffusion models that clarify the exact role of correlation and jumps in
derivative prices.

The second part of this volume is devoted to applications to Insurance and the
study of stochastic differential equations of different types. This part opens with the
lecture notes for the course by B. Djehiche, entitled “Statistical estimation tech-
niques in life and disability insurance—a short review”. This lecture is a short
introduction to some basic aspects of statistical estimation techniques known as

vii



viii Preface

graduation techniques in life and disability insurance. Subsequently, four refereed
contributions are included. The contributions by A. Al-Hussein, A. Al-Hussein and
B. Gherbal, entitled respectively ‘“Necessary and sufficient conditions of optimal
control for infinite dimensional SDE” and “Sufficient conditions of optimality for
forward-backward doubly SDEs with jumps”, are devoted to optimal control
problems. The contribution by M. Benabdallah, S. Bouhadou and Y. Ouknine,
entitled “On the pathwise uniqueness of solutions of one-dimensional stochastic
differential equations with jumps”, treats the problem of uniqueness of the solution
of one-dimensional stochastic differential equations with jumps, and finally the
contribution by E.H. Essaky and M. Hassani, entitled “BSDE approach for Dynkin
game and American game option”, is devoted to study of the existence of a value as
well as a saddle point for a Dynkin game under weaker conditions. This contri-
bution also discusses American game option pricing problems in finance and their
relationship with backward stochastic differential equations with double reflecting
barriers.

Marrakech M’hamed Eddahbi
Safi El Hassan Essaky
Barcelona Josep Vives

November 2015
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A Didactic Introduction to Risk
Management via Hedging in Discrete
and Continuous Time

Frederi Viens

Abstract The following is based on a series of lectures which the author presented
at a graduate training workshop in April 2013, organized by the Ecole nationale
des sciences appliquées of the Université Cadi Ayyad in Marrakech, Morocco, and
partially financed by the CIMPA (International Center for Pure and Applied Math-
ematics). The author expresses his gratitude to the CIMPA and the main organizers
Profs. M’hamed Eddahbi, Khalifa Es-sebaiy, Youssef Ouknine, and Josep Vives, for
their work, support, and hospitality. The style of these notes is deliberately informal
and didactic, with no formal development of a full mathematical theory. The intended
audience includes finishing undergraduate students (3 years of college) and first year
graduate students (4 years of college), with some basic background in calculus, linear
algebra, differential equations, and probability. No prior knowledge of investment
finance or actuarial science is required. No references are provided in the text. An
excellent further treatment of many of the topics listed herein can be found in a book
currently recommended by the Society of Actuaries for its treatment of “Financial
Economics”: Robert L. McDonald: Derivatives Markets (3rd Edition, 2012), Pearson
Series in Finance.

Keywords Risk management - Option pricing - Overnight profit - Market making *
Actuarial mathematics
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4 F. Viens

1 Introduction: Basic Insurance Question (Casualty)

Assume ahome value is $100,000, and the chance of it burning down is = 0.01 (1 %).
Also assume that an insurer insures homes which are independent and identically
distributed.'

Therefore the expected loss per house = 10° x 1072 = $1,000. Indeed, the
loss variable is 100,000X where X is a Bernoulli r.v. with parameter p = 0.01
(i.e. X equals 1 with probability 0.01 and 0 otherwise)

— Pricing of the insurance claim needs to cover this expected loss plus the cost
of running an insurance business (e.g. employee salaries), minus the interest earned
on clients’ premiums.

— But what if major a event occurs? The insurance company would need more
cash to cover large losses.

1. Company must hold capital reserves: The Central Limit Theorem says the more
i.i.d. clients one holds, the less reserve per capital one might need. Indeed:
Let XV :=10°2N, X;)+ : here X; ii.d. Bernoulli (parameter p = 0.01),
thus X is the per-capital reserve. We have of course E[XV)] = 10°pN/N =
1,000. However,

1 1000
VVar(X™) =10°/Np(1 — p)— = ——
(X)) P =p) ~

which shows that the spread of the per-capita reserve decreases like constant/</N.
More specifically, to be 95 % sure that one can cover all losses, we can look for the
amount of per-capita reserve ¢ beyond the average per-capita reserve of $1,000
such that the chance of the actual per-capita loss exceeding that level is 5 %: find
& such that

P(X™M = 10° + &) = 0.05
XM — 1000 P
>
10* 104

—) = 0.05
TN
) = 0.05 approximately, by the CLT

1
T=
P(N(0,1) >

4_1
10 I

_~ 1.645 approximately, using a normal table

1041
16450

&= ——.
VN

I 111
%

I This could be an abusive assumption if an insurer insures all the homes in a given high-risk area,
such as a coastal flood plain or a town in the U.S. midwest in an area which is prone to tornados.
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We conclude that

e If we have 10,000 customers, then excess reserve needed per customer equals

& =$164,5.
e But if we have 1,000,000 customers, then this excess reserve decreases to
¢ = $16,45.

Hence the use of aggregating as many customers as possible, to take advantage
of this phenomenon of risk diversification (as long as our customers are i.i.d).

2. However, there is another way to manage risk: Use Reinsurance.
Ask a reinsurance company to take on the risk associated with very large events
only. If the total value Claim of all claims exceed a certain level K, the reinsurer
pays the insurer Claim — K to cover those claims in excess of the large value K';
otherwise the reinsurer pays nothing: thus the reinsurer pays

e max(Claims — K ,0) : This is the payoff of a call option where the asset =
total claims and the strike price = K = level where reinsurance kicks in.

e This contract can also be thought of as a put option for the insurer: the insurer
has the right to sell to the reinsurer all the contracts that lost money: thus
insurer may sell to reinsurer the negative quantity —Claims if that amount is
less than — K ; hence the contract payoff is max(—K — (—Claims),0).

In any case, there is a need to price this payoff, i.e. this contingent claim
max(Claims — K ,0).
Question: Can the reinsurance use the same method of pricing excess reserves
¢ per client, as the insurance company does with its own individual clients? Here
the reinsurer’s clients are individual insurance companies. Therefore...
Answer is Typically NO: indeed the typical number of clients M for the reinsurer
is never as large as N = 10,00,000, so can’t rely on “diversification of risk”,
the reinsurer cannot use the CLT because the number of insurance companies
(or contracts) M for a reinsurer is usually too small.

3. Need a new pricing method for reinsurance: Hedging.
This method would be common to both reinsurance and financial derivatives
markets; it is the method of derivatives (e.g. options) pricing.
The word “Claims” can be replaced by the more generic term “value of a risky
asset or index” ; this asset could be a stock price S = {S (¢); ¢t € [0,T]}.
Basic idea of hedging: a market maker sells a call option with strike price K,
payoff Cy = max(S (T') — K,0).

e Question: can we try to hedge this payoff ahead of time by investing in the
stock S and in a risk-free account with short rate r?

o IF the answer is “Yes this can be done perfectly”, then the value of the call
option at any time ¢ prior to maturity 7 (¢ < T') is exactly the value of the
hedging investment (portfolio). In the language of insurance, this value is the
premium of the call option at time ¢, the value one would pay to buy the claim
at time 7.
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Equivalently, at time ¢t = 0 (say), one only needs to make an investment equal
in value to the hedging portfolio, and rebalance the portfolio over time so that
its value remains equal to what it is supposed to be at any time ¢ < T, then
this portfolio will be exactly equation to the payoff Cr = max(S (T) — K,0)
at time 7.

e Answer to the question:
Answer is Yes, in discrete time: there’s a perfect answer (perfect hedging
portfolio) using the binomial model.
However, typically, the binomial model work well for time step 7 = 1 day, but
is much to show for very liquid asset high frequency (2 = 5 min). For the HF
question, there is a perfect continuous time theory.
Answer is Yes, in continuous time: the Black-Scholes model also leads to a
perfect hedging portfolio, but one must be allowed to trade continuously.

4. In practice: one typically uses a continuous-time model such as Black-Scholes,
but one only follows its hedging portfolio discretely in time; this discretization
leads to hedging errors.

e In other words, hedging in practice is never perfect.

e Hedging errors can be large if a large asset price swing occurs in a short period.

e The market maker may try to immunize her position against such risks. One
way to do this is to buy a financial derivative that is related to the one she
sold. We will see below that if we sell a call option, we can buy a certain
amount of another call option to cover some of the risk, using a procedure
called delta-gamma hedging.

In the sequel we will use the following numerical values to illustrate the three
types of basic hedges (binomial, continuous-time Black-Scholes, discretized version
of continuous-time Black-Scholes), as well as delta-gamma hedging (also a discrete
hedge for continuous-time Black-Scholes):

e Stock S, Sy = 40.
— Stock’s volatility is o = 0.3.

e Time step At = h = % = one day.
e We sell the call option Cy(0,Sy) with

— Strike price K = 40 (“at the money”).

— Maturity T = % (3 months).

e Short rate r = 0.08.
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2 Binomial Option Pricing

The most general one-period model for option pricing is a risk-free asset whose value
at time 0 is By = 1 and at time & is B), = ¢"", plus the following stock model:

new stock value if it goes “up”: Sou  option payoff = C,

/

intial stock value: Sy

N

new stock value if it goes “down”: Spd option payoff = Cy

For example, for a call with strike price K, we have C,, = max (0; Sou — K) and
Cy = max (0; Sod — K). Here u and d are fixed values, and we assume d < u; using
d > 1 ord < 1 are both legitimate, as long as we have d < e < u which is needed
to avoid arbitrage. Note that we did not specify the probability of the stock going up
or down; these so-called objective probabilities are not needed to price and hedge
the option.

e Hedging question
Find a portfolio £ = (b,y) with y shares of S at time 0 and b dollars in risk-free
asset at time 0, such that value V*(h) at time h = exactly C, if stock went “up”
and C, if stock went “ down”. Therefore we have the following values for the
portfolio at times O and A

VI(0) = b+ yS.
be"" + ySou if stock went “up”
Ly — porh _ 0
Vi) = be™ + y5, = I be"" + ySod if stock went “down” *

To have a perfect hedge, only need to require that we replicate the option, i.e.

be'™ + ySou = C,

be' + ySod = Cy °
This is a system with two unknowns b and y. and a unique solution (a perfect
hedge)

Cu — Cd b —rh uCu - dCd
= —; =e —_—.

u—d ’ u—d

e Pricing question
The price of the option at time 0 should be the value V* (0) of the hedging portfolio
£ at time O:
Price of option at time 0 = V¢ (0) = b + yS

with the values y and b given above.
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e Probabilistic interpretation of the option price
rh __

Letg, = p € (0,1); then we find, after some simple algebra, that
U —

VH0) = e (g, Cy + (1 — gu)Ca).

We can interpret this as saying that V¢ (0) is the discounted expected value of the
option payoff at maturity (at time /) under a model in which the probability of
going up is g, , and therefore the probability of going down is 1 — g, : the payoff is

C, with prob g,

payoff at time 1 = 2}, = [ C, with prob (1 — gu)

price at time 0 = ¢ ""EQ [2,].

Here Q is the probability measure defined by Q(“up”) = ¢, and Q(“down”) =
1—qu.

e Qs called the risk-neutral measure for our model. Notice that e ""EQ[S,,] = S,
which explains why Q is also called a martingale measure. The term “risk-neutral”
comes from the fact that the strategy to hedge the option does not take into account
the true risk associated with the stock S (e.g. its true chance of going up), and
therefore this strategy is neutral with respect to the stock’s risk. The formula
e ""EQ[.Z;,] is called the discounted risk-neutral valuation formula for the option
price.

IMPORTANT: V'(0) is the correct (“arbitrage-free”) price of the option C at
time 0.

Also (easy to prove): the condition g, € [0,1] & d < e <u <=no arbitrage
< there is a risk neutral measure.

Also: 3 hedge (b, y) <= 3! risk-neutral measure.

3 Multi-period Binomial Model: N Periods

To extend the binomial model to several periods, in an effort to develop a model
for option pricing and hedging which includes the possibility of dynamic portfolio
allocation, we consider a total number of periods N > 2, and iterate the one-period
construction of the previous section, over several periods, forming what is known as
a binomal tree, with the root typically represented at the left, and the leaves at the
right, i.e. with time running from left to right. For N = 2, this tree representation for
the two-period binomial model has the following form
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S()I/t2
/
S()Lt
N
S() S()du
NS
Sod
N
Sod?

Note that the tree has the so-called “recombining” property, because the up and
down factors do not change. More generally, for N > 2, andn =1,2,...,N, k =
0,1,2,...,n, period number n models the dynamics during the time interval [n —
1, n], and the node (n, k) is the name of the position in the tree at time » for any stock
price path which takes k up steps and n — k down steps, from time O to time 7. This
parametrization of nodes is only possible because of the recombining property. This
property works because the up and down factors u,d do not depend on the position
in the tree at a fixed time (# and d might depend on time 7, this does not impact the
recombining property). In particular, the value of S at node (n,k) is

Spx = Soutd"*.

Again in the case where 1 and d depend only on n (we will not consider other cases
in these notes), let us translate the binomial model in a more probabilist fashion. Let g,
be probability to go up at every node. Assume g, is constant. Foreveryn = 1,...,N,
we can consider the random variable K, representing the number of times that the
stock went up rather than down between time 0 and time n. Then K, = >/_, &
where ¢; = 1 if the stock went up in the interval [i — 1,1], and &; = O if the stock
went down. Each ¢; is a Bernoulli random variable with parameter ¢,. Assuming
all the ¢;’s are independent, K, is thus a binomial random variable with parameters
n,q,. This is from whence the binomial model gets its name. The stock price model
then has the following probabilistic representation: forn =0, ...,N,

S” — S()Mk’ldn_,(" — Soe(lnd)n-Hn(u/d)Kn'

4 Option Pricing and Hedging Algorithm: Backwards
Recursion

Assume we need to price and hedge a simple European claim with contract function
@. We may use the pricing and hedging scheme from the one-period model iteratively
backwards in time to price and hedge options in the N-period binomial model.
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e Attime N, value of option = value of payoff = Cy = @ (Sy)
In node notation, if number of up steps = k then Sy = Sou*d™~*. Thus:

Initialization Cy; = @ (SoufdV=*) forallk =0,1,...,N.

e To implement the recursion, assume that at some time n < N ; C,,  is known for
everyk = 0,1, ..., n. Then, foreachk = 0,1, ...,n — 1, by using the formula for
pricing in the one-period binomial model which goes from node (n — 1, k) to the
two possible future nodes (n, k) and (n, k 4 1), i.e. the tree, in which each node
contains stock and option prices,

Snktl ith probability g,
nk+1
/!
Sn—1.k
Cuoik
Ny
mk " with probability (1 — g,)
Cn,k

we obtain the following price recursion:

Recursion: option prices C,_; ; = e " (qu Cor+U - qu)C,Lk_l) for each
n=1,....Nandk=0,1,...,n — 1.

e We must also compute the hedging portfolio at node (n — 1, k): this can either be
computed while implementing the previous recursion, or offline after all option
prices are known. By the one-period hedging portfolio, this is

Hedge: number of shares of stock

Coit1 = Coik  Cupr1 — Ck
Sn,k+1 - Sn,k Sn—l.k(u - d) '

Yn—1k =
Hedge: wealth in risk-free account

btk =Cutk — Sn—1.kYn—1,k-

e The above scheme provides a perfect hedge which can be followed dynamically
in time, and reacts to the changes in stock prices over each period. Indeed, at time
n — 1, the hedging decision only requires knowledge of the observed stock price
Su—1 = Su—1.k,_, (under the binomial model, the random variables S,_; and K,_;
can be computed one from the other; they share the same information), and of
the two possible future values for C,, which are C, g, ,+1 and C, g, , which are
among the precomputed values in the binomial tree.
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e Asanoption hedger (also known as an option market maker), one must consider the
trade-off between assuming that the length of the time in one’s binomial model is
short enough to stick closely to the stock variations, and incurring many transaction
costs every time one rebalances one’s hedging portfolio. In practice, stock prices
change many more times than once a day. Yet market makers often assume that
h = 1/365 = 1 day nonetheless. When we enter our discussion of continuous-
time modeling with discrete-time hedging, we will provide a way to compute the
discrepancy between a perfect hedge and the need to keep the hedging frequency
down to a reasonable, daily level.

e Recall probabilistic representation of the option price for one period: price at time
0 = ¢ ""EQ[.2}]. Such a formula also holds for the multiperiod model, and it is
easy to prove this by using the one-period formula and the recursion formula for
the multi-period model given here. The details are left to the reader.

Discounted Risk Neutral Valuation Formula: multi-period case ~ With maturity
T = Nh, define the contingent claim 27 = @ (S (T)), the risk-neutral (mar-
tingale) measure Q is defined by using the risk-neutral probabilities ¢, and
1 — g, in each period. Then we have

price of 27 attime 0 = ¢ "TEQ [27].

4.1 How to Estimate/Calibrate Parameters r, u and d?

We provide some brief recommendations for the parameter estimation question.

An excellent proxy for the rate r is the LIBOR (London Interbank Offered Rate)
short (overnight) rate L: this is the average rate at which banks lend each other money
over a 24-hour period. This is thus most appropriate when 2 = 1/365, and one sets
e =1+ L. Since the LIBOR short rate changes over time, one typically uses the
previous day’s value of L to calibrate r. There exist stochastic models of interest rates
that take into account the uncertainty on future values of L. They are not discussed
in these notes.

For u and d, it is typical to base their estimation/calibration using the concept of
“historical volatility”, which can be defined, for instance, as the empirical standard
deviation, over an appropriately long time period, of 7~'/2%, where %, are the
log returns %; := log (S (t — h) /S (t)) where (S (¢)), are the past stock price data,
which can thus be identified, insofar as it represents a consistent estimator, with the
square root o of

o2 :=Var (%)

where now the notation %; comes from a specific model, as long as this variance
does not depend on ¢ (stationarity).

There are many other ways of determining volatility models, some of which
involve assuming that volatility is random itself. An emerging method for determining
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volatility is becoming popular in the case of the S&P 500 index. Since 1993, the
Chicago Board of Options Exchange (CBOE) has published a composite value of
option prices on this equity index, which can be interpreted as a 30-day average of
volatility on the index. This volatility index, now known as the VIX, increased in
popularity since the CBOE started offering traded options and futures contracts on
the VIX starting in 2004.

Once a value of o has been determined, a common method for calibrating u and
d using the so-called Cox-Ross-Rubenstein parametrization:

u= e"‘/ﬁ,
d=e°"

Other choices include the Hull-White parametrizationu = 1 + ah + ov/h,d = 1 +
ah — o+/h; as well as the Jarrow-Rudd parametrization u = elth+ovh ,d = elth=oh s
where the values of  and y are 2! times the expected values of the log returns %,
or the simple returns R, = (S (¢t +h) — S(¢)) /S (¢).

Understanding the differences between these various parametrizations can be done
in conjunction with the introduction of the continuous-time analogue to the Binomial
model, the so called Black-Scholes model, where the volatility parameter o plays a
rather clear role, as we now discuss.

5 Black-Scholes Model (Single Stock)

The classical Black-Scholes model with constant coefficients contains the following
two elements, for any ¢ € [0,7'] where T is a maturity or time horizon:

e A risk-free account B with constant rate r:
B(t) = ¢".
e A stock or index price process S:
S(t) = S(0)e@ 20 WD),

Here, we use the nomenclature o = “mean rate of return” for stock S, and o =
“volatility” for stock S; while {W(¢); ¢t > 0} is a standard Brownian motion
(Wiener process).

The process W has the following properties:

- W) =0,for0 <s <1, W(t) — W (s) is independent of all the random vari-
ables W (r) for r <s, and W (r) — W (s) is centered normal with variance
t—s.

— W has continuous paths with probability one.
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e Convenient notation: st := & — 302,

e These parameters «, o, u are assimilated to quantities similarly to those in the
discussion at the end of the previous section: specifically it holds that

St+h)—S@)

“=hpE— )

= G e )

e lhi% vmW]
i Vartd g SR,

Example 1 Today is time t =T = Nh; let S; = S(@h);i =0,1,...,N. Then o?
can be estimated as the rescaled empirical variance of the sequence of log returns:

N—1 2
1 1 S; 1 S;
2 A2 i+1 i+1
o xR o L= = —1lo — ) - —=FE|lo _—
NZ,._O(@ g(si) Jh [g(si )D
1

N— 2
S;
0 Si

since Var [log (ST*)] =Var[oW ((i + 1 h) — oW (ih)] = c>h. Using same

i

Z[ -

1
h

=l
idea, we can also get estimators for x and .

5.1 Method of Moments

To explain the parameter choices made at the end of the previous section, one only
needs to match the means and variances (first and second moments) of the stock
returns over one period in the binomial model, to the same statistics in the Black-
Scholes model in a period of length /4, by using various specific choices for the
objective probabilities of going up or down:

e We compute the log and simple returns in the Black-Scholes model:
S(t+h)

S(t)

R, = —S v+ /?S')t_ S @) = o Whtn-Ww®) _ 1

X, = log( )=upuh+o(Wh+1t)— W),
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so that we compute can compute their means and variances, and their asymptotics
for small h:

E (%] = nh,
Var[%,] = o’h,
E[R] = ¢ — 1 ~ ah,
Var [R;] = e(2uta?)h (e"zh — 1) ~ o’h.

e One possibility is to look for the binomial model with equal probabilities p, =
1 — p, = 0.5 of going up or down, and matching its simple returns’ expectation
and variance. Since then R; = (§1 — So) /So = u — 1 or d — 1 with probabilities
0.5 and 0.5, those binomial statistics are

u+d
2

E[R/] = 1,

2
Var[R,]:%((u—1)2+(d—1)2)— (”;d —1)

(=)

In the case of small 4, this yields (approximately) the system

AN

u—

2

ovh =

[O[h—{—l:'hLd

whose solution is easily seen to be

u=1+ah+ovhd=1+ah—ovh

1

Pu= 5
We recognize the Hull-White parametrization.

e Another possibility is to decide that one prefers to have up and down factors which
are reciprocals of each other. By inspecting the Black-Scholes model, ignoring the
drift term put and concentrating only on the term o W, inside the exponential,
one knows that an order of magnitude of the change of o W, over a period of
length £ is its standard deviation, namely o +/A. It is then legitimate to require that
u= 5 = exp(o +/h). However, let us use the method of moments using only the
restriction # = 1/d. We can compute mean and variance of the log return %, in
the one peroid binomial, finding
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E[%:] = pulogu+ (1 — p,)logu™
= Q2p, — 1)logu
Var [%,] = pu log2 u+(1— p,,)2 log2 u— 2p, — 1)210g2 u
= (1 — 2pu—1)?) log* u.

Using the approximation that if 4 is small, p should be close to 1/2, matching
the above variance with the Black-Scholes variance yields log? u = o2k, which is
precisely

Plugging this into the equation for matching expectations (2p, — 1) logu = uh,
we get, o\/ﬁ(Zpu — 1) = uh,ie.

Lo
LN
pll 2 20
This is the Cox-Ross-Rubenstein parametrization.
e One last possibility we examine is the case of matching means and variances of

the log returns when p, = 1/2. In this case, we compute those statistics for the
Binomial model

1
E (%] = 3 (logu + logd)

1 1
Var (%] = 3 (log2 u + log® d) —2 (logu + logd)?

_ (logu —logd 2
= 5 .

In this case, the moment-matching equations can be solved without resorting to
approximations, and one finds

U= e"HUﬁ,
d = e”“h_”ﬁ,
1
Pu = 5

This is the Jarrow-Rudd parametrization. This parametrization is closest in spirit
to the original Black-Scholes model, if one attempts to discretize it in time by
replacing each Brownian increment W,,;, — W, by a random variable taking the
values +o +/h and —o +/h with equal probabilities, owing to the standard deviation
and symmetry of the normal law for this increment. In fact, the binomal model
with Jarrow-Rudd parameters converges to the Black-Scholes model. The proof
of this fact is nearly immediate for fixed ¢ by using the central limit theorem; that
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the convergence also holds at the process level (i.e. for all # simultaneously) is an
application of the infinite-dimensional (functional) extension of the central limit
theorem, sometimes known as Donsker’s invariance principle.

The fact that there are several parametrization choices show that the binomal
model is in fact richer than the Black-Scholes model; the former has one more
parameter than the latter, hence the existence of many parametrization choices.

5.2 Option Pricing Under BS Model

Because of the close similarity between the binomial model with Jarrow-Rudd para-
meters and the Black-Scholes model, one suspects that the discounted risk-neutral
valuation formula should hold for the Black-Scholes model. This is in fact true, and
there is a generic option-pricing meta-theorem, which is broader than merely the
Black-Scholes model, and also includes a statement about hedging.

Pricing metatheorem Let S be a stock price model, and let 2" be a contingent
claim expiring at time 7', i.e. 2 is a random variable which can be determined at
time T using knowledge of the path of the stock price S up to time 7. If the model
for § can be expressed with a probability measure Q under which r — ¢S (¢)
is a martingale with respect S, then all contingent claims can be simultaneously
priced in a consistent way via the formula

price of 27 at time 0 = e "TEQ [ 27].

If the measure Q is unique, then the price of every contingent claim is unique, and
each such claim can be perfectly hedged (in continuous time) using a continuously-
rebalanced self-financing portfolio of stock S and risk-free asset B.

In the case of Markovian models such as the Black-Scholes model, much more
can be said about simple claims. We state the result in the Black-Scholes case only,
for simplicity.

Definition 1 We say that 2 is a simple “contingent claim” (= a simple “option”)
if there as a non-random function @ : R, — R such that 2" = & (S(T)) (here T =
maturity).

Theorem 1 (Discounted Risk-Neutral Valuation Formula) Assume S satisfies the
Black-Scholes model. The price P, at time t < T for the claim 2~ defined above, is
given by

P, =F(,5())

where the non-random function F : [0,T] x Ry — R is given by

F(t,x) = exp(—r(T — )E" [®(S(T))/S(1) = x],
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where E* is the expectation under P* the unique risk-neutral (martingale) measure.
Moreover, P* can be defined by saying that under P*, the parameter o in the Black-
Scholes model need only be replaced by the risk-free rate r.

5.3 Black-Scholes Formula

We may now use the meta-theorem’s application to the Black-Scholes model, which
we have just stated, to calculate the price of call options.

Definition 2 Let K be a positive constant. A simple contingent claim with contract
function given by @ (x) = max(x — K,0), is a Call option with strike price K.

We wish to compute F'(¢,x) in the previous theorem when @ (x) = max(x — K,0)
and S(#) = Black-Scholes model under P*. This can be done to a large extent by
hand:

F(t,x) = exp(—r(T — t))E* [max(x — K,0)/S(t) = x]

= exp(—r (T — t))E[max(x exp(u* (T — 1) + o (W(T) — W(1))) — K,0)]
= exp(—r(T — t))E[max(x exp(u* (T —t) + o/T —tZ) — K,0)]

where in the second line, we denote
wi=r—o/2

(i.e. we use the parameters for S under P*), and in the last line, thanks to scaling
for normal laws, we assume that Z is a standard normal random variable. Note that,
starting with the second displayed line above, it becomes unnecessary to add a star
to the expectation sign. We also see that the last expression above depends on 7" and
t only via T — ¢. Hence without loss of generality we set r = 0. Thus

FOx)=e¢'TE [max(x exp(W*T + ovVTZ) — K,O)]
= ¢TE [yt s0 72010 (5 XDUT + 08T Z) = K|

=xe'TE [1{ “T+oVTZ)>K) exp(u*T + oﬁZ)]

xexp(e

—Ke'TP [x exp(u*T + oNTZ) > K] )
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We first compute the second piece:

P [xexp(,u*T—i—oﬁZ) > K] =P [Z > ! (—u*T+log (5)):|
X

where N is the cummulative distribution function of the standard normal N (d) =
Qm)~1/? ffoo e~“/2dz and

dy = . 1T (/L*T + log (%)) == lT ((r —0?/2) T +log (%))

For the first piece, the computation is not much harder:

xe'TE [l{x exp(u* T+ VT 2)=K) exp(u*T + O’ﬁZ)]

1
= xE |:exp (—EJZT + 0\/72) 1{Z>d2}i|
1
= xE |:exp (_EUZT - Uﬁ(—Z)) 1{_Z<d2}]

2

% 1 72 dz
_ —rT _ 27 _
= xe /700 exp( 20 T —ov Tz) exp( > )\/E

d’)
2 1 ) dz
= x/ooexp(—z(z-l-aﬁ) )E

dr+oT 2\ dz
[ ()

= xN(d, + aﬁ)
= xN(dy)
where
1
oNT

dy = ((r+02/2) T + log (%))

We proved the famous Black-Scholes formula for pricing.

Theorem 2 The pricing function F of the call option with strike K under the stan-
dard Black-Scholes model is:

F(t,x) =xN(d) — Ke " TN (dy)
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where N is the standard normal distribution function and

1 X 1oy
dy : _Gm(log(K)—i-(r—i-zo WT —1)),
b ¢ = ——(log() + (r = 30%) (T =1))
Y, ey SRR

=d —o~NT —1t.

Remark 1 This formula has an interesting feature, which is to suggest a possible
way of hedging the option over time: indeed, if at time ¢, where the stock price is
S (t), one invests in N (d;) shares of stock (here x must be replaced by the current
stock value S () in the formulas), then by also holding

F(,5()) — SONd) = —Ke "TIN(dy)

dollars in the risk-free asset, one obtains a replicating portfolio for the option, i.e.
one whose value is exactly that of the option at all times. This will be a worthwhile
observation if one can prove that the portfolio is self-financing.

Remark 2 As it turns out, the previous portfolio really is self-financing, meaning
that all changes in the portfolio allocations can be financed by the changes in the
asset prices. We record this fact formally here, but rather enter into a formal proof,
in the next section, we investigate how far from a perfect hedge one might get when
the hedging portfolio is followed appriximately, by using discrete time.

Theorem 3 (Perfect Black-Scholes Hedge) The Call option with strike-price K and
maturity T can be perfectly replicated using the following portfolio: y, shares of stock
S and b, dollars in the risk-free asset, with

yl‘ = N(dl)y

by =—Ke "T"ON(d,)
where x is replaced by S (t) in the formulas for d, and d,. This portfolio is self-
financing.

More generally, for the pricing function F of a given contingent claim 2 =
@ (S (T)), under the Black-Scholes model, the hedging portfolio defined by

oF
yer= o (0.8@); b= F@.50) = SOy

is replicating by definition, and is self-financing.
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6 Imperfect Black-Scholes Hedging in Discrete Time

6.1 Overnight Rebalancing, with Profit (Loss) Calculation

We mentioned earlier that following a trading strategy in continuous time is not
practical. The replicating strategy (y; ,b,) in the previous theorem is not immune to
this difficulty. In practice, a high-frequency trading strategy (e.g. rebalancing every
5Smin) can take advantage of rapid changs in stock values, but is too expensive to
implement because of transaction costs.

Question: What happens if we follow the Black-Scholes hedging strategy only
once a day?

We will use the arguments (7,x) and (t + h,x + ¢) for expressions F, d; and d,
as shorthand notation, with the following understanding:

t = today
h =1/365
t + h = tomorrow
x = § (¢) = price of stock today

x + & = S (t + h) = price of stock tomorrow.

Taking the perspective of the option hedger, we sell one option at time # and purchase
its corresponding Black-Scholes perfect hedging portfolio at the same time, and hold
that portfolio without any rebalancing until time ¢ + A. The value of the portfolio
at time ¢ is O by the hedging theorem. Let us investigate the so-called “overnight
profit (or loss)”; this is thus identical to the value of the portfolio at time ¢ 4+ & before
rebalancing:

e Value held in option: —F (t + h,x 4+ ¢€).

e Value held in stock: (x + &) N (d; (t,x)) .

e Value held in risk-free asset: (F(¢,x) — xN(d))) ¢™".
e Total value held is: Overnight profit (or loss)

=—F(t+hx+e)+ (x+e)N(d(t,x)+ (F(t,x) —xN(d, (t,x))) ™.

Example 2 In our numerical applications, we use: x =40; ¢ =0.5;0 =0.3;r =
0.08; h = 1/365; we choose to price the call with K =40 and T —t = 1/4
(3 months).

By using BS formula we find F(t,x) = 2,7847 ; N(d,(t,x)) = 0,5825; F(t,x)
— xN(dy) = —20,5159 ; F(t 4+ h,x + &) = 3,0665. Thus in this case:

Option hedger’s overnight profit = —3,0665 + 0,5824 x 40,5 — 20,5159¢%08/363
= 0,00500.
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This is great: this is very close to 0, so there is probably no need to buy or sell stock
to rebalance the portfolio at time ¢ + h.

Example 3 However, the good news in the previous example is due to the fact that
the stock price did not move very far (only about 1 %) overnight. One might run into
more trouble if the movements are larger. Repeating the previous calculations for
various values of ¢, we obtain the following Figures.

Figure 1 shows that when large stock price movements occur, the overnight profit
quickly becomes a substantial loss. Figure 2 shows in detail the small magnitude of
profit or loss when stock price changes are small (for S (¢ 4+ /) near S (¢).) An actual
small profit occurs for | S (r + h) — S (¢)| < 0.6 only.

We finish this section by mentioning the general form of the overnight profit under
the Black-Scholes model.

Theorem 4 (Overnight profit for general simple claims under the Black-Scholes
model) With the pricing function F of a given contingent claim 2 = @ (S (T)),
under the Black-Scholes model, by following the hedging portfolio defined by y, :=
%—5 #,S(@)); b :=F (¢,5S(t)) — S (t) y; at discrete time intervals of length h, the
overnight profit at time t is

oF oF h
—F(t+h,x+8)+(x+8)a(t,x)+ F(t,x)—xa(t,x) e,

01

0

35 355 36 36.5 37 375 38 3 39 39.5 40 405 41 5 42 425 43 435 44 445 45
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Fig. 1 Overnight profit for values of x + & from 35 to 45. Vertical axis is dollar value
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Fig. 2 Detail of overnight profit for values of x + ¢ from 39 to 41

6.2 Forecasting

To understand the previous graph in theory, instead of analyzing the Black-Scholes
formula in a mechanistic way (i.e. looking only at its dependence on ¢ and x as
a deterministic function), one may return to the probabilistic understanding and
employ some simple forecasting. A rough approximation is in fact sufficient. Under
the Black-Scholes model we can compute

St +h) =S@) =S exp(uh+o(W+h) — W) - S
= S(t) (exp(uh +o(W(t +h) —W())) —1).

Since £ is considered small, and the typical size of the mean-zero increment W (¢t +
h) — W(t) is the size of its standard deviation, i.e. Vh, one may consider in a first
approximation that W (¢ + h) — W (t) is small and dominates p/. Thus, using the
first order Taylor expansion of the exponential function, we would get
SG+h) = S®) =S @) (@W(t +h) = W©N) +o(/h).
We may interpret this approximation in a binary way, as
St +h) — S(t) ~ (£D)avVhS(t).

In other words, with the x and ¢ notation, this approximation is equivalent to:

e~ (£D)o~hx
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where the (£1) symbol represents a random variable which takes values +1 and —1
with equal probabilities.
Using Taylor’s formula on F up to order 1 in time and order 2 in space, we obtain

2
Ft+hx+e) = F(tx)—l—h (tx)—l—s (tx)—l—1 aI;(t,x)—i—o(h)—I—o(sz).

Therefore,
‘ [ IF 1 ,9%F }
overnight profit = F(t,x)+ h (t x) + 8 (t x) + 78 —(t X)
oF oF >
—|—a (t,x)(x+¢e)+ F(l,x)—xa (t,x) | (1 +rh) 4+ o(h) 4+ o(e”).

One notes that all the terms involving & rather > miraculously disappear, as do all
the terms which are not small: this is because the Black-Scholes hedge was chosen
in such a way to make these simplications occur, at least in the first approximation
we are using here. Thus we get overnight profit

oF 82 oF 2
:—hg(t Xx) — 8 —(t x)+rhx—(t x)+rhF(t,x)+o(h)+ o(e”).

Interestingly, in a first-order approximation on ¢, one sees that if 7 or = (t,x) > 0, which
is typically the case for most options, the highest overnight proﬁt is obtained when &
is 0. Now using the forecast for &, we see that 2 = o2k and that o(h) = o(¢?). This
yields

, IF 1 5 ,8%F dF
overnight profit = { r F(t,x) — E(t,x) — 50 X ax—Z(t,x) — rxg(t,x) h+4o(h).

The option hedger must try to keep her profit to a minimum in absolute value, as
one should from the perspective of an insurer, which is to minimize risk (it is also
a good idea from an investment perspective, since we saw in the previous section
that the overnight profit’s downside is significantly greater than its upside.) This
risk-minimizing strategy can thus be summarized as “Overnight profit = 0”

— aF(r ) + aF(r )+1 2282F(r Y —rF (t,x)=0
— (, rx— (¢, —0° X" —= (t,x) —r ,X)=0.
gr )T ) e Y *

This is precisely the famous so-called BLACK-SCHOLES PDE !

What we have essentially just shown is that the Black-Scholes hedge is a perfect
self-financing replicating portfolio if and only if the Black-Scholes PDE holds for
the pricing function F'. In fact, the above development is in some sense equivalent
to the classical proof of the Black-Scholes pricing and hedging theorem by means
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of stochastic calculus and the 1t6 formula. We do not provide the details, but state
the result formally, also summarizing our theorems on the discounted risk-neutral
valuation formula and the perfect Black-Scholes hedge.

Theorem 5 For a generic simple European contingent claim 2" = @ (S(T)) under
the Black-Scholes model, let

F(t,x)=e "TDE*[2| S (1) = x]

where under P*, the parameter « is replaced by the short rate r. Then 2~ can be
replicated perfectly at all times t < T by using the following Black-Scholes self-
financing replicating portfolio:

1. Attimety < T, collect F (1y,S (ty)) dollars from the sale of Z .

2. At all times t € [ty,T), compute %—i(l,x), and invest (long or short) in y, =
% (t,S(t)) shares of stock at time t.

3. At the same time, put (or borrow) b, = F (t,5(t)) — y;S(t) dollars in the risk-free
account to finance the stock investment.

This strategy is possible because the portfolio is self-financing. Moreover, F solves
the Black-Scholes PDE with terminal condition F (t,x) = @ (x) for all x > 0 and
allt € [ty,T].

6.3 Delta and Gamma Hedging

To improve on the discrete hedging strategy studied above, also known as the dis-
crete Delta hedge (recall from the previous graphs that the overnight losses can be
substantial if there are large price changes) we consider a possible second-order
approximation to the perfect Black-Scholes hedge.

Definition 3 For any 2" = @ (S(T)) with pricing function F let

oF
Ap (t,x) = “Delta” = —(t,x),
ax

e
I'r (t,x) = “Gamma” = ——(t,x).
0x?

These are two examples of what we call “Greeks”, sensitivities of pricing functions
to changes in their parameters. Other greeks include the Theta ® = %, the Rho

p= %—f, and the Vega 7 =g—5 (even though Vega is not really a Greek letter!!).

Similarly to what is done in the insurance business, we can look for a way of
transferring some of the risk in the Delta-hedging portfolio to a third party, i.e. a
reinsurance contrat. We show how this works on an example.
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Example 4 Back to our call with K = 40 and T = 1/4, imagine that we worry that
S(t) will go much higher than 40 overnight. We will ask another market maker to
sell us a call option with K’ = 45, and a longer expiration 7' = 1/3 (4 months).

e Whole portfolio: our new portfolio has —1 unit of K = 40-call (pricing function
Fy0), y, shares of S, z, units of the K’ = 45-call (pricing function Fys), and b,
in risk-free account which we compute to make the value at time O of our entire
portfolio equal to 0. Its value is

0=V(t,x) :=—Fy(t,x) + y;x + 2, F4s(t,x) + b;.
e Goal: for the whole portfolio with value V (f,x) , we want not just Ay = LAAEN)

dx
but also I'y = ?:T‘Z/ = 0. In the old portfolio we just had % =0.

e Gamma condition. Slightly abusively, we consider that partial derivatives operate
only on pricing functions (this is an excellent approximation, it turns out):

a2V
I'y = el —Tyo(t,x) + ¥y X 04z, 1ys5(t,x).

Since we want I'y = 0, this yields the choice

_ To(t,x)
Tis(t,x)

2t

e Delta condition. Next, with z, already computed, we calculate
Ay = —Ag(t,x) + yi + 2, Ass(1,x),
and wanting Ay = 0, this gives
Vi = Ago(t,x) — z; Ags(t,x).
e Cash. Finally, since y, and z, have been computed, we now compute the risk-free
position:

by = Fyo(t,x) — yix — 2; Fys5(t,x).

Remark 3 'We already know that for the call Fx we have Ag (¢,x) = N (d; (¢,x)).
Therefore, by the chain rule, since N’ (z) = Qm)~1/? e~/ and

ad, Jox = 1/ (ax\/T - t) ,
we get

1 2
Tk (t,x) = ——— ¢~ h@07/2,

ox/T —ts/27
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Example 5 With the same parameters as previously r = 0.08, ¢ = 0.3, K = 40,
K' =45 T —t=1/4, T —t = 1/3, using the above formulas, we can compute

att 40-call 45-call
F 27847 1.3741
A 0.5825 0.3301
' 0.06794 0.06342

from which the expressions for the allocations of stock and 45-call become

_ 006794 _ o
YT 006342 T

v = 0.5825 — 1.0714 % 0.3301 = 0.2288.

By repeating the overnight profit analysis here we find

Overnight profit (or loss)
=—Fpt+hx+e)+G&+e)y +Fist+hx+e)z
+ (Fao(t,x) — xy, — Fas (1.x) z,) ™.

Thus if ¢ = 0.5 for instance, one finds Fyo(t + h,40.5) = 2.767 and Fus(t + h,
40.5) = 1.361, so that the overnight profit computes to 0.001813, which is about
one third of what it was for the pure discrete Delta-hedging strategy. This decrease

01
0 I o e |
35 355 36 365 _3F-3HS 33 395 40 40.5 41 42 425 43 435 44 445 45
01

Fig. 3 Overnight profit for values of x + +¢ from 35 to 45: green line is Delta hedge, red line is
Delta and Gamma hedge using a 45-strike 4-month call. From 39 to 41
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0.015

-0.025

Fig. 4 Overnight profit for values of x + ¢ from 35 to 45: green line is Delta hedge, red line is
Delta and Gamma hedge using a 45-strike 4-month call

denotes better risk-management. The improvement is particularly evident for large
values of ¢, as can be seen in Figs. 3 and 4.

The next graph shows the detail for small stock movements: here too, the improve-
ment of the Delta-Gamma hedge over the Delta hedge is marked.

7 Extensions of the Black-Scholes Formula

Recall that in a Call option, the strike is denoted by K, and the stock by S, but
in reality, by introducing the concept of prepaid forward prices for assets, these
notions become relative, and may be switched for convenience. An example of such
a situation is that where K is a second asset, and the call option is then an exchange
option. Let us be more precise about the generic framework.

e Main Idea: the prepaid forward price of any quantity K over [, T'] is the cash
value needed on hand at time ¢ to guarantee a payoff of K at time 7. This would
hold whether K is non-random, or a traded risky asset such as a stock or an interest
rate or an index, or even if it is a contingent claim. In the last case, the prepaid
forward price is what we have simply been calling the price of the claim.

e Let us discuss the other cases. Generally, we may use the notation F,{’ r for the
operator which computes the prepaid forward prices of assets. We assume for
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simplicity, as we have before, that the risk-free rate r is constant. The general
principle by which itis sufficient to identify a self-financing replicating portfolio to
compute prepaid forward prices still holds. This makes the following computations
essentially trivial.

— When K is non-random, by investing in the risk-free asset alone, one finds its
prepaid forward price as

Flr(K) = Ke "0,

— When K is a non-dividend-paying stock S, by investing in one share of this
stock alone, by definition, one finds

Fp(S) = S0).

— When astock pays a continuous dividend rate 8, this means that by purchasing the
stock at the price S (¢) at time ¢, one will obtain at time 7 the value S (T) T ~9.
Therefore, by investing in a discounted number of shares of this stock alone, we
find

FFp(8) = S@)e 7.

— If S pays a discrete dividend of $ D at a fixed time u € [¢,T], this means that
an investment in one share worth S (¢) at time ¢ yields one share worth S (7') at
time 7 but also a fixed payoff of D dollars at time u < T. Thus an investment
in one share of stock minus a discounted amount borrowed at the risk free rate
from time ¢ to time u, will replicate the stock’s payment stream, yielding

Ft{)T(S) = S(@t) — De "D,
— Combining the above two dividends, we get in general
Ftl,DT(S) = S(1)e?T=D — peru=1,

In the formulas below, as usual, the S (¢) is to be replaced by x.

It turns out that we can recast the classical BS formula for calls with no dividends
and K = constant in terms of prepaid forward prices for S and K: using the
notation x instead of S (¢), as usual, we have

price of the call C(t,x) = xN(d,) — Ke """ N(dy)
FIr (SN (d) = FIp(K)N (o).
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b= (log (ﬁ) + (r - 102) (T — t))
oJT —t K 2

S (oo Y )
TovT i\ ¢ F(K)) 2 ’

di=dy+oNT —1t.

This formula extends in many cases.
e Options for dividend-paying stocks

Theorem 6 If S pay a single discrete dividend D at time u < T and/ or continuous
dividends at the rate §, the formula

C (1.x) = F/(S)N (d1) — F7(K)N(d>)

forthe price of the call holds true for allt < uwithd, and d, as above, and FT{JT (K) =
Ke™ "7 and FFp.(S) = xe T~ — Demr=0).

Remark 4 When D = 0, more generally for asimple European claim 2" = @ (S (T))
with contract function @, the pricing function Fj for this claim satisfies the following
modified Black-Scholes PDE with continuous dividend rate 6 and terminal condi-
tion @

0°)— —rFs=0.

o1 27 7 x 27 e TP

Remark 5 The solution of this PDE, and the hedging portfolio, are easily computed
given our previous work. In fact, the following results hold.

Theorem 7 (Pricing and hedging with continuous dividends).

Remark 6 e The discounted risk-neutral valuation formula still holds, with P*
defined by replacing « by r — § in the Black-Scholes model.
e Let Fy be the solution to the Black-Scholes PDE with 6 = 0. Then the general
solution is given by
Fs(t,x) = Fy (t,xe"s(T”)) )

e The hedging portfolio for claim 2" = @ (S (T)) is still given by investing in the
following number of shares of stock:

dF;s
yi=AS():= B (t,5(@)),
X

and financing this position by holding b, = F;s (t,5 (t)) — S (¢) y, money in the
risk-free account.
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Remark 7 Note that, from the previous formula for Fy via F, we have

A(t,x) = e"S(T”)% (t,xef‘s(Tft))
X

— ¢3T-D 7, (t,xe*‘s(T*’))

where Ay is the stock hedging position with zero dividend. Hence to hedge an
option on a continuous dividend-paying stock, one may use the zero-dividend hedge
by reducing the position by the dividend discount factor, and reducing the current
observed stock price by the same factor.

e Option on currency exchange rate
Let X () = exchange rate (e.g. the price in US dollars (domestic currency) for one
Euro (foreign currency)). We use the Black-Sholes model with a volatility o for
X. Also, we have two risk-free rates to consider:

Forigne risk - free rate = ry,
Domestic risk - free rate = r.

Since the Euro can be considered as a risky asset, and can also be invested in the
foreign risk-free account, it will yield payments at a continuously compouded rate
rr when placed in this account. Therefore, X is just like a stock with continuous
dividend rate § = r . This proves that a call option on X with strike price K has
pricing function Fs = F;,.
e Call option on a futures contrat
A Futures on a stock § in the interval [#, 7] is a contact in which the counterparties
decide on price to pay for S at time #, but the stock is delivered at time 7 and the
price is paid at delivery. We use a Black-Scholes model for the futures price G (¢).
However, the prepaid forward price of a futures on S isnot G (t) bute "7 =9G (1),
since an investment of that many dollars in the risk-free accout will yield the
quantity G (¢) at time 7', which is precisely the price to be paid for the stock S at
time 7" under the futures contract. Hence we have

Ffr(G) =G ().

By comparing with the prepaid forward price of a dividend-paying stock, one sees
that the price G of the futures contract on S is like the price of a version of § which
pays a continuous dividend rate of § = r, and the corresponding pricing function
F = F, for options. For instance, for the call option, one obtains a particularly
simple pricing function
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Cs (t,x) =xe " T"IN (d)) — Ke " TN (dy),

! ) WL YA
d2 (t,x) = ﬁ (log (E) 20' (T f)) s
dy (t,x) =dr (t,x) +o~T —t.

e Exchange option
Instead of using a constant strike K, let us use another stock S. Hence, we consider
the contingent claim

%:max(S(T)—S(T),o).

Specifically because this option is similar to a call, the general pricing principe still
works, but one must reinterpret the volatility. By using an argument by which one

rewrite the claim’s payoff as 2~ = S (T) max (S (T) /S’ (T) — 1,0), one realizes

that the normalized asset S (T') / S(T) plays an important role. Assuming that both
assets satisfy Black-Scholes models with correlated Brownian motions, they have
volatilities ¢ and &, and one may assume that their Brownian motions W and
W have correlation p. This implies that the normalized asset S/S has volatility
equal to

- 2
O, 1= \/E |:(GW(1) —6W(1)) } =02 +62—2p06.

A further argument leads to realizing that for the normalized asset S/S, under a
risk-neutral measure, the mean rate of return parameter o should be zero. This
all leads to a pricing formula for 2~ which follows the general call formula with
r =0;6 = 0,and 0 = o, given above. Thus, with the notation x representing S (¢)
and y representing S (1), we get the exchange option pricing function

Ce(t.x,y) = xN (di) — yN(dy),

1 X 1
d s = — 1 — — — 2T_ ,
2(t X) O, T —1t (Og(y) 206( t))

dy (t,x) =d (t,x) + o, vT —t.

When S and/or S pay dividends, we get the usual modifications to the prepaid
forward prices of x and y. More generally, we have the following call pricing
general principle.

e Conclusion: call pricing meta-theorem
Let S and S be two assets which could be dividend-paying, or not, or could be
constants. Let o be the effective volatility of the normalized asset S/S. Then the

price of the contingent claim 2~ = max (S (T) — S (T), 0) isC (t,S 0y, S (O))
where
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C )= Fr SN @) - Fly (3) N,

1 FF (S 1
o | g ;T—() —EUZ(T—I) ;
oJT - Fh (3)

dy (t,x) = da (t,x) + 0T — 1.

dy (t,x) =

8 An Even More General Black-Scholes Formula:
Stochastic Interest Rates

One problem with the Black-Scholes model is that the parameters are assumed to be
constant. This can be a problematic assumption over long time periods, particularly
for the purpose of option pricing, where the time scale is in months. While arguably
the biggest issue is the non-constance of the volatility parameter, here we will discuss
the case where the short rate parameter is itself assumed to be a stochastic process.
In this case, one cannot simply write " (K) = e”"" " K, but it turns out that the
discounted risk-neutral valuation formula holds. Without entering into the details of
determining bond models and prices, we state the following.

Definition 4 The zero-coupon bond with maturity T is a contract that yields one
dollar at time 7. Its price at time ¢t < T is denoted by P (¢,T).

Theorem 8 Assume the short rate r (t) is a stochastic process, and that there exists
a martingale measure Q for the bond market. Then

T
P (:+,T) =EQ [exp (—/ r (s)ds)] )

The general call-pricing principle described at the end of the previous section can
be updated for this situation in which interest rates are stochastic, to some extent,
using the idea of change of numeraire. We provide some ideas and a special case
where the computations can be carried out.

Let S be a fixed asset. For any other asset S, we say that S /S is the asset S under the
change of numeraire S. The probability measure P5, if it exists, is one under which
each asset S /S is a martingale; this PS¢ is called the “S-neutral measure”. When one
uses the bond prices P (-,T) as the normalizing asset, the measure P”¢-7) is usually
denoted by P, and is called the “T-Forward neutral measure”.

Theorem 9 For the standard call on S with strike K under stochastic interest rates
given by a bond-price model P (-,T), the call pricing function is

C(t.x) =xP5[S(t) > K | S(t) =x] — KP(t,T)PT[S(t) > K | S(t) = x].
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The problem with the above theorem is that computing the law of S(¢) under P”
and under PS is sometimes difficult. The following special situation allows a full
computation.

Example 6 (El Karoui, Geman, Rochet) Let

S(t)

20 = P(t,T)

The dynamics of Z may be highly non-trivial in terms of the mean rate of return of Z,
but its volatility structure is the same under the measures P” and P® and the original
objective probability measure P. If this volatility happens to be time-dependent by
non-random, i.e. equal to the function o (s) for s € [¢,T], then C (¢,x) satisfies the
standard Black-Scholes formula with effective volatilty

. 1 ! Zd
o= ﬁ/[ lo(s)|ds.

9 For Further Analyses: Basic Introduction
to the Black-Scholes Model with It6 calculus

9.1 1Ito calculus

All the formulas developed for continuous-time models are typically shown rigor-
ously by using Itd’s stochastic calculus, which we now introduce briefly.

Let W = a brownian motion.

Let f € 47 (twice continuously differentiable function with bounded deriva-
tives), let Y (r) = f(W(¢)). We may use Taylor’s formula to express changes in the
process Y':

Y(t+h) = Y@) = f (WO)W(E +h)— W)

|
+ Ef (W)Wt +h) = W(0) +o0 (Wt +h) —W@)?).

Let us investigate what happens when & = dt is an infinitesimal.

[t6’s rule  Using standard Gaussian calculation rules, since W (¢ + h) — W (¢) is
normal with mean zero and variance s, we find

E[W@+h) —W®)]=h
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and

Var ((W(z Yy — W(z))z) —F [(W(t Th)— W(t))4] - (E [(W(z th)— v1/(z))2])2
=3h% — h* =2n’%.

Therefore with h = dt, ignoring terms of order dt?, the random variable
(Wt +dt) — W(z‘))2 may be interpreted as one which has a zero variance. With
the It6 differential notation

dW (1) = Wt +dt) — W(t)
this leads to the following:
1to’s rule: (W (¢ + dt) — W(1))* = dt.

Other It6 rules ~ Similarly we obtain

dwW(t)-dt =0

because h(W (t 4+ dt) — W(t)) = O(h). Let W be an independent copy of W :
then B
dwW () -dW(t) = 0.

Itd’s formula  Using these rules in the earlier Taylor expansion, adding an extra
time parameter for convenience, and integrating over time, we finally arrive at the
following.

Theorem 10 (Itd’s formula and It6 integral) For F (t,x) of class C'-?

1

f(t,W(t))=f(0,0)+/ %w,W(u))dw/ O W ) dW w)
0 8t 0 8x

1 [13%f

where the first and third integrals are of Riemann type, and the second is of the so-

called Ito type, which can be defined as the limit in L* () of its Ito-type Riemann-
Stieltjes sums

t n—1
0 n—00 ey n n n

[t6’s formula for the Black-Scholes model  Let S satisfy the Black-Scholes model

1
S(t) = Spet' VD = — 502.
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The It6 formula above implies that S solves the Black-Scholes stochastic differ-
ential equation

dS(t) = S(t +dt) — S(t) = aS(t)dt + o S()dW (1)

The following Itd rule for S is a consequence of using It6’s rules formally on
dS (t))2 above:
dS (1))* = o%S (1) dt.

Indeed (dS(1))* = a®(S(1))*(dt)? + 200 S*(t)dtd W (t) + >S*(t)(dW)? and
the first and second terms are 0. This can also be established by using the method-
ology employed for W directly for S itself. The It6 rule for S and Taylor’s formula
similarly imply the following:

Theorem 11 (Itd’s formula for the Black-Scholes model) Let S be a Black-Scholes
model and f € cl? then for every t > 0,

Lo
f@.S@) = f(O,S(O))+/O a—{(u,S(u))du

‘ t 92
+/ %W,S(u))dmwl/ oz (05 @) @S w)?
0 Ox 2Jo 9x

=f(0,S(0))+/ %(u,S(u))du
o ot

+ g—f(u,S(u))(aS(u)du+aS(u)dW(u))
0 X

t 92
+%/0 %(M,S(u))azs(u)zdu.

1t6’s rule for pairs of processes  For specific models, one may use 1t6’s rules for-
mally to evaluate the last term in the following general “integration by parts”
principle: for X, Y two process:

dXOY @) = XO)dY (1) + Y()dX () +dX (1) - dY (1).
9.2 Application: Self-financing Condition and Option
Pricing and Hedging Theorem

Consider {S;;i = 1, ...,d} aset of d risky Black-Scholes-type assets. The value of
a portfolio which contains y; (¢) shares of S; at time 7 is
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d
LOEDIAONIO!

i=1
By It6’s integration-by-parts formula

d
av(t) = zyi(f)dsi(f) +dyi (1) Si (1) + dyi (1)d S (1).

i=1

Let us investigate an infinitesimal interpretation of the notion of self-financing. In
discrete time, when passing from time # — / to time ¢, changes in portfolio positions
must be financed by current changes in asset values. This means that the portfolio
value just before changing allocations at time # must equal the portfolio value right
after changing allocations at the same time ¢:

d d
D SiOhit) =D SiOhi(t —h).

i=1 i=1

Consequently

d
0= D" SiO)(hi(t) = hi(t — h))

i=1
d d

= ZSi(t —h)(hi(t) — hi(t — h)) — Z(Si(l) — S8i(t = h)(hi(t) — hi(r — h)).
i=1 i=1

Then passing to & = dt infinitesimal, we find

d d
0= Z S;(1)dh; (t) — st,- ()dh; (1).

i=l1 i=1

Combining this with the expression above for dV (¢), we arrive at the

d
Self-financing condition: dV (1) = Z i (1)dS; (t).

i=1

Note that the risk-free asset can be denoted by Sy (¢) and satisfies d Sy (¢) = Sy (¢) dt.
Thus if instead of denoting by y, (¢) the number of “shares” of the risk-free asset, we
use the notation b, for the cash amount in the risk-free asset, then b, = y, (¢) So (¢)
and thus yo(#)dSo(t) = b,rdt. Consequently we have



A Didactic Introduction to Risk Management ... 37

Self-financing condition for a portfolio of y; shares of stock and b, in the
risk-free asset:

dV(t) = y,dS (t) + b,rdt.

Itis now possible to check that the main pricing and hedging theorem for the Black-
Scholes model is correct. Recall that it states that with F satisfying the Black-Scholes
PDE with terminal condition @, the claim 2" = & (T') can be replicated by investing
iny, = dF/dx (¢,S (t)) shares of stockand b, = F (¢,S (t)) — y,S (¢) position in the
risk-free asset. By definition, the value V () = b, + y,S (t) = F (¢,S (¢)) replicates
the claim at time T by virtue of F’s terminal condition. We thus only need to check
that V satisfies the self-financing condition.

By It6’s formula for the Black-Scholes model, the Black-Scholes PDE, and the
definition of b, and yy,

dV (1) = dF (1,5 (1))
_F (t,8 (1)) dt + o (.8 (1)) dS (t) + Lo°F (1,8 (1) 028 (1)*d
TR ax 2 gx2 29 "
aF 1, ,0°F
=rF@,S@)dt—rSt)— (t,5S()—=-c°S)"—= (¢,5 (1))
x 2 ax2
dF 19°F e
+— (@, SA)dS () + =— (¢, S(t)) a*S (t)* du
ox 2 9x2
=rb+y:S®)dt —ry:S(t)dt + y:dS (1)
= rb[dt + ytdS (t) .

This is the self-financing condition for the hedging portfolio V. The main pricing
and hedging theorem is thus justified.
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1 Introduction

A trader selling a financial product to a customer usually tends to avoid any risk
involved in that product and therefore wants to get rid of these risks by hedging. In
some cases we can make use of a static hedge and we can hedge—and—forget it,
additionally we can calculate the price from the products used for hedging. But for
most options this is not possible and we have to use a dynamic hedging strategy.
The price sensitivities with respect to the model parameters—the Greeks—are vital
inputs in this context.

The Greeks are calculated as differentials of the derivative price, which can be
expressed as an expectation (in risk—neutral measure) of the discounted payoff. The
Greeks are traditionally estimated by means of a finite difference approximation.
This approximation contains two errors: one on the approximation of the derivative
function by means of its finite difference and another one on the numerical com-
putation of the expectation. In addition the theoretical convergence rates for finite
difference approximations are not met for discontinuous payoff functions.

Fournié et al. [9] propose a method with faster convergence which consists in
shifting the differential operator from the payoff functional to the diffusion kernel,
introducing a weighting function. The main idea is the use of the Malliavin integra-
tion by parts formula to transform the problem of calculating derivatives by finite
difference approximations to calculating expectations of the form

E[H (S7)m[So = x]

where the weight 7 is a random variable and the underling price process is a Markov
diffusion given by:

ds, = b(S)dt + o (S)dW,, Sy = x.

There have been several studies that attempt to produce similar results for markets
governed by processes with jumps. We mention Le6n et al. [10], have approximated
a jump—diffusion model for a simple Lévy process, and hedged an european call
option using a Malliavin Calculus approach. El-Khatib and Privault [7] where a mar-
ket generated by Poisson processes is considered. Their setup allows for random
jump sizes, and by imposing a regularity condition on the payoff they use Malli-
avin calculus on Poisson space to derive weights for Asian options. Bally et al.
[1] reduce the problem to a setting in which only ‘finite—dimensional’ Malliavin
calculus is required in the case where stochastic differential equations are driven by
Brownian motion and compound Poisson components. Davis and Johansson [5] have
developed the Malliavin calculus for simple Lévy process which allows them to cal-
culate the Greeks in a jump diffusion setting which satisfy a separability condition.
Petrou [12] has calculated the sensitivities using Malliavin Calculus for markets
generated by square integrable Lévy processes which is a extension of the paper
[9]. Benth et al. [2] studied the computation of the deltas in model variation within
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a jump—diffusion framework with two approaches, the Malliavin calculs technics
and the Fourier method. El-Khatib and Hatemi [8] estimated the price sensitivities
of a trading position with regard to underlying factors in jump—diffusion models
using jump times Poisson noise.

While Lévy processes offer nice features in terms of analytical tractability, the
constraints of independence and stationarity of their increments prove to be rather
restrictive. On one hand, the stationarity of increments of Lévy processes leads to
rigid scaling properties for marginal distributions of returns, which are not observed
in empirical time series of returns. On the other hand, from the point of view of risk
neutral modeling, the Lévy models allow to reproduce the phenomenon of volatility
smile for a given maturity, but it becomes more complicated when one tries to stick
to several maturities. The inhomogeneity in time increments can improve it, hence
the importance of introducing the additive processes in financial modeling. Each
of the previous papers has its advantages in specific cases. However, they can only
treat subclasses of Lévy processes except that of [12] but in time-homogeneous case
setting.

The objective of this work is to derive stochastic weights in order to compute
the Greeks in market models with jump when the discontinuity is described by a
Poisson random measure with time-inhomogeneous intensity and then to use differ-
ent numerical methods to compare the results for simpler time dependent models.
The main tool uses Malliavin calculus, developed by Yablonski [16] for additive
processes, that will be presented shortly at the appendix of the present document for
the sake of completeness. Essentially, we introduce the time-inhomogeneity in the
jump component of the risky asset price. In particular, we focus on a class of models
in which the price of the underlying asset is governed by the following stochastic
differential equation:

dS[ = b(l, Stf)dt + O‘(ILStf)dW[
+ g 01, S, 2N (d1, d2), (1)
S() =X

where Rg :=RY\ {Oga}, x = (x;)1<i<q € R?. The functions b : RT x RY — R¢,
o :RT xRY — R and ¢ : Rt x R? x RY — R¥*“  are continuously differ-
entiable with bounded derivatives. Here

Wi = (Wi(@), ..., Wa(®))
is a d-dimensional standard Brownian motion and
N(dt,dz)" = (Ni(dt,dz)) — v/ (21). ..., Na(dt, dzq) — v (za))

where Ny, k =1, ..., d are independent Poisson random measures on [0, 7] x R,
Rg := R(l), with time-inhomogeneous Lévy measures vf, k=1,...,d coming from
d independent one-dimensional time-inhomogeneous Lévy processes. The family of

positive measures (u,k)lfksd satisfies
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d T
Z/ (Izl* A 1)v,k(dzk)dt < 00
= Jo Jr

and vE({0) =0,k=1,...,d. Let b(t,x)=Dbi(t,x))i<i<s» 0(t,x) =0y
(t, X)1<i<d,1<j<a and @(t, x, z2) = @;r(t, X, 2)1<i<d,1<k<a be the coefficients of (1)
in the component form. Then S, = (S;(¢))1<i<q4 in (1) can be equivalently written as

dSi = bi(t, S;-)dt + 39 03 (t, S )d W (t)
X Jy et S )Nkt dz), (@)
S(l) = Xj.

To guarantee a unique strong solution to (1), we assume that the coefficients of
(1) satisfy linear growth and Lipschitz continuity, i.e.,

d d
1o, )17 + llo (2, )I* + ZZ/R @i (. x, z0) Pvf (dzi) < C(1+ |x]1?)

k=1 i=1

3)
and
Ib(t. x) = bt WI* + llo (¢, x) — ot YI* < Killx — I (4)
forall x, y € R? and ¢ € [0, T], with C and K, are positive constants.
We suppose that there exists a family of functions p;, : R — R,k =1, ..., d such
that
d
sup / D oz Pvf (dzi) < oo, 5)
0=<t=T JRo }—;
and a positive constant K, such that
d
D it x. 20 — @ut, y. 20 * < KalpGo)Pllx =yl 6)
i=1
forallx, y € Re,te[0,T]andzz e Rk =1,...,d. Similarly to the homogeneous

case, we have the following lemma:

Lemma 1.1 Under the above conditions there exists a unique solution (S;);e0.1
for (1). Moreover, there exists a positive constant Cq such that

E|: sup ||S,||2:| < Cy.

0<t<T
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2 Regularity of Solutions of SDEs Driven
by Time-Inhomogeneous Lévy Processes

The aim of this section is to prove that under specific conditions the solution of
a stochastic differential equation belongs to the domains D'? (see Sects.4.14 and
4.16). Having in mind the applications in finance, we will also provide a specific
expression for the Wiener directional derivative of the solution.

Remark 2.1 The theory developed in the Appendix also holds in the case that our
space is generated by an d-dimensional Wiener process and d-dimensional random
Poisson measures. However, we will have to introduce new notation for the directional
derivatives in order to simplify things. For the multidimensional case,

1 d
Dio= (DY, ....DD)

will denote a row vector, where the element Dl%) of the jth row is the directional
derivative for the Wiener process W;, for all j =1, ..., d. Similarly, for all z =
(2k)1<k<a € RE we define the row vector

.., DY)

1,24

D,.= (D"

1,zp0 "

where the element Dt(kz)A of the kth row is the directional derivative for the random

Poisson measure N, for all k =1, ..., d. For what follows we denote with o; the
Jjth column vector of o and ¢y the kth column vector of ¢.

Theorem 2.2 Let (S;)cj0.1) be the solution of (1). Then S; € D2 forallt € [0, T],
and we have

1. The Malliavin derivative Dr(,{)) S, with respect to W; satisfies the following linear
equation:

d t
. ab ) i
DYS =2 / o (0 $uDS, du + 0, S,)
i=17" !

d d

" 90, N
+ZZ[ Pl Su_)DY) St _dWe (u)

i=1 a=1
d

+Z/t/ 99 . Su_»)DY)SI_N(du, dy),
<, Rg 8)6,‘ r,0Pu—

forO0 <r <ta.e and Dr%) S; = 0 a.e. otherwise.
2. For all z € R, The Malliavin derivative D,.S, with respect to N satisfies the
following linear equation:
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t t
D, .S =/ D, b(u, S,—)du +/ D, .o(u,S,—)dw,
r . r ~
+o(r, S, 2) +/ /d D, ¢, Sy—, y)N(du,dy),
r R

for0 <r <tae and D, .S, =0 a.e. otherwise.

Proof 1. We consider the Picard approximations Sy, n > 0, given by
Sl0 =x

t t
s —x+/ b(u, S )du—l—/ o, S )dW,

/ / ou, Si_ ,Z)N(du dz).
0 JrY

From Lemma 1.1 we know that

(7

E|: sup |S! — S,|2] — 0.
n—oo

0<t<T

By induction, we prove that the following statements hold true for all n > 0.
Hypothesis (H)

(a) S € D2 forall ¢t € [0, T].
(b) ";:n(t) - SupE|:Sup |D OSu| j| < Q.

O<r<t r<u<t

© &) <a+ 8 fo &, (u)du for some constants «, 5.

For n = 0, it is straightforward that (H) is satisfied. Assume that (H) holds for a
certain . We would prove it forn + 1. By Proposition4.12 b(u, S;}_), o (u, S};_)
and ¢(u, S;_, z) are in D'2. Furthermore,

d
ab;
Drobi(u, $i) = 2, 54 S )DeoSi iz

a=1 o

d
00;:
Dy 01, Sp ) =D . L, ST ) Do Sy <y,
a=1 Yo
KL
k
Dyopir(u, S;_, zx) = Z 8xl s 2 Dro Sy 1 <y

a=1

Since the functions b, o and ¢ are continuously differentiable with bounded first
derivatives in the second direction and taking into account the conditions (4) and
(6) we have
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| Drobitu, 10" =< Ko [ oS
| Do, SIO| < Ky [ DroS_ |, ®)

| Doginue, SI_ 20 |° < Kalp@ol? | DroS_ |

2

However, [; b(u, S"_)du, [y o(u, S"_)dW, and [ ng o, S"_, 2)N(dt, dz)
are in D'2. Which implies that $"*! to D!-2 and we have

. t t .
ijo)/o bi(u, S! _Ydu = /r Df,]())bi(”’ Sy—)du,
O3 [ [ b
D,y Z/ Oiq (u, Sy )AW, = oy;(r, S_) + Z/ D, 0ia (. S )d Wa (),
wz1”0 a=1""
- [ N > [ ‘ N
D,y Z/ / @ik, Sy_, zk) Ny (dt, dzg) = Z/ / D0 vi (. Sl s Nk(di. dzp).
Tl IRy =17 JRo
Thus

. . d .
DLyt =/r DY b(u. Si_)du + o (r, Si’_)+Z/ DY) 0, S )dWe (1)
a=1""

d . _
+>° / /]R D gr(u. S} ) N (dr. dz).
k=1"" 0

We conclude that

2}
d v )
> / DYoo (u, S1_)d Wo ()

a=1

/ DY)b(u, S!_)du

r<v<t r<v<t

E |: sup |Dr(fgSf+1|2:| <4 [E |: sup

2

+E|: sup o (t, S,")|2] +E| sup

0<t<T r<v<t

2

+ E | sup

r<v<t

d v . _
> / / DY gn(u, Si_, z)Ni(dr., dzi)
k=1 r Ro

Using Cauchy—Schwarz inequality and Burkholder—Davis—Gundy inequality
(see [14], Theorem 48 p. 193), there exists a constant K > 0 such that

E [ sup | DY) si+! |2} <K [(z —"E [/ DY b(u, S;’)lzdu}

r<v<t

d t )
+E[ sup |0 (1, Sf)lz] +E [Z / Dy ou (u, S;‘_)|2du:|
a=1""

0<t<T
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d . ‘
+E [2/ |DY ox(u, S, zk)lzvl’f(dzk)duj“ :
k=1"" Ry
From (6) and (8) we reach

E|: sup |D£;’8Sﬂ+l|2i| < KE|: sup |o;(t, 5;1)|2}

r<u=<t 0<t<T

0<t<T 0 =1

d t .
+K <K1(T+1)+K2 sup /R Z|pk<z;<)|2vt"(dz;<>>/ E[ 10707 |du.
r

Then, from (3)

E[ sup |Df{3sg+1|2} < KC(] +E[ sup |s,"|2D
r<u<t 0=t=T

. d ot .
+K (Kl(T+ 1)+ K> sup / Z|pk(1k)|2v[k(dzk))/ E[ sup \Dﬁf(}s;'ﬁ}du.

0=t=T JRo ; - r r<v<u

Consequently

Erir(t) <a+ B /0 & (w)du,

where

a:=KC (1 +supE[ sup |SI"|ZD <0

neN OftST
and, using (5), we have

d
B = K(KI(T + 1)+ Ky + sup / Z |:0k(Zk)|2ka(de)) < oo.
R

0=t=T JRy k=1

By induction, we can easily prove that, for all » € N and ¢ € [0, T]

n

i =ay CL
i=0 :

Hence, foralln € Nand r € [0, T']

£,(t) < ae’" < oo,
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whichimplies that the derivatives of S} are bounded in L%(£2 x [0, T]) uniformly
in n. Hence, we deduce that the random variable S, belongs to D"? and by
applying the chain rule to (1) we achieve our proof.

2. Following the same steps we can prove the second claim of the theorem.

As in the classical Malliavin calculus we are able to associate the solution of (1)
with the first variation process Y; := V. S;. We reach the following proposition which
provides us with a simpler expression for D, oS;.

Proposition 2.3 Let (S;)icj0.1) be the solution of (1). Then the derivative satisfies
the following equation:

DS =YY o (r, S, )<y ace. ©)

where (Y;), is the first variation process of (S;);.

Proof Let (S;):ep0,71 be the solution of (1). Then

d t
oo ab; .
DYsi=> / @(u, Su)DYSI_du + 0;(r, S,-)
p=1""

a i i
%, $,-) DY) SE_d Wy ()
aXﬁ ’

B=1a=1""
d d t a(p .

3 [ s st S
Bl k1 V7 Ry BXﬂ

The d x d matrix—valued process Y; is given by

oS
- a)Cj

T "
= 8,’j + z o a—x]((l/t, Su,)Y T du
k=1

d 4 .
00iq kj
+33 [ s,v dww

k=1 a=1

d d
0ip Ko
098 (4, Sus 2) YN Ny(du, d
XX [ s Ryt dz

k=1 p=1

ij .
Y/

with §;; = 1and §;; =0if i # j. Let (Z,)o<;<r be a d x d matrix—valued process
that satisfies the following equation
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d0,
_5,1+Z/( o, S )+ZZ k“(u 5002 ”“(u Su- ))Z’kdu
n=1 a=1
+zz//

3
k=1 p=1 1+%(M7Su—,2ﬁ)

d d 90,
—ZZ/ %y Su)Z* dWe(u)
k=1 a=1

Dot ax” L (u, Su-. zp) axﬂ(u Su—12p)

7k vB(dzp)du

d u—7Zﬁ)

-3 i ZI* Ng(du, dzp).
3 u— ’
k=1 p= 1/ Ry 1 + W( Su—,28)

By means of Itd’s formula, one can check that

.z =
j=1

Hence Z,Y, = Z,Y, = I, where I; is the unit matrix of size d. As a consequence, for
any ¢ > 0 the matrix Y; is invertible and ¥,”! = Z,. Applying again It0’s formula, it
holds that

DS =>">"Y* Zk0,;(r. 5,-) forall r <.
n=1 k=1

Then the result follows.

2.1 Greeks

For n € N* we define the payoft H := H(S;,, S, ..., S;,) to be a square integrable
function discounted from maturity 7 and evaluated at the times ¢, 15, . . . , t,, with the
convention thatfp = O and 7, = T. Under a chosen, since we do not have uniqueness,
risk neutral measure, denoted by Q, the price € (x) of the contingent claim given an
initial value is then expressed as:

¢(x) =Eg[H(S,, Su. ... S)]-

In what follows, we assume the next ellipticity' condition for the diffusion matrix o.

IThis is to ensure that we can find some solutions for the weighting functions, since it often requires
to take the inverse of the volatility function.
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Assumption 2.4 The diffusion matrix o satisfies the uniform ellipticity condition:
39 >0 &1, )0, x)E > n|§lI°, V& xR

Using the Malliavin calculus developed in the Sect.2.1 we are able to calculate the
Greeks for the one—dimensional process (S;);e[o,7] that satisfies equation (1).

2.2 Variation in the Initial Condition

In this section, we provide an expression for the derivatives of the expectation € (x)
with respect to the initial condition x in the form of a weighted expectation of the
same functional.

Let us define the set:

Tnz[aeLZ([O,T]):/ia(u)duzl Vi=1,2,...,n}
0

where t;,i = 1,2, ..., n are as defined in the Sect.2.1.

Proposition 2.5 Assume that the diffusion matrix o is uniformly elliptic. Then for
alla € T,,

T
V,%(x) = Bg [H(S,,, S,Z,...,S,”)/ a(u)o " (u, S,,)Yuqu]
0

Proof Let H be a continuously differentiable function with bounded gradient. Then
we can differentiate inside the expectation (see Fournié et al. [9] for details) and we
have

V.6 (x) = Eg [Z ViH(S,. S, ... Sf,,)vxs,,,]

i=1

= EQ |:z ViH(Stlv Stzs ey an)Yt,-:|

i=1
where V; H(S,,, Si,, ..., S;,) is the gradient of H withrespectto S, fori =1,...,n.
Foranya € T, andi = 1, ..., n and using (9) we find

T
= [ Do SV du,
0

From Proposition 4.12 we reach
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- oo
V,%(x) = Bg / ZV,H(S,,,S,Z,...,S,n)a(u)Du,os,io—l(u,Su_)Yu_du}
0 o

T
=Eg / DM,OH(S,,,SQ,...,S,n)a(u)a—‘(u,su)Yudu}
0

r T
_Eqg / / Du,zH(s,I,s,z,...,Szn>a<u>a—1<u,Su_>Yu_duao<dz)}.
LJ O R

Into measure w(dudz) defined in Sect.4.12 we replace A by 0 and u(du) by a
Lebesgue measure du. Then

T
V% (x) = Eg [/0 /RDM,ZH(S,],S,Z,...,S,n)a(u)al(u,Su)Yu1{0}(z)n(dudz):|.

Using the integration by parts formula (see Sect.4.14), we have
Vi (x) =Eq [H(Sy, Sis -, S,)8 (a()o ™' (-, $)Y 1y ()]

However, (a(u)o~'(, S;-)Y;_),_,., is a predictable process, thus the Skorohod
integral coincides with the It6 stochastic integral.

T
V,€(x) =Eg [H(S,,, stz,...,s,,,)/ a(u)o ™ (u, Su_)Yu_qu]
0

Since the family of continuously differentiable functions is dense in L2, the result
hold for any H € L? (see Fournié et al. [9] for details).

2.3 Variation in the Drift Coefficient

Leth : Rt x RY —> R9 be a function such that for every ¢ € [—1, 1], b and b + eb

are continuously differentiable with bounded first derivatives in the space directions.

We then define the drift—perturbed process (S;), as a solution of the following
perturbed stochastic differential equation:

dSt = (b(t, St ) + eb(t, S¢ ))dt + o (t, S )dW,

[ +ng o(t, St 2)N(dt, dz), with S§ = x. (10)

We can relate to this perturbed process the perturbed price € (x) defined by

€ (x) =Eq[H(S;. S}, ... 5)].
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Proposition 2.6 Assume that the diffusion matrix o is uniformly elliptic. Then we
have

0%
Rho =

T
=Eg |:H(S,,, S,z,...,S,”)/ (e 'b), S,)dw,].
e=0 0
Proof We introduce the random variable
_ T _ &2 T _
D% = exp (8/0 (c7'b)(t, S )dW, — 3/0 I(e~'D)(t, Sf)||2dt).
The Novikov condition is satisfied since

&2 T _
Eg [exp (?/0 (e~ 'b)(t, Sf_)||2dt)] < +o0.

As well as EQ[D ] =1, then we can define new probability measure Q° by its
Radon-Nikodym derivative with respect to the risk—neutral probability measure Q:

~s — ng//T

By changing of measure, we can write

dQ
Q[H(SE S, ..., 80)] = Ege [H(S;, Sto8)) }

dQe
=Eg[H(Sy, Sis -+ S,) D]

where

T _ &2 [T _
D;=exp(—e / (@7'B)(t, Si-)) AW, — / I~ D), St_>||2dr)
0 0
T ~
=1- e/ ((0~'D)(t, S,-)) DidW,
0
which implies that

Eq[H(SE, S5, ., S)] —Eg[H(Sh, Sv -, Si)]

&

2

T
—Eq [H(S,l, RS / o~'b)(, s,)dw,}
0
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Dé — 1 T ~
='E@[H(S,1,St2,...,s,n>( — —(/ (o‘lb)(t,st)dwz))}
0
2}

2

Di—1

T
<Eg[IH(S,, Sh, - -, S, 1] Eg U —/0 (67 'B)(t, S,=)aW;)

2.4 Variation in the Diffusion Coefficient

In this section, we provide an expression for the derivatives of the price % (x) with
respect to the diffusion coefficient 0. We introduce the set of deterministic functions

ti
T, = ‘aeLz([O,T]):/ a(u)du =1 Vi=1,2,...,n]
ti—1

wheret;,i =1, 2, ..., nareasdefinedinthe Sect.2.1. Letg : Rt x RY — R? x R?
a direction function for the diffusion such that for every ¢ € [—1, 1], and o + €&
are continuously differentiable with bounded first derivatives in the second direction
and verify Lipschitz conditions such that the following assumption is satisfied:

Assumption 2.7 The diffusion matrix o + £ satisfies the uniform ellipticity con-
dition for every ¢ € [—1, 1]:

I3n>0 £ (0 +€0) (t,x) (0 +65) (1, x)E > nl€]*, V& x eRY.

We then define the diffusion—perturbed process (S; ’G)OS,ST as a solution of the
following perturbed stochastic differential equation:

dSe% = b(t, S*7)dt + (U(t, S97) + e (1, Sff)) dw,
+ Jus 00, SE7 )N (dt, dz), with S57 = x.

We can also relate to this perturbed process the perturbed price €*° (x) defined by
€ (x) == Eq [H(SE7, 57, ..., $07)].
We will need to introduce the variation process with respect to the parameter &
dZ; = b0, S Zdn + (00, S0 + 65, S0 ZiTaw,

+3 (1, ;7AW + / ¢'(t, S5, 2)ZE° N(dt, dz) and Z5° =0,
R
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ase?

so that =~ = Zf’a. We simply use the notation S, ¥; and Z° for S,O’E, Y,O’g and
72 where the first variation process is given by ¥,"° := V, 5*"° . Next, consider the
process (8; )iejo, ) defined by

BT :=Y'2%, 0<t<T ae.

t

Proposition 2.8 Assume that Hypothesis 2.7 holds. Set
BT = a) (B = B7) Liv 1 ()
i=1

Suppose further that the process (e~ ', S,)Y,B',”’EBo(z))(,,z) belongs to Dom(§),
then we have for any a € T),:

£,0

” =Eq[H(Sy. St 8,08 (07, SHY. B 8())] .-

e=0

Vega = (x)

Moreover, if the process (,8?80 (z)) belongs to D2, then

te[0,T]

n

5 (o7 (. SHY.B T 80()) = D [ﬂf%(z) / a0 (1, )Y, )dW,

i=1

- / " a(t) ((Drof%)o (1, Si)Y,) di

ti1

- /i a)(e'(, Sz)Yz,BflrSo(Z)dWr]-

Proof Let H be a continuously differentiable function with bounded gradient. Then
we can differentiate inside the expectation

de de

967 ! s s K
(x) = Eg [ZV[H(S,SI“’,S&”,...,S;'” l ]
i=1

= Eg [Z ViH(SE7, 8%, an"?)Zf,jg:| :
i=l
Hence

9¢°
ae

(x)

=Eg [Z ViH(S,, S, ..., s,n)zf] :
e=0

i=1
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On the other hand we have

ﬁ:nﬁ

- Y" Z(ﬂt/ tr 1
—v, Z/_" a(t) (B — B )1

1
= / Y, f}“ °dr.
o

From Proposition 2.3, we conclude that

T
z7 :/ Dy0S,0 " (u, S, )Y, B*°du.
0
Which implies that

9¢°

(X)

=Eg {/ Zv H(Sty, Sty -+ St,) Du0S0 su_)yu_,é'g’“du}

=Eg [/0 Dy 0H (St Sty - S)o Su)YuE;""du}.

Using the duality formula in Sect.4.14 and taking into account the fact that
(e~ ', S)Y, B 780(2))(1.z) belongs to Dom(8), we reach

96"

() | =Eg[HS,. S 8,08 (07 SHY.B ()]

e=0

2.5 Variation in the Jump Amplitude

To derive a stochastic weight for the sensitivity with respect to the amplitude para-
meter ¢ we use the same technique as in the Proposition 2.6. To do this, we consider
the perturbed process

d = b(t, Ss_w)dt—l—O'(t S )dWr
+f]Rd(<p(t S,_(ﬂ, 2) +eo(t, S,_ ,2)N(dt, dz),
Sy =x



Sensitivity Analysis for Time-Inhomogeneous Lévy Process ... 55

where ¢ € [—1, 1]and ¢ : Rt x RY x RY — R¥*¢ is continuously differentiable
function with bounded first derivative in the second direction. The variation process
with respect to the parameter ¢ becomes

dzP% = '@, SS9 ZE0de + 30 ol (1, St HzEPaw®
+ Jrg ((p (t, 8% 2) + &g (z, §°F z)) 7PN (dt, dz)
+ ng §0(ty Sf:ﬁ’ Z)N(dtv dZ)a
Zy? =0.
We can also relate to this perturbed process the perturbed price €% (x) defined by

670 = Bo [H(ST. 57,50 |.

Hence, the statement of the following proposition is practically identical to
Proposition 2.8:

Proposition 2.9 Assume that the diffusion matrix o is uniformly elliptic and the
process (o~ (t, S,)Y,ﬂ,a (p&)(z))(t o € Dom($), then we have for any a € T,:

=Eq[H(S,. Sty S,)8 (07, SHY.B"980()] .
e=0

Kappa =

ee? )
X
ae

Moreover, if the process (,8?80 (2))seq0,1) belongs to D2, then

n

§(07' (. SHY B P80()) =D [ﬁfso(z) / a7 @, SV dW,

i=l1

~ [ at) (0o 5w, dr

- /i a@)(o'(, St—)Yt—ﬁflﬁo(Z))th]-

i~

3 Numerical Experiments

In this section, we provide some simple examples to illustrate the results achieved
in the previous section. In particular, we will look at time-inhomogeneous versions
of the Merton model and the Bates model.
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3.1 Examples

3.1.1 Time-Inhomogeneous Merton Model

We consider time-inhomogeneous versions of the Merton model when the riskless
asset is governed by the equation:

ds) = S’r(tdt, Sy =1,
and the evolution of the risky asset is described by:
dSt == Stdetv S() =X,

where

t t t
L[:/ b(u)du+/ a(u)qu—i—/ ow)dX,, t>0.
0 0 0

e {W,,0 <t < T} is astandard Brownian motion.

e The process {X,,0 <t < T} is defined by X, := z;v;l Z;forallt € [0, T], such
that {N;, ¢t > 0} is a inhomogeneous Poisson process with intensity function A(#)
and (Z,),> is a sequence of square integrable random variables which are i.i.d.
(we set k 1= EqglZ]).

o {W,,t>0},{N,,t >0}and {Z,, n > 1} are independent.

e 1, b, 0 and ¢ are deterministic functions.

We can write
L,:/ b(u)du+/ a(u)qu—l—// ow)zJx(du, dz)
0 0 0 JRy
=/ (b(u)+K<p(u)A(u))du+/ U(M)qu—i‘/ / @u)zJx (du, dz),
0 0 0 JR,

where Jx (du, dz) and Ty x (du, dz) are, respectively, the jump measure and the com-
pensated jump measure of the process X. By It6’s formula, we have forall # € [0, T']:

In(S;) = In(x) +/ (b(u) — %02(14)) du
0

+/ a(u)qu+/ / In(1 4+ @(u)z)Jx(du, dz).
0 0 JR,
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Set A; = exp(— fot r(u)du), we conclude that the process (A;S; )0, 7] is a martingale
if and only if the following condition is satisfied:

b(t)—r@)+kp®r()=0 Yt e[0,T].

Hence, forall r € [0, T']:
In(S;) = In(x) +/ (r(u) — %az(u) — KQD(M))\(L{)) du
0
+/ a(u)qu—i—/ / In(1 4+ @(u)z)Jx(du, dz).
0 0 JRy

The price of a contingent claim H (S7) is then expressed as
¢ (x) =EqlArH(S1)],

and for all ¢ € [0, T], the processes Y;, Zf’, ,Bf s Z? and ,3,& are, respectively, given
by

N
Q
I

S
- X
t’~ (/ l/l)qu _/ E(M)U(M)du) S,
BY =x ( o(w)dw, — /o(u)a(u)du)
7 _ w(u)z 3 /f _ )

87 = x (/ /}R li(;‘iz) Jx(du, dz) —/O Ka(u)x(u)du).

By using the general formulae developed in the previous section, we are able to
compute analytically the values of the different Greeks (a(u) = %):

T
Vi€ (x) = Eq |:ATH(ST)/ a@) (o~ (u, Su)Yu-) qu}

= Eg [ATH(ST)/ xTa(u)qu}
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T
Rho; = Eg [ATH(ST)/ (7', SiO)F(, Si0) dW,}
0

T
—EQ |:/ 7(u)duATH(ST):|
0

:E@[ATH(ST)(/ r((u))dW /r(u)du)]
0

r T
Vegas = Eq ATH(ST)/ o_'(t,S,)Y,E,”_dW,:|
L 0

r T
=Eq | A7 H(Sr) ( / a(r)ﬂr(o—‘(t,S,_>Yz_>dwf)}
0

( T a(t) r_
=Eq|ArH(ST) / — (/ o) dw, — o’(u)du)) th):|
o o) \Jo

r T
Kappag = Eq ATH(ST)/ o\, S,_)Y,_,Bf_dW,:|
0

T
=Eq | ArH(Sr) ( / a(t)Br(oc'(t, Sz_)Yz_)de)}
0

( T a()
=Eq | ArH(Sp) / —dW,)
0o o)
Ppu)z T
(/ /R 1+ o)z JX(d”adZ)—/O Kw(u))»(u)du)}

For numerical simplicity we suppose that the coefficients r > 0, o > 0 are real
constants and ¢ = 1 such thatIn(1 + Z;) ~ A4 (i, %) where u € Rand § > 0. The
intensity function A(¢) is exponentially decreasing given by A(t) = ae™"" for all
t €[0,T],wherea > 0and b > 0.

In this case we have k = E[Z,] = e’”% — 1 and the mean—value function of the
Poisson process {N;, t > 0} is m(t) = [, A(s)ds = £(l—e™), Vrel0,T]

3.1.2 Binary Call Option

We consider the payoff of a digital call option of strike K > 0 and maturity T i.e.
H(S7) = 1{5,>k), such that:

Nr
1 ak _
Sr = x exp (r - 502) T——(-e Ty 4 o Wy +]Z_;1n(1 +Z))
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The price of a digital option is given by:
G = C(x) = ¢ "Bollik 100 (ST)].

Delta: variation in the initial condition

e Delta computed from a derivation under expectation: By conditioning on the num-
ber of jumps, we can express the price as a weighted sum of Black—Scholes prices:

Z e—m(T) (m(T))n

Cgb]z’l = n' (gbligyf(ov T& Sns Kv r, Un)

n>0

where m(T) = ¢(1 — e™*T), S, = xexp(n(u + &) — m(T)«), 0} = o> +ns
and €,35(0, T, S,, K, r, 0,) stands for the Black—Scholes price of a digital option.

v 0§ e " Do) 8, 06570, T, 80, K, 1, 0)
bin = 9x e n! x 35S, ’
Recall that
%)?5(09 T’ Sna K5 r, Un) = e_rTc/V(dln)

and

8%;35(0’ T’ Sn’ Ka r, Un) e_’T

= (D(dZn)
Sy Snanﬁ

Suy 4 (rg %0 _2
Where1 di, = W, dyp =dy, —0p/T and ®(z) = \/;2787' Conse-
quently

o~ T+m(T)) (m(T))" ®(d>.,)

AM _
bin — |
X T >0 n. On

e Finite difference approximation scheme of Delta:

Egle T H(S;1)] — Egle " TH(S} )]

a —r X
AT = —Egle " TH(Sp)] ~ >

bin ax
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e Global Malliavin formula for Delta:
The stochastic Malliavin weight for the delta is written:

Ty s W
8(w)=/ 2 aw, = L
o T xoS; xoT

where (1) = a(t) J& and ¥, = ¥ and a(t) = 7

Wr
xoT

A = Eq |:e_rT1[K,+oo](ST)

e Localized Malliavin formula for Delta:
Empirical studies have shown that the theoretical estimators produced by the tech-
niques of Malliavin are unbiased. We will adopt the localization technique intro-
duced by Fournié etal. [9], which aims is to reduce the variance of the Monte—Carlo
estimator for the sensitivities by localizing the integration by part formula around
the singularity at K.
Consider the decomposition:

H(ST) = Hs,lac(ST) + Hs,reg(ST)-
The regular component is defined by:
H; reg(S7) := G (ST — K).

where ¢ is a localization parameter and the localization function G,, that we
propose, is given by:

0; Z<—¢
-\ 3
G 13090+ —e<z<0
1_%(1+§ (l_é)’O§Z<8
L z=¢€

Then

1 Sy —K Sr—K\’
He,reg(ST)zi(l_ Tg )(1+ Tg ) 1[K78<S7‘<K}

1 Sr— K Sr— K\
+(1—5(1+ Tg )(1— TE ))1{K<ST<K+S}

+ 15> K +e)-

The localized component is given by:

Hs,loc(ST) = H(ST) - Hs,reg(ST)-
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Delta for a digital option in Time-inhomogenous Merton model

0.06 T T T T T T T T
Var PLocM=0.000330 Global Malliavin formula =0.035096
V:— PG?(?M—O 003664 Localized Malliavin formula=0.035660 ——
0.055 |- Var FD:0‘003954 Finite difference=0.034900 ------- E
e Exact value=0.035934 --------
Ratio(FD/PMloc)=11.983937
0.05 Ratio(FD/PM)=1.079128 B
0.045
0.04
<
£ 0035
a
0.03
0.025 b i
0.02 ! i
0.015 i
001 ; i Il Il Il Il Il Il Il Il Il

0 100 200 300 400 500 600 700 800 900 1000
Number of simulations

Fig. 1 Delta of a digital option computed by global, localized Malliavin like formula and finite
difference. The parameters are Sp = 100, K = 100,00 =0.10, 7 =1,r =0.02, o = —0.05,§ =
0.01, ¢ = 1, the intensity function A is exponentially decreasing given by A(r) = ae™?" for all
t €[0,T], wherea=1andb =1

We find that the Delta computed by localized Malliavin formula:

Wr
xoT

S
AlLoeMall = e_rTEQ |:Hs,loc(ST) :| + e_rTEQ [Hé,reg(ST)?T] .
In Fig. 1 we plot the delta for a digital option for a simplest time-inhomogeneous
Merton model.
Furthermore, we have

/W
Rho = é'_rTEQ (TT — T) I{ST,ZK}i|
[ (W2 —cTWr =T
Vega =e¢'TE T 15~
R (G T
. L
K — —rTE J _ _,—bT 1 Tl -
appa = e Q §—1+¢Zj b( e’ +1 —7 LisrzK)

Rho: variation in the drift coefficient

e Rho computed from a derivation under expectation: Recall that

CESO,T, S, K, r,00) = eI N (dy)
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and
dCES(0.T. S, . K. 1.0, VTe "
b’"( ) = —TeirTJV(dz,n) + —cp(dln)
or On
A6
Rho)! .= —bin
or
B e D) (m(T))" a(gbbi”f((), T,S,,K,r, o)
- = n! or
=D (m(T))" VTe™T
= Z %(—Te‘ﬂﬂ(dz,n) + U—ﬂb(dz,n))
n>0 ’ "

— T UT+mI) Z M (_JV(dzn) +
n! ’

n>0

cb(dZ,n) )
VTo, )

e Finite Difference Approximation scheme of Rho:

EQ[E_(r+£)TH(S§-+S)] _ EQ[e_(r_S)TH(S;_E)]
2 '

3 _
Rhopp = o Egle "TH(SH)] ~

e Global Malliavin formula for Rho:

_ Wr
Rhogyan = ¢ ""Eq [(? - T) l{ST>K}:| .

e Localized Malliavin formula for Rho:

W
Rhopoeman = ¢ " Eg [Hg,lac(ST) (?T - T)]

+e " TEq [H] 0o (ST)T Sr| — Te ""Eq [H ., (ST)] .
In Fig.2 we plot the Rho for a digital option for a simplest time-inhomogeneous

Merton model.

Vega: variation in the diffusion coefficient

e Vega computed from a derivation under expectation:

M 86}2{1
egabin : 8
e ( )(“l(’] )) aonaébin (0,2,5,1,1(,),0;1)

n! foled a0,

X
v
=}
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Rho for a digital option in Time-inhomogenous Merton model

7 T — T T T T T
Halio(FD?PM):ZOB,ﬂ&StiW o Global Malliavin formula =2.714175
Var PLocM=4.328347 Localized Malliavin formula=2.963162 ——
Y Var PGloM=32.086706 Finite difference=1.375000 -------
} Var FD=6678.381507 Exact value=3.047522 --------
6 {Ratio(FD/PMloc)=1542.940471 g

Rho

0 100 200 300 400 500 600 700 800 900 1000
Number of simulations

Fig. 2 Rho of a digital option computed by global, localized Malliavin like formula and finite
difference. The parameters are Sy = 100, K =100, 0 =0.1, 7T =1,r =0.03, p = —0.05, § =
0.01, ¢ = 1, the intensity function A is exponentially decreasing given by A(t) = ae™?" for all
t€[0,T],wherea =1andb =1

d

—m(T) n
e (m(T)" o ;’n)q)(dz,n)

=> (e T +

n! oy

n>0

_O—e—(rT+m(T))z (m(T)) anﬁde,n B(ds ).
(o2

|
n=0 n: n

e Finite Difference Approximation scheme of Vega:

_,rEolH(S7)] — Eg[H(S779)]

3 —r lea
Vegapp := gEQ[e TH(SI)] ~e >

e Global Malliavin formula for Vega:

., W2 —oTWr —T
VegaGMa” =e TEQ [( r oT ) 1{5T>K}i| .

e Localized Malliavin formula for Vega:

o W2 —oTWr —T
VegaLocMall =e EQ HE,loc(ST) oT

+ e_rTEQ [Hs/,reg(ST) (Wr —0oT) ST] .
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Vega for a digital option in Time-inhomogenous Merton model

Va;r PLocM=I74,oo1 gzgl I Globeil Ma\liavinlformula =|—4.507803I
Var PGloM=436.773796 Localized Malliavin formula=-4.564098 ——
arVar (I’:D=144 303053 Finite difference=—4.250000 -------
- i ) Exact value=—4.498331 -------- R
i Ratio(FD/PMloc)=1.949990

Ratio(FD/PM)=0.330384

Vega

1 ! ! 1 I 1 | 1 1
0 100 200 300 400 500 600 700 800 900 1000
Number of simulations

Fig. 3 Vega of a digital option computed by global, localized Malliavin like formula and finite
difference. The parameters are So = 100, K = 100, r =0.02, 0 =0.20, T =1, r =0.05, u =
—0.05,8 = 0.01, ¢ = 1, the intensity function A is exponentially decreasing given by A(t) = ae~"!
forallt € [0, T], wherea = 1 and b = 1

In Fig.3 we plot the Vega for a digital option for a simplest time-inhomogeneous
Merton model.

Alpha: variation in the jump amplitude

e Alpha computed from a derivation under expectation:

aeM
Alphal!, = ﬁ
B e—m(T)(m(T))n 8Sn a%ﬁf(o, T, Sn, K,r, Un)
- n! e 39Sy

n>0

e "D m(T))" m(T)kS, 86,50, T, S,, K, r,0,)

= n! 0 08,
. e~ rTHm@) (m(T)" @ (dy,,)
o 0T = n! o,

e Finite Difference Approximation scheme of Alpha:

7 BolH (8771 — Bg[H (57 9)]
2¢e ’

0
Alpharp = @EQ[e_rTH(S?)] e
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e Global Malliavin formula for Alpha:
Nr

Z; a WT
Alphagya = ¢~"TE A Gty ) P
phacyan = e Q ;1+¢Z, Kb e’ +1) o Lisr=K)

e Localized Malliavin formula for Alpha:

—rT &z a . —bT Wr
Alphayoemall = e EQ Hg 1o¢(ST) le m — KE —e +1) oT
Nt 7. u
+e_rTEQ Hs/,reg(ST) JZi ﬁ - KE(—E_bT +1 ) Sr

In Fig. 4 we plot the sensitivity with respect to the jump size parameter ¢ for a digital
option for a simplest time-inhomogeneous Merton model.

Alpha for a digital option in Time-inhomogenous Merton model
0.25 T T T T T

Globall MalliavinI formula =|0.1 16775I
Var PLocM=0.002536 Localized l\/’l_:'allviavg]éormu\a:g.é;gggg -
Var PGIoM=0.036735 inite difference=0.
. Exact value=0.110671 --------

: Var FD=2.738470
0.2 Ratio(FD/PMloc)=1079.881339 g
] Ratio(FD/PM)=74.546571

Alpha

0 i N \ | |
0 100 200 300 400 500 600 700 800 900 1000

Number of simulations

Fig. 4 Alpha of a digital option computed by global, localized Malliavin like formula and finite
difference. The parameters are Sp = 100, K =100, 0 =0.20, T =1, r =0.02, u = —0.05,
5§ =0.01, ¢ = 1, the intensity function A is exponentially decreasing given by A(r) = ae™?" for
allt € [0,T], wherea =1and b =1
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3.1.3 Time-Inhomogeneous Bates Model:

We consider the solution of the stochastic differential equation:

dS! =rS! dt+ViS|_dW! + S [, (¢ = )N (dt,dz), S} = xo,
dV, = k(@ — V)dt +o/VidB,, Vo=y,
(Wl’ B)t = pt,

where (th, B,):ep0,71 1s a two—dimensional correlated Brownian motion with cor-
relation parameter p €] — 1, 1[. The stochastic process (S;) is the underling price
process and (V,) is the square of the volatility process which follows a CIR? process
with an initial value vy > 0, with long—run mean 6, and rate of reversion «, o is
referred to as the volatility of volatility.

For all ¢ € [0, T], we define

1
= sz(Bt —oW,).

The process (W?),cjo.7] is @ Brownian motion which is independent of (W,'),c(0.7}-
Then, the system of stochastic differential equations can be rewritten in a matrix
form

dS, = b(t, S;_)dt +o(t, S;_)dW, +/ o(t, S;_, z)ﬁ(dt, dz), Sy = (xo, vo)

Ry

where S, =(S!, V), Wr= W' W2H*  b*(t, S_) =S, k@O — V),
9*(t, Si_,z) = ((¢¢ — 1)S) ,0)* and

VViS 0
po Vi o1 = p2/V;

o(t,8-) =

The inverse of o is

o/1=p2/Vi 0

1
—1
ot S8 ) = —F—m————
1
O—msl—vf —poV; \/VtStl_

The price of the contingent claim in this setting is expressed as:

¢ =Eqg[e"TH(S)].

2Cox, Ingersoll and Ross model. See [4].
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Note that by Itd’s formula we have for all r € [0, T']

ln(Stl)—/l (r—lv)du+// z— (€ — D] vu(dz)du
2 R,
/\Fdwl //zN(du dz).
Ry

The Rho

In the drift—perturbed process (S; ), which is a solution of the stochastic differential
equation (10), we take b*(t x) = (x1,0)*" and we get

_ ~ 1 —p
Yt S )b, S ) = = ——— ).
(o7 (1, $;-)b(t, 5i-)) (ﬁ mm)

From Proposition 2.6, we have

—rT r dWll p r th2 —rT
Rho=e""TEq | H(S)) /O NN —Te "TEg [H(S)].

The Delta

The first variation process is given by

dY, = b/(t, S,_)Y,_dt + o]{(t, S,_)Y,_d W) ~
+03(t, S, Y- d W + [y @1, Si-, )Y, N(dr, d2),
Yo=1

where
r 0

/ Z_l
veso= (g5 ’wm&,@=(“o)8)

S
o/(t, S$-) = (\/Ovt 2;,/;) and o)(t,S,_) = (

N

() (e}
Q
[\]
e
2
\—/
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By Proposition 2.5 we conclude that

0%
Delta =
a

X0

T yL1 yl! 2
=e¢'TEg | H / = ! / = __aw? ).
‘ Q[ o) ( o ‘st ”(’)ﬁ TSt )}

. s .
Since Y,l;l = S and if we take a(t) = %, we get

—rT T 1 T 2
Detta =g | Hs) [ e _ ¢ dWoy |
xoT o VVi J1=p2Jo VYV

The Vega

We perturb the original diffusion matrix with o to get the perturbed process given
by (11) such that

~ _[*1 0

o(t,x) = (O O)'

For all ¢ € [0, T'], the processes Zf and /3,5 are, respectively, given by
t
ASEE (W,1 —/ \/Vudu) S, ZH° =0

BT =xo (W, VVidu ), g¥° =0.
-,

Using the chain rule (Proposition 4.12) on a sequence of continuously differ-
entiable functions with bounded derivatives approximating +/V,, together with
Proposition 2.3 we obtain

_ T
Dy oBr° = xo ((1,0>*— /O 5 \/—Dror du)

V[Y22
:xo((IO) 2 \/\/:Y“( 1_pz)du).

Thus

Tr (D oBr)o ™" (t, Si0)Y,) =

é—l
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Then
T
8 (071, SHY.B8()) = /O a() (@' (t, S,-)Y,)*dW,

T
—/ a@®)Tr ((Dofr)o" (1, 8,-)Y, ) dt
0

S
a(t)
X( NI \/1—7/
- /O “j’%d;

a(t)

)

Consequently,
e T
Vegaz = [H(ST)((W} - / \/Vudu)
0
T aw) o T aw? T dt
X — — — 1.
o Vi J1=p2Jo JVi o VVi
The alpha

We consider the perturbed process

dSt = b(t, St )dt + o (1, S )dW, ~
+ Jo, (@1, S;_, 2) + (1, S;_, 2))N(dt, d2),

S5 = x,
ot,x,z2) = ()8)

Forall t € [0, T], the processes Z? and ,3,gz defined above are, respectively, given by

(/ / “*N(du, dz) — / 1—e Z)vu(dz)du) S, Zfz") 0

Ry R,

= X (/ / “*N(du, dz) — / 1 - e_z)vu(dz)du) ’ t2,<p —0.
Ro

with
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Then
T
§ (07" (. S)Y.BS0()) = /0 a@®) (o™, $-)Y, ) dW,
T
- / a®Tr ((Drofr)o ™\ (t, Si-)Y,-) di
OT _ T
:(/ /e’ZN(du,dz)—/ /(l—ez)vu(dz)du)
0 R(] Ry
@ gy / a(r)
Nz M )
Consequently

e—rT
Alphag =

T T
|:H(ST)(/ / e—ZN(du,dz)—/ / (l—e_z)vu(dz)du)
0 Ro 0 IRO

/T thl P T th2
X — .
o vVi  J1—p2Jo vV

4 Malliavin Calculus for Square Integrable Additive
Processes

4.1 Additive Processes

Definition 4.1 (see Cont [3], Definition 14.1) A stochastic process (S;);>o on R?
is called an additive process if it is cadlag, satisfies Sp = 0 and has the following
properties:

1. Independent increments: for every increasing sequence of times fy, .. ., #,, the
random variables Sy, S, — Sy, ..., S;, — S, , are independent.
2. Stochastic continuity: Ve > 0 and V ¢ > 0, limy_o P[|S;4n — S¢| > €] = 0.

Theorem 4.2 (see Sato [15], Theorems 9.1-9.8) Let (S;),>0 be an additive process
on R, Then S, has an infinitely divisible distribution for all t. The law of (S;)>¢ is
uniquely determined by its spot characteristics (A;, L, I7)i>0°

Elexp(iu$;)] = exp(y; (u))

where

1
D) = =g At T4 [ @1 2l @),
Rd
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The spot characteristics (A;, |, I1)i>0 satisfy the following conditions

1. Forallt, A, is a positive definite d x d matrix and |4, is a positive measure on
R? satisfying i,(0) = 0 and ng(|z|2 A D (dz) < oo.

2. Positiveness: Ag =0, uo =0, Iy = 0 and for all s, t such that s <t, A, — Ay
is a positive definite d x d matrix and u;(B) > us(B) for all measurable sets
B € BRY).

3. Continuity: if s —> t then Ay — A,, Iy —> I and ts(B) —> u,(B) for all
B € BRY) such that B C {z : |z| = &} for some & > 0.

Conversely, for a family of (A, ., I7);>0 satisfying the conditions (1), (2) and
(3) above there exists an additive process (S;);=0 with (A, 4, I7)i>0 as spot char-
acteristics.

Example I 'We consider a class of spot characteristics (A;, t;, I7):>0 constructed in
the following way:

e A continuous matrix valued function o : [0, T] — M4 (R) such that o; is sym-
metric for all ¢ € [0, T'] and verifies fOT atzdt < 0.

e Afamily (v;);c0,7] of Lévy measures verifying fOT (ng(lzl2 A Dy, (dz)) dt < oo.

e A deterministic function with finite variation y : [0, T] — R? (e.g., a piecewise

continuous function).

Then the spot characteristics (A;, s, I7);>0 defined by

1

A, =/ 03ds
0
t

Uy =/ Vyds
0
t

I; =/ )/st
0

satisfy the conditions 1, 2, 3 and therefore define a unique additive process (S;),>0
with spot characteristics (A;, i, I7):ejo0,7].- The triplet (olz, Vi, Ye)ielo,r] are called
local characteristics of the additive process.

Remark 4.3 Not all additive processes can be parameterized in this way, but we
will assume this parametrization in terms of local characteristics in the rest of this
paper. In particular, the assumptions above on the local characteristics implies that
the process (S;)>0 is a semimartingale which will allow us to apply the It6 formula.

The local characteristics of an additive process enable us to describe the structure
of its sample paths: the positions and sizes of jumps of (S;);>¢ are described by a
Poisson random measure on [0, 7] x R¢

Js(w, ) = Z 81,458,

0<t<T;AS,#0



72 M. Eddahbi and S.M. Lalaoui Ben Cherif

with (time-inhomogeneous) intensity given by v;(dz)dt:

E[Js([t1, 2] x B)] = pr([t1, 2] X B) =/ vs(B)ds.

1)

The compensated Poisson random measure can therefore be defined by:

Js(w, dt,dz) = Js(w, dt,dz) — v,(dz)dt.

4.2 Isonormal Lévy Process (ILP)

Let u and v are o—finite measures without atoms on the measurable spaces (T, <)
and (T x Xg, £) respectively.
Define a new measure

n(dt, dz) := u(dt)s 4(dz) + v(dt, dz) (11)

on a measurable space (T x X,¥), where X =XoU A, ¥ =o (& x A, A) and
84 (dz) is the measure which gives mass one to the point A.
We assume that the Hilbert space .7 = LXA(T x X, ¥, ) is separable.

Definition 4.4 We say that a stochastic process L = {L(h), h € #} defined in a
complete probability space (£2, %, P) is anisonormal Lévy process (or Lévy process
on #7) if the following conditions are satisfied:

1. The mapping A —> L(h) is linear.
2. E[e*1™] = exp(¥(x, h)), where

W(x, h) :/ ((e"xh“»@ — 1 —ixh(t, 2)1x,(2) — lx2hz(t,z)1A(z)) 7(dt,dz).
TxX 2

4.3 Generalized Orthogonal Polynomials (GOP)

Denote by x = (x1, x2, ..., X,, ...) a sequence of real numbers. Define a function

F(z,x) by
F(z,%) = ex (i (D! k) 12
) - p k .XkZ . ( )
k=1

It

—1
R(T) = (limsup |xk|%) =0
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then the series in (12) converge for all |z] < R(X). So the function F(z, X) is analytic
for |z] < R(X).
Consider an expansion in powers of z of the function F(z, X):

F(z,%) = > "P(®.
n=0

One can easily show the following equalities:

n

1+ DP1 (@ = D (=D xi1 Py (@), 120,
k=0

8P,,(_)_ 0 ifl > n,
o T | S @it <n.

4.4 Examples

1. fx(h) = (x,A,0,...,0,...), then
Z2 -
F(z,x) = exp (Z)C - ?)\) = Z_(; H,(x, )‘)Zn’

where H,(x, 1) are the Hermite polynomials (Brownian case). So
P,(x,A,0,...,0) = H,(x, A).

2. Ifx(hy=(x —t,x,...,x,...), then

o n
FG® =1+ = Culr ),
n=0 ’

where C,(x, 1) are the Charlier polynomials (Poissonian case). So

nP,(x —t,x,...,x) = Cu(x, ).
4.5 Relationship Between Generalized Orthogonal
Polynomials and Isonormal Lévy Process

Forh € 2 N L*®(T x Xo, B, v),letx(h) = (x;(h));2, denote the sequence of the
random variables such that
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xi(h) = L(h);
x2(h) = L(h*1x,) + 1113
xi(h) = L(h*1x,) +/ WA (e, x)v(dt, dx), k = 3.

TXXO

Lemma 4.5 Lethandg € 5 N L>®°(T x Xy, B, v). Thenforalln, m > 0we have
P, (x(h)) and P, (X(g)) € L*(2), and
0 ifn #m,

E[P,GE(M)P,(x(gN] =1 1 '
[P, (x(h)) Py (X())] { - (E[LMWLD" if n =m.

4.6 The Chaos Decomposition

Lemma 4.6 The random variables {e*™ h € 76 N L®(T x Xy, B, v)} form a
total subset of L*(2, %, P).

For each n > 1 we will denote by &2, the closed linear subspace of L*(2,.7, P)
generated by the random variables {P,(x(h)), h € 7 N L>®(T x Xy, B,v)}. P
will be the set of constants. Forn = 1, &, coincides with the set of random variables
{L(h), h € 2}. We will call the space &2, chaos of order n.

Theorem 4.7 The space L*(2, 7, P) can be decomposed into the infinite orthog-
onal sum of the subspace ,,:

L*(R2,.7,P) =P 7.

4.7 The Multiple Integral

Set % = {A € ¥|n(A) < oo}. For any m > 1 we denote by &,, the set of all linear
combinations of the following functions f € L2((T x X)", 9™, n™)

f(tly Xiyeoestm, xm) = 1A|><A2><...A,,, (tla Xlyeonstm, xm)v (13)

where Ay, ..., A,, are pairwise—disjoint sets in &.

The fact that 7 is a measure without atoms implies that &}, is dense in L?>((T x
X)™). (See, e.g. Nualart [11] pp. 8-9).
For the function of the form (13) we define the multiple integral of order m

In(f) = L(A1) ... L(Ap).
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Then, by linearity we conclude I,,(f) for all functions f € &, and by continuity
I, (f) for all functions f € L2((T x X)™).
The following properties hold:

1. I, is linear. B B
2. I,(f) = I,(f), where f denotes the symmetrization of f, which is defined by

~ 1
S x5, e, X)) = ] z Sy X1y s Logm)s Xo(m))-
‘oeSp

0 if n#m,

m' < f, g >L2((T><X)”‘) lf n=m.

4.8 Relationship Between Generalized Orthogonal
Polynomials And multiple Stochastic Integrals

Proposition 4.8 Let P, be the nth generalized orthogonal polynomial and x(h) =
(xe(h))g2,, where h € Ny LP(T x X, %, v) N I and

xi(h) = L(h);
x2(h) = L(h*1x,) + A%

xi(h) = L(h1y,) +/ @, x)v(dt, dx), k> 3.

TxXo
Then it holds that
n!P,(X(h)) = L,(h®"),
where
RO (11, X015+ v vy by X)) = h(t1, X1) X -+ X Wty Xn)-

4.9 Expansion into a Series of Multiple Stochastic Integrals

Corollary 4.9 Any square integrable random variable & € L*>(2, %, P) can be
expanded into a series of multiple stochastic integrals:

E=> L(fo). (14)

k=0



76 M. Eddahbi and S.M. Lalaoui Ben Cherif

Here fy =E[&], and Iy is the identity mapping on the constant. Furthermore, this
representation is unique provided the functions f; € L*((T x X)*) are symmetric.

4.10 The Derivative Operator

Let . denote the class of smooth random variables such that a random variable
& € . has the form
&= f(L(hy), ..., L(h,)), (15)

where f belongs to C;°(R"), hy, ..., h, are in 7, and n > 1. The set .7 is dense
in LP($2), forany p > 1.

Definition 4.10 The stochastic derivative of a smooth functional of the form (15) is
the J#—valued random variable D& = {D, &, (t,x) € T x X} given by

=9
Dy £ = Za—fk@(ho,...,L(hn>>hk<r,x>1A(x> (16)
k=1
+ (F(LG) + (@, x), .. L) + hy(t, X))

—f(L(h), ..., L(hy))) 1x,(x).

We will consider D& as an element of & € L>(T x X x 2) = L*(2; ),
namely, D& is a random process indexed by the parameter space 7' x X.

1. If the measure v is zero or hi(t,x) =0, k =1,...,n when x # A then D&
coincides with the Malliavin derivative (see, e.g. Nualart [11] Def. 1.2.1 p. 38).
2. If the measure p is zero or hy(t,x) =0, k=1,...,n when x = A then D&

coincides with the difference operator (see, e.g. Picard [13]).

4.11 Integration by Parts Formula

Theorem 4.11 Suppose that & and n are smooth functionals and h € €. Then
1.

E[§L(h)] = E[(D§; ) »].

E[£nL(h)] = Eln (D&; h) 1+ E[§ (Dn; h) > 5] + E[(Dn; hlx,D§) 1.
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As a consequence of the above theorem we obtain the following result:

e The expression of the derivative D& given in (16) does not depend on the particular
representation of £ in (15).
e The operator D is closable as an operator from L?(£2) to L*($2; 7).

We will denote the closure of D again by D and its domain in L?(£2) by D'2,

4.12 The Chain Rule

Proposition 4.12 (See Yablonski [16], Proposition 4.8) Suppose F = (Fy, F», ...,
F,) is a random vector whose components belong to the space D"2. Let ¢ € €' (R")
be a function with bounded partial derivatives such that ¢(F) € L*(82). Then
¢ (F) e D2 and

n 8¢
Z—(F)Dz.AFi; x=A
Xi
Dy ¢ (F) = § i=l
P\ + D Fryoo o By + Do Fy) —(F1 o By x # A

4.13 The Action of the Operator D via the Chaos
Decomposition

Lemma 4.13 It holds that P,(x(h)) € D2 for all h € 5 N L>(T x Xy, B, v),
n=1,2,...and

Dy x Py (x(h)) = Pooy (X(R)A(2, X).

Proposition 4.14 Let& € L>(2, .7, P) with an expansion £ = Z}fio I (fr) where
fi € L>((T x X)X) are symmetric for all k. Then & € D"? if and only if

o0
2
DKLl oy < 00
k=0
and in this case we have

Dy & =Dkl i (fi( 1, %))

k=0
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and

E [/ (D, <&)*m(dt, dx)}
TxX

coincides with the sum of the series (14).

4.14 The Skorohod Integral

We recall that the derivative operator D is a closed and unbounded operator defined
on the dense subset D'-? of L2(§2) with values in L?(£2; J&).

Definition 4.15 We denote by § the adjoint of the operator D and we call it the
Skorohod integral.

The operator § is a closed and unbounded operator on L?(£2; 7#) with values in
L2(£2) defined on Dom(8), where Dom(8) is the set of processes u € L2(2; )
such that

<cllFllag

‘E |:/ D,,ZFu(t,z)n(dt,dz):|
TxX

for all F € D2, where ¢ is some constant depending on .
If u € Dom(8), then 8(u) is the element of L?(£2) such that

E[FS(u)]=E |:/ D, Fu(t, 7)m(dt, dz):| (17)
TxX

for any F € D2,

4.15 The Behavior of § in Terms of the Chaos Expansion

Proposition 4.16 Let u € L>(82; ) with the expansion

u(t, 2) = D L(fils1,2)), (18)

k=0

Then u € Dom(§) if and only if the series
0 ~
§) =D ey1 (fi) (19)
k=0

converges in L2(£2).
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It follows that Dom(8) is the subspace of L2(£2) formed by the processes that
satisfy the following condition:

o0

DA DUl e ypon < 00 20)
k=1

Note that the Skorohod integral is a linear operator and has a zero mean, e.g.
E[§(u)] = 0if u € Dom(8). The following statements prove some properties of §.

Proposition 4.17 Suppose that u is a Skorohod integrable process. Let F € D2 be
such that E [fox (F2 + (D,,ZF)ZIXO) u(t, z)%m(dt, dz)] < 0. Then it holds that

5 ((F + (Di.F)lx,) u) =F8(u)—/ (D, F)u(t, o) (dt,dz), (21
TxX

provided that one of the two sides of the equality (21) exists.

4.16 Commutativity Relationship Between the Derivative
and Divergence Operators

Let L2 denote the class of processes u € L?(T x X x £2) such that u(t, x) € D'?
for almost all (¢, x), and there exists a measurable version of the multi—process
D, cu(s, y) satistfying

E[/ / (D,,xu(s,y))Zn(dz,dx)n(dsdy)] < oo.
TxX JTxX

Proposition 4.18 Suppose thatu € L."? and for almostall (t,z) € T x X, the two—
parameter process (D,,Zu(s, y)) is Skorohod integrable, and there exists a

which belongs to L>(T x X x £2).

(s,y)eTxX
version of the process (S(D;’ZM(', ')))

Then §(u) € D2, and we have

(t,2)eT xX

D, :6(u) = u(t,z) + 8(Ds cu(-, ). (22)

4.17 The Ito Stochastic Integral as a Particular
Case of the Skorohod Integral

Let W = {W,,0 <t < T}is abe an d-dimensional standard Brownian motion, Na
compensated Poisson random measure on [0, '] x Rg with (time-inhomogeneous)
intensity measure v(dt, dx) = B;(dx)dt, where (B;):c0,1 18 a family of Lévy mea-
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sures verifying fOT (JgaUlzlI* A DB, (d2)) dt < oo.Here Ry := R \ {0} and for each
t € [0, T], %, is the o—algebra generated by the random variables

{W_{,]V((O,s] xA);0<s<t, j=1,...,d, Ae%(Rg), sup Bs(A) < oo}

0<s<t

and the null sets of .7.
We denote by Lf, the subset of L2(£2; ) formed by (.%;)—predictable processes.

Proposition 4.19 L% C Dom(8), and the restriction of the operator § to the space
coincides with the usual stochastic integral, that is

d T T
S(u) :Z/O ul (t,0)dW/ +/0 /Rdu(t,z)ﬁ(dt,dz). (23)

Jj=1
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Variance-GGC Asset Price Models
and Their Sensitivity Analysis
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Abstract This paper reviews the variance-gamma asset price model as well as its
symmetric and non-symmetric extensions based on generalized gamma convolutions
(GGQO). In particular we compute the basic characteristics and decomposition of the
variance-GGC model, and we consider its sensitivity analysis based on the approach
of Kawai and Kohatsu-Higa in Appl Math Finance 17(4):301-321, 2010 [8].
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1 Introduction

Lévy processes play an important role in the modeling of risky asset prices with
jumps. In addition to the Black-Scholes model based on geometric Brownian motion,
pure jump and jump-diffusion processes have been used by Cox and Ross [5] and
Merton [13] for the modeling of asset prices. More recently, Brownian motions
time-changed by non-decreasing Lévy processes (i.e. subordinators) have become
popular, in particular the Normal Inverse Gaussian (NIG) model [1], the variance-
gamma (VG) model [11, 12], and the CGMY/KoBol models [3, 4].
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The normal inverse Gaussian (NIG) process [1] can constructed as a Brownian
motion time-changed by a Lévy process with the inverse Gaussian distribution, whose
marginal at time ¢ is identical in law to the first hitting time of the positive level t by
a drifted Brownian motion.

The variance-gamma process [11, 12] is built on the time change of a Brownian
motion by a gamma process, and has been successful in modeling asset prices with
jumps and in addressing the issue of slowly decreasing probability tails found in real
market data.

The CGMY/KoBol models [3, 4] are extensions of the variance-gamma model by
a more flexible choice of Lévy measures. However, this extension loses some nice
properties of variance-gamma model, for example variance-gamma processes can
be decomposed into the difference of two gamma processes, whereas this property
does not hold in general in the CGMY/KoBol models.

In [6] the variance-gamma model has been extended into a symmetric variance-
GGC model, based on generalized gamma convolutions (GGCs), see [2] for details
and a driftless Brownian motion. In this paper we review this model and propose an
extension to non-symmetric case using a drifted Brownian motion.

GGC random variables can be constructed by limits in distribution of sums of
independent gamma random variables with varying shape parameters. As a result,
the variance-GGC model allows for more flexibility than standard variance-gamma
models, while retaining some of their properties. The skewness and kurtosis of
variance-GGC processes can be computed in closed form, including the relations
between skewness and kurtosis of the GGC process and of the corresponding
variance-GGC process. In addition, variance-GGC processes can be represented as
the difference of two GGC processes.

On the other hand, the sensitivity analysis of stochastic models is an important
topic in financial engineering applications. The sensitivity analysis of time-changed
Brownian motion processes has been developed and the Greek formulas have been
obtained by following the approach in [8]. In addition, the sentivity analysis of the
variance-gamma, stable and tempered stable processes has been performed in [9]
and [10] respectively. As an extension of the variance-gamma process, we study the
corresponding sensitivity analysis of the variance-GGC model along the lines of [9].

In the remaining of this section we review some facts on generalized gamma con-
volutions, (GGCs) including their variance, skewness and kurtosis. We also discuss
an asset price model based on GGCs and its sensitivity analysis.

Wiener-gamma integrals

Consider a gamma process (¥;):cr, , 1.€. (¥1)reRr, 1S a process with independent and
stationary increments such that y, at time ¢ > 0 has a gamma distribution with shape
parameter ¢ and probability density function e*x'~!/I"(¢), x > 0. We denote by

/0 gWdyr, 6]
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the Wiener-gamma stochastic integral of a deterministic function
g R+ —> R+

with respect to the standard gamma process (y;);er,, provided g satisfies the
condition

/ " log(1 + g()dt < oo, @)
0

which ensures the finiteness of Eq. (1), cf. Sect. 1.2, page 350 of [7] for details. In
particular, there is a one-to-one correspondence between GGC random variables and
Wiener-gamma integrals, Proposition 1.1, page 352 of [7].

Generalized gamma convolutions

A random variable Z is a generalized gamma convolution if its Laplace transform
admits the representation

E[e %] = exp (—t/oo log (1 + E) /L(dS)) ;o ouz0
0 N

where ((ds) is called the Thorin measure and should satisfy the conditions

/ |log s|u(ds) < oo and/ s~ u(ds) < oo.
0,1] (1,00)

Generalized gamma convolutions (GGC) can be defined as the limits of independent

sums of gamma random variables with various shape parameters, cf. [2] for details.
In particular, the density of the Lévy measure of a GGC random variable is a

completely monotone function. From the Laplace transform of Z we find

E[Z] = / N 1~ u(dr),
0

and the first central moments of Z can be computed as

[ B[z — E[z])?] = / " 2,
0

E[(Z — E[Z])*] = 2 / i, 3)
0

E[(Z — E[Z]D*] = 3 (Var[Z])> + 6 / ” ~u(dr).
0
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As a consequence we can compute the

E(Z —E[Z)*] _ 2 [yt~ udn)

Skewness[Z] = NTZI = R
and ) .
Kurtosis[Z] = w — fO p(dr)
(Var[Z])? (Var [Z])z

of Z. We refer the reader to Proposition 1.1 of [7] for the relation between the
integrand in a Wiener-gamma representation and the camulative distribution function
of the associated generalized gamma convolution.

Market model and sensitivity analysis

As an extension of the model of [9] to GGC random variables we consider an asset
price process St defined by the exponent

o0
Sy = Spexp (9/ g()dys + TVTO + Zr + ¢(6, t)T) ,
0

of a variance-GGC process, i.e. fooo g(s)dy, is a GGC random variable represented as
a Wiener-gamma integral, ® is an independent Gaussian random variable, (Z;);cr,
is another GGC-Lévy process, and e R, 7 >0, T > 0.

0
In Sect. 3 the sensitivity EE[QD (S7)] of an option with payoft @ with respect

0
to the initial value Sy in a variance-GGC model is shown to satisfy

a 1
ﬁE[¢(ST)] = —E[q)(ST)LT]
0

where

_ 20 7@ oy Jo F&)dys =T i f(5)ds +nO
© [;° () f(s)dys + T/Tn)? 0 [;°g(s) f(s)dys + T

for any positive function f : Ry — (0, @) and n > 0. In Theorem 1 we will compute
this sensitivity as well as orther Greeks based on the model parameters 6 and t.

The remaining of this paper is organized as follows. In Sect. 2 we introduce a
model for Brownian motion time-changed by a GGC subordinator. The variance,
skewness and kurtosis of variance-GGC processes are calculated in relation with the
corresponding parameters of GGC processes, and several example of variance-GGC
models are considered. A Girsanov transform of GGC processes is also stated. The
sensitivity analysis with respect to Sp, 6 and 7 is conducted in Sect. 3.
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2 Variance-GGC Processes

Given (W;),cr, a standard Brownian motion and 6 € R, o > 0, consider the drifted
Brownian motion
B :=0t+oW, teR,.

Next, consider a generalized gamma convolution (GGC) Lévy process (G,);cr, such
that G is a GGC random variable with Thorin measure i (ds) on R,. We define the
variance-GGC process (Y,”’O) ter, as the time-changed Brownian motion

Yto,(f = Bg’ra, t e R+.

The probability density function of Y,“’G is given by

1 o0 |x—0y|2) dy
w0 (X) = expl ————)h —_, x € R,
fYrg( ) o 27_[/0 p( 20_2y t(y)ﬁ

where /,(y) is the probability density function of G,, cf. Relation (6) in [11].
The Laplace transform of Y, 70 s

E [exp (—u¥")] = /0 e™ fy,(y)dy

— (60— T

= GY(M_TM)
o0 _ 2.2

=exp(—t/ 10g(1+9uj—u/2)u(ds)), “)
0

where ¥, is the Laplace transform of G,.

This construction extends the symmetric variance-GGC model constructed in
Sect. 4.4, pages 124126 of [6]. In particular, the next proposition extends to variance-
GGC processes Relation (8) in [11, 12], which decomposes the variance-gamma
process into the difference of two gamma processes. Here, we are writing Y, as
the difference of two independent GGC processes, i.e. ¥; becomes an Extended
Generalized Gamma Convolution (EGGC) in the sense of Chap.7 of [2], cf. also
Sect.3 of [14].

Proposition 1 The time-changed process Y, can be decomposed as
Y,=U —-W,

where U, and W, are two independent GGC processes with Thorin measures L, and
W which are the image measures of ((dt) on R, respectively, by the mappings
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0 1 /62
sr—>B(s):=—2+— —2+2s, s € Ry,

o Vo

0 1 /62
S|—>A(s)=——2+— —2—|—2s, s e R,

o cVo

Proof From (4), the Laplace tranform of ¥, can be decomposed as
_ ., yvo0\] — _ * _ u L
E [exp ( uY, )] = exp ( t/o log (1 B(s)) (1 + A(s)) u(ds))
o u o° u
= exp (—t/o log (1 + m) u(ds) — t/o log (1 — FS)) /L(ds))
©° u o u
= exp (—t/o log (1 + ;) ualds) — t/o log (1 — ;) ,ug(ds))

= E[e "Y' E[e*"].

and

O
The Laplace tranform of Y, can also be decomposed as

E [exp (—qu"’O)] = exp (_l/ooo log (1 + %) ualds) — I/Ooo log (1 — %) ,uB(ds))

0 [ee)
= exp (—t/ log (1 + E) n—p(ds) — z/ log (1 + E) MA(ds)) , 5
00 s 0 K

where (4 p is the image measure of ;1 g by s — —s, and in particular, Y, is an extended
GGC (EGGC) with Thorin measure 4 + p—p in the sense of Chap.7 of [2].

In the next proposition we compute the variance, skewness and kurtosis of
variance-GGC processes.

Proposition 2 We have
(i) Var[Y] = 6>Var[G,] + ¢*E[G].

_E[(G1 = E[G1])’] +2(0/6)*Var[G1]

(1) Skewness = == Nar(G 1 + (0/0)E[G1 1)

0 (Var[G])** 002 Var[G]
= —?Skewness[Gl] Var 1,172 — Nar [, ) (6)
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E[(Gy — E[G1])*] — 3(Var[G,])?
8(62Var[G1] + 02E[G])>

(iii) Kurtosis[Y;] = 3 + 36*

30%0’E[(G1 — E[G1])*]/4 + 0*Var[G/]
(0%Var[G1] + 02E[G])?
+ (Kurtosis[G ] — 3)(Var[G1])2

=340
16(Var[Y;])?

+ 90202 Skewness[G](Var[G])3/? o*Var[G]

? 4(Var[Y])? (Var[¥; D)2

Proof Using the Thorin measure (4 + p—p of Y, and (3) we have

00 0
Var[¥,] = / ) + / 2 p(dt)
0 —

o0

1 *© 1
_ /0 A+ /O SN

00 92+to_2
/0 7 mdn)

= 0*Var[G,] + o ’E[G,],

and
00 0
E[(Y; — E[Y1])*] =2 / 1 ua(dt) +2 / t 7 u_p(dt)
0 —00
1 [*®6°+ 0602 ((92/(72 + 2t)
93
= S ElG - E[G )] + 60> Var[G],

and

0

E[(Y, —E[Y\)*] = 6 /

—00

0 00 2
+3 (/ 1727 (dt) +/ tz,lﬁ(dt))

—00 0
_3 / 0+ (007(/402/02 + 81/27 + o' (/46?07 £ 8D)'/2
4y t#

4

92 4 12 2
0

3 [ 304 4 6020% + dor? % 92 4 152 2
= Z/ A wu(dt) +3 (/ t—zﬂ(dt))
0 0

o0
1 na(dt) +6 / 1™ u_p(dt)
0

(dr)

87
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3
= gema[(c:l —E[GD*] — 3(Var[G])?)

+§9202E[(Gl —E[G1])*] + 36*Var[G] + 3(6*Var[G] + o *E[G])?,

and this yields (6) and (7). ([l
Girsanov theorem
Consider the probability measure Q; defined by the Radon-Nikodym density
Y.
dg, 7 (1 = A)4T M — MrtaTlog(1-1) 5 <] ®)

ap e T

cf. e.g. Lemma 2.1 of [9], where Y7 is a gamma random variable with shape and
scale parameters (a7, 1) under P. Then, under Q,, the random variable Y; has a
gamma distribution with parameter (a7, 1/(1 — A), i.e. the distributionof ¥; /(1 — 1)
under P.

In the next proposition we extend this Girsanov transformation to GGC random
variables.

Proposition 3 Consider the probability measure Py defined by its Radon-Nikodym

derivative .
dP; el 10

e oo F&dyet i log(1—f()ds
dpP Efelo f©)drs)

where f : Ry — (0, 1) satisfies

0 1 t
/ log (ﬂ) dt < oo. ©)
0 1—f@)
Assume that g : R, — R, satisfies (2), and
oo
/ log (1 +ug(s) — f(s))ds > —oo, u > 0.
0

Then, under Py, the law of fooo g(s)dy; is the GGC distribution of the Wiener-gamma

integral
R {C))
—27 dy,
/0 =7

under P.
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Proof For all u > 0, we have

ey [ (= " sn)]
=E [exp (—u/ g(s)dys +/ S (s)dys +/ log (1 — f(S))dS)]
0 0 0
=E [eXp (/OO fs)— ug(S)dJ/s)} exp (/Oo log (1 — f(S))dS)
0 0
= exp (— /OQ log (1 + ug(s) — f(s))ds) exp (/oo log (1 — f(s)) ds)
0 0
_ [T ug(s)
- exp( /0 log (1 - f(s)) ds)
_ Y {C)
- [exp( “/o - f(s)d”)] ‘
Note that (8) is recovered by taking g(s) = 1jo..7)(s) and f(s) = Al 47)(s) for

re 0, ,ie.Gr = fooo g(s)dy;, is a gamma random variable with shape parameter
aT and we have

—aT
—uG u u
Epf[e = (1+m) :IE|:exp (—1_)\’GT):|,

u > 0, A < 1. Next we consider several examples and particular cases.

O

Gamma case

In case the Thorin measure y is given by

p(dt) = yé.(dt),

where §, is the Dirac measure at ¢ > 0 we find the variance-gamma model of [12].
Here, G,, t > 0, has the gamma probability density

t—1,—cx
o (x) = crt—xy , xeRy,
I'(yt)

with mean and variance y¢/c and yt/c?, and G, becomes a gamma random variable
with parameters (yt, ¢). In this case, the decomposition in Proposition 1 reads

Wy () (1 _ ﬂ)‘” _ (1 _ ﬂ)"y (1 N ﬂ)"y
Y, u) = 2C - \/Z \/Z ’
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and we have
pa(dt) = pp(dt) =y8 s, (dl),

thus (Up)ser,, (Wi):ier, become independent gamma processes with parameter
(yt, ~/2c/o). The mean and variance of U; are

B = [ s = 2X
[1]/OIMA(f) T3

and
2

Var[U)] = E[(Us — E[U1])*] = / 2 = %
0 Cc

Symmetric case

When 6 = 0 we recover the symmetric variance-GGC process
Y, := B°(G,;), teRy,

defined in Sect. 4.4, page 124—126 of [6], i.e. the time-changed Brownian motion is
a symmetric variance-GGC process. Here, Y, is a centered Gaussian random vari-
able with variance 0>G, given G,, where B? is a standard Brownian motion with
variance 2.

The Laplace transform of Y; in Proposition 1 shows that ¥, decomposes into two
independent processes with same GGC increments since p4 and pp are the same

image measures of ;(dt) on Ry, by s — +/2s5/0.
Variance-stable processes

Let (G;);er, be a Lévy stable process with index parameter o € (0, 1) and moment
generating function 4 (s) = e~*". In this section we consider a non-symmetric exten-
sion of the symmetric variance stable process considered in Sect. 4.5, pages 126—127
of [6]. The Thorin measure of the stable distribution is given by

w(dt) = oyt = < sin(am)i*dt,
i
cf. page 35 of [2]. By Proposition 1, ¥; can be decomposed as
Yr = Ut - Wta

where U, and W, are processes with independent stable increments and Thorin
measures

2 a—1
a(dt) = pa(tydt = < sin(am) (0t + 6) (l(m —0/0)* — 9—) dt,
T 2 202
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Fig. 1 Sample paths of variance-stable process with @ = 0.99

and

a 1 02 \*"'
ws(dt) = pgt)dt = — sin(an)(o’t — 0) (—(at —0/0) — —) dr.
T 2 202

In the symmetric case 6 = 0 we find

2.2 :
/'LA(df) = (PA([)dt = ,LLB(d[) = (pB([)d[ = Uzt(p (%) dt = azlnf(]an’)azatzafldt’
T

i.e. v2U, /o and v/2W, /o are stable processes of index 2«. Note that the skewness
and kurtosis of G, and Y, are undefined. Figure 1 presents a simulation of the variance-
stable process.

Variance product of stable processes

Here we take G, = Z'/*X,, where Z is a I"(y, 1) random variable and X, is a stable
random variable with index « < 1. The MGF of G is h(s) = (1 4+ s%)7, cf. page 38
of [2],1.e. G is a GGC with Thorin measure

1 yat* sin(am)
dr) = p()dt = —
p(de) = ¢(t) 7 14 12 4+ 2% cos(am)

and Y; decomposes as
Y, =U —W,

where U, and W, are processes of independent product of stable increment and Thorin
measures
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Fig. 2 Sample paths of variance-product of stable process with « = 0.99 and y = 0.2

na(dt) = pa()dt
1 va((ot +6/0)2/2 — 02/(202))* Lsin(arm) (02t + 6) U
T4+ ((01 +6/0)2/2 — 62/ (202)2% +2((a1 +6/0)2 /2 — 62/ (262))* cos(ar)

and

up(dr) = eg()dt
1 va((ot —0/0)2/2 — 62/(262))2~ L sin(am)(c2r — 0) 5
T 1+ ((or—0/0)2/2—602/202)2% +2((ot — 0/05)2)2 — 6226 2)% cos(ar)

In the symmetric case

pna(dt) = pa()dt = pp(dr) = p(t)dt
2, (aztz) yao 2?2 sin(ar)
=0 go

=
2 m(2e~ 4 2-algdapda 4 g2ap2e cos (o))

The skewness and kurtosis of G, and Y, are undefined. Figure 2 presents the corre-
sponding simulation.

3 Sensitivity Analysis

In this section we extend approach of [8] to the sensitivity analysis of variance-GGC
models. Consider (B;);cr, a standard one-dimensional standard Brownian motion
independent of the Lévy process (¥;);ej0,7) generated by
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Yr :=/ g(s)dys.
0

Let @ be a standard Gaussian random variable independent of (Y;);¢0.7]. For each
t € [0, T], we denote by .%, the filtration generated by ® and o (Yy : s € [0, ]).
Let (Z);cr, be a real-valued stochastic process in R independent of (Y;);cr,
and (B;);er, - Finally we denote by and let Cj (R, ; R) denote the class of n-time
continuously differentiable functions with bounded derivatives, whereas %, (R ; R)
denotes the space of continuous functions with compact support.
Given 6 € R and T € R, we consider the asset price S; written as

Sy = Soexp (GYT +VTO + Zy + Te(®, r)) ,
where the function g(s) : Ry — R, verifies (2).

Remark 1 When 6 = 0 the above model reduces to the standard Black-Scholes
model, and in case 6 # 0 we find the variance-GGC model by taking (Z;);e(0,7]
to be a GGC process.

For example, we can take the Wiener-gamma integral fooo g(s)dy;s to be a stable
random variable and set Z to be another stable random variable, then the exponent
of S, is a variance-stable process. This example will be developed in the next section.

The next theorem deals with the sensitivity analysis of the variance-GGC model
with respect to Sy, € and 7, and is the main result in this section. Define the classes
of functions

CLRGR) :={f e CR;R) @ |f(x)] <C(1+ |x]) for some C > 0},

and

D(R,:R) := {f:]R+—>R D= afila, nz 1,
k=1

e €R, fi € GL(Ry; R), Ay intervals of R+}.

Theorem 1 Let @ € D(Ry; R). Assume that the law of Zr is absolutely continuous
with respect to the Lebesgue measure, with

> g(s) f*(s) B

Then

(i) (Delta—sensitivity with respect to Sy). We have

9 1
a_SOE[qj(ST)] = S—OE[Q)(ST)LT],
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where

_ 20y g®fPe)dy, Jo~ Sy =T [§* f(s)ds +n®
O Jo~ 8@ f)dys +TVTm? 6 [T e6) f()dye + Ty

(ii) (Sensitivity with respect to 0). We have

il *° 1 [
%E[é(ST)] =K [¢(ST) (LT/O g(s)dys — )y g(S)f(S)st)]

d
+T50 (‘9 )8_&)E[¢(ST)]’

where Hy = 9/00 g@) f(s)dys + rﬁn.

0
(iii) (Theta—sensitivity with respect to t). We have
0 1
gE[(D(ST)] =E [@(ST)LT\/T (@ — H—)] + TSo (9 ‘E) IE[CD(ST)]
T

(iv) (Gamma—second derivative with respect to Sy). We have

2

BSZE[Q)(ST)]
1 1 (IyHy —2(Kr)> NrHr — MrKp
- g o (=5 (22 )
52 [ (T)(( R T 7 N (2
1 9
_S_OﬁE[CD(ST)]
where

Ky = 29/0 g() f2(s)dys, My =/0 f(s)dy, — T/O f(s)ds + 1o,

and

e’} 0 o) 2
Ir =66 / ) f(5) vy, NT:(/ Fls)dys — T / f(S)ds+n@)-
0 0 0

Next we state two lemmas which are needed for the proof of Theorem 1.

Lemma 1 Assume that E[e*Y?T] < oo for some y > 1. Let f : R — (0, a) be a
positive function and ) € (0, ¢) for ¢ < 1/a such that (10) holds. Fix n > 0 and
suppose that one of the following conditions holds:
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(i) The density function of Yr = fooo g(s)dy, decays exponentially, or
(ii) E[e?H9977] < o0 forall § > 0.

Let also

o ()
SON — g 9/ 8+ VTO© + )+ Z 0.0)T).
T oexe | T + tVT(© +nh) + Zr +¢(0, 1) )

and

9 gl f(s)
H = sy =0 [ EOT sy VT, = .

and

k3D = iH;Af) — 2 /oo Md%, Kr =K\,
A o (I=2af(s)?

Then we have the L*(82)-limits

Of) 17 Of) Ky Kr
. J) _ : T _
}1_% Sy Hy" = SrHy and }1_% (H;'\f))z =

Proof For any X € (0, €), we have

sup E [lS(TAJ)H;Af)‘zy} <CE |:62yrﬁ(-9:| E [ezyzr]
re(0.6)

© g(s)f(s) ¥ ( /°° g(s) )
S Ef(o " dyy T 2 —° Ay,
" e {(/0 (=27 ()7 y“f") P\ T

CIE[e2yrﬁ@]E[e2yZT]

a 2y o0 JT 2y 2y6 o0
i ) ([ o) (2 o)

CI]E[eZV’ﬁ@]E[eZVZT]

2y 00 2y 00
() ([ s ) (22 [ )]
(1 — sa) 0 1—¢a 0

where C| is a positive constant. Under condition (i) or (ii) above we have

216 9
E [yﬁy exp (1 _”w YT):| <E [exp (2y (1 + = w) YT)] < o0,

IA

IA
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and similarly we have E[e%yf] < oo. Finally, we have E[e?’?7] < co by

assumption, and it is clear that E[ezy“ﬁ@] < 00. Then |S;kf)H}'\f)| is L% (£2)-
integrable, hence (S(T'\f ) H}'\f ))2 is uniformly-integrable since y > 1. Therefore, we

have proved that S(Txf)H;Af) converges to Sy Hy in L?(£2) as A — 0.
Next, for any A € (0, ¢) we have

00 2 2y
E[KS J(HG)2 2 E (( 26 )/ RIONSORS )
o K HT T = o [ i) Jo =i
a? 2y ) 2y 26 2y
—~ ) E dy,
S((1—)\61)3) |:(/0 8(s) y) ]ngl,)s) t/Tn
a2 2y 00 2y 20
S((1—ea)3) E|:(/o g(s)d”) }

T n
. %) 2y ] . . e . ..
since |E [( fo g(s)a’ys) ] is finite under Condition (i) or (ii) above. Therefore

2y

( K(T,\f) /( H;Af))z)z is uniformly-integrable since y > 1, and this shows that K ;Af '/
(Hy'")? converges to K7 /(Hr)? as ) — 0 in L2(£2). -

Lemma 2 Assume that E[e?"?T] < oo for some y > 1 and that (10) holds. Suppose
in addition that one of the following conditions holds:

1. The density function of fooo g(s)dys decays exponentially.
2. E [|e2y(1+‘95)yT|] < oo forall § > 0, where Yr = [;° g(s)dy,.

Then for @ € (fbl (R4, R) it holds that

(i) E [¢/(ST)STHT] =E |:(/ f(s)dys — T/ f(s)ds + 77@) (D(ST)] .
0 0
(ii) E[®'(Sr)S7] = E[®(Sr)L7].
/ 00 B 00 e
(iii) E[@ (S1)St /0 g(s)dys] —E|:¢(ST)<LT /0 §O)n - 7 /0 g(S)f(S)dys)]-

(iv) E®'(Sr)SrBr] = VTE [qi'(ST)LT (o _ Hi)] .

T
(v) Ifin addition ® € %bz (R, R) and (10) is satisfied then we have

E[@"(S7)(S1)*] + E[@'(S7)S7]

— Z_L I Hy _Z(I(T)2 NrHpy — M7 Kp
=E |:¢(ST) ((LT) Hr ( (Hr)? + (Hr)? )):| .
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Proof We have

E[(®(S1))*] < 2E[(@(S7) — P (S0))*] + 2E[(P(S)))*]

1

< 2E[(P(Sp))*] +2 / E[(®'(rS + (1 — r)Sp)*(S7 — So)*1dr
0

< 00,

since @ € Cg (R4; R). As for (i) we have

o] _w| 4P
IE[(D(ST )]_E[dp }%cp(sr)] (1)

where we define the probability measure P,y via its Radon-Nikodym derivative

dP,; B oMo fedys g
dP |7~ E[etl /©dr] E[e*19]

— o Joo f©dys+T [57 log(l7)Lf(s))ds+kn(~)f)»2nz/2’

where f:R — (0,a) and A € (0,¢). In this way the GGC random variable
fooo g(s)dy; and the Gaussian random variable ® under P,y are transformed to

. ]j\(;)(s)dys and ® + nA under P.

0
First we prove that ﬁE [@(S(T'\f ))] exists and equals the left hand side of (7).

For every ¢ € (—X, 1) we have

(57" — @ (s !
(S777) (S7) 2/ ®/(S¥sf))s;_raf)H;raf)dr’
€ 0

and by the Cauchy-Schwarz inequality we get

1 . /
E H;(@(S&f)) — ®(Sr)) — @'(Sr)SrHy

)

5/ E[|®'(Sy ) Sy HY ™) — @' (1) Sy Hrldr
0

1
< / VEL@ (U )21 B HED — SpHp)dr
0

1
+ / VEL@/(5¢°D) — @/(5p)21VEI(S; H)?ldr. (12)
0

From the boundedness and continuity of @’(S(Tsf ‘)) with respect to ¢ in L2(£2), we
have
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E[(®'(5¥/))*] < 00 and nr%E[(q)’(S(;f)) —@'(57))*] =0.

By Lemma 1 we get that S(TAf ) H;Af ) converges in L?($2). Finally, we take the limit

ad dP,
on both sides of (12) as ¢ — 0. Next we prove that —E i @D (St) | exists
L | dP |z

and equals the right hand side of (7).
For every ¢ € (—A, 1) the Cauchy-Schwarz inequality yields

1 ((dPyy dPy o0 >0
— — ) — o — T A K
IE1|: . ( 1P }gr ip }9r) (S7) (/) f)dy, /0 f(s)ds + n()) (St)

< VE[(@(51))?]
2
1 (dPy P, 00 o
|:(e(dP |91_dP|91)_(./0 f(S)dyS_T./o f(é)d‘\-ﬁ—'l()))]

It is then straightforward to check that E[|® (S7) |*] < oo and

|

% (exp (x /0c f(s)dys + T/oolog (1 —Af(s))ds +rn® — xznz/z) - 1)
0 0

converges to

/f(s)d)/s—T/ f(s)ds +nO
0 0

in L2(£2) as A tends to 0 since A~!(e* 0" /®d% _ 1) converges to Jo° f()dys in
L%(£2) as . — 0. We conclude by taking the limit on both sides as A — 0.
For (ii) we start with the identity

e 26 | _pldPy @)
HM dP |7 Hr |

) | owsy”
First we prove that a—E ((—L))
A H;"

every € € [—A, A] we have

:| exists and equals the left hand side of (ii). For

& 0 ’

H](_Sf) HT (H;rsf))Z
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|

@' (57 ST (P — o (ST @ (sp)SP (Hr )2 — @ (SpKr
(HYEDy2 (Hr)?

and by the Cauchy-Schwarz inequality we get

|
S/OI]E|:

1
< /0 JEI@ ()21 BT — sp)21dr

L osE) oS\ | @SSt (Hr)? — d(Sr)Kr
€ H}Ef) Hr (Hr)?

[

1
+ /0 JEN@/(5Y*D) — @/(57)2 1 EI(Sr)2dr

1 y
+ / VEI@ Y2 B YD J(HED): — Ky (Hp) )2
0

1 N
+ /O VEL@ST) — o (521 ELK /(Hp2)2 dr. (13)

We have shown E[(®(S7))%] < oo in the proof of (i). Then
E[(@(S¥))2] < 2B[(® (SE) — §7)] + 2E[(@(S71))*]
1
<22 [ BI@/ (Y )SE ) ldr + 2L (57
0

< 262 sup [@'(x) | sup E[(SY HY)H + 2E[(@(S1))?] < o0,

xeR lel<A

where the Cauchy-Schwarz inequality and the Fubini theorem have been used for
the second inequality. The convergence of S(TS £ H;gf ase — 0in L?(£2) has been
proved in Lemma 1. Note that ]E[(QD(S(TEf)))z] < 00 also implies

E(®(S¥) —@(57)* ] >0 as &— 0.

By Lemma 1, we get K\ /(H\¥")? converges to K1 /(Hr)? as & — 0 in L2(£2).
Taking the limit on both sides of (13) as ¢ — 0.

0 dP, s P (S
Next, we prove that —E A @(Sr)
A | dP |7 Hr

side of (ii). For all p > 0 we have

El(Hy ")) = /0

exists and is equal to the right hand

X[ 86 ) ~2p .
(0/0 md)"”ﬁ”) fidy < @VTy 2P,

g(s)f(s)
(1=2f(s))*

where f) is the density function of f0°° dyy. Therefore, the moment is uni-
formly bounded.
We conclude as in the second part of proof of (i). The proof of (iii) — (iv) is

similar to that of (i7). As for (iii) we have
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g(s)dys} .

| 26 (% 80 | _gldRy oD [
HYD Jo 1=2f(s) ’ dP |z Hr Jo

For the first part, the existence of the derivative can be obtained as

© g(s) N2 © ) 2
E[(/o 71_”@)61%—/0 g(‘s)dys) }SE[(A/O g(“)il—)\f(s)d“) }
a e 2
<E [(kl _ka/O g(S)dys) }

< 0.

. g fs) 00 .,
Slmllarly,/O md}/s converges to fo g(s) f(s)dys;in L=(£2) as A — 0.

The second part is almost the same as (i) by uniform boundedness of H;’V ).
For (iv) we have

q)(S(T)‘f)) dPAf' P(St)
O +nE| —~ | =OF '
(© +nh) [ HOD dP |z Hr

For the first part, the existence of the derivative follows from the fact that ® has a
Gaussian distribution. The second part is proved similarly.
Finally, for (v), define ¥ (x) = @’(x)x, and by the result of (ii) we have
E[®"(S7)(S7)*] = E[(¥/(S1) — @'(S1))S7] = E[¥ (Sr)L7] — E[®'(ST)ST7].

Hence, we obtain the desired equation by differentiating

Af)
L dPy; Ly
EloSWHYZL | || 22 ¢sy) =L
|: (S )H;’\f) dP |7 ( T)HT

at A = 0. O

Now we can prove Theorem 1.

Proof The proof of Theorem 1 uses the same argument as in the proof of
Corollary 3.6 of [9]. The only difference is that Sy is a variance-gamma process
in the proof of Corollary 3.6 of [9], while S7 is a variance-GGC process in this
proof.

When @ € ‘5,)2 (R4, R), all four formulas in Theorem 1 are direct consequences
of (ii) — (v) in Lemma 2, and we now extend this result to the class D(R; R). In
general, in order to obtain an extension to @ in a class 9 of functions based on an
approximating sequence (@, ),cn in a class iy C Ny, it suffices to show that for each
compact set K C R we have
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sup |E[®,(S7)] — E[®@(S7)]| = 0 as n— 0o, (14)
SoeK
and
. ad 1
lim sup |—E[®,(S7)] — —E[®(S7)L7r]| = 0. (15)
n—00 g cx | 980 So

The extension is then based on the above steps, first from ‘@2 R4, R) to 6.(R,, R),
then to %, (R, R) and to the class of finite linear combinations of indicator functions
on an interval of R. Finally the result is extended to the class of functions @ of the
form @ =¥ x 1,4 where ¥ € %, (R,, R) and A is an interval of R, . This shows
that (14) and (15) are satisfied, and the details of each step are the same as in the
proof of Corollary 3.6 of [9]. ]
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Decomposition of the Pricing Formula
for Stochastic Volatility Models Based
on Malliavin-Skorohod Type Calculus

Josep Vives

Abstract The goal of this survey article is to present in detail a method that, for
a financial derivative under a certain stochastic volatility model, allows to obtain a
decomposition of its pricing formula that distinguishes clearly the impact of correla-
tion and jumps. This decomposed pricing formula, usually called Hull and White type
formula, can be potentially useful for model selection and calibration. The method
is based on the obtention of an ad-hoc anticipating It6 formula.

Keywords Hull and White type formula - Malliavin-Skorohod calculus - Stochastic
volatility jump-diffusion models - Derivative pricing - Quantitative finance
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1 Introduction

The decomposition method presented in this paper is based on a series of works
developed during the last ten years. In [1], E. Alos obtained a decomposition of
the pricing formula, usually called Hull and White type formula, for a plain vanilla
call under a correlated stochastic volatility model, with minor hypothesis on the
volatility process related with its Malliavin derivability. The decomposition was
obtained applying an ad-hoc extension of the anticipative Itd formula given in [2].
The obtained formula showed clearly the impact on prices of adding correlation
between price and volatility in stochastic volatility models.

In [3] the same type of formula was obtained adding also finite activity jumps in
the price process. A new term appeared, showing the impact of jumps. In [5] the for-
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mula was extended to the case of assuming jumps also on the volatility process. Still
a new term appeared in the formula. Finally, on [9], the result in [5] was extended
for free to the case of infinite activity and finite variation jumps, and with a cer-
tain restriction in the interpretation of the formula, to the case of infinite activity
and infinite variation jumps. The very general model considered in this last paper
covers almost all stochastic volatility models with and without jumps, treated in the
literature.

As we see in the paper, the presence of correlation and jumps in stochastic volatility
models is relevant. Additional terms in the pricing formula appears from correlation,
from jumps in the price process and from jumps in the volatility. Malliavin-Skorohod
calculus and the decomposition method allow to obtain these pricing formulas that
clearly distinguish the effect of correlation than the effect of jumps, for different types
of jump models. If the stochastic volatility is correlated only with the continuous part
of the price process, only Gaussian Malliavin-Skorohod calculus is needed. If the
stochastic volatility is also correlated with price jumps, Lévy Malliavin-Skorohod
calculus is needed.

Section?2 is devoted to the Brownian (no jump) case and Sect.3 treats the
Lévy case.

2 Decomposition of the Pricing Formula Under a General
Brownian Stochastic Volatility Model

The main reference of the theory presented in this section is [1].

2.1 The Model

Let T > 0 be a finite horizon, S = {S;, t € [0, T']} a price process, X; = log S, the
corresponding log price process and r > 0 the fixed interest rate. We assume the
following exponential model with stochastic volatility for the dynamics of the log-
price, under a market chosen risk-neutral probability:

l t t
X, =x+rt— 5/ aszds—}—/ o, (pdW; ++/1 — pdBy)
0 0

where x is the current log-price, W and B are independent standard Brownian motions
and p € (—1, 1).

We denote by .# W and .# 8 the filtrations generated by the independent processes
W and B. Moreover, we define .7, the filtration associated to S, by . := FV v
#B. We consider our price model defined on the product of the canonical spaces of
processes W and B.
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The volatility process o is assumed to be a square-integrable stochastic process,
adapted to .# W and with strictly positive and cadlag trajectories.

Note that this is a very general stochastic volatility model. In this sense, recall the
following facts:

e The model is a generalization of Heston model or other classical correlated sto-
chastic volatility models in the sense that we do not assume a concrete dynamics
for the volatility process o.

e If p =0 we have a generalization in the same sense as before of different
non correlated stochastic volatility models as Hull-White, Scott, Stein-Stein or
Ball-Roma.

e If o is deterministic or constant we have the classical Osborne-Samuelson-Black-
Scholes model.

For information about correlated and non-correlated stochastic volatility models,
a good reference is [8].

Stochastic volatility models pursue the goal to replicate price surfaces of plain
vanilla options (depending on time to maturity and strike) given by derivative markets
or vanilla desks. The stochastic volatility o is a process not directly observable, so it
is not easy to model. This is a justification for trying to assume minimal conditions
on it.

Let Hr be the payoff of a financial derivative. Assume it is a .7 —measurable
functional. Its price is given by V, = e "7 =VE, (Hy) where E, : = E(:|.%,). To fix
ideas we will concentrate on the case of a plain vanilla call, thatis, Hr = (St — K)*.
So, our goal is to obtain a decomposition of

Vi=e TR ((Sr - K)Y)

under our risk neutral model, in order to clarify the effect of correlation in the price.

2.2 Fast Summary of Brownian
Malliavin-Skorohod Calculus

Here we simply recall some basic definitions and facts necessary for our purpose.
See for example [10] for a complete presentation of the theory.

Let W and (2%, 2%, Py) be the canonical Wiener process and its canonical
space, respectively. Recall that 2% : = Cy([0, T]) is the space of continuous func-
tions on [0, T'], null at the origin. Denote by Ey the expectation with respect to Py .

Consider the family of smooth functionals of type

sz(Wfl""’th)

foranyn >0, t,...1, € [0, T]and f € C,°(R").
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Given a smooth functional F we define its Malliavin derivative DY F as the
element of L>(2" x [0, T]) given by

DiF =" 0 f(Wy. ..., W)l (0).
i=1

The operator DY is closed and densely defined in L?(£2"), and its domain
Dom DV is the closure of the smooth functionals with respect the norm

T 1
IF || pom pw = (EW<|F|2>+IEW/ |D) F|*dt)>.
0

We define 8" as the dual operator of DW. Givenu € L*(2% x [0, T]), 8" (u) is
the element of L2(£2") characterized by

T
Ew(F8"Y (u)) = IEW/ u; D) Fdt
0

for any F € Dom DY . Note that taking F = 1 we obtain
Ew (8" (u)) = 0.

The following results will be helpful:

e If F, G and F - G belong to Dom DV we have
DY(F-G)=FD"G+GD"F.

e If Fe DomDV,u e DomsY and F - u € Dom 8V then
T
5W(F-u)=F5W(u)—/ u, D) Fdt.
0

e It is well known that DV can be interpreted as a directional derivative on the
Wiener space and 6" is an extension of the classical Ito integral.

We define the space L{{,z := L?([0, T]; Dom DY), that is the space of processes
u e L*([0, T] x £2%) such that u, € Dom D" for almost all r and Du € L*(2" x
[0, T]?). It can be proved that I.;;> € Dom 8" and

w 2 2 . 2 w 2
Ew (" @) = lul? 12 = Ew (32 q0,77) + Ew (10" ullF2g0. 7).

Finally, we will denote 8V (1) := 8" (ulljo ).
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2.3 The Hull and White Formula

If we assume constant volatility we have the well known geometric Brownian model.
In this case, the price V; is given by the well known Black-Scholes formula:

V, = BS(t, X;,0) = ®(dy) — Ke " T Dd(d_)

where

X, —logK +r(T —1) ia«/T—t
oT —t 2

and @ is the cumulative probability function of the standard normal law.
If we allow o = o () be a deterministic function, it is easy to see, that

dy =

Xy = Xi ~ N ((r = %5t2)(T —1),5(T = 1)),

1 T
0 1= T—t/, o2(s)ds

is the so called future average volatility. Define o7 as the limit of 6, when ¢ 1 7.
So, in this case, the pricing formula is exactly the Black-Scholes formula changing
o byay, thatis, V, = BS(t, X;, 0;). This suggests thatitis the future average volatility
and not the volatility the really relevant quantity in pricing. Black-Scholes formula
would be nothing more than the particular case of constant future average volatility.
If o is a stochastic process uncorrelated with price, that is, p = 0 in our model,
we have, following for example [7]:

where

Vi= E,(BS(I, X;, 51))-

This is the classical Hull and White formula and covers non correlated stochas-
tic volatility models as the cases of Hull-White, Scott, Stein-Stein, Ball-Roma and
others. The proof is immediate, conditioning first by .7, v .7, .

Note that the future average volatility o; is an anticipative process. This suggest
the use of Malliavin-Skorohod calculus as a natural tool to deal with this type of
processes.

In the correlated case we have the following theorem:

Theorem 1 Assume

o (Al): 02 e Ly’
o (A2):0 €L}’
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Then we have,
0 T
Vi =E/[BS(, X;, 6] + JE( / e T@] — 01 BS(s, X;, 55) Ads]
t

where ,
Ay = (/ DsWGrzdr)aS.
N

Proof The proof is based on the so called decomposition method.
Recall that
Vr = (" — K)" = BS(T, X7.67)

and so
e "'V, =E (e BS(T, X7, 57)).

The idea of the proof consists in applying an ad-hoc anticipative 1t6 formula to
the process
e “BS(s, Xy, 65)

between ¢ and T, take conditional expectations E, and multiply by ¢’. This gives
the expansion for V;.

The ad-hoc It6 formula is an adaptation to our case of the anticipative Itd formula
proved in [2]. Define

T
Y, := (T — 1)} =/ oldr.
t

Thanks to (A1), we are under the conditions of Theorem 1 in [1], and so, for any
F e ([0, T] x R x [0, 00)), we have

t
Ft, X, Y,) = F(O, Xo, Yo) + /0 8,F (s, Xy, Y)ds + 878, F(, X, Y)o)
t 02 t
+ [ e X o0 - Gods = [ 0, F 6 X Yoods
0 0
t 1 t
+p/ ey F (s, XS,YS)ASds—{—E/ d2F (s, X, Yy)olds.
0 0
Now we want to apply this result to

F(s,x,y) = e " BS(s, x, .| ——),
T —s

but this function doesn’t satisfy the required conditions of the previous Itd formula
because the derivatives are not bounded, so we need to use a mollifier argument.
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Forn > 1 and § > 0, we consider the approximation,
—rs y+48.  x
Fn,S(Saxay) =e BS(S,X, —)¢(_)7
T —s n

where ¢ € C,%(]R), such that ¢(z) =1 if |z] <1, ¢(z) € [0, 1] if |z] € [1, 2] and
¢(z) =0if |z] > 2.

Then, applying the previous ad-hoc Itd formula to F, s(s, X5, Ys), taking the
conditional expectation E,, using the fact that Skorohod type integrals have zero
expectation and multiplying by ¢"* we obtain

X
Ei (e "TBS(T, Xr,68)p(=1))
n
-5 Xt
= E,(BS(, X,, 0, )</>(7))
T
+E,( / e " A, (s)ds)
t
P r X
+3E( / e "D — 3D BS(s, Xy, 60)pu(—) Agds
p n

Jo r ‘ ) sl X
T / D G2 = 8)BS(s, Xy, 6)~¢ (A2 Ads
: noon

where
_s Y446
g =
s T —s
and
Uvz -4 ! Xs
A, (s) 1 = —=0:BS(s, Xy,0.)9 (—)
n n
UYZ -5 1 X.Y ’ Xs
-I-2—‘BS(s, X5, 0)(=¢p (—) —d (—))
n n n n

r s Xs
+—-BS(s, X5, 0,)¢p (—).
n n

The details can be found in [9] (erasing there the terms depending on jumps, that
will be treated later in this paper).

Finally, the result follows from the dominated convergence theorem taking limits
first on n 1 co and then on 6 | 0. The dominated convergence runs thanks to the
properties of Black-Scholes function and (A2). For the left hand side and the two
first terms on the right hand side we use the fact that function BS(¢, x, o) is bounded
by e* + K and its derivative (9, BS) (¢, x, o) is bounded by e*. For the last two terms
on the right hand side we use Lemma 2 in [3] that says that for any n > 0,



110 J. Vives

x+]

IE[97(37 — 8,)BS(s, X5, 55)| % v Z1 < C, <p></ olds)”

for a certain constant C,,(p) that depends only on n and p.
For example, for the third term on the right hand side, we have

T
E/( / e @ — 8D BS(s, X5, 30)u( ")Asds>
¢ n
T
=E( / e "CTIE[D] — 92 BS(s, Xy, 30 F v F Y 1ba( ‘Y>Asds).
t n

And, applying the lemma,

| Ay
IE[(3; — 0))BS(s, X, . V)| v T} ]¢n(—>A | < Ci(p)—7——.
f o2ds
Using the chain rule for DV the problem reduces to show

f (f DY o, IUudr)ogds)
f 2a’r

< 00,

and applying Cauchy-Schwarz inequality twice, we can bound this expression by

(f (f DY o loudu)*ds)>

(f o2du)
fE,((f’ (" |DSWauT2dr)(ftlTauzdu)ds)%)
(f; o2du):

T T .
sE,«/ / DY o, Pduds)?)
t t
T T .
§(IE,/ / DY o, |2 duds)?>.
t t

So, (A2) proves that this expression is finite.
For the fourth term in the right hand side, applying the lemma and using C as a
generic constant, we have

AL

IEL(02 — 0,)BS(s, X, 50)|.7, v T 1¢ (CHAl = <
n ([ o2ds):
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So, we have to show

[Fa(f! |D:V0u|audu)ds)

E; I
( (ftT o2du)?

< 00,

that follows applying Cauchy-Schwarz inequality, similarly to the previous case.

Remark 1 Note that hypothesis (A2) can be changed by the following alternative
hypothesis of uniform ellipticity (A2'): The process o defined on [0, T'] is uniformly
bounded below by a constant a > 0. In fact (A1) and (A2'), jointly, imply (A2).

3 The Lévy Case

The main references for this section are [3, 5, 9].

3.1 A Very General Stochastic Volatility Lévy Model

Assume now the following exponential Lévy model with stochastic volatility for the
dynamics of the log-price, under a market chosen risk-neutral probability:

1 t t
X,=x+rt—§/ Uszds—i—/ os(des—i—\/l—pdes)—l-L?
0 0

where L' is a pure jump Lévy process with possibly infinitely many jumps with triplet
(70, 0, v) and independent of W and B. Now, the volatility process o is assumed to
be adapted to the filtration generated by W and L°.

Due to the well known Lévy-Itdé decomposition we can write

t t
L) = yot+/ / yN(ds,dy)—i—lim/ / yN(ds, dy)
o Jyl>1 &0 Jo Je<lyl<ty

where N denotes the Poisson measure associated to Lévy process, N (ds,dy) :=
N(ds,dy) — v(dy)ds is the compensated Poisson measure and the limit is a.s. and
uniformly on compacts.

For the integers i > 0, we consider the following constants, provided they exist:
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Observe that in particular

co= / e’v(dy),
R
o= [ @ = vy,
R
er= [@ =1y
R
In order to e ""eX" be a martingale, see for example [6], we must assume
/ e’v(dy) < oo and yy = —/(ey — 1 =yl <)vdy).
[yI=1 R

These conditions guarantee that v has moments of all orders greater or equal than

2 and that we can write
t o~
L? :/ / yN(ds, dy) — cat.
o Jr

So, in the following we will assume, without loosing generality, the model

1 t t
X, =x+ @ —c)t — 5/ olds +/ os(pdW, + /1 — p2dBy) + J,
0 0

with

t
Ji :=/ /yN(ds,dy).
0 JRr

Recall that if fR [y|v(dy) = co we say that the process has infinite activity and
infinite variation. In this case ¢| := [, (e¥ — 1)v(dy) and ¢ := [, e’ v(dy) are infi-
nite or not defined. If v has first order moment, that is fR [ylv(dy) < oo, we say the
model has infinite activity but finite variation and c; is finite. In this case we can
consider ¢, = ¢; — fR yv(dy) and rewrite

t t
/ / yN(ds, dy) — cat =/ / yN(ds,dy) — cit.
o JR 0o Jr

Finally, if v is finite, the model has finite activity and so, it is a Compound Poisson
process with v = AQ for a certain probability measure Q and a certain constant
A = v(R) > 0. In this case,

c = /(ey — v(dy) =co— 2
R



Decomposition of the Pricing Formula for Stochastic Volatility Models ... 113

and
t N;
//yN(ds,dy)=Zv,»,
0 /R i=1

where N is a A—Poisson process and V; are i.i.d. random variables with law Q, the
law that produce the jumps.

Let .#7 be the filtration generated by J. Note that this filtration is the same
as the filtration generated by L° because the difference of these two processes is
deterministic. Define now .%, the filtration associated to S, by

F =V 78y Z’

We will consider our price model defined on the product of the canonical spaces
of processes W, B and J. This means that

w:= ", o8 w)e2:=02 x 28 x 2’

and in the rest of the paper, any hypothesis on one of the spaces will mean that the
property is true almost surely with respect to the other spaces.

Note that this is a very general stochastic volatility model because, being o adapted
to. ZW v .Z7, we are allowing jumps both in price and volatility. Recall the following
facts:

e If we assume no jumps, that is v = 0, we have a generalization of correlated and
non correlated stochastic volatility models in the sense that we do not assume a
concrete dynamics for the volatility. This is the case treated in Sect. 2.

e If we restrict our model to the case o adapted only to .# " we have a generalization
of the Bates model in a double sense; on one hand we do not assume any concrete
dynamics for the stochastic volatility and on other hand we are not assuming finite
activity nor finite variation on v.

e If we assume no correlation but presence of jumps we cover for example Heston-
Kou model or any uncorrelated model with the addition of Lévy jumps in the price
process with any Lévy measure v.

e If o = 0 but we have jumps, we cover the so called exponential Lévy models.

3.2 Malliavin-Skorohod Type Calculus for Lévy Processes

The literature on Malliavin calculus for Lévy processes is more recent and less
extended. Here we follow closely [11] and [4]. A survey of this results can be found
in [12]. We refer to these references for proofs of next results.

Let us denote Ry := R — {0}. Consider the canonical version of the pure jump
Lévy process J. Itis defined on the space £2" given by the finite or infinite sequences
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of pairs (#;, x;) € (0, T] x Rg such that for every ¢ > 0 there is only a finite number
of (t;, x;) with |x;| > ¢. Of course, #; denotes a jump instant and x; a jump size.

Consider oV € 2V. Given (¢, x) € [0, T] x Ry we can introduce a jump of size
x at instant ¢ to " and call the new element

@y = (1, 2), (11, 3) (12, %), ...).
For a random variable F € L*(£2V), we define
T, F (") = F(],)
and

T, F (o) = F(o")

N
D\ F = <

The operator DV is closed and densely defined in L?(£2") and its domain
Dom DV can be characterized by the fact that

F € Dom D" <= D"F € L*(2 x [0, T] x Ry, P ® ds ® x*v(dx)).
On other hand we define 8" as the dual operator of DV

Given u € L*(2V x [0, T] x R, P ® ds ® x*v(dx)), 8" (u) is the element of
L?(£2") characterized by

T
En(F8" (u)) =EN(/ /u,,xD{Yxezv(dx)dr)
0 R

forany F € Dom DV . In particular Ey (8" (1)) = 0.

Let us denote 8N (u) := 8V (ulljp ;).

As we have seen, DY is an increment quotient operator and it is also known that
8N is an extension of It0 integral in the sense that

5,N(u11R0)=/ /u(s,x)xﬁ(ds,dx)
0 JR

for predictable integrands u.
The following formulas will be helpful:

e If F, G and F - G belong to Dom DV we have

DY(F-G)=FD"G +GD"F +xD"FD"G.
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o If F € Dom DY, u € Domé$"N andu - T; . F € Dom §" then

T
SN(F -u) = F§" (u) — / / ;DY Fx*v(dx)dt — 8" (x -u - DNF).
0o JR '
As in the Wiener case we define the space
Ly := L%([0, T] x R, Dom DV),
that is the space of processes u € L%([0, T] x R x £2") such that u;x € Dom DV

for almost all (¢, x) and Du € L*>(2V x ([0, T] x R)?).
It can be proved that L}\;z C Dom 8N and

2 2 2 2
Ex(Nw)?) < ||“||]LIIV2 = EN(H“”U([(),T]X]R)) + EN(||DNM||L2(([0,T]XR)2))~

Moreover we introduce the space I, }vz_ as the subspace of ]L,l\}2 of processes u such
that the left-limits

u(s—,y):= lim u(r, x)
ris,xty

and

DYy u(s—, y) = ml}% DY u(r, x)

exists Py ® ds ® x?v(dx)—a.s. and belong to L?(2" x [0, T] x R).

Assume u € Ly and [ Ji, luGs—. »IIyIN(ds, dy) € L*(22"). Then, for any
tel0,T],

- — N,— N
T yu(s—,y) :=u(s—,y)+yDg; u(s—,y) € Domé,

and
[ ~
| [ut=nyias.dy) =57 ut- 1)
0o Jr
t
+/ / D‘ﬁv}’fu(s—, V) y2v(dy)ds.
o Jr 7
If u is predictable we have Df&‘u(s—, y) = 0. Hence, in this case,

/ /u(s—,wyﬁ(ds,dy) =8N u(s—, y)lg,).
0 R
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3.3 The Hull and White Formula in the Lévy Case
Consider the following definitions in order to shorten the notation, for a suitable
function F :

o AF(s, Xy, Ys):=F(s, X, +x,Y) — F(s, X;, Yy).
o A F(s, Xy, Ys):=F(s, Xy +x,Y) — F(s, Xs, Yy) —x(0: F) (s, X, Y).
i AF(S, X, Yv) = F(S7 X5 +x, Yv) - F(S’ X, Yv) - (e)C - l)(axF)(sa Xy, Yv)

Then, we have the following decomposition of the price formula:

Theorem 2 Assume

o (Bl):o? e Ly> NLy .
o (B2):0 €L} .
e (B3): Foranyt €10, T], ftT E ([ oldu)y=)ds < oc.

Then we have
Vi = E(BS(t, X1, 1))
T

B[ e @)~ 9)BS(s. X ) Ad)
t
T

+E, (/ / e "D ABS(s, X,_, 6,)v(dy)ds)

+ JR

T
+E, ( / / e "CIDY,T AyBS(s, X, G,)yv(dy)ds).
t R

Remark 2 'We can consider the following particular cases:

1. Observe that we cannot split the third term in two terms because in the general
case

T
E( / / ¢~ A BS(s, X, 5,)v(dy)ds)
t R

and

T
E( / / e 7Y — 1), BS(s, X, 6,)v(dy)ds)
t R

are not necessarily convergent.
2. Observe that if in the previous theorem we assume fR [ylv(dy) < oo, that is,
finite variation, we obtain
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Vi =E(BS(, X, v1))

T
+§]E,(/ ¢T3 — 92 BS(s, Xy, 6,) Ayds)
t
T
—E( / / e"07 (e’ — 1)3,BS(s, X,, 5)v(dy)ds)
t R
T
+E(( / / e "CTIT AYBS(s, X, 55)v(dy)ds),
t R

that is exactly the formula obtained in [5] for the finite activity case, that in fact
is valid in the finite variation case.
3. If the volatility process is independent from price jumps, we have

DY:"AyBS(s, X,—,6,) =0
and we obtain
Vt = Er(BS(t7 Xz7 6[))

T
+ER( / O3 — 2)BS(s, X, 5,) Ads)
!

T
+E, / / "D ABS(s, X, 6,)v(dy)ds.
t R

that generalizes the formula in [3]. As in the previous remark, only in the finite
variation case we recuperate exactly the formula in [3]. This formula covers
Bates model and any correlated model with any type of Lévy jumps in the price
process.

4. If moreover, the volatility process is independent from the price process, that is,
p = 0, we obtain

T
v, :E,(BS(t,X,,vt))—HE,/ /e_’("_”ABS(s,Xr,6S)v(dy)ds.
t R

This covers all the so called uncorrelated models plus jumps (Heston-Kou model
for example) and in the particular case of constant volatility, the so called expo-
nential Lévy models. In the jump part we can consider infinite activity jumps as
CGMY model (for Y > 0) or Meixner model for example.

Proof We follow the same general idea of Theorem 1. The necessary ad-hoc It
formula, see [9], is now
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1
F(t, X:,Y:) = F(0, Xo, Y0)+/ s F (s, Xs, Yy)ds + 8" P (9, F(-, X, Y)o)
0
t 02 t
+/ 0.F (5, X5, Y)(r — 2 = 2-)ds —/ dF(s, Xs, Yy)olds
0 0
t 1 t
+p/ ey F (s, Xs,Ys)ASds+§/ 32F (s, X, Yy)o2ds
0 0

+/ (AyF(s, X5, Y) — y(3, F) (s, Xs—, Yy))v(dy)ds
0 JRy

AyF(s, Xsf, Y)

+8) (— g, (1) +8Y (D™ Ay (s, X, Y))

/ / TAVF(s, X, Ys)yv(dy)ds.

To prove it, fix first ¢ > 0, and consider the process

1
X¢ :—x+(r—C2)t—§/ 2ds+/ o, (pdWs + /1 — p2dBy)

/ / xN(ds dx).
|x|>¢

This process has a finite number of jumps and converges a.s. and in L? sense
to X;.
Denote by T/ the jump instants, and write T := 0. Then

A
F( i+1° X%‘i]’ YTI:»I) - F(Tig’ X‘;T’ YT:P) = /E dF(S’ Xf’ YS)

+F( i+1 Tf 7YT ) F( i+1° - YT:S«H)

On the stochastic interval [T}, T}, [ we can apply the anticipative Itd formula for
continuous process presented in Sect.2. Then we have that

axF(S, X, Ys)@v Il[O,t](s) € Dom SW'B

and

t
F(t, X7, Y,) = F(0, Xy, Yo) +/ O F (s, X5, Ys)ds
0

t 2
[ aFe X Y00 = G~ eds 4810 (0F 6. X ¥
0

t t
—/ / A F(s, X, Yo)xv(dx)ds —/ A, F (s, X;, Ys)oszds
|x|>¢e 0
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t 1 t
p/o By F (s, Xﬁ,YS)Asds+§/0 02F (s, X¢, Yy)olds

+ D IF(TF, X, Yro) — F(TS, X5, Yro)l.
Of course we can write

Z[F(TS Xie, Yre) = F(TF, X ,YTs)]_/ / A(F (s, X,_, Ys)N(ds, dx).

|x|>e

Then,

t
E [F(T?, Ts, Yre) — F(Tf, X7, Yre)] —/ / 0, F(s, X, Y)xv(dx)ds
; ! 0 Jix|>¢

t t
= / / AcF(s, X:_, Y )N(ds, dx) +/ / A F(s, XE_, Y)v(dx)ds.
0 Jix|>e 0 |x|>e

Observe that this equality is the crucial step of the proof. Only introducing

A F(s, X¢_, Yy) we become able to apply succesfully the dominated convergence
theorem, even if ¥ has no jumps.

Using the relation between 8" and the integral with respect to N we have

t
// AF(s, Xt Y,)N(ds,dx)
0 Jlx|>¢e

A F(s, X5, Yy)
—5N(T —ll[lx\>s])

// DN AF(SXX 20 2v(dx)a’s
|x|>¢

And using mean value theorem and the fact that first and second derivatives of
F are bounded we have

CAF(s, XY, AF(s, XE,TLY,)
75 =1

X X

AXF(S7 ngg_’ TngYS)

X

N,—
DY

S,xXxu

T
|§C|Dﬁf')',‘Tsfos|=C/ |DY," T, 0. 1du
s

and

AcF(s, XE_Y,
P (xs, )

T
| < CIDY; Y| = c/ |DY; "0 dr,
5

for a generic constant C.
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Finally, using (B1) and the dominated convergence theorem the right hand side
of the previous equality converges when & goes to 0. The other terms converge also
by the dominated convergence theorem, and the [td formula follows.
Then, following the same steps of the proof of Theorem 1, after applying this

last ad-hoc It6 formula, taking conditional expectations, using the fact that Skorohod
type integrals have zero expectation and multiplying by ¢"* we obtain

E (e "= BS(T, X7, 67)¢(%)> (1
= E.(BS(t, X,, &?)¢(%»
T
+E,( / e "6 A, (s)ds)

T
+EE( / D@D — 2)BS(s, Xy, 50 (2 S)Asds>
t

T
+EE( / IO GE ~ DB, X, 5 ¢(—>A ds)

o / 6y BS(s, X, 5 5)¢<—)ds)
+Ef</ / AL BS(s, Xy, 50 (S

AyB X Lo
+]E;(/ /e"“")DQ” S(s, by, 3)47( =) Vu(dy)ds).
t R

And as in Theorem 1, applying the dominated convergence theorem, letting first
n 1 oo and then § | 0 we obtain the result.

To assure the dominated convergence, we have to treat the last three terms of (1)
as a unique term and separate it in two integrals, one on |y| < 1 and the other on
ly| > 1.

In the case |y| > 1, things simplify and we obtain

—E (/T/ e "9, BS(s, X &5)¢(§)(e-v — v
t X Bl sy Yy y)ds)
yI>1 h

T
+]Ez(/ / e "CITN T AYBS(s, X, 5
t Jlyl=1 ' ’

For the first term we use that 9, BS (s, X, 5';3) is bounded by ¢%s and for the second
term we use the fact that

TN, " AyBS(s, X, 6))] < 2K + X + ¥~
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and that
/ e’v(dy) < 0.
{lyl>1}

In the case |y| < 1, the fifth term in the right hand side of (1) is bounded because
d,; BS is bounded. The sixth term can be written as

1 r X,_
LE / / TGRS (s, X, + 5D (22 )y u(dy)ds)
2 t lyl<1 n

1 ! —r(s—t)q2 )
= SE( e "0y — 00)BS(s, X5+, 0.)é(
t lyl=1

Xo— 5
> )y v(dy)ds)

n

1 r ‘ X,
+§E,(/ / e "Y BS(s, Xy + o, 60)p(—)y*v(dy)ds)
r Jyl=1 n

where || < |y|.
The second term on the right hand side of this last expression is bounded because
d, B S is bounded. For the first term we use Lemma 2 in [3] as in Theorem 1 and we

bound it by
T 1 5
CE,( —yv(dy)ds),
t Jyz VY

for a certain constant C. Hypothesis (B3) guarantees the convergence of this integral,

because
E(/T/ /i 2v(d )ds)—C(T—t)E(/l)
i lyl<1 Yty Y B VY

B 4) < @ (<)t < ([ o2duy2)
t ?l_ ZY_,Z = (& tUu u)=7))

and so, the term is bounded by (B3).
Finally, the last term of (1) can be bounded by

and

T
Ez(// DY, (39, BS)(s, Xy +a,50) |y’ v(dy)ds)
t lyl=1

g Y, +34
= Ei( / / DY, (0 BS)(s, Xy + s 1| 2 ) [y u(dy)ds)
t Jiyl=t T—s

! b,y + 6 DYy,
= Ez(/ / |(angS)(s7 Xs* + o, 5,y + )| | s,y 3|
t [y|=1 T — 5 2(T—S) 9;.):'5‘(3

T—s

y2v(dy)ds)
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1 T Osy +6 _
= fE,(/ / (3 (82 — 90)BS)(s, Xy + &, | 22 ) 1D Yy ly2v(dy)ds),
2 e st T—s

@)

where |a| < |y| and 6; , is a quantity between Y and T_Y{V}:’Yq.
Now, we cannot apply directly Lemma 2 in [3], but mimicking the proof we have
that the last integral is less or equal than
T |D gvj; YS | 2
CE,(/ "—zy v(dy)ds).
t Jyl=l wdu

Jie

Then, applying Cauchy-Schwarz inequality, this expression is bounded by

T 1 ] T l
C (E; —_ 2 dy)ds)): (E, / / Divl_Ys 2.2 dv)ds))? .
( (/t /|y|<l 7 auzdu)zy v(dy)ds))? (K ( t \ylsll Y Py v(dy)ds))

The first term of this product is bounded by (B3) and the second one by (B1)

Remark 3

1. Asin the case of Theorem 1, (B2) can be changed by (A2).

2. If o not depends on jumps, (B3) reduces to IE,((];T ouzdu)‘%) < 00, that it is
weaker than (A2').

3. In the case of finite variation, (B3) is not necessary.

4. Inthe complete general case, but only in this case, (B1) and (A2’) are not enough.
An alternative treatment of (2), using (A2’), is to bound directly

Osy + 6 1 1
B0 <okt g ),

9,(02 — 9,)BS)(s, X, +,
1(8x(3; — 8x) BS)(s ton o N2

_1
So, we can decompose this term in two new terms. The term with Y > can be

treated easily and it is bounded with no other requirements than (B1) and (A2").
But the term with Y;! requires to assume, alternatively to (B3), the following
hypothesis,

T |Dg1~v\’;7YY| 2
Es( —y 7 v(dy)ds) < 00,
t [yl=1

s

that using (A2’) is equivalent to assume
r |D3N)’)_Yb| 2
(B4) : ]Er(/ / ———y“v(dy)ds) < o0.
0 Jist T —s

Note that this last hypothesis is stronger than (B1). So, we need (B1), (A2') and
(B4) to guarantee the complete general case.
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Statistical Estimation Techniques in Life
and Disability Insurance—A Short Overview

Boualem Djehiche

Abstract This is a short introduction to some basic aspects of statistical estimation
techniques known as graduation technique in life and disability insurance.

Keywords Life insurance - Disability insurance - Claims reserving - Mortality
modeling - Thiele’s equation
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1 Life Insurance

By life insurance policy or contract we mean any form of person insurance contract
over a (long) period of time such as life or pension and disability or sickness coverage.
In such products, premiums and benefits are typically contingent upon transitions of
the policyholder between a number of states stated in the contract. Thereof the use
of the powerful (semi)-Markov chain theory to carry out the valuation of insurance
contracts and estimation of the underlying rates. We first give a short introduction
to the basic constituents of a life insurance contract and related reserving. Then
we single out the main parameters that control the evolution of the life insurance
contract and focus on their statistical estimation. These parameters are the mortality
rate and disability inception and recovery rates. Due to lack of space, the reader
is referred to the list of references for an update of recent developments in claims
reserving techniques for life and disability insurance. A detailed account for basic
life insurance contracts can be found in the papers [11-15] by Norberg. A very short
summary is displayed in Sects. 1.1-1.6, below.
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1.1 A Markov Chain Model of a Life Insurance Contract

Let E = {0, 1,2,...,m} be the (finite) set of possible states of the policy. Starting
at 0, the policy is assumed to be in one and only one state at each time. Let X (¢)
denote the state of the policy at time ¢ € [0, n]. We assume that the process X is
right-continuous with a finite number of jumps, with transition probability

pij(s,1) = P[X(1) =ilX(s)=jl. i.jeE, O=s<t=<mn, (1

and transition intensity

o e P+
pij (1) = lhlirol - #*J. )
The total transition intensity from state ¢ at time ¢ is
pa () = D pia®) 3)

kiki
so that

pii(t, t +dt) =1 — p.(t)dt + o(1).

1.1.1 Basic Kolmogorov Equations

The transition probabilities (p;; (s, 1), 4, j € E, 0 < s <t < n) satisfy the follow-
ing equations.

A. The Kolmogorov backward equation: for s <,

Apij
T (s, 1) = pi(s)pij (s, 1) — D ki Hik (8)Dj (8, 1),
“)
pij(t, 1) = 0;j.
B. The Kolmogorov forward equation: for s < ¢,
Ipij
(s, 1) = =pij (s, (1) + Dpgss Pir (s, D (1),
4)
pij(s,8) = 6jj.
C. The Chapman-Kolmogorov equation
pi(s.u) = D pij(s, Opj(t.u), s <t <u. 6)

JjeE
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The key parameter in this Markov chain framework is the transition intensity which
is the object of our statistical inference study.

1.2 Examples

1.2.1 Single Life with One Cause of Death (One Absorbing State)

In this model £ = {0, 1}, where state 0 = alive, state 1= dead (absorbing state).
If T denotes the life length of a person with survival probability

F(t) = P(T > 1),
the Markov chain counts the number of deaths:
X(@t)=WNr<y, tel0,n],

with transition probability

F(t .
DPoo(s, 1) = —( ) = ¢~ Jsnwdu,

F(s)

w is called mortality intensity (rate or force). Its estimation from data is of central
importance in life insurance Fig. |

1.2.2 Single Life with m Causes of Death (m Absorbing States)

In this model E = {0, 1, ..., m}, where state 0 = alive, state j= dead with cause
J (absorbing state). These absorbing states model different causes of death such as

death by “car accident”, “normal death” or “death caused by a disease” etc. Fig.2.
The total mortality intensity is

po(1) 1= () = ;1) ()
j=1

where, p;(t) := po;(¢) denotes the mortality rate for death with cause j. This is
nothing but the transition intensity from state 0 (alive) to the absorbing state j.

Fig.1 Single life with one
cause of death >
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Fig. 2 Single life with m @
causes of death

1 Hj Hn

The probability that an s years old person will die from cause j before age t is
then

! U
Poj (s, 1) =/ e I AT (wyd, (8)

1.2.3 Disability, Recovery and Death

This model is widely used to analyze insurance contracts with payments depending
on the state of the health of the insured. For example

e Sickness insurance that provides an annuity benefit during disability periods.
e Life insurance with premium waiver during disability.
e Pension with additional benefits to other members of the family.

The possible states are a = alive/active, i=invalid/unemployed, and d=dead/recovered
or any other suitable labeling Fig. 3.

1.3 Payment Streams and Reserving Techniques

Let X be the Markov chain with intensities j1;; associated with an insurance contract.
Let

I;(t) = ix=jy, t€[0,T],
denote the indicator process of whether the policy is in state j or not, and
Nij(t) =#s: X(s7) =1, X(5) =j, s€(0,t]}, i#],

denote the number of transitions from state ¢ to state j during the time interval (0, #].
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Fig. 3 Three possible states a(t)
of a life insurance contract

®
©

We have
dlj(t) =dN.j(t) —dN;.(1), )
where,

N6y = D Ny,  Nu@):= D Np@).

kik#j Kk j

We have, fort < u

E[I;(w)|X (1) =] = p;; (¢, u),
E[dNj ()| X (1) = 1] = p;; (t, wpjr(w)du. (10)

A standard payment stream A (benefits less premiums) has usually the following
form:

dA(t) = Z I;(t)dA;(t) + Z ajr(t)dNi(t) |, (11)
j Kok
where,
dA;(t) :=a;()dt + (A;(t) = A;(t7)) = a;(t)dt + AA; (1) (12)

specifies the so-called general life annuity payment i.e. payments due during sojourn
in state j. The payment a; (¢) is the rate of a state-wise annuity payable continuously
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at time ¢, while the lump sum payment AA;(¢) is an endowment at time ¢. The
annuity function A ; is usually assumed to have a finite number of discontinuity points
{ti, 12, ..., t;}. The payments a j; (¢) specify the so-called general life assurance i.e.
amounts that are payable immediately upon transition from state j to state k.

1.4 Expected Present Values and Prospective Reserves

The liability at time ¢ for which the insurer should provide a reserve (prospective
reserve) is the present value of the payment streams (future benefits less premiums)
A over the lifespan [¢, n] of the insurance contract:

When the policy is in state ¢ at time ¢, then, in view of Eq.(10), the state-wise
prospective reserve is

Vi(t) == E[V(OIX (1) =il = [" e~ /" E[dA(5)|X (1) = i]
(14)
= j; e~ [, r(wdu Zj p”([, S) (dAj(t) + Zk;k;ﬁj ajk(s)lujk(s)ds) B

when r, a;, a;; are all deterministic function.
Written in differential form, V; satisfies the following Feynman-Kac type formula
known as the backward Thiele’s differential equation:

D) = (r () + i OIVilt) = 3. i i OV (0 = ai(t) = 3. s @i (O (0,

te(tp_l,tp), p=1,...,q,

AVj(tp):—AAj(tp), p=1,2,..., q, t€E,

Vi(n) =0.
(15)

This equation admits an explicit solution only for a few uninteresting/trivial insurance
contracts. In most cases it is solved using a numerical integration recipe. A fourth
order “Runge-Kutta” procedure seems to work efficiently in almost all practical
situations.

Thiele’s equation can be recast in the following form “preferred by actuaries”

—a;(t)ydt =dV;(t) —r(t)V;(t)dt + Z R;j(t)p;j(t)dt (16)
Jii#
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where,
R;j(t) =a;;(t) + V;(t) — Vi(1), (17)

is the so-called “Sum-at-Risk™ associated with a possible transition from state 7 to
state j.

e The term Z_,‘;_,';éz R;j(t)p;j(t)dt is called the “risk premium” in (¢, t + dt).
e The term dV;(t) — r(¢) V;(¢)dt is called the “savings premium” in (¢, t + dt).

1.5 The Equivalence Principle (aka Fairness Constraint)

The equivalence principle of insurance states that the expected present values of
premiums and benefits should be equal. That is, roughly speaking, premiums and
benefits should balance on the average. In our context this principle states that

Vo(0) = —Ao(0). (18)

This condition imposes a constraint on the contractual payments a;, A; and a;; to
design a premium level for given benefits. Noting that Ap(0™) = 0, we easily see
that Eq. (18) is equivalent to

Vo(0T) :=E U eﬂfr(u)d“dA(s)] =0. (19)

The state-wise prospective reserve V (¢) can be seen as the value function of a singular
control problem subject to the fairness constraint, where the control parameter is the
process A(7).

1.6 First and Second Order Reserving Bases

The jump intensities y;; (purely actuarial parameters or liability driving parameter)
and the discounting rate » which reflects the “expected return” of the investment
portfolio (the main driver of the asset side) constitute the so-called reserving basis:

o First order technical basis (prudent or conservative). This is a set of assump-
tions about the portfolio return (or just an interest rate that reflects the market value
of the cash flow), r, the transition rates y;; (including mortality rates), costs and other
relevant technical parameters etc. These assumptions are meant to yield premiums
and reserves that include a high safety loading that hedges against worst case scenar-
ios. The first order premiums and reserves are usually higher than experience based
or historically observed values. This means that a systematic surplus is created by
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the company and, by law (which regulates mutual funds in some countries), it should
be redistributed to the policyholder in terms of bonuses that are usually allocated but
not distributed until the termination of the policy. Here we face a model risk!

e Second order technical basis: It is also called experience (or market) basis.
It sets values of the parameters based on realistic scenarios collected based on the
history of the policy. The company updates the reserves on a regular basis and adjusts
for the parameters using the bonus fund created by applying the first order basis.

A typical example of adjustments to be made under the experience (market) basis is
compensation for a possible non-equivalence of the first order paymentsi.e. Vy(07) #
0, i.e. the insurance company compensates for this by adding dividend payments
D to the first order payments. D has usually the following form:

dD(t) = D [ 1;()dD;(t) + D du)dNj (1) | . (20)
j kik#j
where,
dDj(r) := §;(t)dt + (Dj(t) — D;(t7)) = §;(1)dt + AD;(1). Q1)

The coefficients ¢;, AD; and J;; are stochastic processes adapted to the
“demographic-economic” history F with a more complex structure than the coeffi-
cients related to the payment processes A. The dividend process D is chosen (con-
strained) to attain the ultimate equivalence (fairness):

E [/ﬂ e_j;r(u)d’ud(A + D)(S)} — O. (22)

In the Black and Scholes market model, the dividend payments are provided by an
asset portfolio such as the following diffusion ¥ modulated by the jump process X:

dY(t) =rY()dt +0(t, X (@), Y)Y ()dW(t) +d(C — D)(1),

Y(07) =0, 23)

where, C is the usual income (or contribution) process of the following form (similar
to A and D):

dC(t):= > [ L;dCi() + > edNy (1) | . (24)

J kik#j

dC;(t) := c;(t)dt + (C;(t) — C;(17)) = c;(t)dt + AC; (). 25)
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Assuming the coefficients d;(t), AD;(t) and 0;;(¢) are functions of (¢, Y (¢)), the
state-wise prospective reserve is

Vitt,z) :==E[V(®)IX(@) =1,Y(t) =]

_E [ft" e f,sr(u)d'ztd(A +D))X(@)=1,Y(t) = x] (26)

satisfies a more complex “Thiele’s” PDE (cf. [8, 16, 18]).

1.7 Graduation Techniques-Estimation of the Mortality Rates

We start with statistical inference of the mortality rate p which is the only jump
intensity in the simplest life insurance contract: Single life with one cause of death
(one absorbing state) i.e. E = {0, 1}, where state 0 = alive, state 1= dead (absorbing
state). The underlying Markov chain counts the number of deaths:

X(@)=WNr<y, tel0,n],

where, T denotes the life length of a person with survival probability

F(t) iy
S, )= ——=¢ Js u(u)du’
Poo(s, 1) I

0<s<t<n.

In actuarial practice one often considers the remaining life length T, of an insured of
age z. The corresponding survival probability over a time period of length # > 0 is

o+t ot L
P(T,>1):=P(T>2+t|T >a)=e Jr rwde _ o= fyp@tudu (57
In a more general framework where ‘stochastic mortality’ modeling can be incor-

porated, consider (the possibly random) force (or rate) of mortality p(x, t) at ¢ for
individual aged x at time 0. Then, the survival index

S(z,t) := exp (—/ wlx + s, s)ds)
0

is the probability of survival of an individual aged = during the time interval [0, 7],
given the mortality force pu(z, s) i.e.

P(T, >t) = E[S(z,1)].

In Eq.(27), p(z,t) = pulx +1).
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The main goal of this section is to estimate the mortality force u(z, s), given
historical mortality data of a population of insured individuals.

1.7.1 An Age-Specific Model: Gompertz-Makeham Graduation
Formula

This model captures the evolution of mortality in mutually exclusive age cohorts but
disregards a possible common risk factor that links all cohorts together. Consider an
insured population of ages z;, @« = 1,2, ..., n. Let N, denote the exposure i.e. the
number of individuals of the same age x, and D, denotes the number of individuals
dead during the interval (x, z + 1). Assuming that the remaining survival lengths
of all individuals are independent, and the insured population is homogeneous in
the sense that the survival probability of all individuals is the same. A stochastic
model based on a “crude approximation” of the Binomial distribution by the Poisson
distribution suggests that

D,, ~ independent Poisson(yt,, Ny,). 28)

Then the mortality rate (or force) p,, for a population of age z;, © = 1,2, ..., n can
be estimated by the so-called ‘central or crude death rate’

Yoi=1,2,...,n. (29)

7 —
Hoa; =

Gompertz and later Makeham famous graduation formula suggests a mortality rate
of the form
o 1= o+ e, (30)

where, the parameters «, 5 and ~ which satisfy « + 3 > 0,5 > 0 and v > 0 are
estimated using the insured population data. When o« = 0 we get Gompertz mortality
law. A fairly standard way to perform the parameter estimation is to use a weighted
least squares method: minimize

0=> wy, (i, —a—pe™)’ 31

=0

w.r.t. the parameters o, 3 and 7y, where the weight is the inverse of the variance of
i

wIm = = = =

Var(Dy,) Ny, fi, Ho;

Ui

; (32)

so that Q is approximately y2-distributed. In practice, one ‘fixes’ a value for v ‘based
on experience’ and finds the optimal values of « and 3. In the Swedish life insurance
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business, there is a Central Mortality Committee that estimates these parameters to
be used by insurance companies and pension funds. For example, in the so-called
M90 investigation, the committee suggested that
pe = a+ B0,

where, the parameter f adjusts for mortality of females among the insured popula-
tion. Values f = 4 or 5 years are used. For M90, o = 0.001, 5 = 0.000012 and
v = 0.044.
1.7.2 Gompertz Graduation Formula with a View Towards GLM
Recall Gompertz® graduation formula:

Iy 1= Be7”, (33)
or log u,., which is linear in age,

log 1, = log f 4+ loge™ :=a + ~z.

This can be extended to a quadratic or a polynomial form

2, log i1, = ag + a1z + arz? + ...+ al

logp, =a+bx+cx
GLM means that we perform a regression of log 1, with respect to a basis

{,z}, {Lz,2%, {l,2,..., 2",

or any other carefully chosen ‘spline’ basis {B|(x), B2(x), ..., By(x)} such that

p
pe = Bj(x)a; = P(a),

j=1
and estimate the coefficients ag, ay, ..., a, which maximize the penalized log-
likelihood function:
1
L(a) — E)\P(a), (34)

where, L(a) is the log- likelihood of the model
D,, ~ independent Poisson(yt,, N;,), t=1,...,n, 35)

and A > 0 is a smoothing parameter.
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A similar approach can be applied to obtain a smooth year (or period) specific
mortality: maximize the penalized log-likelihood function

L) — %)\P(G), (36)

where, L(0) is the log- likelihood of the model
D,. ~ independent Poisson(u;, N;,), t = tmin, - - - » Imaxs 37

and
P
P9 = ZB,(t)ej.
j=1

The smoothing parameter A can be estimated using the Akaike Information Criterion
(AIC), the Bayesian Information Criterion (BIC) or the Generalized Cross-Validation
(GCV).

1.7.3 An Age-Period Model: Lee-Carter Graduation Formula

Lee and Carter [10] suggest a Gompertz type graduation formula for the full mortality
rate p(z, t):

log p(, 1) := a(x) + S(2)k (1), (38)

subject to the constraints

D B@ =1 > k) =0, (39)

fitting
> (0g props(x, 1) — () + Ba)r(1)) .

This model captures the evolution of mortality in mutually exclusive age cohorts
while at the same time includes a possible common risk factor (systemic risk) k() that
links all cohorts together over time. The parameters a(x) and b(x) are age-specific
while k() is time (period) dependent only and should capture the random period
effect of the mortality rate. The risk factor k(¢) is usually modeled as a time series
or a random walk with drift. Lee and Carter [10] suggest an ARIMA (discretized
diffusion process) for « of the form

k(t+1) = k() +ay +ax§ + oz(t)
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where, z(t) is white noise and ¢ € {0, 1} is a dummy variable that captures major
outbreaks of disease leading to a huge mortality wave such as the 1918 worldwide
flu outbreak or the 2008 earthquake in China etc. Statistical estimation of these para-
meters is usually performed w.r.t. each dimension: = and time (period) ¢. Here are
some suggestions (see [2, 10], Currie, Richards and co-authors (2003-2012), [17]
etc.).

e Given x(t) = R(t), fit a GLM with regressor &:
log pu(x, ) := a(x) + B(x)R(2).

e Givena(z) = a(r), B(x) = B(x), fita GLM with offset &(x) and regressor ﬁ(a:):

log pu(x, t) := a(x) + B(m)m(r).

e Perform a regression w.r.t. a 2-d spline basis B,(z) ® B,(t) for age and time
dimensions (x, t).

1.7.4 Building Blocks of the MLE for the Lee-Carter Model

Following [2], the MLE approach to the Lee-Carter model is based on the assumption
that

D, ~ Poisson(u(z, t)N, ), where log u(x,t) := a(z) + B(x)k(t),

T = Tmins - -+ Tmaxs I = Imins « -+ 5 Imax-

(40)

The parameters a(x), 3(z) and x(f) are estimated by maximizing the log-likelihood
function

L(a, B, k) := z (Dr.s (@) + B@)K(1) = Noyexp (az) + B(@)r(1))) + C,

z,t

where, C contains all the terms that do not dependent on the parameters. The nonlin-
ear term B(x)x(t) does not allow for a closed form of the maximizing parameters.
One instead uses an iterative method such as the Newton-Raphson updating scheme
(or any more efficient numerical optimization algorithm):

L™ /90

pnth — g _ ,
8L /562

which numerically solves L™ /96 = 0.
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[ OA[;O) =0, Bg(co) =1, l%t(()) =0,
1 ~ A0 1
—Imin+1 zt log(,u(ac, 1), 5;) [ ——

[max
~(0) A0 - NG
MY =3, B0 (log(iw, 1) — &),
D) = N, exp (& + B &™),
A1) _ A > (De=DI))  Amtl A A1) _ A(n)
Oz;n+ ) — 04;") _ TM’ ﬂi’” ) — ﬂ;n), "'it’ _ ﬂtn
) DDy —DUT ey
S DGR

alternatively &9 =

’

ROHD _ gl AT = {UHD | [0 = Bl

B3 = Bt _ S D =DERWO  At3) _ Amt2)  a(+3) _ a42)
i - Mx _Z b(’l+2)(%$x+2)2 ’ ax - aq; ’ K‘t - K:t .
1 fiNg

The parameters are standardized in each step of the iteration to satisfy the constraints

D B@) =1, D k@) =0, (41)

by letting
GUT =6+ ARY . RD = R - AB. BTV =50/B. @2)
where,
1 A
A=—— S B=>"p", (43)
Imax — Imin Z ; ’
The estimated values of (), ¢ = tmin, - . -, Imax are used to fit it to a dynamical

model. We mentioned above that Lee and Carter fit x(¢) to an ARIMA model of the
form

k(t+1) = k(t) + a1 + @€ + oz(t)

where, z(t) is white noise and ¢ € {0, 1} is a dummy variable that captures major
mortality changes.

This algorithm is illustrated by the Figs.4, 5 and 6, applied to mortality data
among Swedish insured (cf. Swedish Research Board for Actuarial Science [17]).

Mortality jumps, due to e.g. new life standards or medical development etc.,
are also important to capture in a mortality model, despite the serious difficulties to
perform reliable estimation. Cox et al. [7] suggest two types of mortality jump events
to the Lee-Carter model:

log p(z, 1) = a(x) + f@)k(t) — G(x, 1) + H(x, 1),
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Fig. 4 The o, parameter for
ages 30-90 years (females
and males). (From [17],
reproduced with permission
from Taylor and Francis
Ltd.)

Fig. 5 Estimated and
smoothed 3, parameter for
ages 30-90 years (females
and males). (From [17],
reproduced with permission
from Taylor and Francis
Ltd.)
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e G(z,t) captures a permanent longevity jump and takes the form

with

G(x,t):=K(x,t) + D(x, 1),

o0
K(x,t) = Z yjAj(x)y5,,) = Jump reduction component,

j=1
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Fig. 6 Estimated and Kappa, kvinnor Kappa, man
linearized x(t) parameter for

data 1985-2005 (females

and males). (From [17], 1
reproduced with permission

from Taylor and Francis 5
Ltd.)

20 . . . 0 . . .
1985 1990 1995 2000 2005 1985 1990 1995 2000 2005
Year Ar

and

o0
D(x,t) = Z Gt — ;) Fi(x)e 50— 1{;>,,) = Trend reduction component.
j=1

e K (z,t) captures temporary adverse mortality jumps and takes the form

[}
H(l‘, l) = Z bj Bj (l‘)e_ﬁi(t_Ti) ]1{,27—/].
j=0

1.8 An Age-Period-Cohort Model: Extending Lee-Carter
Graduation Formula

The Lee-Carter model captures the age-period effect, but does not reflect the possible
cohort effect (calender year-age = t — ). A simple model that would simultaneously
capture the age-period-cohort effect is

log u(z, t) == a(x) + k(1) + v — ).

Renshaw and Haberman [9] suggested the following extension of the Lee-Carter
model to capture the cohort effect (calender year-age = ¢t — x):

log p(z, 1) = Bi(2) + Ba(2)k(t) + F3(2)y(t — 2). (44)
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A generalization of this mortality model for data divided into N components reads

N
log pu(x, t) 1= Zﬁj(x)fij(l)%'(f — ).

Jj=1

In a series of papers the Edinburgh teams including Currie, Richards and co-authors
(2003-2012) and Cairns and co-authors (2006-2012) suggest other extensions and
perform deep statistical analysis that seem tune the age-period-cohort effect when
applied to mortality data from England and Wales, and USA.

1.9 An Infinite Dimensional Approach to Mortality Modeling

The mortality rate can be viewed as an (infinite dimensional) curve of (z, t). To
capture the high level of uncertainty in projections of future mortality one is tempted
to translate the “machinery” developed for “forward” interest rate yields such as
“the HIM-model under the Musiela parametrization etc.” to mortality rates. One
is tempted to translated the calibration techniques of interest rate yield curves, to
perform hopefully more accurate projections of future mortality (though with limited
data points). Recent relevant references include [3-6, 19].

2 Disability Insurance

In the next sections we briefly describe a stochastic semi-Markov model for the
development of disability inception and recovery rates and perform the corresponding
statistical estimation. For more details see [1].

2.1 Disability Inception

Let E,, denote the number of healthy individuals with age in [z, x + 1) at the
beginning of time period ¢, and let D, , denote the number of individuals among E, ,
with disability inception in the interval [z, ¢ 4+ 1). In this section we model inception
over time, t = 0, 1, 2, ... and eventually estimate the underling parameters.

The Fig.7 describes inception frequencies per 5-year age groups of females
insured and a smoothed curve. This plot clearly shows that inception seems to be
strongly time- and age-dependent. Below, we suggest a model of this behavior.

Assume D, ; is binomially distributed given E, ;:

D;z:,t ~ Bin(Ezz,Zapa:.t) (45)
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Fig.7 Left Inception
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where p, ; is the inception probability of an z-year-old. In order to reduce the dimen-
sionality of the problem and achieve some level of smoothness, we use the logistic
regression:

logitp,, == log (l’;p) = vigi(), (46)
- Ma,t

i=1

where ¢'(z) are age-dependent basis functions, and v/ time-varying stochastic risk
factors that we aim at estimating. Changing notation, p,, (r) = p.:, we invert the
expression above, obtaining

exp (31, ' (@)
1 +expQ, vigi(x)

Py, (z) = (47)

This guarantees that the probabilities p,, (z) € (0, 1).
Given historical values of D, , and E,,;, and a set of basis functions {¢'}, the
log-likelihood function for yearly values of v, € R" can be written

)= [Dz,, > vigi@) — Evlog (1 +exp{D u;¢f(a:)})] e, (48)
i=1

reX i=1

If the basis functions are linearly independent it can be shown that —/(v;) is strictly
convex. Thus it has a unique minimum. Minimizing —/(v;), using e.g. methods from
numerical optimization, yields estimates of v,. The basis functions can be chosen by
the user, according to some criteria. Desired properties of p,, (-), e.g. continuity or
smoothness w.r.t. 7, are achieved by choosing continuous or smooth ¢'(-), by taking
into account eventual population characteristics. Suitable choices of basis functions
give the risk factors concrete interpretations. Alternatively, an optimal basis can be
extracted from the data using functional principal component analysis. This approach
yields better model fit, but harder to interpret results.
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Fig. 8 Left Two basis - 1 1
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Consider the simple model

logitpy, (z) = v, ¢' (x) + 17 ¢* (@),
where the basis functions are linear on z € [25, 64]:

64 — x ¢2( )_x—25 49)
39 0 YW T T3

o' (x) =

A linear combination of ¢' and ¢? is then also linear Fig. 8.
Under this model, the logistic inception probability of a 25-year old is given by

logitp,, (25) = v} ¢' (25) + V2 ¢*(25) = v,

Similarly, for a 64-year old we have logit p,, (64) = v>. An z-year old can be seen as
aconvex combination of a 25-year old and a 64-year old. Inception for the population
is fully described by only ' and /7.

2.2 Recovery from Disability

Recovery from disability is slightly more complicated. The probability of recovering
from illness depends on the amount of time spent in the ‘ill’ state. This is known
as the semi-Markov property. We extend the disability inception model above to the
semi-Markov case, and apply it to recovery modeling.

Let E, 4, denote the number of individuals with disability inception age in
[z, x 4+ 1) and disability duration d at some point in the time period [¢, ¢ + 1). Let
R, 4.; denote the number of individuals among E . ;4 , that recover during [d, d + Ad)
and [¢, t + 1). Assume R, 4, is binomially distributed given E, 4 ;:

Rz,d,t ~ Bin(Ez,d,tv px,d,t)’ (50)
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where, p, 4, is the probability that an individual, with disability inception age in
[z, z + 1) and disability duration d at some point in [t, 7 4 1), recovers during
[d,d + Ad).

We propose the following logistic regression model:

n k
logitp,, (x, d) = Z ' (x) z l/,i’jd)j d), (51)
i=1 =1

where ¢ and ¢/, are age and duration dependent basis functions, respectively, and
v, are stochastic risk factors. This is the inception model Eq. (46), extended with one
dimension. The likelihood also has the same structure as before. It is strict convexity
if each of the sets of functions {¢'} and {1’} are linearly independent. Again, we
estimate v, using numerical optimization Fig. 9.

Consider the simple model

3 3
logit p,, (&, d) = ¢' (@) D" v 9/ (@) + ¢* (@) D" v (d)

j=1 j=1

where ¢ and v are given by:

¢'(x) = %55, ¢ (@) = 5329 (d) = 192 (d) = d. > (d) = Vd.

Hence, the recovery probabilities for a 25-year old are given by

3 3 3
logitp,, (25, ) = 6'(25) D v /7 () + ¢62(25) D17 () = D v Tl (0,
: pr

j=1 j=1

Fig. 9 Left Conditional 2006
recovery probabilities. Right
Recovery surface, females,
calendar year 2006
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determined by V,l’l, 1/,1’2, V,1’3. Similarly, the recovery probabilities for a 64-year old

determined by Z/r2 ! 1/,2 2, V,2 3. An x-year old can be seen as a convex combination of

a 25-year old and a 64-year old. These considerations allow us to fully compute the
probability that illness lasts longer than a given period. Let an x-year old’s illness
duration be the r.v. D. The probability that the illness lasts longer than d years is
given by

d/Ad—1

Ma,d)=P,(D>d)= [] (1-p,(@ nAd)).
n=0

This is analogous to survival curves.
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Abstract A general maximum principle (necessary and sufficient conditions) for
an optimal control problem governed by a stochastic differential equation driven by
an infinite dimensional martingale is established. The solution of this equation takes
its values in a separable Hilbert space and the control domain need not be convex
when studying optimality necessary conditions. The result is obtained by using the
adjoint backward stochastic differential equation.
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1 Introduction

This paper studies the following form of a controlled stochastic differential equation
(SDE in short):

[dX(t) =FX®),u@®)dt+GX@®)dM(@), 0<t<T,

X (0) = xo, M

where M is a continuous martingale taking its values in a separable Hilbert space K,

while F, G are some mappings with properties to be given later and u(-) represents
a control variable. We will be interested in minimizing the cost functional:

T
Jw()) =E [ / LX"O@), u(t)) dt + h(X““(T))]
0

over a set of admissible controls.
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We shall follow mainly the ideas of Bensoussan in [10, 11], Zhou in [36, 37],
(@ksendal et al. [26], and our earlier work [4]. The reader can see our main results in
Theorems 2 and 3.

We recall that forward SDEs driven by martingales are studied in [6, 15, 16,
21, 34]. In fact in [6] we derived the maximum principle (necessary conditions)
for optimality of stochastic systems governed by SPDEs. However, the results there
show the maximum principle in its local form and also the control domain is assumed
to be convex. In this paper we shall try to avoid such conditions as we shall shortly
talk about it. Due to the fact that we are dealing here with a non-convex domain of
controls, it is not obvious how one can allow the control variable u(z) to enter in
the mapping G in (1) and obtain a result like Lemma 3 below. This issue was raised
also in [10]. Nevertheless, in some special cases (see [8]) we can allow G to depend
on the control, still overcome this difficulty, and prove the maximum principle. The
general case is still open as pointed out in [6, Remark 6.4].

The maximum principle in infinite dimensions started after the work of Pontrya-
gin [30]. The reader can find a detailed description of these aspects in Li and Yong
[22] and the references therein. An expanded discussion on the history of maximum
principle can be found in [36, P. 153—156]. On the other hand, the use of (linear)
backward stochastic differential equations (BSDEs) for deriving the maximum prin-
ciple for forward controlled stochastic equations was done by Bismut in [12]. In
this respect, one can see also the works of Bensoussan in [10, 11]. In 1990 Pardoux
and Peng [27], initiated the theory of nonlinear BSDEs, and then Peng studied the
stochastic maximum principle in [28, 29]. Since then several works appeared con-
sequently on the maximum principle and its relationship with BSDEs. For example
one can see [17-19, 33, 36] and the references of Zhou cited therein. Our earlier
work in [2] has now opened the way to study BSDEs and backward SPDEs that are
driven by martingales. One can see [23] for financial applications of BSDEs driven
by martingales, and [7, 9, 14, 20] for other applications.

In this paper we shall consider first a suitable perturbation of an optimal control
by means of the spike variation method in order to derive the maximum principle in
its global form to derive optimality necessary conditions. Then we shall provide suf-
ficient conditions for optimality of our control problem. The results will be achieved
mainly by using the adjoint equation of (1), which is a BSDE driven by the martingale
M. This can be seen from Eq. (30) in Sect. 5. It is quite important to realize that the
adjoint equations in Sect.5 of such SDEs are in general BSDEs driven by martin-
gales. This happens also even if the martingale M, which is appearing in Eq. (1), is
a Brownian motion with respect to a right continuous filtration being larger than its
natural filtration. There is a discussion on this issue in Bensoussan’s lecture note [10,
Sect.4.4], and in [1] and its erratum, [S]. In particular, studying control problems
associated with SDEs like (1) with their martingale noises cannot be recovered from
the works done for SDEs driven by Brownian motions in the literature. We refer the
reader to the discussion at the beginning of Sect. 5 below for more details. To the best
of our knowledge our results here towards deriving the maximum principle (neces-
sary and sufficient optimality conditions) in its global form for a control problem
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governed by SDE (1) with a martingale noise are new. The general case when the
control variable enters in the noise term G is still an open problem as stated above.

The paper is organized as follows. Section 2 is devoted to some preliminary nota-
tion. In Sect.3 we present our main stochastic control problems. Then in Sect.4
we establish many of our necessary estimates, which will be needed to derive the
maximum principle for the control problem of (1). The maximum principle in the
sense of Pontryagin for the above control problem is derived in Sect. 5. In Sect. 6 we
establish sufficient conditions for optimality for this control problem, and present
some examples as well.

2 Preliminary Notation

Let (£2,.7,P) be a complete probability space, filtered by a continuous filtration
{Z:}:>0, in the sense that every square integrable K -valued martingale with respect
to {Z;, 0 <t < T} has a continuous version.

Denoting by & the predictable o—algebra of subsets of §2 x [0, T] we say
that a K - valued process is predictable if it is &7 /2 (K) measurable. Suppose that
///[%‘T] (K) is the Hilbert space of cadlag square integrable martingales {M (¢), 0 <
t < T}, which take their values in K. Let ///[%”"T](K ) be the subspace of //[%)‘T](K )
consisting of all continuous square integrable martingales in K. Two elements M
and N of e///[%),r] (K) are said to be very strongly orthogonal (or shortly VSO) if

E[M()®@ N(r)] = E[M0) ® N©O)],

for all [0, T']—valued stopping times 7.

Now for M € ///[%)’,”T](K ) we shall use the notation < M > to mean the pre-
dictable quadratic variation of M and similarly << M > means the predictable
tensor quadratic variation of M, which takes its values in the space L;(K) of
all nuclear operators on K. Precisely, M @ M— K M > € ///[%)""T](Ll(K ). We

shall assume for a given fixed M € //{[%CT ! (K) that there exists a measurable map-
ping 2(-) : [0, T] x 2 — L{(K) such that 2(¢) is symmetric, positive definite,
2(t) < 2 for some positive definite nuclear operator 2 on K, and satisfies the
following equality:

t
<L M > =/ Q(s)ds.
0

We refer the reader to Example 1 for a precise computation of this process 2(-).
For fixed (¢, w), we denote by L 9 ) (K) to the set of all linear operators
¢ : 2'2(t,w)(K) — K and satisty ¢.2'/2(t, w) € Ly(K), where L,(K) is the
space of all Hilbert-Schmidt operators from K into itself. The inner product and norm
in L,(K) will be denoted respectively by (-, -)» and || - ||. Then the stochastic inte-
gral fo @ (s)dM (s) is defined for mappings @ such that for each (¢, w), @ (¢, w) €
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Log.w(K), ®2V2(t, w)(h) ¥ h € K is predictable, and

T
E [/ (@2 (1)||3 dt} < 0.

0

Such integrands form a Hilbert space with respect to the scalar product (®, @;) >
E [fg(@lo@l/z(t), ®,2'2(1)) dt ]. Simple processes taking values in L(K; K) are
examples of such integrands. By letting A?(K; &, M) be the closure of the set of
simple processes in this Hilbert space, it becomes a Hilbert subspace. We have also
the following isometry property:

T T
E[y/ ¢mdMaW}=E[/wn¢m£W%oﬁdﬂ ®)
0

0

for mappings @ € A*(K; &, M). For more details and proofs we refer the reader
to [25].

On the other hand, we emphasize that the process 2(-) will be play an important
role in deriving the adjoint equation of the SDE (1) as it can be seen from Egs. (29),
(30) in Sect. 5. This is due to the fact that the integrand @ is not necessarily bounded.
More precisely, it is needed in order for the mapping V, H, which appear in both
equations, to be defined on the space L, (K), since the process Z*®") there need not be
bounded. This always has to be considered when working with BSDEs or BSPDEs
driven by infinite dimensional martingales.

Next let us introduce the following space:

T
L%(0,T; E) := {¢: [0, T] x 2—E, predictable and E [/ |1p(t)|2dt:| <00},
0

where E is a separable Hilbert space.

Since 2(t) < 2 for all ¢ € [0, T] a.s., it follows from [3, Proposition 2.2] that
if® e L?Q(O, T; Lo(K)) (where as above L 9(K)) = L,(2'?(K); K)), the space
of all Hilbert-Schmidt operators from 2'/2(K) into K), then ® € A*(K; &, M)
and

T T
E[A|@m£”mﬁdﬂsﬁ[4|@mmmmm]- 3)

An example of such a mapping @ is the mapping G in Eq. (1); see the domain of G
in the introduction of the following section.
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3 Formulation of the Control Problem

Let &' be a separable Hilbert space and U be anonempty subset of . We say thatu () :
[0, T] x 2 — O is admissible if u(-) € L?Q(O, T;0)andu(t) € U a.e., a.s. The
set of admissible controls will be denoted by %,,.

Let F: K x 0 — K,G: K - Lg(K),{: K x 0 — Rand h: K — R be mea-
surable mappings. Consider the following SDE:

dX(@)=FX@),u(t))dt+ G(X@)dM(t), t[0,T], @)
X0)=x) € K.

If assumption (E1), which is stated below, holds, then (4) attains a unique solution
in ng (0, T'; K). The proof of this fact can be gleaned from [31] or [32]. In this case
we shall denote the solution of (4) by X“®),

Our assumptions are the following.
(E1) F, G, £, h are continuously Fréchet differentiable with respect to x, F' and £ are
continuously Fréchet differentiable with respect to u, the derivatives Fy, F,, Gy,
Ly, £, are uniformly bounded, and

[helok:ky < k(1 + |x|k)

for some constant k£ > 0.

In particular, |Filrk k) < C1, IGillLk.Lok)y < Cas |FlLo.x) < C3, for
some positive constants C;, i = 1, 2, 3, and similarly for £.
(E2) ¢, satisfies Lipschitz condition with respect to # uniformly in x.

Consider now the cost functional:

T
Jw()):=E [ / LX"O @), u(t)) dt + h(X“<'>(T>)] , )

0

for u(-) € .
The control problem here is to minimize (5) over the set %,y. Any u*(-) € %
satisfying
J@* () =inf{J () : u() € %a} (6)

is called an optimal control, and its corresponding solution X* := X"“©) to (4) is
called an optimal solution of the stochastic optimal control problem (4)—(6). In this
case the pair (X*, u*(-)) in this case is called an optimal pair.

Remark 1 'We mention here that the mappings F, G and £ in (4) and (5) can be
taken easily to depend on time ¢ with a similar proof as established in the following
sections, but rather, having more technical computations.

Since this control problem has no constraints we shall deal generally with pro-
gressively measurable controls. However, for the case when there are final state
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constraints, one can mimic our results in Sects. 4, 5 and 6, and use Ekeland’s varia-
tional principle in a similar way to [24, 28] or [36].

In the following section we shall begin with some variational method in order to
derive our main variational inequalities that are necessary to establish the main result
of Sect.5.

4 Estimates

Let (X*, u*(-)) be the given optimal pair. Let 0 <7y < T be fixed and 0 < ¢ <
T —ty. Let v be a random variable taking its values in U, .%, - measurable and

sup |[v(w)| < oo. Consider the following spike variation of the control u*(-):
weR

u*(t) if t € [0, T1\[t0, 1o + €]
v if t €lty, tog+€].

ug(r) = [ (7

Let X“® denote the solution of the SDE (4) corresponding to u,(-). We shall
denote it briefly by X,. Observe that X, (r) = X*(¢) forall0 < < fy.
The following lemmas will be very useful in proving the main results of Sect. 5.

Lemma 1 Let (El) hold. Assume that {p(t), to <t < T} is the solution of the fol-
lowing linear equation:

dp(t) = Fe(X*(0), u™ (1)) p(1) dt + G (X* (1)) p(1) dM (1), 10 <t < T,

(o) = F(X*(t0), v) — F(X* (1), u (10)). ®)

Then
sup E[|p®)I*] <C

telty,T]

for some positive constant C.

Proof With the help of (E1) apply Itd’s formula to compute | p(1))?, and take the
expectation. The required result follows then by using Gronwall’s inequality.

Lemma 2 Assuming (EI) we have

E [ sup |X5(t)—X*(t)|2] = o(e).

toy<t<T

Proof Forty <t < ty + € one observes that
t
Xe () — X*(1) =/ [F(Xc(s),v) — F(X*(s),v)]ds
fo

+ / [F (X7 (5), v)— F(X*(5), " (s))] ds+ / [G(X.() =G (X* ()M (s),
©)
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or, in particular,
X (1) = X*(OF <3(t — 1) / |F(X(s),v) = F(X*(s),v)|* ds
to
+3( - m/tl |F(X*(5),v) — F(X*(s), u*(s))|* ds
0
+3 | / t[G(Xa(s» — G(X*(s)1dM (s)|*. (10)
0
But Taylor expansion implies the three identities:

F(Xe(s),v) — F(X*(s),v)

1
=/ Fo(X*(s), u™ () + M(X(s) — X*(5))) (Xc () — X*(s))dAr, (11)
0

F(X™(s),v) = F(X"(s), u™(s))

1
= / Fy(X*(8), u™(s) + A(v — u™(5))) (v —u*(s)) dr, (12)
0
and
1
G(X:(s)) — G(X*(5)) = /0 G (X*(s) + A(X.(s) — X*(5))) (X (s) — X" (s)) dAr
=: @(s) (€ La(K)). (13)

Then, by using (13), the isometry property (2), (3) and (E1) we deduce that for
all t € [1y, to + €],

E [| / (G(X.(s)) — G(X*(5))) dM(s)F} =E [| / ¢(s)dM(s)|2]

fo

_E / ||a>(s>e@”2<s)||2ds}

/ ||¢(S)||L9(K) :|

=E /II/O GX(X*(S)+)~(XE(S)—X*(S)))(XE(S)—X*(S))d?»llig(K)dS}

IA
=

IA
=

rort 1
/ /0 G (X*(5) + A(Xo(s) — X*(5))) (Xe(5) — X* DI} (k) d ds}

IA

GE [/ | X, (s) — X*(s)lzds]. (14)
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Therefore, from (10), (11), (12), (E1) and (14), it follows evidently that
t
E[1X.(t) — X*O)*1 <3 (Cy (t — t9) +C2)/ E[| X:(s) — X*(s)|* 1ds
fo

+3(z—z0)c3/ E[|v—u*(s)|*]ds,

fo

forall t € [tg, to + €].
Hence by using Gronwall’s inequality we obtain

fo+e
E[|X:(t) — X*(1) 1 <3C3 (t —19) @ <"f°>+cz><f"°>x/ E[|v —u*(s)|* 1ds,

1o

(15)
for all ¢t € [1y, tp + €]. Consequently,
tot+e fo+¢
E [/ [ Xo(1) — X*(2) |2dt] < 303823 Cretloe x/ E[|v — u*(s)|? ] ds.
1o to
(16)

It follows then from (10), (15), standard martingale inequalities, (14) and (16)
that

IE|: sup IXg(l)—X*(t)|2i|

to<t=<to+e

to+e
<3C3[3(Cre+4Cy)eedCrette 4 1]5/ E[|v—u*(s)*1ds. (17)

0]

Next, fortg +& <t < T, we have

X0 —X"(t)=X.(top+¢)— X" (tg+¢)

+/ [F(Xe(s), u™(s)) — F(X"(s), u™(s))]ds

+e

+/ [G(Xe(5)) — G(XT(s)]dM (s). (18)

+e
Thus by working as before and applying (15) we derive
T fote
E [/ | X:(t) — X*(1) |2dti| <9C;s szec4<€>/ E[|v—u*(s)|*1ds
to+e fo

and
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E[ sup |Xg(t)—X*(t)|2:| <27C38e O [14+ (T —tg—e)C1 +4C,) €]

to+e<t<T

to+e
x/ E[|v—u*(s)]*1ds, (19)

Iy

where C4(e) = [3e2+3(T — 19— &)21C1 + (T —ty +2¢) Cs.
Now (17) and (19) imply that

to+e

E [ sup | X, (1) —X*(t)lz} < (C5(8)+C6(8))/ E[lv —u*(s)*1ds,

to<t<T

with the constants
Cs(e) =3C3[3(Cre+4Cy)eed Cere 4 1 e

and
Ce(e) =27C36e“O[14+ (T —t9—e)C, +4Cy) 1.

This completes the proof.

Remark 2 We note that for a.e. s,
1 s+e&
—/ E[lp(X*(t), u*(t)) — ¢(X*(s), u*(s)|*1dt — 0, as e - 0, (20)
€ Js

for ¢ = F, €. Indeed, if for example, ¢ = F, then we may argue as in (12) to see
that

1 s+¢
g/ ELIFX* (1), 4" (1)) — F(X*(s), u*(s)P 1di

s+e 1
/ E [I/ Fy(X* (1), u*(s) + Au* (1) — u*(s))) u* (1) — u*(s)) dA|? dt]
K 0

=

™| = ™| =

s+e
/ ELu* (1) — u*(s) 1 d. @1)

But since fOT E[|u*(t) — u*(s)|*1dt < oo (for fixed s), then, as it is well-known
from measure theory (e.g. [13]), there exists a subset O of [0, T] such that
Leb([0, T]\ O) = 0 and the function O > t > E[ |u*(t) — u*(s)|? ] is continuous.
Thus, if s € O, this function is continuous in a neighborhood of s, and so we have

1 s+e
- / E[|u*(t) — u*(s)|*1dt — 0, as ¢ — 0,
& 5

which by (21) implies (20) for ¢ = F.

We will choose fy such that (20) holds for ¢ = F, €. This assumption will be
considered until the end of Sect. 5.
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Lemma 3 Assume (El). Let

1
&) = - (Xe(t) = X*(t)) — p(t), telt,T]

Then
ling)Euss(T)P] = 0.

Proof First note that, fortp <t <19+ ¢,

1
dé:(1) = S [FXe(@), ) — F(X™(1), u™ (1)) — & F (X*(2), u™(1)) p(t) 1dt
1
+2 [G(Xe(1) = GX™(1) — & G(X™ (1)) p(t) 1AM (1),
£(to) = — (F(X*(10),v) — F(X*(t0), u™ (1)) -

Thus
1 to+e
oty ) = - / [F(X.(),v) = F(X*(5), v) ] ds

10 to+e

- / [F(X*(s),v) — F(X*(t9), v) 1ds
1 0[()+8

+- / [F(X* (1), 1™ (1)) — F(X*(s), u*(s)) 1 ds
1 ot()+£

e / [G(X.(5) — G(X*(s)) [dM(s)

to+o£ fo+e
- / Fo(X*(s), () p(s) ds — / G (X*()) p(s)dM(s).

By using (2), (3) and (E1) we deduce

Ell&(+e) P1<6CIE[ sup [Xe(t) — X*(0)|*]
to<t<top+e

+6  sup  E[|F(X*(1),v) — F(X*(10),W|*]
ty<t<tp+e

6 to+e 2
+g/ E[|F(X*(s), u™(s)) = F(X*(t0), u™ (t0))|~ 1ds

0]
6C fo+e¢
+21E{ sup |Xg<t)—X*(z)|2}+6<cl +C)E [/ |p(s)|2ds].
& to<t<tfy+e to

(22)

But from (17)
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éE[ sup |X8(t)—X*(r>|2]

to<t<ig+e
to+e
<3C3[3(Cre+4Cy) e Crette 4 1] / E[|v—u*(s)*1ds — 0
o
(23)
as ¢ — 0. Also as in (11), by applying (E1) and (15), one gets
E[|F(X*(t),v) — F(X*(t0), »|*]

1
=E [I/0 Fr(X*(19) + A(X*(1) = X*(19)). v)(X* (1) — X*(10)) d2|*

IA

C1 E[IX*(1) — X*(10)°]

o+e&
<30 Cyee’Cretlre / E[|v—u*(s)]?]1ds > 0 as e > 0. (24)
0]

Thus, by applying Lemma 2, (24), (23), (20) and Lemma 1 in (22), we deduce
E[l&@+¢e)P]1—0 as e— 0. (25)

Let us now assume that fy + & <t < T. In this case we have

1
dés (1) = - LF(X), ut (1)) — F(X* (1), u™(1)) — & Fe (X (1), u™ (1)) p(t) 1dt

1
+Z[6X() - G(X* (1) — e G (X" (1) p(1) 1AM (1),

or, in particular, by setting

1
P (s) =/0 [Gx(X"(s) + M(Xe(s) — X7(5))) — G (X" () ] p(s) dA,

we get

t 1
§c(t) =&:(p+ &)+ . /0 Fe(X*(s) + M(Xe(s) — X¥(5)), u™(5)) & (s) dr.ds
ot+e

t 1
+ / / G (X*(5) + M(Xe(s) — X*(5))) e (s) dh dM(s)
to+¢e J0
t 1
+ / /O [Fe (X*(5) + M(Xe(s) — X*(5)), u™(s)) — Fe(X*(s) u*(5)) ] p(s) d ds
fo+e

t
4 / e (s) dM(s),
1

0+e
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for all ¢ € [ty + ¢, T]. Hence by making use of the isometry property (2) it holds
Vitelt+e T,

t

E[1& @) *1<5E[|&0+e) > 1+5(C1 +C2) E[|€(s) | 1ds
fote

T 2
+5E [/ I/0 (Fx(X*(S)+/\(Xa(S)X*(S)),u*(S))Fx(X*(S),u*(S)))p(S)dkdsI}
0]
T ~
+5E[ |<1>8(s),02‘/2(s)|§ds] (26)
10

But as done for the second equality and first inequality in (14) we can derive easily

that
L
_/m 1812 k) ds]

[t 1
=E / ||/0 [Gx(X™(s) + A(Xe(s) — XT(5))) — Gx(X*(S))]P(S)d)»||ig(1<)dsi|
L fo

=

0 fo

T t
/ ||d38(s)e@1/2(s)||§ds} —E [ ||<Bg<s)£1/2(s>||§ds]
I

IA
&=

IA
&=

Mt rl
/zo/o ||Gx(X*(S)+)»(Xe(S)—X*(S)))—Gx(X*(S))]P(S)Ili_@([()d)»ds}-
(27)

Therefore, from Lemma 2, the continuity and boundedness of G, in (E1), Lemma 1
and the dominated convergence theorem we deduce that the last term in the right
hand side of (27) goes to 0 as ¢ — O.
Similarly, the third term in the right hand side of (26) converges alsoto0 as e — 0.
Finally, by applying Gronwall’s inequality to (26), and using (25)—(27), we deduce
that
sup E[|&@))*P]1— 0 as € — 0,

to+e<t<T

which proves the lemma.

Lemma 4 Assume (EI) and (E2). Let ¢ be the solution of the equation:

Idg“(t) = L(X* (), u* @) p(t)dt, o<t <T,
C(to) = €(X*(t0), v) — L(X*(t0), u*(to)).

Then

T
lim E |:‘ é/ (EXe (1), ue (1)) — L(X*(1), u™ (1)) dt — £ (1)

1y

T
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Proof Let

1 t
e (1) = g/ (L(Xe(t), ue (1)) = L(X* (1), u™ (1)) dt — ¢(T),

to

for ¢t € [ty, T]. Then n.(ty) = — (L(X*(t9), v) — £(X*(ty), u™(tp))). So one can pro-
ceed easily as done in the proof of Lemma 3 to show that E[ | 7,(7') |>] — 0, though
this case is rather simpler.

Let us now for a C' mapping ¥ : K — R denote by V¥ to the gradient of
W, which is defined, by using the directional derivative DY (x)(k) of ¥ at a point
x € K in the direction of k € K, as (V¥ (x), k) = DW¥ (x)(k) (= ¥, (k)). We shall
sometimes write V, ¥ for V¥ (x).

Corollary 1 Under the assumptions of Lemma 4

d
7o T We(le=o =E[(V h(X*(T)), p(T)) +¢(T) 1. (28)

Proof Note that from the definition of the cost functional in (5) we see that
1 1
- [Je() = J@* ()] = - E [R(X:(T)) — h(X*(T))

T
+/ (K(XE(S),MS(S))—E(X*(S),u*(S)))dS]

fo

1 Yy
=F [/0 he (X*(T) + MX(T) — X*(T))) (Xo(T) . X)) d

1 T
+ ;/ (Z(XE(S),MS(S))—Z(X*(S),u*(S)))dS}.

to

Now let ¢ — 0 and use the properties of % in (E1), Lemmas 3 and 4 to get (28).

S Maximum Principle

The maximum principle is a good tool for studying the optimality of controlled SDEs
like (4) since in fact the dynamic programming approach for similar optimal control
problems require usually a Markov property to be satisfied by the solution of (4),
cf. for instance [36, Chap. 4]. But this property does not hold in general especially
when the driving noise is a martingale.

Let us recall the SDE (4) and the mappings in (5), and define the Hamiltonian
H:[0,T]x 2x K x 0O x K x Ly(K)— Rfor(t,w, x,u,y,z) €[0,T] x 2 x
K x 0 x K x Ly,(K) by
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H(t,0,x,1,y,2) 1= 0, u) + (F(x,u), y) + (G221, ), 2)2. (29)
The adjoint equation of (4) is the following BSDE:

—dy*© (1) =V H(t, X”(')(I), u(t), Y'"O(r), Z”(‘)(I)Ql/z(t)) dt
—Z"O@)dM @) —dN*O@), ty<t<T, (30)
YUO(T) = VR(X*O(T)).

The following theorem gives the solution to BSDE (30) in the sense that there
exists a triple (Y*©), Z*© N*0) in L2 (0, T; K) x A*(K; &, M) x ///[%)"CTI(K)
such that the following equality holds a.s. for all t € [0, T], N(0) =0 and N is
VSO to M:

T
YO =& +/ VeH (s, X" (s), u(s), YO s), 20 (s)2'2(5)) ds

T T
— / Z"O(s)dM (s) — / dN"O(s).

Theorem 1 Assume that (EI1)—(E2) hold. Then there exists a unique solution
(Y O, z4O | N*OY of the BSDE (30).

For the proof of this theorem one can see [2].

We shall denote briefly the solution of (30), which corresponds to the optimal
control u*(-) by (Y*, Z*, N*).

In the following lemma we shall try to compute E [ (Y*(T), p(T))].

Lemma 5

T
E(YXT),p(T))] =—-E [/ EX(X*(S),M*(S))p(S)dS]

fo

+E [(Y*(t), F(X*(t9), v) = F(X*(t9), u*(19)) ] . (31)

Proof Use 1t6’s formula together to compute d (Y*(¢), p(¢)) for t € [to, T], and use
the facts that

T
/ (p(s), Ve H(s, X*(s), u*(s), Y*(5), Z*(5)2'%(5))) ds

Iy

T
=/ [ (X" (5), u* () p(s) + ( F(X*(5), u* () p(s), Y*(5))] ds

4]

T
+ / (G (X*(5))p(s)2'2(s), Z*(5) 2" (s) )2 ds,

fo

which is easily seen from (29).
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Now we state our main result of this section.

Theorem 2 Suppose (E1)—(E2). If (X*, u*(-)) is an optimal pair for the problem
(4)—(6), then there exists a unique solution (Y*,Z*, N*) to the corresponding
BSDE (30) such that the following inequality holds:

H(t, X (1), v, Y*1), Z* ) 2" (t)) > H(, X* (1), u* (1), Y*1), Z*1) 2% (1))
ae. t €0, T], as.YveU. (32)

d

Proof We note that since u*(-) is optimal, -

using Corollary 1 that

J(:())|e=0 = 0, which implies by

E[(YX(T), p(T)) +¢(T)] = 0. (33)

On other hand by applying (33) and Lemma 5 one sees that

T
0<—E[[ &X"(s),u"(s)p(s)ds]

+ E[(Y*(10), F(X"(t0),v) — F(X"(t0), u™(10)) + ¢(T)].  (34)

But ,
£(T) = ¢ (o) + / (X (5, () p(s) ds

fo

and

H (to, X* (1), v, Y*(t0), Z*(10) 2" (1))
—H (to, X*(t0), u*(t0), Y*(t0), Z*(10) 2" (1))
= ¢(to) + (Y*(t0), F(X*(to), v) — F(X*(to), u*(t9))).

Hence (34) becomes

0 <E [ H(ty, X*(t0), v, Y*(t0), Z*(t9) 2" (t9))
— H (ty, X*(to), u*(to), Y*(t0), Z*(t0)2"*(10)) 1. 35)

Now varying fy as in (20) shows that (35) holds for a.e. t., and so by arguing for
instance as in [10, p. 19] we obtain easily (32).

Remark 3 Letus assume for example that the space K in Theorem 1 is the real space
R and M is the martingale given by the formula

M(t) =/ a(s)dB(s), te[0,T],
0
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for some o € LZg(O, T; R) and a one dimensional Brownian motion B. If a(s) > 0
for each s, then .%, (M) = .%;(B) for each ¢, where

F(R) =0{R(s),0 <5 =1}

for R = M, B. Consequently, by applying the unique representation property for
martingales with respect to {.%,(M), t > 0} or larger filtration in [2, Theorem 2.2]
or [5] and the Brownian martingale representation theorem as e.g. in [14, Theorem
3.4, P. 200], we deduce that the martingale N “() in (30) vanishes almost surely if the
filtration furnished for the SDE (4) is {%; (M), 0 <t < T}. This result follows from
the construction of the solution of the BSDE (30). More details on this matter can
be found in [2, Sect.3]. As a result, in this particular case BSDE (30) fits well with
those BSDEs studied by Pardoux & Peng in [27], but with the variable « Z replacing
Z there.

Thus in particular we conclude that many of the applications of BSDEs, which
were studied in the literature, to both stochastic optimal control and finance (e.g.
[37] and the references therein) can be applied directly or after slight modification
to work here for BSDEs driven by martingales. For example we refer the reader to
[23] for financial application. Another interesting case can be found in [9].

On the other hand, in this respect we shall present an example (see Example 2) in
Sect. 6, by modifying an interesting example due to Bensoussan [10].

6 Sufficient Conditions for Optimality

In the previous two sections we derived Pontyagin’s maximum principle which gives
necessary conditions for optimality for the control problem (4)—(6). In the following
theorem we shall try to show when the necessary conditions for optimality becomes
sufficient as well. Let us assume from here on that U is convex. This concerned result
is a variation of Theorem 4.2 in [3].

Theorem 3 Assume (E1) and, for a given u*(-) € Uq, let X* and (Y*, Z*, N*)
be the corresponding solutions of Egs. (4) and (30) respectively. Suppose that the
following conditions hold:

(i) U is a convex domain in O, h is convex.
(ii) (x,v) = H(t,x,v,Y*(t), Z*(t) 2"%(1)) is convex for all t € [0, T] a.s.
(iii) H(t, X*(1), u*(t), Y*(1), Z*(1) 2'(1))

= min H(t, X"(1).v. Y*(0), Z*1) 2" (1))

forae.t €[0,T]a.s.
Then (X*, u*(-)) is an optimal pair for the control problem (4)—(6).
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Proof Let u(-) € %,4. Consider the following definitions:

T
I, :=F [/ (E(X* (1), u* (1)) — £(X“O (), u(1))) d;}
0

and
L :=E [h(X*(T)) — h(X"O(T))].

Then readily
JW () —J() =1 + b. (36)
Let us define

T
L:=E]| / (H(t, X*(0), u* (), Y*(t), Z*(1) 27 (1))
0
— H(t, X"O@0), u(t), Y*(t), Z*(t) 2"*(1)))dt |,

T
L:=E [ / (F(X*(t), u*(t)) — F(X”<'><t),u<r)),Y*(r))dr},
0

T
Is:=E [ / (GX“ 1) = G(X“O)) 2" (1), Z*(r)gl/z(t)>zdr],
0
and

T
I:=E [ / (Vo H (1, X* (1), u* (1), Y*m,2“*<'>(r)£21/2<r>),X*a)—X“(')(r))dt}.
0

From the definition of H in (29) we get
L =1L—1y—Is. 37
On the other hand, from the convexity of / in condition (ii) it follows
h(X*(T)) = h(X"(T)) = (VA(X*(T))., X*(T) = X"(T)) a.s.,

which implies that
L <E[(YYT),X"(T) - X"(T)) ] (38)
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Next by applying Itd’s formula to compute d (Y*(¢), X*(t) — X“©)(¢)) and using
Egs. (4) and (30) we find with the help of (38) that

L<li+1Is—1I. (39)

Consequently, by considering (36), (37) and (39) it follows that
JW () = Ju) = Iz — . (40)
On the other hand, from the convexity property of the mapping (x,v) >

H(t,x,u, Y*(t), Z*(t)2'%(t)) in assumption (iii) the following inequality holds
a.s.:

T
/ (H(t, X*(), u* (1), Y*(1), Z* () 2" (1))
0
— H(t, X"O@), u@®), Y*(t), Z*0)2'* (1)) dt

T
< / (Vo H (@, X*(), u* (1), Y1), Z* (1) 2'2(1)), X*(t) — X"V (t) ) dt
0
T
+/ (VL H(t, X* (1), u*(t), Y* (), Z* () 2"*(1)), u*(t) — u(t) ) dt.
0

As a result
I <Is+ I, 41)

where
T
L =E [/ (Vo H(t, X*(t), u* (1), Y*(1), Z* () 2" (1)), u*(t) — u(t) ) o dt } :
0

Sincev > H(t, X*(t),v, Y*(t), Z*(t)2'/*(¢)) is minimum at v = u*(¢) by the min-
imum condition (iii), we have

(VuH (1, X* (1), u* (1), Y*(1), Z*() 2" (1), w* (1) — u(t) ) o < 0.
Therefore I; < 0, which by (41) implies that I; — I < 0. So (40) becomes
JW* () — J(u() <0.

Now since u(-) € %, is arbitrary, this inequality proves that (X*, u*(-)) is an
optimal pair for the control problem (4)—(6) as required.

Example 1 Letm be acontinuous square integrable one dimensional martingale with
respect to {%#;}, such that < m >, = fot a(s)ds ¥V 0 <t < T for some continuous

a:[0,T] — (0, 00). Consider M(t) = Bm(t)(= fol Bdm(s)), with B # 0 being
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a fixed element of K. Then M € .#%¢(K) and < M >, equals m fot a(s)ds,
where 8 ® B istheidentificationof 8 @ Bin L;(K), thatis (8 ® B)(k) = (B, k) B, k
e K. Also < M >, = |8/? fot a(s)ds. Now letting 2(t) = B ® B «(t) yields that
LM > = fot 2(s)ds. This process 2(-) is bounded since 2(t) < 2 V t, where
2=8Q8 0maxToz(t). It is also easy to see that 2'/2(¢)(k) = % o'2(t). In
<i<

particular 8 € 2'2(t)(K).

Let K = L?(R™). Let M be the above martingale. Suppose that & = K. Assume
that G € L 9(K) or even a bounded linear operator from K into itself, and F is a
bounded linear operator from & into K. Let us consider the SDE:

dX(t) = Fu(r)dt + (X(1), B) G dM (), t €0, T),
X(0)=x € K.

For a given fixed element ¢ of K we assume that the cost functional is given by
the formula:

T
J() = E[/ @ de 1+ E [ (e, X(T)) ],

0

and the value function is
J*=inf{J () : u(-) € Ua)-

This control problem can be related to the control problem (4)—(6) as follows. We
define

F(x,u)=Fu, G(x) = (x,B)G, £(x,u)=|u*, and h(x) = (c, x),

where (x,u) € K x 0.
The Hamiltonian then becomes the mapping

H:[0,T]x 2 xKx0xK xL(K)— R,
H(t,x,u,y,2) = [ul* + (Fu, y) + (x, B) (G 2'7(1), 2)a,
(t,x,u,y,2) € K x 0 x K x Ly(K).
Itis obvious that H (-, -, v, z) is convex with respect to (x, ) for each y and z and

Vo H(t, x,u,y,2) = (G 2'%(1),2) B.
Next we consider the adjoint BSDE:

—dY(t) = [(G2'2(t), Z(t))2 B 1dt — Z(t) dM(t) — dN (1),
Y(T) =c.
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This BSDE attains an explicit solution Y (¢) = ¢, since c is non-random. But this
implies that Z(t) = 0 and N(¢) = O for each ¢t € [0, T'].

On the other hand, we note that the function & > u — H(t, x,u, y, z) € Rattains
its minimum at u = — % F* y, for fixed (x, y, z). So we choose our candidate for an
optimal control as

1 - 1 -
u*(t,a)):—EF*Y(t,a))z—EF*c (e U :=0).

With this choice all the requirements in Theorem 3 are verified. Consequently
u*(+) is an optimal control of this control problem with an optimal solution X given
by the solution of the following closed loop equation:

dX(t) = - Y FF*Y@®)dt + (X(1), B) GdM (1),
X(0)=x)€K.

The value function takes the following value:
| N
J'= I P T +E (e, X(T) 1.

Remark 4 It would be possible if we take h(x) = |x|?>, x € K, in the preceding
example and proceeds as above. However if a result of existence and uniqueness os
solutions to what we may call “forward-backward stochastic differential equations
with martingale noise” holds, it should certainly be very useful to deal with both this
particular case and similar problems.

Example 2 Let & = K. We are interested in the following linear quadratic example,
which is gleaned from Bensoussan [10, p. 33]. Namely, we consider the SDE:

[dX(t) =(AOX@)+Cu(t)+ f(t))dt + (B(t)X (@) + D(t))dM(1), (42)

X(0) = xo,

where B(t)x = (y (1), x) G(t) and A, y,C:[0,T]xK —- K, f:[0,T] - K,
G, D :[0,T] — Lo(K) are measurable and bounded mappings.

Let P,Q:[0,T] x K - K, P, : K — K be measurable and bounded map-
pings. Assume that P, P are symmetric non-negative definite, and Q is a symmetric
positive definite and Q' () is bounded. For SDE (42) we shall assume that the cost
functional is

T
Jw() =E [/0 (% (POX“O), X“O1)) + % (Qu(), u(r))) dt
1 . .
+3 (PLX"O(T), X““(T))} : (43)

for u(-) € Ua.
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The control problem now is to minimize (43) over the set %4 and get an optimal
control u*(-) € %4, that is

JW*()) =inf{J @) : u() € %a}. (44)

By recalling Remark 1 we can consider this control problem (42)—(44) as a control
problem of the type (4)—(6). To this end, we let

F(t,x,u)=A@)x + C()u + f(1),

G(t,x) = (y(t),x) G(t) + D(1),

1 1
g(tv-x$ M) = 5 (P(t)x, .X) + E <Q(l)1/l, M),

hx) = % (P1x, x).

Then the Hamiltonian H : [0, T] x 2 x K x K x K x L,(K) — R is given by

H(t,x,u,y,2) =Lt x,u) + (F(t,x,u), y) + (G(t, x)2'*(t), 2)>

= % (P(1)x, x) + % (Q@u, u) + (A)x + C(Ou+ f(1), y)
+H((y 0, x) GO + D)2 (1), 2)2.
We can compute V, H directly to find that
Vo H(t,x,u,y,2) = P(u+ A*()x + (G(1)2'*(1), 2), y (1).

Hence the adjoint equation of (42) takes the following shape:

—dY (1) = (A*(t)Y”(')(t) + P(1)X"O(r)

HG1)2'2(1), 70 (1) 22(1)), ¥ (1) ) di
— 74O dM (1) — dNO (1),
Y*O(T) = PLX"O(T).

Now the maximum principle theorems (Theorems 2, 3) in this case hold readily
if we consider Remark 1 again, and yield eventually

1
C* Y (0 + 5 Q' (1) =0,
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Sufficient Conditions of Optimality
for Forward-Backward Doubly SDEs
with Jumps

AbdulRahman Al-Hussein and Boulakhras Gherbal

Abstract We consider a sufficient maximum principle of optimal control for a
stochastic control problem. This problem is governed by a system of fully coupled
multi-dimensional forward-backward doubly stochastic differential equation with
Poisson jumps. Moreover, all the coefficients appearing in this system are allowed
to be random and depend on the control variable. We derive, in particular, sufficient
conditions for optimality for this stochastic optimal control problem. We apply our
result to treat a kind of forward-backward doubly stochastic linear quadratic optimal
control problems with jumps.

Keywords Poisson process - Sufficient conditions of optimality + Optimal control -
Forward-backward doubly stochastic differential equation + Adjoint equations
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1 Introduction

Forward-backward stochastic differential equations (FBSDEs in short) were first
studied by Antonelli in [2], and since then they are encountered in stochastic optimal
control problem, which is one of the central themes of modern control science. For
example, Xu in [20] studied a non-coupled continuous forward-backward stochastic
control system. Then Wu [16], studied extensively the maximum principle for optimal
control problem of fully coupled continuous forward-backward stochastic system.
We refer the reader also to [3]. Peng and Wu [9], considered fully coupled continuous
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forward-backward stochastic differential equations with random coefficients and
applications to optimal control. A method of continuation is developed there. In this
respect one can see also [22]. Shi and Wu in [11] studied the maximum principle for
fully coupled continuous forward-backward stochastic system and provided under
non-convexity assumption on the control domain necessary optimality conditions.
The forward diffusion there does not contain the control variable.

Fully coupled FBSDEs with respect to Brownian motion and Poisson process
were considered by Wu in [17] and Yin and Situ in [21]. Such equations have been
shown to be very useful for example in studying linear quadratic optimal control
problems of random jumps, and also to handle nonzero-sum differential games with
random jumps. The work of Wu and Wang in [18] is useful in this respect. In [6],
@ksendal and Sulem investigated stochastic maximum principle for non-coupled
one-dimensional FBSDEs with jumps. In [13], Shi and Wu obtained both necessary
and sufficient maximum principles for optimal control of FBSDEs with random
jumps, when the control domain is convex. The result is applied to a mean-variance
portfolio selection mixed with a recursive utility functional optimization problem.
Meng [4], considered an optimal control problem of fully coupled forward-backward
stochastic systems with Poisson jumps under partial information. More generally, Shi
in [10] provided recently necessary conditions for optimal control of fully coupled
FBSDEs with random jumps.

Backward doubly stochastic differential equations were first introduced by Par-
doux and Peng in [7]. They gave a probabilistic representation of quasi linear sto-
chastic partial differential equations. This important paper has given rise to a huge
literature on BDSDESs and has become a powerful tool in many fields such as finan-
cial mathematics, optimal control, stochastic games, quasi linear partial differential
equations. In 2003, Peng and Shi [8], introduced fully coupled forward-backward
doubly stochastic differential equations (FBDSDEs in short). Such equations are
generalizations of stochastic Hamilton systems. Existence and uniqueness of the
solutions to (continuous) FBDSDEs with arbitrarily fixed time duration and under
some monotone assumptions are established. Peng and Shi provided in [8] a proba-
bilistic interpretation for the solutions of a class of quasilinear SPDEs. Moreover, in
this respect, we refer the reader to [24] for an application of fully coupled FBDSDEs
to provide a probabilistic formula for the solution of a quasilinear stochastic partial
differential-integral equation (SPDIE in short). Another application to SPDEs can
be found in [23]. These are some examples to show the importance and motivations
to study FBDSDEs.

The existence and uniqueness of measurable solutions to FBDSDEs with Poisson
jumps are established in [24] via the method of continuation. We refer the reader
also to [8, 25] in this respect.

A sufficient maximum principle with partial information for a one-dimensional
FBDSDE with jump with a forward equation being independent of the processes
of the backward equation was studied in [19]. Necessary optimality conditions for
FBDSDE:s in [19] were derived also there under non-convexity assumption on the
control domain. On the other hand, in [23], Zhang and Shi studied the maximum
principle to find necessary conditions and sufficient conditions for optimality for a
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stochastic control problem governed by a continuous FBDSDE in dimension one.
They allow also all the coefficients of these equations to contain control variables.
The general case of deriving the maximum principle for control problems gov-
erned by a multi-dimensional discontinuous FBDSDE with its coefficients being
allowed to be random and depend on the control variable and when the control
domain is not convex is still an interesting incomplete research problem. In the
present work we shall consider this discontinuous situation, and study, in particular,
a stochastic control problem where the system is governed by a nonlinear fully cou-
pled multi-dimensional FBDSDE with jumps as in system (1) below. More precisely,
we shall allow both the forward and backward equations to have random jumps, and
establish sufficient conditions for optimality in the form of the maximum principle
with a convex control domain. We will allow also all the coefficients appearing in
our system to be random and contain control variables. Our results here are new in
this respect. We will consider some relevant necessary optimality conditions for this

problem (i.e. when we have a non-convex control domain) in a future work.
Our system under study is the following:

dyr = b(t, yi, Yi, 2e, Zos ke vo)dt + o0t v, Yo, 20, Zoes ke vi)d Wy
+j(.) ‘P([,yt’Yt,Zt,Zt,kt,vt,P)N(dp,dl)_th(i_Bt’

dYy = —f(t, ye, Y, 200 Ze, ke, ve)dt — g(t, ye, Ve, 21, Ztka"’f)‘;_Bf 1)
+Z;dW; + [, ki(p)N(dp, dt),

Yo = xo, Y7 = h(yr),

where b, o, ¢, f and g are given mappings, with properties to be mentioned clearly
in Sect. 2, and & is a combination of a square integrable random variable in R” and
a linear function from R" to R™. The processes (W;);>o and (B;),>¢ are independent
Brownian motions taking their values respectively in R? and R/, while v. repre-
sents a control process, and N(dp, dt) is the compensated Poisson random measure
associated with a Poisson point process 1. Here T is a fixed positive number.

We shall be interested in minimizing the cost functional

T
J(v.) = E[/ Ct, ye Yen 2. Zos ke vodt + B(yr) + v (Yo) . 2
0

over the set of all admissible controls (to be described in Sect. 2 below).

Our formulation of these equations as well as cost functionals are given in abstract
forms to allow the possibility to cover most of the applications available in the
literature. For instance, a linear quadratic case can be given as a concrete and useful
example. For more details of this example, we refer the reader to [12] or [18]. In
fact, many applications of FBDSDE either in finance or to SPDEs can be developed
in parallel to those provided in the literature; see e.g. [8, 23, 24]. We point out in
particular that fully coupled FBDSDEs (1) provide a probabilistic formula for the
solution of a quasilinear SPDIE in the sense of [23], and so one can apply our results
here to study some optimal control problems of SPDIE (again similarly to [23]).
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On the other hand, recently many research attentions have been drawn towards
studying optimal control problems for discontinuous stochastic systems, especially
those having Poisson jumps. One cansee [1, 4, 6, 10, 17-19, 21, 24]. Many empirical
studies have proven the existence of jumps in stock, foreign exchange and bond
markets. There is, in fact, a trustworthy evidence that the dynamics of prices of
financial instruments exhibit jumps that cannot be adequately captured solely by only
diffusion processes. More precisely, jumps constitute a central feature in describing
credit risk sensitive instruments.

Other models with jumps have also become popular in other areas of science and
technology. As a result, paying more attention to study more applications of such
discontinuous systems, including ours here is in demand. This will be somehow our
coming future work.

Let us now close the introduction by recording that, in the case of partial informa-
tion, one could easily develop similar results. We refer the reader to Ahmed et al. [1],
in this respect.

We shall organize the paper as follows. In Sect. 2, we formulate the problem and
give various assumptions used throughout the paper. In Sect. 3 we introduce the
adjoint equation of (1), state our main theorem and give an example to illustrate this
theorem. Section 4 is devoted to proving the main result.

2 Formulation of the Problem and Assumptions

Let (£2, .7, P) be a complete probability space. Let (W;)c0.r7 and (B;),¢[0,7] be two
Brownian motions taking their values in R? and R! respectively. Let 1 be a Poisson
point process taking its values in a measurable space (©, Z(®)). We denote by
v(dp) the characteristic measure of 1 which is assumed to be a o -finite measure on
(©, B(0)), by N(dp, dt) the Poisson counting measure (jump measure) induced
by n with compensator v(dp)dt, and by

N(dp,dt) = N(dp,dt) — v(dp)dt,

the compensation of the jump measure N (-, -) of 1. Hence v(O) = E[N (O, 1)]
for O € #(®). We assume that these three processes W, B and 1 are mutually
independent.

Let .4 denote the class of P-null sets of .%. For each ¢ € [0, T'], we define
Fy = FV v FP v Z, where for any process {r;}, we set

Fl,o =0 —ngs <r <t)yvN, F =F],.

For a Euclidean space E, let 4 2(0, T; E) denote the set of jointly measurable
processes {X;, t € [0, T]} taking values in E, and satisfy: X, is .%;-measurable for
ae.t €[0,T], and
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T
E[/ X, |3 dt] < oo.
0
Let L%(E ) be the set of Z(®)-measurable mapping k with values in E such that

Wkl == [ k()% V(dp)]% < 0.

e

Denote by </V,/2(0, T; E) to the set of processes {K;, t € [0, T']} that take their
values in L%(E) and satisfy: K, is .%#;-measurable for a.e. ¢ € [0, T'], and

T
B[ [ 1Kol vidprar] < .
0 ®

Finally, we set

M?:= 7% (0, T; R") x > (0, T; R™) x .#* (0, T; R™)
x.M* (0, T; R™) x A7 (0, T:R"™).

Then M? is a Hilbert space with respect to the norm ||-||y;2 given by

T
1811 = JE[/O (Iye 2+ Y12+ llze I+ 1Ze0? + ke D12 )de],

for¢. = (., Y,z,Z,k).
Let U be a non-empty convex subset of R". We say thatv. : [0, T] x 2 — R" is
admissible if v. € #*(0, T;:R") and v, € U a.e., P — a.s. The set of admissible

controls will be denoted by %,,4. Consider the following controlled fully coupled
FBDSDE with jumps:

dy; =b(t, i, Y1, 20, Zis ke, viddt + o (8, yi, Yi, 20, Zss ki, vi)d W
+ fo @t 30 Yozt Zoskivi )N p.dr) = 2idBr

dY, = —f@, v, Yi, 2, Zs, ke, vo)dt — g(t, v, Yi, 200 Zsy ki, vi)d By 3)
+Z,dW, + [, ki(p)N(dp, d),

Yo = xo, Y7 = h(yr),

where the mappings

12 %[0, T] x R" x R™ x R™ x R™4 x [2(R™) x R" — R",

(2 %[0, T] x R" x R" x R™ x R x L}(R™) x R" — R™,

(2 %[0, TI xR x R" x R™ x R™ x [2(R") x R" x @ — R",
(2 x[0,T] x R" x R" x R x R™*? x Li(R’”) x R" — R™,

- € a o
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g:2 %[0, T] xR x R" x R™ x R x L}*(R™) x R" — R™,
h: 2 xR"— R",

are measurable (further properties to be introduced later in this section) and v. € %,4.
Given a full-rank m x n matrix R of real indices, we assume that / is defined, for
(w,x) € 2 xR", by h(w, x) := ¢ Rx + &£(w), where ¢ # 0 is a constant and £ is a
fixed arbitrary element of L*(2, %7, P; R™). This formula of 4 is useful and vital
in establishing the proof our main theorem (Theorem 3) in Sect. 4, when we apply
in particular the adjoint equations of (3).

Note that the integral with respect to EZ_B is a “backward” It6 integral, while
the integral with respect to dW is a standard “forward” It6 integral. We refer the
reader to [5] for more details on such integrals, which are particular cases of the
[t6-Skorohod stochastic integral.

A solution of (3) is a quintuple (y, Y, z, Z, k) of stochastic processes such that
(v,Y,z, Z, k) belongs to M? and satisfies the following FBDSDE:

Y = X0+ f(; b(s, ys, Y, 2, Zs, ks, vg)ds + f()t o (s, s, Yy, 2s, Z(s_aks, vs)d W
+f(; f@ (s, ys, Y5, 25, Zs, ks, vg, p)N(dp, ds) — f()[ zsd By,

T T <5
Y(t):h()’T}“'ft f(say;,YSaZS,Zivk_hvS)ds_l—f[ 8(s, ys, Ys, 25, Zs, ks, vs)d B
— [T Z,aW, — [ [y k()N (dp. d9). 1 € [0.T].

Define the cost functional by:
T
J(V) = E[/ g(tsyl‘» thZtvZtsktavt)dt+ﬁ(yT)+y(Y0)]s V. e%da (4)
0

where
B :R" —> R,
y :R" - R,
(:QX[O,T]X]R”XR’”XR””medeLf(R”‘)xR’%R
are measurable functions such that (4) is defined.

Now the control problem of system (3) is to minimize J over %,,. In this case
we say that u. € %4 is an optimal control if

J(u.) = V.iergad J(v). (5)

Let us set the following notations:
t=0,Y,z,Z,k) e Rutmtnxitmxd L%(Rm),

A(t,t,v) = (—R*f, Rb, —R*g, Ro, Rp)(t, ¢, v),
(A,¢) = —(y, R*f)+ (Y. Rb) — (z, R*g) + (Z. Ro) + ((k. Rp)),
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where
R*g = (R*g1---R*g), Ro = (Roy -+ Roy), ...,

by using the columns {gi, ..., g} and {0y, ..., 04} of g and o respectively, and

(k. R)) (1, £ v) = / (k(p). Rt ¢, v. p)) v(dp).

@

The following assumptions will be our main assumptions in the paper. We shall
mimic similar assumptions from the literature (e.g. [23]) for this purpose.

o (Al) Vi =(,Y,2,Z,k),0=(3,Y,2, Z k) e Rrmtmttmxd 5 [2R™),
Vtel[0,T], Vve R,

(A, 0,v) = AL T ), ¢ — ) < =Ry — D)2+ |R*(Y = 1))
—m(IRG = DI+ |R*Z = 2)|” + || R*k = ||,

and
c >0,

or
o (Al)

(A, 6v) = AT, e =) = m(RY — DI+ | R = D))
(IR = D> + |[R*Z = )| + || R* k= B[P,

and
c <0,

where 111 and p, are nonnegative constants with p; + u, > 0. Moreover 1 > 0
(resp. ny > 0) when m > n (resp. n > m).

e (A2) For each ¢ € Rutminxitmxd o 1 2(Rmy y e R", A(t, ¢, v) € M2,

e (A3) We assume that

(i) the mappings f, b, g, 0, ¢, £ are continuously differentiable with respect to
(yv,Y,z,Z,k,v), and B and y are continuously differentiable with respect to
y and Y, respectively,

(ii) the derivatives of f, b, g, 0, ¢ with respect to the above arguments are
bounded,

(iii) the derivatives of £are bounded by C(1 + |y| + |Y| + ||zl + I Z]| + [Ik]I]),

(iv) the derivatives of B and y are bounded by C (1 + |y|) and C (1 + |Y])
respectively,

for some constant C > 0.
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Remark 1 The condition ¢ > 0 in (A1) guarantees the following monotonicity con-
dition of the mapping h:

(h(y) —h(3), R(y — ) = c|R(y = P)I*, Yy,5 eR".

The same thing happens also for ¢ < 0 in (Al)’.
The following theorem is concerned with the existence and uniqueness of the
solution of (3).

Theorem 1 Forany given admissible controlv., if assumptions (A1)—(A3) (or (Al)’,
(A2), (A3)) hold, then (3) has a unique solution.

Our assumptions in this theorem satisfy the assumptions of the corresponding
result in [24], so the proof of this theorem can be gleaned from [24]. We refer the
reader also to [8, 25] for useful works in this respect.

3 Adjoint Equations and the Maximum Principle

Suppose that (A1)—(A3) hold. We want to introduce the adjoint equations of
FBDSDE (3) and then present our main result of the maximum principle for our
optimal control problem governed by the FBDSDE with jumps (3). To this end,
let us begin by defining the Hamiltonian H from [0, 7] x £2 x R" x R™ x R"™/ x
R™4 % L2(R™) x R x R™ x R" x R™ x R4 x L2(R") to R by the
formula:

H(t,y,Y,2,Z,k,v,p, P,q,0,V):
=(p, f(t,y. Y, 2, Z, k,v))
—(P,b(t,y,Y, 2, Z,k,v))+(q, 8, v,Y, 2z, Z,k,Vv))
—(Q,00t,v,Y, 2, Z,k,v)) —(t,y,Y, 2z, Z,k,v)

—/ V(o). 9(t, 3. Y. 2. Z. k. v, p)) v(dp). ©)
®

Let v. be an arbitrary element of %, and {(y;, Y;, z;, Z;, k;), t € [0, T]} be the
corresponding solution of (3). The adjoint equations of our FBDSDE with jumps (3)
are

P ~

dp; = Hy(t)dt + HZ(t)<d_Wt —q:dB, + [, H(t)N(dp, d1),

dP, = Hy(t)dt + H.()dB, + Q,dW, + [, Vi(p)N(dp, d1), (7)
po=—yr(Yo), Pr = —c R* pr + B, (y7),

where and B,(yr) is the gradient V,B(yr) € R" and H,(¢) is the gradient
VyH(t, y, Y 20, Zi keyve, pry Pryqe, Q1 Vi) € R, L ete. Let us in the following
say some thing more about this system (7).
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Theorem 2 Under (A])—(Aé’) there exists a unique solution (p, P,q, Q,V) of
the adjoint equations (7) (inM? := .#* (0, T; R™) x .#* (0, T; R") x .#* (O, T,
R’”Xl) x M*? (0, T, R”Xd) X </1{72 (0, T; R™)).

Proof This system (7) can be rewritten as in the following system:

dp; = (f3 () pr = by (DO P+ g5 (g — 03(1) Q1 — [ 95 (D) Vi(p)v(dp) — Ly (1))dt
+ (5O pr — by () P+ 85 (1)qr — 03 (1) Q1 — [ 05O Vi(p)v(dp) — L2(1))dW;
- th—Br + fo (fE® s ib,t(t)P[ +git)q — o () O,

— (PO V)(p) — Le())N(dp, dt),

dP = (fyO)pr — by P+ g3(Dqr — 05 (1) 01 — [ 5O Vi(p)v(dp) — Qv(t))dt(_
+(fF O pe =IO Pt + 87 (g — 07 (1) Qs — Jo ©X O Vi(p)v(dp) — £;(1))d B,
+ QidW; + [ Vi(p)N(dp, dr),

po = —yy(Yo), Pr = —c R*(t) pr + B,y (y1),

which is a linear FBDSDE with jumps. Here /(1) € R"*™ is the adjoint (transpose)
of the Fréchet derivative (hence the Gateaux derivative) D, f (¢, y, Y;, z;, Z;, ki, vi) €
R™" of f(t,-, Y, 2ty Zs, ke, ve) : R" — R™ at y, ... etc. Thanks to assumptions
(A1)—(A3) this latter linear FBDSDE satisfy easily (A1)’, (A2) and (A3). In fact the
monotonicity condition follows from the definition of Gateaux derivatives (as limits)
and the fact that the corresponding mappings satisfy originally R—monotonicity
condition in (A1). Thus the desired result follows from Theorem 1.

Now our main theorem is the following.

Theorem 3 Assume that (Al)-(A3) hold. Given u. € Uy, let (y,Y,z,Z, k) and
(p, P,q, Q,V) be the corresponding solutions of the FBDSDEs (3) and (7) respec-
tively. Suppose that the following assumptions hold:

(i) B and y are convex.

concave.
(iii) We have

H(, yi, Y1 20, Zss kes e, pos Pry o, Q1 Vi)
= r\fleai;( H(t7 yl’ Yly Zly Zh kl9 V’ Pt, Pl‘7 ‘Ir, le VZ)7 (8)

for a.e, P-a.s.
Then (v, Y, z, Z, k, u.) is an optimal solution of the control problem (3)—(5).

Remark 2 Condition (A1) assumed in this theorem and the lemmas that follow is
only needed to guarantee the existence and uniqueness of the solutions of (3) and (7),
and so if we can get these unique solutions without assuming (A1) there will not any
necessity to assume it in advance in this theorem.
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The proof of Theorem 3 will be established in Sect. 4. Now to illustrate this
theorem let us present an example.

Example 1 Let (@, A(®)) = ([0, 1], A([0, 1])). Let N(dp, dt) be a compensated
Poisson random measure, where (¢, p) € [0, 1] x [0, l].RecallthatE[N(dp, dn? =
v(dp)dt is required to be a finite Borel measure such that f[o. 1 p*v(dp) < oo.Letthe
controls domain be U = [—1, 1]. Consider the following stochastic control system:

dy = (1+ Dvedt + (@1 — Zy +v)dW; — 2d By — fig 110ip + ki (p) N (dp. d),
dYy = —(t — 4yvedt — 3G+ Zo +v0)d By + Zed Wi + fig 1 ki (0)N (dp. d),
yw=Yr=xeR, re(,1),

©)

where W, B are Brownian motions in R, and W, B and N are mutually independent.
Consider also a cost functional given for v. € %, by

1 1
Jv) =3 E[/ O+ Y+ + 7 +/ K (p)v(dp) +v))dt + y} + V7],
0 (0,1]
(10)

with
_ | 2 2 2 2 2
Z(ta Yt th Zthtaktva) - E(y[ +Y[ +Zl +Zt + k[ (p)V(d/))+V,),
[0.1]

1 2 1 2
By = R y(¥) = EY’ .

We define the value function by

Jw) = inf J(v.). (11)

v.€aq

This system (9) can be related to the one in (3) by setting the following mappings:

b(t9 ylv Yta Zta Zlaktv Vt) = (1 +t)vl7
o(t,ye. Yi,2e, Zi  kiyve) = 20 — Zi + vy,
o, yi, Yi, 200 Zs, ki vi, p) = —vip — k(p),
f(t» i, Y1, 20, Zss kiyve) = (@t — 4y,
3
g,y Yi, 2, Zy ki vy) = E(Zz + Z: + ),
h(y1) =y, 1e.c=1,&E =0.

One can see easily that assumptions (Al), (A3) (and of course (A2)) are ful-
filled for this system. More precisely, for (Al) we observe with the help of the
notations preceding assumption (Al) and Cauchy-Schwartz inequality, that, for
t=0,Y,2,2),0=,Y,2,Z, k) e Rx RxR xR x L}(R),
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_ - 1 _ 1 _ -
(A e ) =A@ T, 0 =0) = =5l =2 - S -D(Z = 2)
—Z = ZII> = Ik — kI|I?
3 _ - _
= =5 (=2 +1Z = ZIF + Ik = k11P%),
which satisfies (A1) with | =0, 4> = 2 and ¢; = 1.
Thus Theorem 1 guarantees the existence and uniqueness of the solution of (9).
Note that (9)—(11) is a linear-quadratic optimal control problem with jumps.
Letting u. = 0, we find from the construction of FBDSDEs with jumps (as for
instance in [24]) that the corresponding solution (v, Y;, z;, Z;, k;) of (9) equals

(x,x,0,0,0), forall t € [0, 1].
Next notice that the adjoint equations of (9) are

<« ~
dp: = =Ydt + (%% + 01— Z)dW; — q:d B, — f[o,l](Vz(P) + ki (p))N(dp, d1),
<— ~
dP; = —y,di + (3¢: — Q1 — 2)d B, + QudW; + [ 1y Vi(0)N (dp, d1),
po=—x,PL=—p1+x, te,1).
(12)

Since pg is deterministic, then so is p,. Hence

t t
Pr=P0—/Y;dt=po—x/ dt = —x(1+1).
0 0

Thus P; is deterministic since:
Py = —p; +x =3x.

It follows similarly that

1
Pr=P +/ yidt =3x +x(1 —1) = x(4 —1).
t

In particular, (p;, P;, q;, Qs, Vi) = (—x(1 +1),x(4 —1),0,0,0) is the unique
solution of (12). These facts show that the Hamiltonian attains an explicit formula:

Ht,y, Y, 200 Ze ke, v, pry Prygr, Qs Vi)
3
=p(t—dHhv - P A +t)v + E%(Z[ +Zi+v) = Qi(zr — Zi +V)

1
+ [ o+ k() Vip) v(dp) = 5 7 + VP 42} + 2]
[0,1]

+ / k; (p)v(dp) +v?)
[0,1]
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(40— x4l —p - 12 Lo
= —Xx -4y —x — 1)y — v — —x"— =x
2 2 2
1, 2
= ——vi—x°,vel.
2v X7, v
Hence
H(t,yt,Yr»Zr,anr,V,pt,Pth,Qtht)
—H, yi, Y, 20, Zos kesuy, pos Pryqe, Q1 Vi)
1 1 1
:—zvz—xz—i—zuf—i—xzz—ivzgo, YveU, ae.t, P—a.s.

As aresult, condition (iii) of Theorem 3 holds here for u. = 0. Furthermore, all other
conditions of Theorem 3 can be verified easily. Consequently,

.Y, z,Z, k,u)=(x,x,0,0,0,0)

is an optimal solution of the control problem (9)—(11).

For more applications of the theory of fully coupled FBDSDEs particularly in
providing a probabilistic formula for the solution of a quasilinear SPDIE we refer
the reader to [24, p. 15].

4 Proof of Theorem 3

In this section we shall establish the proof of Theorem 3. Let us recall first the
following lemma.

Lemma 1 [Integraion by parts] Let (a,@) € [720, T;RD]’, (B, B) €
[.220, T:R) ], (v, 7) € [ 420, T;R™HT, (8,3) € [.4*0, T: R™D], and
(K. K) € [420, T: R™)]*. Assume that

t t « t t -
& = oo+ / Buds + / y,dB, + / 5,dW, + / / K. (0)N (dp, ds),
0 0 0 0 e

and

rA t «— tA t PR -
a,:a0+/ ,BSds—i-/ ?sst+/ adeer/ / K (p)N(dp, ds),
0 0 0 0 Jo

fort €0, T]. Then

T T T
<ar,ar>=<ao,ao>+/ <a,,da,>+/ <a,,da,>+/ d (e, @), .
0 0 0
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T

T
E[(ar,&ﬂ]=E[<aoﬁo>]+E[/0 <a,,da,>]+u<:[/0 @ das) |
T ' T T R
_E| /0 (ve, )] + E] /0 (6. 5)dr] + E[ /O /O (Ko (p). K (p))v(dp)di].

This lemma can be deduced directly from It6’s formula with jumps (see e.g. [14,
15]).
We now prove Theorem 3. We start with two lemmas.

Lemma 2 Assume (Al)—(A3). Let v. be an arbitrary element of %, and let
", YV, 2%, Z7, k") be the corresponding solution of (3). Then we have

J() —Jw) = E[(Pr.y; —yr) ]| +E[{c R*pr. y; — yr)] —E[(po. Yy — Yo} ]

T
+ IE[/ (e, v Y 2 2k v — € v Yo, zas Zo ke ug))di ]
0
(13)

Proof From (4) we get
Jw)—=Ju) = E[ﬁ(y;’) - ﬂ(yr)] +E[V(Y6") - )’(Yo)]
T
+ E[/o (E(t’ v Yz 2k ) — @ v, Yesze Ziy ke, u,))dt].
Since B and y are convex, we obtain

Byy) — BOr) = (By(yr), y5 — yr),
y(Yy) — v (Yo) = (yy(Yo), Yy — Yo),

which imply that
J) = Jw) = E[(By(yr), vy — yr)] + E[(yry (Y0), Yy — Yo)]

T
—HE[/ (€t 3y Y 2l 20 K ve) — 06t yi Yo 2o, Zo, ke up))d].
0
But from the adjoint equation (6) and system (3) we know

po =—yy(Yo), Pr = —c R*pr + B,(yr).
Thus (13) holds.

The following lemma contains duality relations between (3) and (7) (see the
equivalent equations in the proof of Theorem 2).
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Lemma 3 Suppose that assumptions of Lemma 2 (in particular (A1)—(A3)) hold.
Then

~E[{po. ¥; — %)]
= E[(pr. v} - 11)]

T
- ]E[/ <Pt» f, y, , Z; s ;}',k;}'»vz) — ft, v, Yy, 24, Ztvktsut))d[]
0
T
+ E[/ <HY(t’ yt’ th Ztv Ztvkl‘v ut’ pt’ PI‘? qtv Qh Vt)v Y[V, - Yt)dt]
0
T
- ]E[/ (qz,g(t v Y 2 kv — gt v Yz, Zis ke, uz))d[]
0
T
+ E[/ (Hz(t, Voo Yo, 200 Zos ke wes pos Pry g, Qi Vi), 21 — Zt)dt]
0

T
+E [/ (Hi(t, yi, Yi, 205 Zos key ugs prs Prsqos, Or, Vi), k) ()
0 ©

— ki(p))v(dp)dr], (14)

and

E[(Pr, yr —yr)]

_]E[/ Ptyb(t y[7 Z[9 ;/.9k;)v’vt)_b(t7yl‘1thztvztaktvut)>dt]
T
+E[/ (Hy(t7 )’r, Yl9 Zl9 Ztv kl’ ut7 plv Pta C]u Qta ‘/t)’ yzv - }G)dt]
0
T
+E[/ (Hz(tv Yis Yo, 20, Zos ke e, ps Prsqe, Qs Vi), 20 — Zt)dt]
0
T
+ [/ (Qt7a(t y,, Z[7Z[v‘7kl‘)"vt)_a(tayl’Ytﬂztﬂzt’khut))dt]
0

T
VB[ [ oty 2 2 )
0
_(p(ts met, Ztazlvkt’ulr p))v(dp)dt] (15)
Proof Applying integration by parts (Lemma 1) to < p Y — Yt) gives

(pr. Y7 = Yr) = {po, YV' - Yo)

Pt fa " ;',Z,v',k;v',vt)—f(t,}’t,Yr,Zt,Ztaknut))dl

V. V. V. <=
8(f w2k v _g(tvyt,YtsZtaZtaktvut))dBt)

C\\]c\
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T
[ (o o) = kato0) W
0 ]
T T ) —
+/ (p,,(Z,”‘—Z;)sz)—/ (Y,"—Y,,q,d3[>
0 0
T
+/ (Hy(t. y0. Yoo 20, Zo. ki g, pr. Pro i Q. Vo). Y — Y, di
0
T )
+/ (Y =Y, Hz(t, y0, Y, 200 Zos ki ug, pro Progr, Qr, ViAW)
0
T ~
+/ / (va‘ — Y, Hi (¢, ye, Ye, 26, Zi s ke ue, pry Prygey Q1 Vi))N(dp, dt)
0 ®
T ) )
_/ (Qt,g(t,yfv'aYt",Z;}',Z;Gk;/I,Vt)_g(lvyt’Yt,ZraZtakt,Mt))dt
0
T
+/ (Hz(fa)’uYt,Zt’Zt’ktvutvpt,Pth,QraVt),Ztv'_Zt)d[
0

T
+/ /<Hk(t,yl,Y,,z,,z,,k,,u,,p,,P,,q,,Ql,v,>, K () () (dp)dt.
0 €]

Now by taking the expectation to the above equality, we obtain (14). Similarly

T
(PTvy; _,VT) = /0 (Prob(t, y Y 2 2k ove) = b, v, Ye, 2, Ze ke ug))dt
T
+/ (P, (o(t, y,v s Y,V', Z,Y'. Z,V',k;}'» Vi) = o (t, e, Yeo2e, Zes ke s ug))dWy)
JO
T ) B T ! - o
+/ / (yr 7)’,,V,(/O))N(dp,dt)7/ <P1,(Z;' *Zz)de>+‘/ (,V{ = Vi QldWI)
0 e 0 0
T n
+/ / (P (@ 3 Y 2 Z kv, p) = 9, v Yo 20 Zos ke g, ) YN (dp, di)
0 €]
T -
V.
+/ <)’r = e, Ho(t, 30, Ye, 200 Zo ke ue, pres Prqes Qs Vt)dBt>
0
T
+/ (1‘1):(f7 Yoo Ye, 20, Zi ke ug, pry Proq, Qs Vr),y,v - yt)dt
JO
r )
+/ (Hz(f» i, Yi, 20, Zes ki ue, pes Proqe, O, Vi), Z:' — Zr)dl‘
0
T ) )
+/ (Quoo .y Y 2 2k ve) — o (6 ye. Yeo 2o, Zookeouy))dt
0

T
+/ / Vi), @t 3 Y 2 2k ves o) — o, ye, Yo, 2o, Zos ke, ug, p))v(dp)dt.
JOo Je

By taking the expectation to this equality (15) holds.

The remaining is devoted to completing the proof of Theorem 3.

Proof (Proof of Theorem 3) Observe first from (6) that
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0ty Y 2 2k ve) — €t ye, Ye, 2t Ze ke, ur)
=—(HWy Y 2 2] kv, pryaes Pry O, Vi)
— H(t, 1, Ye, 20, Zo ke e, pro gis Pr, Qr, Vi)
+ P Y 2 2k v — f( v Yes 2, Zes ke )
—(Prb(, Y Y 2 2 kv = by, Yoz Zeske ur)
g 8y Y g 2k ve) — g v Yes ze, Ze ke up))
—Or o,y Y 2], Z) ko) — o,y Yoo 2o, Zes ke uy)

- /O<vf<p),¢<z,y,“, vz 2 v p)

— @ty Ye 2, Zo ke g, p))v(dp). (16)
Next apply Lemma 3 and (16) in Lemma 2 to find that
Ty = J(u)
r %
> E[/O (Hy (@, ye. Yo, 26, Ze, keour, pry Pro e, Qr, Vo), v, — yi)di]
T v
+ E[/O (Hy (. ye. Yt. 20, Zoo koo ug, pe, Progr, O, Vo), Y, — Yi)di]
r v
+ E[/O (He(t,ye, Ye. 20, Zeokesur, prs Progr. Qr. Vi), 2 — zr)di |
r V.
+ E[/O (Hz(t, y0. Y1, 20, Zo keoug, prs Progr, Qo Vo), Z) — Zy)di ]
r V.
+ E[/O /O(Hk(fv o Ye.2es Zookeoug, poy Proges Qo Vo) ki (p) — ki(p))v(dp)dt]
T V. v v v V.
- E[/O (H, v, Y 2 20k ves pe Progr, Or, Vi)
—H(t, yt, Yt,2¢, Zs, ke ug, pes Proqr, O, Vt))df]~ (17)

Here we have used the formula A(w, x):=cRx + &(w),x € R", to get the
cancelation

Bl(c K" pr. vy — )] = El{pr. 7} 1) ] =0

resulting from (13) of Lemma 2 and (15) of Lemma 3.
On the other hand, from the concavity condition (ii) of the mapping

(y9 Y9Z’ Z,k,V) = H(ﬁy,Y,Z, Z’kvvaptspt’qts Qt’ ‘/T)
it follows that

H(tvy[v.y th}Zth Z;v',k,v',vt»l?tv Piqi, O, Vi) — H(t, i, Yi,2e, Zt, ke ur, pry Pryqr, Or, Vi)
= (Hy(t,y;, Yi. 20, Zos ke s, prs Prog @ Vo), vy _Y/)

+ (Hy (6, y0. Ye. 2es Zookeoue, pr P, Qi Vi), Yy — Yz)
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+ (Hz(f, vi. Yoz, Zo ks, po, Progi @, Vi), 2 — Zt)
+ (HZ(Z’ yi. Yo, 200 Zos ks ug, pro Proges Qi Vi), Z) — Zt)

+ / (Hi(t, y1. Yo 20, Zo ke g, pr. Prodi Q. Vo) K (0) — ki (0) v(dp)
)

+ (H(t, 0, Y, 2, Zi ke, pos Py g, Qo Vi), ve — i)
In particular,

— (Hy(t, yi, Yi, 205 Zos ks ue, pos Prs @ey Qrs Vi), Ve — )
= (Hy(t» Yoo Yoo 20, Zos ke e, pos Prs g, Qi Vi), v — )’t>
+ (HY(tv Yoo Yio 20, Zos ke e, pos Prs g, Qi Vi), Y — Yr)
+ (Hz(tv Vs Yo, 20, Zos ke e, pos Prsqe, Qs Vi), 20 — Zt)
+ (HZ(tv Yoo Yi, 20, Zos ke s, prs Proqo, Qi Vi), Z) — Zt)

+ / (Hk(t, Voo Yis 200 Zo ki g, pes Proqe, Qr, Vi), k) (p) — kt(ﬁ))‘)(dp)
®
_[H(t7 y;/v thﬁ Z;)a Z;}.ak;/.vvtv ptv Pts qta Qtv ‘/l‘)
_H(tv Vi, Yla Zts Zlvktaulv Pts Pta q, Qtv ‘/f)]

Now by applying this latter result in (17) we obtain

T
J)—Ju) > _]E[/ (Hy(t, ye, Yi, 20, Zos kes e, pos Py Ges Qs Vi) ve — ) dt]-
0
(18)
On the other hand, the maximum condition (iii) yields

(H,(t,y1, Yi, 200 Zs ko ug, pry Pryge, Qs Vi), ve —uy) < 0.

Hence (18) becomes
Jw)—J(u.) >=0.

Since v. is an arbitrary element of %, this inequality completes the proof if we
recall (5).
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On the Pathwise Uniqueness of Solutions
of One-Dimensional Stochastic Differential
Equations with Jumps

Mohsine Benabdallah, Siham Bouhadou and Youssef Ouknine

Abstract We consider one-dimensional stochastic differential equations with jumps
in the general case. We introduce new technics based on local time and we prove
new results on pathwise uniqueness and comparison theorems. Our approach are very
easy to handled. Similar equations without jumps were studied in the same context
by [10, 15] and others authors.

Keywords Semimartingale - Local time + Tanaka formula - Pathwise uniqueness
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1 Introduction

Stochastic differential equations play a central role in the theory of stochastic
processes and are often used in the modeling of various random processes in
nature. Often defined as strong solutions of stochastic differential equations, diffu-
sion processes are widely used in stochastic modeling e.g., Ornstein and Uhlenbeck
[11] used their process for the analysis of velocity of a particle in a fluid under the
bombardment by molecules. Samuelson [19] introduced geometric Brownian motion
for modeling the behavior of financial markets. Also diffusions processes appear e.g.,
in stochastic population modeling.
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In the recent years, jump processes were also used in many fields as flexible models
to describe various phenomena. In particular, they are frequently used in financial
modeling, it would be nice for the readers to refer to Cont and Tankov [5] and their
reference for details about applications. Barndorff-Nielsen [1] proposed the idea for
generalizing diffusion processes by means of changing the driving Wiener process
by a Lévy process and defined the so-called background driven Ornstein-Uhlenbeck
type process.

In the present paper, we consider stochastic differential equations driven by both a
Wiener process and a Poisson random measure, and study the question of pathwise
uniqueness of this class called stochastic differential equation with jumps:

dX, =o(X,)dW, + b(X,)dt +/ F(X,—,2)(u—v)(dz,dt), Xo=xg. (1)

In fact, the results on pathwise uniqueness of (1) have been obtained under Lipschitz
conditions, see Skorohod [20], Ikeda and Watanbe [9], Protter [17]. In absence of
jumps, this SDE

dX, = o(X)dW, + b(X,)dt,

with non-Lipschitz coefficient were considered by several authors. There were many
works which discuss under which conditions on b and o, we have the existence of
strong solutions of stochastic differential equations. In the case when the equation
is one-dimensional and o is not degenerated, several results have been obtained
by Ouknine [12-14]. For SDEs which involve local times of unknown process, the
most general result is given by Rutkowski [18] where he showed the so called (LT)
condition is sufficient to have pathwise uniqueness. So, the purpose of this paper is
to give the analogue of this condition for the one dimensional SDE with jumps which
concerns the couple of coefficients o and F.

This paper is arranged as follows. In Sect.2, we recall the definition of (LT)
condition introduced by Barlow and Perkins [2], and we introduce the new definition
of local time condition (.Z.7"). In Sect. 3, we give some sufficient assumptions which
ensure this condition.

2 Preliminaries

On some stochastic basis (£2, &, F = (%,);>0, P), we consider one-dimensional
F-Brownian motion W = (W;),>o and a F-Poisson point process { p;}. Let i (ds, dy)
be the Poisson random measure associated with {p,}. We suppose that u and W are
independent. The random measure w(ds, dy) has deterministic intensity

v(ds,dy) =dsi(dy) on (0,00) x R — {0}
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where A is o-finite measure on R — {0}, satisfying
/ (y A D2r(dy) < oo.
R—0

A solution of (1) is any process X = (X;);>0 on (£2, &, F, P) satisfying (i) and
(ii) below. We say that the pathwise uniqueness of solutions for (1) holds if whenever
X and X’ are any two solutions defined on the same stochastic basis (§2, </, F, P)
with the same F-Brownian motion W = (W,),;>o and the same F-Poisson point
process wu(ds, dy) such that Xy = X{) a.s., then X, = X/ forallz > 0 as.

We present, following Protter [17] the notion of local time of a semimartingale
and some of its properties. If X is a general cadlag semimartingale, let AX denote
the process AX; = X; — X,_.

We recall the quadratic variation process of X is defined by

t
[X], = X? — 2/ X,_dX;,.
0

The local time at a of X, denoted LY = L¢(X) is defined to be the process given by

t
L =|X; —al —|Xo —al —/ sign(X,_ — a)d X,
0

— > {IX, —al —|X,_ —a| —sign(X,_ —a)AX,}.

O<s<t

The local time gives a generalization of Itd’s formula: if f is the difference of two
convex functions and f’ is its left derivative and let x be the signed measure which
is the second derivative of f. Thus we have

J (X)) = f(Xo) + /0+ FXdXs+ D0 {f(X) = f(X,0) — f1(X,)AX,}

O<s<t

1 o0
+§/ Lip(da).

We introduce the local time slanted .Z)*(X) of a semimartingale X by
t
L' =X, —al —|Xy—al —/ sign(X;— — a)dX,.
0

We remark that if f is the difference of two convex functions, we have

t 1 o0
FX) = F(Xo) + /0 o+ [ Ziwaa.
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Finally, we indicate the formula of occupation density, if f is a bounded Borel
measurable function, then, a.s.

/ Lé f(@)da = /0 FX X,

where (X) is the continuous part of [ X].

‘We apply this notation:

Forall x and yin R, x A y = inf(x, y) and x vV y = sup(x, y).

Now, we introduce two definitions of the (LT) condition, the first concerns the coef-
ficient o uniquely and the second concerns the couple of coefficients (o, F') that will
help us to get the pathwise uniqueness of Eq. (1).

Definition 1 We say that a coefficient o of Eq. (1) satisfies the (LT) condition if for
two solutions X! and X2 of (1), then

ve>0 LYx' - x* =0. ()
Now, we define the (¥.7) condition concerning the couple of coefficient (o, F)
of Eq. (1).
Definition 2 We say that the coefficients (o, F) of Eq. (1) satisfy (.£.7") condition
if for two solutions X' and X? of (1), then

vi >0 L0(X' - Xx*) =0. (3)

We can remark that if the coefficients of (1) verify the (£ .7") condition then they
verify the (LT) condition too which was used by several authors (Le Gall [10],
Ouknine [15]) and which permits to prove the pathwise uniqueness of solutions of
one-dimensional stochastic differential equations without jumps.

3 The Pathwise Uniqueness Property for Eq. (1)
3.1 Main Result

Throughout this paragraph, we make the following assumption on the coefficients in
Eq. (1):
(A) The functions ¢ and b are measurable and bounded.
B) |b(x) —b(y)| <c|x —y|forall x, y.
©) b +lo @I + [1F(x, 2P Ad2) + [ 1F(x, )| A(d2) < e(1+[x])
for all x.
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Theorem 1 If (o, F) verify (£ 7 ) condition, then the solution to (1) is pathwise
unique.

Proof We need the following Lemma to prove that if pathwise uniqueness holds for
(1) before the first big jump(for example |[AX| > 1), then pathwise uniqueness holds
for every + > 0. This allows to consider Eq. (1) with only the small jumps.

Lemma 1 We have pathwise uniqueness for Eq. (1) with only the small jumps, then
pathwise uniqueness holds for Eq. (1) for general case.

Proof Let X and Y two solutions of Eq. (1) with the same initial value. Let S; be
the first time when the big jump happens (|AX| > 1), then we have

X, =Y, as.forte]0,S).

We have also X5, = Xg-+ F(Xg, AXg) =Yg + F(Ys;a AYs,) = Ys,. We con-
sider the filtration FS' = (Fs, 1,);>0, the FS-Brownian motion W5 = (Wg,, —
Ws,):=0 and a FS1-Poisson point process 5! (ds, dy) with intensity v = dsi(dy)
on in (0, 0o) x R defined by u5' ([0, t] x -) = u([S1, S; + ¢] x -). We consider the
new equation:

dx5 = o (X)dw —l—b(X,S‘)dt—l—/F(X,SL,Z)(uS' — V) (dz,dt), t>0. (4)

We consider the processes X' and Y5 defined by X,S‘ = Xg,+4, t > 0and YZS' =
Ys,4¢, t > 0. Then X S and Y5 are solutions of (4) with the same initial condition
and by the hypothesis of pathwise uniqueness property of stochastic differential
equation without the big jumps, they are equal until the first big jump when happens
at time S,. We have also

X5 =y5 as.fortel0,S —S)).

This implies
X, =Y, as.fort€]0,S5,).

We repeat the same process, we obtain the pathwise uniqueness for Eq. (1) for the
general case.

To complete the proof, we use the Tanaka’s formula. Let X! and X? be two solutions
to (1), then

X! - X2| = [;sign(X!_ — X2 )d(X! — X2). 5)

Now, we have

d(X! — X?) = (0(X}) — o (X2)dW, + (b(X)) — b(X?))dt
(6)
+ [(F(X]_,2) — F(X*,2)(n — v)(dt,dz).
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If we substitute (6) in (5), we obtain
X! = X7| = [ysign(X]_ — X2 ) (0 (X)) — o (X))dW,
+ [y sign(X!_ — X2 )(b(X)) — b(X?))ds

+ [y sign(X!_ — X2) [(F(X!_,2) — F(X2_, 2)(n — v)(ds, d2).

The first and the third terms on the right hand sides are martingales and all terms on
the right hand side are integrable.

We can prove, if we note I,(t) the second term on the right hand side and using the
fact that b is Lipschitz, that

t
L)) gc/ Ix! - X2| ds. o
0

Finally, we obtain
t
B (x! - xt) = e [ Elx - x3as)
0

and Gronwall’s lemma implies that X! = X?.
In the following, we present a sufficient assumption to get the (.Z7) condition.

Proposition 1 Suppose that there exist a sequence of non-negative and twice con-
tinuously differentiable functions {¢,} with the following properties:

(@) ¢u(2) 1 Izl asn — oo.
(b) ’¢;,(Z)| < l1forallz.
(c) ¢(z) = 0forz € Randasn — oo,

¢! (x — y) [0(x) — o (V)]* — O uniformly in |x|,|y| < m.

(d) asn — oo

/[¢n(x +F(x,2) =y = F(y,2) — ¢u(x —y) — ¢, (x — y)(F(x,2)
—F(y,2)]1(d2)
converges to 0 uniformly in |x|, |y| < m;
then (o, F) verify (£ 7 ) condition.

Proof Let X' and X? be two solutions of (1) defined on the same stochastic
basis (§2, <7, F, P) with the same [F-Brownian motion W = (W;);>¢ and the same
F-Poisson point process ((ds, dy) such that X(l) = X% a.s., we set:
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In(s) = / (X' = X2) 1 [F(X'_.2) — FX2_. 2)])

—¢u(X)_ —X2) —[F(X}!_,2) — F(X2_, 2] ¢,(X]_ — X2 )} A(d2).

Let 7, =inf{t > 0:|X,(t)] > mor |X,(¢)| > m}. By application of Itd’s for-
mula, we have

/o Ly (9)ds = §u X}y, = X1z,) = 8a(0)
_/Otw" oL (X — X2 )(b(X') — b(X2))ds
_/0’”"’ ¢ (X! — XI)(o(XD) — (X2 )dW,
_% /Wm /(X! — X2 ) (o(X! ) —a (X2 ))ds

0
= / / [6u((X! = X2 )+ (F(X!_.2) — F(X?_.2))
0

—dn(X)_ — X2)] (w — v)(dz, ds).

According to the assumptions (a), (c), (d), the term on the left hand side, the
second and the fifth terms on the right hand side tend to zero. We obtain:

0= ’(th/\r,,, - Xzz/\r,,,)|

VT sign(X! — X2 ) (b(X!) — b(X2))ds

—Jo
— Jy sign(X] = X2 )((X)) — o (X2)dW,
_ Ot/\r,,l f [|X3_ _ X%_ + (F(XXI_, zZ) — F(X%_, Z))|

— X1 = X2 |] (e — v)(dz, ds).

We note that this leads to the formula of Tanaka which lacks a term that can only
be zero in this case. We obtain

INTy,
X — X | —/ sign(X! — X2 )d(x! — x?) =0.
0

AT, AT,
Since 1,, — 00 as m — 00, we obtain
t
Lx - XM =[x} - X} —/ sign(X! — X2 )d(x! — x?) =0.
0

Thus, (o, F) verify (£ .7) condition.
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Now, we give several conditions which ensure (.£.7") condition, in particular the
coefficients can be discontinuous. First, we need the following Lemma:

Lemma 2 Suppose that the condition (C) is satisfied. Let X be a solution of (1), then
there exists a version of (a, t, w) — L¢(X) which is everywhere jointly continuous
in t and right continuous in a.

Proof To prove the lemma, we may verify that: szt |AX| < o0 as.; see e.g.
Theorem 75, Protter [17]. So, it is sufficient to prove that ngt |AX,| < o0. Let
o = >, |AX;|. From (1) and condition (C):

]E(at)ZE(ZIAP(t)I)ZE(/O /IF(XS_,M)IM(ds,du))

S<t

=E(/ /lF(XS_,u)M(du)ds)
0

< X

Corollary 1 Ifo and F verify the following condition:

lo(x) — o (y)]? +/ (F(x,2) — F(y,2)*A(dz2) < h(lx — y|) forall x, y

|z]<1

where h : [0, 0c0) — [0, 00) is continuous and nondecreasing, h(0) = 0, h(x) > 0
forx > 0, and

/5 du 00 i 0
= or every & > 0,
o h(u)

and if x — x + F(x, z) is nondecreasing in a neighborhood of 0, A(dz) a.e. then
(o, F) verify (£ 7 ) condition.

Proof The main idea is to use the Tanaka formula but with the function x — x™.
Let X! and X? be two solutions to (1), then

t
+
(% =x2)" = [t o od (X! =X

+ D Ay oo (X = X7)”
O<s<t

+ > L xe <o) (XD = X2)7

O<s<t

1
+§L?(X1 - X?).

In order that the (Z.7") condition be realized, we can prove that the second and
the third term on the right hand side is zero and that L?(X' — X?) = 0. By the first
hypothesis on o and F and Itd’s formula, we obtain:
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/t . d(xl _ X2>s
(XL -X2 507 w1 v2
0

Thxl = x2)
to(X) —o(X))* + ﬁzkl(F(Xs',Z) — F(X?,2))*A(dz)
< /0 nXI = X2) (x1-x2=0) ds
<1

Hence, by the occupation time formula, we get:

/tl dix! - X*), /m da_raxt _ x2
L2 e = —_— — < 00.
o TN —x2) T oo k@

Thus, by Lemma 2,a — L¢(X' — X?) is right continuous. This argument combined
with this condition fj. % = oo for some & > 0 imply that L2(X' — X?) = 0.

Now, we prove uniquely the nullity of the second term, the other is proved by the same
method. We can suppose that x — F(x, z) + x is nondecreasing in a neighborhood

of 0, A(dz) a.e. . We have
Pocs= dixt —x2 0 (X5 — X7)™

= Dpesz Lot —x2 0 (AX; — AXT+ X; - X7 ) (8)

= / /I(XL—XE)O) [(F(Xsli, D+ X)) — (F(X;_,2)+ Xff)]_ u(ds, dz).
0

Since x — x + F(x, z) is nondecreasing, the right hand size of (8) is 0. We obtain
the desired result.

This corollary generalizes the results of Fu-Li [8] F is weaker than [8]. We present
a second corollary in the spirit of Nakao (Le Gall [10]) result but for discontinuous
SDE.

Corollary 2 If o = 0 and F verifies the following condition:
/ (F(x,2) = F(y,2)°A(dz) < |f(x) = fO) forallx,y
lz|<1

where f : R — R is of bounded variation, if there exists ¢ > 0 such that F > ¢
and if x — x + F(x, z) is nondecreasing in a neighborhood of 0, A(dz) a.e. then
F verifies (£ 7 ) condition.

Proof Without loss of generality, we shall prove the statement for an increasing
function f. Let us first show that L%(X —Y) =0, whenever X and Y denote any
two solutions of the SDE (1). By Lemma 2, we get the right continuity of L°. So, it
is enough to prove that, for any ¢ > 0,
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/+°° L¢ (X )
0

+ a

da < +00.

Indeed, using the density occupation formula we can write,

0 [a(X — Y) Cd(X —Y),
—————da= | ——lix_-v_ >0
0+ a 0 Xs— - Ys—

_ [ Jojer (F(X5,2) = F(Yy, )2 A(d2)
_A X, =Y

(X,—v,>0)dS.

Applying the assumption of the corollary, we obtain

(X,—v,>01ds

t o (F(Xy, 2) = F(Y,, 2))* M(dz)
/
</Eﬁiﬁﬁﬂ
- 0 Xs_

lix.— ds.
Y, {X;—Y>0}

As a consequence,

T LYX —Y) (X)) = f(YH)l
E |;/0+ Tda] < E[ A WI{X.VY.&O}dS} . )

Now, by a localization argument || f ||, := sup, | f(x)| < oo.
Let 9, denote the standard positive regularizing mollifiers sequence, and define

fux) = (f()%6,)(x) for x e R, neN*

where fis any real function such that f(x) = f(x)if|x| < MandOif|x| > M + 1.
Note that f,, are increasing functions, with support contained in [-M — 1, M + 1]
such that

supsup | f ()| =< || flleo and fy(x) — f(x) forevery x € D, |x| = M,

where D is the denumerable set of discontinuous points of the function f. If we
denote

Z7 = aX, + (1 —a)Y;, then, using successively Fatou’s Lemma, the intermediate
value theorem and F' > ¢. We get,

t( (Xs)_ (Ys))
E[ ; %l{xl_yy>o}ds:|

I:\/r (fn(Xs) - fn(Ys))
0

< liminf E
X, =Y,

n—+oo

l{xxn>0}ds]
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1ol
= liminf E |:/ / fi@X, + (1 — ot)Ys)dozds:|
0 Jo

n—-+4o00o

1 t
= liminf/ doE [/ f,:(Zf)ds:|
n——+oo 0 0
1 1 t
< - lim inf/ daE [/ f,Z(Zf)d(Za)s} .
£“ n——4o00 0 0
Note that we have used in the first inequality the fact that
t
/ P[(X;— € D)U (Y,_ € D)]ds = 0.
0

This last equality is a consequence of the occupation time formula. Hence,

+00 ja _
E |:/ #da} < — llminfE [// /o (a)L“(Z“)dotda]
0 n——+0oo

Therefore, we obtain

+00 ra _
E[ / MW}SC swp B[z [ fiarda
0

+ a a€l0,1].aeR
where C > 0 is a generic constant. Suppose now we can show

sup  E[L{H(ZM)] < oo, (10)
ael0,1],aeR

this implies that

+00 ya _
E[/ Mda] < Cllf .
0 a

+

Hence L°(X — Y) = 0. By Tanaka’s formula, we obtain that |X. — Y| is a local
martingale, thus also a non-negative supermartingale, with | Xy — Yp| = 0, and con-
sequently, X and Y are indistinguishable.

The property (10) is checked by standard methods: with the help of the Tanaka’s
formula

t
|ZF —al =1Z§ — al +/0 sgn(Zy —a)dZ{ + L7 (Z%)
and the Itd isometry, we get

E(LY(Z%) < E(Z% — Z&) + E(Z%))*.
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The assumptions (B) and (C) yields the result.
We conclude by following the same lines as in the proof of the Corollary 1.

Corollary 3 If (o, F) verifie the following condition:

o) — o )P + / (F(x,2) = F(y, 2A(d2) < |f () = £O)| forall x, y

lz]<1

where f : R — R is of bounded variation, and there exists ¢ > 0 such that
o>¢corkF >c¢

and if x — x + F(x, z) is nondecreasing in a neighborhood of 0, A(dz) a.e. then
(o, F) verify (£ 7 ) condition.

Proof The proof of the Corollary 3 is similar to what we have seen previously, this
is due to the first hypothesis for o and F which implies the (LT) condition and the
hypothesis for F is identical to that of the Corollary 2.

Proposition 2 [f o satisfies (LT) condition and F verifies the following condition:

/|F(x,z) — F(y,2)|A(dz) <clx —y| forall x,y (11)

then the solution to (1) is pathwise unique.

Proof We use the Tanaka formula. Let X' and X? be two solutions to (1), then
t
X - X;|= / sign(X! — X2 )H)d(x! - x?)
0

+ 2 X=X =X - x|

O<s<t
—sign(X|_ — X7 )AX] — XD}. 12)
Now, we have

d(X! = X2 = (6(X}) — o (X2)dW, + (b(X}) — b(X?))dr

+/(F(X,',, 2) — F(X;_, 2))(u — v)(dt, dz). (13)

If we substitute (13) in (12), we obtain
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13
X! — X} = /O sign(X! — X2 )(o(X)) — o (X2))d W,
t
+/ sign(X!1 — X2 )(b(X!) — b(X?))ds
0

t
+ / sign(x!_ — x2) / (F(X'_,2) — F(X2_, 2)) (i — v)(ds, d2)
0

+ 20 {1X5 = X =[x - x| = sign(x{ - XP A - XD}

O<s<t

The first and the third terms on the right hand side are martingales and all terms on
the right hand side are integrable.

We can prove, if we note I>(¢) the second term on the right hand side and using the
fact that b is Lipschitz, that

1
L) < c/ | X! — X?| ds. (14)
0

We treat the fourth term, denoted 1,(¢), by the following calculation:

@l = 201X = X7 = X0 = X2 ||+ A - XD

O<s<t

- 2/ /|F<X§_,z> — F(X?_, )| u(ds. dz)
0

=2/ /!F(Xi_,z)—F(Xf,_,z)|(u_,})(ds,dz)
0

+2/ /|F(Xs]7,Z)—F(Xf,,z)|v(ds,dz).
0

Taking expectation in the two sides and using the martingales property and (11),
we obtain

E(L®))) < cE (/ ds/|F(xj_,z)—F(Xf_,z)|k(dz))
0
and hence, we have
E (IL(1)]) Sc/ E(|X; — X}|) ds. (15)
0

Hence the result.
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4 Others Results

Theorem 2 If (o, F) verify (£.7) condition and b is measurable and bounded.
Then the uniqueness in the sense of probability law implies the pathwise uniqueness.

Proof Let X! and X2 be two solutions of Eq. (1) with the same initial condition. We
will prove that ¥ = X' v X2 and Z = X' A X? are solutions of (1). We obtain by
using Tanaka’s formula and (.£.7") condition,

(th - le)+ = fot+ l(xf,—xj,>0)d(Xs2 - Xi)
by using the fact that X' v X?> = X! + (X? — X!)* we obtain
t
X, v X} = / [1oc —x1 0 (@(XD) =0 (X)) + o (XD)] aW,
o =X,

+ /0 [1<xg,x;,>o>(b(X§> —b(X)) + b(X;)] ds

+ /0 + / [l(xg,_x;,>0)(F<X?_,z> — F(X]_.2)

+ (X9 (= v)ds. d2)
t t
:/mxvﬁmm+/mgvﬁm
0 0

+/ /F((X1 \/Xz)s_,z)(u—v)(ds,dz).
0+

Then Y is a solution of (1).
We have on the other hand,

t
+
(0 = [ g ! - )

o+

By using the fact that X' A X? = X' — (X! — X?)* we obtain by the same way that
t t
wAﬁ=/omAﬁwm+/mmAﬁm
0 0
t
+/ /1""((?(1 A X, ) (= v)(ds, d2).
0+

Then Z is a solution of (1).
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Finally, we have for all > 0
E[Jx! - X2 = E[x! v X2] ~E[X! A X2,
and by using the uniqueness in the sense of probability law, we obtain
E[|x! - x2[] = 0.
Since X! and X2 are cadlag, hence th = th forallt > 0 a.s.

This allows us to give a generalization of Bass’s result [4], we have the following:

Theorem 3 If (o, F) verify (£.7) condition and b is measurable, bounded and
moreover we suppose that:

e 0 is bounded, continuous and strictly positive.

° X — fA %F(x, 2)A(dz) is bounded and continuous for each A C R — {0}.

Then there exists a solution to (1) that is pathwise unique.

Proof By Bass’s result [4], the hypothesis of theorem entail the existence of a unique
solution to the martingale problem associated to the SDE (1). By using the equiv-
alence between martingale problem- stochastic differential equation, this implies
existence of a unique weak solution to the Eq. (1). Hence, by the (.£.7) condition
combined with last theorem, we get the desired result.

If weset F(x,z) = W and o = b = Ointhe Eq. (1), we obtain the stable-like

process with the operator

1
Lfx) = / [f(x4+2) = fx) = 1gz=n f/(x)2] Wdz~

We have the following proposition

Proposition 3 [f the function « is Dini continuous, bounded above by a constant
less than 2 and bounded bellow by a constant greater than 0 and is increasing, then
we have pathwise uniqueness of the solution of the stochastic differential equation
driven by stable-like process associated to F.

The proof is a consequence of Bass’s result ([4], p. 13).

Theorem 4 Suppose that fori = 1,2, X' satisfies:
X1 = o (XDdW, + by(X)dt + / FX'_, (i —v)dr,dz),  (16)

where o, F, by, by, are bounded measurable functions. Assume that:

o (0, F) verify (¥ .7) condition.
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e One of the two functions by, b, is Lipschitz.
Assume further that:

1. by < b,.
2. X)<x2

Then: X,l < th forallt a.s.
Proof Let X;,i = 1, 2two solutions of equations (16). By Tanaka formula we obtain

t

+
(X! —X7) :/0 1(X;;Xg,>0)d(xi - X7)

+ D Iy o) (X0 —X7)7

O<s<t
+
+ D L <o) (X7 = X7)
O<s<t
1
+§L?(X1 —X?. (17)

As (o, F) verify (£.7) condition, the second, the third and the fourth terms in
the right hand sides are zero. Using the same argument as in Proposition 2, we find

t

E[(x/-x)"] = c/o E[(x!—x2)"]as

which implies that X tl < X% forallt > 0 as. (since X! and X? are cadlag).

Theorem 5 Suppose that fori = 1,2, X' satisfies:
dX! = o(XD)dW, + b;(X)dt + / Fi(X]_, 2) (1 — v)(dt, dz) (18)

where o, Fy, F», by, by, are bounded measurable functions. Assume that:

e o verify (LT) condition.
e One of the two functions by, b, is Lipschitz.

Assume further that:

1. by < b,.
2. Xy < x2
3. x1+ Fi(x1,2) < x4+ Fa(xa, 2) for all x; < x3.

Then: X! < X? forall t a.s.
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Proof We apply the same method as before in the Theorem 4, the second and the
third terms in the right hand side of (17) is zero because of the assumption 3 and
the fourth term is zero because the o verify (LT') condition. The end of the proof is
identical to that of the Theorem 4.

Remark 1 We can see thatif F;, i = 1, 2 satisfy the hypothesis of Corollary 2 (or 3),
then we can replace the hypothesis 3. by

Fi(x1,2) < Fa(x2,2), VX1 < x2.

Remark 2 1If we take F; = F, in the Theorem 2, the assumption of the Corollary 1
(or 2) on F' is enough for the conclusion of the Theorem 4.

Remark 3 'We can remark that the condition 3 in the Theorem 5 ensures that the paths
of X; do not cross at jump times: if (s, z) is an atom of p and if XS[ =x < XS{ =y,
then

X, =x+F(x,2) <y+ by, =X]

and this condition is necessary for comparison theorem.

Remark 4 We can remark that the Theorem 5 generalizes the result of Peng and Zhu
[16] namely Theorem 3.1.

Remark 5 Our approach based on local time technic can be used for more general
equation of type:

t t
X = Xo+/ o(Xs—,u) W(ds, du) +/ b(X,-) ds
0 0

t
+// go(Xs—, u)No(ds, du)
0 J{lul<1)

t
+// g1(Xs—,u)Ni(ds, du)
0 J{lul=1}

where

e {W(ds, du)} the white noise with intensity dsm (dz), with 7 is a o —finite measure
on R.

e Ni(ds,du) and ﬁo(ds, du) denote the Poisson random measures on [0, 00) X
[—1, 1], [0, 00) x [—1, 1]° respectively, defined on same probability space and
are independent each of other.

e No(ds, du) denote the compensated measure of Ny(ds, du).

This SDE was recently studied by Donald A. Dawson and Zenghu Li [6] and treated
by Ouknine [15] in continuous case, it will be the subject of another paper.
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where F : R — R is a continuous nondecreasing function and X, o are stopping
times valued in [0, 7']. We show the existence of a value as well as a saddle-point for
this game using the theory of BSDE with double reflecting barriers. An American
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Considerable attention has been devoted to studying the association between back-
ward stochastic differential equations (BSDEs for short) and stochastic differential
games. Among others, Cvitanic and Karatzas showed in [4] existence and unique-
ness of the solution to the BSDE with double reflecting barriers, and associated their
equation to a stochastic games. Hamadene [9] and Hamadeéne and Hassani [11] stud-
ied the mixed zero-sum stochastic differential game problem using the notion of a
local solution of BSDEs with double reflecting barriers. Hamadéne and Lepeltier
[10] added controls to the Dynkin game studied by Cvitanic and Karatzas in [4].
Karatzas and Li [14] studied a non-zero-sum game with features of both stochastic
control and optimal stopping, for a process of diffusion type via the BSDE approach.
Dumitrescu et al. [5] introduced a generalized Dynkin game problem associated with
a BSDE with jumps.

Consider the Dynkin game, associated with processes L, U, & and Q, with payoff:

J(A,0) = F|:U,\1(A<o} + Lolpsoy + Ooliomp<ry + Sl{cxr]i|,

where F : R — R is a continuous nondecreasing function and A, ¢ are stopping
times valued in [0, T']. In the direction of connection between BSDE with two reflect-
ing barriers and Dynkin games, in order to prove that this game has a saddle point,
which is a pair of stopping (A*, 6*) such that for any stopping times A and o one has

IE(J(A*,G)) < ]E(J(A*,c*)) < ]E(J(A,o*)),

all the works [4, 9-11, 14] have considered the case of bounded or square integrable
processes F(£), F(Q), F(L) and F(U). Moreover, they have assumed that the
barriers F(L) and F(U) have to satisfy one of the conditions:

1. The so-called Mokobodski condition which turns out into the existence of a dif-
ference of nonnegative supermartingales between F (L) and F(U).
2. The complete separation i.e. F (L) < F(U).

One of the main objective of this work is to weaken the assumptions assumed on
the data F' (&), F(Q), F(L) and F(U) in the case of association between BSDE with
two reflecting barriers and Dynkin games. Yet, checking Mokobodski’s condition
appears as a difficult question. So, instead of assuming the Mokobodski’s condition
on the barriers F (L) and F(U), we suppose only that there exists a semimartingale
between them. It should be also noted here that if the barriers are completely separated
this implies that there exists a semimartingale between them (see [8]). Actually, if
we assume the following conditions:

1. There exists a semimartingale between L and U and for every semimartingale S
such that L < § < U, F(S) is a also a semimartingale.

2. E[F(L;)"] < 400, for all stopping time 0 <o <T, where F(L)~
= sup(—F (L), 0).
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3. lim+infr P|:sup FU)T > r] = 0, where F(U)* = sup(F(U), 0).
r—+00

s<T

4. liminf r P|:sup F(Ly)™ > r] =0,

r—+00 s<T

then the pair of stopping times (A*, 0*) defined by
AM=inf{s >0 : Y¥,=FWU)}AT and o =inf{s >0 : Y, =F(L)} AT,

is a saddle-point for the game, where Y is the solution of the following BSDE with
double reflecting barriers F' (L) and F(U) (see Definition 2):

() Y, =F@&+ ["dKk; — [T dK; — [T Z,dB,,1 <T,
(ii) Y between F(L) and F(U), i.e. Yt <T, F(L;) <Y, < F(U,),
(iii) the Skorohod conditions hold:

I (¥ = F(L))dK; = [ (F(U,) - Y)dK; =0, as..

We should mention here thatif F (L) and F (U) are L' —integrable, i.e. E sup(|F (U,)|
t<T

+ |F(L;)|) < +00, then the above assumptions 2—4 are satisfied and then the Dynkin

game has a saddle point. This corresponds to the main assumption assumed in the

general context of Dynkin games.

An American option is a contract which enables its buyer (holder) to exercise
it at any time up to the maturity. An American game option gives additionally the
right to the option seller (writer, issuer) to cancel it early paying for this a prescribed
penalty. American game option was first introduced by Kifer [15] and studied later by
several authors, see for example Hamadene [9], Hamadeéne and Zhang [13] and the
references therein. The second aim of this work is to prove, under weaker conditions
than the square integrability assumed on the data in [9], that the value of the option
at any time ¢ € [0, T'] is given by ¢"'Y;, where Y is the solution of some BSDE with
two reflecting barriers. Moreover, we also show that a hedge after ¢, against the game
option, exists.

2 Preliminaries

2.1 Notations and Assumptions

Let (£2, %, (%;)<1, P) be astochastic basis on which is defined a Brownian motion
(By)¢<r such that (#),;<r is the natural filtration of (B;),<r and .%; contains all
P-null sets of .%. Note that (.%,),<r satisfies the usual conditions, i.e. it is right
continuous and complete.
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Let us now introduce the following notations:

e Z the sigma algebra of .%,-progressively measurable sets on £2 x [0, T].
e ¢ the set of R-valued &7-measurable continuous processes (¥;),<r.
o %4 the set of R?-valued and #-measurable processes (Z;);<r such that

T
/|Z5|2ds <00, P —a.s.
0

e 7 the set of &-measurable continuous nondecreasing processes (K;);<r such
that Ko = 0 and K7 < +o00, P—a.s.

Throughout the paper, we introduce the following data:

o L ={L,,0<t<T}and U :={U,, 0 <t < T} are two real valued barriers
which are &?-measurable and continuous processes such that L, < U,, Vt €
[0, T].

e (O be aprocess such that, Vt € [0, T] L, < Q, < U,, P —a.s.

e £ is an .#r-measurable one dimensional random variable such that

LTS%-SUT

e F : R — Ris acontinuous nondecreasing function.

We assume the following assumptions:

(A.1) There exists a continuous semimartingale S. = Sy + V* -V + fo' o,dBy,
with Sy e R, V*, V~ e # and o € .£*?, such that

L, <8 <U, Vte[0,T].

(A.2) For every semimartingale S such that L < S < U, F(S) is a also a
semimartingale.

2.2 Existence of Solution for BSDE with Double Reflecting
Barriers

In view of clarifying this issue, we recall some results concerning BSDEs with double
reflecting barriers with two continuous barriers (see Essaky and Hassani [8] for more
details). Let us recall first the following definition of two singular measures.
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Definition 1 Let K' and K? be two processes in .#". We say that:

K and K? are singular if and only if there exists a set D € & such that

T T

IE/ 1p(s, 0)dK ! (w) = IE/ 1pe (s, w)dK2(w) = 0.
0 0

This is denoted by dK' 1 dK?>.

Let us now introduce the definition of a BSDE with double reflecting obstacles
Land U.

Definition2 1. Wecall (Y, Z, K™, K™) := (Y;, Z,, K;", K;"),<r asolution of the
GBSDE with two reflecting barriers L and U associated with a terminal value &
if the following hold:

() Y, =&+ ["dK} — [T dK; — [" Z,dB,,1 <T,
(i) Y between Land U, i.e.Vt <T, L, <Y; < U,
(iii) the Skorohod conditions hold:

JS (Y = LydK} = [ (U — Y)dK =0, as.,
(v Ye¥ KK - ex 7ZeL*,
(v) dK* LdK~.

(1

2. Wesay that the BSDE (1) has amaximal (resp. minimal) solution (Y, Z, K+, K )
if for any other solution (Y, Z', K'*, K'~) of (1) we have forallt < T, Y,’ <Y,
P — as. (resp. Yt/ >Y, P—as.).

The following theorem has already been proved in [8].

Theorem 1 Let assumption (A.1) holds true. Then there exists a maximal (resp.
minimal) solution for BSDE with double reflecting barriers (1).
3 Dynkin Game

Our purpose in this section is to show that the existence of a solution (¥, Z, K+, K™)
to the BSDE (1) implies that Y is the value of a certain stochastic game of stopping.
Consider the payoff

J()\,, G) = F(Ukl{k<c} + LUI{A>0} + QUI{G:A<T] + él[c—k—T})~
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The setting of our problem of Dynkin game is the following. There are two players
labeled player 1 and player 2. Player 1 chooses the stopping time A, player 2 chooses
the stopping time o, and J (X, o) represents the amount paid by player 1 to player

2. It is the conditional expectation ]E(J (%, 0) ) of this random payoff that player 1

tries to minimize and player 2 tries to maximize. The game stops when one player
decides to stop, that is, at the stopping time A A o before time 7', the payoff is then
equals

F(U,) if player 1 stops the game first

F (L) if player 2 stops the game first

F(Q,) if players stop the game simultaneously before time T
F (&) if neither have exercised until the expiry time T.

J(A,0) =

It is then natural to define the lower and upper values of the game:

V.= su inf E|JO.,o)|<V:= inf sup E|J(, 0)],
- O'E‘/ﬂl?j}‘e‘%’j [ ( )} )»GJ/KLTO-E’/”I?.T [ ( )]

where .7, r is the set of stopping times valued between 7 and 7. If it happens that
V =V, then the above Dynkin game is said to have a value. A pair (1§, o7)) is called
a saddle point if

IE(J(A*,G)) < IE(J(A*,G(’;)) < IE(J(A,GS)).

Our objective is to show the existence of a saddle-point for the game and to charac-
terize it. This implies that this game has a value.

Let assumptions (A.1) and (A.2) hold true. Let (Y, Z, K+, K ™) be the solution,
which is exists according to Theorem 1, of the following BSDE with double reflecting
barriers:

() Y, =FE + [ dk} — [TdK  — [" Z,dB,,t <T,
@) Vi <T, F(L) <Y, < F(Uy),

Jo (¥ = F(L))dK; = [ (F(U) — Y)dK; =0, as., (2)
iVWYe¥ K' K ex ZeL*,
(v) dK* LdK~.

Let A and o} be the stopping times defined as follows:
A =inf{s >t : Y, =FU)}AT and o =inf{s >t : Y, =F(L)}AT.

The main result of this section is the following.
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Theorem 2 Assume the following assumptions:

1. EF(Ls)~ < 400, for all stopping time 0 <o <T, where F(L)™ = sup
(=F(L),0).

2. liminfr P|:sup FU)" > r:| = 0, where F(U)" = sup(F(U), 0).

i
r— 400 s<T

3. liminfr P|:sup F(Ly)” > r] =0.

r—+00 s<T

Then

v, =E[J<A;:c:‘> | ﬂ

= E|J (. Z | =_inf E|J( o)) |7

053/2, [J(,,G)Ift} o [J( ,Gt)ljt} 3)
= _inf E|J(h0) | F | = inf B J(h,0) | Z |,
ety oc 17 oot 15 o017

where M, r is the set of stopping times valued betweent and T. Y, can be interpreted
as the value of the game and (A, o) as the fair strategy for the two players (or a
saddle point for the game).

Proof Let (a;), and (a,, ), be two nondecreasing sequences such that

liminf a,TP|:sup FWU)t > a,j':| =0, liminfan_P[sup F(Ly)™ > an_i| =0.
n—+00 s<T n—+00 s<T
4)

Let also (¢;);>0 and (vii)izo be families of stopping times defined by

l

s
a,-:inf{szt:/|Z, Pdr>i) AT, vi=inf{s>1:Y5>a"}AT.
t

It follows from Eq. (2) that for every stopping time o € .#, 1

* Ay~
AfAOAQ; AU, AU,

MAGAa; AU AU,
— + -
Y, _YA:‘AO/\aiAU,T/\U; + / dK, _/ dl(3
t

S

=0

A AGAC; AU AU,
— / Z.dB;.

t

Then for every stopping time ¢ € ., r
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T
Y, > ]E(YA,*/\U/\a[/\u,T/\um | /1)
_ + a _ - g
- E(ka/\UAai/\UJ'/\UJ | <j’) E(Yk;‘/\cAai/\u,T/\u,; | ‘ff)'

In view of passing to the limit on i and n respectively and using Fatou’s lemma for
Y and dominated convergence theorem for Y ~ since it is bounded, we have

+ —
Y = ]E(YAonAvm | %) - E(YA?‘AG/\U,” | ‘7@[)

Now taking the upper limit on m we get

Y, > lim sup [E(Y;MAU’” | 35,) — ]E(Y);/\c/\v,,, | %):|

m

= lim sup [E(Y;;Mlmc,% | f/‘,) + E(lembum | %)

m

—E(Yx_,wmm | %)]

> lim sup [E(Yf;:ml)\,*m@m | ,%) - E(Y/\;AMUW | ﬁ,)]

m
= E(ng | %) - 1imminfE(mem | 52,).

In view of using the limit appearing in (4), we obtain

lim ianE(Y | L%)
m

AEAGAUL
< lim inf [E(YMMIWK% | %) + a,;IE(lWM,; | %)}
= 5(0 1) +liminf 81y | )
<5(5i017) +tm it (prcsy )1 %)
s<T
- E(Y;W | %),

it follows then that for all stopping time o € .Z; 7,
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Y, > E( rAG | c%) E(Y/\_*Ac | G\t) = E(YM*/\G | ‘gif)

> E(F(Uxf)l{xf<o} + F(Lo)lprsoy + F(Qo)lompr<ry + F(E) 1 (ompz=1y | %)
= E(J()\*, o) | %)

(&)
Now it follows from Eq. (2) that for every stopping time A € ., r

T
Y, < E(YAAojAaiAv,"Av,T | ‘/l)
N _
- E<Y)~/\G FAQ AU AUY | Jz) E(Y}‘/\U FAQG AU AU | Jz)

In view of passing to the limit on i and m respectively and using dominated conver-
gence theorem for Y since it is bounded, we have

Y

< IEZ(Y;;UIA L J,) — lim sup IE( AGE Av AU | J,)
= E(Y;MMU | /,) — lim sup[I['E(Y/\_MMU;r Lynot avyf <ug | %)

m

+E(Yl;;leo,*Au,T>um | F :|

= E(Y;\G,AU+ | Jl) - ]E(YAAG At | </7) - 1imm5up E(YU_; 1)L/\6?‘/\v,f>vn’, | <gft)
+
= ]E(Y)L/\G,/\U+ | /’) - ]E(Y)ma At | /’)

By using Fatou’s lemma and assumption 1. Of Theorem 2 we get

Y, —HE( no? | 5‘,) <Y, +11m1anE( G A | J,)
< lim 1nfE(YA+M it | 5"})
E( o | ) —i—hmlnfatJrIEl(lMc ot | ﬁ,)
= E(Y;\O’ | egft) + ljgigg‘a:E(l{supxq F(Ug)*>a;) | r/’t)
< }E(YA*M* | ,%),

where we have used the limit appeared in (4).
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It follows that for every stopping time A € .Z; 1

Y <E( IAGE | /’) E( ANGE I‘gt)

]E Y)L/\(T* | /t)

IE(F(Um r<or) T FLo) psory + F(Qo) grop <1y + FELgrmper | /z)

E( (., o¥) f“)

(6)
In force of inequalities (5) and (6) we obtain that for all o, A € .#; r
E(J()L;ksc) Iyt) SYI_ [‘I(}"[v [) |§[} SE(J()\’7O';I<) |yf)'
Then it is immediately checked that
inf supE(](k,G) | ﬁt) < supE(J()»f,c) | ft)
redr e g, oeT,
S |:J()"tv t)|t/li|
< inf E(](A,Gt) | J,)
rEM,
< inf E{J(A, Z ).
< UESB/E,)_,AEI%T ( (*,0) | z)
Since sup inf IE(J(A,O) | 9}) < inf sup E(J(A,G) | %),we have
oeMyr r e, T re T ceMyr
YI: I:J()"zv [)|yt}
= sup ]E|:J(Af,c) | %i| = inf IE|:J(A,0;“) | L%i|
ey r reMrr
= inf sup IEI:J(A,G) | 54}] = sup inf E[](k,c) | %i|
AEM T e, r oeyr reT,
Theorem 2 is then proved. O

Remark 1 We should remark here that:

1. If F(L)and F(U) are L' —integrable, i.e. E sup(|F (U,)| + | F(L,)]) < 400, then
t<T
the assumption of Theorem 2 are satisfied.
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2. If we suppose that F(x) = e (or F(x) = —e~%%), & > 0, we have an utility
function which is of exponential type and then our result can give, in particular,
a solution to the existence a saddle point for the risk-sensitive problem (see [7]
for more details).

4 American Game Option

4.1 Problem Formulation

We deal with American game option or a game contingent claim which is a contract
between a seller A and a buyer B at time ¢ = 0 such that both have the right to
exercise at any stopping time before the maturity time 7 . If the buyer exercises at
time ¢ he receives the amount L; > 0 from the seller and if the seller exercises at
time ¢ before the buyer he must pay to the buyer the amount U; > L, so that U, — L,
is viewed as a penalty imposed on the seller for cancellation of the contract. If both
exercise at the same time ¢ before the maturity time 7 then the buyer may claim Q,
and if neither have exercised until the expiry time 7' then the buyer may claim the
amount &. In short, if the the seller decides to exercise at a stopping time A < T and
the buyer exercises at a stopping time o < T then the former pays to the latter the
amount:

J' (A, 0) = Uplpco) + Lolpao) + Qolijomir) + &1 {omizt)-

Such game option is considered in a standard securities market consisting of a non-
random component S representing the value of a savings account at time ¢ with an
interest rate r and of a random component S; representing the stock price at time
t. More precisely and following the same idea as in Hamadene [9], we consider a
security market .# that contains, say, one bond and one stock and we suppose that
their prices are subject to the following system of stochastic differential equations:

ds? =rs°dt, Sy >0
dS; = S;(bdt + 8dB,), Sp> 0.

Let X be an .%;-measurable random variable such that X > 0. The classical approach
suggests that valuation of options should be based on the notions of a self-financing
portfolio and on hedging. For this reason, we give the following definitions.

Definition 3 A self-financing portfolio after  with endowment at time ¢ is X, is a
Z-measurable process 7 = (B;, ¥s)i<s<r With values in R? such that:

() [ By | +(1:8)%)ds < oo.
(i) If ATY =B,S°+y,S;, s<T, then AT =X + ["B,dS0 + [’ yudS..
Vs <T.
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Definition 4 A hedge against the game with payoff
Jl (S» )V) = U)Ll{)\<x} + Ls 1{x<)\} + Qs 1{‘Y=)\<T} + sl{X:)\:T}v

after  whose endowment at ¢ is X is a pair (7, A), where 7 is self-financing portfolio
after + whose endowment at 7 is X and a stopping time A € .#; r, satisfying: P-a.s.
Vs € [t, T],

ATX > (s, ).

Definition 5 The fair price of a contingent claim game is the infimum of capitals X
for which the hedging strategy exists. It is defined by

V; :=inf{X > 0, 3(sr, A) such that AmX > Jl(s, A, Vi<s<T, P—a.us.}.

SAL

4.2 Fair Price of the Game as a Solution of BSDE
with Two Reflecting Barriers

Now, let P* be the probability on (§2, .%#) under which the actualized price of the
asset is a martingale, i.e.

dP*
dP

_ r
= exp(—5 l(b—r)B,—E(é l(b—r))zt), r<T.

Hence the process W, = B; + 6~ (b — r)t is an (.%,, P*)-Brownian motion.

Let&, L, U and Q be as in the beginning such that: 0 < L < U. Assume moreover
that assumption (A.1) holds true and consider, on the probability space (§2, .7, P*),
the following BSDE with two reflecting barriers whose solution exists according to
Theorem 1

(i) Y,=e"Te+ [TdKk} — [T dK; — [T Z,dW,,1 < T,
(i) Vt <T, e"L; <Y, <e U,

fOT({,g - e;”L,)dK,;i/ = fOT(i;lzlff —Y)dK; =0, as., (7)
(VY e? Kt K e Z e L
) dK+ L dK-.

Let o) and ;" be the stopping times defined as follows:
of =inf{s >t : Yy =e"UJAT and 9/ =inf{s >t : Y, =e "L} AT.

If we suppose that lim inf rP*(sup Uy > r) = 0, it follows then from Theorem 2,
r——+00 s<T

since L > 0, that for all o, A € ., r, Y; solution of BSDE (7) is given by
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Y, = E*[7(Q,’" 97 | fit}
(®)

inf E* T\, 0)| % | = inf E*| J(\,0) | .% |,
dnf | sup. [< )| ] JSup jnf [( ! }

where
T, 0) = e " Uplpcoy + € Lol pao) + €™ Qoligmior) + € &L jgmiar).

The main result of this section is the following.

Theorem 3 Assume that lim inf r P*(sup U > r) = 0. Then, the fair price of our
r—+00 s<T
game is given by V, = e"'Y,, for any t < T. Moreover, a hedge after t against the

option exists and it is given by:

e's Z,

%= s,

lis<pr) and By = (e”(Y, +/zuqu) - ysSs)(S?)l, Vs € [t, T].

1

Proof Let (r, 1) a hedge after ¢ against the option. Therefore A € .#, r and m =
(Bs. Vs)i<t<r 1s a self-financing portfolio whose value at ¢ is X satisfying Afg >

Jl(s,)»), Vit <s <T.But
SAL
e”(JM)AfK =e "X +5$ / YuSue " dW, = e "MW (s, 0), Vi <s <T.

t

Let o > ¢ be a stopping time. Putting s = o and taking the conditional expectation
we obtain

efrtX > E* (er(c/\)x)‘]l(o_’ )\') | %)
In view of relation (8) we have

e"'X > sup E*(e_’("M)J](c, ) %)
oM r

> inf sup E* (e_r("M)Jl(o, A | %)
reM 66«%1

= _inf E*\T(o, 1) | 7
g, o (e 7)

= Y[.

Henceforth V; > ¢"'Y;. Let us now prove the converse inequality. It follows that for
everyt <s <T,
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SADF
Y+ [ Z,aw,

s AD —
= YsAz?,* - fts dKu
= Ys/\z?,*
e Ul (s<pry + e Los 1 (sapry + €7 Qo lppras<r) + €T E oy
= e "N Jl(s, 9).

IA

Hence forevery t <s < T,
SADS

s, 07) = eSO, + / ZudW,).

t

Now ifweputforalls € [¢, T], ys = %1{551};] and 8, = (e”(Yt + fls Z,dW,) —

)/.ySs)(Sf)l.

Hence (B, y;):<s<r is a self-financing portfolio whose value at ¢ is "' Y;. On other
hand we have

snof
er(s/\gf)(yt + / Z.,dW,) > Jl(s, o)), Vs €[t,T].

t

Hence ((Bs, ¥s)i<i<1, 0;) is a hedge against the game option. Then €'Y, > V,.
Henceforth ¢’'Y, = V. The proof of Theorem 3 is then achieved. O
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