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Good Deal Bounds Induced by Shortfall Risk*
Takuji Araif

Abstract. We consider, throughout this paper, an incomplete financial market which is governed by a possi-
bly nonlocally bounded right-continuous with left-limits (RCLL) special semimartingale. We shall
provide good deal bounds for contingent claims induced by shortfall risk in the framework of the
Orlicz heart setting. We prove that the upper and lower bounds of such a good deal bound are
expressed by a convex risk measure on an Orlicz heart. In addition, we obtain representation results
for three types of model, which are an unconstrained portfolio model, a W-admissible model, and a
predictably convex model.
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1. Introduction. There exist many no-arbitrage prices for a contingent claim in an incom-
plete market, since there exist many equivalent martingale measures. Thus, the no-arbitrage
principle provides merely a pricing bound. However, this bound is too wide to be useful from
a practical point of view. It is then meaningful to obtain a sharper pricing bound. Good deal
bounds are strong candidates for such a sharper pricing bound.

The study of good deal bounds has been undertaken by Cochrane and Saé-Requejo [11].
A claim (a payoff at the maturity) is called a good deal if a suitable index related to the claim
is greater (or less) than a certain level at which an investor makes up her mind. Cochrane and
Saa-Requejo, in the above paper, chose the Sharpe ratio as a criterion of good deals. Moreover,
Bernardo and Ledoit [2] introduced the notion of good deals in terms of the gain-loss ratio.
Kléppel and Schweizer [21] researched good deal bounds based on expected utilities and their
dynamics. In addition, much literature on this topic has been published. See, for instance,
Carr, Geman, and Madan [7], Jaschke and Kiichler [18], Cerny and Hodges [9], Cerny [8],
Larsen et al. [23], Staum [24], and Bjork and Slinko [6]. In particular, [21] overviewed a
history of the research of this topic.

In this paper, we select shortfall risk as such a criterion to obtain a sharper pricing bound.
Although the good deal bounds introduced above are independent of hedging strategies, the
bounds presented in this paper are influenced by the way to define hedging (or admissible)
strategies. Now, we presume a seller who intends to sell a claim and who selects an increasing
convex function as her loss function. Note that an investor’s attitude toward risk is assumed
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to be described in terms of loss function; that is, loss functions look like utility functions with
respect to losses. The convexity of loss functions represents the investor’s risk-aversion. The
case of lower partial moments [(z) = 2P /p for p > 1 is well known as a common example. For
more details, see Remark 2.2 of Féllmer and Leukert [14]. When she selects a hedging strategy,
her shortfall is defined as the positive part of the claim minus the value of her hedging strategy.
Her shortfall risk is given by the expectation of the shortfall weighted by her loss function.
The starting point of the shortfall risk problem is given by [14]. Incidentally, if the seller
succeeds in selling the claim for the upper bound of no-arbitrage prices, she could eliminate
her shortfall risk, that is, attain a perfect hedge by selecting a suitable hedging strategy. Note
that this upper bound is called the superhedging cost. However, it would be too expensive to
trade in general. Thus, in order to get a deal, she should sell the claim for a price less than
the superhedging cost; that is, she should accept some shortfall risk. A price for a claim is
called a good deal price for a seller if there exists an admissible strategy whose corresponding
cashflow at maturity suppresses its shortfall risk below a threshold level determined by the
seller. A claim is called a good deal for a seller if the claim is priced for a good deal price
for the seller. We can define good deal prices and good deals for a buyer, too. Note that loss
functions may vary from investor to investor. The interval between the lowest good deal price
for a seller and the upper good deal price for a buyer is called a good deal bound induced by
shortfall risk. This bound becomes narrower than the no-arbitrage one in general.

Throughout the paper, we consider the shortfall risk problem under the Orlicz heart
setting. Thus, we can take various functions as a loss function, such as P /p for p > 1, e* — 1,
x —log(x + 1), (z 4+ 1)log(x + 1) — z, and so forth. Although it suffices to consider the LP
setting for the case of the lower partial moments, it is too wide to treat the exponential loss
function e® — 1. While we can apply the L™ setting to the exponential loss function, L is
too restrictive to treat various claims. This is why we consider the Orlicz heart setting to
treat various loss functions and various claims in a unified framework. We shall prove that, for
continuous time models, a good deal bound induced by shortfall risk is given by a convex risk
measure on an Orlicz heart. Furthermore, we shall obtain its robust representation theorems
for various settings and introduce some examples.

Convex risk measures are introduced by Follmer and Schied [15] and Frittelli and Rosazza-
Gianin [17] for the first time. The article [17] treated a representation of convex risk measures
having lower semicontinuity. On the other hand, [15] defined convex risk measures only for
the L*-random variables and obtained representation results. In addition, they proved that
the upper and lower bounds of a good deal bound induced by shortfall risk are described by
a convex risk measure for bounded claims under the discrete time setting, although they did
not use the terminology “good deal.” Thus, our result may be regarded as a direct extension
of [15] to the framework of Orlicz hearts and continuous time setting. Xu [25] and Kloppel
and Schweizer [20] considered problems similar to ours. Recently, Kaina and Riischendorf [19]
studied some properties of convex risk measures on LP-spaces. In addition, they treated a
convex risk measure related to shortfall risk, although theirs is somewhat different from ours.
Cheridito and Li [10] extended the concept of convex risk measures to Orlicz hearts.

The paper is organized as follows: After some preparations in section 2, we shall prove in
section 3 that a good deal bound induced by shortfall risk is given by a convex risk measure
on an Orlicz heart. We obtain in section 4 representation results of this convex risk measure
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when the space of admissible strategies is linear. Moreover, we consider the case where the
gain process is bounded from below by a random variable W in section 5. The o-martingale
measures will play a vital role. In addition, we consider the case where the admissible strategies
form a predictable convex set in section 6. As an extension of a result of Follmer and Kramkov
[13], we introduce upper variation processes. We prove that the minimal penalty function of
the convex risk measure on this setting is represented by using an upper variation process.
We shall introduce some examples in subsection 6.3.

2. Preliminaries. Consider an incomplete financial market being composed of one riskless
asset and d risky assets. The fluctuation of the risky assets is described by an R%-valued
RCLL special semimartingale S, which is possibly nonlocally bounded, defined on a completed
probability space (2, F, P; F = {F; }4c(0,1)), where T' > 0 is the maturity of our market and F
is a filtration satisfying the so-called usual condition, that is, F is right-continuous, Fpr = F,
and Fy contains all null sets of F. Suppose that the interest rate is given by 0. Let X be a
suitable subset of L, the set of all random variables defined on (Q, Fr). We assume that any
contingent claim belongs to the set X.

Next, we presume a seller who intends to sell a claim X € X. She selects a loss function
[, which is an R-valued continuous nondecreasing convex function defined on R, where
R, = [0,00). We assume that [(z) = 0 if z < 0, and {(z) > 0if z > 0. Let © be a
convex subset of S-integrable predictable processes including 0, and let G¢(¥) := fg ¥4dSs for
any t € [0,7] and any ¢ € ©. Throughout the paper, © represents the set of all admissible
strategies. Note that any admissible strategy in this paper is self-financing and represented by
a predictable process. The process G(19) represents the gain process induced by an admissible
strategy ¥ € ©. In sections 4-6, we shall take ©M, ©W and ©° as O, respectively, where @M
is the linear space of S-integrable predictable processes ¢ such that G (1) belongs to the Orlicz
heart generated by I, ©W is defined, for a random variable W satisfying some conditions, as
the conic set of ¥ such that there exists a constant ¢ > 0 satisfying Gy(¢) > —cW for any
t € [0,T], and ©F is defined as the corresponding subset of ®W to S being a predictably
convex subset of {Gr(9)[9 € ©W}. When X is priced for € R and the seller selects a
hedging strategy ¢ € O, her shortfall and shortfall risk are defined by (—x — Gp(9) + X) vV 0
and E[l(—z — Gr(U) + X)], respectively.

In order to determine whether a price of X is a good deal price or not, we presume that the
seller selects a constant > 0, which is called a threshold level in this paper. That is, a price
r € R is a good deal price of X for her if there exists a ¥ € © such that z +Gr(J) — X € A,
where A? := {Y € X|E[I(-Y)] < d}. Note that z + G () — X is required to be in X. Hence,
the lower bound B? of good deal prices is given by

B* = inf{z € R| there exists a ¥ € © such that z + G7(¥) — X € A°}.

In the case where § = 0, no matter which [ is selected, B* is given by inf{x € R| there exists a
¥ € © such that z + Gr(¥) > X}. This is why B* coincides with the superhedging cost. In
addition, B® may be regarded as a decreasing function on ¢. Similarly, we can consider the
upper bound B? of good deal prices for a buyer. Now, we assume a buyer with a loss function
1 and a threshold level §°. Note that any buyer or seller would select a different loss function
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and a different threshold level from others. Then, we have
B’ = sup{z € R/ there exists a ¥ € © such that —z + Gr(9) + X € A%},

where A% = {Y € X|E[I’(-Y)] < 6°}. Thus, the interval (B°, B*) must be called the good
deal bound of X induced by shortfall risk between the seller and the buyer.
In order to get a representation of B as well as B®, we define a functional p; on X as

(2.1) p1(X) := inf{z € R| there exists a 9 € O
such that = + Gr(¥) + X € A°}.

Note that B* = p;(—X), and B® = —p;s(X) with the threshold level §°. Hence, we have only
to obtain a robust representation of p; in order to represent the lower and the upper bounds
of good deal bounds induced by shortfall risk. Thus, the main aim of the paper is to obtain
representations of p; for various settings. Actually, the functional p; is a convex risk measure
on X. This fact will be proved in the next section under the Orlicz heart setting. Moreover,
the set A° is closely related to the acceptance set or the penalty function of p;. Thus, we
define it as a subset of X.

Ezample 2.1 (one period model). Consider a one period model with trading times ¢t = 0 and
1. In particular, we consider the case where the asset price process S is nonlocally bounded.
Let S be given by Sy = 1 and S; = |Y|, where Y is a random variable following a normal
distribution N(u,0?). We consider a European call option X := (S; — K)*, where K > 0.
The set © of all admissible strategies is given by R. Then, the superhedging costs of X for
sellers and for buyers are given by 1 and 0V (1 — K), respectively. Let the loss function [ be
the exponential type e” — 1 and the threshold level § > 0. Noting that [(x) = 0 for any x < 0,
we have

inf Bll(~1+ ¢~ (S~ 1) + X)]

<E[l(-14+e— (S —1)+X)]=E[l(e—S1 +(S1 — K)T)]
= Ell(e — S1)1s,<xy] + Ell(e — K)1(s, >3]

Sl 1 (y — ,u)2} 2e(ef — 1)
_ eyl 1 _ {_7 ay <2
/—a (e ) V27ro? P 202 = V2ro?

for any sufficiently small ¢ € (0, K), Hence, p;(—X), that is, the lowest good deal price for a
seller, is less than the superhedging cost 1.

Remark 2.2. In general, good deal bounds are induced by a performance measure, such
as the Sharpe ratio, the gain-loss ratio, or expected utilities. These bounds have nothing to
do with how to take the set © of all admissible strategies. On the other hand, the pricing
bounds treated in this paper take the structure of © into account. In other words, comparing
Theorems 4.1, 5.2, and 6.9, we see that representations of the functional p; change according
to the definitions of admissible strategies.

Remark 2.3. Xu [25] proposed the concept of the risk indifference valuation, which is a
valuation method for claims by using a convex risk measure. Given a convex risk measure p
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and an initial liability L which is an Fpr-measurable random variable, the selling price of a
claim X is defined as

inf {a; € R| 191161&/)(3: +Gr(¥)—L—-X) < glel(gp(GT(ﬁ) - L)} .

We can define the buying price in a similar way. It was pointed out that these prices form a
good deal bound. Although the mathematical setting in [25] is slightly different from ours,
this problem is closely related. Actually, the risk indifference valuation based on p; was
mentioned there. Its selling price of X is given by p;(—X) — p;(0), which is subtly different
from B* = p;(—X) if L is given by 0. However, [25] did not discuss any robust representation
result on convex risk measures.

Throughout the paper, we consider p; on an Orlicz heart generated by a loss function.
That is, we take an Orlicz heart as X. Thus, we have to introduce terminologies and concepts
on Orlicz spaces. A left-continuous nondecreasing convex nontrivial function ® : R, — [0, o]
with ®(0) = 0 is called an Orlicz function, where ® is nontrivial if ®(z) > 0 for some x > 0
and ®(x) < oo for some x > 0. When & is an R -valued continuous, strictly increasing Orlicz
function, we call it a strict Orlicz function in this paper. Note that, for any strict Orlicz
function ®, we have ®(z) € (0,00) for any = > 0 and lim,_,,, ®(x) = oco. Moreover, a strict
Orlicz function ® is differentiable a.e. and its left derivative ®’ satisfies

Note that @’ is left-continuous and may have at most countably many jumps. Define I(y) :=
inf{z € (0,00)|®'(x) > y}, which is called the generalized left-continuous inverse of ®'. We
define ¥(y) := [} I(v)dv for y > 0, which is an Orlicz function called the conjugate function
of .

Remark 2.4. Any polynomial function starting at 0 whose minimal degree is equal to or
greater than 1 and whose coefficients are all positive is a strict Orlicz function. For example,
cxP for ¢ > 0, p > 1, 22 +32°, and so forth. Moreover, e* —1, e —x —1, (x+1)log(z+1) —x,
and x — log(z + 1) are strict Orlicz functions.

Now, we need the following definitions.

Definition 2.5. For an Orlicz function ®, we define three spaces of random variables:
Orlicz space: L® := {X € LO|E[®(c¢|X|)] < oo for some ¢ > 0},

Orlicz heart: M® := {X € LY\ E[®(c¢|X|)] < oo for any ¢ > 0}.
In addition, we define two norms:

Luxemburg norm: || X||¢ := inf {\ > 0|E [® (‘§|)] <1},
Orlicz norm: || X ||} = sup{E[XY]| |Y|le < 1}.

Note that M® ¢ L?® and both spaces L® and M® are linear. Moreover, if ® is a strict
Orlicz function, the norm dual of (M?®,|| - ||¢) is given by (LY, | - ||%).

Remark 2.6. In the case of the lower partial moments ®(z) = «?/p for p > 1, the Orlicz
space L? and the Orlicz heart M® are both identical to LP. In this case, the conjugate
function is given by 29/q, where ¢ = p/(p — 1), and MY = LY = L9. See Example 4.5.
xg(/g) < 00, then M? is identical to L®. For instance, ®(z) =
x —log(z + 1). Otherwise, M® must be a subset of L*—for example, ®(z) = ¢ — 1.

In general, if limsup,_, .,
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Hereafter, a strict Orlicz function @ is fixed arbitrarily, and [ is taken as the loss function
associated with ® as follows:

| ®(z) ifxz>0,
() '_{ 0 if 2 < 0.

Moreover, we fix a constant § > 0 and treat p; as a functional defined on M®. Thus, we take
M? as X, and A" is denoted by A° :={Y € M®|E[I(-Y)] < §}.

3. Convex risk measure property of p;. Follmer and Schied [15] have proved that,
roughly speaking, p; defined by (2.1) becomes a convex risk measure in the framework of
bounded claims and discrete time trading. In this section, we try to extend their result to
the framework of Orlicz hearts and continuous time trading. Recall that the set © of all
admissible strategies is a convex subset of S-integrable predictable processes including 0. Let
PY be the set of all probability measures absolutely continuous with respect to P and having
LY-density with respect to P, that is,

PY .= {Q < P|dQ/dP ¢ L"}.

Next, we state the standing assumption of this paper.

Assumption 3.1. p;(0) > —oo.

Assumption 3.1 is used to prove only the properness of p; in Proposition 3.3. There
are many examples satisfying this condition. Now, we introduce a sufficient condition for
Assumption 3.1.

Ezample 3.2. We assume that there exists an m > 0 such that infycg E[l(m—Gr(9))] > 0.
This condition would be very similar to the no-arbitrage one. Under this assumption, we can
find a ¢ > 1 satistying infycg E[l(cm — Gp(¥))] > 6 by the convexity of ©. Thus, p;(0) > —oo.

In Cheridito and Li [10], a convex risk measure on an Orlicz heart ) is defined as a
(—o00, +oo]-valued functional p on ) satisfying the following:
(1) Properness: p(0) € R and p > —oo0.
(2) Monotonicity: p(X) > p(Y) for any X,Y € ) such that X <Y.
(3) Translation invariance: p(X +m) = p(X) —m for X € Y and m € R.
(4) Convezity: p(AX + (1 = N)Y) < Ap(X) 4+ (1 = AN)p(Y) for any X, Y € Y and X € [0, 1].
First, we prove the following proposition.
Proposition 3.3. p; is an R-valued convex risk measure on M®.

Proof. 1t is clear that p; is translation invariant and monotone. We prove the convexity.
Denoting A° — Gr(9) := {Y — Gr(9)|Y € A} for any ¥ € ©, we have, for any X € M?,

pi(X) = inf {z € R| there exists a ¥ € © such that z + Gr(9) + X € A"}
= inf {z € R| there exists a ¥ € © such that z + X € (4° — Gr(v))}

:inf{x ERJz+X € U(AO—GT(vQ))}.

YeO

Note that, although a union of convex sets is in general not convex, the set (Jycq(A°—Gr(0))
becomes convex by the convexity of © and the linearity of Gp. Let X; and X, be in M?®.
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For any 1 > pi(X1), z2 > pi(X2), and X € [0,1], we can easily prove Az; + (1 — A)zg >
pi(AX1 + (1 — A\)X3). By the arbitrariness of z; and xs, the convexity of p; follows.

Next, we prove the properness of p;, that is, p;(0) € R and p; > —oo. It is clear that
p1(0) < 0. The rest is to prove p; > —oo. Suppose that there exists an X € M? such that
p1(X) = —oo. The convexity of p; yields that

pr(AX) < Api(X) + (1 = A)pi(0) = —o0

for any A € (0,1]. Thus, we may assume that E[l[(X)] < 6/2. Since p;(0) > —oo, there exists
an m > 0 such that E[l(m — Gr(9))] > § for any ¢ € ©. Then, since p;(X) = —oo, there
exists a 9% € © such that

§ < inf Ell(m — Gr(9))] <

Jeo %E[l(Qm—GT(ﬁX) ~ X))+ %E[Z(X)] <

] w

o,

which is a contradiction. Hence, the properness is obtained.

Finally, we prove that p; < oo. Since 9 = 0 belongs to ©, we have, for any X € M2,
pi(X) < inf{m € R|E[l(—m — X)] < §} < +o00. The last inequality is implied by the fact
E[l(—m — X)] — 0 as m tends to co by the dominated convergence theorem. |

Note that (M®,] - ||s) is a locally convex Fréchet lattice with order continuous topology
(see [5] or Aliprantis and Border [1]). Corollary 1 of [5], together with Proposition 3.3, implies
that p; is represented as

(3.1) (X)) = max {Fo[~X] — a(Q)},

where a; : P¥ — R is the convex conjugate of p;, which is called the minimal penalty function.
Note that a; is given by

(3.2) a;(Q) == sup {Eg[—X]|—pm(X)}.
XeM®

In order to obtain a representation of a;, we need some preparations. First, we define two
acceptance sets before stating a significant lemma:

(3.3) Ay = {X € M¥pi(X) < 0}
and

A= {X € M?®| there exists a ) € ©
such that X + Gr(9) > Y for some Y € A°}.

Then, we can prove that p;(X) = inf{m € Rlm + X € A}(=: p (X)) by the very definition
of A. Thus, by Remark 4.16(c) of Follmer and Schied [16], we have a;(Q) = sup v 1 Eo[—X].
Since only the L*-case was discussed in [16], we try to give another proof of this fact just to

be sure.
Lemma 3.4. ;(Q) = supXegEQ[—X] for any Q € PY.
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Proof. By (3.2) and (3.3), we have

(3.4) sup Egl-X] < sup {Eg[-X] - pi(X)}
XeA, XeA,
< sup {Eg[-X] — (X))} = a(Q)
XeM®

Since p; = p 3, we have Ac A,,. Hence, (3.4) implies

(3.5) (@) > sup Eq[-X] > sup Eg|-X].
X€Ap Xed

Note that the translation invariance of p; implies that
(3.6) EqQ[-(X +m)] — p(X +m) = Eg[—X] — p(X)

for any m € R, X € M®, and Q € PY. Since {X € M®|p/(X) = —£} C A for any € > 0, we
have

a(Q) = sup {EQ[-X]—p(X)} = sup  {Eg[—X] - p(X)}
XeM® XeM®,p(X)=—¢
= sup Eqgl—X]+¢e < sup Eg[—X]+¢
XeM® p(X)=—¢ XeA

for any € > 0. The second equality holds due to (3.6). Thus, we have a;(Q) < sup_ 7 Eq[—X].
Hence, we can conclude, together with (3.5), that a;(Q) = sup . 7 Eq[—X]. [ |

Based on the above preparations, we prove the following representation result of the convex
risk measure p;.

Proposition 3.5. The convex risk measure p; is represented as, for any X € M,

o1 d
(3.7 pX)= Jnax, {EQ[—X] A Eq[-X'] - inf 5 {5+E [\If (Ad—gﬂ }} ;
where

(3.8) Al = {X1 € M?| there exists a ¥ € Osuch that X' + Gr(9) > 0 P-a.s.}.

Proof. For any X € A, there exist a9 € © and a Y € A° such that X + Gp(9) > Y, that

is, X =Y + Gr(¥) > 0. Hence, X —Y € A!, that is, A = {X! + X0 X! € A}, X0 € A"}
Thus, Lemma 3.4 implies that, for any Q € PY,

(3.9) a(Q) = sup Fo[~X] = sup sup Eo[-X* — X°]
XeA X1leAl X0eA0
= sup {EQ[—X1]+ sup EQ[—XO]}
XleAt X0e.A0

= sup Fg[-X']+ sup Eg[-X"].
XleAt X0eA0
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Consequently, (3.9) implies that

pi(X) = max {Eq[-X] — a(Q)}

QePY
(3.10) = max {EQ[—X] — sup Eg[-X'— sup EQ[—XO]}.
QePY XleAl X0eA0

Moreover, by the same sort argument as in Theorem 10 of [15], we can obtain that

! aqQ
Eo[-X = inf =6+ E | [\ -2 )
o, Fel= X i&m{ " { <dp>}}

This, together with (3.10), completes the proof of Proposition 3.5. [ ]
Remark 3.6. We can extend the above result to more general cases. Let GG be a convex set
of Fr-measurable random variables including 0. We can rewrite the definition of p; as follows:

pi(X) := inf{z € R/ there exists a g € G such that = + ¢+ X € A°}.

Under this definition, p; must be represented in the same way as in Proposition 3.5.

4. Unconstrained portfolio. We consider the case where ©, which is the space of all
admissible strategies, forms a linear subspace of M®. Let L(S) be the set of all S-integrable
predictable processes. Denoting OM := {9 € L(9)|Gr(¥) € M®}, we regard OM as the
collection of admissible strategies. Note that ©M is linear. We shall introduce a representation
theorem for p; under this setting and some examples.

Now, we define the set of martingale measures as follows:

(4.1) MY = {Q ¢ PY|Eg[Gr(9)] = 0 for any 9 € @M} .

The following theorem is the main result of this section. The proof is strongly dependent on
the linearity of @M.
Theorem 4.1. Let © be given by OM. Suppose that MY # 0. The convex risk measure p;

is represented as
. o1 dQ

for any X € M®.

Proof. By Proposition 3.5, we have only to calculate sup y1c 41 Eg[—X']. For any X! € Al
there exists a ¥ € ©M such that X! > Gr(—9). Thus, supyic g1 Fg[—X1] < supyeom Eg[Gr(9)].
On the other hand, since Gr(9¥) € A! for any ¥ € ©M we have supyic 4 Eg[—X1] >
supgeem Eq[—Gr(V)] = supyegm Eg[Gr(9)]. The linearity of ©M and (4.1) imply that

sup Eg[-X'] = sup Eg[Gr(v)] =

{ 0 ifQeMY,
XleAl YoM

0o if Q¢ MY,

which completes the proof of Theorem 4.1. |
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Remark 4.2. We have to remark that the assumption MY # () does not ensure the no-
arbitrage condition, which is exemplified as follows: Consider a one period model. The price
process S is defined as follows: Sy = 0 and Sy follows the exponential distribution with
parameter 1. Thus, this model includes arbitrage opportunities. Let ®(z) = e¢* — 1. Thus,
OM = {0}. Hence, MY is given by {Q < P|dQ/dP € L¥}. Note that each element of MY

is not a martingale measure. R R
Corollary 4.3. For any Q € MY, if we find a Ag > 0 satisfying § = E[@(I(AQ%))], then
we have

(12) @ = o | (Ra38 )|

Recall that I is the generalized left-continuous inverse of the left derivative ®'. Note that we
can find such a \q at least when I is continuous.
Proof. For any A > 0, we have

1 dQ < dQ
— EU () \—= > FE
by Young’s inequality. Moreover, we have %{5 +E [\IJ(XQ%)]} = Eg[l (XQ%)]. Therefore,
Q
(4.2) holds. [ ]

We introduce three typical examples.
Ezample 4.4 (expected shortfall). Let ® be ®(z) = x. Its conjugate is given by

0 if y <1,
4+oo ify>1.

¥ = {

Denoting M%¥ := {Q < P|dQ/dP € L>, Eg|Gr(9)] = 0 for any ¥ € ©M}, we have then

- g - ]}

QEMbdd

Ezample 4.5 (lower partial moments). Let ® be given by ®(z) = 2P/p for p > 1. Note that
M® = L* = [P and MY = LY = L9, where ¢ is the conjugate index of p. Example 13 of [15]
implies that

Sl

a(Q) = (pd)

dpPil,

Thus, p; is represented as

Sl

pi(X) = max {EQ[—X] — (pd)

%)
TS )
dpP{l,
where M1 is the set of all absolutely continuous martingale measures whose density is in the
space L9.
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Ezample 4.6 (exponential loss functions). If @ is given by ®(z) = C'(e** — 1), where C > 0
and a > 0, then ®(z) = Cae®®, and I(y) = +log &= when y > Ca. Hence, for y > Ca, we

have y ’ y
Note that L>® ¢ M® c LP ¢ LY c L! for any 1 < p < co. Define M/ := {Q < P|H(Q|P) <
00, Eg|Gr(9)] = 0 for any ¥ € ©M}, where H(Q|P) = E[%log %]. For any Q € M/, we

~

denote by g a real number satisfying E[®(] (XQ%))] = . Then, Corollary 4.3 implies that

3,99
()]

5. W-admissible case. In this section and the next, we shall investigate models with
portfolio constraints. That is, we shall obtain representation results of p; when © is not a
linear space. In this section, we consider a model with cone constraint, which is so-called
W-admissibility. As for a financial interpretation of W-admissibility, see Biagini and Frit-
telli [3]. From the viewpoint of Proposition 3.5, all we have to do is to calculate the term
supyie 1 Fol—X1'] in (3.7), where the definition of A! is given in (3.8). Hereafter, we fix an
Fr-measurable random variable W such that W > 1 and W € M®. Moreover, we define

1
X) = max { Ep|-X|—- —-FE
plX) Qer{ ol-X] - ~Eq

(5.1) OW .= {0 € L(S)| there exists a ¢ > 0 such that G;(9) > —cW P-a.s.
for any ¢t € [0,7T]}.

We will use the following lemma not only in this section but also throughout the paper.
Lemma 5.1. Suppose that © C OW. For any Q € PY, we have

sup Fg[—X'] = sup Eg[Gr(9)).
XleAl YeO
Proof. For any ¢ > 0 and any ¢ € ©, there exists a ¢ > 0 such that —cW < Gp(9) AW <

¢W. Thus, we have Gp(9) AW € M® and —(Gr(9)AeW) € Al for any ¢ > 0. The monotone
convergence theorem implies that

(5.2) sup Eq[Gr(9)] = sup lim Eg[Gr(¥9) AcW] < sup Eg[-X'].
SC] Ye@ =00 XleAl

On the other hand, for any X! € A!, there exists a 9 € © such that Gp () > —X'. Hence, we
have supyi1e g1 Eg[—X!] < supyeg Eg[Gr(9)]. Together with (5.2), this completes the proof
of Lemma 5.1. |

We regard ©W as the set of all admissible strategies. In other words, © coincides with
OW. We define the set of all absolutely continuous o-martingale measures as

M? :={Q < P|S is a o-martingale under Q}.

Moreover, a nonnegative random variable Y is said to be suitable if
1. Y >1, and
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2. for each i = 1,...,d, there exists a ¥ € L(S?) such that P({w| there exists a ¢ € [0, 7]
such that ¥(w) = 0}) = 0 and |fg VidSt <Y for any t € [0,T], P-a.s.

We state the main theorem of this section. In the W-admissible case, p; has the same rep-
resentation as in the unconstrained case discussed in the previous section, except for replacing
MY by M°.

Theorem 5.2. Let © be given by ©W. Suppose that M NPY # O and W is suitable. For
any Q € PY, we have then

vl 0 ifQGMU,
g melx={ PG

pX) = Jwax {EQ[_X] Y {5+E [\P < jg)] }}

for any X € M®.
Proof. Step 1. By Proposition 19(d) of Biagini and Frittelli [4], we have

Hence, we have

(5.3) M NPY ={Q € PY|G(Y) is a Q-supermartingale for any ¢ € ©"'}.

Thus, when @ € M N PY, Eg[Gr(9)] < 0 for any ¥ € OW. The fact 0 € OV implies
supgecow EQ[Gr(9)] = 0. Together with Lemma 5.1, sup y1 41 Eg[—X '] = supgeew Eg[Gr (V)]
=0 for any Q € M? NPV,

Step 2. Suppose that @ € PY and Q ¢ M?. Then, there exists a 9 € ©" such that G (1)
is not a @Q-supermartingale from the viewpoint of (5.3). Now, we define, for 0 <ty <ty <T
and ¥ € OW,

(5-4) Ut t2;0) := {EQ[G, (V)| F1,] > G, ()}

Then, there exist t1,ty € [0,7] with ¢; < to and a ¥ € ©W such that Q(U(t1,t2;9)) > 0.
Otherwise, we have Eq[Gy,(9)|F,] < Gy (9) for any t1,t2 € [0,T] with ¢; < t3 and any
¥ € ©W. Substituting t; = 0, we have Eg[Gy,(19)] < 0 for any ¢ € [0,7] and any ¥ € OW.
Incidentally, for any ¥ € ©W, there exists a ¢ > 0 such that G¢(¥) > —cW for any t € [0, 7]
by (5.1). Thus, G¢(9) € LY(Q) for any t € [0,7] and any ¥ € ©W. Hence, G(9) is a
Q-supermartingale for any ¥ € ©W. This is a contradiction.

Now, for t € [0,T], k > 1, and ¥ € O, we define

B(t, ks 9) = {Gu(9) < k}.
Then, for any ¢ € [0,7] and any ¢ € OW, Q(U2, B(t, k;9)) = 1. Taking a sufficiently large
k > 1, we have Q(U(t1,t9;9) N B(ty, k; 19)) > 0. Note that, denoting U = Ul(ty,t2;9) N
B(t1, k;9), we have U € F;,. We construct 9 by using 9 as follows:

v 0 iftgtlort2<t,
(5:5) V= { 150, iftg <t <t
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We_have Gy, (5) < k < kW on U. Moreover, since 9 € @W, there exists a ¢ > 0 such that
Gi(¥) > —¢W for any t € [0,T]. By (5.5), we obtain, for any ¢t € [0, 7],

Gi(9) > —(+ k)W,
that is, 9 € ©W. As a result, (5.4) and the definition of U yield

EQlGr(9)] = Eq[ly(Gt,(9) — Gy (9))]
= EQUU(EQ[GQ (5)‘]_;51] Gt1( ))] > 0.

Since ¢ € ©W for any ¢ > 0, we can conclude that supyeow Eg[Gr(¥)] = +00. [ |

6. Predictably convex case. A family of semimartingales S is said to be predictably convez
if, for any S', S? € S and any [0, 1]-valued predictable process h, IN hdSl—I—fo'(l—h)dS2 belongs
to S. In this section, let S be a predictable convex subset of G(0"W) = {G(9)[¥ € OW}.
We denote by ©F the corresponding subset of ©W to the fixed S. That is, we can describe
S = {G(W)[Y € ©%}. Throughout this section, we regard ©° as the set of all admissible
strategies. Examples of S satisfying the above conditions shall be discussed in subsection 6.3.
Now, we introduce an example of the case where ©"W is not predictably convex.

Example 6.1 (0" is not necessarily predictably convex). Let d = 1. We consider a discrete
time model with maturity 3. Let Z1, Zs, Y7, and Y5 be four independent random variables.
Suppose that Z;,7 = 1,2, takes values in {1,2,...}, and Y;,7 = 1,2, in {—1, 1}, respectively.
Let Fo = {0,Q}, F1 = 0(Z1), Fo = 0(Y1,Z1), and F3 = (Y1, Ys, Z1, Z3). Moreover, the asset
price process S is given by So = 51 =0, S2 = Z11yy,—1} — l{y;—_1}, and

S3 = (S2 + Dlyyi—1vo=1} — Z2lyyi=1,vs=—1} — L{vi=—1}-

Suppose that Zo € M®. Put W = Zy + 1.

For instance, letting 1 = 1 and 99 = V3 = Zl_l, we have |G¢(9)| < W for t = 1,2,3.
Thus, W is suitable. Next, letting 9* = 1, we have Gy(9') > —Z5 for t = 1,2,3, which
means 9! € OW. However, letting ¥? = 93 = 0 and 93 = 1, we have G3(9?) = —Z; — Z»
on {Y; = 1,Y; = —1}. Since Z; is independent of Z, we get 92 ¢ ©W. Hence, ©W is not
predictably convex.

6.1. Upper variation process. Before stating the main theorem of this section, we need
some mathematical preparations. We first define

(6.1) P(S) :={Q < P| there exists an increasing predictable process A
such that G() — A is a Q-supermartingale for any 9 € ©5}.

We can now prove the following lemma.

Lemma 6.2. If Q € P(S), then, for any ¥ € ©F, G(¥¥) is a special semimartingale under
Q.

Proof. By (6.1), for any Q € P(S), there exists an increasing predictable process A%
satisfying that G(0¥) — A® is a Q-supermartingale for any ¥ € ©S. Now, we denote by

— AY the Doob decomposition of G(1) — A9, where M? is a Q-local martingale, and A?
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is an increasing predictable process null at 0. See Theorem VII.12 of Dellacherie and Meyer
[12]. Then, we have G () = MY — AY 4+ A%, which gives a canonical decomposition of G(?9)
under Q. [ |

Unless otherwise stated explicitly, for @ € P(S), we denote by M"Y + A” the canonical
decomposition of G(19) under Q. Note that this decomposition M? 4+ A” depends on Q. Now,
for @ € P(S), we define

A= {A%9 € 65},

Note that the set A depends on (. In particular, when @ ¢ P(S), we are not necessarily
able to define A. In addition, for two stochastic processes X and Y, we define an order < as
follows:

X 2 Y <Y — X is an increasing process.

Remark 6.3. For any A € A, we can construct an increasing process Ac A by modifying
A. Denote
17 dAt > 07
ht =
0, dA; < 0.

Note that h is a [0, 1]-valued predlctable process. Defining A, = fo hsdAs, Ais an 1ncreas1ng

predictable process satisfying A < A. The predictable convexity of S implies that Ac A By
taking A instead of A if need be, we can regard every element of A4 as an increasing predictable
process.

Remark 6.3 will be used in many places. Now, we need to prepare one more lemma.

Lemma 6.4. For Q € P(S), the ordered set (A, =) is directed upward.

Proof. Let A', A% € A. Define By := (A} + A? + fg|dA§ — dA?|). By the proof of
Lemma 2.2 of Kramkov [22], there exists a {—1,+1}-valued predictable process h satisfying
fg |dAL — dA?| = fo hs(dAl — dA2%). Hence, we can denote B; = fg 1+—2hSdA; + fg 1_2h5 dA?,
and the predictable convexity of S yields B € A. Moreover, A! < B holds, since B; — A} =
fg (dAL — dA?)~. We obtain A2 < B in the same manner. As a result, (A, <) is directed
upward. [ |

For any A', A2 € A, we denote the above B by A!V A2. An increasing predictable process
AS is called an upper variation process of the ordered set (A, <) if A satisfies the following
two conditions:

1. A=< AS for any A € A;
2. if an increasing predictable process A satisfies A < A for any A € A, then A° < A
holds.
We can prove the existence of an upper variation process and its integrability. The following
lemma will be essential in proving the main theorem in this section. Note that Lemma 2.1 of
Follmer and Kramkov [13] proved a result very similar to the following lemma.
Lemma 6.5. Let Q € P(S). We have the following three assertions:
(a) An upper variation process A of (A, =) erists.
(b) There exists an increasing sequence (A™),>1 of (A, <) such that A} 1 A Q-a.s. for any
te[0,7].
(©) BqlAS] < ox.
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Proof. We prove this lemma in a similar way to Theorem A.32 of Féllmer and Schied [16].

Step 1. Since Q € P(S), there exists an increasing predictable process A% such that
G(¥) — A® is a Q-supermartingale for any ¥ € ©°. Taking ¥ = 0, —A? itself is a Q-
supermartingale. That is, Eg [A%] < 00. Since A9 — AV is increasing by the proof of Lemma
6.2, we have Eg[AY] < EQ[A% < oo for any ¥ € ©°.

Step 2. Let B C A be a countable set. Thus, we can denote B = {A!, 4%, ...}. We then
define inductively Al := A! and AF := AR v AR for k> 2. Clearly, we have Al < A2 <... )
and A¥ € A for any k > 1. Let B := {gl,gz, ... }. Considering B instead of B, we may
assume that every countable subset B = {A!, A% ...} has the monotonicity in the sense of
that A' < A2 <.,

Now, we define, for any countable set B, A8 := lim,_,., A} for any t € [0,7]. The
monotone convergence theorem implies that Eg[AP] = lim,, o Eg[A}] for any t € [0,7].
Note that the stochastic process AB is an increasing predictable process. Denoting

(6.2) o = sup{Eg[A%] | B C A countable},

a is finite by Step 1. We take a sequence (B"),,>1 of countable subsets of A so that Eg[A2"] 1 «
asn — oo. Letting B* := U2, B", B* is countable and satisfies Eg[A%'] = a. Without loss of
generality, B* is denoted by {A*!, A*2 ...} such that A*! < A%? < ... and A}" — AP Q-
a.s. as n — oo for any t € [0, 7.
Step 3. In order to complete the proof of Lemma 6.5, we have only to prove that A8" is
an upper variation process of (A, <). First, we shall prove that A < A8 for any A € A.
Fore >0, A€ A, and 0 < t; <ty < T, we define

D(t1,te, A) i= {(Ay, — Ay,) — (AD — A7) > e}

Assume that there exist € > 0, Ae A, and 0 < t; < ty < T such that Q(D(t1,t2;¢, g)) > 0.
Thus, we have Q({AF™ — AII’N < e/2} N D(ty,t2;¢, A)) > 0 for any sufficiently large number
N, where (A*"™),>1 is the sequence of increasing processes that appeared in Step 2; that is,
A*™ converges increasingly to A" as n tends to co. For such an N, denote A := AV ASN.
Then, we have Q(A, > AP") > 0. Defining A=AV AN for | > 1, we have Eg[A5] <
limg o0 Eg [Z];«] That is, there exists an A’ € A such that Eg[AS] < Eg[A%]. Letting
B := B* U {A'}, we have Eg[A}] > Eg[AE] = a, which contradicts the definition of a,
since B’ is countable. Thus, Q(D(t1,t2;¢,A)) = 0 for any ¢ > 0, any A € A, and any
0<t1 <ty <T, thatis,AjAB* for any A € A.

Step 4. Let B be an increasing predictable process such that A < B for any A € A. We
prove that A%” < B as the last step of the proof. Defining

Dt17t2 = {Ag* - Afj > Bt2 - Bt1}7 0< th <ty < T,

we assume that Q(Dy, +,) > 0 for some 0 <t} <ty <T.
Denoting
AB if t <ty,
ét = AE* +Bt—Bt1 lftl <t§t2,
AP LB, — By + AP AP it )
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we have
(6.3) Q(AE" > Bi,) = Q(Dyy 4,) > 0.

Note that A < A5 and A < B for any A € A. Thus, A < B for any A € A. This fact,
together with (6.3), contradicts that AP = lim,_,, A;" for any ¢t € [0,T], and each A*"
belongs to A. Hence, Q(Dy, 1,) = 0 for any 0 < t; < to < T, that is, A5 < B. [ |

From the viewpoint of Lemma 6.5, we obtain the following proposition. In addition to
this, we introduce one corollary, which is proved immediately by the proof of Proposition 6.6.

Proposition 6.6. Let Q € PY. Then, Q € P(S) if and only if
(1) G(¥) is a special semimartingale under Q for any ¥ € ©°, and
(2) an upper variation process AS exists with Eg[AS] < oo.

Proof. The “only if” part has been proved by Lemmas 6.2 and 6.5(c). We prove the “if”
part. Note that, when condition (1) holds, the ordered set (A, <) is well defined; that is,
condition (2) becomes meaningful.

Fix ¢ € ©° arbitrarily. There exists then a constant ¢ > 0 such that, for any ¢ € [0, 7],
Gi(9) > —cW and W € LY(Q), since Q € PY. Let (7,)n>1 be a localizing sequence of M.
For any 0 < t1 < to < T, we have

EQ[Gtz (19) - A;‘ZLBJ = EQ[lif_l)iO%f(Mtz/\T” + AZAT”) - Ag‘ftl]

n—o0

n—oo
< MP + EglA}, — A |F,]
<MY+ A — AT =Gy (9) — A7

The first inequality is given by the Fatou lemma, the second equality the martingale property
of the stopped process (M 79)7", the second inequality the increasing property of A”, and the
last inequality the fact that AY < AS, respectively. Hence, Q € P(S). [ |

Remark 6.7. Although we treat AY as an increasing process in the above proof, we can
extend it to the case where AY is not increasing.

Corollary 6.8. Let Q@ € PY. Then, Q € P(S) if and only if AS exists and G(9) — A® is a
Q-supermartingale for any ¥ € 5.

6.2. Main theorem. At last, we state the main theorem of this section. By using an
upper-variation process, the representation of the first term of the minimal penalty function

will be given.
Theorem 6.9. Let © be given by ©°. Suppose that P(S) NPY # 0. For any Q € PY, we
have then

Con [ BqlAS] i QeP(S),
(6.4) Sup Fol-X'] —{ T ifQEPS).

Hence, we have

pi(X) = perax {EQ[—X] ~ BqlA7] ~ iﬂ%% {5 +E [\I’ <>\Z_g>] }}
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for any X € M®.
Proof. Step 1. Let Q € P(S). Corollary 6.8 implies that Eq[Gr(9)] < Eg[A$] for any
¥ € ©°. Thus, we have

(6.5) sup Eq[Gr (V)] < Eq[A7)-
€S

Let (9")p>1 C ©° be a sequence such that the corresponding sequence AY" is increasing in
the order <, and AY" 1+ AY Q-a.s. for any t € [0, T]. The existence of such a sequence is ensured
by Lemma 6.5(b). Let (7/');>1 be a localizing sequence of M?". Then, A%ﬂ? +AY Q-as.

as k — oo. Indeed, this convergence holds in L'(Q), too, because A‘; € LY(Q). Take ¢ > 0
arbitrarily. Then, for each n > 1, we can take a sufficiently large number k(n) to satisfy
that Eg[AY" — A%\T&n)] < €/2. Denoting 0" := Th(n)> We have Eq [AS — AY ] < e for any
sufficiently large number n, since Eg [A% — A%n] < €/2 holds for any sufficiently large number
n. Noting that G(9)°" € S because the predictable convexity of S, we obtain, for such a

sufficiently large number n,

Sup, EQ|Gr(9)] = EqlGr(9")7"] = Eq[Ap,n] > EqlAF] —e.
By the arbitrariness of &, we can conclude that supycgs Eq[Gr(9)] > Eg[AZ]. This, together
with (6.5) and Lemma 5.1, implies that (6.4) holds for any @ € P(S).

Step 2. We consider the case of @ ¢ P(S). We divide it into three cases from the viewpoint
of Proposition 6.6.

Case 1. Consider the case where condition (1) in Proposition 6.6 holds, A exists, and
Eg[A§] = +00. Assuming that o in (6.2) is finite, Steps 2-4 in the proof of Lemma 6.5 hold.
We have then Eg [Aé’:] = « < oo, which is a contradiction. Hence, o must be +oco. Then, for
any M > 0, there exists a countable subset B of A such that Eg [A?M] > M. Thus, there
exists an AM € BM such that Eg [AZ}/[ ] > M. Denoting by 9 the corresponding element of
0% to AM, and by (7);>1 a localizing sequence of M we have G(M)™" € S for any
k > 1. Thus, for any k > 1, the following holds:

sup Eq[-X'] = sup Eq[Gr(¥)] > Eq[Gr(v™)*'] = Eg[AY, ...
XleAl Y€OS k
Note that A% = AM . As k — 00,
sup Eo[~X'] > lim Eg[A}, ] = EqlA}] > M.

XleAl

By the arbitrariness of M, we obtain supyic g Eg[—X!] = +oo.

Case 2. We treat the case where condition (1) in Proposition 6.6 holds and A® does not
exist. Assuming that o in (6.2) is finite, Steps 2-4 in Lemma 6.5 hold. Thus, A® exists,
which is a contradiction. Letting @ = 400, the same argument as Case 1 provides that
supyie 1 Fol—X1] = +oo.

Case 3. Consider the case where condition (1) in Proposition 6.6 does not hold. We can
take some 9 € ©F such that G(9) is not a special semimartingale under ). Remark that G(v9)
is a semimartingale under @ by Theorem VII.45 of [12].
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Denote RY := supsefo,q |Gs ()] Theorem VII.25 of [12] says that RV is not locally Q-
integrable. Now, for any n > 1, we define 7" := inf{t > 0||G¢(9)| > n} AT. Then, there exists
an N > 1 such that Eg[R’y] = +oo. Let AN := {|G,()] < N for any ¢ € [0,7]}. Then,
Ry < N on AY. On the other hand, R’y = |G, ~(9)| on (AN)e.

Hence, we have

400 = EQ[RZZN] = EQ[IANREN + 1(AN)CR:_9N:|
< NQ(AY) + Bo[|G-~ (9],
which means Eg[|G,~(0)|] = +o00. Since GW)™" € S, there exists a ¢ > 0 such that
Gy(9)™ > —cW for any t € [0,T]. Thus, since W € L(Q) and |Gp(9)™" |1 <cW,

we have

{Gr )N <0}

TN TN
sup Bol=X"] = BalGr(0)™] 2 BollGr() g, o)) V]
S

> Egl|Gr(9)"" | — 2¢W) =

Hence, (6.4) holds. This completes the proof of Theorem 6.9. [ |

6.3. Examples. In this subsection, we shall introduce two examples of ©%. We aim to
illustrate examples of nonlocally bounded asset price processes. Thus, we treat exponential
compound Poisson processes as typical cases of continuous time asset price processes with
jumps. Furthermore, we shall calculate upper-variation processes for the first example. For
simplicity, we consider only the case of one-dimensional pure jump type models.

Let N be a Poisson process with parameter A > 0. Set T = 0 for j = 0, —1. For j > 1,
the jth jump time of N is denoted by T}. Let (Y});>1 be a sequence of i.i.d. (—1,c0)-valued
random variables which are independent of N, and Yy = 0. Define a compound Poisson process
Z as Z; = z Y;. The asset price process S is given by Sy = Sy€(Z):, where £ means the
stochastic exponentlal, and Sy > 0. In other words, S is represented as S; = Sy HZ]-V:to(l +Y),
which is a positive semimartingale.

Before stating the first example, we need some preparations.

Assumption 6.10. We assume the existence of W satisfying the following conditions:

1. WeM®
2. W > 1+ sup{|G¢(h)] : his a [0, 1]-valued predictable process, and t € [0,T}.
Note that such a W is suitable.

Proposition 6.11. Under Assumption 6.10, we fix two nonnegative constants k1 and ko and

define
@khkz = {19 € L(S)| —k1 <9< /{22}.

Then, Oy, i, 15 predictably convex and a subset of oW,

Proof. We have only to prove O x, C ©". Taking a ¥ € O, ,, there exists a [0, 1]-
valued predictable process h such that 9 = —kjh+ ko(1—h). Then, for any ¢ € [0, 7], we have
G1(9) = —k1Gy(h) + k2G¢(1 — h) > —kyW — koW. This completes the proof of Proposition
6.11. [ |

This proposition implies that, under Assumption 6.10, Oy, r, becomes an example of e°.
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Ezample 6.12. We consider the case where ®(z) = x2/2. Suppose that the random variable
Y; satisfies E[Y{] < oo. Taking

W := 1+ sup{|G¢(h)| : h is a [0, 1]-valued predictable process, and ¢ € [0, 7]},

we prove W € M®. Since we have, for any [0, 1]-valued predictable process h,

=0 =0 =0

it suffices to prove that E[Np Zf\fo S%] < 00. Denoting o := E[(1 4 Y7)?] > 0, we have

Nt [e'e) k
E NTZS%Z,] -3 E k:ZS%i‘NT:k P(Nr = k)
i=0 k=0 i=0
[e'e) k i
=> kY E|SS[[a+Y)?| P(Ny = k)
k=0 =0 =0
R T 01 ) LV . AD)* _yr
=D kY o e <SeY kY (o+1) e
k=0 i=0 ’ k=0 i=0 ’
e~ @D 1 AT a0 DPAT g
_SOZ pn (k_1)|e SSO pu o

B
Il
—

By Proposition 6.11, Oy, i, for any ki, ky > 0 is predictably convex. Denoting 7, =
Z; — E[Y1]Mt, we have that Z is a P-martingale. For any U € O, x,, we have Gy(¥) =
fot VSs_dZs = fot 9sSs—dZs + E[Y1]A fot ¥,Ss_ds. Note that the process S is positive. Thus,
by the definition of upper variation processes, we can see that P belongs to P(S) and its
upper-variation process Af is given by

45— ) Bk, 3 Ss—ds  if E[Yy] >0,
' —E[YANey [!Se_ds if E[Yy] <0,

In the next example, we consider the exponential loss function case.

Example 6.13. Suppose that Y7 belongs to the Orlicz heart M®, where ®(x) = ¢ — 1. For
instance, 1 + Y] has the same distribution as |Y|, where Y is a normal distributed random
variable. For any predictable process h, we have G¢(¢) = > J>0,T;<t U7, S7;_, Y. 1f 9 belongs
to the set

F = {9 € L(S)| ¥1;57,_, is [0, 1]-valued for any j > 0},

then |G¢(9)| < ZTng |Y;| for any ¢ € [0,T]. Let W be defined by

(6.6) W =1+ sup{|G¢(¥)| : ¥ € F,t € [0,T]}.
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‘We have

from which W € M? follows. We can define the set ©" associated with (6.6). Defining, for
two nonnegative constants k; and ko,

0% := {0 € L(S)| — k1 < 97,57, , < k» for any j > 1},

we can see that ©F is a predictably convex subset of © by the same argument as Proposition

6.11.
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Jump-Diffusion Risk-Sensitive Asset Management I: Diffusion Factor Model*

Mark Davis' and Sébastien Lleot

Abstract. This paper considers a portfolio optimization problem in which asset prices are represented by
SDEs driven by Brownian motion and a Poisson random measure, with drifts that are functions
of an auxiliary diffusion factor process. The criterion, following earlier work by Bielecki, Pliska,
Nagai, and others, is risk-sensitive optimization (equivalent to maximizing the expected growth rate
subject to a constraint on variance). By using a change of measure technique introduced by Kuroda
and Nagai we show that the problem reduces to solving a certain stochastic control problem in the
factor process, which has no jumps. The main result of this paper is to show that the risk-sensitive
jump-diffusion problem can be fully characterized in terms of a parabolic Hamilton—Jacobi—Bellman
PDE rather than a partial integro-differential equation, and that this PDE admits a classical (Cl’z)
solution.
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1. Introduction. In this article, we consider a finite time jump-diffusion version of the
risk-sensitive asset management problem of Bielecki and Pliska [5]. Fundamentally, our main
result is to show that the resulting stochastic control problem can be fully characterized by
a parabolic Hamilton—Jacobi-Bellman (HJB) PDE rather than a partial integro-differential
equation (PIDE) and that this PDE admits a classical (C'1+?) solution.

Risk-sensitive control is a generalization of classical stochastic control in which the degree
of risk aversion or risk tolerance of the optimizing agent is explicitly parameterized in the
objective criterion and influences the outcome of the optimization directly. In risk-sensitive
control, the decision maker’s objective is to select a control policy h(t) to maximize the
criterion

(1.1) J(x,t,h;0) = —élnE [e—aF(m)] 7

where t is the time, x is the state variable, I is a given reward function, and the risk sensitivity
f > 0 is an exogenous parameter representing the decision maker’s degree of risk aversion. A
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Taylor expansion of the previous expression around € = 0 evidences the vital role played by
the risk sensitivity parameter:

(1.2) b, 1 0) = B [Fa, 1, h)] — gVar (F(2,t, h)] + O(6).

This criterion amounts to maximizing E [F'(z,t, )] subject to a penalty for variance. For a
general reference, see Whittle [40]. Much of the recent literature concerns the infinite time
horizon problem:

0) = liminf — ¢! —~0f (a.h)
(1.3) Joo(z, h; 0) == hgg)lf—gt InE [e } .

This is interesting from a theoretical perspective but is not applicable to practical asset man-
agement because of the nonuniqueness of controls. Optimality in this sense is a “tail property”:
if h*(t) is optimal, then so is h(t) = h*(t)l7 + h(t)l;<p for any arbitrary process h(t) and
time 1" > 0. Of course, near-term decisions are the ones that are of primary importance to
investment managers.

In the past decade, the applications of risk-sensitive control to asset management have
flourished. Risk-sensitive control was first applied to solve financial problems by Lefebvre
and Montulet [29] in a corporate finance context and by Fleming [15] in a portfolio selection
context. However, Bielecki and Pliska [5] were the first to apply the continuous time risk-
sensitive control as a practical tool that could be used to solve “real world” portfolio selection
problems. They considered a long-term asset allocation problem and proposed the logarithm
of the investor’s wealth as a reward function, so that the investor’s objective is to maximize
the risk-sensitive (log) return of his/her portfolio or alternatively to maximize a function of
the power utility (HARA) of terminal wealth. They derived the optimal control and solved
the associated HJB PDE under the restrictive assumption that the asset and factor noise are
uncorrelated. This assumption is unrealistic, and it was later relaxed (see [8]). The contribu-
tion of Bielecki and Pliska to the field is immense: they studied the economic properties of
the risk-sensitive asset management criterion (see [7]), extended the asset management model
into an intertemporal CAPM [8], worked on transaction costs [6] and numerical methods [4],
and considered factors driven by a CIR model [9]. A major contribution to the mathemati-
cal theory was made by Kuroda and Nagai [26], who introduced an elegant solution method
based on a change of measure argument which transforms the risk-sensitive control problem
into a linear exponential of quadratic regulator. They solved the associated HJB PDE over a
finite time horizon and then studied the properties of the ergodic HJB PDE. Recently, Davis
and Lleo [12] applied this change of measure technique to solve, at a finite and an infinite
horizon, a benchmarked investment problem in which an investor selects an asset allocation
to outperform a given financial benchmark. The problem we consider is also related to the
vast literature on HARA utility maximization that has flourished in the past 50 years. This
literature includes a number of references related to risk-sensitive control, such as works by
Fleming and Sheu [17], [18], [19] or Hansen and Sargent [22] in the context of robust control.

Risk-sensitive asset management theory was originally set in a world of diffusion dynamics
where randomness is modelled using correlated Brownian motions. To our knowledge, the only
attempt to extend the risk-sensitive asset management theory from a diffusion to a jump-
diffusion setting was made by Wan [39], who briefly sketched a jump-diffusion extension of
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Bielecki and Pliska’s original infinite horizon risk-sensitive asset management model [5]. Wan’s
treatment is, however, restrictive, as it considers only a single Poisson process-driven jump per
asset and assumes that the underlying valuation factor risks and asset risks are uncorrelated.
Our paper addresses these two limitations. The setting of our control problem, which takes
place within a finite time horizon, allows for both infinite activity jumps in asset prices and for
a correlation structure between factor risks and asset risks. To solve this control problem we
extend Kuroda and Nagai’s powerful change of measure technique to account for the jumps.
One of the difficulties we face in extending this technique is proving that the optimal control
is admissible, as this requires showing that the Doléans exponential (2.9) associated with
this control is a martingale. In a pure diffusion setting, this would follow easily from the
Kamazaki condition or the Novikov condition. However, when the Doléans exponential does
not have continuous paths, as is the case in a jump-diffusion setting, proving that it is indeed
a martingale is more difficult, as only weaker partial results exist. This question is addressed
in the appendix of the present paper.

In this paper the asset price processes are modelled as jump diffusions whose growth rates
are functions of an auxiliary “factor” process X (t) which satisfies a linear diffusion SDE. Our
main result is that the risk-sensitive jump-diffusion asset management problem is equivalent
to an optimal control problem for a diffusion process (no jumps) and that the HJB equation
for the latter admits a unique classical C%2([0,T) x R") solution. Showing the existence
and uniqueness of a solution to a risk-sensitive control problem can prove difficult even in a
pure diffusion setting. For example, Bensoussan, Freshe, and Nagai [3] had to constrain the
behavior of the Hamiltonian in order to prove the existence of a classical solution. Still in
a pure diffusion setting, Fleming and Soner (see section V.9 in [20]) proved that the value
function is a continuous viscosity solution of the associated HJB PDE but had to assume
boundedness of all coefficients and of the derivatives of the reward function. No such strong
condition is required to solve the jump-diffusion problem considered in this article. In fact
all our assumptions arise naturally from the structure of the risk-sensitive asset management
problem. Uniqueness follows from a classical verification argument, while the proof of existence
relies on a policy improvement algorithm and on the properties of linear parabolic PDEs.

This paper is organized as follows. We first introduce the general setting of the model in
section 2 and define the class of random Poisson measures which will be used to model the
jump component of the asset dynamics. In section 3, we formulate the jump-diffusion control
problem and introduce the change of measure argument of Kuroda and Nagai [26]. In a pure
diffusion case, this is enough to transform the problem into a standard linear exponential of
quadratic regulator (LEQR) problem. In our jump-diffusion setting, the change of measure
simplifies the problem by associating the HJB PDE given in section 3.3, rather than the
expected PIDE containing nonlocal terms, to the value function. It is striking that an optimal
control problem for a jump-diffusion model has a solution that is characterized in terms of an
HJB PDE and not an HJB PIDE.!

Our main result is Theorem 4.3 in section 4. The proof depends on various technical
arguments which are given in sections 5 to 7. In section 5, we show the existence of a unique
optimal control before addressing two key questions in section 6. First, the admissibility of

!See Dksendal and Sulem [34] for a treatment of jump-diffusion control problems.
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the optimal control is no longer a priori guaranteed because the Doléans exponential defining
the Radon—Nikodym derivative does not have continuous paths. This point is addressed in
Propositions 6.3 and 6.4. Second, the risk-sensitive (RS) HJB PDE contains a jump-induced
control-dependent integral term: it is no longer possible to find an analytical solution, and
the existence of a strong, classical solution is no longer guaranteed. However, should we
be able to prove the existence of a classical C'? solution to the RS HJB PDE, then we can
prove uniqueness and resolve the control problem using a straightforward verification theorem,
presented in Theorem 6.1 and Corollary 6.2 in section 6.

In section 7, we address the existence and regularity of solutions to the RS HJB PDE. We
show, in Theorem 7.2 and Corollary 7.3, that the risk-sensitive jump-diffusion control problem
we consider admits a unique classical C12 ([0, T") x R™) solution. Showing the existence and
uniqueness of a solution to a risk-sensitive control problem can prove difficult even in a pure
diffusion setting. For example, Bensoussan, Frehse, and Nagai [3] had to constrain the behavior
of the Hamiltonian in their finite time horizon problem to prove the existence of a classical
solution. Still in a pure diffusion setting and over a finite time horizon, Fleming and Soner
(see section V.9 in [20]) proved that the value function is a continuous viscosity solution of the
associated HJB PDE but had to assume boundedness of all coefficients and of the derivatives of
the reward function. No such strong condition is required to solve the jump-diffusion problem
considered in this article. In fact all our assumptions arise naturally from the structure of the
risk-sensitive asset management problem. We obtain our result by applying an approximation
in policy space in a two-step process: first, we show existence on a bounded region and then
extend to the unbounded state space. With this result in hand, we have all the ingredients
needed for the proof of Theorem 4.3.

Up to this point, we have assumed that the factor process X () is directly observed by the
controller and therefore represents real economic factors: GDP growth, inflation, the S&P500
index, etc. We may, however, wish to use X (t) as an abstract latent factor, introduced to
model volatility of returns, in which case only the prices, and not X(¢), will be observed.
In section 8, we note that this problem, once adequately reformulated, can be solved using
a classical Kalman filter, as in [32], as the jump noise is absent from the dynamics of X (t).
While this is from a technical point of view a simple observation, it greatly enhances the
applicability of our results.

In a companion paper [14] we consider the case in which there are jumps in both the price
and factor processes. There the measure change technique does not remove the jumps and
the argument is substantially different.

2. Analytical setting.

2.1. Overview. The growth rates of the assets are assumed to depend on the n factors
X1(t),..., X, (t) which follow the dynamics given in (2.3). As in Kuroda and Nagai’s asset-
only model, the assets market comprises m risky securities S;, ¢ = 1,...,m. In contrast
to Kuroda and Nagai, we assume that the money market account process, Sy, is an affine
function of the valuation factors, which enables us to easily model a stochastic short-term
rate. Let M := n + m. Throughout, we will assume that m > n; this is needed in connection
with the “zero beta” policies introduced in section 7.1.

Let (Q,{F:},F,P) be the underlying probability space. On this space is defined an R -
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valued (F;)-Brownian motion W (t) with components Wy (t), k = 1,..., M. Moreover, let N
be an (F;)-Poisson point process on (0,00) x Z, independent of W (t), where (Z, Bz) is a given
Borel space.? Define

(2.1) 3:={U e B(Z),E[NtU) <oo Vt}.

Finally, for notational convenience, we fix throughout the paper a set Zy € Bz such that
v(Z\Zy) < oo and define

(22)  N(dt,dz)
[ N(dt,dz) — N(dt,dz) = N(dt,dz) — v(dz)dt =: N(dt,dz) if z € Z,
| N(dt,dz) if z € Z\Zy.

2.2. Factor dynamics. The dynamics of the n factors are expressed by the affine diffusion
equation

(2.3) dX(t) = (b+ BX(®))dt + AdW (),  X(0) ==,

where X (t) is the R"-valued factor process with components X;(t) and b € R", B € R™",
and A € R™M,

2.3. Asset market dynamics. Let Sy denote the wealth invested in the money market
account with dynamics given by the equation

dSo(t)

(2.4) o)

= (ap + AF X (t)) dt, So(0) = so,

where ag € R is a scalar constant, Ay € R" is an n-element column vector, and throughout
the paper 2T denotes the transpose of the matrix or vector .

Let S;(t) denote the price at time ¢ of the ith security, with ¢ = 1,..., m. The dynamics
of risky security 7 can be expressed as

dsi(t) N .
S = e AX @)t + k; oadWi(t) + /Z (N (dt, d2),
(2.5) Si(0)=s;, 1=1,...,m,

where a € R™, A € R™" ¥ = [oy], i=1,...,m, j=1,...,M, and y(z) € R™ satisfies
Assumption 1.
Assumption 1. v(z) € R™ satisfies

—1 <A™ < yi(z) <A < 400, i=1,...,m,

and ‘
—1 <A™ <0 <A™ < +oo, i=1,...,m,

(2 3

2Z is a Polish space and Bz is the Borel o-field. See Tkeda and Watanabe [23] for a formal definition of the
Poisson point process.
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for i = 1,...,m. Furthermore, define
S :=supp(v) € Bz

and -
S :=supp(v o 7_1) € B(R™),

where supp(-) denotes the measure’s support; then we assume that [T [ymin ymae] is the
smallest closed hypercube containing S.
In addition, the vector-valued function v(z) satisfies

(2.6) Iv(2)|*v(dz) < oo.
Zo
Note that Assumption 1 implies that each asset has, with positive probability, both upward
and downward jumps. As will become evident in section 3.2, the effect of this assumption is

to bound the space of controls. Relation (2.6) is a standard condition.
Define the set J as

(2.7) j::{he]R{m:—l—th/z<0 vwes},

and let J be the closure of 7. For a given z, the equation hT’y(z) = —1 describes a hyperplane
in R™. 7 is a bounded open convex subset of R™.

2.4. Portfolio dynamics. We will need the following assumptions.

Assumption 2. LT > 0.

The effect of this assumption is to prevent redundant assets. For example, we will not able
to model in our investment market a share and an option or futures on that share. However,
this assumption leaves us free to model a wide range of assets such as shares, bonds, and
commodity products as well as related indices.

Assumption 3. AAT > 0.

Let Gy := o((S(s),X(s)),0 < s < t) be the sigma-field generated by the security and
factor processes up to time t. An investment strategy or control process is an R"-valued
process with the interpretation that h;(t) is the fraction of current portfolio value invested
in the ith asset, ¢ = 1,...,m. The fraction invested in the money market account is then
ho(t) =1 =327 hi(t).

Definition 2.1. An R™-valued control process h(t) is in class H if the following conditions
are satisfied:

1. h(t) is progressively measurable with respect to {B([0,t]) ® G¢},~( and is cadlag;
2. P([f |h(s)|” ds < +00) =1Vt > 0;

3. W (t)y(z) > -1Vt > 0,2 € Z, a.s. dv.

Define the set I as

(2.8) K:={heHH:h(t,w) e T ae. dtxdP}.
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Lemma 2.2. Under Assumption 1, a control process h(t) satisfying condition 3 in Defini-
tion 2.1 is bounded.

Proof. The proof of this result is immediate. |

Definition 2.3. A control process h is in class A(T) if the following conditions are satisfied:

1. heH;

2. EX:’} =1, where X7, t € (0,T], is the Doléans exponential defined as

(2.9) Xt = exp{ 9/ h(s)TSdw, — —92/ h(s)TExTh(s)ds

/ /m (1= G(z, h(s))) N(ds, d2)

+ /0 /Z {ln(l—G(z,h(s)))+G(z,h(s))}u(dz)ds}

and

(2.10) G(zh) =1— (1+2Ty(2) "

We say that a control process h is admissible if h € A(T).

The proportion invested in the money market account is ho(t) =1 — > hi(t). Taking
this budget equation into consideration, the wealth, V(¢), of the investor in response to an
investment strategy h(t) € H follows the dynamics

v (¢)
V)

= (ao + AF X (t)) dt + hT (t) (a — apl + (A — 1A7) X (1)) dt

+ 1T () SdW; + / KT (t)y(2) N (dt, dz),
Z

with 1 € R™ denoting the m-element unit column vector and with V(0) = v. Defining
a:=a—apl and A:= A — 1Ag, we can express the portfolio dynamics as
(2.11)

—3‘(/,9) = (ao + AT X(t)) dt + n'(t) (a + AX (t)) dt + hT (t)SdW; + /Z WL (t)y(2)N (dt, dz)

with initial endowment V(0) = 0.
3. Problem setup.

3.1. Optimization criterion. We will assume that the objective of the investor is to max-
imize the risk adjusted growth of his/her portfolio of assets over a finite time horizon. In this
context, the objective of the risk-sensitive management problem is to find h* € A(T'), which
maximizes the control criterion

(3.1) J(x,t, h;0) = _% InE [e—Gan(t,m,h)} '
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By It6’s lemma, the log of the portfolio value in response to a strategy h is

InV(t)=Inv+ /Ot (a0 + A(J;X(S)) + h(s)T (d + AX(S)) ds — % /Ot h(s)'SxTh(s)ds

+ /t h(s)TSdW (s)
0

[ B ) — h ) wlde)as
(3.2) +/0 /Zln (1+n(s)"y(2)) N(ds,dz).
Hence,

e 0 V) — =0 ex t s, h(s))ds p XM,

(33 p{0 [ o n)as) x
where

g(z,h) = % 0+ 1)h'SETh —ag — ALz — W7 (a + Ax)
(3.4) +/Z {% [(1 + hT’y(z))_e - 1] + hT'y(z)JzO(z)} v(dz)

and the Doléans exponential x! is given by (2.9).

3.2. Change of measure. Let P, be the measure on (€2, Fr) defined via the Radon—
Nikodym derivative

For a change of measure to be possible, we must ensure that the following technical condition
holds:
G(z,h(s)) < 1.

This condition is satisfied iff
(3.6) R (s)y(z) > —1

a.s. dv, which was already required for h(t) to be in class H (condition 3 in Definition 2.1).
Condition (3.6) is endogenous to the control problem and can be interpreted as a risk man-
agement safeguard preventing the investor from investing in some of the portfolios if the jump
component of these portfolios could result in the investor’s bankruptcy.

Observe that Py, is a probability measure for h € A(T). Then

t
Wh=w,+6 / >Th(s)ds
0
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is a standard Brownian motion under the measure P, and we have (recall the notation defined

at (2.2))

/Ot 7 N"(ds, dz) / ZON (ds,dz) — /t {1 = G(z,h(s)} v(dz)ds

/ZONdsdz //ZO 1+hT ))_e}l/(dz)ds.

As a result, X (t) satisfies the SDE

(3.7) dX(t) = f(X(t),h(t))dt + AdW],  t€]0,T],
where
(3.8) f(z,h) = (b+ Bz — 0ASTh).

We will now introduce the following two auxiliary criterion functions under the measure
Py,:
e the auxiliary function directly associated with the risk-sensitive control problem:

T
(3.9) I(v,z;h;t,T) = —%lnEﬁx [exp {0/ 9(Xs, h(s))ds — Hlnv}] ,
¢

with E; , [-] denoting the expectation taken with respect to the measure P, and with
initial conditions (¢, x);
e the exponentially transformed criterion

- T
(3.10) I(v,x,h;t,T) := E?w [exp {9/ 9(s, Xs, h(s))ds — HIDUH ,
¢

which we will find convenient to use in our derivations.
We have completed our reformulation of the problem under the measure Py,. It is striking
that the asset allocation problem with jump-diffusion asset prices reduces to a stochastic con-
trol problem for a diffusion process, with dynamics (3.7) and reward function (3.9) or (3.10).

3.3. The risk-sensitive control problems under P;,. Let ® be the value function for the
auxiliary criterion function I(v,z;h;t,T). Then & is defined as

(3.11) O(t,z) = sup I(v,x;h;t,T).
he A(T)

We will show that ® satisfies the HJB PDE

0% —— (t,x) + sup Lh®(t,x) = 0, (t,x) € (0,T) x R",

3.12
( ) ot heT

where
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LI®(t,x) = (b+ Bz — 0ASTh(s))” D

1 0
(3.13) + 5t (AATD?®) — 5(D<1>)TAATD<1> — g(x, h),
and is subject to terminal condition
(3.14) O(T,z) =1Inwv, x € R".

Similarly, let ® be the value function for the auxiliary criterion function I (v,x;hyt, T). Then
® is defined as

3.15 O(t,z) = inf I(v,x:h:t,T).
(3.15) (t,x) wlih (v,2;h;t,T)

The corresponding HJB PDE is

(3.16) %—f(t, ) + %tr <AATD2<i>(t, x)) + H(t,z,®,Dd) =0,

which is subject to terminal condition

(3.17) (T, z) =v"?
and where
_ T
(3.18) H(z,r,p) = ﬁgg{f(w,h) p+0g(z,h)r}

for r € R, p € R™ and, in particular,

(3.19) O(t,z) =exp{—0D(t,z)}.

Note that since ® and @ are related through a strictly monotone continuous transfor-
mation, an admissible (optimal) strategy for the exponentially transformed problem is also
admissible (optimal) for the risk-sensitive problem.

4. Main result. In this section, we present the main result of this article, namely, that
the risk-sensitive jump diffusion problem admits a classical (C'2?) solution, and show that the
value function @ is convex in .

Proposition 4.1. The value function ®(t,x) is convex in x.

Proof. To prove that the value function ®(¢, z) is convex in z, it is necessary and sufficient
to show that V(x1,22) € R™ and for any x € (0, 1),

(4.1) O(t,krr + (1 — K)xg) < KP(t,x1) + (1 — k)P (¢, x2).
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Start from the left-hand side:
O(t, kx1 + (1 — K)z2)

= sup ——lnEh

R s [exp{ /T (Xs,h(s))ds—elnv}x(t)}

T
= sup —% InEP (1,22) [exp {9/ 9(kX1(s) + (1 — k) X2a(s), h(s))ds — Hlnv} X(t)}
he A(T) t

1 T
= sup — InE! (w1,32) [exp {/{0/ 9(X1(s),h(s))ds
he A(T) t

1—,-@9/ (Xa(s), (s )ds—@lnv} ()]

— swp —%mEQ(wQ) [<exp{9/tTg(X1(s),h(s))ds —HIHU} x(t)>“

heA(T)

X (exp {e/tTg(X2(3)7h(8))ds B HInU} X(t)>1_,£]

< hesz%)ﬂ _% n {E?m (exp {9 /tTg(Xl(s), h(s))ds — Olnv} X(t)>,<]

<exp {e/tT 9(Xs(s), h(s))ds — 9111@} X(t)>1_'%] }

_ Sup){—%lnEﬁxl [<exp{Q/tTg(Xl(S)yh(S))dS—QIHU} X(t)>n]

he A(T
(exp {G/tT 9(Xa(s), h(s))ds — 91111)} X(t)>1_H] }
(exp {9 /t g 9(X1(s), h(s))ds — 0 lnv} W)) ]
* s —gEL,

s <exp {o /t * (Xas). h(s))ds — lnv} X(t)) H]

< sup —g mEL,, [exp {H/tTg(Xl(s),h(s))ds - HIHU} X(t)]

he A(T)

h
X Em2

1
— EIHE?@Q

1
< sup ——=In E?’xl
he A(T)

+ sup 2 S, [exp {9 /tT 9(Xa(s), h(s))ds — HIHU} X(t)]

he A(T)
=rk®(t,z1) + (1 — K)P(t,x2),
where the fourth equality follows from the fact that the covariance of two random variables

inside the expectations is positive and the third inequality is due to the fact that the function
x+— x for z > 0 and « € (0, 1) is concave. [ |
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Corollary 4.2. The exponentially transformed value function ® has the following property:
V(x,22) € R? k€ (0,1,),

(4.2) B(t, kot + (1 — £)za) > (L, 21) DI (L, 22).

Proof. The property follows immediately from the definition of ® = —% In ®. |

We now come to the main result of this article. Recall the standing assumptions: in section
2, Assumption 1 is a condition on the support of the jump measure, and Assumptions 2 and 3
are the nondegeneracy conditions Y7 > 0, AAT > 0, while Assumption 4, introduced in
section 7.1, is a full-rank condition on the matrix A defined at (2.11).

Theorem 4.3. Under Assumptions 1-4 the following hold:

1. The optimal asset allocation is the unique mazximizer of the supremum (3.12).

2. ® is the unique CH2 ([0,T] x R™) solution of the RS HJB PIDE (3.16)~(3.17). More-
over, ® satisfies the property (4.2).

3. ® is the unique C12 ([0, T] x R™) solution of the RS HJB PIDE (3.12)(3.14). More-
over, ® 1s convex in its argument x.

Proof. The proof is based on a series of results proved in sections 5-7. These combine to
give us the following arguments.

Ezistence of an optimal control. By Proposition 5.1, the supremum in (3.12) admits a
unique Borel measurable maximizer. Moreover, by Proposition 6.3, this maximizer is admis-
sible, and by Proposition 6.4 it is also a maximizer with respect to the P-measure criterion J
defined in (3.1). Thus, we can take this maximizer as our optimal asset allocation.

Ezistence of a classical (C"?) solution. By Corollary 7.3, @ is a C12 ([0, T] x R") solution
of the RS HJB PDE (3.16)—(3.17).

Uniqueness of the classical solution. The existence of zero beta policies enable us to deduce
(as in Step 1 of the proof of Theorem 7.2) that ® is bounded. Part (i) of Theorem 6.1 therefore
applies. Choosing as optimal control the unique maximizer of the supremum in (3.12), part
(ii) of Theorem 6.1 also applies: ® is the unique solution to the HJB PIDE. Property (4.2) is
proved in Corollary 4.2.

By Corollaries 7.3 and 6.2, it then follows that & is the unique classical solution to the HJB
PIDE (3.12) with terminal condition (3.14). Moreover, ® is convex in its second argument
x. |

This result proves that we have solved our original control problem in the context of
strong, classical solutions. What would this imply in terms of weaker viscosity solutions? As
a classical solution is also a viscosity solution, our result implies that the value function is
indeed a viscosity solution of the HJB PDE. However, uniqueness of classical solutions does
not necessarily imply uniqueness of viscosity solutions. To prove uniqueness in the viscosity
sense, we would need a comparison result such as Theorem 33 in Davis and Lleo [13].

In the remainder of this paper, we develop the various technical arguments required in the
proof of Theorem 4.3.

5. Existence of a maximizing control.
Proposition 5.1. Under Assumption 2, the supremum in (3.12) admits a unique Borel mea-
surable mazimizer h(t,x,p) for (t,z,p) € [0,T] x R™ x R™. Moreover, the mazimizer h(t,x,p)

s an interior point of the set J.



34 MARK DAVIS AND SEBASTIEN LLEO

Proof. The supremum in (3.12) can be expressed as

sup L?CD
heJg

= (b+Bz)" DD + %tr (AATD?®) — g(ch)TAATDcD +ag+ Afz

1 A
+ sup {_5 @+ 1) hTExTh — 0RTSAT DD 4 b (6 + Ax)
heJ

(5.1) - % /Z { [(1 + 1Ty () - 1] 4 OhTy(2) 1z, (z)} y(dz)} .

Under Assumption 2, for any p € R”, the terms

—% 0+ 1) RTSSTh — OhTSATp + b7 (a + Az) — / W) 12, (2)0(d2)
Z

and
1

—= { [(1 + hTy(z))_e - 1] } v(dz)
0 Jz
are both strictly concave in h Vz € Z a.s. dv. Therefore, the supremum is reached for a unique
maximizer fz(t,x,p), which is an interior point of the set 7, which is the closure of the set
J defined in (2.7), and the supremum, evaluated at ﬁ(t,:r,p) € R", is finite. By measurable
selection, h can be taken as a Borel measurable function on [0,7] x R™ x R™. |

6. Verification theorems. In this section, we prove a verification theorem to the effect
that if (3.12) has a C1? solution, then that solution is equal to ® defined by (3.11) and
the control h*(t) = h(t,z, D®) is optimal. We will first prove a verification theorem for the
exponentially transformed problem (3.15) with HJB PDE (3.16) and value function ®(t,z).
As a corollary, we will obtain a verification theorem for the risk-sensitive control problem
with (3.11), HIB PDE (3.12), and value function ®(¢,z). Define the first order operator

(6.1) Lho(t,z) = (b+ Bz — HAETh)T Do(t,z) + 0g(x, h)p(t, z).

Theorem 6.1 (verification theorem for the exponentially transformed control problem). Let )
be a C12([0,T] x R™) bounded function.
(i) Assume that ¢(T,z) < e~V Vo € R™ and

Ob - .
8—f(t,x) + %tr <AATD2¢(t,x)> + H(t,x,$,Dp) >0

on [0,T] x R"; then o(t,z) < ®(t,x) V(t,x) € [0,T] x R™.

(ii) Further assume that ¢(T,z) = e v vx € R and that there exists a Borel-measurable
minimizer h*(t,z) of h — L'"$ defined in (6.1) such that

00 (t,2) + v (AT DP0(t.2)) + H(t, 2,6, D3)
_ g_f(t,x) + %u« (AATD%E(t,x)) v iV
=0
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and the stochastic differential equation
dX(t) = (b+ BX(t) — OAXT h(t)) dt + AdW!

defines a unique solution X (s) for each given initial data X; = x and the process 7*(s) :=
h*(s, X (s)) is a well-defined control process in A(T). Then ¢ = ®, and 7*(s) is an
optimal Markov control process.
Proof. The following proof is based on an argument used by Touzi [38].
(i) Let h € A(T) be an arbitrary control, with X (t) the state process with initial data
X (t) = x. Define the stopping time

T~ =T ANinf{s >t :|X;—z| > N}.
Define Z(s) =0 [” g(s , X4, hg)ds; then
d (eZS) = 0g(s, Xy, hs)e?s.

Also, by the It6 formula, for s € [¢, 75],

dops = {?ﬁ + £¢} ds + DT AdW?

where L is the generator of the state process X (¢) defined as
7 T T 1 T 27
Lo(t,x) == (b+ Bx — 0AXTh(s))" D+ tr (AA D ¢) .
By the Ito product rule, and since dZ - (55 =0, we get
d (gz;seZS) = ¢sd (eZS) + eZsdes,

and hence for s € [t, 7n]

&(SaXS)EZS = ¢(ta$)eZt + 0/8 gz;(u,Xu)g(u,Xu, ]AM)ezudu
t
+/s <@(u,xu) + £<z~5(u,Xu)eZ“> du + / DT Aaw?.
t u t

Because, for an arbitrary control h,

09

ot

9 1 5 5, Do
> %2t,) + 5t (ANTD?3(t,)) + H(t,2,6, D)
>0

(t,z) + %tr <AATD2¢3(t,x)) + Lho(t, Xy)
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and e% > 0Vs € [t,7n], we have

b(t, x)e?t < P(s, X,)e?s + / ’ DT Aaw?.
¢
Taking the expectation, we obtain
o(t, x)e”t < E?ﬁ [QE(S,XS)EZS] = E?f [&(S,Xs)ee I Q(U’X“’B“)d“] .
In particular, take s = 7, and note that e?* = 1; then
3t 2)e < B [Blr, Xy ) I slwXuhu]

Since (5 is assumed to be bounded, there exists a constant C7 > 0 such that

‘qﬁ( X,)e 0 [TN g(s,Xs,hs)ds

< C eeft g(u,Xu,iLu)du.

Since for an arbitrary admissible control A € A(T) and fixed s € [t, T] there exists some
constant Cy > 0 such that

905, Xs h)| < Ca1 4+ X ()]

then
‘QS( ) 0[N g(s Xs,hs)ds

< Oyl SN X @)l

< O (TN =0F0 [N X (5)ldu
< Oy SIS
< C4eO(T—t) sup;< <X ()]

for O3 = C1€°2 and Cy = C5e? T, .
By the dominated convergence theorem and the assumption that ¢(T, X;) < e~ ?v,

- T . A
p(t,x) < Eﬁﬁ |:¢(T’ XT)eeft Q(U7Xu7hu)du:|
< B [ A7 s gl

We have now proved the first part of the theorem.
To prove the second part, we can simply apply the same reasoning for the optimal control
h*. Note, however, that with this choice of control we would have

zf (t,x) + %tr (AATD2¢3(t,x)) + H(t,x, ¢, Do)
= %(t, x)+ %tr <AATD2(5(t, x)) + ﬂﬁ*(ﬁ
=0,

which would lead us to equality in the last equation, i.e.,

o(t,x) = E?;f [69 g Xuhade _ gy v] [ ]



JUMP-DIFFUSION RISK-SENSITIVE ASSET MANAGEMENT 37

Corollary 6.2 (verification theorem for the risk-sensitive control problem). Letting ¢ be a
C12([0,T] x R*) N C ([0, T] x R™) bounded function, we assume the following:
(i) ¢(T,z) < e v vz € R" and
o¢

— +sup L}o(t, X(t)) > 0
ot hey

on [0,T] x R"; then ¢(t,z) < ®(t,z) Y(t,z) € [0,T] x R™.
(ii) Purther, ¢(T,x) = e~V Yz € R™ and there evists a minimizer h*(t,z) of h +— L'¢
defined in (3.13) such that
_99

¢ h B> _
o zgth o(t, X(t) = 5 T L o(t, X(t)) =0

and the stochastic differential equation
dX(s) = (b+ BX(s™) — OASTh(s)) ds + AdW?

defines a unique solution X for each given initial data X; = x and the process w*(s) :=
h*(s, X (s)) is a well-defined control process in A(T). Then ¢ = ®, and 7*(s) is an
optimal Markov control process.

Proof. This corollary follows from (3.19) and from the fact that an admissible (optimal)
strategy for the exponentially transformed problem is also admissible (optimal) for the risk-
sensitive problem. [ |

Proposition 6.3. The process h*(t) is admissible: h*(t) € A(T).

Proof. Refer to the appendix for a full discussion and a proof of this proposition. [ |

Applying Proposition 6.3 we deduce that the control h*(t) is optimal for the auxiliary
problems (3.9) and (3.10) resulting from the change of measure. However, this proposition is
not sufficient to conclude that h*(t) is optimal for the original problem (3.1) set under the
P-measure. The next result shows that this is indeed the case.

Proposition 6.4. The optimal control h*(t) for the auziliary problem

sup I(v,x;h;t,T),
he A(T)

where I is defined in (3.9), is also optimal for the initial problem SUDhe A(T) J(x,t,h), where
J is defined in (3.1).
Proof. See the appendix. |

7. Existence of a classical solution. Historically, proving the existence of a strong, ana-
lytical solution to the HJB PDE was both the main difficulty and the main objective when
solving a control problem. Fleming and Rishel [16] as well as Krylov [24], [25] have been the
main contributors, proposing techniques based either on PDE arguments or on probability
theory. Recently, however, the emphasis has switched from strong solutions to weaker types
of solutions. Viscosity solutions have proved particularly useful and successful, gaining many
applications in stochastic control theory (see, for example, the classic article by Crandall,
Ishii, and Lions [11] as well as Fleming and Soner [20] for their applications to stochastic
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control). The reason for this appeal is twofold. First, it is significantly easier to prove the
existence of a viscosity solution than a classical solution. In the viscosity world, the difficulty
is shifted from proof of existence to proof of uniqueness, and even then it is generally easier
to prove uniqueness of a viscosity solution via a comparison theorem than the existence of
a classical solution. Second, the stability result due to Barles and Souganidis [1] connects
viscosity solutions to numerical methods directly, making it easy to solve “real world” control
problems.

This section follows similar arguments to those developed by Fleming and Rishel [16]
(Theorem 6.2 and Appendix E). Namely, we use an approximation in policy space alongside
results on linear parabolic PDEs to prove that the exponentially transformed value function
® is of class CV2((0,7) x R"™). Then it follows that the value function ® is also of class
C12((0,T) x R™). The approximation in policy space algorithm was originally proposed by
Bellman in the 1950s (see Bellman [2] for details) as a numerical method to compute the
value function. Our approach has two steps. First, we use the approximation in policy space
algorithm to show the existence of a classical solution in a bounded region. Then we extend
our argument to unbounded state space. To derive this second result we follow an argument
different from that of Fleming and Rishel [16] which makes more use of the actual structure
of the control problem.

Our interest in classical solutions is as much mathematical as practical. First, since
a smooth solution is a viscosity solution but the converse is not necessarily true, we are
proving a stronger result. Second, this stronger result immediately translates a better grasp
of the analytical properties of the value function. While viscosity solutions provide continuity,
they do not generally give information about higher order derivatives. By contrast, classical
solutions are smooth in the state, implying that they are (at least) C'' in time and C? in the
state. Third, viscosity solutions are purely about solving the PDE, and although they show
that the value function is the unique solution of the HJB PDE, they do not prove directly
that the control problem has a solution, that is, a pair of a value function and an admissible
optimal control. Fourth and finally, in our case seeking a strong solution does not impair our
search for numerical results. Because our state process X (t) can clearly be interpreted as the
continuous time limit of a Markov chain, we can apply well-known results by Kushner and
Dupuis [27] to prove convergence of a finite approximation scheme to the value function. We
can therefore solve concrete portfolio selection problems quite directly.

7.1. “Zero beta” policies. In this section, we introduce a new class of control policies:
the zero beta (08) policies.

Definition 7.1 (03 policy). By reference to the definition of the function g in (3.4), a 08
control policy ﬁ(t) is an admissible control policy for which the function g is independent of
the state variable x.

The term “zero beta” is borrowed from financial economics (see, for instance, Black [10]).
To avoid assuming the existence of a globally risk-free rate in factor models such as the CAPM
and the APT or in ad hoc valuation models, it is customary to build portfolios without any
exposure to the factor(s) as a substitute for the risk-free rate. These special portfolios are
referred to as 05 portfolios by reference to the slope coefficient 5 used to measure the sensitivity
of asset returns to the valuation factor(s).
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In the risk-sensitive asset management model, if Ay = 0, then the policy h° = 0, i.e.,
invest all the wealth in the risk-free asset, is a 0F policy. When Ay # 0, we see from (2.11)
that a 08 policy can exist only if there is a vector h satisfying

(7.1) T A = — A,.

We introduce the following standing assumption.

Assumption 4. The matrix A has rank n.

Under this assumption there are always 03 policies: we need only take a vector h satisfying
(7.1) and scale it if necessary so that A € J (see (2.7)), and then h(t,w) = h is a 08 policy.
We have no reason to consider anything other than the set Z of constant policies of this kind.
Note that when h € Z the function g of (3.4) is a constant: g(z,h) = g.

7.2. The L"(K) and £"(K),1 < n < oo spaces. The following ideas and notation
relate to the treatment of linear parabolic PDEs found in Ladyzenskaja, Solonnikov, and
Uralceva [28]. The relevant results are summarized in Appendix E of Fleming and Rishel [16].
They concern PDEs of the form

(7.2) %—f + =tr (a(t,x) D*Y) + b(t,2)" Dy + fc(t, z) + d(t,x) = 0

on a set @ = (0,7") x G and with boundary conditions

Y(t,x) =¥p(x), z€Gq,
Y(t,z) =V(t,z), (t,z) e (0,T)x IG.

The set G is open and is such that G is a compact manifold of class C2. Denote the following:
e J*() is the boundary of Q, i.e.,

Q:={T} xG)U((0,T) x 9G) .

e L'(K) is the space of nth power integrable functions on K C Q.

e |||,k is the norm in L"(K).
Also, denote by Z"(Q),1 < n < oo, the space of all functions 1 such that ¢ and all its
generalized partial derivatives are in L"(K). We associate with this space the Sobolev-type
norm

0%

al‘zwj

@ _ oY
(7.3) [/l = [l + HE axz "

nK K =1 K

We will also introduce additional notation and concepts as required in the proofs.

7.3. Existence of a classical solution. In this section, we use an approximation in policy
space to show the existence of a C'12 solution to the RS HJB PDE (3.12).

Theorem 7.2 (existence of a classical solution for the exponentlally transformed control problem)
The RS HJB PDE (3.16) with terminal condition ®(T,z) = e ™" has a solution ® €
CY2((0,T) x R™) with ® continuous in [0,T] x R™.
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Proof.

Step 1: Approximation in policy space—bounded space. Consider the following auxiliary
problem: fix R > 0, and let A be the open n-dimensional ball of radius R > 0 centered at
0 defined as Br := {r € R" : |x| < R}. We construct an investment portfolio by solving the
optimal risk-sensitive asset allocation problem as long as X (t) € Zr for R > 0. Then, as
soon as X (t) ¢ &g, we switch all of the wealth into the 03 policy & from the exit time ¢ until
the end of the investment horizon at time 7. The HJB PDE for this auxiliary problem can
be expressed as

0 1 T s .
(14) S+ gt <AA (t)D @) H(t,2,8,D3) =0  V(t,z) € Qr = (0,T) x Bp,

where, as in (3.18),
H(z,r,p) = inf {f(z,h)"p+0g(t,z,h)r}
heJ

for p € R™ and for g and f defined in (3.4) and (3.8), respectively. 7, defined as the closure
of J, is a compact set. The boundary conditions are

O(t,z) = U(t,x) V(t,x) € 0"Qr = ((0,T) x 0BR) U ({T} x BR),
where the following hold:
o U(T,z)=e v vz € Bp.
o U(t,x) :=(t,x) = 9TV Y(t ) € (0,T)xDHBR, and h is a fixed arbitrary 08 policy
which is constant as a function of time. Note that 1 is obviously of class C12(QRr)
and that the Sobolev-type norm

2 = (2
(7.5) 19155 0n = 19150,
is finite. o . o
Define a sequence of functions ®', ®2,... ®* ... on Qr = [0,7] x ZBr and of bounded
measurable feedback control laws k%, h',... k¥, ..., where h? is an arbitrary control. Assum-

ing K*~1 is known, we define the function ®*! as the solution to the boundary value problem

7.6 00 L (ANT ) D28 + fla, )T DE + (k. 2, B = 0
ot 2

subject to boundary conditions

B(t,x) = U(t,z)  V(t,a) € 0" Qr = ((0,T) x dBr) U ({T} x Br).

Note that the boundary value problem (7.6) is a special case of the generic problem
introduced earlier in (7.2) with

a(t,z) = AAT (1),
b(tv$) = f(x’hk)7
C(tv$) = g(t,l‘,hk),
d(t,z) = 0.
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Moreover, since %p is bounded and J is compact, all of these functions are also bounded.
Thus, based on standard results on parabolic PDEs (see, for example, Appendix E in Fleming
and Rishel [16] and Chapter IV in Ladyzenskaja, Solonnikov, and Uralceva [28]), the boundary
value problem (7.6) admits a unique solution in Z"(QR).

Next, for almost all (t,z) € Qr, k =1,2,..., we define h* by the prescription

(7.7) h* = Argmin {f(x, )T DO* 4 0g(t, x, h)@k}
hed

so that

F(z, T DEF + 0g(t, z, h*) B = inf {f(a;, WTDE* + 0g(t, h)é’f}
heJ
(7.8) = H(t,z,®", DO").

Note, in view of the definition of g in (3.4), that the minimum is never achieved on the
boundary of 7; i.e., h* takes values in J.

Observe that the sequence (@k)keN is globally bounded. Indeed, by the Feynman—Kac
formula, the sequence (®F),ey is bounded from below by 0. By the optimality principle, it

is also bounded from above by e’ JE9(X(s)hyds — 09(T—1), Moreover, these bounds do not

depend on the radius R and are therefore valid over the entire space (0,7") x R™.
Step 2: Convergence inside the cylinder (0,7) x Bg.
Step 2.1: Monotonicity of the sequence. Take k > 1. Subtracting the PDE for Ph+1
from the PDE for ®*, we see that

(257 2) + (e [(awromran) - (aaroa)])
+ <f(x, WT DL — f (2, hk_l)TDCi)k) +0 (g(t,x, RO — (¢, x, hk_l)ci)k)
=0 i (0,T) x R"

with ®F+1 — dF = 0 on R™.
Add and subtract f(x, h¥)T DO 4 0g(t, z, h¥)DF:

(8&;?1 B 8@;‘%) + <%tr [(AAT(t)DQ@kH) B (AAT(t)D%k)D

+ (@, WD~ fla, BTN DBR) + 0 (g(t,w, BOBFT — g(t, 2, W) BF)

+ (S BT DI + 0g(t,, W) ) — ((f(z, BT DB + 0g(t, v, n¥) )
=0 in (0,T) x R™.
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Rearranging,

(257 -2)+ (3o l(awrome) - (i)
+ fla, hMYT <D<i>k+1 - D$k> 4 0g(t, z, h¥) (@kﬂ - @k)
+ ( £z, BT DIF + gg(t, z, h'f)ék) - ( £z, FHT DO 1 0g(t, x, h'f—l)ék)
=0 in (0,T) x R".
Define the function ¢*(t,z) as

Rt x) == (f(m,hk)TD@k + Hg(t,a;,hk)@k) — (f(m,hk_l)TD@k + 99(t,aj,hk_1)<i>k) .

By the definition of h* given in (7.7), £*(t,z) < 0 V(t,x) € [0,T] x R",Vk € N. Define the
sequence of functions (W*)en as

Wk = S+ _ G
then WF satisfies the PDE

8Wk 1 T 2 k kNT k k k k
(7.9) tr <AA (t)D2W ) + BT DWE 4 0g(t, o, FYWE 1 05 (t,2) = 0

a2

in (0,7) x #r and has boundary condition W*(T,z) = 0 on 9*Qr = ((0,T) x 0%BR) U
({T} X %R)
Define the stopping time 74 as the first exit time from %Bg:

7o :=1inf{t: X(t) ¢ G}.

By a standard Feynman-Kac representation, W* (t, ) can be represented by the expectation
TNt
(7.10) Wkt,z) = E U (s, X,)ef Jo ot Xn)drgg
t

Because £(t,z) <0, W*(t,z) <0 for k > 1, and hence, by definition of W¥,
ok > ol vk eN,

which implies that the sequence {®*},cy is nonincreasing.

Step 2.2: Convergence of the sequence. Since the sequence (@k)keN is nonincreasing
and is also bounded, it converges. Denote by ® its limit as k — oo. Now, since the Sobolev-
type norm ||<i>k+1|| 7(72)QR is bounded for 1 < 1 < oo, we can apply the following estimate given
by equation (E.9) in Appendix E of Fleming and Rishel [16]:

k 1+u k
(7.11) D5 < Mgl|8*) ),
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for some constant My (depending on R) and where

n+ 2
le_ 3
n

K1+ ko
|9F| o =@ ‘QR+Z|@ G r:

and

; = Ok (t,2) — DH(t
|<I>k|‘éR = sup |q)k(t’ $)| + sup | ( 7‘T) ( 7y)|
(t,x)EQR (v,y)€C |z —y|+
0<t<T

|i)k(8’$) - (i)k(t7$)|
|s — t|m/2

+ sup
zeG
0<s,t<T

to show that the Holder-type norm |<i>k|5;“ is bounded. As k — oo we conclude the following:

e D®* converges to D® uniformly in L"(Qg);

o D?®* converges to D2<I> weakly in L"(Qr); and

ad*

e S— converges to 2 weakly in L"(QR).

Step 2.3: Proving that ® € C?(Qr). Using estimate (7.11), we see that |i>k|5;“ is
bounded for p > 0, which implies that n > n + 2. Using relationship (7.8) and then (7.6), we
get

0%* 1 T\ D2k T Hék <k
L <AA (t)D2® ) + f(z,B)TD* + g(t, x, h) P

8;{)]6 1 T\ D28k kT Hék k& k
> BT +2tr AN (t)D*®%) + f(z,h")" D®" + Og(t,x, h" )P

(83%]6 - 8@8]:5“) " <%” [(AAT() D) — (AT (1) D%HI)D
(7.12) 4 f(, BT <ch)k _ D@kﬂ) +0g(t, 3, hF) (@k _ @kﬂ)

for any admissible control h.
Since the left-hand side of (7.12) tends weakly in L7(Qg) to

(7.13) aa—(f + 1t (AAT(t)D2<i>) + f(a,WTD® + 0g(t, z, h)®

as k — oo and the right-hand side tends tends weakly to 0, we obtain the following inequality:

aa—(f + 1t (AAT(t)D2<i>) + f(x,h)TD® + 0g(t,z,h)D >

a.e. in QR.
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Using a measurable selection theorem and following an argument similar to that of Lemma
VL6.1 of Fleming and Rishel [16], we see that there exists a Borel measurable function h*
from (0,T") x AR into J (in fact J) such that

F(@,h)TD® + 0g(t, 2, h*)® = inf {f(x, WTDd + 0g(t, z, h)é}
heJ

holds for almost all (t,z) € (0,T) x #gr. Then

ook 1 T\ P2k AT Nk &k
L (AA (t)D2® ) + f(x, BT DB + Og(t, x, h*)®
0® i 1 T 251k KT na&k k& k
< =Tt <AA (t) D2 ) + f(a, i D + 0g(t, z, hF)d

oPk Pkt 1 T ok T ok
(W S ) + <§tr [(AA (t) D2 ) - (AA (t) D2 )D
(7.14) + [, W) (D& — DI 4 0g(t, 2, 1) (8 — DEFH).
Since the left-hand side of (7.14) tends weakly in L"(Qr) to

%—f + 1tr (AAT( t)D*® ) + (2, k)T D® + 0g(t, x, h*)D

as k — oo and the right-hand side tends weakly to 0, we obtain the inequality

(7.15) %—(f + 1‘5 (ANT()D*®) + f(w, )T DB + bg(t, 2, 1)@ < 0
a.e. in Qg.
Combining (7.13) and (7.15), we have shown that

aci>1

o (AAT( )D* ) + f(z, k)" D® + Og(t,z, h*)d =

a.e. in Qg.

Hence, & is a solution of (3.16) on a bounded domain. Moreover, ® € £7(Qr). Also, since
H is locally Lipschitz, |(I)k|QR < oo for p > 0, and |D<I>k op <ooforp>0,|H(t,z, Pk, D@k)%R
< 0.

We can now show that ® € C12(Qg). Define

ook |

q)k 2+H q)k 1+H
B = b | 2

+ Z |(I)x1xj Qr’

Qr ©J=1

Consider the following estimate given by equation (E.10) in Appendix E of Fleming and Rishel
[16]:

L, )
(7.16) Bl < M| @]l
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for some constant M, and two open subsets Q' and Q” of @ such that Q' C Q”. In this
estimate, set Q" = Qg, and take Q' to be any subset of @ such that Q' C Q. Thus

(7.17) |DI5" < oo.

When interpreted in light of estimate (7.11) (stemming from (E9)), we see that the derivatives
%—‘f, g—i, and a‘?;fj satisfy a uniform Holder condition on any compact subset Q' of Qr. By

Theorem 10.1 in Chapter IV of Ladyzenskaja, Solonnikov, and Uralceva [28], we can therefore
conclude that ® € C2(Qr).
Step 3: Convergence from the cylinder [0,7) x Bg to the state space [0,T) x R".
Step 3.1: Setting. Let {R;};cy > 0 be a nondecreasing sequence with lim; o, R; — 00,
and let {7;},cy be the sequence of stopping times defined as

1i:=1inf {t: X(t) & Br,}.

Note that {7;};.y is nondecreasing and lim;_,o 7 = c0.
Denote by @@ the limit of the sequence (ék)keN on (0,7) x ABg,, ie.,

(7.18) 30 (¢, x) = lim ®*(t,z)  V(t,x) € (0,T) x Bg,.

k—o0

Step 3.2: Convergence of the sequence (®());cy. First, observe that the sequence
(é(i))ieN is nonincreasing. Indeed, for i < j, the stochastic control problem defined over
(0,T) x %Br, is nested into the stochastic control problem defined over (0,7) x %g;. In
particular, a suboptimal strategy for the stochastic control problem defined over (0,7) x # R;
would be to invest optimally while z € g, and then switch to the 08 policy h when z €
Br;\#r,. By the optimality principle, the expected total cost of such a strategy is greater
than the value function ®). But this suboptimal strategy also corresponds to the optimal
strategy for the stochastic control problem defined over (0,7") x #g,. Hence

0 (t,2) > dV(t,x)  Vi,jeN, V(t,z) e (0,T) X B,

By the argument in Step 1, the sequence (i)(i))ieN is also bounded. As a result, it converges
to a limit ®. This limit satisfies the boundary condition (3.17). We now show that ® is C'2
and satisfies the HJB PDE. These statements are local properties, so we can restrict ourselves
to a finite ball Qg.

Step 3.3: Proving that ® € C?(Qg). Now that we have shown the convergence of
the sequence (i)(i))ieN through a simple control-based argument, we can conclude the proof
using the same arguments based on Ascoli’s theorem as those of Fleming and Rishel (see [16],
proof of Theorem 6.2 in Appendix E). |

Corollary 7.3 (existence of a classical solution for the risk-sensitive control problem). The RS
HJB PDE (3.12) with terminal condition ®(T,x) = Inv has a solution ® € C12 ([0, T] x R")
with ® continuous in [0,T] x R™.
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8. Partial observation. In this section we show how the results of this paper can be
extended to the case where the factor process X (t) is not directly observed and the asset
allocation strategy h; must be adapted to the filtration 7} = ¢{S;(u),0 <u <t,j=0,...,m}
generated by the asset price processes alone. In the linear diffusion case studied by Nagai [31]
and Nagai and Peng [32], the authors noted that the pair of processes (X(t),Y (t)), where
Yi(t) = log S;(t), takes the form of the “signal” and “observation” processes in a Kalman
filter system, and consequently the conditional distribution of X (¢) is normal N (X (t), P(t)),
where X (t) = E[X(t)|F7] satisfies the Kalman filter equation and P(t) is a deterministic
matrix-valued function. By using this idea they obtain an equivalent form of the problem in
which X () is replaced by X (t) and the dynamic equation (2.3) by the Kalman filter. Optimal
strategies take the form h(¢, X (¢)). This is in fact a very old idea in stochastic control, going
back at least to Wonham [41].

8.1. Decomposition. At first sight it does not seem apparent that the same approach
can be used here, as the price processes contain jumps, but a simple observation shows that
the jumps play no role in the estimation process, which is still, at the base, the Kalman
filter; see Proposition 8.1. A further complication is that the money market interest rate
r(t) = ap+ AT X (t) (see (2.4)) is observed directly and contains information about X (¢). This
was not the case in [31] and [32], where, in our notation, Ay = 0. We start by assuming that
Ap = 0 and briefly discuss the extension to Ay # 0 at the end of the section.

Recall first that X (¢) satisfies

(8.1) dX(t) = (b+ BX())dt + AdW(t),  X(0) = Xo.

When X, is observed, the initial value X is just a constant. In the present case we need to
assume that Xj is a normal random vector N (mg, Py) with known mean mg and covariance
Fy and that Xy is independent of the processes W, Np,.

An application of the general It6 formula® shows that for i = 1,...,m the log-prices Y;(t)
satisfy Y;(0) = log s; and

N
de(t) = |:(6L + AX(t))Z — %EZZ} dt + Z O'Z'dek(t)

k=1
(8.2) + | {In(1+7(2) —v(2)} v(dz)dt + / In (14 v;(2)) N(dt,dz).
Zo Z
Proposition 8.1. Define processes Y1(t),Y2(t) € R™ as follows:
(8.3) dY''(t) = AX(t) + ZdW (¢), YH(0) = 0,
dY2(t) = cidt + / In (1 +7(2)); N(dt,dz), i=1,...,m, Y2(0) = log s;
zZ

with ¢ € R™ defined by

cimii—eEh+ [ RUIRSTCINEIEES

3See Oksendal and Sulem [34] for this calculation.
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so that Y (t) = Y1(t) + Y2(t). Also, define Yix = o{Y(u),0 < u < t},i = 1,2. Then the
following hold:

(i) The processes Y, Y2 are each adapted to the filtration F.

(ii) For any bounded measurable function f andt >0,

E[f(X (1)|F] = E[f(X(£))[D1].

Proof. (1) S(t) and Y (t) are in 1-1 correspondence and therefore generate the same filtra-
tion 7. Apart from rearrangement of deterministic terms, the decomposition Y = Y +Y?2 is
the same as the standard decomposition Y = Y°+Y? of a semimartingale into its continuous
and discontinuous components; see paragraph VI. 37 of Rogers and Williams [37].

(ii) N and W (t) are independent; as a result Vi; and Yo are independent, and clearly
]:tS = Y1t V Var. The result follows, since X (t) is independent of )s;. [ |

8.2. Kalman filter. The processes (X (t), Y'1(t)) satisfying (8.1) and (8.3) and the filtering
equations, which are standard, are stated in the following proposition.
Proposition 8.2 (Kalman filter). The conditional distribution of X (t) given Y1, is N(X (t), P(t)),
calculated as follows:
(i) The innovation process U(t) € R™ defined by

—-1/2

(8.4) dUu(t) = (227) /7 (ayt(t) - AX(t)dt),  U(0) =0

is a vector Brownian motion.
(ii) X (t) is the unique solution of the SDE

~1/2

(8.5) dX(t) = (b+ BX(t))dt + <AET + P(t)AT ) (7)) au),  X(0) =mo.

(iii) P(t) is the unique nonnegative definite symmetric solution of the matriz Riccati equation
P(t) = AZETAT — P(t) AT (227) ' AP(t) + <B —AXT (23T A) P(t)
+P(t) (BT — AT (2xT) T mAT ) . P0) =P,
where 2 := I —¥T (£7%) 7' s,
To conclude, the Kalman filter has replaced our initial state process X (¢) by an estimate

X (t) with dynamics given in (8.5). To recover the asset price process, we use (8.3) together
with (8.4) to obtain the dynamics of Y (¢):

dYi(t) = dY; (1) + dY(t)

PN 1
= i+ AX(t)dt — 5ExLdt + (uxT)"/?

du (t)
(8.6) + {In (1 +7(2)) —vi(2)}v(dz) + / In (1 +7(2)); N(dt, dz).
Zo z
We then apply It6’s lemma to S;(t) = exp Y;(t) to get
dsi(t) o 12 .
S0) (a+ AX(t));dt + kZ:l [(EET) Lk dU(t) + /Z%(z)N(dt,dz),
(8.7) Si(0) =84, i=1,...,m.
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We now solve the stochastic control problem with partial observation simply by replacing
the original asset price description (2.5) by (8.7), and the factor process description (2.3) by
the Kalman filter equation (8.5), in our solution of the full observation case. The Kalman
filter has time-varying coefficients, but this does not affect the preceding arguments.

Finally, we briefly sketch what to do if Ag # 0. We observe the short rate r(t) = ag +
AT X(t), and hence the 1-dimensional statistic Yp(t) = AL X (¢), exactly. We need to assume
that this observation contains positive “noise,” i.e., AE)FAATAO > 0. Changing coordinates if

necessary, we can assume that Al = (0,0,...,1) and hence Yy(t) = X,,(¢). Our “observation”
is now the (m + 1)-dimensional process Y = (Yp,...,Y,,), and we can set up a Kalman filter
system to estimate the unobserved states X = (Xj,... ,Xn_l)T € R* 1. Ultimately, our

optimal strategy will take the form h(t, X1(t), X (t)), where X (¢) is the Kalman filter estimate
for X (t) given {Y (u),u < t}. The details are left to the reader.

9. Conclusion. In this article, we extended the classical risk-sensitive asset management
setting to include the possibility of infinite activity jumps in asset prices. We applied the
change of measure technique proposed by Kuroda and Nagai [26] to derive the HJB PDE
associated with the control problem and then proved the existence and uniqueness of an
admissible optimal control policy. Using an approximation in policy space algorithm, we
established the existence of a classical C12 ((0,7) x R") solution and obtained the uniqueness
of this solution through a verification result. This approach also extends naturally and with
similar results to a jump-diffusion version of the risk-sensitive benchmarked asset management
problem.

Finally, we have observed that an attractive, if somewhat surprising, feature of the jump-
diffusion risk-sensitive asset management is that it naturally prohibits any investment policy
which may result in the investor’s bankruptcy. In particular, in the risk-sensitive setting
presented in this article, an investor who implements the optimal asset allocation is certain to
remain solvent over the investment horizon. This contrasts with the Merton type of approach
in which the threat of bankruptcy remains present and has to be accounted for using a stopping
time.

The approach presented in this article extends naturally to a jump-diffusion version of the
risk-sensitive benchmarked asset management problem introduced by Davis and Lleo [12] and
would yield similar results, namely, the existence of a unique admissible control policy and of
a classical C'? solution to the associated RS HJB PDE.

Appendix. Admissibility of the optimal control policy. The admissibility of the optimal
control process h*(t) solving (5.1) is linked to the existence of a probability measure ]P’z*, which
itself hinges on the characterization as an exponential martingale of the Radon—Nikodym

derivative % = x defined in (3.5) via the Doléans exponential introduced in (2.9). In
the setting of Kuroda and Nagai [26], the admissibility of the control follows easily from an
argument in Gihman and Skorohod [21] which proves that the Doléans exponential (here a
Girsanov exponential with Gaussian integrand) is an exponential martingale. However, when
the Doléans exponential does not have continuous paths, as is the case in a jump-diffusion
setting, proving that it is indeed a martingale is more difficult. As noted by Protter [36], some
partial results exist in this case (see, for example, Mémin [30] and more recently Protter and
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Shimbo [35]), but none is as powerful as their counterparts in the continuous case, namely,
the Kamazaki or the Novikov conditions.

To show that the Doléans exponential introduced in (2.9) is a martingale we will apply
results derived by Mémin [30]. We recall here the definition of the Doléans-Dade exponential as
well as results from Mémin [30] (see also Exercise 13 in Chapter V of [36]) on the multiplicative
decomposition of local martingales that we will use to prove our point.

Definition A.1 (Doléans-Dade exponential). The Doléans-Dade exponential E(X)(t) of a semi-
martingale X (t) is defined as

(A1) £00(0) = exp {0 - 5 (x5, | TT 1+ Axge ¥

0<s<t

Definition A.2 (Mémin's additive decomposition of local martingales). Let M (t) be a local mar-
tingale. We define an additive decomposition of M into two processes Mi(t) and Ms(t), i.e.,
such that M(t) = My (t) + Ma(t).

In this decomposition, the process M, (t) is defined as M, (t) = L(t) — L(t), where

L) = ) AMsLiap, > 1)

0<s<t

and L(t) is the compensator of L(t).
Proposition A.3 (Mémin's Proposition IlI-1). Let M(t) be a local martingale with additive
decomposition as per Definition A.2 and such that Mo = 0. Then the following hold:
(i) E(M) has the decomposition

E(M) = E(My)E (M),

where
. AM; (s)AM;(s)
NE(t) = Ma(t) — o;m 1+ AMy(s)

t < oo.

(i) E(My)M, is a local martingale.
(i) If AM(s) > —1, then AM;(s) > —1 for all finite s.

Corollary A.4 (Mémin's Corollary Il1-2). Let N be a local martingale such that AN (s) > —1
for all finite s and such that E(N)(o0) is uniformly integrable. Let P’ be the probability defined
as

dp'
dP

Let Ny be a local martingale with locally integrable variations, and denote by Ni the P-
semimartingale defined as

D I e P
0<s<t

E(N)(o0).

then Ny is a P local martingale, with locally integrable variations. Moreover, the P’ predictable
compensator of Y ., |AN1(s)| is equal to the P predictable compensator of Y., |[AN1(s)].
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Theorem A.5 (Mémin's Theorem I11-3). Let M (t) be a local martingale with additive decom-
position as per Definition A.2. If the predictable compensator of the process

(A.2) Y(t) =M M+ Y [AM(s)| + > (AMa(s))?

0<s<t 0<s<t

is bounded, then E(M)(t) is uniformly integrable.
Proof of Proposition 6.3. To prove that the control h*(¢) is admissible, we need to show
that the local martingale M*(t) defined as

(A.3) M*(t) = —0/ (h*(s))" 2dw, — / /ln 1 — G(z,h*(s))) N(ds,dz)

and such that
E(M)(t) = xi

is an exponential martingale.
To achieve this objective, we will define a new class of control processes to which the
optimal control belongs. We will start from the definition of a control h as a function:

h:[0,T] x R" = 7,
(t,2) = h(t, ),
where the set J was defined in (2.7). Based on this definition, the control space can be viewed

as a functional space.
Define the functional L(z,p,h) as

L(z,p,h) = —% 0+ 1) hTSSTh — 0RTSATp + b (a + Ax)
(A1) - % /Z [+ 075) ™ 1] + 00752 12 (2)} w(d2).

where p € R™ so that

sup LI'® = (b + Bz)" D® + %tr (AATD?*9) — g(ch)TAATDCD +ag+ Alx
heJ
(A.5) + sup L(z, D®, h)
heJ

and the unique maximizer of LI®(t, z), h(t, ), is also the unique maximizer of £(z, D®, h).
Observe that with the choice of control function h°(t,x) := 0 V(t,z) € [0,7] x R" the
functional £(x,p, ") = 0 ¥(t,z,p) € [0,T] x R" x R™. Invoking the optimality principle, we
deduce that L(z, D®,h*(t,z)) = 0.
Denote by J the range of the control functions h(t, ) such that £(z,p,h) > 0. Under
Assumption 1, the set J, defined by (2.7), is in the interior of a hypercube, and since the
functional L(x,p, h) is smooth and strictly concave in h and limy_97 L(x,p,h) = —o0, we
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deduce that the set J is a closed convex subset of J V(t, ) € [0,T]xR™. The control functions
h take the form

h:[0,T]xR* = J C J,
(t,z) — h(t, ).

More formally, we can define a class H(T') of Markov control processes as follows.

Definition A.6. A control process h(t) is in class H(T) if the following conditions are sat-
isfied:

1. h(t) is in class H introduced in Definition 2.1;

2. h(t,x) € J Y(t,z) € [0,T] x R™.

In particular, we note that the optimal control process h*(t) € H(T) V¢ € [0,T] and
Yw € Q.

For any control policy h(t) € H(T), define the local martingale M (t) as

(A.6) N(t) = 9/ (s)TSdW, — //m 1— (2, h(s ))) N(ds, dz).

Also, let L(t) be the process defined as

L(t)= ) AYilgay,s1)

0<s<t

_/Ot /Z\Zl . (1 B G(z,ﬁ(s))) N(ds,dz),

where Zy = {z € Z:|AY;| < 3,0 < s <t}. Then the process M;(t) := L(t) — L(t) can be

expressed as
t ~ ~
—_// In (1 Gz h(s) ) N(ds, dz).
0 Jz\Z,

To complete our decomposition of the local martingale M(t), we define the process Ms(t) as

My(t) = M(t) — My(t)

_/Ot/m In (1 G(.h(s))) N(ds. dz).

The next step is to study each component of the process Y () defined in (A.2):
e The process

[M€, M¢], = exp {6’2 /Ot E(S)TEETﬁ(s)ds}

is clearly bounded because h(s) € H(T) Vs € [0, ).
e The process

ST AM(s) |—//Z\Z‘1n1— (2, (s )(Ndsdz)

0<s<t
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is bounded because h(s) € H(T) Vs € [0,t]. In addition, the number of jumps greater
than % is finite:

#{0 < s <t;|AM;(s)|} = # { <s<t;|AM(s )’J{|AMS|>1}}
1 1
2 9>
e Finally, we turn our attention to the process

5 a1 fin

0<s<t

ln 1— G(z,h(s )‘Ndsdz)

Recalling that we assumed that in our setting

v (2)]Pr(dz) < oo
Zo

and taking into consideration the fact that h(s) € H(T)Vs € [0,t], then we deduce

that
L,

for any w € , which proves that

AL

By Theorem A.5, the Doléans-Dade exponential

E(M)(t) = xz

In (1 Gz, h(s))) ‘2u(dz) < o0

In 1— (2, (s )(Ndsdz)

is uniformly integrable for all h € 7:l(T) We can now apply Corollary A.4 to formally define the
measure IP’%. In particular, the measure PV, characterized via the Radon-Nikodym derivative

xi is well defined because h*(t) € H(T) Vw € Q. This proves that the control h*(¢) is
admissible V¢t € [0,7] and w € . [ |

Note that the control policy h°(t) = 0 corresponds to investing the entire wealth into the
money market asset for the duration of the investment period. The associated measure on
is well defined, and it is equal to the physical measure P. In fact, this proof not only shows
that the optimal control process h*(t) is admissible but also that a large class of “reasonable”
control processes iNL(t) is also admissible and is associated with a well-defined probability
measure.

Proof of Proposition 6.4. Consider the exponentially transformed problem inf,c 4(7) J (x,t,h),
where

(A7) J(z,t,h) :=InE |:e—01n\/(t7:c7h)} '
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Note that because the term e

—0InV(t2.h) is hounded from below by 0, infye (1) J(z,t,h) is

well defined, which implies that there exists at least one minimizer h:

T
E [e—ﬁln\/(t,x,h)] = E?@ |:eXp {6/ 9(87X87 h(S))dS - Hlnv}]
t

(see, for example, Lemma 8.6.2 in [33]) and hence

T
inf E|e /VEs = inf E} / X — 01
helﬂ(T) [e } helﬁ(T) to |€xp 10 t 9(s, Xs,h(s))ds —flnw

= I(v,x; h"(t);t,T),

which proves that the optimal control 2*(¢) for the auxiliary problem supy,e a¢py I (v, z; h;t,T)

derived in section 3.3 is indeed optimal for the problem sup;,¢ A(T) J(x,t,h). ]
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On the Convergence of Higher Order Hedging Schemes: The Delta-Gamma Case*
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Abstract. Hedging errors induced by discrete rebalancing of the hedge portfolio of a delta-gamma hedging
strategy are investigated. The rate of convergence of the expected squared hedging error as the
number of adjustments of the hedge portfolio goes to infinity is analyzed. It is found that the
delta-gamma strategy produces higher convergence rates than the usual delta strategy.
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1. Introduction. The aim of this paper is to investigate the convergence of the expected
squared hedging error of a discretely rebalanced hedge portfolio containing two hedge instru-
ments with respect to the number of rebalancings. We consider a complete diffusion market
containing a number of instruments with sufficiently smooth payoff functions (i.e., European
call options), where the hedge portfolio is rebalanced on an equidistant time grid.

The hedging strategy considered is the well-known delta-gamma hedging strategy (see, for
example, Bjork [2] or Hull [12]), a strategy where the hedge portfolio is made both delta and
gamma neutral using the underlying and some other derivative as hedge instruments.

The hedging error at maturity 1" using n rebalancing points is defined by

R(n) = ®(X7) — Vi,

where ® denotes the payoff function, X7 denotes the stock price, and V7 is the value of the
hedge portfolio. In this paper we will measure the error using an L? criterion and study the
rate at which E[R?(n)] goes to zero as n approaches infinity.

The question of hedging errors due to discrete trading has already been raised in the paper
by Black and Scholes [3], where it was claimed that the risk induced from discrete trading
is nonsystematic and to a large extent can be diversified away. This claim was supported
by Boyle and Emanuel [4], who utilized a Taylor expansion approach. Moreover, they also
investigated the actual distribution of the hedging error of a discretely rebalanced hedge
portfolio. In both of these papers the delta of the hedge portfolio was set to equal delta of the
derivative when rebalancing the portfolio. Robins and Schachter [14] depart from this idea
and instead minimize the variance over each rebalancing period with respect to the hedge
portfolio weights. They show that this strategy yields a significant reduction in variance of
the hedging error compared with the delta neutral strategy.
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Figure 1. Log mean squared hedging error (MSHE) as a function of the log number of rebalancings for the
delta hedge (circles) and the delta-gamma hedge (squares).

Later accounts on the topic of discrete time hedging have often focused on the order
of convergence to zero of the hedging error as the number of rebalancing dates approaches
infinity. In Zhang [15] and Bertsimas, Kogan, and Lo [1], discrete hedging of European options
in complete diffusion markets on an equidistant time grid was considered. Whereas Zhang
considers an L? criterion for the order of convergence, Bertsimas, Kogan, and Lo [1] analyze
both the L? convergence of the hedging error and convergence in the weak sense. Among
other things it was shown that, when delta hedging a European option, nE[R?(n)] converges
to a nonzero finite limit as n approaches infinity. The results by Bertsimas, Kogan, and Lo [1]
were extended in different directions in the paper by Hayashi and Mykland [11]. In Gobet and
Temam [10] it was shown that, when the derivative has a more irregular payoff, the order of
convergence may decrease. In particular, for a digital option it was found that n'/2E[R?(n)]
converges to a nondegenerate limit as n — 0o. In Geiss [8] it was shown that the order of
convergence in the case of digital options may be improved by using a nonequidistant net of
adjustment dates. For a particular choice of nonequidistant rebalancing dates it was shown
that nE[R?(n)] converges to a nonzero finite limit also in the case of digital options.

In the work presented here we extend previous results to cover the case of contracts
that are hedged using two hedge instruments (the underlying and some other derivative) on
an equidistant time grid. We find that n®?E[R?(n)] converges to a nondegenerate limit as
n approaches infinity. Thus the order of convergence increases substantially when adding one
more hedge instrument to the hedge portfolio.

To illustrate the improvement in order of convergence for the delta-gamma hedge, we
performed a simulation of the delta hedging strategy and of the delta-gamma hedging strategy
in a Black and Scholes market. Figure 1 shows the log mean squared hedging error (MSHE)
as a function of the log number of adjustments of the hedge portfolio. The advantage of the
delta-gamma strategy over the delta strategy is clearly visible in the picture.

In the case of a market with normally distributed log returns (i.e., the Black and Scholes
market) we investigate by simulation to what extent the asymptotic expression approximates
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the true mean squared error for finite n, and we analyze the MSHE with respect to the choice
of the additional hedge instrument.

This paper is mainly an extension of the paper by Zhang [15], but the techniques used in the
proof are more related to those used in Gobet and Temam [10]. In Gobet and Makhlouf [9]
the convergence of the tracking error for the delta-gamma hedging strategy is analyzed in
a multiasset setting where log returns are assumed to be normally distributed. They derive
upper bounds of the expected squared hedging error for a class of payoff functions with variable
regularity properties. In particular it is seen that, in the case of digital options, delta-gamma
hedging does not increase the order of convergence compared to delta hedging. In our paper
we analyze a wider class of prices processes, i.e., time homogeneous local volatility models,
and prove the exact order of L? convergence in the case of European call options. We also
derive an explicit expression of the constant lim,, ., n%/?E[R?(n)].

Discrete trading may arise because of a number of reasons, e.g., due to the presence of
transaction costs or if the stock price process can be observed only at discrete points in time.
Since options in many cases are subjected to higher transaction costs than the underlying
stock, it is clear that transaction costs might have an impact on the practical applicability
of delta-gamma hedging strategies. However, in this paper we assume that there are no
transaction costs.

The next section introduces some notation, basic facts, and previous results together with
our results. In section 3 we perform a simulation study investigating how the results from
section 2 relate to a simulated example. We conclude our findings in section 4. The proofs of
the lemmas as well as some technical results are presented in Appendix A.

2. Preliminaries and results.

Setting and assumptions. Let the diffusion process X, defined on a filtered probability
space {Q, Fi, {Fi}i>0, P}, describe the price of a risky asset. Assuming that the risk free
interest rate equals r, under the risk neutral probability measure Q the process X has the
dynamics

(1) dXt = TXtdt + O'(Xt)Xtth,

with Xy = zp and where {W;};>0 is a one-dimensional Wiener process.

The above market model may be recognized as a local volatility model with a time invari-
ant diffusion coefficient. In this setting it is often convenient to work with the transformed
process Y; = log(X;). In connection to this define 6(y) = o(e¥), which is simply the diffusion
coefficient of the process Y. Let px (¢, z,2") and py(t,y,y’) denote the transition densities of
the processes X and Y, respectively (in the case they exist). One typically wants the processes
to have sufficiently smooth transition densities, which translates to smoothness properties of
the pricing functions of derivatives in this market. The smoothness of the transition densities
is dependent on properties of the diffusion coefficient &. We introduce the following set of
assumptions:

HI1.
(i) There is a positive constant oy such that 6(y) > o for all y € R.
(ii) The function & is bounded, uniformly Lipschitz continuous in compact subsets
of R, and uniformly Hoélder continuous.
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H2. The functions (0% /0y*)é(y), i € {1,2,3,4}, are bounded.
Under assumption H1 the transition probability function of Y has a transition density,
i.e., py (see Theorem 6.5.4 of [7]). The densities py and px are related through

_ py (t,log(z),log(z"))

bx (t7 z, .’L',)

)

and thus under assumption H1 X also has a density.

Now consider a Tj claim denoted F; with payoff function ®4(z) = (z — K1)*. We would
like to replicate this contract using the underlying and some other derivative Fo with payoff
function ®3(x) = (z — K2)* and which expires at T > Tj. Thus the contracts should satisfy
the following assumption:

H3. <I>1(x) = (J} — K1)+, CI)Q(JZ) = (J} — K2)+, and 15 > T7.

Pricing and delta hedging. The price of the contracts at time ¢ will be denoted Fj (¢, X})
and Fh(t, X;), respectively. We will let Fy 4(t, X;) and Fb,(t,X¢) denote their respective
derivatives with respect to the underlying asset and equivalently for higher order derivatives
and derivatives with respect to the variable t.

It can be shown using replication arguments (see, e.g., [2]) that the price of some derivative
F; at time t with payoff function ®; solves the following Cauchy problem:

1
Fii(t,x) +raF (t,z) + 502(:13)x2F¢,m(t, x) =rF(t, ),

(2)

Under assumption H1 the Cauchy problem (2) has a solution given by the following stochastic
representation:

(3) Fy(t.x) = e "B, [@4(X7,)],

where E; , denotes the expectation under the risk neutral measure Q conditioned on F; with
the process in question starting in the point z. At times we will suppress this dependence and
simply write E. It is also possible to deduce the well-known risk neutral valuation formula (3)
using arbitrage arguments (see [5] for a full account on this topic).

Introduce the processes X; = e "X, and F(t, X;) = e " Fi(t, X;). Using (2) and Itd’s
formula, it is seen that both X; and Fi(t,Xt) are Q-martingale adapted to F}V. By the
martingale representation theorem for Wiener processes there exists a uniquely determined
.FtW—adapted process h; such that

T;
e7"lid,(X1) = Fi(0, Xo) + / hedW, .
0

Using It6 and the fact that dXt = e‘”a(Xt)Xtth yields
hy = O'(Xt)XtFi,x(t) )

and thus T;
e—TTi@i(XTi) = F;(0, Xo) + / Fz’,:c(s)dXS’
0
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Since the market considered is complete, the derivatives can be perfectly replicated using the
underlying asset as a hedge instrument. This is what is usually called delta hedging.

One major concern regarding hedging is the possibility of exploding hedge quotes. This
problem is an issue when, for example, one is delta hedging an up and out barrier call option.
When the option is close to maturity and at the same time approaches the barrier, the delta
of the option may grow infinitely high. This is not a problem in our case, i.e., delta hedging of
a European call option, which is seen in Lemma 2.1. The gamma of the option, on the other
hand, may grow like 1/y/T; — t as the option approaches its maturity 7;.

Lemma 2.1. Assume that H1 and H2 hold; then there exists a bounded constant C such
that

(4) Fiolt,2)] <C ¥(t,2) € [0,T}] x Ry

Assume in addition that p is a bounded real number; then there exists a bounded constant C
such that

C
(T; - t)3

The proof of Lemma 2.1 is presented in Appendix A.

Delta-gamma hedging. We now turn our attention to the case where we use both the
underlying asset and Fy to hedge Fi. We will let h” and ;X and h!? denote the amount held

in the bank account and the number of shares of the underlying and of the hedge derivative,
respectively. We will let V; denote the value of the hedge portfolio at time ¢:

Vi = hX X, + hl2Fy(t, X;) + hP.

(5) |$pFi,mm(ta$)| <

V(t,flf) € [O,E] X R+.

Clearly we want the value of this portfolio to equal the value of Fj. In order to hedge the
issued contract, one way is to make the hedge portfolio both delta and gamma neutral. Thus
(see [2])

Fi(t, Xy) = h¥ X; + hi 2 Fy(t, X;) + hE
Fia(t, Xe) = hi¥ + b2 Fou(t, Xo),
Fl,xx(ty Xt) = thFQ,IJZ(ta Xt) .
By solving this we get the portfolio
F2,x(t7 Xt)Fl,mc(t: Xt)
F2,:L‘:c (ta Xt) '

B = Fy(t, Xy) —
th _ Fl,:(;:c(taXt)

t F2,:c:c(t7 Xt) 7
hE = Fi(t, X;) — hi¥ X, — kP2 By (t, X,) .

We will refer to this type of hedging as delta-gamma hedging. As in the delta hedging case,
the value of our hedge portfolio at time 77 can be written as

n Fipo(t, Xt)
Vi = F1 (0. X Fyo(t. X,) — _bre\ a2t
= R0+ [ (Fax) -

T et X)) -
+/ Fiaa(t, X1) t)ng(t,Xt).
0

Fy.(t, Xt)> dX,
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Using that dﬁ'g(t,Xt) = Fg,x(t,Xt)dXt yields

e Fioo(t, X3) .
Vi, = F1(0, X, +/ <Fxt,X L P, (4 X >dX
n = 0N o Al X Ty e X ) A
i lew(t Xt) it
ATV I L(t, X)dX
+/0 Foaalt, X0) b2 (t, X¢)d Xy

T 3
= F1(0, Xo) +/ (F12(t, X)) dXy = @1(X7y),
0

and thus this portfolio also replicates the contract.

It has already been pointed out that the delta of our option is bounded (see Lemma 2.1).
However, the hedge portfolio is now also dependent on the fraction Fy ;,/Fb , that is, the
position held in F5. It is seen that in order to guarantee boundedness one needs to make sure
that gamma of F} is bounded away from zero, or at least that Fy ,, goes to zero faster than
F5 ., when Fy ., approaches zero. For practical considerations we point out that the only
point at which A% may explode is when X; equals K and ¢ approaches T} (this is apparent
from the proof of Lemma 2.2). Later in the proofs we will need the following bound (which is
sufficient for our needs) presented in the following lemma.

Lemma 2.2. Assume that H1-H3 hold; then there exists a bounded constant C' such that

‘Fl,m(t,x) C
F2,xx(t7 LZ') - (Tl — t)%

The proof of Lemma 2.2 is presented in Appendix A.

Discrete time hedging. In our setting we will adjust the hedge portfolio at a prespecified
time grid ¢}', where n denotes the number of rebalancing points. In the equidistant case we
have that ¢} = i1} /n, where i = {0,...,n — 1}. The difference between the hedge portfolio
and the derivative at time ¢ = T} with n the number of adjustments will be denoted by Ra(n)
in the delta hedging case and Rr(n) in the delta-gamma hedging case. In the delta hedging

case the discounted hedging error, Ra(n), can be written as

V(t,z) € [0,T1] x Ry .

(6)

T ~
RA(n):/O (FLa(t, Xs) — Fia(en(t), Xp, ) dX¢

where ¢, (t) = sup{t]' | t} < t}. In the delta-gamma hedging case we have that

T 5 T -
Rr(n) = /0 <h2X - h;i(t)) dX; +/0 <hfz - hgi(t)) dFy(t, Xe) .

In [15] the discretely rebalanced delta hedge is investigated. The expected squared hedging
error is found to approach zero as n~! when n — oco.

E[RA (n)] = Lig [ /0 " e 2o (X)X (FLaw(t, X1))? dt} +0 <1>

2n n

In Proposition 2.3 our main result is presented. It states that the expected squared hedging
3
error, induced by discretely rebalancing the delta-gamma hedge portfolio, goes to zero as n™ 2

when n — oo.
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Proposition 2.3. Assume that H1-H3 hold; then

st = (2) ¢ tim o0+ 0 (55)

3
Ti\2 K303(K 1
= <_1> Cse —2rTy “*1 ( 1)pX(T1,:L‘O,K1)+O<W>,

n 2 4\/7
where
(8) g(t) = (T1 = )*PE [e 2" F] 4, (1, X,) X700 (X)),
and

oo 1 T w 1
c, = / / / — —dvdwdz.
,; o Jo Jo (k—w)e

Proof. In Lemma A.3 the error is decomposed into seven terms A; (1 <14 < 7), where A;
is given by

Al(n) =E

Ty t s
/ / / 6_2’”“F12,xm (u, X)) X805 (X, )dudsdt | .
0 n(t) Jon(s)

The rest of the terms, 4; (2 < i < 7), go to zero as O(1/n'3/8) or faster (see Lemma A.5).
Lemma A.2, which states that

I T, — )3, —2rtF2 L X XG 6 X = —2rT1 1
t—1>1¥1( 1 )2 [6 l,mmm( > t) t0 ( t)] € 4ﬁ

together with Lemma A.4 yields that

px (T, zo, K1),

eibo] = (D) gm0, i )40 (L)

which is the desired result, so the proof is complete. |

3. Simulation study. In this section we conduct a simulation study to examine the be-
havior of the expected squared hedging error as we let n approach infinity as well for some
fixed choices of n. First, we investigate the transition of the expected squared hedging error
to its limiting value as we let n go from some low value to some high value for some different
choices of Ky and T5. Second, we investigate the expected squared error as a function of K»
for some different values of n and T5.

The setup for our simulation study is that of the Black and Scholes market with r = 0.
More specifically, we let the risky asset X be defined by the SDE

dXt = O'Xtth,

where Xy = x¢ and o is a constant. The process X is log-normally distributed with transition
density given by

, 1 _ (log(a’) —log(2) +0°t/2)?
px(t,z,x') = /72@ 2021
2mot
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According to Proposition 2.3, for large values of n

3
T\ 2 K303(K
—1> 02 i 1)29X(T1,$0,K1)-

(9) E[RE(n)] ~ (n K )

Our results in the simulation study will be compared with the above approximate value of the
expected squared hedging error.

A number of trajectories, Nysc, of the process X, where o = 0.4 and xy = 100, together
with option prices and hedge ratios were simulated. For the option to be hedged the strike
price was set to K7 = 100, and the time to maturity was set to 77 = 0.5.

In the first part we investigate the expected squared hedging error as we let n approach
infinity. This is done for three values of K5 € {60, 100,140} and two values of Ty € {0.6,1.0}.
The measured MSHEs from the simulations are depicted in Figure 2 together with the value
of expression (9). In this simulation Ny¢ was set to Nysc = 100000.

It is seen that the graphs for the different values of K5 are more spread out around the
value of (9) in the case when 7o = 0.6 than when 75 = 1.0, and that the mean squared
error attains the limiting value faster for high values of 75 than for low values of 15 when
n approaches infinity. As expected, the hedge derivative most similar to Fj, that is, when
T = 0.6 and K = 100, is the one giving the lowest mean squared error. As can be seen, all
Monte Carlo estimates are relatively close to the value of (9), especially for high values of T5.

In Figure 3 the MSHE as a function of K for different values of Ty € {0.6,0.8,1.0} and
n € {10,100} is depicted. In this case the numbers of simulations was set to Nys¢ = 1000000.

As can be seen, for every choice of Th there is a clear smile pattern with a distinct optimal
value of Ko, and this smile is more pronounced for low values of 15 and n. It is also seen that
even though hedge contracts with short maturities might produce very feasible hedges there is
also the possibility of ending up with very high values of the expected squared hedging error
if one is not able to find a contact with the right strike price. Hence, with hedge contracts
with longer time to maturity the expected squared error is more robust with respect to the
choice of K.

4. Conclusions. We have shownBthat the expected squared hedging error using two hedge
instruments converges to zero as n~ 2 when the number of adjustments of the hedge portfolio
n goes to infinity. An expression of the leading n~3-order term has also been derived.

By simulation it is shown that the derived expression of the leading term approximates
the true MSHE quite well (see Figure 2), especially for high values of T5. It can also be seen
that, as expected, using hedge instruments that are similar to the instrument to be hedged,
that is, values of K5 close to Ki and values of T3 close to T}, gives a lower mean squared
error. However, in the case when T5 is chosen to be close to 17, the value of the MSHE is very
sensitive with respect to the value of Ky (see Figure 3).

Further research could be directed to the investigation of the higher order terms in the
expansion of the MSHE in order to find an optimal choice of hedge instrument in a collection
of possible hedge instruments.
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0.5 1 1.5 2 2.5 3 0.5 1 1.5 2 2.5 3
logyo(n) logyo(n)
Figure 2. Log MSHE as a function of the log number of rebalancings, where Ko = 60 (squares), K2 = 100
(circles), Ko = 140 (triangles), and expression (9) (dash-dotted line).

n =10 n = 100
‘ ‘ 0.06 ‘ ‘

80 100 120 140 : 80 100 120 140

Figure 3. MSHE as a function of Ko, where T> = 0.6 (squares), To = 0.8 (circles), To = 1.0 (triangles),
and expression (9) (dash-dotted line).

Appendix A. Proofs and technical lemmas. In Lemma A.3 the mean squared error is
decomposed into seven terms A; (1 <4 < 7), and in Lemma A.5 it is shown that all but term
Ai(n) are of higher order than n~2. The proof of Lemma A.5 relies on the estimates from
Lemmas 2.1 and 2.2, as well as on an estimate that is stated in Lemma A.2 together with a
limit result. Furthermore, we need an analysis result, Lemma A.4, that provides us with the
order of convergence of some integrals.

In the first part of the appendix we will prove Lemmas 2.1 and 2.2, as well as state and
prove Lemma A.2. In order to prove Lemmas 2.1 and 2.2, we will make use of two results
from [6] that are stated below (see (11) and (12)).

Consider a process Z with dynamics given by

(10) dzZ; = ,u(Zt)dt +dWy, Zy= 2.
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Define the functions N and G by

N(t) = /0 W(Z) + 12(Z))du  and  Gly) = /ymu)du,

0

where yg € R, and define the constants m and m by
m=sup(p'(z) + p*(2))  and  m = inf(y'(2) + p*(2)).

Assuming that p is absolutely continuous and such that (10) has unique strong solution, then,
according to Proposition 1 of [6], for any A € F;

() o,z [1(A)] = Bo,z, [T~V O ()]

where E denotes expectation with respect to the law of a standard Brownian motion. Fur-
thermore, under the same assumptions as above, according to Corollary 5 of [6],

—tm /2 pZ(t7 2 Z/) —tm/2
(12) TS R, e S

)

where py is the transition density of the process Z and py is the transition density of a
standard Brownian motion.

Another result that will be used in the calculations is the so-called put-call duality.
According to Corollary 3.2 of [13], which holds under H1-H2, the call price, Fj(t,z) =
E; e " T [( X7, — K)*], may be represented by

(13) Fi(t,x) = By k(@ — X7)7],
where the process X is defined by the dynamics
dXt = —TXtdt + O'(Xt)Xtth,

where W is a standard Wiener process.
In the proofs below we will let a(z) = o?(z)2?, k; = log(K;), and 7; = T; —t. Furthermore,
we define the constants @ and o by

o =sup o(z) and o =inf o(z2).

Also, throughout we will let C' denote a bounded positive constant whose value may change
from line to line.

Proof of Lemma 2.1.

Equation (4). Differentiating (13) once with respect to x, we get that

E7x(t7 ‘T) - / pX(Ti7 Ki7 y)dy - ELK,‘ [I(XT@ < ‘T)]a
0

where p¢ denotes the transition density of the process X. It holds that

0 < By, [I(X7, <)) <1,
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which proves the claim.
Equation (5). Differentiating (13) twice with respect to x, we get that

E,Z‘(ty .’L’.’L’) - pX(Tiu Ki7 ‘T)

Consider the transformation Z; = H(log(X;)), where H(y) = fy% 1/6(u)du for some yy € R;
then
dZt == /L(Zt)dt + th,

where
1

p(z) = =5 (GH1(2) + 5 (H1(2)).

Note that since [(9*/0y) (y)| < oo, i € {0,1,2} (due to H1-H2), the function x is absolutely
continuous, and thus the condition of Corollary 5 of [6] is satisfied and (12) holds.

Let p¢ and pz denote the transition densities of X and Z, respectively; then the following
relation between the transition densities holds:

_ pz(t, H(log(x)), H(log(x")))
x'o(z!) .

pX (t7 xz, .’L',)
Using the inequalities (12) for the density, we get

mr; (G(H (log(@)))~G(H (k:)) PW (i, H (ki), H (log(2)))
o(z)x ’

(14) 0< Fiau(t, ) <e 2

Since o is bounded, it holds that

(19 (B (og(@)) — H(k)? < LB K

which will be used to bound pw (7, H(k;), H(log(x))). For the function G it holds that

r

log(z) oz
G(H (log())) — G(H (k) = — /k B i ! log(a) k) — 21og (0_&{ >)>

Since [log(o(x)/o(K))| is bounded and

log(z) .
/ki 52wy

there is a bounded constant C such that

T
< Jzllos(@) — kil,

(16) (G(H (10g(@)) ~G(H(k)) < (1¢Cllog(@)—kil

To bound expressions of the form 2P = exp{nlog(z)}, where p is a bounded real number, we
will use

(17) ePlog(x) < ePkitpllog(z)—kil < CeCllos(z) kil
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for some bounded constant C.
Using (14)—(17), we have that there is a bounded constant C' such that

 (log(x)—k;)?
20 ki
\/Ti

2P F 4o (t, )] < C eCllog(@) kil €

The above inequality together with the inequality
(18) —2? fex < —x?/2 4+ )2,
which holds for all x,c € R, yields that there is a bounded constant C' such that

_ (log(z)27ki)2
e 4T,
| 2P F 20 (t, )| < CTa

which implies that there is a bounded constant C such that [2PF; ;. (¢, x)| < C/+/T; — t, which
concludes the proof. [ |
Proof of Lemma 2.2. In the same way as for (14), we get

G(H (log(2)))—G(H (k) PW (Tis H (ki) H (log(2)))
o(x)x ’

(19) Fia(t,z) > e 2Mic

Inequalities (14) and (19) yield that there is a constant C' such that

_ 2 _ 2
Fi 20 (t, ) C e_(H(logézc%i*g(kl)) +<H(log2<gc%;j<k2)) .
Fopo(t,x) = VT — ¢

Consider the function f defined by

(z = H(k1))* | (2 — H(kp))?
2Ty — 1) 20Th—1)

f(z) = -

The equation f’(zp) = 0 has the solution

. H(k‘l)Tg + H(k‘g)Tl

20 = T2 — T1 )
" (k1) — H(l))?
H(ky) — H(ko
f(ZO) = )
2(T, — TY)
which is bounded since T» > T and is a maximum since f”(z9) = —1/71 + 1/72 < 0. Hence,

we have proved that exp{f(H (log(z)))} is bounded, and thus there is a bounded constant C

such that
F17xx(t, a:) C

< ;
F27:c:c(t7 x) Tl —t

whence the lemma follows. [ |
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Lemma A.1. Define the function h; by

and let g be a continuous and integrable function; then

lim [ g(z)hr (o, x)dz = g(20) .
T—0 R

Proof. For some € > 0 decompose the integral as

[ s@hr(eo itz = [ gophean.a)do

—00

xo+e€ [e’e]
+/ g($)h7($0,$)dx—|—/ g(ZII)hT(I'o,I')dI'.

0—€ To+e

For the first term we have that

To—€

smumo/ lg(@)ldz,

—00

‘/“*mmm@mmm

—00

where £ € (—o00,xo—¢€). Since g is integrable, we have that ffg;e lg(x)|dz < co. Furthermore,
lim; 0 hr(zg, &) = 0; thus

To—€
lim g(x)hr(zg,x)dzx = 0,

=0 J_

and equivalently for the last term. For the second term we have that

xo+e€ xo+e
/ g(x)hy (20, x)da = g({)/ hy(xg, z)dx,

0—¢€ 0—¢€

where £ € (g — €, 70 + €). Now

Zo+e e/\/T )
i g€) [ oo, )de = g(€) limy 2 26 du = g(€).

T7—0 o—e T7—0 —e/\/T \/—%u €

Since g is continuous and € can be chosen arbitrarily small, this finishes the proof. |

Lemma A.2. Assume that H1 and H2 hold; then there exists a constant C such that

—2rt 12 6 6 C
(20) E[e ‘Fi,:c:c:v(t)Xt o (Xt)] < 3
(Ti —t)2
and
: S —2rt 2 6_6 —2rT; Kz'go'g(Ki)

(21) lim (E - t) QE[G *Fi,:mvx(t)Xt g (Xt)] =e f——— DX (,TZJ o, Kl) :

t—T;

i/
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Proof. Differentiating F; twice with respect to x, we get that

0 .
F2a(t, ) = %Et,lﬁ (X7, < ).

Using the transformation Z, = H(log(X;)), as in the proof of Lemma 2.2, and the change of
measure from (11), we have that

0 ~ _ Ny 1 N
Fiaw(t,2) = 5y sy [1(27, < H(log(2)))e €7 =GO o 5N -0

0 - _ V) _1 N
= 5 BuH(k) {I(Zﬂ < H(log(x)))e )= GHENE, 4o ) [e (N N(t))|ZTiH-

Denote ) 1

then

0 _ .
Fipo(t,z) = %Etﬂ(lﬁ) I(Zr, < H(log(x)))e®#r)=C¢HED) ot H(k;), Zr,)

7i, H(k;), H(log(x)))
xo(x) '

— CCUHBEN =G 51 1 (k) H (log () 24

Differentiating F; 4, (t, z) with respect to z yields

Fi zaa(t,x) = fi(t,z) + fo(t,z) + f3(t, ) + fa(t, x),

where

it z) = eGW(log(x)))—G(H(’fi))wdt, H(k;), H(log(x)))

o pw (7i, H(ki), H(log()))
o(x)x

Y

0 1
G(H (log(x)))—G(H (k;
fo(t, ) = G H (@) ~GH( ))aﬂﬁ(taH(ki)aZ)|z=H(10g(w))$U($)
" pw (7i, H(k:), H (log()))
xo(x)
Folt 2) = CUTOREN)~GUTED o4, F (k,), H(log(x))

< ( H(k). Hlog(a))) =75 227,

)

and
fa(t,x) = FHUsN=CHED g (¢ [ (k;), H(log(z)))

o 1
X &pw(T, H(kz), Z)|z:H(log(:E)) $202($) :

Since the functions p and g/ under assumptions H1 and H2 are bounded, there is a bounded
constant C' such that

~

(22) B(t,z,2') = Et,z[e_%ffTi “I(ZS)+“2(ZS)‘13|ZTZ. =7 <C.
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Note that the process Z conditioned on Z7, = 2’ is a Brownian bridge from z to z’. Let

T, —1

s—1t

h "=
(s,2,2')=z+ T

(2 —2)+ <Wg_t VVTz > for selt,T;];

then, under the measure [ and the condition Zp, = 2/, the following equality in distribution
holds: h(s,z,2") 2 7,. Define the function g by g(2) = —(¢/(2) + p2(2))/2. Differentiating ¢
we get, after applying the dominated convergence theorem twice, that

0 n o 0 fTig(h(s,z,z’))ds
8z¢(t’z’z)_ 8zE [et }
T.
Ti h(s,z,2"))ds t 0 0
:E[eﬁ 9(h(s.2,) /t () oy 5522

where 2 h(s, 2,2') = (T; — s)/(T; — t). Since g and ¢’ are bounded under H1-H2, there is a
bounded constant C' such that
<2C /

By (15), (16), (17), (22), (23), and the boundedness of o, ¢, and p, we have that there is
a bounded constant C' such that

(23) ‘gqﬁtzz ds—C(Ti—t).

_ (log(@)—k;)?
207;
(24) [(fi(t,x) + fa(t, @) + f3(t,2))230% (2)] < C’ec‘log(m)_k”eﬁ .
Inequality (18) together with (24) yields that there is a bounded constant C' such that
(25) (Fa(t,2) + falts 2) + foft, )20 (@) < O

The bounds (15), (16), (17), (18), and (22) yield that there is a bounded constant C' such
that

 (H(k;)—H(log()))?
27',L-

|fa(t, 2)2P o (x)] < CeCllos®) )—ky| [ (ki) — H(log(x))] e

T \/271'7'@'
ey log(a)]
; — log(x)| e o
26 c—
(26) o Vo

Using the transformation H (log(X;)) = fylog(Xt 1/6 (u)du, the bound (12), and inequality
(18), we get that there is a bounded constant C' such that

%(log(x’)—log(m)) pW(ta H(lOg(fL’)), H(log(x/)))

px(t,z,z") < Ce” o

_ (og(z")—log(x))?
4ot

(27) S
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By (25), (27), and a change of variable (y = log(x)), formal integration yields that there is a
bounded constant C' such that

E[€_2Tt(f1(t7Xt) + fo(t, Xy¢) + fg(t,Xt))2Xt60'6(Xt)] <

T, —t
Using (26), we get in the same way as for the bound above that there is a bounded constant
C such that o
—2rt 2 6 6
Ele™" fi(t, X¢) Xi 0" (X)) < T — 12

Consequently, by the Cauchy-Bunyakovskii inequality, there is a bounded constant C' such
that
C

(T; —t)

Hence, E[f2(t, X;)X?05(X;)] is the leading term, and there is a bounded constant C' such
that

Ele=2 (f1(t, X;) + fo(t, Xp) + f3(t, X2)) f3 X008 (X,)] <

E[e_zrtﬂ%x:c:c(t)XtGUG(Xt)] < ’

(T — )3
which proves the first part of the lemma.
It holds that
Ele™?" f3(t, X4) X7 0°(Xy)]
[ A i, (). Hilog(a)
0 Ko (K;)a?0?(z)

_ (H(log(x))— H (k;))?

x (H(log(x)) — H(ki))* e " 250 (2)px (t, mo, v)dz

72 21T

2(G(2)~G(H (k7)) y — L
_ / e—2rte ¢(t7H(k7i)vz) (Z _H(kl)) € *
R K?0%(K;) T2 27T

(3

X 65H71(z)05(€H71(z))px(t,LZ'(), eHil(z))dz.
Using Lemma A.1 and that E[f2(t, X;)XJ0%(X;)] is the leading term, we get

3
lim 72 E[e 2" F2, (X1, ) X208 (X})]

e 1, TTX
5H™Y(2) +5(,H '(2)

o —ort_2(G(2)—G(H (k) N N E (e )

g, fee ) D R (1)

Ho1(z), 2 o —(z=HU)?
x px (t, 2o, € ) (z—H(k;)))’e 7 dy
T2\/T

_ _K30'3 Kz

=e 2TT”7()px(t,$0,Ki)a

Ve

which finishes the proof. |
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To ease the notation in the following lemma and its proof we will occasionally suppress
the second variable in the functions Fj(t, X;); ie., Fi(t) = F;(t,X;). We adopt the same
notation for derivatives of the function F; and write Fj,(t) = F;;(t,X;) and equivalently
for higher order derivatives and derivatives with respect to the variable ¢. Also, recall that
a(z) = 2%0%(x), and let the function D be defined by

Dt) = Fualt) ~ Fra(on®) — (Fou(t) — Foalpa(t))) izt &r)

Fy a0 (on(t))
Furthermore, let Dy(t), Dy (), Dya(t), and Dypa(t) be defined by
Di(t) = Fya(t) — Fm@f)% ’
Da(t) = Fiaa(t) — Fz,m@)% ’
Das(t) = Fipua(t) — Fz,m(t)% ’
Dage(t) = Fiugeal(t) — Fz,mm(t)% '

Lemma A.3. Let

forie{1,2,3,4,5}, and

Ty t
Ai(n) =E / / e 2% gi(s, Xs) dsdt
0 ()
fori € {6,7}, where

gl(u’XU) = F12,:1:a:a:( ) ( )

(0 ,) = =2 B (0 P 2 P 0,
2

0, X0) = ) 5 ),

94(u, X,,) = D2(u)ha(X,,),

g5(t, X,) = 2D, (1) Dyp (u)a?(X,)a (X)

g6(s, Xs) = 2(3)h1(X8)=

g7(8, Xs) = D(8)Dy(s)a(Xs)a' (Xs),

where
hi(z) = —2ra(x) + rad (z) + a(x)d” (x)/2,

hy(z) = a(z)(—4ra(x) + 2rzd (z) + (d'(z))?).



72 MATS BRODEN AND MAGNUS WIKTORSSON

Then
E[RE(n)] = ) Ai(n).

Proof. The expected squared error can be written as

B[R} ()] = B [ [ ((Fraty - el

Fy 42(1)
(it - Pl )

Fio(t)  Fiaa(on(t)) 2 iy
* <F2,:m(t) FZ,xw(QDn(t))>F2’x(t)> Xio®(Xy) dt]

T

=E

D2(t)Xfa2(Xt)e_2”dt] .
0

Let
fit) = e D2(t) X202 (Xy) = e D (t)a(Xy),

and apply Itd’s formula between ¢, (t) and t. Then

dfl (t) = {fl,t(t) + Tthl,x(t) + %a(Xt)fL:c:c(t)}dt + U(Xt)thl,x(t)th )

where the diffusion term vanishes when taking expectations. The derivatives of f; are given
by
fra(t) = e (2D () Dy(t)a(Xy) — 2rD*(t)a(Xy))
!/

fra(t) = e (2D() Da(t)a(Xe) + D2(t)a’(Xy))

and
free(t) = e 2" (2D2(t)a(Xy) + 2D (t) Das (t)a(Xy)

+4D(t)D,(t)d (X;) + D?(t)a" (Xy)) .

Multiplying these terms with the corresponding coefficients and summing them together yields
the drift term

Fual®) 4 T X0 faalt) + 3a(X0) fra(t)
=e 2t <2D(t)Dt (t)a(X,) — 2rD*(t)a(X;) + 2r X, D(t) D, (t)a(Xy)
+ X, D?(t)d (X;) + D2(t)a*(X;) + D(t)Dyy(t)a? (X))

+ 2D(t) Dy (t)a( Xy )d' (X;) + %DQ(t)a(Xt)a”(Xt)> .

Differentiating the Black and Scholes PDE
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1
Fii(t,x) +raF (t,z) + §a($)Fi7m (t,z) =rF;(t,x)

with respect to = yields

1 1
(28) Fo(t,z) + <r:17 + 5&'(:13)) Fi wa(t,x) + éa(aj)F@mm(t,x) =0.
Using (28), we have that
1, 1
(29) Dt(t) + TXt + 5& (Xt) Dx(t) + §G(Xt)Dam(t) =0.

This leaves us with the drift term

Falt) + P X1f1a(0) + 30X ilt) = 2 D2(OGR(X0) - 20D (Bal(X)

+rX,D2(t)d (X;) + %D2(t)a(Xt)a”(Xt) + D(t)D, (t)a(Xt)a’(Xt)> .

Thus we get the following decomposition:

Ty t
/ / e D2 (5)a?(X,)dsdt
0 n(t)

Ty t
/ / =27 D2 (5)hy (X,)dsdlt
0 en(t)

Ty t
/ / e_mD(s)Dx(s)a(Xs)a’(Xs)dsdt] ,
0 en(t)

E[R}(n)] = E

(30) +E

+E

where hy(z) = —2ra(z) + rzd (z) + a(z)a” (x)/2.
In the next step the first term will be decomposed once more. The first term is given by

Ty t
E / / e 2" D% (s)a*(X,)dsdt
0 n(t)

/OTl /; ) s (Flym(s) B Fl,m(cpn(S))>2 F2,,(s)a2(X,) ds dt].

—E Foun(s)  Faza(en(s))

Let
fa(t) = e " Di(t)a*(Xy),

and apply It6’s lemma between ¢, (s) and s. The derivatives of f are given by

Fr(t) = €72 (2D () Dia()a* (Xy) — 2rD3(1)a*(Xe))
Fra(t) = €72 2Dy (t) Do (t)a® (Xe) + 2D7 (t)a(Xe)d' (X4))
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and
fo,aa(t) = et (2Dg2gm (t)az(Xt) + 2D, (t)sz(t)az(Xt) + 2D§(t)(a/(Xt))2

+ 8D, (t) Day (t)a(Xy)a' (Xy) + 2D2(t)a(Xy)a" (Xy)) -

Hence, the drift term is given by

Fadl®) + T Xufoalt) + 3a(X0) foalt
= e 2" (2D, (t)Diy (t)a(X;) — 2rD2(t)a*(Xy)
+ 27 Xy Dy (t) Doy (t)a* (Xt) + 2r Xy D2(t)a(Xy)ad' (X3)
+ D2(t)a®(Xy)a" (Xy) + 4Dy (t) Dy (t)a? (X3 )a! (Xy)
+ Dy (1) Dy (t)a® (X1) + 2D3, (t)a?(Xy) + 2D (t) (a (X4))?) -

Differentiating (28) with respect to x, we have that

F 120 (t) + (r + %a"(az)) F22(t) + (ro+ d' () F 220 (t) + %a(Xt)Emm(t) =0,

and, consequently,
1 1
(31) Dy (t) + <r + 5@”(Xt)> Dy(t) + (rX; + a' (X)) Daa(t) + 5a(Xt)Dm(t) =0.

Equation (31) yields

Fatl®) 4 T Xufoa0) + 50*(XOX7 foalt)
= e 2" (D2, (t)a®(Xy) — 4r D3 (t)a®(Xy) + 2r X, D2(t)a’ (X;)

+ D2(t)a(X¢)aZ(Xy) + 2Dy (t) Dyw(t)a® (X )a' (X))

and

/Tl
0

Ty t s
+E / e D2 (u)hy (X, )dudsdt
0

t s
/ / e D2 (u)ad® (Xu)dudsdt]
) Jepn(s)

¥n (t

Ty t s
+E / / e 2"2D, (1) Dy (u)a® (Xu)a'(Xu)dudsdt]
0 Jon(t) Jon(s)

Ty t
+E / / ¢~25 D2 (s)hy (X, )dsdt
0

h K —2rs /
+E/O / e D(s)Dw(s)a(Xs)a(Xs)dsdt],
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where hy(z) = a(x)(—4ra(z) + 2rzd’(z) + (d’(z)?)). Furthermore, we have that

Fi 20 (on(t)) > ?
F5 0a (en(t))

= Flz,xxx(t) - 2F1,a:mc (t)F2,a:gcgc (t)

Dg%x(t) = <F1,xxx (t) - F27:c:c:c (t)

Fl,xw((’p (t)) F22x:c(()0 (t))
Freelon®) T T2 (@)

which completes the proof. [ |

In order to show that the integrals are of the right order in the proof of Lemma A.5, we
will use the following lemma, which is an extension of Lemma 4 of [10].

Lemma A.4. Let g : [0,T] — R be a measurable, bounded, and continuous function, and let
a € (1,5/2). Then

T\ 1
S) L2 _dsdtdu=Cog(T) (=] +o(—=),
_ 3—a
en(u) Jon(t) ) n n
0 1 x w 1
C, = / / / ——dvdwdzx.
; o Jo Jo (G—v)

Proof. Let € = T'/n; then we have that

e(k+1)
/ / / 5)° dsdtdu— / / / dsdtdu
on(u) Jon(t) - ek

where

I . / ey / / ”+k)))) edvdt du
|tk :"E:l/:(k+1 / / _evg;++k/)<;))) 2 o du
I P Z/ / / _6”U++kk))) € dv dw dz

ZZ/// n_vvikg)) <%>3dvdwdx
= j=n—k = <n>3azn:///wg GooF )dvdwdx.

Since g is continuous, for every € > 0 there exists a dp such that |g(T) — g(T — 0)| < € for
all 0 < dg. For all n > [T/d] there exist jo(n) > 0 such that Tj/n < ¢ for all j < jo(n) and
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Tj/n > ¢ for all j > jo(n). Now we have using that ¢ is bounded, say by C,

e
_]OE(S/ / / Tv)aT]"> dv dw dz
N Z /// (r-r >‘dvdwd:1:

Jj=jo(n)+1 (- U)

jo(n)
207
<
EZ/// G=0 dvdwdx+(n5 T)

Since € can be made arbitrarily small, we have shown that
T 3—a n 1 rz pwg T — %
<—> Z/ / / <,7a)dvdwdx
n =170 Jo Jo (J—v)
T\ N L | 1
— — g(T) / / / %advdwdx—l-o <——a>
<”> ; 0o Jo Jo (G—v) n’

Finally, we have that

< >3a - / / /w‘q f_ dv dw dz
O B[ sl

which is the desired result, and thus the lemma is proved. [ |
Lemma A.5. Assume that H1-H3 hold; then

A <0 (=)

)

forie{2,3,4,5,6,7}.

Proof. Recall that C denotes a bounded constant whose value may change between the
lines. Also, in the calculations below we will use that exp(—2rt) < 1, without referring to this
fact.

Term As. Inequalities (6) and (20), the Cauchy—Bunyakovskii inequality, and Lemma A.4
with a = 5/4 yield

T s 1
|A2(n |<C’/ / / 7odudsdt<0< >
) (Th —u)4 ni
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Term As. Inequalities (6) and (20) together with Lemma A.4 with a = 5/4 yield

T t s 1
As(n SC’/ / / 7dud8dt
A= C L o oo @)
Ty s 1
<C/ / / 7dudsdt<0<
en(s) (T1 —u)4

where C' may change between the lines.
Term A4. Taking absolute values yields

Ty t s
|As(n)| < / / / E[D2(u)he(X,)]dudsdt .
0 Jon(t) Jon(s)

There is a constant C such that |he(z)| < Cz?* (by the boundedness assumption of & and ).
Using (5) and (6), we have that X*(t)D2(t) < C/(Ty —t). Now, in the same way as for term
7
As, we get that |[A4(n)| < O(1/n7).
Term As. Taking absolute values yields

Ty t s
/ / / 21Dy (1) D () [a2(Xo ) (X, dusds dt] .
0 n(t) Jon(s)

Furthermore, we have that

)

3
P B

[As(n)| <E

‘D:c(t)D:c:c(t)‘ < ’Fl,xm(t)‘ (’Fl,xx(t)‘ +

where the first term is the leading one. Using that there is a constant C such that |a?(x)a’(z)| <
C|z|?, the Cauchy-Bunyakovskii inequality, and inequalities (6) and (20), together with
Lemma A.4 with a = 5/4, we have that

Ty t s 1 1
|As(n)| g()/ / / 75dud8dt§0<—7>.
0 Jon®) Jon(s) (T1 —u)1 ni

Term Ag. Recall that
Ty
/

Using It6’s formula and (29) on D?(s)h1(X(s)), we have that the leading term of Ag is of the
form fo f@ ® f (s )E[D2( u)X}dudsdt. Thus we are in the same situation as for Term Aj.

AG(H) =E

/ t D?(s)hy(X(s))ds dt] .

Pn (t)

Using the same techniques as for A4, we have that |Ag(n)| < O(1/ n%) The assumption that
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@ is bounded (assumption H2) is used for one of the lower order terms in the expansion
of AG-

Term Az. Consider the decomposition (30). From the calculations of the Terms As—As
and inequality (20) we have that E[D2(t)X}] < C/(T — t)3/2, and from the calculations of
Term Ag we have that E[D?(t)X?] < C/(T — t)°/*. The Cauchy Bunyakovskii inequality
gives us that E[D(t)D,(t)a(X;)a'(X;)] < C/(T — t)"/8, which together with Lemma A.4

. 13
yields [A4(n)| < O(1/n7%). [ ]
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Convergence of Price and Sensitivities in Carr’s Randomization Approximation
Globally and Near Barrier*
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Abstract. Barrier options under wide classes of Lévy processes with exponentially decaying jump densities,
including the variance gamma model, KoBoLL and CGMY models, normal inverse Gaussian processes,
and B-class, are studied. The leading term of asymptotics of the option price and the leading term
of asymptotics in Carr’s randomization approximation to the price are calculated as the price of
the underlying approaches the barrier. We prove that the order of asymptotics is the same in
both cases and that the asymptotic coefficient in the asymptotic formula for Carr’s randomization
approximation converges to the asymptotic coefficient for the price as the number of time steps
N — +400. Also, we justify Richardson extrapolation of arbitrary order. Similar results are derived
for sensitivities and the leading terms of their asymptotics in Carr’s randomization approximation.
The convergence of prices and sensitivities is proved in appropriate weighted Holder spaces.

Key words. Greeks, barrier options, first-touch digitals, Lévy processes, Carr’s randomization, KoBoL pro-
cesses, CGMY model, normal inverse Gaussian processes, variance gamma processes, $-class, Wiener—
Hopf factorization, asymptotics
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1. Introduction.

1.1. Carr’s randomization. In [22], Carr and Faguet applied a time discretization tech-
nique known as the “analytical method of lines” to pricing a finite-lived American option. This
method reduces the pricing problem for the finite-lived option with a sequence of pricing prob-
lems for perpetual American options. The latter problems are easier to solve than the former,
so that, as a result, an efficient numerical pricing procedure for finite-lived American options
was developed. In [20], Carr found a conceptual interpretation of this method in the language
of probability theory and christened it “Canadization” (or “maturity randomization”); we
prefer the term “Carr’s randomization.”

Briefly speaking, Carr’s idea was to replace a deterministic maturity date 7" of an American
option on a given stock S = {S; }+>0 with a sum, T =T+ +Ty,of exponentially distributed
random maturity dates that are independent of each other and of the process S, such that
each TJ has mean T//N. Therefore, T has mean T and variance T?/N. As N — oo, the
variance of T approaches 0, while the mean remains fixed. Carr’s insight was that the price of
the option with random maturity T should approach the price of the option with deterministic
maturity T as N — oo.

*Received by the editors March 11, 2010; accepted for publication (in revised form) October 24, 2010; published
electronically January 20, 2011.
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The convergence as N — oo of the approximation scheme described above was proved
fully in [6] for American options in the classical Black—-Scholes model, along with results for
more general classes of models under certain additional assumptions. (We recall that Carr’s
randomization procedure can be formulated for American options in arbitrary Lévy-driven
models (see, e.g., [15]) and Markov models [6].)

1.2. Barrier options. Carr’s randomization method can also be applied to barrier options;
it was already used to design fast and accurate pricing procedures for single and double barrier
options under various classes of Lévy processes in a number of works [31, 10, 11, 12, 8]. A
formal convergence proof for these procedures was derived in [7]. However, the proof in [7]
cannot justify the claim made in [31, 10, 11] that Carr’s randomization method gives more
accurate approximation to prices near the barrier than many other methods. The aim of this
paper is to supplement [7] and prove that, for wide classes of Lévy processes, the leading term
of asymptotics of the price of a barrier option in Carr’s randomization approximation tends
to the leading term of asymptotics of the price of the barrier option as N — oco. We prove
similar results for sensitivities as well.

These results are important because qualitatively different behavior of prices of barrier
options and first-touch digitals near the barrier, in different Lévy models, can be used to
identify the type of underlying process. In applications to real financial markets, the prices
are calculated using an approximate numerical method. Therefore, it is important to know
that the method used reproduces the prices near the barrier accurately. The aim of this paper
is to provide a theoretical background for Carr’s randomization approximation as a reliable
tool for pricing barrier options near the barrier. At the same time, there are fundamental
reasons for many other numerical methods to produce a different kind of price behavior near
the boundary.

The problem of pricing and hedging barrier options has attracted much attention in recent
years, from both the theoretical finance side and the practitioners’ side. For instance, a rather
comprehensive review of the 1965-1995 literature on the pricing of barrier options given in [19]
lists about 30 articles, while hundreds of new works devoted to the same topic have appeared
since 1995. In the framework of the Black—Scholes market model [5], an explicit formula for the
price of a barrier call option was obtained by Merton [40]. Many subsequent works on barrier
and first-touch digital options also remained in the Black—Scholes framework (the interested
reader may wish to consult, for example, the bibliography lists in the papers [19, 18]).

However, it is a known fact that the Black—Scholes model yields rather inaccurate prices
of barrier options near expiry, especially when the spot price S is close to the barrier. The
reason is that the Black-Scholes value function Vs = Vigrrps(T,S), where T is time to
maturity, for (say) a down-and-out barrier put option is continuously differentiable w.r.t. S
within the closed interval [H,+00), whereas, for many classes of Lévy processes, the delta is
unbounded as the underlying tends to the barrier. The dashed line in Figure 1 is an example
of such a behavior if the underlying process is Brownian motion: we can clearly see how the
delta, 0Vpg /0SS, of the option has a finite limit as S approaches H from the right.

As aresult, the relative errors of prices of barrier options computed using the Black—Scholes
model versus more realistic stock pricing models can sometimes reach several dozen percent
near the barrier. We refer the reader to [31], where this phenomenon was demonstrated using
an example of the normal inverse Gaussian (NIG) model.



CONVERGENCE OF CARR’S RANDOMIZATION APPROXIMATION 81
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2000 2500 3000 3500
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Figure 1. The value function of a down-and-out barrier put option in the NIG and Black—Scholes models.
The strike price is K = 3500, the barrier is H = 2100, the time to maturity is T = 1 year, the riskless rate
is 3%, and the underlying stock pays no dividends. (The exzample is taken from [28].) Solid line: the graph
of the value function calculated assuming that under a risk-neutral measure chosen by the market the log-price
process {X: = In S} of the underlying is an NIG process with parameters o = 8.858, f = —5.808, § = 0.174.
Dashed line: same as above, except that X is assumed to be a Brownian motion with volatility o ~ 0.2136,
chosen so that the second (instantancous) moment, o2, of X = {X,} is the same as the second (instantaneous)
moment, a2 (a® — ﬂ2)73/2, of the NIG process in the first example.

Similar problems arise if the underlying pure jump Lévy process (or a Lévy process with
insignificant jump component) is approximated by a jump diffusion with a tangible diffusion
component. The most convenient jump-diffusion models are the double-exponential jump-
diffusion model [30, 35, 36] and its natural generalization constructed in [33] to price American
options and later labelled the hyperexponential jump-diffusion (HEJD) model by Jeannin and
Pistorius [28], who derived explicit formulas for the Laplace transforms w.r.t. the time variable
of the value functions, deltas, gammas, and thetas of the barrier options. They further showed
that, approximating other Lévy-driven models (such as variance gamma (VG) [39, 38, 37] and
NIG) by suitable hyperexponential models, one can obtain accurate approximations to the
prices and sensitivities of barrier and first-touch digital options in the regions not too close to
the barrier. For a more recent and more detailed approach to an approximation technique of
a similar nature, and for its application to the pricing of double barrier options, we refer the
reader to [26, 21], respectively.

Nevertheless, hyperexponential models (with nonzero Gaussian component) also have the
disadvantage that the value functions of barrier options in these models are continuously
differentiable up to the barrier. In other words, qualitatively these functions exhibit behavior
similar to that of the dashed line in Figure 1, whereas value functions obtained from more
realistic models of stock prices, such as NIG and KoBoL,, exhibit behavior similar to that of
the solid line in Figure 1.

Other methods of pricing barrier options that use models with a tangible diffusion com-
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ponent to approximate models with zero diffusion component (such as the method of Cont
and Voltchkova [25]) suffer from the same problem (see [34, 31] for an analysis of the errors
that result from applying these methods). This issue is important because empirical studies
of financial markets (see, e.g., [23]) show that, fairly often, the dynamics of the underlying
has zero diffusion component.

1.3. Main results. In the paper, we derive the leading terms of asymptotics of the price of
a barrier option and the corresponding Carr’s randomization approximation, and we prove that
the asymptotic coefficient in the latter converges to the asymptotic coefficient of the former
as N — oo for wide classes of options including puts, calls, and digital options, as well as wide
classes of Lévy processes, which contain the processes of the extended Koponen family [13]!
(with the CGMY model [23] as a special case), NIG processes [2] and the generalization of this
family (normal tempered stable processes [3]), the VG model introduced to finance by Madan
and coauthors [39, 38, 37|, and Kuznetsov’s (-class [32]. However, in the case of VG model,
we were able to calculate the leading term of asymptotics only in the case of drift pointing
from the boundary. The same holds for $-class, in cases when the Lévy density has the same
leading term of asymptotics at the origin as in the VG model. Hence, in these cases, we are
able to prove the convergence of the asymptotic coefficient only if the drift points from the
barrier.

We also prove that, in all cases, the difference between the price and Carr’s randomiza-
tion approximation can be represented in the form 0", ¢;(T,z)N I 4+ O(N—™1), for any
positive integer m, with the constant in the O-term depending on m, 7T, x. Similar results
can be obtained for sensitivities and their leading terms of asymptotics. This implies that
Richardson extrapolation of any order is justified provided Carr’s randomization approxima-
tions are calculated sufficiently accurately. We produce numerical results, which demonstrate
that Richardson extrapolation of different orders agree very well, and, therefore, Richardson
extrapolation of prices obtained with small numbers of time steps can be used to achieve very
good accuracy.

1.4. Organization of the paper. In section 2, we present the well-known formulas that
express the prices of barrier options in probabilistic terms, calculate the Laplace transforms
of these expressions w.r.t. time to maturity in terms of the expected present value (EPV)
operators under supremum and infimum processes,” and write the formulas for the prices
using the inverse Laplace transform. In section 3, we derive similar general formulas for
Carr’s randomization approximation.

Main results for prices (formulas for the leading terms of asymptotics and convergence
theorems) are formulated in section 6.1 for a wide class of regular Lévy processes of exponen-
tial type (RLPEs) of order v € (1,2] and for strongly regular Lévy processes of exponential
type (sSRLPEs) of order v € [0+,2]. The definitions of RLPEs and sRLPEs are given in sec-
tion 4, and necessary general formulas for the Wiener—Hopf factors are recalled in section 5.
In section 6, we derive explicit formulas for the Wiener—Hopf factors and crucial estimates
for the Wiener—Hopf factors, and we use these estimates to prove the convergence of Carr’s

IThese are also known as KoBoL processes [15]; we adopt this terminology.
*Here we use the operator form of the Wiener-Hopf factorization method developed in [14, 15, 16, 34, 17]
with an important further development in [11].
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randomization approximation to the price in a Hélder norm and justify Richardson extrapola-
tion of arbitrary order. In section 7, we prove the convergence of the asymptotic coefficient of
Carr’s randomization approximation to the asymptotic coefficient of the price as the time step
vanishes and improve the characterization of the convergence of Carr’s randomization to the
price. Similar statements for sensitivities are formulated and proved in section 8. Numerical
examples are given in section 9; section 10 concludes. Technical proofs and necessary elements
of the theory of generalized functions are relegated to the appendices.

2. General formulas for barrier options.

2.1. Lévy-driven models. For an exposition of the general theory of Lévy processes and
their applications to pricing derivative securities, we refer the reader to [4, 42] and [15, 24, 43],
respectively. We recall that every Lévy process X = {X;}4>0 has the characteristic exponent,
which is a continuous function 9 : R — C satisfying 1(0) = 0 and

E[eif‘xf] — ¢ W) VEER, t>0;

and, conversely, the law of a Lévy process is uniquely determined by its characteristic exponent
[42, Thm. 7.10]. Some examples of Lévy processes that are commonly used in empirical studies
of financial markets are listed in section 4.

We consider a model frictionless market consisting of a riskless bond and a stock, which
is modelled as an exponential Lévy process S; = eX*, under a chosen equivalent martingale
measure (EMM) Q. The riskless rate r is constant. We remark that, in general, QQ is not
unique. We assume that an EMM Q has been fixed once and for all, and all expectation
operators appearing in this text will be w.r.t. this measure. The characteristic exponent 1)
of X is also under this Q.

If the stock does not pay dividends, then S; must be a martingale under Q. In terms of
the characteristic exponent of the log-price process {X;}, the EMM condition can be written
as follows: r + 1(—i) = 0, where we are implicitly assuming that (£) admits the analytic
continuation into the closed strip —1 < Im ¢ < 0 (if this is not the case, then E[S;] = oo for all
t > 0, i.e., the process {S;} cannot be priced; we exclude this situation from our consideration).
If the stock pays dividends at constant rate 0, then the EMM condition becomes r+1(—i) = 0.

2.2. Down-and-out options. We consider a down-and-out barrier contingent claim with
barrier H, expiry date T, and terminal payoff function G(z), which is a nonnegative mea-
surable function on R. If, at any time ¢t < T prior to expiry, the price, S; = eXt, of the
underlying reaches or falls below H = e”, the claim expires worthless. Otherwise, at expiry,
the claim yields payoff equal to G(X7). The payoff function is nonnegative and measurable.
Contingent claims of this type provide a common generalization of down-and-out barrier call
and put options. In particular, G(z) = (e¢* — K)4+ (respectively, G(z) = (K — €%)4) for a
down-and-out barrier call (respectively, put) option, and G(x) = L, g 4o0)(z) (vespectively,
G(7) = L(—so,m k(7)) for the digital call (respectively, put), with strike price K > H. To cal-
culate the leading term of asymptotics, we impose an additional regularity condition, which is
satisfied for down-and-out barrier (European) call and put options and digital down-and-out
options. Namely, the Fourier transform of the payoff function admits the bound

(2.1) GEOI<c+gh
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along any line Im ¢ = w, with the exception of a finite number of omegas (indeed, for puts
and calls, G(ﬁ) has two poles at & = 0, —i, and, for digitals, it has one pole at £ = 0). The
results apply (and the proof simplifies) in the case of the digital no-touch option with G = 1.
Formally, we can satisfy (2.1) in this case as well using G(r) = L, g 4o00)(7) With K < H,
but this will unnecessarily complicate the proof. Finally, pricing the call option with K < H
reduces to pricing the digital no-touch option by the change of measure.

The time-0 value of the barrier option with payoff G(X7r) is given by
(2.2) V(T, LL’) = EI [G_TTG(XT)]].{.%>T}] s

where x is the current log-spot price of the underlying, h = In H, and 7, is the first entrance
time of the process {X;}+>¢ into the interval (—oo, h].

As is well known, V(q,az), the Laplace transform of V(T,z), can be calculated more
explicitly. Applying Fubini’s theorem, we obtain that V(q,x) is the value function of the
perpetual stream G(X;), which is terminated the first moment X; reaches the barrier or falls
below it, the discounting factor being q + 7:

“+oo Th
Vig,z) = /0 e TE" [e "' G(Xy)L{r, 51 |dt = E” [ /0 e~ TFIG(Xy)dt | .

Before giving a formula for the last expectation, let us introduce some notation. First, we
define the supremum process X and the infimum process X of X by

23 Xo=gmp Yo K=ol Xe

Given any ¢ > 0, we let T, ~ Exp ¢ denote an exponentially distributed random variable with

mean ¢!, and we define operators 5; and £, acting on a nonnegative measurable (or an

arbitrary bounded measurable) function f on R as follows:

(2:4) (& N) =E"[f(X)], (& Nx) =E"[f(Xr,)],

where the notation E* means that X, X, and X start at . Writing explicitly the right-hand
sides (RHSs) in (2.4) as expectations of integrals

+00 o
(25) @ =5 | [ ae (o).
+0c0 .
(2. & @) = | [ et ).
we obtain the interpretation of Sl;t as the EPV operators, which calculate the EPV of the
stream, under the supremum and infimum processes. Note that the EPV operator &,f(x) =

E* [ f (XTq)] under the initial process is the normalized resolvent.
Lemma 2.1. We have

(2.7) Vig,2) = (a+71) " (Egrln1o0)E1rC) (@)
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Equation (2.7) was derived in [15] for RLPEs (see section 4 for the definition) and in [11]
for any Lévy process.

It is evident from (2.5) and (2.6) that the EPV operators E;Z_T admit the analytic con-
tinuation into the open half-plane Req > —r, which is uniformly bounded (as a family of
operators in L*°(R)) in each closed half-plane Req +r > o > 0. Hence, V(q,x) admits the
bound

(2.8) V(g,2)| < Cylg+r]"", Req+r>o0,

where C, depends on o > 0 but not on ¢g. Now, one can use the inverse Laplace transform
and calculate the value function of the barrier option. To simplify the result, we make the
change of variables g + r — ¢:

e—rT

(2.9) V(T,x) =

Mgt (1 EFG) (z)dg.

2 /Reqza q ( q +(h,+00)“q ) ( ) q

To prove that the RHS in (2.9) is continuous as a function of 7' > 0 and to derive the leading
term of asymptotics, we integrate by parts k times using e?''dg = T~ 'de?":

e—rT

_ Tok (,—1c— +
(2.10) V(T,z) = STk /RCq:U 05 (47 &5 Ln+o0)&q G) (2)dg.
In section 6, we prove that if k is sufficiently large, then the integral in (2.10) converges
absolutely and uniformly w.r.t. T', and we calculate the leading term of asymptotics as x | h.

3. Carr’s randomization for barrier options.

3.1. General formulas. We consider the simplest case of Carr’s randomization, which is
equivalent to the analytical method of lines. We divide the time interval [0, 7] into N intervals
of equal length. For the calculations below, it is convenient to use the opposite direction on
the time line, with 7" as the initial point. We set t; =T — sT/N, s =0,1,..., and denote by
V#(x) Carr’s randomization approximation to V (¢4, z), the option price at time t5. For s =0,
VO(z) = G (2)1(,+00) () is known, and, for s =0,1,..., Vst are found by induction as

Th
(3.1) Vetl(z) = E® [ / e~ HNIMYN/TYV S (Xy)dt |

0
where 75, is the first entrance time by X into (—oo,h]. If X satisfies the (ACP) property
(absolute continuity of potential kernels (see [42]); all processes that we consider satisfy this
property), then it follows from [15, Thm. 2.12] that function V**! solves the stationary gen-
eralized Black—Scholes equation

VS(:B) _ VS+1(:B)
T/N

(3.2) + (L —r)\V*z) =0, z>h,

which is understood in the sense of the theory of generalized functions (the analytical method
of lines starts with time discretization of the nonstationary Black—Scholes equation, which
also gives (3.2)). Clearly, the boundary condition

(3.3) Vetl(z) =0, z<h,
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holds. Changing the measure if necessary, we can reduce to the case of a bounded G; then,
for all s and =,

(3.4) V()] < (L+7T/N)™°||G|oc-
For z € C, define

V(z,x) = ZstsH(a:),
s=0

notice that, on the strength of (3.4), V(z, ) is analytic in the open disc |z| < e’T/N

(3.2) and (3.3) by 2®, and sum up; the result is the boundary problem

, multiply

G)+ (z—1)V(z,x) A

(3.5) (N/T) +(L—r)V(z,2) =0, x> h,
(3.6) V(z,z) =0, z<h.
We rewrite (3.5) as

(3.7) (r+ (N/T)(1 — 2) — L)V(z,z) = (N/T)G(z), x> h,

and set ¢ = r+ (N/T)(1 — 2). In [14, Thm. 4.4], it was proved for RLPEs that if ¢ > 0
is sufficiently large so that ¢ + Re(§) > 0 for £ in the strip Im& € (A_,\y), for some
A_ <0< A4, and G is measurable and bounded, then a solution of the problem (3.7), (3.6) is
unique in the class of measurable bounded functions; if the order of the process is 2 (that is,
the diffusion component is nontrivial) or the process is of order v < 1 with the drift pointing to
the barrier, then the uniqueness holds in the class of continuous bounded functions. Moreover,
it was proved that, for sufficiently large ¢ > 0,

(3.8) V(z,2) = (N/T)q s L 1o0)Eq G(a).

The RHS admits the analytic continuation into an open half-plane Re ¢ > 0 and hence into
the disc |z| < 1. The left-hand side (LHS) admits the analytic continuation into this disc as
well, and hence the equality (3.8) holds for z in this disc.

Since V(z,z) is analytic in the disc |z| < 1, we can recover

2mi T

Change the variable z = 14+ T(r — q)/N, dz = —(T'/N)dg, and denote by Cx the contour
{¢[1+(T/N)(r —q)| = 1}. Then

1 _ N\ _._
(3.9 V=g [ (F) Tt O

N 1 Tr—q\ " . +
N
We integrate by parts k (< N) times to get
NE(N —k —1)! 1
A1 N = — .
(3:11) V() (N—D!  2mi(—T)F

Tr—a)\" ™ 5, 1o +
x / 1+ 25 DN ok (g7 1 o EF) Gla)da.
Cy N
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3.2. Idea of the proofs of convergence. We compare the price of the barrier option given
by (2.9) and Carr’s randomization approximation (3.11). Denote by Cy, the simple closed
contour, which coincides with Cy in the open half-plane Re g > ¢ and with a segment of the
line Req = o in the closed half-plane Req < o. Clearly, if o is fixed and N is sufficiently
large, we can transform Cy in (3.11) into Cn,. Next, fix a positive integer k and p € (0,1/2),
and set Cysp = {¢ | Req = 0, |[Imgq| < N?}. It follows from estimate (6.24), which we will
derive in section 6.4, that, as N — oo,

NE(N —k —1)! 1
(N—1)!  2mi(-T)F

T(r—q) PN E( —1c— +
X /C 1+ T 8[1 (q 5(] ]]-(h,—i-oo)gq ) G(x)dq + 0(1),
N,o,p

(3.12) VN(z) = -

where the segment Cy ., is passed down. Since p € (0,1/2), we have for |¢| < N”
(L+T(r —q)/N)*N =exp[(k — N)In(1 + T(r — q)/N)] = 77 4 o(1);
therefore, as N — oo,

NN —k—1)! 7
(N—1)!  2mi(-T)F

o+iNP
X / . eOF (718 110016 ) Gla)dg + o(1).

(3.13) VN(z) =

Using (6.24) once again, we pass to the limit in (3.13) and obtain that

e—rT

B4 Jim V) = i [ (7 1) Ol
The absolute convergence of the integral will be proved in section 6.5.

Rigorous proofs of the asymptotic formulas above and similar formulas for sensitivities
and the leading term of asymptotics require certain regularity conditions on the characteristic
exponent, which are formulated in section 4. In fact, asymptotic formulas of a simple form
are possible only if the characteristic exponent (&) stabilizes to a positively homogeneous
function as & — oo in the domain of analyticity of . This is the basis for the definitions
below. Luckily, the popular classes of Lévy processes satisfy this condition.

4. Regular Lévy processes of exponential type.

4.1. Definition. The main classes of processes used in the study of financial markets (see
the examples in the next subsection) enjoy the following property: there exist A < —1 <0 <
A4 such that the underlying Lévy process X is of exponential type (A_, A\ ). This means that
the characteristic exponent ¥ (§) of X admits the analytic continuation into the open strip
Im¢ € (A_,A\y). Moreover, 1(§) grows at most polynomially as Re{ — +oo within every
closed strip Im & € [w_,w4] C (A—, A1). For the behavior of the value function (especially near
the barrier) to be sufficiently regular, and for the leading term of the asymptotics of a simple
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form to exist, we need additional regularity conditions. In [15, Def. 3.2], such conditions
were formulated, and the resulting class of processes was called regular Lévy processes of
exponential type (RLPEs) in one dimension. Two definitions were given: in terms of the
properties of the Lévy measure and in terms of the Lévy exponent. Loosely speaking, the first
definition postulates that the Lévy measure behaves, asymptotically, as c4|z|7"~! as 2 — 40
and decays at least as fast as e N as 1 — Foo. An almost equivalent definition in terms of
the characteristic exponent is as follows.

Definition 4.1. Let A_ <0 < A4, and let v € (0,2]. We call X an RLPE (A_, ) of order
v if its characteristic exponent admits the analytic continuation in the strip Im& € (A_, A1),
and, for some u € R, function ¢°(&) = (&) + iué is asymptotically positively homogeneous
of order v as Re& — +oo and & remains in any strip Im¢ € [w_,wy] C (A, A;):

(4.1) W0(€) = dile)” + O(El™),

where Re d(jE > 0 and v < v. In addition, there exists vo < v such that

(4.2) (@°)'(€) = O(lg]")

as & — oo in the strip.

The following class of strongly regular Lévy processes of exponential type (SRLPESs), which
is slightly less general than the class of RLPEs, was introduced in [9] to study the asymptotics
of the prices of barrier options and first-touch digitals near the barrier.

Definition 4.2. Let A_ < 0 < Ay, and let v € (0,2]. We call X an sRLPE (A_,\y) of
order v if the following conditions hold:

(i) the characteristic exponent ¢ admits the analytic continuation into the complex plane
with two cuts i(—oo, A_] and i[\4,4+00);
(i) for z < A_ and z > Ay, the limits ¥ (iz £ 0) ewist;
(iii) there ewists u € R such that the function °(&) := (&) +iué is asymptotically positively
homogeneous of order v as & — oo in the complex plane with these cuts;
(iv) to be more specific, there exist vy < v and d2., Red} > 0, such that, as p — +o0,

(4.3) PO (pe'?) = dSep” + O(p") Y ¢ €[0,m/2—0];

(4.4) W0(pe'?) = d TV 1 O(p") V¥ p € [m/2+0,7);
(4.5) WO (pei?) = de TN gl £ O(p") Y g € [—7r, —7/2 - 0];
(4.6) W0 (pei?) = dLe® g + O(p") Vg € [—m/2 +0,0].

The notation ¢ = 7/2 £ 0 means that 7 = pe’# is of the form n = iz F 0, where z > 0,
and ¢ = —7/2 & 0 means that n = pe’® is of the form 7 = iz 4 0, where z < 0.

4.2. Model classes. It is straightforward to verify that the following popular classes of
Lévy processes are SRLPEs:

(1) A Brownian motion (used in the classical Black—Scholes model [5]) is an sRLPE of
order 2 and exponential type (—oo,00). Its characteristic exponent is given by "2—252 — 1€,
where o > 0 is the volatility and p € R is the drift of the process. We have dJ. = 02/2.
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(2) Kou’s model [30], its generalization introduced in [33] and later called the hyperexpo-
nential jump-diffusion (HEJD) model in [28], and any Lévy process with the rational charac-
teristic exponent and nontrivial Brownian motion component (in particular, Lévy processes
of phase type [1]) are SRLPEs of order 2.

(3) Merton’s model is an sSRLPE of order 2.

(4) Lévy processes of the extended Koponen family (generalizing the class of processes
introduced by Koponen [29]) were defined by Boyarchenko and Levendorskii [13]. Later a
subfamily thereof was used in [23] under the name “CGMY model,” and the full family was
used in [15] under the name “KoBoL processes.” We use the latter term. The Lévy density
of a KoBoL process has the form

(4.7) F(dz) = c+(—)\_)x_”7_leA*m]l(oﬁroo)dx + c_)\+x_”+_1e)‘+m]l(_oo,0)dx,

where ¢4 > 0, v < 2, and A_ < 0 < Ay ; see [13, 15]. In the special case where ¢ = ¢ = c_
and vT = v # 0,1 (which corresponds to the CGMY model), the characteristic function of
the process is given by

(4.8) P(€) = —ipg +c T(=v) - [(=A2)" = (A= —i§)" + N — (A +1i§)"].

(5) Variance gamma (VG) processes were first used in empirical studies of financial markets
by Madan and collaborators [39, 38, 37]. The characteristic exponent of a VG process is of
the form?

(4.9) P(§) = —ip€ + cy[In(=A- —i€) —In(=A_)[ + c-[In(Ay +i€) —In(Ay)],

where A\_ <0< Ay, ¢ >0, and p € R. A VG process with these parameters is also a Lévy
process of exponential type (A_, A} ); but it is not an SRLPE because the jump term in (4.9)
increases at infinity as a logarithm. We will call the VG model an sRLPE of order v = 0+.

(6) Normal inverse Gaussian (NIG) processes were introduced by Barndorff-Nielsen [2].
A natural generalization of NIG was constructed in [3] and called a normal tempered stable
(NTS) Lévy process. The characteristic exponent of an NTS process is of the form

(410) ¢(€) = —iu+9- [(042 _ (B + i§)2)y/2 . (042 N /82)1//2]7

where v € (0,2), « > || > 0,0 > 0, and u € R. An NTS process with these parameters has
exponential type (3 — a, 8 + a), order v, and d). = 6. NIG is an NTS process of order v = 1.
(7) The p-family of Lévy processes constructed in [32] is defined by the Lévy density

e~z e2f2r

(411) F(d$) = Clmﬂ.(a_’_m) (:13) + sz:ﬂ.(_m’o) (ZE),

where ¢; > 0, o, 8; > 0, and ~; € (0,3). For any positive integer N, F(dx) can be repre-
sented as a sum of a finite number of densities of the form (4.7), with decreasing v*, and

3What we present is not the most common way of writing the formula. Rather, we chose an expression that
is equivalent to the standard one and makes the analogy with (4.8) transparent.
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not necessarily positive cy, plus a density of the form py(x)dx, where, for each s =0,1,...,
pg{;)(x) = |2|V~* as z — 0 and exponentially decays as  — +oo. Therefore, the straight-
forward calculations (the same as those used to derive the formulas for the characteristic
exponent of the processes of the extended Koponen family in [13, 15]) show that the char-
acteristic exponent of the S model and its derivatives admit the same estimates as in the
(general) KoBoL model with the steepness parameters and orders for positive and negative
jumps Ay = agf, v =1—m, A = —a1fi, v =1—1.

Hyperbolic processes are SRLPEs of order 1 (see, e.g., [15]), but the verification is not so
easy.

___4.3. Important constants characterizing an sRLPE. For real ¢, PO (€) = ¢ (—£); hence,
d° = di. We consider the following cases:
(i) if v € (1,2 or v € (0,1) and pp = 0, set dy = dY., d = |d+|, v+ = argd+, v = v,

(4.12) vy =v/2 — 1 /m;
(ii) if v =1, set do = Fip +d%, d = |ds|, v+ = argdy, ve = 1/2 — vy /7, U = 1;
(ii) if v € [04,1) and p > 0, set dp = Fip, vy =1, v_ =0, v =1;
(iv) if v € [04,1) and p < 0, set dy = Fip, vy =0, v_ =1, v =1.
Notice that, in all cases, v4 + v_ = v, and
(4.13) vy =0/2 — L /T

Furthermore, vy € (0,v) if v > 1; if v € (0,1) and pu = 0, then we require that v := |y4| be
in [0, 7v/2); then vy € (0,1) as well.

As we will see, constants vy characterize the rate of decay of the Wiener—Hopf factors at
infinity and, as a consequence, the rate of decay of the price of the barrier option near the
barrier as well.

5. Wiener—Hopf factorization.

5.1. Three forms of the Wiener—Hopf factorization. Let ¢ > 0, and let T, be an expo-
nential random variable of mean 1/¢, independent of X. The proof of (2.7) in [11] is very
close to the proof of the Wiener—Hopf factorization formula in the form used in probability
(see, e.g., [41, p. 98]):

(5.1) E[eXTQ] = E[equ] -E[eﬁTQ].

The operator form of the Wiener—Hopf factorization

(5.2) &= Sq_é'; = 5;5(1_

can also be proved similarly to (5.1). Finally, using the definition
(5.3) o5 (©) =E[¥ ], g7 (€) = E[¢Fn]
of the Wiener—Hopf factors and noticing that

(5.4) E(e"*7at) = q%zb(é)
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we can write (5.1) in the form

q et —
55 e = (6 (O,

Equation (5.5) is a special case of the factorization of functions on the real line into a product
of two functions analytic in the upper and lower open half-planes and admitting the continuous
continuation up to the real line. This is the initial factorization formula discovered by Wiener
and Hopf [44] in 1931 for functions of a much more general form than in the LHS of (5.5).

5.2. Realization of the EPV operators using the Fourier transform. Decomposing a
sufficiently regular function f(x) as a Fourier integral and using (5.4), we obtain

(5. e = o [ e Ty

where f(g) = Fuosef is the Fourier transform of f. Identity (5.6) can be justified under fairly
weak regularity assumptions; we refer the reader to [15, sect. 2.3.3] for the details (with the
notation of op. cit., we have £ = qU4, where U1 is referred to as the resolvent operator, or
the ¢g-potential operator, of X).

Similarly, it follows from (2.5)—(2.6) and (5.3) that

5.7 €D =5 [ eTor©fiede

We conclude that &, and Sl;t are pseudodifferential operators (PDOs) with the symbols
/(g +1(€)) and ¢i(£) respectively.

To realize PDOs &, *+ one needs explicit analytical expressions for the Wiener-Hopf factors
¢*(€). There exist general formulas [42, eqs. (4.5), (4.6)] for any Lévy process, but they are
inefficient for both theoretical study and computational purposes.

Under a certain regularity assumption on the characteristic exponent 9(&) of X (see, e.g.,
[15, Thm. 3.2]), Boyarchenko and Levendorskii obtained integral formulas for the Wiener—Hopf
factors qbg;c(ﬁ), which are efficient for computational purposes. This assumption holds in all
model examples of Lévy processes of exponential type, including those listed in section 4.2, so
we prefer not to state it to save space. To state these formulas, recall that (see [15, eq. (3.40)])
if the characteristic exponent is analytic in a strip (A_, Ay ), then, for any ¢ > 0, there exist
w_ <0 <wy and § > 0 such that

(5.8) Re(q+(€) =6, Im¢ € [w_,wy).

The formulas [15, eqgs. (3.58), (3.60)] are as follows: for £Im¢ > fw-,
+ey 1 € In(q +1(n))

(59) P () =exp [i%i /Imn ) i

Note that one can take any w_ € (A_,0) and wy € (0, A1) and, after that, choose a sufficiently
large ¢ > 0 so that (5.8) holds. Next, to apply the inverse Laplace transform w.r.t. ¢, we need
to consider the analytic continuation w.r.t. ¢ as well. In addition, we need to obtain estimates
for gbg: (&) and, whenever possible, calculate the leading term of asymptotics of qult(E ) as & — oo.
It follows from (5.8) that if o > 0 is sufficiently large, then the RHS in (5.9) defines the analytic
continuation into the half-plane Im ¢ > o.
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6. Convergence of Carr’s randomization approximation.

6.1. Main results. We consider a down-and-out barrier option with the payoff satisfying
(2.1), fixed time to maturity 7", and barrier at = = 0.

For s > 0, denote by C*([0+,00)) the space of functions f defined on (0,+0c), which
admit continuations [ f € C*(R), with the norm || f||s = inf ||l f]|s, and let v+ be the constants
defined in section 4.3.

Theorem 6.1. Let X be either an RLPE of order v € (1,2] or an sSRLPE of order v € (0, 1]
or an sRLPE of order 0+ with the drift pointing from the boundary.

Then there exists s > 0 such that Carr’s randomization approzimation VN (-) converges
to the option price V(T,-) in the topology of the Holder space C*=([0+,00)).

Theorem 6.2. For any integer m > 0, there exist functions cj(m,T,-) € C"~([0+,00)),
j=1,2,...,m, which are independent of N, such that, as N — oo,

(6.1) VN(z) = V(T,x) + Em: cj(m,T,2)N~7 + O(N~™1),
j=1

where the O-term is understood in the sense of the C*~([0+, 00))-norm.

We conclude that if, for large N, and several multiples of N, say, N; = n;N, j =
1,2,...,m, Carr’s randomization approximations Vi (x) are calculated, then we can use the
extrapolation formula of order m in 1/N-line to calculate W (0) := V(T z) given W (1/N;) :=
VNi(x), j = 1,2,...,m. In particular, the linear extrapolation gives V(T,z) = 2V 2N (z) —
VN (z), and the quadratic extrapolation used in [20] is V(T,z) = 0.5V ¥ (z) — 4V (2) +
4.5V3N (z). The next two versions of quadratic extrapolation V(T,z) = (1/3)VN(z) —
2V (z) + (8/3)VAN(x) and V(T,z) = V3 (z) — 3V3¥(z) 4+ 3V (z) are more accurate
but need more CPU time. The reader can easily derive extrapolations of higher order; how-
ever, we have found that quite often even linear extrapolation with moderate N = 20 for
T =1 gives the result with the relative error less than 0.5 percent.

Theorem 6.3. Let X be either an RLPE of order v € (1,2] or an sRLPE of order v € (0, 1]
or an SRLPE of order 0+ with the drift pointing from the boundary.

Then there exists o > 0 such that the following hold:

(a) function G(q,0+) = (5;G)(0+) s well defined and analytic in the half-plane Req > o;

(b) for q in the half-plane Req > o, the Wiener—Hopf factors have the following asymp-
totics as & — 0o in a strip around the real axis:

(6.2) g (€) = bg(LF i€) (L +O(IE]77),

where p > 0, and functions q — (]5(:;:700 are analytic in the half-plane Req > o;
(c) there exist C,s > 0 and integer k > 1 such that

(6.3) 0807 6700G(q,0+))| < Clg|™' ™%, Req>o;

hence, the following integrals absolutely converge:

e—rT

(64) 1) = A+ v )T

Tak( ,—1 11—
I
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and

NE(N — k —1)! 1
(N—-1)!  2mi(-T)k

Tlr — )\ N L
<[, () A (e 0n) a

(d) there exists s > 0 such that, as x | 0,

(65) HCarr;N,k(T) = -

(6.6) V(T,z) = ki(T)z"~ + O(x"~ %)
and
(67) VN(x) - HCarr;N,k(T)xV7 + O(xui—’—s);

(€) kcar:Nk(T) = ki(T) as N — oo, and the O-term in (6.7) converges to the O-term in
(6.6) in the C"=5-norm.

Remark 6.4. (i) The proofs of Theorems 6.1 and 6.2 and part (e) of Theorem 6.3, which
are the first main results of the paper for the price, are based on parts (a)—(d) of Theorem
6.3. Statements (a)—(c) and (6.6) are proved in [9] for SRLPEs of order v € [0+,2], with
the exception of the VG model with zero drift or drift pointing to the boundary; therefore,
the proof of convergence based on the crucial estimates is valid for SRLPEs (with the same
reservation) as well. The proof of (6.7) is almost identical to the proof of (7.11). In the present
paper, we complement the results in [9] calculating the leading term of asymptotics for all
RLPEs of order v > 1, in particular, for all standard classes of processes with a nontrivial
Brownian motion component.

(ii) In this section, we prove that if k is sufficiently large, then the integrals in (2.10)
and (3.11) converge absolutely and uniformly w.r.t. T'; moreover, the latter converges to the
former as N — oo in the Hélder space of order s < v_. We also prove Theorem 6.2. These
proofs are simpler than the proof of Theorem 6.3, which we give in section 7. Theorem 6.1
follows from Theorem 6.3(e).

(iii) For processes of order v > 1, we will show that it is possible to take k = 1.

(iv) The proofs are based on several crucial estimates listed in section 6.3 and proved
below for RLPEs of order v > 1. Similar estimates are derived in [9] for sSRLPEs of order
v € (0,2] and for the VG model with the drift pointing from the boundary.

6.2. Formulas and estimates for the Wiener—Hopf factors. Fix A\_ < w_ < 0 < wy <
At. The statements below are valid for 7 in the strip Imn € [w_,w], and ¢ in the half-plane
Req > o, if o is sufficiently large. (“Large” means that Re (¢+(n)) > 0 for (¢,7n) indicated.)

Define v as in section 4.3 for the case v > 1. Then vy +v_ = v, and vy € (0,v).

Lemma 6.5. Let X be an RLPE of order v € (1,2]. Then the following hold:

(a) there exist p >0 and d > 0 such that

1+1(n)/q
(1 —an(d/q) /v )+ (1 + in(d/q)'/v )~

as n — oo, with the coefficient in the O-term depending on q;

(6.8) V(g,n) = =1+0(n"")
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(b) moreover, for any s € (0,v), p and the coefficient in the O-term can be chosen the
same for all (q,n) that satisfy |q| < |n|*;
(c) there exists C > 0 such that

(nl”/lal,  |nl” < lal,

6.9 In¥(q, )| < C I,
(6.9) ¥ (g,m)| {IQI/InI, nl” > lgl

(d) for any positive integer k, there exists Cy > 0 such that
(6.10) |0 (In W (q,m)| < Cla| ™.

Proof. (a) and (b) can be easily verified (see [15, sect. 3.6.2]).* (c) As ¢ — 0, we have
SUp| v <clg ¥ (g;m) — 1| — 0, and, similarly to (6.8),

sup |¥(¢,n) —1 =0 as C — +o0.
Inl*>Clq]

Since In(1 + z) = O(z) as © — 0, we conclude that (6.9) holds if |n|” < ¢|g| or |n|” > C|q|,
where ¢ > 0 is sufficiently small and C' > 0 is sufficiently large. Since ¥(gq,7n) is uniformly
bounded, (6.9) holds for ¢ < |n|”/|q| < C as well.

(d) We take the multiplicative structure of ¥(g,n) into account and apply the Leibnitz
rule. |

If ¢ > o is real, then it follows from [15, Thm. 3.3] that, for £Im¢& > +w-, the Wiener—
Hopf factors (5.3) in the Wiener—Hopf factorization formula (5.1) can be represented in the
form

(6.11) GE(&) = (LFig(d/q)"/") ™ exp[I*(q,0) — IF(q,€)),
where

- b In¥(q,n)
(6.12) I*(q,8) = i2m’ /Imn:ij ——¢ dn.

The integral in (6.12) absolutely converges for (¢,&) under consideration due to (6.8) and
defines an analytic function in the region Req > o, £Im¢ > f+w+. In the following lemma,
we state important bounds for functions I *(q,€) and the Wiener-Hopf factors. The bounds
will be valid for £Im ¢ > dw’, where A\ <w_ <w’ <0 <Ww) <wy <Ay,

6.3. Crucial estimates. In Appendix C, we will prove the following two lemmas.
Lemma 6.6. (a) There exist C,c > 0 such that

(6.13) 1I*(q,9)] < C,
(6.14) c(1+[€]/]aM")y ™ < |oE(€)] < C(L+[€]/1qM ).

“Condition v > 1 forces ¢*/" to be in a sector ¥, = {g =0+pe | p>0, -0 < o < 0}, where
Omv /2 > 7 /2. In this paper, we will use the analytic continuation into the half-plane Re g > o only.
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(b) For any € > 0 and positive integer k, there exists C . > 0 such that
(6.15) 105 75(0.€)] < Crela™",
(6.16) 105 & ()] < Chelal (L + J¢l/lal') .

Lemma 6.7. For any s € (0,v), k € Zy, and € > 0, there exists Cs ¢ > 0 such that, in the
region |q| < [€]*,

(6.17) 05 140, )] < Copelal (1L + |7/,
Furthermore,

(6.18) GE(€) = bpo(1F &)™ + Ri(q,8),
where

(6.19) Ot oo = (q/d)"*"" exp[I*(q,0))],

and Ry (q,&) admits the following estimate:
(6.20) ‘Ql;Ri(q, é‘)’ < C&k’e‘q’zxi/u—k’é-‘—ui—l—i-s/u—i-e.

The proofs of Lemmas 6.6 and 6.7 and the form of the asymptotic coefficient ¢¢:1t,oo rely
on the assumption v > 1; however, the statements of these lemmas, with different vy € [0, 1]
and expressions for qz%oo, are valid for sSRLPEs of order v € [0+,1] as well, with certain
modifications for the upper bounds in (6.16) for processes of order v € [0+, 1), with nonzero
drift. Therefore, the proofs of the main results in the following subsections are valid for these

processes as well.

6.4. Convergence of the integrals in (2.10) and (3.11). Without loss of generality, we
may assume that h = 0. Since v € (1,2], we have v € (0,v), and therefore it follows from
(6.16) with sign “4” and (2.1) that, for any k € Z,, € > 0, and a € [0,v4],

(6.21) 056 (OGO < Cre(1+1€)) ™1/~

where C}, ¢ is independent of ¢ € ¥, and ¢ in the half-plane Im¢ > w’ . Therefore, for k,a, €
satisfying the same conditions, function G(q,-) := 5; G = qS;]F(D)G admits the bound

(6.22) 105G (a, ) [1/24a+e = O(al*" ),

where || - [|s denotes the norm in H*(R). Letting a = 0 and using the Sobolev embedding
theorem, we conclude that aij(q, -) is continuous on (0,+00) and has the right limit at 0,
which admits the bound

(6.23) 105G (g,0+)] < Cpclg| ™

for any € > 0, where C}, ( is independent of ¢ € ¥, . Next, using the general facts collected in
Appendix A, we deduce from (6.22) that, for any s € (—1/2,1/2) and € > 0, 85]1[0,+00)G(q, )=
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O(|q|**) as an element of H*(R,). Set fi(q,z) = 8§(q_15(1_]l[0,+00)é(q, -)), and denote by

fi(gq,€) the Fourier transform of fi(q, ) w.r.t. z. Using (6.22) and applying (6.16) with sign
“— we conclude that if £ > 1, then, for any €,¢ > 0, there exists C¢ ¢ such that

(6.24) fe(@€)] < Ceo(1+ g]) 7170t g| 71 R/,

Since 0 < v_ < v, (6.24) implies that, by the Sobolev embedding theorem, the integral (2.10)
absolutely converges and defines a continuous function of 7', with values in H/2+"-—¢1(R,) C
C"-"2(R), for any 0 < €3 < €1 < €.

To prove that the integral in (3.11) converges absolutely and uniformly w.r.t. N and T,
it suffices to note that the length of Cxn is O(N) (which is O(|q|) for ¢ on the contour of
integration) and use (6.24).

6.5. Convergence of Carr’s randomization. It follows from (6.24) that (3.12) holds, and
(3.13) follows. Using (6.24) once again, we pass to the limit in (3.13) and obtain (3.14). We
consider the case v > 1, which implies that v_ > 0. Therefore, the integral in (3.14) absolutely
converges for any k > 1, and we can integrate back and obtain (3.14) with £k = 1. In some
other cases, it may be necessary to use larger k; see [9]. Finally, we note that the proof above
gives the convergence of Carr’s randomization in the C*-norm for any s < v_. To prove the
convergence in C~, we need to calculate the leading term of asymptotics near the boundary.

6.6. Justification of Richardson extrapolation of arbitrary order. Fix a positive integer
m, and choose k > m and p € (0,1) such that (k—v_/v—m—1)p > m+1. Then the O-term in
(3.12) can be replaced with O(N~"71) and, in the integral in (3.12), the asymptotic expansion
of the form

(14T = )N = P14 T(r - /N

(1—1—20] (r—q)/N)’ > + O((Tg/N)™*)

used. The O-term above can be omitted but an additional O(N~™"!) term in (3.12) added,
and then the integral over Cn,,, replaced with the integral over Req = o, at the same
cost. Since, for a fixed k, the coefficient in front of the integral in (3.12) can be represented
as a convergent series in 1/N, we arrive at (6.1), where the coefficients are independent of
N and belong to the same Holder space as indicated in the proof of convergence of Carr’s
randomization to the price; the asymptotic expansion can be understood in the topology of
this space.

7. Asymptotics and convergence: The leading term for prices. Without loss of gener-

ality, we assume that h = 0, and we use the notation fi(g,x) and f (g, &) introduced in section
6.4.

7.1. Asymptotics of the price near the barrier. Step 1. Take s > 0, and consider the set
{(&,9) | 1€]° < |g|}. On this set, we have |q|~%t¥-/¥ < |¢|75(1=¥-/") gince 0 < v_ /v < 1. Now
it follows from (6.24) that, for any €€’ > 0,

(7.1) [ Ligjo<iq fi (0, €)] < Cer(1 4 €))7 72U /H g =1,
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Hence, if we substitute the inverse Fourier transform of ]l‘g‘sg‘q‘fk(q,f) for fr(q,z) in (2.10),
then we obtain a continuous function of T, with values in HY2t-+s'(R,) c C*-+5"(R), for
any 0 < s” < ¢ < s(1 —v_/v). This function decays faster than 2~ as = | 0. Therefore, we
can continue the calculation of the leading term replacing fi(¢, ) in (2.10) with f;(q,&), the
inverse Fourier transform of 1‘5‘32|q|fk(q,£).

Step II. We take s € (0,v) and, for a multi-index p = (p1, p2, p3), define

(7.2) Fpoa,2) = ¢ PR ES )L (0,400) (0576 ) G()

and then f*(p,q,&), the inverse Fourier transform of ]l|§|sz‘q‘f(p,q,£). Applying the Leib-
nitz rule to 8(]; (07,10, 4+00)E) G) () in (2.10), we obtain a linear combination of functions
f(p,q,x) with |p| = k. According to Step I, we can replace f(p,q,z) with f*(p,q,x) (that is,
introduce factor 1¢js> |, in the dual space).

Introduce further

(7.3) gu-(2) = (L+iD)™ 716 = (/T (v + 1)L sy (@) €77,
1Mo a,@) = a0 Ca 04) (O €, ) (1 + D),
(7.5) F2(p.0.6) = 470 Gla, 00)98 ((a/d)" /" explI™(¢,0)]) g (a),

and then define f7%(p, ¢, z) similarly to f*(p, ¢, x) above.
Step 1I1. We use the equality (see (A.2))°

(7.6) L0 100 08 G = OFG (g, 00)(1 +4D) 716 + (1 +iD) Mg o0y (1 + iD)IFG,

where G(q,z) = 8§€;G(x), to show that if [p| > 1, then there exist C' > 0, s; > 1, and
so > v_, independent of ¢ € 0%, and { in the half-plane Im £ < 0, such that

(7.7) 75,0, €) — [25(p, ¢,€)| < Clg|™*1 (1 + [¢]) "~

and conclude that, for any € > 0,
(78) | T )~ 1 ) € YR,
eq=o

By the Sobolev embedding theorem, the integral above defines a function of class C*27¢, for
any € > 0, which vanishes on (—o0,0]; hence, it tends to zero as x — 0 faster than z"-. It
follows that the leading term of asymptotics does not change if we replace f*(p,q,z) with
5 (p,q, ).

Take a € (0,min{ry,1}); then —1/2 < a—1/2 < 1/2. Using (6.21), we conclude that, for
any € > 0,

o~

(7'9) |f(p7 Qag) - fl(p,q,£)| <C ,€|q|(a+V—)/V—2+e|£|—1—a—zx,+e‘
Since vz € (0,v), (7.9) implies (7.7).

’Equation (7.6) is justified if (1 + iD)Ef G € H*(R) for some s > —1/2; in our case, we can take s =
—1/2+ vy — € for any € > 0 (see (6.22) and (6.21)). Since v4 € (0,1), we can take s > —1/2.
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Step IV. We show that we can replace f1¥(p,q,x) with f2%(p,q,z). As above, it suffices
to prove that if s is sufficiently close to v, then there exist C > 0, s; > 1, and so > v_,
independent of ¢ € ¥, and £ in the half-plane Im ¢ < w’,, such that
(7.10) 125 (p,q,€) = f25(p,q,€)| < Clg| ™ (1 + (€)=

But this follows from (6.19)—(6.20).
Step V. The same argument as at Step I shows that we can replace f2*(p,q,r) with
f2(p,q,x). After that, we use (7.3) and derive the asymptotic formula

(7.11) V(T,z) = kp(T)z" + O(z"-+%), 210,

for some s’ > 0, where k(T) is given by (6.4). It follows from (6.13) and (6.15) that, for
k € Z4 and any € > 0,

(7.12) |08 dool < Chclgl/77F .

Using (7.12) and (6.23), we conclude that, for any integer k > 1, there exist Cy and p > 0
such that

(7.13) ‘8,]; (q_létzooé(q,O—i—))‘ < Cilg™*?, Req>o.

Hence, we can integrate by parts back and derive (6.4) and (6.6) with k = 1.

7.2. Asymptotics of the price in Carr’s randomization approximation near the barrier.
The only difference with the case of the barrier option itself is that, now, we need to estimate
a series of integrals over a regular contour of length O(|q|), and the functions involved admit
estimates via |¢|~!17%, where s > 0. Hence, the same argument applies, and the result is (6.7).
As above, we can integrate by parts back and obtain (6.5) with k£ = 1.

7.3. Convergence of the asymptotic coefficient in Carr’s randomization. It follows from

(7.13) that, as N — oo,
AT
N

N 1
14 arm:N,1(T) = — Ca
(7.14) ricarr N1 (T) N -1 27mi(-T) /C

N,o,p
x 8, <q_1¢;mé(q, 0+)> dg + o(1),
where p € (0,1/2) and Cn,,., are the same as in section 6.5. We have for |¢| < N*
(1+T(r — g)/N)™ = exp[-Nn(1 + T(r — q)/N)] = =17 1 o(1);

therefore, as N — oo,

e—rT o+iNP . . _
(715) K/Carr;N,l(T) / ef 8{1 (q_ ¢¢;00G(Q70+)) dq + 0(1)

—2mi(=T) Jo—ine
Finally, using (7.13) once again, we pass to the limit in (7.15) and obtain that

e—rT

. _ qT -1 ,— ~
(7.16) i scamna(T) = 5o /R e 2, <q (ﬁq,OOG(q,O—F)) dg.
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7.4. Convergence of Carr’s randomization approximation to the price in the Holder
norm. A straightforward analysis of the proof of convergence above shows that the O-term
in the asymptotic formula for Carr’s randomization approximation converges to the O-term
of the asymptotic formula for the price in the C¥~"*-norm, for some s > 0.

8. Sensitivities. In this section, we consider four related problems for 6, A, and I' of
the barrier option: calculation of a sensitivity in Carr’s randomization approximation; proof
of convergence of Carr’s sensitivity to the sensitivity of the barrier option; calculation of the
leading term of the sensitivity and the leading term of its Carr’s randomization approximation;
convergence of the leading term. The cases of # and A will be considered in more detail, and
the case I' will be only outlined, because the calculations in the last case are rather long. The
detailed calculations with a systematic study of the zoology of possible shapes of sensitivity
curves and surfaces will be made in a different paper. The types of processes below are the
same as in Theorems 6.1 and 6.3.

8.1. Theta. By definition, § = —0V (T, x)/0T. Since we want to differentiate under the
integral sign in (2.10), we need to choose k large enough so that even after we insert an
additional factor ¢ under the integral sign the integrand will remain absolutely and uniformly
integrable. For such a k, which exists on the strength of estimates used to calculate the

asymptotics of the price, we have
e—rT

2mi(—T)k

k e
(5.1) e (g ) o T 0 G)

O(T,x) =—

The asymptotics of the integral in (8.1), as | 0, can be calculated exactly as the asymptotics

of the price was calculated, except a larger k£ may be necessary. Similarly, in the final formula

for the asymptotic coefficient (6.4) in the formula (6.6) for the price, K = 1 was admissible;

now we need to use k > 2. The final result is the following evident analogue of (6.6) and (6.4).
Theorem 8.1. Let k be an integer > 2. There exists s > 0 such that

(8.2) O(T,z) = k' (T)z"~ + O(z"-T%), 0,
where

e—T’T

0y — _ v k\agk( 1, A
k'(T) = i T 1 o) (T /Iqugeq (q T T) I, <q ¢q,ooG(q,0+)>dq.

The natural analogue of # in Carr’s randomization approximation is the finite difference

VAT () = VN(2)
T/N ’

6’Carr;N(tra x) -

where V¥ is given by (3.10) and (3.11) and V¥~ by a similar formula:

VN—I o _i 1 T(T‘ - Q) =N —18— 5+G d
(83) =55 [ (1 =F") 0 00t C)da
N
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We integrate by parts in (8.3) k times and obtain

NE(N — k —2)! 1
(N—2)!  2mi(-T)F

Tlr — a)\ =N
X / <1 + M) 85 (q—15;1(07+00)5;) G(z)dg.
Cn N

(8.4) VN () = -

Then we subtract (3.11) from (8.4) and divide by T//N:

NE(N -k —1)! 1
arr; T7 = - : -
b (T, ) (N—Dl  2mi(-T)F

[ 03

k—N
X<1+T(7‘ q)> O (4716 L 0,400 ) Gla)dg.

N q

For a fixed k, as N — oo,

N -1 T(r—q) N k-
(N—lc—l <1+ N >_1>T_>q_r_?’

therefore, the proof of convergence Ocarr,n (T, ) — 6(T,x) as N — oo is essentially the same
as the proof of convergence VN (x) — V(T z).

The asymptotics of Ocarn (T, ) as & | 0 is calculated as the asymptotics of 6(T,x),
and the proof of convergence of the asymptotic coefficient in the former to the asymptotic
coefficient of the latter is proved as convergence Ocar:;n (T, z) — 6(T,x). We summarize the
results in the following theorem.

Theorem 8.2. (a) Let k be an integer > 2. There exists s > 0 such that

(85) HCarr;N(T, 1’) = K%arr;N(T)$V7 + O($V7+s)a x \L Oa
where
NE(N — k —1)! 1
0 = — .
(86) ’%Carr;N(T) - (N — 1)' 27TZ(—T)k

L (253

T(r—q) e ki —1,— A
X <1+T> ok (q ¢q7mG(q,o+)) dg

for any integer k > 2.
(b) n%arr;N(T) — k9(T) as N — oo, and the O-term in (8.5) converges to the O-term in
(8.2) in the C"="*-norm.
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8.2. Delta. Clearly, it suffices to consider the log-delta A = V/dz. It can be shown that
if k is sufficiently large, then the differentiation under the integral sign in (2.10) is admissible,
and the interchange of the order of differentiation 8908[]; = aj;az is admissible as well. Thus,

B e—rT

(8.7) AT, z) = W/R M) (471 00E; L0100, G()) dg.
eq=o

Similarly, the log-delta in Carr’s randomization approximation is

< NE(N -k —1)! 1
Acarn(T,2) = = (N—1)I 2mi(—T)F
T(r—q) A k( —1g c— +
(88) X . 1 + T 8[1 (q amgq ]].(074_00)5(] G(IE)) dq
N

Theorem 8.3. (a) Let k be a sufficiently large integer. There exists s > 0 such that
(8.9) A(T,z) = v_rp(T)z"~ "1 + R(z),
where R(x) = O(x¥~~1%), and
(8.10) ACarr;N(T,x) = V_ﬁCarr;N;k(T)x”*_l + Ry (z),

where Ry (x) = O(x¥-~179).

(b) xRN (z) = xR(z) in the CY-15([0+, 00))-norm.

Proof. To calculate the asymptotics of (8.7) and (8.8) and study the convergence of the
latter to the former, we apply (7.6) with k = 0:

(8.11) 1(0,400)G = G(g,0+)(1 +4D) "6 + (1 4+iD) 'L 100y (1 +iD)G,
which leads to
024 L(0400)E5 G(w) = 6 (D)iD(1 +iD) " [G(g,04+)3(x) + Lo +00) (1 + D) G g, )]
= FO(qa$) + Fl(qa$) - F2(qa$)a
where Fy(q,z) = G(q, 0-+)p, (D)d(x), Fi(q,2) = ¢5 (D)L(g 400y (1 + iD)G(q,z), and
Fy(q,2) = ¢ (D)(1 +iD) " [G(q, 0+)8(2) + L 4o0) (1 +iD)G(g, )]
= 5(1_1[(07+Oo)5;G(1’)

is the expression in the formulas for the price of the option and Carr’s randomization approx-
imation V¥ to the price. Denote by

A(T,x) = Ao(T,x) + A1 (T, x) — Ao(T, )

and
ACarr;N(Ta $) = ACarr;N;O(Ta $) + ACaurr;N;l (T, $) - ACarr;N;2(T1a l’)
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the corresponding decompositions of the log-delta and the log-delta Carr’s randomization
approximation. Both Ay(T,z) = V(T,z) and Acamn2(T,z) = VN (x) are of order O(z"-),
and the latter converges to the former as stated in section 7.4.

In the case v > 1 that we consider, vy > 0, and F (¢, z) € HY-T+~Y2-¢(R) = H"~1/2-¢(R)
for any € > 0. (If v, = 0, then, taking into account the representation ¢ (D) = ¢ ., +
R*(q, D), where R* (g, D) is a PDO of negative order, we find that Fy(¢,z) € H*(R) for some
s > —1/2.) Moreover, for any k € Z,, there exists Cj  such that

Hac];Fl(% ')HV—I/Z—E < Ck,e‘q|1_k

uniformly w.r.t. ¢ in a half-plane Re g > 0. We conclude that Al(T, x) and Ac;m; ~N:1 (T, x) are
of class C*~17¢(R..), for any € > 0, and the latter converges to the former in the C*~1=¢(R)-
norm.® Furthermore, A (T,z) = O(z*~'7¢) as x | 0, which can be included in the O-term
of the asymptotics in view of the study of Fy(q,z) below. Integrating by parts in the Fourier
inversion formula for Fi(q,-), as we will do in a moment for Fy(g, -), it is possible to obtain a
better characterization of convergence: a:Al(T, x) and a:ACarr;N;l(T, x) are of class C"~¢(Ry),
for any € > 0, and the latter converges to the former in the C*~¢(R )-norm.”
For x > 0,

o0 =g [ g ie= gt [ o
where
0667 (€) = O (1 +i€(d/a) /)™~ expll~(a,0) — I~ (4, €)])
= —[iv-((d/9)""" +i€) ™" + 0T (4,€)); (€).
Introduce

Foo(g,@) = G(g,0+)v-((d/q)/ +iD) "¢, (D)3(=),
FOI (qv $) = _ié(q’ 0+)(8$j_)(q’ D)(ZS; (D)5($)’

and define Ago(T, ), Aoy (T, ) and their Carr’s randomization analogues using Foo (¢, ) and

Foi1(q, z), in the same way as Ag(T,x) was defined using Fy(g,x). Then
Ao(T, a:) = x_l(Aoo(T, LL’) + A()l (T, LL’))

In section C.3 of Appendix C, it is proved that, for any k € Z4 and any € > 0, there exists
Cl,e such that

(8.12) 10501 (4, €)] < Chelgl V(L g~

Bound (8.12) means that we can repeat the argument for the price and obtain that, for any
€>0, Api(T,z) € C"-"¢(Ry), and Acarr;n:01(T, ) = Agi (T, z) in the CY-~¢(Ry)-norm.

In the case of digital puts and calls, (1 + iD)G is a sum of a regular function and a multiple of the
delta function supported at In K. This leads to a certain drop of regularity of the theta at In K, which can
be quantified; even in these cases, the theta is regular on (In H,In K) as stated. For simplicity, we restrict
ourselves to the case of puts and calls and the case G(z) = 1, where this problem does not emerge.

"If v < 1, then we can prove that axAl(T7 x) and wACarr;N;l(T7 x) are of class C”jfs(]R+)7 for any € > 0, and
the latter converges to the former in the C”~ (R4 )-norm.
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The asymptotics of AOO(T, x) can be calculated and the convergence of ACarr; ~N:00(T, x)
proved exactly as for the prices, and the evident result is

AOO(T, r) = v_r(T)z"~ + O(x"~ %)

for some s > 0. Finally, summing up all the terms considered above, we derive (8.9). The
remaining results are proved similarly. [ |

Remark 8.4. The asymptotic formula (8.9) can be obtained by the formal differentiation
of the asymptotic formula (7.11) for the price. However, if v_ = 0, then Fygp = 0, and the
result—only an upper bound for A—is too weak. Studying the asymptotics of Fy; = 0, it is
possible to prove that if v_ = 0 (this is the case of processes of order v < 1 with the drift
pointing from the barrier), then the asymptotics of A and Acarr; ~(T, z) are of the form

(8.13) A(T,z) = &(T)z"~! + R(x),
(814) ACarr;N(T’y {L‘) = ’%N(T)x,/_l + RN(‘T)7

where R(z) = O(z¥~1%%) and Ry(x) = O(x¥~1+%) for some s > 0. Moreover, #x(T) — &(T)
and xRy (z) — zR(x) in the C**-norm.

8.3. Gamma. Since the convergence and asymptotics of the price and log-delta have
already been studied, it suffices to consider the log-gamma I' = 0?V/9%z. It can be shown
that if k is sufficiently large, then the differentiation under the integral sign in (2.10) is
admissible, and the interchange of the order of differentiation 8%8[]; = 858% is admissible as
well. Thus,

B e~ T

Tak (,~192c—
819 R =g [ o (a0 0 O) d
The study of I is very similar to the study of A. The main changes are as follows. We have
to use an analogue of (8.11) with an additional term:

L(0,400)E4 G = G(q,0+)(1 +iD)" "6
+(G(q,04) + (2:G)(q,00)) (1 +4D) %5
(8.16) + (14iD) "L 100)&; (1 +iD)*G.

In the case of digital puts and calls, (1 + iD)2G is a sum of a regular function and a linear
combination of the delta function and its derivative supported at In K; in the case of the
standard calls and puts, the derivative of the delta function at In K does not emerge. This
leads to a certain drop of regularity of the gamma at In K, which can be quantified. As
global statements, the statements below are valid on (In H,In K), and, naturally, any loss of
regularity at In K > 0 = In H does not influence the leading term of asymptotics as x | 0.
The number of terms, which needs to be studied separately, is larger than in the study of A,
and in the Fourier-inversion representation of some of those it may be necessary to integrate
by parts twice. The result is the following theorem.
Theorem 8.5. (a) Let v— > 0, v_ # 1; then there exists s > 0 such that, as x | 0,

(817) f‘(T, l’) = I/_(V_ _ 1)K(T)xl/7—2 + O($V,—2+s)’
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and Tcare:n (T, ) converges to T(T, x) in C¥=([04,00)) with weight 22
(8.18) 2 AcarN (T, ) — 22 A(T, x)

in the C¥~([0+, 00))-norm.
(b) If v_ = 0, then T(T, x) is unbounded as x | 0, and the same is typically true if v_ = 1.
From the list of model classes that we consider, the exceptions are Brownian motion, Kou’s
model, and the HEJD model, for which v_ = 1 and I'(x) has the finite limit as = | 0.

9. Numerical examples. Consider the same example as in Figure 1. In Table 1, we give
prices (rounded) of the down-and-out put option of maturity 7' = 1, strike K = 3500, and
barrier H = 2100 close to the barrier; the distances are shown in the z = In(S/H) coordinate.
In panel A, we show the benchmark prices calculated using Monte Carlo simulations and prices
calculated using Carr’s randomization approximations with moderate N = 10, 20, 30,40. After
that, we calculate the prices using three versions of Richardson extrapolations; we see that
all three agree very well. In panel B, we show prices normalized by 7~ that is, V (z)z ™"~
instead of V(x), and, in panel C, we show the relative errors with respect to the Monte Carlo
prices. We observe that all three versions of Richardson extrapolation produce small errors of
the same order of magnitude, which suggests that a significant part of the errors are errors of
Monte Carlo simulations. The discretization and truncation errors in realizations of the EPV
operators are a less likely source of errors. Indeed, the former errors must be sensitive to the
choice of N and hence of ¢; but they are almost identical.

In Table 2, we produce similar results for the log-delta, the normalization being done
with 217"~ instead of z7/~. We observe that all three versions of Richardson extrapolation
produce small errors of the same order of magnitude, which suggests that the errors are
mostly the errors of Carr’s randomization approximation with a too large N = 160 used
as the benchmark. This example, as do many others, indicates that better results can be
obtained with a moderate number of time steps and Richardson extrapolation than with a
very large number of time steps.

10. Conclusion. In the paper, we derived the leading terms of asymptotics of the prices
and sensitivities of down-and-out barrier options and the corresponding Carr’s randomization
approximations and showed that the asymptotic coefficients in the latter converge to the
asymptotic coefficients of the former as N — oo. We also proved the convergence of prices
and sensitivities in appropriate Holder norms. The result is proved for wide classes of options
including puts, calls, and digital options, as well as wide classes of Lévy processes.

Finally, we justified Richardson extrapolation of arbitrary order and demonstrated that it
can be more accurate than Carr’s randomization with a very large number of time steps.

Appendix A. Elements of the theory of generalized functions [27, 15]. The Sobolev
space H®(R) consists of generalized functions with the finite norm

lulls = ( [ ta@ra+ rs\2>8ds) "

where @ is the Fourier transform of . H*(R, ) denotes the subspace of functions from H*(R,.)
supported on [0,+0c0). For any s € (—1/2,1/2), the multiplication-by-1y 1) operator ex-
tends to a bounded operator 1y ) : H*(R) — H5(R,).
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Table 1

Convergence of Carr’s randomization approximation in the NIG model. Price of a down-and-out put option.

A. Prices (in units of 100, rounded)

s [ N=10 | N=20 | N=30 | N=40 | (a) (b) (©) MC
0.0025 2.0040 1.9579 1.9428 1.9352 | 1.9125 | 1.9129 | 1.9127 || 1.9163
0.005 || 2.4442 | 2.3884 | 2.3701 | 2.3609 | 2.3335 | 2.3339 | 2.3338 || 2.3398
0.01 3.0061 2.9387 2.9165 2.9055 | 2.8724 | 2.8728 | 2.8728 || 2.8732
0.02 3.7280 3.6483 3.6220 3.6090 | 3.5696 | 3.5700 | 3.5699 || 3.5754
0.04 4.6231 4.5351 4.5058 4.4912 | 4.4473 | 4.447 | 4.4474 || 4.4570
0.06 5.1859 5.0988 5.0697 5.0551 | 5.0114 | 5.0112 | 5.0112 || 5.0182
0.08 5.5511 5.4697 5.4422 5.4284 | 5.3871 | 5.3868 | 5.3868 || 5.3877
B. Prices in units of 100, normalized by ™"~ and rounded.
z || N=10 | N=20 | N=30 | N =40 (a) (b) (c) MC
0.0025 9.6647 9.4424 9.3694 9.3329 9.2234 9.2250 9.2245 9.2415
0.005 9.8258 9.6014 9.5278 9.4912 9.3809 9.3825 9.3822 9.463
0.01 || 10.0736 | 9.8477 9.7736 9.7367 9.6257 9.6271 9.6269 9.6284
0.02 10.414 10.191 10.1179 | 10.0814 | 9.9714 9.9725 9.9724 9.988
0.04 || 10.7652 | 10.5603 | 10.4921 | 10.4581 | 10.3560 | 10.3561 | 10.3560 || 10.3785
0.06 || 10.8554 | 10.6737 | 10.6128 | 10.5823 | 10.4908 | 10.4905 | 10.4904 10.505
0.08 || 10.7751 | 10.6170 | 10.5637 | 10.5369 | 10.4568 | 10.4561 | 10.4561 10.458
C. Relative errors (rounded) w.r.t. Monte Carlo
x || N=10 | N=20 | N=30 | N =40 (a) (b) (c)
0.0025 0.046 0.022 0.014 0.0010 | —0.0002 | —0.0002 | —0.0002
0.005 0.045 0.020 0.013 0.009 —0.0027 —0.0025 —0.0026
0.01 0.046 0.023 0.015 0.011 —0.00028 | —0.00015 | —0.00015
0.02 0.043 0.020 0.013 0.009 —0.0016 | —0.0015 | —0.0015
0.04 0.037 0.018 0.011 0.008 —0.0022 —0.0022 —0.0022
0.06 0.033 0.016 0.010 0.007 —0.0014 —0.0014 —0.0014
0.08 0.030 0.015 0.010 0.008 | —0.00011 | —0.00018 | —0.00018

NIG parameters: o = 8.858, f = —5.808, § = 0.174, p ~ 0.16074; v_ ~ 0.262593798
Option parameters: K = 3500, H = 2100, »r =0.03, T'=1
Monte Carlo parameters: # of trajectories 1,000,000, # of time steps 20000; st. dev. varies from 0.00408 to

0.00508

Parameters of the realization of Carr’s randomization in [11]: Ma = 2, M3 = 16, m = 8, N = # number of
time steps; A = 0.00025
(a) Richardson extrapolation V (T, z) = 2V*(z) — V*°(x)
(b) Richardson extrapolation V(T,z) = 0.5V'%(z) — 4V (z) + 4.5V3%(z)

(¢) Richardson extrapolation V (T, z) = (1/3)V*(x) — 2V2°(z) + (8/3)V*°(x)

If a is a measurable function, which admits an estimate

(A1)

la(€)] < C(1+|¢[H)™?2,

IS

then the PDO a(D) : H*(R) — H*~™(R) is a bounded operator, with the norm bounded by C,

and if (A.1) holds for £ in the half-plane Im ¢ < 0, then a(D) maps H5(R,) to H5 ™ (R,).
The Sobolev embedding theorem (in one dimension) states that if s > 1/2, then, for any

¢ > 0, H*(R) is continuously embedded in the Holder space C*~1/27¢(R). Denoting by C*(R..)
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Table 2
Convergence of Carr’s randomization approzimation in the NIG model. Log-delta of a down-and-out put
option.
A. Log-delta (in units of 10*, rounded)

[ N=10 | N=20 | N=30 | N=40 | (a) (b) (©) [ N=160

0.0025 || 2.1837 | 2.1348 | 2.1189 | 2.1111 | 2.0875 | 2.0878 | 2.0880 || 2.0957
0.005 || 1.4053 | 1.3750 | 1.3651 | 1.3602 | 1.3454 | 1.3455 | 1.3456 || 1.3499
0.01 || 0.9100 | 0.8924 | 0.8865 | 0.8836 | 0.8749 | 0.8749 | 0.8749 | 0.8773
0.02 || 0.5834 | 0.5751 | 0.5723 | 0.5708 | 0.5666 | 0.5664 | 0.5665 || 0.5677
0.04 || 0.3454 | 0.3443 | 0.3438 | 0.3435 | 0.3428 | 0.3426 | 0.3426 || 0.3429
0.06 || 0.2251 | 0.2270 | 0.2276 | 0.2278 | 0.2286 | 0.2285 | 0.2285 || 0.2284
0.08 || 0.1437 | 0.1470 | 0.1480 | 0.1485 | 0.1500 | 0.1499 | 0.1499 || 0.1496

B. Log-delta in units of 10%, normalized by z'~“~ and rounded.

[ N=10 | N=20 | N=30 | N=40 | (a) (b) (©) | N=160

0.0025 || 2.6328 | 2.5738 | 2.5547 | 2.5453 | 2.5168 | 2.5172 | 2.5175 || 2.5267
0.005 || 2.8247 | 2.7638 | 2.7439 | 2.7340 | 2.7044 | 2.7046 | 2.7047 || 2.7134
0.01 || 3.0494 | 2.9905 | 2.9709 | 2.9611 | 2.9318 | 2.9318 | 2.9319 || 2.9400
0.02 || 3.2595 | 3.2132 | 3.1973 | 3.1892 | 3.1653 | 3.1647 | 3.1647 || 3.1714
0.04 || 3.2167 | 3.2066 | 3.2020 | 3.1996 | 3.1925 | 3.1911 | 3.1912 || 3.1937
0.06 || 2.8273 | 2.8516 | 2.8585 | 2.8617 | 2.8718 | 2.8703 | 2.8703 || 2.8686
0.08 || 2.2314 | 2.2820 | 2.2979 | 2.3057 | 2.3294 | 2.3284 | 2.3284 || 2.3230

C. Relative errors (rounded) w.r.t. the benchmark N = 160

][ N=10 ] N=20 ] N=30 | N =40 (a) (b) (©)
0.0025 || 0.04 0.02 0.01 0.007 | —0.0004 | —0.0004 | —0.0004
0.005 || 0.04 0.02 0.01 0.008 | —0.003 | —0.003 | —0.003
0.01 || 0.04 0.02 0.01 0.007 | —0.003 | —0.003 | —0.003
0.02 || 0.03 0.01 0.008 | 0.006 | —0.0002 | —0.0002 | —0.0002

0.04 0.007 0.004 0.003 0.002 —0.0004 | —0.0008 | —0.0008
0.06 || —0.014 | —0.006 | —0.004 | —0.002 0.0011 0.0006 0.0006
0.08 || =0.037 | —0.018 | —0.011 | —0.007 0.0028 0.0023 0.0023

NIG parameters: a = 8.858, f = —5.808, § = 0.174, p ~ 0.16074; v_ ~ 0.262593798

Option parameters: K = 3500, H = 2100, »r =0.03, T'=1

Parameters of the realization of Carr’s randomization in [11]: Ms = 2, Ms = 16, m = 8, N = # number of
time steps; A = 0.00025

(a) Richardson extrapolation V (T, z) = 2V*(z) — V*°(x)

(b) Richardson extrapolation V (T, z) = 0.5V'%(z) — 4V (x) + 4.5V3%(z)

(¢) Richardson extrapolation V (T, z) = (1/3)V*(x) — 2V2°(z) + (8/3)V*°(x)

the subspace of C*(R) of functions vanishing on (—oc, 0], we have H5(R) C C5~1/27¢(R ) for
any s > 1/2.
If u e H5(R), and if s > m — 1/2, where m is a positive integer, then
1(0, 400yt = w(04+)(1+4iD) 16 + ((1 4+ iD)u)(0+)(1 +iD) %6
o+ (L +iD) (g 400) (1 + D)™ u
= u(0+)(1+iD)7 + (u(04) + ' (04+))(1 +iD)~2§
(A.2) o+ (1 +iD) (g 400 (1 + D)™ u

(see [27, Lem. 5.5], [15, Thm. 15.15]).
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Appendix B. Digital puts and calls, and the case of strike K < H. If strike K < H,
then only the down-and-out call option makes sense, and we may assume that G(z) = e — K
and calculate G(q, z) = qﬁ(‘;(—z‘)e”ﬁ — K explicitly. The rest of the calculations remain the same.
Similarly, in the case of the call option with strike K < H, G(q,2) = 1. In the case of digitals
with strike K > H (= 1), (2.1) fails. We take x € C*®(R), x(z) =1, z < In K/2, x(x) =0,
x > In K/3, and write (A.2) in the form

L(0.+00)G (¢, ) = G(q,04)(1 +iD) 16 + - + (1 +iD)™G)(q,04)(1 +iD)~™§

(B.1) + (1+iD) ™™g o0y (1 +4D)"x(2)G (g, 2) + (1 = x(2))G(q, ).

The last term vanishes in a neighborhood of zero; hence, it is irrelevant for the study of the
leading term of asymptotics. For the standard classes of RLPEs, the characteristic exponent
admits estimates of the form

)] < C(1+ €)% s=0,1,...,

and the Wiener—Hopf factors admit similar estimates. Using the estimates for qﬁj({ ) and inte-

grating by parts in the oscillatory integral that defines x(z)G (¢, ) (composition of the Fourier
transform, multiplication-by-¢, (£), and the inverse Fourier transform applied to G(z)), one

casily obtains that x(z)G(q, ) is of class C*°(R) in z, with the derivatives w.r.t. ¢ decaying
faster with each differentiation.

Hence, in (B.1), all terms but the first one do not influence the leading term of asymptotics.
These terms do not influence the second term as well if the second term is of order z¥—T%,
where s € (0,1). If the second term is of order #“~ 1 then the second term in (B.1) must be
taken into account.

Appendix C. Technical proofs.

C.1. Proof of Lemma 6.6. In view of (6.11), bounds (6.14) and (6.16) are immediate
from (6.13) and (6.15); therefore it suffices to prove the latter pair.

C.1.1. Proof of (6.13). We consider cases |¢| < ||/ and [¢| > |g|'/. Both cases being
similar, we consider only the case [£] < |q|'/¥. We separate the line of integration into four
parts by conditions 1| < [€/2, €]/2 < Inl < 2(¢], 2l¢] < ] < lgl'", and |n] > Jg/" and
denote the corresponding integrals f;c(q,ﬁ), j = 1,2,3,4 (depending on (gq,§), some of the
intervals may be empty, and then the corresponding integrals equal 0). To obtain the bounds
for f;c(q,ﬁ), j = 1,3 (respectively, j = 4), we use the first line (respectively, second line) in

(6.9):
: €172 ]| g~
i*(q, <0/ IV~ g0 < oy1e1q 7Y < O,
1/v v _
12 |||~

el L+nl

+oo

|jit(q7£)| = C/I |1/ |q||17|_’/—1d17 < C'1|Q||Q|_V/V = (.
q v

Faolzc | dn < Cilg||q) ™ = Cr,
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To estimate I3, we use (4.2) and the mean value theorem to represent In W(q,n) for |¢]/2 <
In| < 2[¢| in the form
In¥(g,n) =I¥(qg,&) + O(I¢[")

for some p > 0 and conclude that

2l -¢

In
l€l/2 ¢

115(q,€)| < [InW(q, &)

1+0 €17 (1 + Je)).

which is bounded.
C.1.2. Proof of (6.15). We use (6.10):
. oo d
o5 0. < = [ :

lal“(L+ [nl/ a7 (T + € — )’

notice that the last integral is uniformly bounded as a function of £ (for a proof, divide [1, +00)
into three parts by inequalities |n| < |£]/2, [£]/2 < |n| < 2|¢], 2|¢] < |n])-

C.2. Proof of Lemma 6.7. Using (6.9),

; W o lal "y [ gl g~
P (q.6)| < C / n”lq n+/ qlln[~"dn

e[ I
+/ 7—1-/ q n_”_ldn
gl/2 1+ 18—l ma‘”’

< Cu(I€]7 al ™Y + 1617 al™ Y + lall€l " I [€] + lall€[ ),

which gives (6.17) with k& = 0 because s < v and |q| < |£]|®. To obtain (6.17) with £ > 0, we
use (6.10) and argue similarly.
Representation (6.19)—(6.20) in the region |g| < |£]® is immediate from (6.17).

C.3. Proof of (8.12). To simplify the proof, we assume that the characteristic exponent
admits the analytic continuation not only into a strip around the real axis but into a union
of two open sectors with the real half-axis as the axes of symmetry as well and obeys there
the same estimates as in the strip.®> Then there exists § € (0,7/2) such that function ¥(g,n)
admits the analytic continuation w.r.t. n into the set bounded from below by the line Imn = w_
and from above by the contour £, 5 = {n=pe¥|p>0,¢=mr/240}, and into the half-plane
Req > o w.r.t. ¢, and admits there estimates (6.9) and (6.10). Then

1 In ¥(q,n)

f_(q7£) P

. dn,
27 e, 5 M 3

and, for £ in the half-plane Im¢ < W/, (< w4),

1 In¥(q,n)
T8 =5 / ORI

8 All model classes of RLPEs satisfy this condition.
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admits a bound

s > min{|q||n|", |n|"|q| "'}
Bl (g, ¢ sc/ dn
O @< C ) T e

‘1/1/

a7 g~y * gln”
co[ [y [ e,
[ 1 |2 + 1§12 v 2 =+ [€]2

(see (6.9)). Consider two cases: [£|” < |q| and [£|” > |¢|. In the first case,

€] -1, v ‘Q‘I/V —1,v 0 —v
/ qulnzdnJr/ |q2|772d77+/ Igln _dn
1 Iml*+ €] el I+ gl qle [l + 1€l
< Cr(lg| 71 El2H T 4 g e + g YY)

< CollgIH el + 1gI 7M7)
< sl

‘Q‘I/V —1,v €] —v 00 v
/ |<12| n 2d77+/ Igln zdn+/ Igln _dn
1 Inl% + €] qle [l + 1€l el Inl* + €]

< (g7 Y117+ gllg] T2 + Jgllg)t )
< Cole ™

01 (g, 8)| < C

in the second case,

01 (q,6)| < C

as well. This proves (8.12) with k = 0.
To obtain the bounds for k£ > 1, we use (6.10). If |£]” < |q|, then
lal ™" ~dn +/
1/

€l —k| )2 la —k+1/v_—3
/ lg| " [¢] dn+/ lq| n~7dn
1 1 |1/

< Cur(lal "€l 4 gl 7F(E) ! + g TR RYY < OgglglRIETY,

1/v

0801 (q,6)| < Ci

and if €] > |g|, then, for any € > 0,

|1/r/

001 (q,€)| < Cy [/1 lq|~F 1€ 2dn

€] o
+/||1/ |c1\"“+1/”\€|‘277‘1d77+/5 IQ\"““/”H‘?’dn]
q 1%

< Cu|lal ™ 1€ + gl TFTVVIEI T €] + gl TFHY Ve
< Crelg| ™" [¢| 7
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Abstract. We compare the performance of various hedging strategies for index collateralized debt obligation
(CDO) tranches across a variety of models and hedging methods during the recent credit crisis.
Our empirical analysis shows evidence for market incompleteness: a large proportion of risk in the
CDO tranches appears to be unhedgeable. We also show that, unlike what is commonly assumed,
dynamic models do not necessarily perform better than static models, nor do high-dimensional
bottom-up models perform better than simpler top-down models. When it comes to hedging, top-
down and regression-based hedging with the index provide significantly better results during the
credit crisis than bottom-up hedging with single-name credit default swap (CDS) contracts. Our
empirical study also reveals that while significantly large moves— “jumps”—do occur in CDS, index,
and tranche spreads, these jumps do not necessarily occur on the default dates of index constituents,
an observation which shows the insufficiency of some recently proposed portfolio credit risk models.
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obligations, portfolio credit risk models, default contagion, spread risk, sensitivity-based hedging,
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1. Introduction. Static factor models, in particular the Gaussian copula model [18], have
been widely used for hedging portfolio credit derivatives such as collateralized debt obligations
(CDOs). In such models, the risk of a CDO tranche is characterized in terms of sensitivities
to shifts in risk factors [10, 24]. Accordingly, hedging practices have typically been based on
such measures of sensitivity. The most common hedging approach has been to “delta hedge”
spread fluctuations using credit default swaps (CDSs).

However, the recent turmoil in credit derivatives markets shows that these commonly used
hedging approaches are inefficient. One of the main criticisms has been the lack of well-defined
dynamics for the risk factors in such static models, which prevents any model-based assessment
of hedging strategies. In particular, delta hedging of spread risk is loosely justified using a
Black—Scholes analogy which does not necessarily hold, and the corresponding hedge ratios,
the spread-deltas, are in fact computed from a static model without spread risk. Indeed, delta
hedging of spread risk is not deduced from any theory of derivative replication. Furthermore,
delta hedging of spread risk ignores default risk and jumps in the spreads, which appeared to
be critical for risk management during the difficult market environment in 2008. Although
gamma hedging can improve performance slightly, it is not sufficient to solve these issues.
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Finally, the common approach to price portfolio credit derivatives using copula-based models
does not guarantee the absence of arbitrage. Cont, Deguest, and Kan [6] show that pricing
CDO tranches based on linear interpolation of the base correlations in a one-factor Gaussian
copula model can lead to static arbitrage.

Given the deficiencies of copula-based hedging methods, alternatives have been proposed
to tackle the problem of hedging portfolio credit derivatives. Durand and Jouanin [10] describe
common hedging practices for credit derivatives and correctly point out the inconsistency be-
tween most of the pricing models, where the sole risk is in the occurrence of defaults, and
delta hedging strategies, where the trader seeks to protect his/her portfolio against small
movements in CDS spreads. Bielecki, Jeanblanc, and Rutkowski [3] show that, in a bottom-
up hazard process framework driven by a Brownian motion, perfect replication is possible by
continuously trading a sufficient number of liquid CDS contracts. Bielecki, Crépey, and Jean-
blanc [2] discuss hedging performance in bottom-up and top-down models using simulation
but do not comment on the performance of such strategies in a real market setting.

Laurent, Cousin, and Fermanian [17] study hedging of synthetic CDO tranches in a local
intensity framework without spread risk, and show that CDO tranches can then be replicated
by a self-financing portfolio consisting of the index default swap and a risk-free bond. However,
as we will show in section 3, spread fluctuation is a major source of risk even in the absence
of defaults, so failure to incorporate spread risk can lead to unrealistic conclusions.

Using a more realistic approach which acknowledges market incompleteness and incor-
porates both spread risk and default contagion, Frey and Backhaus [14] observe significant
differences between the sensitivity-based hedging strategies computed in the Gaussian copula
framework and the dynamic hedging strategies derived in their setup. They also show that
variance-minimization hedging provides a model-based endogenous interpolation between the
hedging against spread risk and default risk.

Giesecke, Goldberg, and Ding [15] discuss an alternative hedging approach based on a
self-exciting process for portfolio defaults and compare the hedging performance for equity
CDO tranches in September 2008 with a Gaussian copula model.

The hedging methods in these studies approach the problem from different, often in-
compatible, standpoints, and a systematic comparison of the resulting hedge ratios and the
subsequent hedging performance has not been done in a realistic setting with market data.
Needless to say, in order for such a comparison to be meaningful, the models need to be
calibrated to the same data set. The very feasibility of this calibration is a serious (computa-
tional) constraint which excludes many models discussed in the literature, leading us to focus
on the class of tractable models.

Motivated by previous studies indicating the impact of model uncertainty on the pricing
and hedging derivative instruments [5], our objective is to assess the performance of hedging
strategies of index CDO tranches derived under various model assumptions. We compare the
performance of different dynamic hedging strategies across a range of models including the
Gaussian copula model, a multiname reduced-form model introduced by Duffie and Garleanu
[9], a Markovian portfolio default model [16], and a two-factor model with spread and default
risk [1]. Strategies considered include delta hedging of spread risk, hedging of default risk,
variance minimization (quadratic hedging), and regression-based hedging.

In particular we shall attempt to address some important questions which have been left
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unanswered by previous studies:

e How did various hedging strategies for CDOs perform during major credit events in
20087
Do complete market models provide the right insight for hedging credit derivatives?
How good are delta hedging strategies for CDO tranches?
Does gamma hedging improve hedging performance?
Do hedge ratios based on jump-to-default fare better than sensitivity-based hedge
ratios?
Are dynamic models better for hedging than static models?

e Do hedging strategies using single-name CDSs perform better than hedges using the

index?

e Are bottom-up models more suitable for hedging than top-down models?

This article is structured as follows. Section 2 describes the cash flow structure of credit de-
fault swaps, index default swaps, and index CDO tranches. Section 3 presents the dataset used
for the empirical analysis and describes some important statistical features of the CDO and
CDS markets. Section 4 introduces the models under consideration and discusses procedures
used for parameter calibration. Section 5 discusses the hedging strategies under consideration.
Section 6 compares the performance of different strategies for the hedging of index tranches
in 2008. Section 7 summarizes our main findings and discusses some implications.

2. Credit derivatives. A credit derivative is a financial instrument whose payoff depends
on the losses due to defaults of the reference obligors (debt instruments). A portfolio credit
derivative is a credit derivative whose payoffs depend on default losses in a reference portfolio
of obligors. We will consider here index credit derivatives, for which the underlying portfolio
is an equally weighted portfolio, such as the CDX or iTraxx indices. Typically, the payoffs
depend only on the aggregate loss due to defaults in the index, not on the identity of the
defaulting firm.

Consider an equally weighted portfolio consisting of n obligors, and assume for simplicity
a constant recovery rate R (typically assumed to be 40%) and deterministic interest rates.
Let 7; be the default time of obligor i. The portfolio loss (in fraction of total notional value)
at time t is equal to

[ 1-R
L; = lp<; = ——N;,
t n ; <t n t

where Ny is the number of defaults by time t. The portfolio loss (L;) is modeled as a sto-
chastic process on a (filtered) probability space (2, F, (F;),Q), where Q is the set of market
scenarios, (F;) represents the flow of information, and Q is a risk-neutral probability measure
representing the market pricing rule.

We will consider the three most commonly traded credit derivatives: credit default swaps
(CDSs), index default swaps (index), and collateralized debt obligations (CDOs). All three
derivatives are swap contracts between two parties, a protection buyer and a protection seller,
whereby the protection buyer is compensated for the loss generated by the default of a reference
obligor (CDS) or defaults from a pool of obligors (index and CDO). In return, the protection
buyer pays a premium to the protection seller. A more detailed description of these products
can be found in [7, 14, 20].
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2.1. Credit default swaps. Consider a reference obligor i and its corresponding CDS
contract initiated at time 0 with unit notional and payment dates T} < Tb < --- < Ty,
where T' = Ty is the maturity date. Assume that the default payments are made on the next
payment date;' then if obligor i defaults between time T},_1 and T},, the default payment at
time T}, is equal to 1 — R. On the other hand, if obligor ¢ has not defaulted yet at time 15,
the protection seller will receive a premium payment Sé(T m — Tm—1), where 86 is the CDS
spread that has been determined at the inception.

The par CDS spread si quoted in the market at date ¢ is defined as the value of the spread
which sets the present values of the default leg and the premium leg equal. The mark-to-
market value of a protection seller’s position at time ¢ is equal to the difference between the
net present values of the two legs:

(1) Vtz = (36 — 57) Z B(t, Tin)(Tin — Tin—1)Q(7i > Tin| F),
Tm>t

where B(t,T,,) is the discount factor from time ¢ to 7,,. In what follows we will refer to
the value of the protection seller’s position as the mark-to-market value, and we will use
s¢% = (s},...,s?) to denote the vector of constituent CDS spreads and Dy = (1, <y, - - -, L, <)

to denote the vector of default indicators at time t.

2.2. Index default swap. Index default swaps are now commonly traded on various credit
indices such as iTraxx and CDX series which are equally weighted indices of CDSs. In an index
default swap transaction initiated at time 0, a protection seller agrees to pay all default losses
in the index in return for a fixed periodic spread Sgdx paid on the total notional of obligors
remaining in the index.

The index default swap par spread sf;dm quoted in the market at time ¢ is defined as the
value of the spread which balances the present values of the default leg and the premium leg.
The mark-to-market value of a protection seller’s position at time ¢ is equal to the difference
between the two legs, which can be expressed as

2) Vi = (st = s%) ST Bt Tn) (T = Ty 1) E [1 - %‘ft] .
Tm >t

Here, we assume that the outstanding notional value is calculated at payment dates.?

2.3. Collateralized debt obligations. Consider a tranche defined by an interval [a, ],
0 <a < b <1, for the portfolio loss normalized by the total notional value of the underlying
portfolio. We call a (resp., b) the attachment (resp., detachment) point of the tranche. A
synthetic CDO tranche swap is a bilateral contract in which the protection seller agrees to
pay all portfolio loss within the interval [a,b] in return for a periodic spread s[oa’b}, which is
determined at inception ¢ = 0, on the remaining tranche notional value.

The default payment is sometimes assumed to be made immediately after the default. Nevertheless, the
choice of payment schedule has negligible effects on our analysis in this paper.

2A more precise valuation would consider the average outstanding notional value over the time period
between the payment dates [4], but the approximation above has negligible effects on our analysis.
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The par tranche spread sl[f”’b} quoted in the market at time ¢ is defined as the spread which

sets the present values of the default leg and the premium leg to be equal. The mark-to-
market value of a protection seller’s position (normalized by the total tranche notional value)
at time t is equal to the difference between the two legs, which can be expressed as

a,b a,b a,b B tmi
(3) V;[ I = (s([) I sl[t ]) Z 7;) . )(Tm —Ton1)E? | (b— Ly, )" — (a— LTm)Jr‘.B] .

Tm >t

3. Data analysis. Our dataset contains the 5-year CDX North America Investment Grade
Series 10 (CDX) index spreads; the standard tranche spreads with attachment/detachment
points 0%, 3%, 7%, 10%, 15%, 30%, 100%; and the constituent 5-year CDS spreads, all obtained
from Bloomberg. The time series runs from 25 March, 2008 until 25 September, 2008. Figure 1
illustrates the time series of the index, tranche [10%, 15%], CDS of IBM and Disney Corp.
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Figure 1. Left: 5-year CDX.NA.IG.10 index and tranche [10%, 15%)] spreads. Right: 5-year CDS spreads
of IBM and Disney Corp. (DIS).

3.1. Comovements in CDSs and CDO tranches. A CDO hedging strategy should be
based on a good understanding of the relation between the profit and loss (P&L) of the
hedging instruments, namely the CDSs and the index, and that of the target instruments, the
CDO tranches. Given that the P&L is driven mainly by the changes in spreads, this requires
a correct representation of comovements in the credit spreads. Figure 2 shows the tranche
[10%, 15%] daily spread returns against the index and IBM CDS daily spread returns. The
crosses and circles represent the data points where spread returns of the two credit derivatives
move in the same and opposite directions, respectively. Here we use IBM CDS and the
[10%, 15%] tranche data for illustration, but similar results are obtained by looking at other
constituent CDSs and tranches. From the figure, we can immediately observe two important
properties:

1. CDS/index spreads tend to move together with the tranche spreads when the move-
ments are large.

2. In many cases, CDS/index spreads and tranche spreads move in opposite directions,
especially when the movements are small.

Large comovements of the spreads, or common jumps, can be explained by the exposures
of the credit derivatives to common risk factors which undergo large movements. This phe-
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Tranche [10%,15%)] vs Index Tranche [10%,15%] vs IBM

0.3

0.3

0.2r

0.1 x

Tranche [10%,15%] spread return

Tranche [10%,15%)] spread return

o

x

x

* N

X

%X

o x
Cox

o

-0.1 0 0.1 0.2

-0.2 .
IBM CDS spread return

Index spread return

Figure 2. Tranche [10%, 15%)] daily spread returns versus index daily spread returns and IBM CDS daily
spread returns. Crosses represent data points where spread returns have the same signs (movements in the same
direction), and circles represent data points where spread returns have opposite signs (movements in opposite
directions).

Table 1
Conditional correlations between daily spread returns of the index and tranche [10%, 15%)] show evidence
of a common heavy-tailed factor.

Index spread return | Unconditional | > 8% >5% >1% | <—-1% < -5% < -8%
Correlation 0.63 0.82 0.82 0.60 0.68 0.71 0.81
Observations 126 4 12 52 43 11 6

nomenon can be seen more clearly in Table 1, which shows that the correlation between the
index and tranche spread returns increases substantially if we condition on larger observations.

From a hedging perspective, frequent opposite movements between the CDS/index and
the tranche spreads can lead to serious problems, because most hedging strategies imply
positive hedge ratios with respect to the CDSs or the index. When the values of the hedging
instruments and the tranche move in opposite directions, those strategies may fail to reduce
the exposure of the tranche positions or, more seriously, can substantially amplify the overall
exposure. As we will see in our empirical study in section 6, this problem frequently arises in
common hedging strategies.

3.2. Impact of defaults on credit spreads. Our sample period covers several important
credit events: the takeover of Fannie Mae and Freddie Mac, which led to losses in the CDX,
and the bankruptcy of Lehman Brothers, which led to a significant shock to the market.

During the sample period, Fannie Mae and Freddie Mac were taken over by the U.S.
government on 7 September, 2008, which generated a credit event in the CDX reference
portfolio. According to Bloomberg, the recovery rates of the 5-year senior CDS contracts of
Fannie Mae and Freddie Mac were 92% and 94%, respectively, which will be used to determine
the losses in our empirical study. On the other hand, although Lehman Brothers is not a
reference obligor in the CDX, Figure 1 shows that there is considerable upward movement of
the spreads on the next business day after Lehman Brothers announced bankruptcy.

Table 2 shows the daily spread returns on the next business day after Fannie Mae/Freddie
Mac and Lehman Brothers credit events in units of sample standard deviation. Interestingly,
we observe that the IBM, the index, and the super senior tranche [30%, 100%)] spreads decrease
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Table 2
Daily spread returns on the next business day after Fannie Mae/Freddie Mac (8 September, 2008) and
Lehman Brothers (16 September, 2008) credit events, normalized by unconditional sample standard deviations.

IBM  Index 0%3% 3%7% 7%10% 10%-15% 15%-30% 30%-100%
8-Sep-08 | —0.66 —1.10 0.16 0.05 0.04 0.44 0.02 —0.06
16-Sep-08 | 3.23 4.55 3.51 4.92 4.45 3.91 4.14 4.05

on the next business day after Fannie Mae/Freddie Mac were taken over. Although the spreads
of other tranches do increase, the magnitudes of these changes are rather small, less than 0.5
standard deviations.

On the other hand, we do observe jumps in CDX spreads, but not necessarily on the dates
corresponding to constituent defaults. The typical example is on 16 September, 2008 when
Lehman Brothers filed for bankruptcy. Although Lehman Brothers is not a constituent of the
CDX, the IBM, index, and tranche spreads increase by as much as 4.9 standard deviations,
which are substantial upward moves and can be attributed to jumps.

These observations have two important implications. First, they show that jumps in
the spreads are not necessarily tied to defaults in the underlying portfolio, as is the case in
Markovian contagion models [1, 16] and self-exciting models [12, 15], where jumps occur only
on portfolio default dates. Jumps may be caused by information external to the portfolio,
such as macroeconomic events, of which the Lehman credit event is an example. Second, jump
sizes at default dates appear to depend on the severity of the events, with lower recovery rate
implying fewer or no upward jumps in the spreads. This suggests that models with constant
jumps in the default intensity at each default are insufficient for capturing the impact of
defaults on the spread movements: this impact should depend on the severity of loss in the
given default, as suggested in [15]. We note that this may be difficult in practice, since recovery
rates are usually not observable immediately after default and can be determined only after
liquidation.

4. Models for portfolio credit derivatives. We will consider four different modeling ap-
proaches in our analysis: the one-factor Gaussian copula model [18], a bottom-up affine jump-
diffusion model [9], a local intensity model [6, 7, 16, 21, 25], and a top-down bivariate spread-
loss model [1].

4.1. Gaussian copula model. The one-factor Gaussian copula model [18] is a standard
market reference for pricing CDO tranches, in which the default times are constructed as

7 = F 1 (®(pMo + /1 — p2M;)),

where My, M; are independent standard normal random variables, ®(.) is the standard normal
distribution function, F; is the marginal distribution of 7;, and p is a correlation parameter.
The distribution function Fj(.) is calibrated to the single-name CDS spreads by assuming
a constant hazard rate.®> Then, we fit one correlation to each tranche, which is a situation
known as compound correlations. If multiple correlations give the same tranche spread, we
will choose the smallest one.

3The hazard rate term structure is usually assumed to be piecewise constant. Since we consider only CDS
with one maturity for each obligor, it reduces to a constant hazard rate.
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There are two reasons why we consider compound correlations instead of the base correla-
tions [19] for calibration. As noted by Morgan and Mortensen [22], we found that computing
the spread-deltas while keeping base correlations fixed can lead to a negative sensitivity of
a tranche with respect to a change in the CDS spreads. Therefore, even if the CDS and
the tranche spreads move in the same direction, especially when the movement is large, the
negative spread-deltas will have the wrong sign and give poor hedging results. Second, unlike
the Black—Scholes implied volatility, which is in a one-to-one correspondence to the vanilla
options prices, base correlations are not guaranteed to exist. For instance, we were not able
to calibrate the base correlation for 15% strike on many of the dates in our sample.

In order to express the hedging positions in later sections, it is convenient to write the
mark-to-market values of the credit derivatives as functions of the modeling variables. Given
the CDS spreads s§% = s = (s!,... s"), the default indicators D; = D, and the set
of compound correlations p, = p, we write the mark-to-market values of CDS i, the in-

dex, and a tranche [a,b] at time ¢ computed under the Gaussian copula model as V;]ic(t, 5%,
Vgigx(t, s p. D), and Vg[g’b] (t,s°% p, D), respectively.

4.2. Affine jump-diffusion model. Various dynamic reduced-form models have been pro-
posed to overcome some of the shortcomings of static copula-based models. An example of
such a model used in industry is the affine jump-diffusion model introduced by Duffie and
Garleanu [9]. In this model the default time 7; of an obligor ¢ is modeled as a random time
with a stochastic intensity (\}) given by

@ N = Xj+ aix),

where the idiosyncratic risk factors (X},..., X7*) and the common (macro) risk factor (X})
are independent affine jump-diffusion processes

dX} = k(0 — X})dt + o\ XidW} + dJ},

where (W}) are standard Brownian motions and (Jf) are compound Poisson process with
exponentially distributed jump sizes. The conditional survival probability is then given by

T .
Q(r; > T|F,) = E© [exp (—/ AZdu) ‘}}} .
t

We will denote by X; = (X?, X},..., X}") the risk factor values at time t. In order to
calibrate the model, we follow the algorithm proposed by Eckner [11]. The tractability of this
model relies on the conditional independence assumption of the default processes and also an
analytical formula for the characteristic function of the affine jump-diffusion process. We refer
readers to [9, 11] for the details of the calibration procedure.

Since (X4, D;) is a Markov process, given the values X; = X = (X% X! ..., X") and the
default indicators Dy = D, we can write the mark-to-market values of CDS i, the index, and
a tranche [a,b] at time ¢ computed under the affine jump-diffusion model as ;f(t,X 0 X%,

Vj}lm (t,X,D), and Va[;’b} (t,X, D), respectively. The mark-to-market values are computed as

given in (1), (2), and (3).
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4.3. Local intensity models. Local intensity models [6, 7, 16, 21, 25] are top-down models
in which the number of defaults /V; in a reference portfolio is modeled as a Markov point process
with an intensity Ay = f (¢, Ny—): the portfolio default intensity is a (positive) function of time
and the number of defaulted obligors.

We consider the following parametrization of the local intensity function, introduced by
Herbertsson [16]:

Ny

(5) Ao=(n—N)Y b,
k=0

where {by} are the parameters. The interpretation of (5) is that the portfolio default intensity
jumps by an amount by when the kth default happens. There is no sign restriction on {bx} as
long as the portfolio default intensity remains positive. As in [16], we parameterize {b} as

b, 1<k<pi,
(6) by = b(?), 1 < k< o,
b(}), pr—1 <k <p;=n,
where 1, py,...,pr is a partition of {1,...,n} which includes the attachment points of the

tranches. The local intensity model is a Markovian top-down model in which the only risk
factor is the loss process. Therefore we can express the mark-to-market values of the index
and a tranche [a, b] at date ¢ computed as functions V;i%* (¢, N) and Vl[oa’b} (t, N) of the number
of defaults and time.

4.4. Bivariate spread-loss model. One major shortcoming of the local intensity model is
that spreads have piecewise-deterministic dynamics—i.e., no “volatility” —between defaults.
As we have seen in Figure 1, credit derivative positions fluctuate substantially in value even
in the absence of defaults in the underlying credit portfolio, so a hedging strategy based on
the jump-to-default ratio may lead to poor performance. A more realistic picture is given by
a two-factor top-down model [1, 21] which accounts for both default risk and spread volatility
by allowing the portfolio default intensity to depend on the number of defaults and a factor
driving spread volatility:

)\t - F(t,Nt_,}/t).

Arnsdorff and Halperin [1] model the number of defaults IV} in a reference portfolio as a point
process which has a (portfolio default) intensity (A\;) that follows

Ne—

(7) A=e(n—N) by,

k=0

where {b;} are parameters and the second factor (Y;) generates spread volatility between
default dates which follows an Ornstein—Uhlenbeck process,

dY, = —kYdt + odW;,
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Table 3
Relative calibration error (RMSE), as a percentage of market spreads.

Model CDS Index 0%3% 3% 7% 7%-10% 10%-15% 15%-30%
Gaussian copula 6.04 0.00 0.00 0.18 0.05 0.00 0.00
Affine jump-diffusion | 14.53  21.67 14.56 5.05 10.40 13.91 6.17
Local intensity - 6.29 1.60 0.95 0.46 0.34 1.71
Bivariate spread-loss - 6.67 1.67 1.02 0.42 0.39 1.79

where (W) is a standard Brownian motion. Notice that the parameters {b;} will provide
enough degrees of freedom to fit the CDO tranche spreads on a given date, so the remaining
parameters (k, o) are estimated from time series of tranche spreads as follows:
e On the first sample day: Set Yy =0, x = 0.3, and o = 0.7 and calibrate {by} to index
and tranche spreads on day 1.
e On the jth sample day:
1. Fix {b;} as those calibrated on day j — 1.
2. Calibrate Yp, k, and ¢ by minimizing the mean square pricing error of day j — 10,
J—9,...,].
3. Calibrate {b;} to the index and the tranche spreads on day j.
Since (N, Y;) is a Markov process, given the values V; = N and Y; = Y, we can write the
mark-to-market values of the index and a tranche [a, b] at time ¢ computed under the bivariate

spread-loss model as functions V}fidx(t, Y,N) and Vb[ia’b] (t,Y, N) of the state variables.

4.5. Calibration results. All models are calibrated to the same market data using a 40%
recovery rate. Table 3 shows the root mean square calibration error (RMSE). Since we
calibrate the Gaussian copula model to each tranche with a different correlation (compound
correlations), it by design gives good fits to the tranche spreads. The discrepancy of CDS
spreads is due to the adjustment to match the index spreads. Top-down models are amendable
to calibration to the market data as well. The RMSE are well within 2% for all tranches
and around 5% for the CDS and the index. On the other hand, the Duffie-Garleanu affine
jump-diffusion does not calibrate market data as well as the top-down models. The CDS
and the tranche spreads have RMSE at about 10%, which is still reasonable, but the fit
to the index spread has RMSE larger than 20%, which is a poor fit. This is due to the
fact that its calibration involves a high dimensional nonlinear optimization problem which is
not guaranteed to converge. Therefore, we will consider only a hedging strategy using the
single-name CDS as the hedging instruments in the affine jump-diffusion framework, so that
the poor calibration to the index will not affect our analysis significantly. Note that, for
all models under consideration, we have experienced a poor fit to the super senior tranche
[30%, 100%)], even with the Gaussian copula model. Since poor calibration leads to inaccurate
computation of the mark-to-market values and the hedge ratios, we will omit the [30%, 100%]
tranche in what follows.

5. Hedging strategies. Our objective is to hedge a position in a tranche [a, b] using the
constituent CDSs and the index, and sometimes with an additional tranche [I, u]. We will now
introduce different dynamic hedging strategies that aim to achieve this task.

We assume a continuously rebalancing framework and let (¢), (¢i%*), and ( l[f’u}) be
predictable processes which denote the hedging positions in CDS 4, the index, and a tranche
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[l,u], respectively. In addition, we will use the same notation as in section 4 to represent the
mark-to-market values of the credit derivatives computed under different models. All hedging
strategies are implemented using daily rebalancing.

5.1. Delta hedging of single-name spread movements. The most common approach for
hedging CDO tranches is to hedge against small changes in the single-name CDS spreads
[10, 24]. In practice, traders usually consider delta hedging under the Gaussian copula model
where the corresponding hedging position in CDS i is known as the spread-delta:

a,b cds
0 = V" p D)
¢ S5 Viu(t,si ) ’

where b ; ,
5. V2 (1,5, p, D) = V(1,5 1 1, p, D) — V[24] (1,57, p, D),
581"/5;0(75’ Si) = Vgic(t’ s’ + 1bp) — Vgic(tv si)
are the changes in value of a tranche [a,b] and CDS i with respect to an increase in the CDS
spread of obligor ¢ by 1 basis point, while the correlations and other CDS spreads remain
unchanged. e; € R" is a vector with all entries equal to 0 except for the ith entry equal to 1
basis point.

In order to compute the spread-deltas, we first calibrate the one-factor Gaussian copula
model [18] to the market CDS and the tranche spreads as described in section 4.1. After
that, we perturb the CDS spread of, say, obligor ¢ by 1 basis point while keeping all other
CDS spreads and the correlations unchanged. Then, we recalibrate the hazard rate function
of obligor i and compute the new values for CDS i and the tranche. The spread-delta defined
by (8) is the ratio of the change in the tranche value to the change in the CDS value.

The main drawback of implementing the spread-deltas (8) is the absence of well-defined
dynamics for the single-name CDS spreads in the Gaussian copula framework. On the other
hand, we can consider delta hedging under the dynamic affine jump-diffusion model [9]. Hedg-
ing moves in the single-name CDS spreads is then equivalent to hedging against changes in

the idiosyncratic risk factor. The corresponding position in CDS 7 is equal to
b
- Dxi V5 (8, X, D)

9 i . iy
( ) ¢t 8XiVaZf(t7 Xz?—) Xz%—)

where 8Xiva[;7b} (t,X,D) and 8xivaif(t, X0 X?) are the partial derivatives with respect to X*

which can be approximated by finite differences. Note that one of the main differences between
the hedge ratio (9) and the spread-delta (8) is that there is no recalibration involved when
computing (9) under the affine jump-diffusion model.

5.2. Delta hedging of index spread movements. In section 3.1, we observe that the
CDS and the tranche spreads appear to be driven by some common risk factors. Therefore,
we may argue that it is also important to hedge against global movements in the CDS spreads.
We use the Gaussian copula model and enter positions in the index to neutralize the index
spread-delta:

A1)

(10) =
A (1)
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Figure 3. Index spread-deltas. Data: CDX.NA.IG.S10 on 25 March, 2008.

where

Aggb} (t) = Vg[g’b} (t’ Sgis +ep, Dt—) - Vg[?b] (t’ Sgis’ Pi—>s Dt—)7

AGE () = Ve (1,572 + e, Dy ) — Vyd (t,57%°, Dy ),
and e € R" is a vector with all entries equal to 1 basis point. Notice that Agé’b} (t) and Agf‘” (t)
are the changes of a tranche [a,b] and the index values with respect to a parallel shift in all
CDS spreads by 1 basis point while keeping the correlations unchanged. Computation of the
index spread-delta is the same as for the spread-deltas, except that we need to shift all CDS
spreads by 1 basis point.

This strategy also has the advantage of being cost-effective. Unlike delta hedging indi-
vidual CDS fluctuations, which requires rebalancing multiple hedging positions, this strategy
only requires adjusting the position in the index.

If we consider the CDS/index spreads and the correlations as the market inputs, which
is analogous to the stock price and implied volatility moves in equity derivatives markets,
the index spread-delta (10) can also be computed by models other than the Gaussian copula
model. The procedure is similar to the case described above in which we first calibrate the
models to the CDS/index spreads and the correlations. Then, we recalibrate the models
to the perturbed CDS/index spreads while keeping the correlations unchanged. The index
spread-delta is the ratio of the change in tranche value over the change in the index value.

Figure 3 shows the index spread-deltas (10) computed under different models. Interest-
ingly, we observe that the index spread-deltas are very similar across the models, except those
for tranches [7%,10%] and [10%, 15%] computed from the affine jump-diffusion model. In
fact, this discrepancy is due only to the fact that the affine jump-diffusion model does not
calibrate well to the market data.

The similarity of the index spread-deltas across the models implies that there is no point
in using a more sophisticated model if its only use is to delta hedge spread risk. The standard
one-factor Gaussian copula model would be sufficient to carry out this strategy. Indeed, a
more meaningful hedging strategy for the dynamic models is to hedge against the underlying
risk factors specified in the modeling framework, taking into account the dynamics of these
factors and their correlations.

5.3. Delta and gamma hedging of index spread movements. By analogy with gamma
hedging of equity derivatives, one may consider hedging the second-order changes in the
tranche values due to fluctuations in the CDS spreads. We consider positions in the index
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and a tranche [[,u] such that

Al (1) = gl Al (1) 4 gjde AV (1),

a lu U 1dx idx
rgﬂu): el () 4 gide Tide (p),

where
(11)
Fg“c’b]( )= V[“ U(t,s5% + e, p, D) — 2‘/9[3’1’} (t,s¢% p, D) + Vg[g’b} (t,s¢% —e, p, D),
(12)
F;Cf”( ) = V’dx(t s¢ e Dy ) — 2Vldx(t s Dy ) + Vldx(t s¢ds _ e, Dy )
are the gammas of a tranche [a,b] and the index, or equivalently the second-order finite

differences in the values with respect to 1 basis point shifting of all CDS spreads. Solving for
the hedge ratios, we have

(13) s _ AROT0 - A O )
At (0L (5) — AR ()T (¢)

(14 g _ A[;”]@)P“w(w AL [ab@).
AL (@D (1) — A (O (1)

Note that we can also delta hedge against movements in the single-name CDS spreads in
the case of gamma hedging. However, we need to solve an ill-conditioned linear system which
may lead to unstable hedge ratios. Moreover, as we will see in section 6, the main component
of changes in the single-name CDS spreads is a parallel move which is already reflected in the
index spread. Thus, the inclusion of single-name CDS corresponds to hedging higher-order
principal components, which have a smaller impact on the variance of the portfolio. Therefore,
we do not include single-name CDS hedges in our gamma hedging analysis.

Unlike the situation in a Black—Scholes model, where the gamma of a call or put option
is always positive and the gamma of a long position in a call or put option can be neutralized
by shorting another call or put option, such simple relations fail to hold in the Gaussian
copula framework for CDO tranches. Figure 4 shows the gammas of tranches [0%, 3%] and
[3%, 7%] computed for various days in the sample. Observe that the gammas can be positive or
negative, even for the equity tranche. Moreover, the gammas of the two tranches do not have
any clear relationship, in the sense that they do not always have the same sign. These results
also suggest that the empirical performance of gamma hedging may depend on the choice
of the hedging tranches, so we will consider below different choices of tranches as hedging
instruments.

5.4. Hedging parallel shifts in correlations. In addition to hedging against changes in
spreads, by analogy with “vega” hedging in the Black—Scholes model, one can argue that it
is also important to manage the risk of the fluctuation in another parameter of the Gaussian
copula model, the implied correlation. We will consider scenarios where all (compound)
correlations shift by the same magnitude.
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Figure 4. Values of gammas Féac’b](t) for (0%, 3%)] and [3%,7%] CDX tranches. Each point represents one
day in the sample.

A joint hedge with respect to small changes in spreads and correlation then requires us to
enter positions in the CDSs and a tranche [, u] such that

S VI (1,569, p_ Dyo) = o 6 VIt 7%, py_ Di) + G0Vt si), i=1,....m,
S,V Ia0 (1,859, py_ Dy) = ol 5,V (8,567 p,_ Dy ),
where
8,V et (t, 5%, p, D) = Vel (t, 5%, p + 0.1%, D) — V/[2tl(t,5°*, p, D)

is the change in the tranche value with respect to an increase in all compound correlations by
0.1%. Since the index is insensitive to the correlations, we must consider another tranche as
a hedging instrument. Solving for the hedge ratios, we have

a,b cds
¢[l,u] 0 VQ[C ](t Sti )y Py— 7Dt*)
' ) Vq(l;u] (t, s‘3ds,pt7,Dt_)7
(bi 651‘/‘7[? b] (t SCdsvpt—7Dt—)5PVq[é,u] (t Sfis,pt 7 ) 6 Vq[g b] (t SCdsvpt—ﬂDt—)ésdi[é’u] (t Sgisvpt 7D
t

8 Vi(t,si_)0 vgl (t,s¢d5 p, D)

Note that this strategy does not take into account the comovements in the index and in

correlations. This is simply a first-order sensitivity-based hedge against moves in the CDS
spreads and the correlation movements.

5.5. Hedging default risk. Although the common hedging practice is to protect against
CDS spread fluctuations, the occurrence of defaults is also a major source of risk of a CDO
tranche. The natural strategy to hedge against constituent defaults is to enter positions in
the CDS or the index according to the jump-to-default ratio, which is defined as the ratio of
the change in the tranche value over the change in the index (or CDS) value with respect to
one additional default.

Since the top-down models, such as the local intensity model, focus on the next-to-default
rather than the default of a specific obligor, there is only one jump-to-default ratio to consider,
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Figure 5. Jump-to-default ratios. Data: CDX.NA.IG.S10 on 25 March, 2008. Ratios of Gaussian copula
model and affine jump-diffusion model are computed by assuming that IBM defaults.

which is equal to

(15) e _ Vgt Nie + 1) — Vit N )
it _

Vx)dx(tv Nt— + 1) - Vliodx(tv Nt—) '

The jump-to-default ratio under the bivariate spread-loss model is defined in the same manner.

On the other hand, since the bottom-up models specify the default probabilities of each
obligor, there are n possible jump-to-default ratios to be considered. For the Gaussian copula
model, the jump-to-default ratio corresponding to obligor 4, using the index as the hedging
instrument, is equal to

b b
16) e Vet si py Dis i) — Vi s p Dy )
t Vade(t,87% Dy +w) = Vil (6,57, D)

where u; € R" is a vector with all entries equal to 0 except for the ith entry equal to 1. We
can define the jump-to-default ratio for the affine jump-diffusion model in the same manner.

Figure 5 shows the jump-to-default ratios computed from different models using the index
as the hedging instrument as in (15) and (16). For the bottom-up models, the ratios are
computed in the scenario where IBM defaults. Unlike the index spread-deltas, the jump-to-
default ratios are substantially different across models. This implies that hedging against
occurrence of default is also exposed to substantial model risk, because the jump-to-default
ratio, which is computed by assuming the occurrence of one additional default, depends on the
credit portfolio loss dynamic in the modeling framework. Although each model is calibrated
to the same CDS, index, and CDO market data, those credit derivatives provide information
only on the marginal distribution of the loss process at some fixed times. Therefore, the
dynamic of the loss process cannot be uniquely determined by the market data, and thus the
jump-to-default ratios are substantially different across models.

5.6. Variance minimization. When spread risk and default risk are considered simulta-
neously, we are in an incomplete market setting, and hedging strategies in this setting need
to be determined by an optimality criterion which takes both spread risk and default risk into
account. A well-known approach to hedging in incomplete markets is the variance-minimizing
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strategy, introduced by Follmer and Sondermann [13]. Unlike many other approaches to hedg-
ing in incomplete markets, it has been shown that this approach actually leads to analytically
tractable hedging strategies [8, 14].

Definition 5.1. Let H be a square-integrable contingent claim at maturity T, and (X;) be
the discounted price process of the hedging instrument which is a square-integrable martingale
under Q. Let S be the set of admissible self-financing strategies with EQ[(fOT $:dX¢)?] < 0.
A wvariance-minimizing strategqy is a choice of initial capital ¢ and a self-financing trading
strategy (¢¢) € S which minimizes the quadratic hedging error:

<c+/OT¢tht —H>2] .

The variance (17) is computed under the risk-neutral probability measure Q, because the
models are calibrated to the observed credit spreads which only provide information on the
risk factor dynamics under the risk-neutral measure. If we want to minimize the hedging
error under the real-world measure, we will need a statistical model. One example is the
regression-based hedging strategy in section 5.7.

Follmer and Sondermann [13] characterize the variance-minimizing strategy in terms of
a Galtchouk—Kunita—Watanabe projection of the claim on the set of replicable payoffs (see
Appendix A). One nice property of the variance-minimizing strategy is that it coincides
with the self-financing hedging strategy, which replicates the contingent claim in a complete
market. Furthermore, in many Markovian models with jumps, the variance-minimizing hedge
ratios can be explicitly computed [8, 14, 23]. The justification for this approach, which is not
specific to credit derivatives, is discussed in [8, 14] from a methodological standpoint.

We will show that these variance-minimizing hedge ratios can be explicitly computed for
the local intensity model and the bivariate spread-loss model. Our analysis will omit the
Gaussian copula model and the affine jump-diffusion model. The reason is that since the
Gaussian copula model defines the marginal distribution of the portfolio losses only at fixed
times, there is no intrinsic dynamic for the loss process. For the affine jump-diffusion model,
the computation requires inverting a high dimensional matrix (125 x 125) which is numerically
unstable.

(17) inf E©
ceR,(¢¢)ES

5.6.1. Local intensity model. Laurent, Cousin, and Fermanian [17] show that the local
intensity framework generates a complete market in the sense that we can replicate the payoff
of a tranche [a,b] by means of a self-financing portfolio with positions in the index default
swap and a numeraire. The hedge ratio in the replication strategy then coincides with the
variance-minimizing hedge ratio, which is equal to the jump-to-default ratio.

Proposition 5.2. Consider a local intensity model in which the portfolio default intensity
(A\t) under the risk-neutral measure Q has the form Ay = f(t, Ni—) for some positive function
f(,.) > 0. Let Vji¥(t,N) and VlLa’b} (t,N) be the mark-to-market values of the index and a
tranche [a,b] at time t given N number of defaults which satisfy the following:

e For N = 0,...,n, the functions t — V}idfc(t,N) and t Vl[oa’b} (t,N) belong to
C([0, 7).
o |Vid2(t, N+ 1) — V4 (t,N)| >0 for allt € [0,T], N =0,...,n— L.
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Then, the variance-minimizing hedge defined in Definition 5.1 for a tranche |a,b] using the
index as the only hedging instrument is given by

ol N+ 1) = Ve, N,

‘/liodx(tv Nt— + 1) - ‘/lf)dx(t7Nt—) .

(18) gp = U

The second condition in Proposition 5.2 implies that the index default swap value is
always sensitive to defaults in the underlying portfolio. The proof of this proposition is shown
in Appendix B.1.

5.6.2. Bivariate spread-loss model. In the bivariate spread-loss model, the portfolio de-
fault intensity is driven by the loss process (L) and a diffusion process (Y;). Since we consider
the index as the only hedging instrument, the market is incomplete in this two-factor frame-
work. We use variance minimization to compute a trade-off between default risk and spread
risk, as follows.

Proposition 5.3. Consider the bivariate spread-loss model [1] in which the portfolio de-
fault intensity (\¢) under the risk-neutral measure Q follows (7). Let V4 (¢,Y,N) and
Vb[f’b} (t,Y,N) be the values of the index and a tranche [a,b] at time t given N number of
defaults and risk factor value Y which satisfy the following:

e for N =0,...,n, the functions (t,Y) — Vlfidm(t,KN) and (t,Y) — V;)[imb](t,KN)
belong to C12([0,T) x R);
o Oy Vidr(t, Y, N)?+ [N Vi (t, Y, N)]?A > 0 for allt € [0,T), Y €R, N =0,...,n—1;
o BR[fy (v (1, Yie, Nin)? dt] < oo,
where X = (n — N) Eszo b, Oyv'V,;(t,Y,N) is the partial derivative with respect to Y, and
NV, (t,Y,N) =V, (t,Y,N + 1) — V;;(t,Y,N) is the change of value with respect to one ad-
ditional default. Then, the variance-minimizing hedge defined in Definition 5.1 for a tranche
[a,b] using the index as the only hedging instrument is given by
(19)
br = Oy Vo Nt Yie, Ni2) Oy Vi (£, Yie, Ni_) 0 + S Vo (8, Vs, Ni2) S Vi (1, Yo, Ni2) Ay
t (O Vit (8. Yie, Nio) o] + [ Vi (8, Yie, Vi)

The second condition in Proposition 5.3 implies that the index default swap is always
sensitive to either the change of the risk factor (Y;) or defaults in the underlying portfolio.
The third condition is an integrability condition to ensure that the optimal hedging portfolio
has finite variance. The proof of this proposition is shown in Appendix B.2.

Unlike the case of the local intensity model, the variance-minimizing hedge ratio for the
bivariate spread-loss model involves not only the jump-to-default values but also the partial
derivatives of the values with respect to the additional risk factor (Y;). This reflects the fact
that variance-minimization hedging is a strategy that takes both default risk and spread risk
into account.

Figure 6 shows the variance-minimizing hedge ratios of the local intensity model and the
bivariate spread-loss model. Similar to the case of comparing the jump-to-default ratios, the
variance-minimizing hedge ratios are substantially different across the models, especially for
the junior tranches. The reason for the differences is the same as the case for the jump-to-
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Figure 6. Variance-minimization hedge ratios. Data: CDX.NA.IG.S10 on 25 March, 2008.

default ratios: from (18) and (19), we can see that the variance-minimizing hedge ratio is a
model-dependent quantity.

5.7. Regression-based hedging. One drawback of hedging strategies based on pricing
models is that it is not clear how well the models can capture the dynamics of the credit
spreads under the real-world measure, which is an important issue for hedging in practice. We
now discuss a model-free, regression-based hedging strategy based on the observed dynamics
of the credit spreads.

Consider a simple regression model relating the daily changes in the index and tranche
values:

5V;£a,b} — a[a,b} + IB[a,b} 6‘/t§dx + e,

where 0V;, = Vi, —V; | is the daily change of value from time ¢;_; to ;. al@tl and glet! can
be estimated by the ordinary least squares regression over a rolling window. Choosing the
hedging position in the index default swap as

idx idx a,b a,b
t T . —
th <t (5‘/;;6&0 - 6‘/tde)2

yields a model-free hedging strategy which we call the regression-based hedge. Here W is the
average of daily P&L on [0,¢], and @a’b} is the estimate of 81%% using observations over the
period [0, t].

The main advantages of this strategy are its ability to directly capture the actual dynamics
of comovements in credit spreads and its simplicity.

6. Empirical performance of hedging strategies. We now present an empirical assess-
ment of the performance of the eight hedging strategies described in section 5 using the dataset
in section 3. Table 4 summarizes all the strategies that will be considered. Note that we will
consider two choices of hedging tranches for gamma hedging where the details will be presented
in the following subsections.

We consider the hedging of the protection seller’s position on a CDX tranche, initiated
on the first day of the sample period. On each day, we calibrate the models to the market
data, as stated in section 5, and compute the corresponding hedging positions. A successful
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Table 4
Overview of hedging strategies.

Strategy Underlying risk Model Type Nature
1 Single-name CDS fluctuation Gaussian copula Bottom-up Static
2 Global CDS/index fluctuation Gaussian copula Bottom-up Static
3 1st- and 2nd-order Gaussian copula Bottom-up Static

global CDS fluctuation
4 Single-name CDS fluctuation Gaussian copula Bottom-up Static
+ correlations shifts
) Single-name CDS fluctuation Affine jump-diffusion | Bottom-up | Dynamic
6 Default risk Local intensity Top-down | Dynamic
7 Variance minimization Bivariate spread-loss Top-down | Dynamic
(risk-neutral measure)
8 Variance minimization Ordinary least squares | Statistical -
(statistical measure) regression

Relative hedging error Reduction in standard deviation
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Figure 7. Comparison among delta hedging strategies based on the Gaussian copula model.

strategy should (substantially) reduce dispersion of the P&L distribution with respect to an
unhedged position. Here, we use the following metrics to assess the reduction in magnitude
and volatility of the daily P&L:

Average daily P&L of hedged position
Average daily P&L of unhedged tranche position |’
Daily P&L volatility of hedged position
Daily P&L volatility of unhedged tranche position’

Relative hedging error =

Residual volatility =

Note that the two ratios should be close to 0 for a good hedging strategy.

6.1. Does delta hedging work? Our first analysis is to check whether the commonly
criticized delta hedging strategies under the Gaussian copula model work. In Figure 7, we
see that delta hedging does not work well. Indeed, the only effective strategy is a delta hedge
against index movements, which reduces the absolute exposures of tranches [0%, 3%, [3%, 7%)],
and [10%, 15%]. On the other hand, delta hedging against single-name CDS movements fails
to reduce absolute exposures. In terms of reduction in P&L volatility, delta hedging of single-
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Table 5
Hedging tranches for gamma hedging strategy.

Tranche being hedged 0%—-3% 3%—7% T%-10%  10%-15% 15%—30%
Hedging tranche: Case 1 | 7%-10%  7%10% 10%-15% 15%-30% 10%-15%
Hedging tranche: Case 2 | 15%-30% 15%-30% 15%-30% 7%-10%  7%-10%

Relative hedging error Reduction in standard deviation
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[ Delta and gamma-hedging index movements 1 [ Delta and gamma-hedging index movements 1
[ ] Delta and gamma-hedging index movements 2 [ ]Delta and gamma-hedging index movements 2

Figure 8. Comparison among delta and gamma hedging strategies.

name CDS movements results in a consistent reduction of volatility across all tranches, while
delta hedging index movements fails to do so for the three most senior tranches.

6.2. Does gamma hedging improve hedging performance? In order to examine whether
gamma hedging can improve performance, we consider two different choices of tranches as the
hedging instruments, as illustrated in Table 5.

Hedging tranches in Case 1 are chosen such that they give the best performance in our
sample in terms of the relative hedging errors, and those in Case 2 are chosen as a comparison
with Case 1. Figure 8 shows that gamma hedging can help reduce the hedging error for the
[0%,3%)], [3%, 7%]|, and [15%,30%]| tranches and reduce the P&L volatility for the tranches
[3%,7%)] and [15%,30%]. However, gamma hedging worsens the hedging performance in all
other cases. Moreover, its performance is very sensitive to the choice of hedging tranches.

In summary, we conclude that gamma hedging, while very sensitive to the choice of hedging
instruments, does not necessarily perform well. Indeed, observations in section 3.1 suggest
that the appropriate correction to delta hedging is not the second-order sensitivity with respect
to the CDS spread movements but a correction taking into account jumps in spreads. This
situation also arises in other contexts when jump risk is present [8].

6.3. Can hedging parallel shifts in correlations improve performance? As shown in
Figure 9, immunizing the portfolio against parallel shifts in the (implied) correlation does
not improve performance: for almost all tranches neither the hedging error nor the P&L
volatility is reduced. This suggests that the (observed) changes in the compound correlations
are typically not parallel. Hedging performance may be improved if we consider other scenarios
for changes in the correlations.
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Relative hedging error Reduction in standard deviation
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Figure 9. Comparison between delta hedging and the addition of hedging parallel shifts in compound corre-
lations.

Relative hedging error Reduction in standard deviation
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Figure 10. Comparison between delta hedging under the static Gaussian copula and the dynamic affine
Jump-diffusion models.

6.4. Do dynamic models have better hedging performance than static models?. Copula-
based factor models have faced a lot of criticism for their insufficiency for hedging, and one
popular explanation is that this is due to their static nature. In order to verify this claim, we
compare the hedging performance of delta hedging under the static Gaussian copula model
and under the dynamic affine jump-diffusion model [9].

Interestingly, the hedging error and the reduction in volatility ratios in Figure 10 do not
provide any evidence that dynamic models perform better than this simple static model.
Although the dynamic model successfully reduces the hedging error for tranches [10%, 15%]
and [15%, 30%], it amplifies the hedging error significantly for the two most junior tranches.
Moreover, the residual volatilities from the dynamic model are larger than those from the
static model for tranches [7%, 10%], [10%, 15%], and [15%, 30%).

6.5. Do bottom-up models perform better than top-down models? Although top-down
models are more flexible for calibration, it has been suggested that they may be inadequate
for hedging [2]. However, this claim has not been backed by any empirical evidence: we
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Relative hedging error Reduction in standard deviation
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Figure 11. Comparison of top-down and bottom-up hedging.

will attempt to verify whether there is indeed an advantage in using bottom-up models for
hedging.

Figure 11 compares the performance of various strategies based on bottom-up models,
delta hedging based on the Gaussian copula model and the affine jump-diffusion model, versus
the top-down strategies, hedging default risk based on the local intensity model and variance
minimization based on the bivariate spread-loss model. First, we observe that the reduction
of volatility is similar across the strategies, which does not provide much information to
distinguish them. By comparing the hedging error, we find that the top-down models perform
better than the bottom-up models for the three junior tranches, [0%,3%], [3%,7%], and
(7%, 10%], while bottom-up models fare better for the other two senior tranches.

Overall, there is no strong evidence that hedging based on the bottom-up models must
perform better than that based on the top-down models. This observation contradicts the
statements of Bielecki, Crépey, and Jeanblanc [2], who compare bottom-up and top-down
hedging based on simulation. Although bottom-up models provide additional degrees of free-
dom, the effectiveness of a hedging strategy is not about goodness of fit but depends on how
well the model can predict short-term comovements of the target instrument and the hedging
instruments. From our results it appears that existing bottom-up models do a poor job at
predicting such short-term comovements.

6.6. How does model-based hedging compare to regression-based hedging? Given the
simplicity and intuitiveness of regression-based hedging, it is interesting to examine how well
it performs relative to the model-based strategies. In Figure 12, we observe that regression-
based hedging performs well across all tranches, consistently reducing both the hedging error
and the daily P&L volatility. In particular, it reduces the volatilities for all tranches more
than do the model-based strategies which are theoretically “optimal” in the respective models.
This suggests that model misspecification is nonnegligible in all the models considered above.

6.7. Performance on credit event dates. Of particular interest is the performance of
the hedging strategies on the next business day after the Lehman Brothers and Fannie Mae/
Freddie Mac credit events. Figure 13 shows the hedging error on the next business days after
the credit events under various hedging strategies. During the Lehman Brothers event, we
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Figure 12. Comparison among top-down, bottom-up, and regression-based hedging.
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Figure 13. Comparison of strategies on the next business day after Fannie Mae/Freddie Mac (8 September,
2008) and Lehman Brothers (16 September, 2008) credit events.

observe that the top-down and regression-based hedging outperform the bottom-up hedging
for all tranches. In particular, variance minimization based on the two-factor top-down model
provides the best hedge for most tranches. This suggests that a macro event is better captured
by top-down hedging.

On the other hand, all strategies failed to reduce the P&L during the Fannie Mae and
Freddie Mac credit event, because, as we saw in section 3, the market happened to have
anticipated the event, and there are no significant movements in the spreads. In particular,
we observe a negative change in the CDS and index spreads, which leads to an increase in the
overall exposure when we try to hedge the tranche positions with positive hedge ratios.

7. Conclusion. We have presented theoretical and empirical comparison of a wide range
of hedging strategies for portfolio credit derivatives, with a detailed analysis of the hedging of
index CDO tranches. By comparing the performance of these strategies in 2008, our analysis
reveals several interesting features:

e Our analysis reveals a large proportion of unhedgeable risk in CDO tranches. This
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suggests that market completeness is by no means an acceptable approximation, and
toy models which assume a complete market may fail to provide useful insight for
issues related to hedging of CDO tranches.

e Delta hedging of CDO tranche positions based on the Gaussian copula model is not
effective.

e Although gamma hedging can improve the performance for certain tranches, its ef-
fectiveness is very sensitive to the choice of hedging instruments and is inconsistent
across tranches.

e We do not find strong evidence that the Duffie and Garleanu [9] bottom-up dynamic
model performs better than the static Gaussian copula model when it comes to delta
hedging with credit default swaps.

e Moreover, bottom-up models ([9] and [18]) do not appear to perform consistently
better than top-down models ([1] and [16]), in contrast to what has been asserted
(without justification) in the literature [2]. In fact, during the period around the
Lehman Brothers default, hedging strategies based on top-down models performed
substantially better than those based on bottom-up models. This leads us to question
the need for computationally costly dynamic bottom-up models instead of the top-
down models for hedging portfolio credit derivatives.

e Model-free regression-based hedging appears to be surprisingly effective when com-
pared to other hedging strategies. This suggests—not surprisingly—that incorporat-
ing the statistical behavior of credit spreads is an important criterion for a successful
hedging strategy.

e We find evidence for common jumps, or large comovements, in spreads. However,
index and tranche spreads did not appear to have upward jumps at the default dates of
index constituents. This observation goes against models, such as Markovian contagion
models [1, 16] and self-exciting models [15], in which jumps in spreads occur only at
constituent default dates. Jumps in spreads may also arise from unexpected events
not necessarily related to defaults inside the portfolio.

We have left out many practically important considerations, such as liquidity, transaction
costs, and computational issues, when assessing hedging performance. The (il)liquidity of
CDS contracts leads to questions of feasibility of hedging strategies which require frequent
rebalancing of positions in single-name CDS. Transaction costs—as reflected, for instance, in
bid-ask spreads—are known to be higher for single-name CDS contracts than for the index,
and taking them into account would favor top-down/index hedging strategies as opposed
to hedging with single-name CDS, which requires rebalancing more than a hundred single-
name CDS positions. Finally, computational costs are much lower for the top-down models,
especially when it comes to calibration: various fast calibration methods have been proposed
for top-down models [1, 6, 7, 21], whereas parameter calibration, especially if it needs to be
done on a periodic basis, remains nontrivial for bottom-up models [11]. Therefore it should
be clear that taking these aspects into account would tilt the comparison even more in favor
of top-down/index hedging as opposed to hedging with single-name CDS.

Appendix A. Variance-minimizing hedge and Galtchouk—Kunita—Watanabe decompo-
sition. Our work in this section is similar to the earlier work by Frey and Backhaus [14]. We
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first define the gain process for the index and tranches. Let P*(T},) be the net payment
received from an index default swap contract at time 7, which is bounded by definition. The
mark-to-market value of an index default swap at time ¢ is equal to

Vit = N B(t, Tpn) EX [P (T,,)| Fi].
T >t

We define the discounted value process as
Vide .= B(0, )V (t).

Then, the gain process is defined as the present value of all cash-flows:

)

(1)  Gi* = 37 BO,T) P (T) + V% = B | S B0, T) P(Ty0) |
Tm<t Tm>0

where (Gi%%) is a square-integrable (bounded) martingale under Q. Similarly, we can derive
the expression for the gain process of an [a, b] tranche (GE“’*’]) which is also a square-integrable
(bounded) martingale under Q.

Consider the variance minimization setting in Definition 5.1. Our goal is to hedge a tranche
[a,b] using the index default swap. Although we consider a terminal payoff H at maturity
in Definition 5.1, the results in [23] allow us to replace the conditional expected value of the
terminal payoff EQ[H|F;] by the gain process value Gl[ta’b]. Let (¢¢) be the variance-minimizing
hedging strategy which represents positions in the index default swap. Then, it can be shown

that (see [13]) (¢¢) satisfies the Galtchouk—Kunita—Watanabe decomposition
t

(22) Gletl = glad | / $sdGi 4 7,
0

where the process (Z;Gi%) is a martingale under Q. Therefore, the variance-minimizing
strategy satisfies

(23) d(Gleb Gy, — g, d(GHY,, 0<t<T,

where ((G);) denotes the unique predictable process with (G)y = 0 and right-continuous
increasing paths such that (G7 — (G);) is a martingale under Q.

Remark 1. Instead of variance minimization in Definition 5.1, Féllmer and Sondermann
[13] introduce a stronger optimality condition which is known as risk-minimization. However,
since the gain processes of the index and CDO tranches are bounded martingales under Q,
the two optimality criteria lead to the same optimal hedging strategies.

Appendix B. Derivation of the variance-minimizing hedge ratio. The key to computing
the variance-minimizing hedge under a particular model is to express (Gi%) and (Gl[ta’b]) as
stochastic integrals, use the Ito isometry formula for these stochastic integrals, then solve
(23) (see, e.g., [8]). In particular, Frey and Backhaus [14] show the derivation for the convex

counterparty risk model, and our following computations are similar to those in [14].
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B.1. Proof of Proposition 5.2. Let (U;) be a deterministic counting process which jumps
by 1 at payment dates, i.e., Ug,, — Ur,, , =1 for allm =1,..., M. Using Ito’s lemma, the
dynamics of the discounted value process under Q for the index follows

dVide(t, Ny,_) = g%ldm(t N;_)dt + S5 Vid® (¢, Ny_)dN; — B(0,t) P (t)dU;,

where P*(t) is the net payment received at time ¢. Using Ito’s lemma again and from (21),
the dynamics of the gain process under QQ for the index follows

dGi8* (t) = B(0,£)P"* (t)dUy + dV,i™ (t, N, )

= gl/}m(t Ny_)dt + Sn Vi (¢, Ny )d N,
<§tvm(t, Ni_) + onVide(t, Nt_))\t> dt 4+ Sn Vi (t, N;_)dNf

= oV (¢, N,_)dNF,

where (Nf) = (Ny — fo Asds) is the compensated version of (Ny). The last equality comes

from the fact that (Gfgx(t)) is a martingale under Q. Similarly, the gain process of a tranche
[a, b] under Q follows

dGY () = sy VP (8, Ny )dNE.

We now compute the compensators involved in (23) and obtain

SNVt N )oN Vi (8, Ny )\
(5NVZd (t, Ne—))2 N\
_ BO,)n Ve, N, )
B(0,t)0n5V;i% (¢, Ny_)

Vil N 1) = v, N,
N Vl’odx(t,Nt_ 1) — Vil (e, N, )
Then, we want to show that the hedging portfolio obtained by implementing the above strat-
egy has finite variance, i.e., E© [ fOT PrdGide (t)]2 < oo, and it is sufficient to show that
EQ fo ¢?d(Gi%*),] < oo. Since all the cash flows of tranche [a,b] are bounded, there ex-
ists a K > 0 such that Mab](t N)| < K/2 for all t € [0,T], N =0,...,n, which implies that

by =

|0 Vab](t N)| < K forallte[0,T], N ,n. Consider
EQ U $2d G’dfc 5 V[ab(t Ne-) 2(5 idv (¢ ))2)\dt
t Vzdx t Nt—) N t— t
(a,b] 2
5 vl N, )) At
< K?E¢ [ )\tdt]

K?
K?n n < 00,

IN
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which gives the desired result.
Note that if we implement this hedging strategy, we have

dGig " (1) = $udGi* (1),

The tranche is perfectly hedged in this case, which is consistent with the results of [17].

B.2. Proof of Proposition 5.3. Defining the deterministic counting process (U;) as in
Appendix B.1 and applying [to’s lemma, the dynamic of the discounted value process for the
index becomes

d
VT (Y, Ny )dt+a—YV’d‘C(t,}Q_,Nt_)d}Q
1 02

55v2 Ve (4, Y Ny Yo dt 4+ O Vit (¢, Ys_, N;_)dN; — B(0,t) P (t)dUy,

AV (Y, Ny_) = >

+

where P (t) is the net payment received at time ¢. Then, using Ito’s lemma again and from
(21), the dynamics of the gain process for the index follows

dGi= (t) = B(0,t) P (t)dU; + dViid® (t,Y;_, Ny_)
= Ot v Nyt + LV (1Y, N, )Y,

ot oy
82
+ 9 8Y2 Zdw(t Y;f )Nt )U2dt+ 5NVde(t,}/t—,Nt_)dNt
9 o)
(atvzzdx(t?}/t—yNt—)_ 8Y de(t }/t 7Nt )/ﬁ;}[t

1 0% -,
+ 5@ blidx(t7 Y-, Nt—) 02 + 5NVde(t7 Yi-, Nt—) At) dt
0
o Vol (6 Yoo, Nio) odWy + O Vit (£ Y, Ny )ANT
0

=5y V92 (1Y, Ny ) odWy + On Vi (¢, Y, Ny )dN¥.

Similarly, the gain process of a tranche [a, b] follows

82, Vi, v, N od Wy + SV (e, Y, Ny )dNE

a,b
aGyi" (1) =
We can now compute the compensators of (Gl[;’b} (t)) and (Gi4*(t)) and use (23) to compute
(¢¢) which gives (19).
Let us now show that the hedging portfolio based on (19) has finite variance. Consider
the following:
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[T
E? / Ged(GF" )y
0

dt

o /T [0y VA0, Y, No) Dy Ve (8, Vi, Ne) 0+ VA0, Vi, Nim )0V (1, Vi, Noo )|
T (O Vi (£, Yoo, Ne—) 0 + (00 Vo (£, Yi, Nio))? A

. 2
o / (O VI8, Yo N) Dy Vi (8 Y, Ne) 0+ SV Vi, Ni)ow Vi (1, Y, Ni |
<
0

. dt
O Vi (6, Y- N, ) 0)2 + (n Ve (i, Ni))2 Ay

. 2
- /T (O VI8, Yoo N ) Dy Vi (8, i, N ) o
<
o (

. dt
Oy Vi (Yo, Ni-) 0)2 + (O Vi (1, Ve, Ne))? Ay

dt

. 2
- /T [V e, Yie, Nem)On Vit (1, i, Ni )
+ - -
o OV (6, Vi, N ) 0)? + OV (1, Yo, Nio )2 A,

Consider the first term. For a fixed time ¢, the integrand is equal to zero if Gyiflfidm (t,Y;—, Ny ) =
0. If 8beiZ.dx(t,1Q_,Nt_) # 0, we have

OV (4 Vi, N Oy Vi (i, N ) o
(8Y‘/blldm(t7 ift—a Nt—) 0)2 + (5N‘/blzdm(t7 ift—a Nt—))2 )\t

< [v v, vie Ny o

For the second expectation, for a fixed time ¢, the integrand is equal to zero if 65V} (Y, Nyl )\
= 0. Otherwise, we have

0,0 ida ?
[NV, Vi, Ne )N Vi (8, i, Nic)Ae |
(8vazzdw(t7 }/15—7 Nt—) 0)2 + (5NVE;Zde(t7 }/15—7 Nt—))2 )\t

2
(5 AR A )) .
Using the fact that § va[ia,b} (t,Y,N) is bounded, we obtain

Q T idx Q ’ [a,b] 2 [a,b] 2
[ | G >t] <2F [ | o e vie Ny (8w e e, ) Atdt]
0 0
T b 2
< 252EQ U (ayvb[;” }(t,Yt_,Nt_)) dt} 1 2K%n < oo.
0

Therefore, £ Uo PrdGidr (¢ )]2 < 0.
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Robust Hedging of Double Touch Barrier Options*
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Abstract. We consider robust pricing of digital options, which pay out if the underlying asset has crossed
both upper and lower barriers. We make only weak assumptions about the underlying process
(typically continuity), but assume that the initial prices of call options with the same maturity
and all strikes are known. In such circumstances, we are able to give upper and lower bounds on
the arbitrage-free prices of the relevant options and show that these bounds are tight. Moreover,
pathwise inequalities are derived, which provide the trading strategies with which we are able to
realize any potential arbitrages. These super- and subhedging strategies have a simple quasi-static
structure, their associated hedging error is bounded below, and in practice they carry low transaction
costs. We show that, depending on the risk aversion of the investor, they can outperform significantly
the standard delta/vega-hedging in presence of market frictions and/or model misspecification. We
make use of embeddings techniques; in particular, we develop two new solutions to the (optimal)
Skorokhod embedding problem.

Key words. double barrier option, robust hedging, no-arbitrage pricing, Skorokhod embedding, risk neutral
distribution, superhedging, subhedging
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1. Introduction. In the standard approach to pricing and hedging, one postulates a model
for the underlying asset, calibrates it to the market prices of liquidly traded vanilla options, and
then uses the model to derive prices and associated hedges for exotic over-the-counter products.
Prices and hedges will be correct only if the model describes the real world perfectly, which
is unlikely. The robust (model-independent) approach uses market data to deduce bounds on
the prices consistent with no-arbitrage and the associated super- and subreplicating strategies,
which are robust to model misspecification. More precisely, we start with quoted prices of
some liquid options and assume that this market input is consistent with no-arbitrage. Then
we want to answer two questions. First, for a given exotic option, what is the range of prices
that we can charge for it without introducing a model-independent arbitrage? Second, if we
see a price outside this range, how do we exploit it to make a riskless profit? In this paper we
adopt such an approach to pricing and hedging for digital double barrier options.

The general methodology, which we now outline, is based on solving the Skorokhod embed-
ding problem (SEP). We assume no-arbitrage and suppose that we know the market prices of
calls and puts for all strikes at one maturity 7. We are interested in pricing an exotic option
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with payoff given by a path-dependent functional O(S)7. The example we consider here is a
digital double touch barrier option struck at (b, b) which pays 1 if the stock price reaches both
b and b before maturity 7. Our aim is to construct a robust superreplicating strategy of the
form

(1.1) O(S)r < F(Sr) + Nr,

where F(S7) is the payoff of a finite portfolio of European puts and calls quoted at time
zero and Ny are gains from a self-financing trading strategy (typically forward transactions).
Furthermore, we want (1.1) to be tight in the sense that we can construct a market model
which matches the market prices of calls and puts and in which we have equality in (1.1). The
initial price of the portfolio F'(S7) is then the least upper bound on the price of the exotic
O(S)r, and the right-hand side (RHS) of (1.1) gives a simple superreplicating strategy at that
cost. There is an analogous argument for the lower bound and an analogous subreplicating
strategy. We stress that the RHS in (1.1) makes sense as a model-independent superhedge.
It requires an initial capital, the price of F'(S7), which is uniquely specified by the prices
quoted in the market, and the rest is carried out in a self-financing way. Typically, for any
specific payoff O(S)r, one will be able to come up with a variety of random variables X which
satisfy O(S)r < X < F(St) + Nr, and hence, in some market models, X may be cheaper
than F'(S7). However, such X has no interpretation as a model-independent superreplicating
strategy. Indeed, if X is a valid model-independent superreplicating strategy, it has a uniquely
specified price at time ¢t = 0 from the market quoted prices. This price is independent of the
market model and hence, since we required (1.1) to be tight, is equal to the price of F(St),
as in the extreme model both are equal to the price of O(S)r.

In fact, in order to construct (1.1), we first construct the market model which induces
the upper bound on the price of O(S)r and hence will attain equality in (1.1). For this
construction we rely on the theory of Skorokhod embeddings (cf. Obldj [34]). We assume
no-arbitrage and consider a market model in the risk-neutral measure so that the forward
price process (S; : t < T) is a martingale.! It follows from the work of Monroe [32] that
S; = B,,, for a Brownian motion (B;) with By = Sy and some increasing sequence of stopping
times {p; : t < T} (possibly relative to an enlarged filtration). Let us further assume that the
payoff of the exotic option is invariant under the time change: O(S)r = O(B),, a.s. Knowing
the market prices of calls and puts for all strikes at maturity T is equivalent to knowing
the distribution p of St (cf. Breeden and Litzenberger [6]). Thus, we can see the stopping
time p = pr as a solution to the SEP for u. Conversely, let 7 be a solution to the SEP for
w; ie., By ~ pand (Biar : t > 0) is a uniformly integrable martingale. Then the process
Sy = B_, . is a model for the stock-price process consistent with the observed prices of calls
and puts at maturity 7'. In this way, we obtain a correspondence which allows us to identify
market models with solutions to the SEP and vice versa. In consequence, to estimate the fair
price of the exotic option EO(S)r, it suffices to bound EO(B), among all solutions 7 to the

!Equivalently, under a simplifying assumption of zero interest rates, S; is simply the stock price process.
See section 3.2 for further discussion.
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SEP. More precisely, we have

(1.2) inf EO(B); <EO(S)r < sup EO(B)-,
T:Br~p T:Br~p

where all stopping times 7 are such that (Ba;)¢>0 is uniformly integrable. Once we compute
the above bounds and the stopping times which achieve them, we usually have a good intuition
into how to construct the super- (and sub-)replicating strategies (1.1).

A more detailed description of the SEP-driven methodology outlined above can be found
in Hobson [27] or in Ob16j [35]. The idea of no-arbitrage bounds on prices goes back to
Merton [31], and a recent survey of the literature can be found in Cox [12]. The methods for
robust pricing and hedging of options sketched above go back to the works of Hobson [28]
(lookback option) and Brown, Hobson, and Rogers [8] (single barrier options). More recently,
Dupire [20] investigated volatility derivatives using the SEP, and Cox, Hobson, and Obldj [13]
designed pathwise inequalities to derive price range and robust superreplicating strategies for
derivatives paying a convex function of the local time.

Unlike in previous works, e.g., [8], we don’t find a unique inequality (1.1) for a given barrier
option. Instead we find that, depending on the market input (i.e., prices of calls and puts) and
the pair of barriers, different strategies may be optimal. We characterize all of them and give
precise conditions for deciding which one should be used. This new difficulty is coming from
the dependence of the payoff on both the running maximum and minimum of the process.
Solutions to the SEP which maximize or minimize P(sup,«, B, > b,inf,<, B, < b) have
not been developed previously and are introduced in this paper. These are new probabilistic
results of independent interest which we derive here as tools to study our financial problem.
As one might suspect, our new solutions are considerably more involved than those by Perkins
[36] or Azéma and Yor [2] exploited by Brown, Hobson, and Rogers [8].

From a practical point of view, the no-arbitrage price bounds which we obtain are too
wide to be used for pricing. However, our super- or subhedging strategies can still be used.
Specifically, suppose an agent sells a double touch barrier option O(S)r for a premium p.
She can then set up our superhedge (1.1) for an initial premium p > p. At maturity 7" she
holds H = —O(S)r + F(S)r + Nr + p — P, which on average is worth zero, EH = 0, but is
also bounded below: H > p — p. In reality, in the presence of model uncertainty and market
frictions, this can be an appealing alternative to the standard delta/vega-hedging. Indeed,
our numerical simulations in section 3.3 suggest that in the presence of transaction costs a risk
averse agent will generally prefer the hedging strategy we construct to a (monitored daily)
delta/vega-hedge.

The paper is structured as follows. First we present the setup: our assumptions and
terminology and the types of double barriers considered in this paper. Then in section 2 we
consider digital double touch barrier options introduced above. We first present super- and
subreplicating strategies and then prove in section 2.3 that they induce tight robust bounds on
the admissible prices of the double touch options. In section 3 we reconsider our assumptions
and investigate some applications. Specifically, in section 3.1 we consider the case when calls
and puts with only a finite number of strikes are observed, and in section 3.2 we discuss
discontinuities in the price process (S;), nonzero interest rates, and further additions to the
set of available market quoted prices. In section 3.3 we present a numerical investigation of
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the performance of our super- and subhedging strategies. Section 4 contains the proofs of
main theorems. In particular, it contains new solutions to the SEP which are necessary to
prove results in section 2.3.

1.1. Setup. In what follows, (S¢)¢>0 is the forward price process. Equivalently, we can
think of the underlying asset with zero interest rates, or an asset with zero cost of carry. In
particular, our results can be directly applied in Foreign Exchange markets for currency pairs
from economies with equal interest rates. Moving to the spot market with nonzero interest
rates is not immediate as our barriers become time-dependent; see section 3.2.

We assume that (S;);>p has continuous paths. We comment in section 3.2 that this
assumption can be removed or weakened to a requirement that given barriers are crossed
continuously. We fix a maturity 7" > 0 and assume that we observe the initial spot price Sy
and the market prices of European calls for all strikes K > 0 and maturity 7T,

(1.3) (ch);A?zo),

which we call the market input. For simplicity we assume that C(K) is twice differentiable
and strictly convex on (0,00). Further, we assume that we can enter a forward transaction at
no cost. More precisely, let p be a stopping time relative to the natural filtration of (St)i<r
such that S, = b. Then the portfolio corresponding to selling a forward at time p has final
payoff (b — St)1,<7, and we assume its initial price is zero. The initial price of a portfolio
with a constant payoff K is K. We denote by X the set of all calls, forward transactions,
and constants, and Lin(X’) is the space of their finite linear combinations, which is precisely
the set of portfolios with given initial market prices. For convenience we introduce a pricing
operator P which, to a portfolio with payoff X at maturity T, associates its initial (time zero)
price, e.g., PK = K, P(Spr — K)T = C(K), and P(b — Sr)1,<r = 0. We also assume that
P is linear, whenever defined. Initially, P is given only on Lin(X). One of the aims of the
paper is to understand extensions of P which do not introduce arbitrage to Lin(X U{Y}), for
double touch barrier derivatives Y. Note that linearity of P on Lin(X) implies that call-put
parity holds, and in consequence we also know the market prices of all European put options
with maturity 7"

P(K):=P(K - Sr)" = K — Sy + C(K).

Finally, we assume that the market admits no model-independent arbitrage in the sense
that any portfolio of initially traded assets with a nonnegative payoff has a nonnegative price:

(1.4) VX € Lin(X): X >0= PX >0.

As we do not yet have any probability measure, by X > 0 we mean that the payoff is
nonnegative for any continuous nonnegative stock price path (S¢)i<7.

By a market model we mean a filtered probability space (2, F, (F;),P) with a continuous
P-martingale (S;) which matches the market input (1.3). Note that we consider the model
under the risk-neutral measure, and the pricing operator is then just the expectation P = E.
Saying that (S;) matches the market input is equivalent to saying that it starts in the initial
spot Sy a.s. and that E(Sy — K)* = C(K), K > 0. This in turn is equivalent to knowing the
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distribution of St (cf. [6, 8]). We denote this distribution by u and often refer to it as the law
of St implied by the call prices. Our regularity assumptions on C'(K) imply that

(1.5) u(dK) = C"(K)dK, K >0,

so that u has a positive density on (0, 00). We could relax this assumption and take the support
of 1 to be any interval [a,b]. Introducing atoms would complicate our formulae (essentially
without introducing new difficulties).

The running maximum and minimum of the price process are denoted respectively by
S; = sup,<; Sy and S, = inf,<;S,. We are interested in this paper in derivatives whose
payoff depends on both S7 and Sp. It is often convenient to express events involving the
running maximum and minimum in terms of the first hitting times H, = inf{t : S; = x},
x > 0. As an example, note that 1§T21—77 Sp<b = lrvm, <7

We use the notation a < b to indicate that a is much smaller than b. This is only used
to give intuition and is not formal. The minimum and maximum of two numbers are denoted
a A'b = min{a,b} and a V b = max{a,b}, respectively, and the positive part is denoted by
at=aVO0.

1.2. Connections to other barrier options. The barrier options considered in this paper
are fairly specific: we are interested in a double touch option which pays out 1¢ S0 >b, Sp<b at
maturity 7T'. It is natural to ask how the problem we consider is connected to snmlar problems
for related barrier options, and also whether the results can be generalized to a wider class
of options. One question is: can our results on double barrier options be expressed in terms
of the results for single barrier options due to Brown, Hobson, and Rogers [8]7 The answer
is negative: we are inspired by their paper and we use similar methodology but to solve a
different problem, and we cannot apply their results in our setting. More specifically, in [8],
the authors develop arbitrage-free bounds on the price of a one-touch digital option (that is,
an option which pays out 1 if a given level is crossed before maturity). At first sight one might
want to price our double touch option as a sort of compound option which, upon hitting the
first barrier, pays out a one-touch option struck at the second barrier. This intuition would
work in a model-specific framework, but it breaks down entirely in the model-independent
framework that we consider. Specifically, the bounds given in [8] depend on knowing the call
prices at the time the option is issued. In our setting, however, we know the call prices initially
but make no assumption about how they behave (or even if they are quoted) at intermediate
times. In particular we have no a priori information about future call prices at the time the
first barrier is hit and so cannot use the bounds derived in [8] for the options we study. On
the other hand, we will recover results from [8] as limiting cases of double touch options when
one of the barriers degenerates to the spot Sy.

An alternative question that may be asked is: can one use our results to say something
about different types of digital barrier options? In this work, we are interested in the option
with payoff 1g, 55, Sp<b’ but the identity 1g, 55, Sp<h = =1-1g5 4o Sp>b immediately allows
us to convert a superhedge of 15 S35, Sp<h into a subhedge of 13 S<b or Sp>b? and consequently
we can convert an upper bound on the price of 1% Sr>b, Sp<b to a lower bound on the price of
15, bor Sp>b- There are also identities which connect the double touch to other double barrier
options, for example, 1< Sr>5, Sp<h = =1g,.55— 15,53, Spb A natural conjecture would then be
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that an upper bound on the price of 1g, >5, Sp<b might translate into a lower bound on the
price of 13 Sr>b, Spob However, in the setup we consider this is not the case since the price of
the one—touch optlon 1 >p is not specified under our assumptions, and the lowest possible
price of 1% S >b, Sp>b will typlcally not occur at the same time as the price of the one-touch
option is maxnnlzed This situation would alter if we assumed that the one-touch option was
traded at a given initial price, in which case the lower bound on the price of 1% S35, Sp<b would
correspond to an upper bound on 14 S35, Sp>bt However, then the additional 1nformat10n given
in the price of the one-touch option changes the setup of the initial problem and would, in all
likelihood, change the bounds we derive in this paper. See section 3.2 for a further discussion
of this point. As a consequence, the results in this paper will not extend to other double
barrier options beyond the bounds given by the identity 1g, 3. Sp<b = =15 fo Spsb

The question of bounds for the double no-touch option 1., Spb is considered in Cox
and Obt6j [14]. In this case, the analysis of the hedges and bounds is relatively straightforward,
but the paper focuses much more on subtleties concerning different classes of arbitrage with
which we do not concern ourselves in this paper.

1.3. Probabilistic interpretation. The bounds on prices of double touch options developed
in Theorems 2.2 and 2.4 correspond, in probabilistic terms, to computing

(1.6) sup P <sup M; > b, inf M; < Q) and infP <sup M; > b, inf M; < b)
M t t M t t

over all uniformly integrable continuous martingales M = (M; : 0 < ¢t < oo) with My = Sy
and M, distributed according to p. To the best of our knowledge, such bounds have not
been studied before and hence are of independent interest. As mentioned above, in order to
compute these we develop new solutions to the Skorokhod embedding problem. The bounds
that we obtain depend in a complex way on u and (b,b) and are considerably more involved
than in the single-sided case b = Sy, which goes back to Blackwell and Dubins [4] and which
was exploited in [8]. More precisely, sup,; P(sup, M; > b) is attained by the Azéma-Yor
martingale (see Azéma and Yor [3]) simultaneously for all b > Sy. In contrast, the supremum
in (1.6) is attained by a different martingale for each pair (b,b). The bounds in (1.6) can be
seen as a first step toward studying admissible laws for the triplet (M, sup; My, inf; My), in
a similar way as the single-sided case led to studies of admissible laws for (M, sup, M;) in
Rogers [37] and Vallois [40].

2. Robust pricing and hedging. We now investigate robust pricing and hedging of a
double touch option which pays 1 if and only if the stock price goes above b and below
b before maturity: 1g -7 sp<p  We present simple quasi-static super- and subreplicating
strategies which prove to be optimal (i.e., replicating) in some market model.? Sometimes, by
a slight abuse, we refer to these robust strategies as model-independent. This emphasises that
they work universally under our setup outlined above and do not depend on specific modeling
assumptions.

2At first how the strategies below were derived may appear rather mysterious. In fact, as explained in the
introduction, we first identified these extreme models and analyzed hedging strategies within these models.
This way the super- and subreplicating strategies arise quite naturally.
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It seems to us that the hedges are most easily expressed by considering four special cases.
Each case will provide a super- or subhedge. We will see, however, that, depending on the
values of b, b relative to S, a different one will be the smallest superhedge/largest subhedge.
In sections 2.1 and 2.2 we will outline the super- and subhedges, and in section 2.3 we will
give criteria that allow us to determine exactly into which case a given set of parameter values
falls.

The fact that we have four different hedges is rather intuitive. Imagine a trader who has a
long position in a digital double touch barrier option and needs to hedge it in a robust way.?
Then he is likely to think differently about the option depending on where the barriers are
relative to the spot. If one of the barriers is very close to the spot, then he can effectively
approximate the double touch with a simple one-touch struck at the other barrier. We will
see that for some parameter values this is indeed the case, and the double touch has robust
prices and superhedges that are identical to the one-touch. These cases are given below as "
and H''. When barriers are approximately symmetric around the spot, our rough estimation
above becomes too costly, and the trader hedges a genuine double touch option. When the
barriers are close to the spot—relative to trader’s belief about the volatility of the market
(which is here inferred from the quoted call prices)—then it is reasonable to build the hedging
strategy around the assumption that at least one of them will be hit. The optimal strategy
then is described in our hedge T, On the other hand, if the barriers are far away, there
will also be situations when neither barrier is struck, and the strategy has to account for that.
This is done in H . Finally, an analogous story holds for subhedging strategies.

We note also that there are strong similarities between some of the cases that we separate,

to the extent that it is natural to ask, for example: can we express Y as a special case of
77 To some degree, the answer to this is that we can, with a suitable interpretation of some
of the parameter values. However, it does not appear to us that making such a change would
simplify the analysis in any way, since the special cases would need to be treated separately
in any subsequent analysis anyway; rather, we have chosen to express the different super- and
subhedges in the manner that appears to convey the most intuitive picture of the differing

possible behavior.

2.1. Superhedging. We present here four superreplicating strategies. All our strategies
have the same simple structure: we buy an initial portfolio of calls and puts, and when the
stock price reaches b or b we buy or sell forward contracts. Naturally our goal is not only to
write a superreplicating strategy but to write the smallest superreplicating strategy, and to do
so we have to choose the parameters judiciously. As we will see in section 2.3, for a given pair
of barriers b, b exactly one of the superreplicating strategies will induce a tight bound on the
derivative’s price. We will provide an explicit criterion determining which strategy to use.

" superhedge for b < So < b. We buy a puts with strike K € (b,00), and when the
stock price reaches b we buy 8 forward contracts; see Figure 1. The values of «, 5 are chosen
so that the final payoff on (0, K), provided that the stock price has reached b, is constant and
equal to 1. One easily computes that « = 8 = (K — b)~!. Formally, the superreplication

3This can be due to, e.g., high uncertainty about a market model, an illiquid market, or high transaction
costs; see section 3.3 for a detailed discussion.
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Portfolio after Hy
. T Initial portfolio

Figure 1. Superhedge q'.

follows from the following inequality:

(K —Sr)t . Spr—b _
(2.1) I5ops,0 Sl S~ t e =H

(K),

where the last term corresponds to a forward contract entered into, at no cost, when S; = b.
Note that 1§T§2 = 1HQST’

a superhedge for b < Sp < b. This is a mirror image of T we buy « calls with strike
K € (0,b), and when the stock price reaches b we sell 3 forward contracts. The values of
a, 3 are chosen so that the final payoff on (K, o00), provided that the stock price reaches b,
is constant and equal to 1. One easily computes that « = 8 = (b — K)~!. Formally, the
superreplication follows from the following inequality:

(St — K)*  b—Sr —II
(22) 1§TZT77§T§1_7 ~ 1§TZT7 S 5 K + E K 1§T25 = H (K)

A

"7 superhedge for b < Sp < b. This superhedge involves a static portfolio of four
calls and puts and at most four dynamic trades. The choice of parameters is judicious, which
makes the strategy the most complex to describe. Choose

(2.3) 0<Ki<b<K3<Ky<b< K

and buy «; calls with strike K, ¢ = 1,2, and «a; puts with strike K, j = 3,4. If the stock
price reaches b without having hit b before, that is when Hy < Hy AT, sell By forward. If
Hy < H; AT, at Hy, buy B2 forwards. When the stock price, having hit b, first reaches b, that
is, at Hy € (Hy,T], buy B3 = a3 + (; forwards. Finally, at H, € (Hy, T] sell B4 = az + (2
forwards. The choice of B3 and B4 is such that the final payoff after hitting b and then b
(resp., b and then b) is constant and equal to 1 on [Ky4, K3] (resp., [K2, K1]). We now proceed
to impose conditions which determine other parameters. A pictorial representation of the
superhedge is given in Figure 2.
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N — Portfolio at t = Hy, > Hj
\\ -~ Portfolio at t = Hy < Hy, AT
A B Initial portfolio

Figure 2. Superhedge 7

Note that the initial payoff on [K3, K3| is zero. After hitting b and before hitting b, the
payoff should be zero on [K1,00) and equal to 1 at b. Likewise, after hitting b and before
hitting b, the payoff should be zero on [0, K4] and equal to 1 at b. This yields six equations:

a1 +ag — 1 =0, B ag+ayg — B =0,
(2.4) ag (K7 — Kg) — ﬁl(Kl —b) =0, as3(Ks — Ky) + f2(K4 —b) =0,
az(Kz —b) — p1(b—b) =1, az(b— Ka) + fo(b—b) = 1.

The superhedging strategy corresponds to an almost-sure inequality

g, 55, 5,<p < 1(ST — K1)" + ag(Sr — K2)* + ag(Ks — 1) + ay(Ks — St)*
— B1(ST = D)<y + B2(ST — b)1H,<HonT
+ B3(ST — 0) 1, <m,<r — Ba(ST — b)Lmy<m <

—=III
= H (K17K27K37K4)7

(2.5)

where the parameters, after solving (2.4), are given by

(K1 —K2) (b= Ka)(b=b)— (K1 -b) (b—K2) (b—Ka)

A3 7 K= Ka) (K — K1) (5—b)2 — (K5—b) (K1—b) (b—K2) (b—Kq)
(2.6) oq:(l—ong_ 2(b— b)) (K1 —b)~ {ﬁlZOérI-OQ,
az = (1 —azPgft (b - 1) (0 — Ka2) 7, P2 = s+ as.
_ K3—b
A4 = 7k, 943

Using (2.3), one can verify that a3 and «y are nonnegative and thus also ay and ay and all
51, .. S V,84

H " : superhedge for b < Sg < b. Choose 0 < Ko < b < Sy < b < K;. The initial portfolio
is composed of «q calls with strike K7, ag puts with strike Ko, ag forward contracts, and oy
in cash. If we hit b before hitting b, we sell 5, forwards, and if we hit b before hitting b, we
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— Portfolio at t = Hy > Hy K
~ 7~ "Portfolio at t = H, < H; AT ///
/
o Initial portfolio )/
//
D AREEEEEEEEE e T 1
K> b b K,

Figure 3. Superhedge q"v.

buy S forwards. The payoff of the portfolio should be zero on [Kj,00) (resp., [0, K2]) and
equal to 1 at b (resp., b) in the first (resp., second) case. Finally, when we first hit b after
having hit b, we buy S5 forwards, and when we first hit b having previously hit b, we sell B4
forwards. In both cases the final payoff should then be equal to 1 on [K3, K;]; see Figure 3.
The superhedging strategy corresponds to the following almost-sure inequality:

15,55 5,<p < 01(S7 — K1)" + az(Kz — S1)" + as(Sr — So) + ou
— B1(ST = b)1g<m,aT + B2 (ST — D)1 H,<HoAT
+ B3(St — ) 1g, <my<r — Ba(ST — b)1p,<pr <
= T (K1, ),

(2.7)

where, working out the conditions on «;, 3;, the parameters are

aj :1/(K1_Q)7 _
B T 61:041-1-043:1/(1)—}(2),
Qg = 1/(b Kg), _ B
5 P2 =ay—az=1/(K1 —b),
s = E1=b)—(b—K3) By = ay = 1/(Ky — b)
3 (K1=b)(b—K2) ’ 3= a1 = 1—9),

KK Bi=oay=1/(b— Ka).

(2.8)

As we highlighted at the beginning of the section, all our superhedges have the same
general structure: they consist of an initial portfolio of cash, puts, and calls and then involve
some forward transactions. We presented above four distinct strategies of this type, and one
could ask: it is possible to unify them into one general parametric strategy? It is not too
difficult to see that the inequalities (2.1), (2.2), and (2.7) can, with the correct modifications
of the parameters, be rewritten in the form (2.5); however, in general the relationships in
(2.4) and (2.3) will not hold (for (2.7), one needs to take K3 = K; > b and Ko = K4 < b).
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However, if we suppose simply that
Kyi<b, Ks3>0b, K2<E, Ky >E,

one can derive the following conditions on the parameters in (2.5), which preserve the inequal-
ity: we require aq, s, ag, ay, 81, 82 > 0 and

ap +ag — B >0,

Oég(Kl — Kg) — ﬁl(Kl — b) + 043(K3 — K1)+ >0,
a3(Ks —b) — B1(b—b) + +as(b— Ko)T > 1,
az+ag — 2 >0,

a3(Ks — Ky) + B2(Ky — b) + az(Ky — K2)™ >0,
OZQ(E — Kg) + ﬁg(g— Q) + Oég(K3 —5)+ 2 1.

It can then be verified that the four different cases are each specific solutions of this system
where the inequalities are tight in differing manners. Of course, checking that these are the
only interesting such solutions is nontrivial and will be the content of Theorem 2.2. We also
believe that, while perhaps this is presentationally more concise, the unified presentation hides
the true nature of the superhedging strategies.

2.2. Subhedging. We present now three constructions of robust subhedges. Depending
on the relative distance of barriers from the spot, one of them will turn out to be the most
expensive (model-independent) subhedge. We note, however, that there is also a fourth (triv-
ial) subhedge, which has payoff zero and corresponds to an empty portfolio. In fact this will
be the most expensive subhedge when b < Sy < b, and we can construct a market model in
which both barriers are never hit. Details will be given in Theorem 2.4.

H;: subhedge forb < Sy < b. Choose 0 < Ky < b < Sy < b < Ki. The initial portfolio will
contain a cash amount, a forward, and calls with five different strikes and will also include two
digital options, which pay 1 provided that St is above a specified level. Figure 4 demonstrates
graphically the hedging strategy, and we note that the effect of the digital options is to provide
a jump in the payoff at the points b, b.

As in the previous cases, the optimality of the construction will follow from an almost-sure
inequality. The relevant inequality is now

g, 55 5,<p = @0+ a1(ST — 8o) — aa(St — Ka)* + a3(Sr — b) " — as(Sr — K3)*

(2 10) + Oég(ST — 5)+ — (ag — Oég)(ST — K1)+ — ’711{ST>Q} + ’721{5'T25}

+ (a2 — a1)(ST = b)1gm,<mary — @2(ST = 0) 1 (H,< 1)

— (a3 —az +a1)(St = )1y cmynry + (a3 — @2)(ST — b) 1 <y <1)-

Specifically, we can see that the hedging strategy consists of a portfolio which contains cash «y,
has « forwards, is short a calls at strike Ko, etc. The novel terms here are the digital options;
we note further that the digital options can be considered also as the limit of portfolios of calls
(see, for example, Bowie and Carr [5]). In our context, we can use their limiting argument to
deduce Plyg o5y = —C'(K).
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b b

/

[Portfolio at ¢t = Hy < Hy A Tj
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(Portfolio at t = Hy > H, )

KQ b b Kl

Figure 4. Subhedge H ;.

The strategy to be employed is then as follows: initially, run to either b or b; supposing that
b is hit first, we buy (ag — a1) forwards, then if we later hit b, we sell ay forwards. A similar
strategy is followed if b is hit first. As previously, the structure imposes some constraints on
the parameters. The relevant constraints are

(2.11) 0=oag+ai(b— Sy — az(b— K3),
(2.12) 0=ag+ai(b—Sy) —axb— Ks)+ az(K3 —b) — v + 72,
(2.13) 1=ag+ai(Ky — So) + (g — 1) (Ka — b) — as(K2 — b),
(2.14) 1=ap+a1(Ky—Sy) — (a3 — ag + 1) (Ky — b) + (a3 — ag) (K3 — b),
(2.15) 7 = (K3 — b)as,
(2.16) 72 = (b — K3)as,
K3—b b—-K;3
I e s

Equations (2.11) and (2.12) arise from the constraint that initially the payoff is zero at b,
b; constraints (2.13) and (2.14) come from the constraint that the final payoff is 1 at Ko
when both barriers are hit (in either order); (2.15) and (2.16) represent the fact that, in the
intermediate step, at K3 the gap at b (resp., b) is the size of the respective digital option.
The final constraint, (2.17), follows from noting that K3 is the intersection point of the lines
from (b,0) to (K1,1) and from (K3, 1) to (b,0). Note that it follows that the initial payoffs on
(0, K1) and (K32, 00) are colinear and that the final payoff in K is 1 when both barriers are
hit.
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The given equations can be solved to deduce

o = SO(K1+7K'2—E—Q)+EQ—K1K2 -
(b—K2)(K1-) ’ Ky — bE1=bKs
oy = KatKa—bb 3T Kbt Ky
(2.18) (b—le)(Kl—Q) Ny = Bb_lg 7
@2 = 7oKy - E—;
oy = Dot 2T K-
(b—K2)(K1-b)’

We note from the above that aso, 3,71, and 9 are all (strictly) positive; further, it can be
checked that the quantities (a3 — a2), (e — 1), (a3 — a2 + @) are all positive. It follows that
the construction holds for all choices of K, Ko with Ky < b and K; > b.

For future reference, we define H (K1, K2) to be the random variable given by the RHS
of (2.10), where the coefficients are given by the solutions of (2.11)—(2.17).

H,;: subhedge for b < Sy < b. While the above hedge can be considered to be the
“typical” subhedge for the option, there are two further cases that need to be considered
when the initial stock price, Sy, is much closer to one of the barriers than the other. The
resulting subhedge will share many of the features of the previous construction; however, the
main difference concerns the behavior in the tails: we now have the hedge taking the value 1
in the tails under only one of the possible ways of knocking in (specifically, in the case where
b < Sy < b, we get equality in the tails only when b is hit first).

A graphical representation of the construction is given in Figure 5. In this case, rather
than specifying only K7 and K, we also need to specify K3 € (b, b) satisfying

Ky  Ks3—0»
>
Ky —b

b—
b—

This identity implies that, for the initial portfolio, the value of the function just below b is
strictly smaller than the value of the function just above b. This can be rearranged to get

Ki—b b— K

K3 <b = +0b = :
(K1 =b)+(b—Kz) ~(Ki1—b)+(b— K>)

The actual inequality we use remains the same as in the previous case (2.10), as do some
of the constraints:

(2.19) 0= ap+ ai(b— Sp) — az(b — Ka),

(220) 0= g+ ai(b—So) — az(b— K2) + az(K3 —b) — v + 72,

(2.21) 1=ap+ai(Ky—Sp) + (ag — a1)(Ky — b) — ap(Ka — b),

(222) 1=ap+ai(b—So) +az(Ka— K +b—b) + as(Ks+ K1 —b—b) — 71 + 72,

(2.23) v = (K3 —b)as,

(2.24) v = (b— K3)as;

(2.19) and (2.20) refer still to having an initial payoff of 0 at b and b, and (2.23) and (2.24)

also still relate the size of the digital options to the slopes. The change is in the constraints
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(Portfolio at t = Hy < H; AT )
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b b

Figure 5. Subhedge H ;.

(2.21) and (2.22), which now ensure that the function at K; and Kb, after hitting first b and
then b, takes the value 1. We note that, in the previous example, where (2.17) held, these
are in fact equivalent to (2.13) and (2.14); the fact that (2.17) no longer holds means that we
need to be more specific about the constraints.

The solutions to the above are now

(2.25)
o — (bb+S0 K3) (K1~ K2)— (bK14S0b) (K3 — K2)— (bK2+S0b) (K1 — K3)
0 (b—b)(K1—K3)(b—K2) ’
= K3 (K1 —K3)—b(K1—K3)—b(K3—K>) v = (I3—b) ()1 —K>)
b (b—b) (K1 — K3) (b—Kz) ’ LT (o-Ka)(Ki—Ks)
1 _ (b=K3)(K1—K>)
2 = 3Ry 72 = _Ka)(Ki—Ks)
_ K1 —Ko
T K—K3) (0—K2)’
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As before, we write H (K1, K2, K3) for the random variable on the RHS of (2.10), where
the constants are now specified by (2.25).

H o subhedge for b < Sy < b. The third case here is the corresponding version of the
above where we have a large value of K3, specifically,
Ki—b b b— K>
(Ki =) +(b—K2)  (Ki—b)+(b—K»)

Ks>10

and we need to modify (2.21) and (2.22) appropriately:

1=aqag —|—Oé1(5—50) + (Oé3 —ag)(g—b),
L=ap+a1(b—Sy) +as(Ks — K1 +b—b) + as(Ks + K1 — 2b) — 1 + e

The solutions are now

(2.26)
an — (bb+S0 K3) (K1~ K2)—(bK1+S0b) (K3 —K2)— (bK2+Sob) (K1~ K3)
0 (0—b) (K3—K2)(K1-b) ’
ar — K3 (K1 —Kp)—b(K1 —K3)—b(K3—K») _ (K3—b)(K1—K>)
e (=) (K3~ K2)(K1-b) ’ M= (Ks—Ka)(Ki-b)’
Ki-K _ (b—K3)(K1—K>)
2 = = k) (Kb 2 = (K- Ky (Ki—b)
Ki—K
3 = (R Ro) (kD)

As before, we write H;;;(Kq, K2, K3) for the random variable on the RHS of (2.10), where
the constants are now specified by (2.26).

We note that all three subhedges have very similar structure, and it was convenient to
represent them using a common inequality (2.10). We could further combine them into a
“general” lower bound consisting of (2.10) together with a set of inequalities constraining the
parameter choice, out of which one finds three differing possible extremal sets of inequalities.
However, similarly to the superhedge, we do not think this would offer any new insights or
simplify the presentation.

2.3. Pricing. Consider the double touch digital barrier option with the payoff 13,53 Sp<b
As an immediate consequence of the superhedging strategies described in section 2.1 we get
an upper bound on the price of this derivative, as follows.

Proposition 2.1. Given the market input (1.3), no-arbitrage (1.4) in the class of portfolios
Lin(X U {1§T25,§TSQ}) implies the following inequality between the prices:

(227) Plg,.56,<p < inf (P (1), P (K, P (K1, Ko, K, Ko, PITY (K1, K,

where the infimum is taken over K > b, K' <b, and 0 < K4 < b < K3 < Ky < b < K; and
where FI, FH, HHI, and Y are given by (2.1), (2.2), (2.5), and (2.7), respectively.

The purpose of this section is to show that, given the law of S and the pair of barriers b, b,
we can determine explicitly which superhedges and with what strikes the infimum on the RHS
of (2.27) is achieved. We present formal criteria, but we also use labels, e.g., b < Sg < b, which

provide an intuitive classification. Furthermore, we will show that we can always construct a
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market model in which the infimum in (2.27) is the actual price of the double barrier option
and therefore exhibit the model-independent least upper bound for the price of the derivative.
Subsequently, an analogous reasoning for subhedging and the lower bound is presented.

Let 1 be the market implied law of St given by (1.5). The barycenter of y associates with
a nonempty Borel set I' C R the mean of p over I' via

N fp uﬂ(du)

(2.28) pa(l) = Topldu)

For w < band z > blet p_(w) > b and p, () < b be the unique points such that the intervals
[w, p—(w)] and [p4 (), 2] are centered respectively around b and b, that is,

(2.29) p_: [9,@] — [b,00) defined via pp([w, p—(w)]) = b,
' P+

2 [b,00) — [0,b] defined via pp([ps(2),2]) = b.

Note that p+ are decreasing and well defined as up([0,00)) = Sg € (b,b). We need to define
two more functions,

—

+
+
£
>
+
£
I
Ss
R

(2.30) { 7+(w)<2b5 defined via pp ([0, w] U [p4 (v

v-(2) defined via pp ([v-(2), p-(7-(2))] U [2,00)) =D,
so that 7, (+) is increasing, v_(-) is decreasing, and

ye(w) b asw O, v-(2)Tb asz7Too.

Note that 4 is defined on [0, wg], where wy = b A sup{w < b : v4(w) < oo}, and similarly ~_
is defined on [z, 00]. We are now ready to state our main theorem.

Theorem 2.2. Let p be the law of St inferred from the prices of vanillas via (1.5), and
consider the double barrier derwative paying 1g, - Sp<b for a fizved pair of barriers b < Sy < b.
Then exactly one of the following is true:

“b < Sy < b”: There exists zo > b such that*

(2.31) v—(2)40aszlz and p_(0)<b.
, . . o _ ! _ P(p-(0)
Then there is a market model in which EISTZb,ETSQ EH (p-(0)) PROEE
“b < So < b”: There exists wy < b such that
Y4(w) oo aswtwy and pi(o0) > b.
: - : o _wd _ Clp1(0)
Then there is a market model in which Elg .5 g - = EH (p+(00)) T (o)

4Note that here and subsequently, we use T co and | 0 as meaning only the case where the increas-
ing/decreasing sequence is itself finite/strictly positive, so that in (2.31) we strictly mean v—(z) — O as z |
zo and y—(z) > 0 for z > zo.
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II| b < Sy < b”: There exists 0 < wg < b such that v_ (v (wo)) = wo and p_(wg) <
P+ (Y4 (wg)). Then there is a market model in which

111
Elg >3 g,.<p = BH (V4 (wo), p+ (74 (wo0)), p—(wo), wo)

(2.32)
= 10 (74 (wo)) + a2C (py (v4-(wo))) + asP(p—(wo)) + aP(wo),

where a; are given in (2.6).
b < Sp < b’ We have b < p_(0), b > p4(00), and p+(p-(0)) < p-(p+(00)). Then
there is a market model in which

—IV
EIETEE, Sp<b — EH (P— (0), P+(OO))

(2.33)
= a1C(p=(0)) + azP(p4(0)) + au,

where a; are given in (2.8).

We present now the analogues of Proposition 2.1 and Theorem 2.2 for the subhedging
case. Whereas above we find an upper bound on the price of the derivative, in this case we
will construct a lower bound.

Proposition 2.3. Given the market input (1.3), no-arbitrage (1.4) in the class of portfolios
Lin(X U {1§T257§T§Q’ 1is,>b1s 1{ST25}}) implies the following inequality between the prices:

(234) Pl?TZRﬁTSQ > sup {PEI(KL K2)a PEII(Kla K, K3)a PEIII(KD K, K3)a O}a

where the supremum is taken over 0 < Ko < b < K3 < b < K, and Hy Hipy Hypr are given
by (2.10) and the solutions to the relevant set of equations: (2.18), (2.25), and (2.26).

Again, an important aspect of (2.34) is that we can in fact show that the bound is tight—
that is, given a set of call prices, there exists a market model under which equality is attained.
Recall that under no-arbitrage the prices of digital calls are essentially specified by our market
input via Plg o5 = —C'(K).

In order to classify the different states, we make the following definitions. Let p be the
law of Sy implied by the call prices. Fix b < Sy < b, and, given v € [b, b], define

(o) = inf{z e [ oy )+ ("5‘ % (U <v,5>>)

(239 =55 and (D) U 0) < 0
So—b -
f(v) =supqz >0 wp(du) +b | ——— — p((b,v) U (b, 2))
(b,0)U(b,2) b—0b
(2.36) = 5%0__; and p((b,v) U (b, 2)) < %0__;},
where we use the convention sup{(} = —oo, inf{()} = co. The functions ¢ and 6 have a

natural interpretation in terms of embedding properties used in the proofs in section 4. For
example, the definition of 1) ensures that, on the set where 1(v) # oo, we can diffuse all the
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mass initially from Sp to {b,b} and then embed from b to (¢/(v),b) U (v,b) and a compensating
atom at b with the remaining mass.

The functions ¢ and 6 are both decreasing on the sets {v € [b,b] : ¥(v) < oo} and
{v € [b,b] : (v) > —oc}, which are both closed intervals. Specifically, we will be interested in
the region where both the functions allow for a suitable embedding; define

v = min {sup{v € [b,b] : ¥(v) < co},sup{v € [b,] : 6(v) > —o0}},
(2.37) v = max {inf{v € [b,] : ¥(v) < oo}, inf{v € [b,] : §(v) > —o0}},
o) b, By
O(v) —b+b—(v)  O(v) —b+b—(v)’

where sup{0)} = —oc and inf{(}} = cc.

Theorem 2.4. Let u be the law of St inferred from the prices of vanillas via (1.5), consider
the double barrier derwative paying lg -3 Sp<b for a fized pair of barriers b < So < b, and
recall (2.35)—(2.37). Then exactly one of the following is true:

“b< Sy <b”: We have U > v, and there exists vy € [v,7] such that k(vg) = vg. Then

there exists a market model in which

Elg, >p 5,<p = EH(0(v0), ¥ (v0))

(2.38) = ag + as(C(6(v)) = C(t(w))) +72D(0) =mD(b)
+a3 [C(b) +C(b) — C(vo) — C(B(v0))] .

~—
I
(el

k(v

where D(x) is the price of a digital option with payoff 1is,>,) and the values of
g, g, 03,71, 72 are given by (2.18).
‘b < Sy < b”: We have T > v and © < k(T). Then there exists a market model in

which
Elg, >3 5,< = EH(0(0), ¥ (0),7)
(2.39) = ag + a2(C(0()) — C(¥(v))) + 72D(5) 11D(b)
+az [C(b) + C(b) - C(v) - )],

where D(x) is the price of a digital option with payoff 1{g,>, and the values of
ag, (e, a3,y1,7Y2 are given by (2.25).

II| b < Sy < b”: We have 7 > v and v > k(v). Then there exists a market model in
which

Elg, >3, s,<p = BEH1(0(v), ¥(v),v)

= ap + a2(C(0(v)) — C(Y(v))) + ’Y2D(E) 11 D(b)
+a3 [C(b) + C(b) - Cv) — C(O())] ,

where D(x) is the price of a digital option with payoff 1ig,>, and the values of
g, g, 03,71, 72 are given by (2.26).
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‘b < Sy < b”: We have © < v. Then there exists a market model in which

Elg, b5, =0
Furthermore, in cases we have v = inf{v € [b,b] : Y(v) < o0} < sup{v € [b,b] : O(v) >

-0} =7.
3. Applications and practical considerations.

3.1. Finitely many strikes. One important practical aspect where reality differs from the
theoretical situation described above concerns the availability of calls with arbitrary strikes.
Generally, calls will only trade at a finite set of strikes, 0 = 2o < x1 < --- < xy (with
xo = 0 corresponding to the asset itself). It is then natural to ask: how does this affect the
hedging strategies introduced above? In full generality, this question results in a rather large
number of “special” cases that need to be considered separately (for example, the case where
no strikes are traded above b, or the case where there are no strikes traded with b < K < b).
In addition, there are differing cases, dependent on whether the digital options at b and b are
traded. Consequently, we will not attempt to give a complete answer to this question, but
will consider only the cases where there are “comparatively many” traded strikes and will
assume that digital calls are not available to trade. Furthermore, we will apply the theorems
of section 2 to measures with atoms. It should be clear how to do this, but a formal treatment
would be rather lengthy and tedious, with some extra care needed when the atoms are at the
barriers. In addition, as noted in Cox and Obldj [14], there are some rather technical issues
relating to forms of arbitrage that need to be carefully considered for some boundary cases.
For that reason we state the results of this section only informally.

Mathematically, the presence of atoms in the measure p means that the call prices are no
longer twice differentiable. The function is still convex, but we now have possibly differing
left and right derivatives for the function. The implication for the call prices is the following;:

p([z,00)) = =C(K) and p((z,00)) = —~C}(K).

In particular, atoms of p will correspond to “kinks” in the call prices.

The first remark to make in the finite-strike case is that, if we replace the supremum/infimum
over strikes that appear in expressions such as (2.27) and (2.34) by the maximum/minimum
over traded strikes, then the arguments that conclude that these are lower /upper bounds on
the price are still valid. The argument breaks down only when we wish to show that these are
the best possible bounds. To try to replace the latter, we now need to consider which models
might be possible under the given call prices. Our approach will be based on the following
type of argument:

(i) suppose that, using only calls and puts with traded strikes, we may construct H' for

ie{l,...,IV} such that H* > H' as a function of Sr;

(ii) suppose further that we can find an admissible call price function C(K), K > 0,
which agrees with the traded prices and such that in the market model (2, F, (F3), P*)
associated by Theorem 2.2 with the upper bound (2.27) we have H'(Sy) = H'(St),
P*-a.s.;

then the smallest upper bound on the price of a digital double touch barrier option is the
cost of the cheapest portfolio H?. This is fairly easy to see: clearly the price is an upper
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\j

T K Tj41

Figure 6. Possible call price surfaces as a function of the strike. The crosses indicate the prices of traded
calls, and the solid line corresponds to the upper bound, which corresponds to placing all possible mass at traded
strikes. The lower bound on the interval (zj,x;11) is indicated by the dotted line, and the dashed line indicates
the surface we will choose when we wish to minimize the call price at K. In this case, we note that there will
be mass at K and x; but not at xj+1. There is a second case where K 1is below the kink in the dotted line, when
the resulting surface would place mass at K and xjy1 but not at x; .

bound on the price of the option, since H* superhedges, and under P* this upper bound
is attained. Indeed, by assumption on H', in the market model associated with P* we have
PH! =E*H' =E*H = PH'. Consequently, by Theorem 2.2, the price of the traded portfolio
H' and the price of the digital double touch barrier option are equal under the market model
PP*. Note that in (ii) above it is in fact enough to have H*(Sp) = H' (Sr) just for the H' which
attains equality in (2.27).

We now wish to understand the possible models that might correspond to a given set of
call prices {C(z;);0 < i < N}. Simple arbitrage constraints (see, e.g., Carr and Madan [11] or
Theorem 3.1 in Davis and Hobson [16]°) require that the call prices at other strikes (if traded)
are such that the function C'(K) is convex and decreasing. This allows us to deduce that, for
K such that x; < K < x4 for some j, we must have

(3.1) C(K) < C(xj)u + C’(xjH)M,
Lj+1 — Ly Tj+1 — Ty
(32 ) > Oy + DD (¢ o)
€Tj—Tj—1
(33) O(K) 2 Clog) — S = Cim) ey,
Tj+2 = Tj+1

see Figure 6 for a graphical representation. These inequalities therefore provide upper and
lower bounds on the call price at strike K, and it can be seen that the upper bound and
lower bound are tight by choosing suitable models: in the upper bound, the corresponding

®We suppose also that our call prices do not exhibit what is termed here as weak arbitrage.



ROBUST HEDGING OF DOUBLE TOUCH BARRIER OPTIONS 161

K2 b T 5 Kl LTj+1

Figure 7. An optimal superhedge A" in the case where only finitely many strikes are traded. The lower
(solid) payoff denotes the optimal construction under the chosen extension of call prices to all strikes, and the
upper (dashed) payoff denotes the payoff actually constructed. Note that, for example, x; is the largest traded
strike below K1, and xj1 is the smallest traded strike greater than K.

model places all mass of the law of St at the strikes xz;; in the lower bounds, the larger of
the two possible terms can be attained with a law that places mass at K, and at other x;’s
except, in (3.2), at z;, and, in (3.3), at z;41. Moreover, provided that there is at least one
traded call between two strikes K, K’, we can (for example) choose a law that attains the
maximum possible call price at K and the minimum possible price at K’, while we need at
least two traded strikes between K and K’ should we wish these both to be able to attain
their minimum possible price. In general, two intermediate strikes will be sufficient for all
constructions, and we will assume that this property holds for all “relevant” points in what
follows.

Consider first the case where we wish to superhedge the double touch option. We will
consider the model P* which corresponds (through Theorem 2.2) to the call prices obtained by
linearly interpolating the prices at xo, ..., x,—in particular, C'(K) is the maximum possible
value call prices may take under the assumption of no arbitrage—and assume we are in case
ITT| of Theorem 2.2 so that (2.32) holds. In particular, "' would be a perfect hedge if
all call options were traded. The key idea is to consider the portfolio depicted in Figure 7,
where the smaller payoff is the static part of A and the upper payoff is one that may be
constructed using only strikes that are actually traded. Then, although the upper payoff is
strictly larger between x; and x;41, say, where x; < K; < xj;41, the points at which this
occurs are not attained by St since, under P*, the law of St is supported only by the points
x;. Consequently, both the upper and lower payoff have a.s. the same payoff under P* and
therefore the same expectation and price. Define H!! to be ' with its static part replaced
with the upper payoff in Figure 7. Then HIUT ig a superhedge and a perfect hedge under P*
and hence is the least expensive superhedge. Analogous arguments (with the same choice of

C(K)) hold for the other hedges FI, FH, and H' .
Consider now the lower bound. To keep things simple we begin by altering slightly the
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problem: rather than the payoff 15 5,<p We consider a subhedge of the option with payoff
15,55, , <Q.6 Then (2.10) still holds” with the new term 15,55, 8,<b O1 the left-hand side
(LHS), provided that we modify the digital options on the RHS to 1;g, > and 1 (Sr>b} So
we may still consider the optimal portfolio (in all three cases) as being short a collection of
calls at strikes K1, K>, and K3, long calls at b and b, and holding digital options at each of
these points. Intuitively, we should look for a model which will maximize the cost of the calls
at K1, K>, and K3 and minimize the cost at b and b, as well as maximizing the cost of a digital
call at b and minimizing the cost of the digital call at b. The former conditions correspond to
choosing the call prices which give the upper bound (3.1), so we choose the call price which
linearly interpolates C(x;) except when x; < b < z;41 and z; < b < ziy1. In the latter cases,
we wish to minimize the call price, so we choose the prices corresponding to the appropriate
lower bound (3.2) or (3.3), which have a kink at b and at (exactly) one of its two adjacent
traded strikes, and likewise for b. We note that the prices of the digital calls (which are either
minus the left gradient or minus the right gradient of the call prices at the barrier) will also
now be optimized when they trade in exactly the forms specified above (that is, the digital
call at b pays out only if the asset is greater than or equal to b, while the digital call at b will
pay out if the asset is strictly larger than b at maturity).

The above procedure specifies uniquely a complete set of call prices C'(K), which match
the market input and which are our candidate for the largest lower bound among the possible
models. Then we note that a construction similar to that given in Figure 8 will work—the main
difference from the superhedge case is that, at the discontinuity, there are two possible cases
that need to be considered, and the optimal subhedge will depend on behavior of C'(K) at the
strikes adjacent to b and b. More precisely, the portfolio given by the dotted line in Figure 8
corresponds to the case when C(K') has no kinks at the traded strikes to the immediate right
of both barriers (i.e., Sy has no atoms at these strikes). The other three possibilities are
straightforward modifications. The argument then proceeds as above: in the model given by
Theorem 2.4, subhedge H; achieves equality in (2.34) (modified to account for the changes from
inequalities to strict inequalities and vice versa), and the portfolio constructed in Figure 8 is
a.s. equal® to H;, so that they must have the same price. The resulting subhedge, constructed
using only calls and puts with traded strikes, is therefore a hedge under the chosen model and
therefore the optimal lower bound.

SUnder the optimal model (see the proofs in section 4), the distribution of Sy has atoms at the barriers
which are embedded by mass which has already hit the other barrier. With the modified payoff, 15_ 7 Sp<b
this will still give equality in the subhedge, but this would not have been the case with the original payoff.
One could now consider the option 15,53, Sp<b by approximating it with a sequence of payoffs of the form
1z 5., Sp<bier which would (in the optimal embedding) place atoms “just inside the barriers”—it is this
behavior of the “optimal” construction that required us to consider the modified payoff in this case. A more
careful analysis of the behavior in the limit is nontrivial, but the consequences for a similar example can be
seen in Cox and Obldj [14].

"Technically, for (2.10) to still hold, we actually need to modify the hitting times so that we consider the
entrance times of, e.g., (0,b) rather than the hitting time of b, and be able to trade forward with strike b at
this stopping time. In practice, this will not be crucial, since, for example, continuity of the asset price means
that this entrance time may be suitably approximated, and it will commonly be the case that the two stopping
times are in fact equal.

8 Assuming that the optimal K3 chosen is separated from b and b by a traded call price.
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Figure 8. An optimal subhedge in the case where only finitely many strikes are traded. The upper (solid)
payoff denotes the optimal construction under the chosen extension of call prices to all strikes, and the lower
(dashed) payoff denotes the payoff actually constructed. Observe that there are two possible constructions at
the discontinuity—uwhich type of construction is optimal will depend on whether the optimal lower bound on the
call price at b or b corresponds to the bound (3.2) or (3.3).

3.2. Toward relaxation of our market assumptions. So far, we have made a number of
idealized assumptions about the setup that will not necessarily be true in an application. In
the previous section, we described how having only finitely many traded strikes may affect
our results; in this section we briefly describe how several other aspects that are not captured
immediately by our assumptions might alter the results presented.

Continuity of paths. Throughout the paper, we have assumed that (S;);>0 has continuous
paths. In fact we can relax this assumption considerably. First, it is relatively simple
to see that if we assume only that barriers b, b are crossed in a continuous manner, then
all of our results remain true. Second, if we make no continuity assumptions,” then
all our superhedges still work—jumping over the barrier only makes the appropriate
forward transaction more profitable. In contrast, our subhedges do not work, and
lower bounds on prices are trivially zero and are attained in the model where S; = Sy
for all t < T, and then it jumps to the final position St.

Zero interest rates. The assumption that we are working with a forward price (or, more
specifically, that interest rates are zero) is an important assumption for the methods
we have used. Without assuming that the cost-of-carry is zero, the position of the
barriers, after discounting, will alter over the lifetime of the option, and our methods
are not easily adapted to this setting. There are perhaps two possible resolutions: the
first is to look at the “worst-case” barrier values and compute the upper and lower
bounds using these values, resulting in upper and lower estimates on the value of the
option. Note, however, that there may not be models that correspond to these worst-
case scenarios. Second, a more practical response may be to carry out a model-specific
adjustment to the model-independent bounds, which may involve something along the
following lines: choose an “average” interest adjusted value for each of the barriers
and solve the robust problem for these barriers (and discounted stock price process).

9We always suppose that the processes have right-continuous paths with left limits.
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The idea is to use this as a basic hedge, and, in general, one should expect that the
performance of the hedge may be fairly close to a super- or subhedge. Now choose
your favorite model, look at the paths where the super- or subhedge fails, and add in
a model-specific adjustment. If the choice of model which one makes is moderately
good, one would expect an adjustment that is of relatively small transactional size
compared to the model-independent component, but which performed relatively well
across most models, thus maintaining the relatively robust nature of the initial hedge.

Additional traded options. In practice, in most markets where digital double barrier op-
tions are traded, there will be other options traded—for example, one-touch barrier
options or call options with earlier maturities. In both of these cases, one would ex-
pect these options to include further information about the price of the double-barrier
option which, one may hope, would impact the resulting price bounds and hedges. In
theory, we believe this to be the case; however, it would seem that a complete analysis
along the lines carried out in this work that also included these extra options would be
much more involved—this additional complexity can be seen, for example, in the work
of Brown, Hobson, and Rogers [7], where including calls traded at a single intermediate
time considerably complicates the picture established in Hobson [28]. In this case, the
most natural question to ask would appear to be: how might the bounds and hedges
alter if, in addition to the call prices with the same maturity, one could also trade in
one-touch barrier options with the same maturity? From a theoretical point of view,
experience with Skorokhod embeddings suggests this may be a very hard problem, but
it is an interesting direction for further research.

3.3. Hedging comparisons. In practice, one would expect that the prices we derive as
upper and lower bounds using the techniques of this paper will be rather far apart and well
outside typical bid/ask spreads. Consequently, the use of these techniques as a method for
pricing is unlikely to be successful, although it will give a good indication of the size of the
model-risk associated with a given model-based price. However, our techniques also provide
superhedging and subhedging strategies that may be helpful. Consider a trader who has sold
a double barrier option (at a price determined by some model perhaps) and who wishes to
hedge the resulting risk. In a Black—Scholes world, the trader could remove the risk from
his position by delta-hedging the short position. However, there are a number of practical
considerations that would interfere with such an approach:

Discrete hedging. A notable source of errors in the hedge will be the fact that the hedging
portfolio cannot be continuously adjusted; rather the delta of the position might be
adjusted on a periodic basis, resulting in an inexact hedge of the position. While
including a gamma hedge could improve this, the hedge will never be perfect. In addi-
tion, there is an organizational cost (and risk) to setting up such a hedging operation
that might be important.

Transaction costs. A second consideration is that each trade will incur a certain level of
transaction costs. These might be tiny for delta-hedging, but this is no longer the case
for vega-hedging. To minimize the total transaction costs, the trader would like to be
able to trade as infrequently as possible. Of course, this means that there will be a
necessary trade-off with the discretization errors incurred above.
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Model risk. The final concern for the trader would be: am I hedging with the correct model?
Using an incorrect model will of course result in systematic hedging errors due to, e.g.,
incorrectly estimated volatility, but could also lead to large losses should the model
fail to incorporate structural effects such as jumps. A delta-hedge would typically
be improved with a vega-hedge, which in turn raises the issue of transaction costs as
mentioned above.

We claim that the constructions developed in section 2 address some of these issues: there is
no need for regular recalculation of the Greeks of the position, although the breaching of the
barrier still requires monitoring; since there are only a small number of transactions, it seems
likely that the transaction costs may be reduced; our hedge has been derived using robust
techniques, so that we will still be hedged even if the market does not behave according to our
initial model, and behavior such as jumps (at least for the upper bound of the double touch)
will not affect this.

A further consideration that will be of importance to a hedger is the distribution of the
returns, even before the transaction costs are deducted. Under the hedging strategy suggested
above, if the trader has sold the option using the “correct” price (plus a small profit) and set up
the robust superhedging strategy suggested at a higher price, on average the trader will come
out even, as he will if he delta hedges. His comparison between the approaches would then
come down to the respective risk involved in the different hedges. For a delta/vega-hedge
this is typically symmetric about zero; however, the robust hedge will be very asymmetric
since it is bounded below. If the trader is particularly worried about the possible tail of
his trading losses as a measure of risk, this strict cut-off could be very advantageous. The
delta/vega-hedge, on the other hand, has the appeal of having a lower variance of hedging
errors.

Of course a variety of such strategies (typically known as static, semistatic, or robust)
have been suggested in the literature, under a variety of more or less restrictive assumptions
on the price process, and mostly for single barrier options and variants such as knock-out calls.
We have already mentioned the paper by Brown, Hobson, and Rogers [8], which makes very
limited restrictions on the underlying price process. More restrictive is the work of Bowie and
Carr [5], and subsequent papers of Carr and Chou [9] and Carr, Ellis, and Gupta [10]. Here
the authors assume that the volatility satisfies a symmetry assumption, and as a consequence
one can, for example, hedge a knock-out call with the barrier above the strike by holding the
vanilla call and being short a call at a certain strike above the barrier. By the assumption on
the volatility, whenever the underlying asset hits the barrier, both calls have the same value,
and the position may be closed out for zero value. A related technique is due to Derman,
Ergener, and Kani [18], followed up by Andersen, Andreasen, and Eliezer [1] and Fink [23].
The idea here is to use other traded options to make the value of the hedging portfolio equal
to zero along the barrier when liquidated. In the simplest form, a portfolio of calls above
the barrier at different strikes and/or maturities is purchased so that the portfolio value at
selected times before maturity is zero. Extensions allow this idea to be used for stochastic
volatility, and even to cover jumps, at the expense of needing possibly a very large portfolio of
options. More recently, work of Nalholm and Poulsen [33] unifies both these approaches and
allows a fairly general set of asset dynamics, as does work by Giese and Maruhn [25], where
the authors find an optimal portfolio by setting up an optimization problem. Note, however,
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that all these strategies assume a known model for the underlying asset and also that the
hedging assets will be liquid enough for the portfolio to be liquidated at the price specified
under the model. In addition, since some of the hedging portfolios can involve a large number
of options, it is not clear that the static hedges here will be efficient at resolving the issues
of transaction costs (and operational simplicity) or model risk. A numerical investigation of
the performance of a range of these hedges in practice has been conducted in Engelmann
et al. [21], and similar investigations for a different class of static hedges appear in Davis,
Schachermayer, and Tompkins [17] and Tompkins [38].

There are also more classical, theoretical approaches to the problem of hedging where the
problem is considered in an incomplete market (without which, of course, a perfect hedge
would be possible). In this situation (see, for example, Follmer and Schweizer [24]), one
wants to solve an optimal control problem where the aim is to minimize the “risk” of the
hedging error, where risk is interpreted suitably (perhaps with regards to a utility function or
a risk measure). More recently, in a combination of the static and dynamic approaches, Ilhan,
Jonsson, and Sircar [30] have considered the problem of risk minimization over an initial static
portfolio and a dynamic trading strategy in the underlying asset.

The most notable difference between the studies described above and the ideas of the
previous sections is that we make very few modeling assumptions on the underlying asset,
whereas most of the approaches listed require a single model to be specified, with respect
to which the results will then be optimal. In particular, these techniques are unable to say
anything about hedging losses should the assumed model actually be incorrect.

Of course, the criteria under which we have constructed our hedges—that they are the
smallest robust superhedging strategy, or the greatest robust subhedging strategy—do not
necessarily mean that the behavior of the hedges in “normal” circumstances will be particularly
suitable: we would expect that the hedge would perform best in extreme market conditions;
however, in order for it to be suitable as a hedge against model risk, one would also want the
performance of the hedge to generally be reasonable. To see how this strategy compares, we
will now consider some Monte Carlo-based comparisons with the standard delta/vega-hedging
techniques. The comparisons will take the following form:

(i) We choose the Heston model for the “true” underlying asset and compute the time-0
call prices under this model at a range of strike prices, and the time-0 price of a double
barrier option.

(il) We compute the optimal super- and subhedges for the digital double touch barrier
option based on the observed call prices, and suppose that the hedger purchases these
portfolios using the cash received from the buyer (and borrowing/investing the differ-
ence between the portfolios).

(iii) For comparison purposes, we also hedge the option using a suitable delta/vega-hedge
with daily updating. For the robust hedges, we will consider both the case where
hitting of the barrier is monitored daily and the case where it is monitored exactly.

In the numerical examples, we assume that the underlying process is the Heston stochastic
volatility model (Heston [26])

(3 4) { dSt = \/U_tStthl, SO = SQ, Vo = 00
' dvy = k(0 — vp)dt + &S dWE,  d(WL W?), = pdt,
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with parameters
(3.5)  Sp=1.4990, 08 = 0.0110, x = 3.8626, 6 = 0.0169, £ = 0.5004, and p = —0.1850.

These parameters, taken from Ulmer [39], resulted from the calibration of a Heston model
to market prices of European options with different strikes and maturities (a total of 176
options) on the EUR/USD foreign exchange spot rate on January 14, 2010. This gives us
realistic dynamics for our hypothetical forward market, which in fact is not far from the real
spot market, given that l-year interest rates were then similar for EUR and USD (deposit
rates reported by Bloomberg were respectively 1.1% and 0.905%).

Transactions in Sy carry a 0.15% transaction cost, and buying or selling call/put options
carries a 1% transaction cost.'? The delta/vega-hedge is constructed using the Black—Scholes
delta of the option, but using the at-the-money implied volatility assuming that the call
prices are correct (i.e., they follow the Heston model). While not perfect as a hedge, empirical
evidence as in Dumas, Fleming, and Whaley [19] or Engelmann, Fengler, and Schwendner [22]
suggests that the hedge is reasonable even without the vega component, although it is also
the case that more sophisticated methods should result in an improvement of this benchmark.

We consider a short and a long position in a digital double touch barrier option with
payoff 1% S5, S,<b for each combination of upper and lower barriers b = 1.47,1.52,1.57 and
b=1.35, 1 39 1.43. We then compare hedging performance of our robust super- and subhedges
and the standard delta/vega-hedges by running 20,000 Monte Carlo simulations for each of
the nine combinations of upper and lower barrier, and analyzing the resulting loss/gains from
trading.!! We note that whether the barrier is monitored exactly or daily (so that the trades
in the robust hedges may not occur exactly at the barrier) will have a noticeable difference
on the cumulative distribution function. To highlight this difference, the daily hedge will be
type (A) and the exact hedge type (B).

The cumulative distributions of hedging errors for a selection of barrier pairs are given
in the graphs in Figure 9. Figure 9 shows that the robust super- and subhedges introduced
in this paper can incur losses in a manner similar to the delta/vega strategies. However,
the comparatively large losses are less frequent for the robust strategies in comparison to the
delta/vega-hedging strategy. Indeed, in Table 1 we show that an agent with an exponential
utility'? U(x) = 1—exp(—z) would systematically, strongly prefer the error distribution of our
hedges to that of the delta/vega-hedge. Note also that if we allow our hedges to monitor the
barrier crossings exactly, the corresponding cumulative distributions of hedging errors have
losses which are bounded below. It is interesting, however, to note that in terms of utility of
hedging errors (cf. Table 1) this doesn’t really change the performance of our hedges.

Finally, we consider how the performance of our hedges compares if we vary the barrier
levels. The hedge for the short position fairly consistently outperforms delta/vega-hedging.
In the long position, on the other hand, the hedge appears to perform worse as the barriers

0The latter has a predominant effect in our simulations, and the results below remain essentially the same
even when transactions in S; carry no transaction costs.

"The resulting hedging errors were mean-adjusted as in Tompkins [38] for consistency. The adjustments
are of order 0.01 and have no qualitative influence on our results.

12We take the parameter « in the utility function U(z) = 1—exp(—az) to be 1, but a sensible parametrization
may be to take o = 107% and to consider a contract with notional value £10°.
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(a) Type I subhedge. Barriers at 1.52 and 1.39. (b) Type III subhedge. Barriers at 1.52 and 1.43.
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(c) Type III subhedge. Barriers at 1.47 and 1.35. (d) Type II superhedge. Barriers at 1.57 and 1.39.
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(e) Type III superhedge. Barriers at 1.52 and 1.39. (f) Type IV superhedge. Barriers at 1.47 and 1.43.

Figure 9. Cumulative distributions of hedging errors under different scenarios of a long position (a)—(c)
and a short position (d)—(f) in a double touch option with barriers at different levels under the Heston model
(3.4)—(3.5). The robust hedge (A) monitors barrier crossing daily, while the robust hedge (B) is allowed to
monitor exactly the moments of barrier crossings.
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Table 1
Comparison of exponential utilities of hedging errors of positions (Pos) in double touch options under
Heston model (3.4)—(3.5) resulting from delta/vega (A/V) hedging and our robust (Rob) super- or subhedging
strategies. The robust hedge (A) monitors barrier crossing daily, while the robust hedge (B) is allowed to monitor
exactly the moments of barrier crossings. Type of the robust hedge and the strikes used in its construction are
reported.

Barriers Pos AJV Rob (A) | Rob (B) | Type K1 K> K3 Ky
1.47-1.35 | Short | —0.3258 | —0.0690 | —0.0674 v 1.5017 | 1.1611
1.47-1.35 | Long | —0.3278 | —0.1774 | —0.1767 IIT 1.7421 | 1.2546 | 1.416
1.47-1.39 | Short | —0.3183 | —0.0605 | —0.0589 v 1.5818 | 1.1611
1.47-1.39 | Long | —0.3180 | —0.1139 | —0.1117 IIT 1.6753 | 1.2947 | 1.4416
1.47-1.43 | Short | —0.1666 | —0.0414 | —0.0406 v 1.7487 | 1.1611
1.47-1.43 | Long | —0.1698 | —0.1550 | —0.1495 I 1.5751 | 1.3214 | 1.4549
1.52-1.35 | Short | —0.3272 | —0.0501 | —0.0483 IIT 1.5551 | 1.4883 | 1.4015 | 1.2880
1.52-1.35 | Long | —0.3263 | —0.0609 | —0.0623 111 1.9558 | 1.0275 | 1.4549
1.52-1.39 | Short | —0.3750 | —0.0824 | —0.0786 IIT 1.5885 | 1.4616 | 1.4416 | 1.3214
1.52-1.39 | Long | —0.3799 | —0.0779 | —0.0795 I 1.7287 | 1.1477 | 1.4549
1.52-1.43 | Short | —0.3121 | —0.0668 | —0.0654 v 1.7487 | 1.3414
1.52-1.43 | Long | —0.3169 | —0.1107 | —0.1082 IT 1.6018 | 1.2078 | 1.4549
1.57-1.35 | Short | —0.2363 | —0.0313 | —0.0303 IIT 1.6152 | 1.5351 | 1.3748 | 1.3214
1.57-1.35 | Long | —0.2348 | —0.0421 | —0.0445 v
1.57-1.39 | Short | —0.2850 | —0.0441 | —0.0423 IIT 1.6486 | 1.5150 | 1.4149 | 1.3614
1.57-1.39 | Long | —0.2875 | —0.0603 | —0.0617 IT 1.9758 | 0.9341 | 1.4349
1.57-1.43 | Short | —0.2702 | —0.0660 | —0.0636 IIT 1.7755 | 1.4683 | 1.4416 | 1.4149
1.57-1.43 | Long | —0.2795 | —0.0841 | —0.0838 IT 1.6619 | 1.1277 | 1.4349

get closer together. However, for the parameters given, the robust strategy appears to con-
sistently outperform the delta/vega strategy. Naturally when the barriers vary, the types of
super-

and subhedges which we use change. Table 1 also shows which types are optimal depend-
ing on the values of the barriers, and indicates the values of the corresponding strikes. This
provides an illustration of the intuitive labels we gave to each case in section 2.

The results presented in this section clearly show that the hedges we advocate are in
many circumstances an improvement on the classical hedges. We stress that this was meant
to be an indicative enquiry and not a comprehensive numerical study of performance of our
robust hedging methods. Naturally, there is a large literature (e.g., Hodges and Neuberger
[29], Cvitani¢ and Karatzas [15], Whalley and Wilmott [41]) on more sophisticated techniques
that might offer a considerable improvement over the classical hedge we have implemented.
In our case the delta/vega-hedge was severely impacted by high transaction costs associated
with trading options, and it is possible that such improvements would reverse the relative
performance of the hedges. Further, it would be interesting to compare the performance
of our hedges against various static and semistatic hedges cited above. Such study could
feature different market scenarios and levels of model misspecification as well as more involved
performance measures than just expected utility for one value of risk aversion. We believe
this is an interesting avenue for further research.

However, we hope that the numerical evidence presented above does at least convince
the reader that the robust hedges are competitive with dynamic hedging, and that their
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differing nature means that they might well prove a more suitable approach in situations
where market conditions are dramatically different from the idealized Black—Scholes world—
e.g., large transaction costs, illiquidity, or parameter uncertainty. There also seems scope for
a more sophisticated approach based on the robust hedges but allowing for some model-based
trading: for example, a hybrid of a robust portfolio and some dynamic trading could be used
to reduce some of the overhedge in the simple robust hedge. Finally, our simulations include
only a very simple form of model misspecification. We would expect that if a trader believes
in a model which is significantly different from the real world model, in particular if real
world dynamics change dramatically within the time horizon [0, 7], then our robust hedging
strategies would outperform hedging “using the wrong model.”

4. Proofs. Let (Bi);>0 be a standard real valued Brownian motion starting from By,
defined on a filtered probability space (2, F,(F;),P) satisfying the usual hypothesis. We
recall that for any probability measure v on Ry with vg(R;) = By we can find a stopping
time 7 such that B, ~ v and (B,;) is a uniformly integrable martingale. Such stopping
is simply a solution to the Skorokhod embedding problem (SEP), and a number of different
explicit solutions are known; see Obldj [34] for an overview of the domain. Note also that
when v([a,b]) = 1 then (Bia,) is a uniformly integrable martingale if and only if B; € [a, b],
t < 7, a.s. In the remainder, when speaking about embedding a measure we implicitly mean
embedding it in a uniformly integrable (UI) manner in (B;).

Recall that if By = Sy and 7 is an embedding of u, then Sy := Bmﬁ’ t<T,is a
market model which matches the market input (1.3). In what follows we will be constructing
embeddings 7 of p such that the associated market model attains equality in our super- or
subhedging inequalities. Stopping times 7 will often be compositions of other stopping times
embedding (rescaled) restrictions of p or some other intermediary measures. Unless specified
otherwise, the choice of particular intermediary stopping times has no importance, and we do
not specify it—one’s favorite solution to the SEP can be used.

Proof of Theorem 2.2. We start with some preliminary lemmas and then prove Theo-
rem 2.2. In the body of the proof, cases refer to the cases stated in Theorem 2.2. We

note that, by considering zp = v (wp), | III| is equivalent to
There exists zp > b such that vy (7_(20)) = 20 and p4(20) > p_(7_(20)).

We recall, without proof, straightforward properties of the barycenter function (2.28) which
will be useful in what follows.

Lemma 4.1. The barycenter function defined in (2.28) satisfies

() 1p(T) > a, Ty C (0,a) — pp(U\Ty) = a,
(i) a < pp(l) < pp(l1) <b and p('NTy) =0 = a < pp(l'UTY) <D

We separate the proof into two steps. In the first step we prove that exactly one of
holds. In the second step we construct the appropriate embeddings and market models which
achieve the upper bounds on the prices.

Step 1. This step is divided into four possible cases, (A)—(D), corresponding to four regions
in which b, b may lie. For each region, we shall show that exactly one of the instances
will hold, and therefore in general exactly one them can hold. We start with technical lemmas
which are proved after the cases are considered.
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Lemma 4.2. If p4+ (v4(wo)) < p—(wo) for some wy, then pi(v4(w)) < p—(w) for allw < wy.

Similarly, if p—(v—(z0)) > p+(20) for some 2y, then p_(v—(z)) > p+(z) for all z > z.
Lemma 4.3. If b > p_(0) and b < py(c0), then at least of one of the functions v+ is

bounded on its domain. In particular at most one of and may be true.

Lemma 4.4. implies not . implies not ( or )

CASE (A): b > p_(0), b < py(00). We note first that the case is not possible, and
that the second half of the conditions for |I|and are trivially true. Suppose that neither
nor holds. If we have v_(b) = 0, then holds with wy = 0, and if 74 (b) = oo,

then holds with wy = b. We may thus assume that v () is bounded above and v_(-) is
bounded away from zero, which in turn implies

Y-(y+(b)) <b and v_(74(0)) > 0.

The function v_(v4(:)) is continuous and increasing on (0,b], and thus we must have wy
such that y_(v4(wp)) = wp. Finally, suppose that for such a wy we in fact have p_(wg) >
p+ (74 (wo)); then Lemma 4.2 implies p_(0) > py(v4(0)) = b, contradicting our assumptions.
That only one of the cases holds now follows from Lemmas 4.3 and 4.4.

CASE (B): b> p_(0), b > p,(00). It follows that neither nor is possible. Observe
that Lemma 4.2 implies that p_(w) < pi(y4(w)) for all w < b—if this were not true, then
b= py(74(0)) < p_(0). Suppose further that |I|does not hold. If y_(b) = 0, then holds
with wy = 0.

So assume instead that v_(-) is bounded away from zero, and therefore that w < y_ (4 (w))
for w close to zero. If we show also that v_(v4(p4(o0))) < py(o0), then by continuity
of 7—(v4(+)) there exists a suitable wy for which holds. Let I'y = (p4+(0),00) and
Ly = (p+(v4(p+(00))); ¥4 (p+(0))). We have by definition pp(I'y) = b = pp(I'2) so that
pp(T'1\ I'2) = b, since I'y C I't. Let T' = (p4(00), p—(p+(0))) U (74 (p+(00)), 00) and note
that pp(I") = b is equivalent to y—(v4(p4(00))) = p+(c0). Noting that p—_(w) < p4(v+(w))
for all w < b implies p_(p4(00)) < p4(7+(p+(0))), and using Lemma 4.1, we have

(1) = s (L1 \ T2) \ (o (04 (50)), p (14 (04 (00)))) ) = B,

which implies that v_ (74 (p4(0))) < py(00). As previously, it remains to note that Lemma 4.4

implies exclusivity of and .

CASE (€): b< p_(0), b< py(c0). This case is essentially identical to Case (B) above.
CASE (D): b < p_(0), b > p,(c0). Note that we now cannot have either of |I| or .
Suppose further that does not hold—or rather, the weaker:

p+(p-(0)) >,
p—(p+(0)) <b.

Let I'y, = (w, p—(w)) U (b,00), and observe that pp(I',) decreases as w decreases, provided
that p_(w) < b. We have

(L (o)) > 1((po (o), 00)) = b.
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=

Our assumption p_(py(o0)) < b < p_(0) implies that p=!(b) € (0, py(c0)) so that L1 2
(p4(00),00) and in consequence :“B(ijl(l_a)) < b. Using continuity of w — ug(Ty), we

conclude that there exists a w; € (p=1(b), py (00)] with pp(['w,) = b, or equivalently v_(b) =
wy. A symmetric argument implies that v4(b) > 0. We conclude, as in Case (A), that there
exists a wg such that y_(y4(wg)) = wo.

It remains to show that if does not hold, and the first half of the condition for
holds, then so too does the second condition. Suppose that wg is a point satisfying
Y- (v+(wg)) = wp, and suppose for a contradiction that p_(wg) > py (74 (wp)). Since the sets
(p+ (74 (wo)), v+ (wp)) and (wo, p—(wp)) U (74 (wp), o0) are both centered at b and overlap, it
follows that up([wp,o0)) > b and in consequence p, (00) < wg. Symmetric arguments imply
that p—(0) > v4(wo). Applying p_(-), p+(+) to these inequalities, we further deduce that

p—(wo) < p—(p+(0)),
p+(p—-(0)) < p4(v+(wo)),
which, together with the assumption that p_(wg) > p4+(v+(wo)), implies

p+(p-(0)) < py (74 (wo)) < p—(wo) < p—(p+(c0)),

contradicting not holding. Hence Step 1 is complete once we prove the lemmas stated at
the start, as follows.

Proof of Lemma 4.2. Consider w < wg with py(v4(wg)) < p—(wp). The latter implies
B ((wo, p4+(74+(wo)))) < b, so that pp((0,74(wo))) < b. Suppose now that pi(v4(w)) >
p—(w). As p_ is decreasing and 4 is increasing, we have p_(wy) < p—(w) < p4+(7+(w)) and
b < v4(w) < v4(wp). We then have

b= 15 (0. p- () U (1 (34 (), 74 (w)))
= 12 (0,74 (o)) \ [(p(1w0), p (v ())) U (7 (w), 7 (w0))] )
< (0,74 (wo))) <,
which gives the desired contradiction. [ ]

Proof of Lemma 4.3. Define T' = (0,b) U (b,00) and consider pp(T'). If both |I| and

hold, or more generally if v_(z9) = 0 and 74 (wg) = oo for some zy > b, wy < b, we have

(4.1) 18((0, p—(0)) U (b,00)) = pp((0,p—(0)) U (20,00)) = b
and
(4.2) p5((0,b) U (p+(00),00)) < pup((0,wo) U (p4(00),00)) = b.

Now suppose pp(I') < b. Then
MB(F U (Qv p_(O))) < 57
contradicting (4.1), and similarly if pp(I") > b,

p(T'U (pi(00),b)) > b
contradicts (4.2). [ ]
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Proof of Lemma 4.4. = not : Assume that both and hold. From
the definition of 4 (wp) and p_(wp) we have that up(I'y) = b for 'y = (0, p_(wp)) U
(p+ (74 (wp)), v+ (wp)). This implies that v4 (wg) > p—(0) since otherwise

u(T+) = 13 ((0,p- () \ {(p- (o), p (74 (0))) U (74 (w0), p-(0)) } ) > b,

where we also used the assumption p_(wg) < py (74 (wo)). Likewise, using v— (74 (wp)) = wo,
we see that wy < py(00). Applying p_ to the last inequality and using our assumptions, we
obtain

p+(p—(0)) < p—(p+(00)) < p—(wo) < p+(74(wo))-
In consequence, 4 (wg) < p—(0), which gives the desired contradiction.

— not ( or ): Suppose that and hold together. Let w; < b be the point
given by such that v4(w1) = oo, and wy the point in such that v_ (74 (wp)) = w.
Naturally, as v_(74+(w1)) = 7-(00) = b > w; we have that wy < w;. Observe also that
(0, p— (1)) U(ps (00), 00)) = b and pis(R) = So € (b,5), which readily imply b < p_(w) <
py(00) < b. Let us further denote r = min{p_(wp), p1(o0)} and R = max{p_(wp), p1 (o)}
so that finally, using our assumptions,

(4.3) wo <wyp <b<p_(wi) <r<R<py(y4(wo)) <b < vy (wo)
By definition we have

oo _ p—(wo) _ oo _
b—uwu(du) =0= b—u)u(du b—u)u(du).
/p (b — w)pu(du) = 0 / & — >+/ (- w)u(du)

+(00) wo P+ (v+ (wo))

Subtracting these two quantities, we arrive at

p+(v+(wo)) _ T
/ (b — u)p(du) = / (b — u)u(du), and using (4.3), we deduce
R wo

(4.4) N((R=P+(’Y+(w0)))> > u((wo,r)>-

Using the properties of our functions again, we have

w1 00 wo 7+ (wo)
/_ (= Duldu) + / (bt =0 = / (=Dl + / oy (1 D),

which after subtracting, using fuqul( b) =— [ (wo

o (w1) (u — b)pu(du), yields

+ (74 (wo)) _(wp) 00
(4.5) / T 4 byu(du) — / p( (u — D)u(du) + / (u — Bpa(du) = 0.
p P 7

+(00) —(w1) +(wo)

The last term in (4.5) is positive, and for the first two terms, using (4.4), we have

P+ (v+(wo))
/ (= bu(du) = (R~ b (R, ps s (w0)))

R

(4.6) > (R—Q),u((,o_(wl),r)> N /7”( )(U_Q),u(du).
p— (w1
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This readily implies that the LHS of (4.5) is strictly positive, leading to the desired contra-
diction.

The case when and |I| hold together is similar. [ |

Step 2. Construction of relevant embeddings. Our strategy is now as follows. For each
of the four exclusive cases we construct a stopping time 7 which solves the SEP for
1 and such that for the price process Sy := B At the appropriate superhedge "7 """ s
in fact a perfect hedge. The stopping time 7 will be a composition of stopping times, each of
which is a solution to an embedding problem for a (rescaled) restriction of p to appropriate
intervals.

Suppose that holds. This embedding is closely related to the classical embedding of
Azéma and Yor [2] used in the work of Brown, Hobson, and Rogers [8] on one-sided barrier
options. There, it is used to achieve equality in the second inequality in (2.2). However, in
order to also achieve equality in the first inequality we need to modify the embedding slightly.
Let 71 be a Ul embedding, in (By);>o with By = Sy, of

V' = il (wo,ps (00)) + PO, Where p =1 — pu((wo, p1(0))),
which is centered in Sp. Let v* = %M|R+\(u)0,p . (00))» Which is a probability measure with
v%4(Ry) = b, and let 75 be the Azéma—Yor embedding (cf. section 5 in [34]) of 12, i.e.,

T =inf {t > 0: By > vg([By,0))},

which is a UT embedding of v? when By = b. Note that v%([z,0)) = pg([z,00)) for £ > p4(c0)
and that

{ETz 2 5} ={Br, > p1+(c0)}, since V]23((p+(oo),oo)) =b.

We define our final embedding as follows: we first embed v!, and then the atom in b is diffused
into v? using the Azéma-Yor procedure, i.e.,

(4.7) T = TllBTﬁ,gQ + 7190 TllBT1:Q7

where By = Sp. Clearly, 7 is a Ul embedding of u, and S; := B At defines a model for
the stock price which matches the given prices of calls and puts; i.e., S7 ~ u. Furthermore,
{St >b} = {S7>b,S7 <b} = {S7 > p;(00)}, since py(c0) < b implies {r = 71} C {St <
b} and {1 # 71} C {Sy < b}. It follows that

—IT1
1g,55 5p<p = 7 (p4(00))-

Suppose that | I|holds. This is a mirror image of . We first embed ! = ,u|(p7(0)720) +pdz,
with p = 1—4((p—(0), 20)). Then the atom in b is diffused into z1|r,\(,_(0),2) using the reversed
Azéma—Yor stopping time (cf. section 5.3 in [34]). The resulting stopping time 7 and the stock

. ) —I
price model S; := Bﬁ/\r satisfy 15,55, 8p<b = H (p—(0)).

Suppose that holds. We describe the embedding in words before writing it formally.
We first embed g on (p—(wq), p+ (74 (wp))), or we stop when we hit b or b. If we hit b, then we
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embed p on (v4(wp),00) or we run until we hit b. Likewise, if we first hit b, then we embed
won (0,wp) or we run till we hit b. Finally, from b and b we embed the remaining bits of u.
We now formalize these ideas. Let

(4.8) v = D8+ 11l (p_(wo).ps (s (wo))) + (1 =D — t(p—(wo), p4 (74 (wp)))) &,
where p is chosen so that v5(R;) = Sp. Define two more measures,

V= N([wm p— (wo)])éb + :u‘(ﬁ/+(wo),oo)7

4.
(49) V= 1] (0,w0) T M([P+(V+(w0))a7+(w0)])557

and note that by definition v%(Ry) = b and v} (R ) = b. Furthermore, as the barycenter of

2
v +/L’( (wo),p+ (v+(wo))) +v

is equal to the barycenter of u, and from the uniqueness of p in (4.8), we deduce that

V(Ry) =p and v*(Ry) =q=(1—p— plp—(wo), pr (1 (wp)))).

Let 71 be a Ul embedding of v! (for By = Sp), 7 be a Ul embedding of %1/2 (for By = b),
and 73 be a Ul embedding of %I/?’ (for By = b). Further, let 74 and 75 be UI embeddings
respectively of
! n and !
(w0, p—(wo))) o=tV (s (e (wo)), 7 (g

N 1] (o (v (wo)) 74 (w0))

where the starting points are respectively By = b and By = b. We are ready to define our
stopping time. Let By = Sy, and write H, = inf{t : B, = z}. We put

7= T1ly <H,AH;
+momly—rlnor<H,
(4.10) +1a0m 0Tl —r 1H,—r0n
+ T3 © TllHQZTl 17'307'1 <HE
+ 750730 T1lH,—r 1H,=r0m,

and it is immediate from the properties of our measures that B; ~ p and (B;) is a Ul
martingale. Furthermore, with S; := B Lonry We see that
—t

I
Ig,55,5,<6 = H (74 (wo), p+ (Y (wo)), p—(wo), wo),  as.

Finally, suppose tha_t holds. In this case, we initially run to {b,b} without stopping
any mass. Then, from b, we either run to b or embed p on (p—(0),00). The mass which is
at b after the first step is either run to b or used to embed p on (0, p+(00)). The mass which
remains at b and b is then used to embed the remaining part of x on (p4(00), p—(0)).
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To begin with, we define the measures

So—b
= |2 (o000 8 il 00
b — So
RS )] E R
Then v! is a measure, since u((p_(0),00)) < SEO__bQ: noting that b < p_(0), we get

p—(0) 00
0= " wsout) + [ (= Su)u(dw
0 _pf(O)
> (b = 50)((0, p-(0))) + (b = So) u((p—(0), 0)),
and the statement follows. Moreover, we can see that v5(R;) = b

[ = butan) + 22208 - w((o-0). 00 -
p—(0) 4

- /OO (u — b)u(du) + (b — Sp)
p—(0)

p—(0)
~ -8 = [ =D + =S =0,

Similar results hold for »2.

Consequently, we can construct the first stages of the embedding. The final stage is to run
from b and b to embed the remaining mass. Of course, it does not matter exactly how we do
this from the optimality point of view, since these paths have already struck both barriers, but
we do need to check that the embedding is possible. It is clear that the means and probabilities
match, but unlike the previously considered cases, we now have initial mass in two places, and
the existence of a suitable embedding is not trivial. To resolve this, we note the following:
suppose we can find a point z* € (p+(p—(0)), p—(p+(0))) such that v*({b}) = u((p+ (), z*)).
Then because pp((p+(00), p—(p+(c0)))) = b, we can find z; € (p4(00),2*) such that the

measure
3

V2 = 11l (00),z0) + (VH{BY) = 1l(p4(00), 21)))62
has barycenter b. There is a similar construction for v*, a point zp which will embed mass
from v2 at b to p on (22, p_(0)), and an atom at z*. In the final stage, we can then embed
the mass from z* to (z1, 22).

It remains to show that we can find such a point z*. To do this, we check that there is
sufficient mass being stopped at b at the end of the second step (i.e., paths which have first
hit b and then b). Specifically, we need to show that

DL (p-(0),00)) 2 pl(p+ ()1 (o (O)))
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Rearranging and using the definitions of the functions p; and p_, this is equivalent to

0 —(0)
<%—@>2/‘ <u—@umm—1/p (u— B)yu(du)
p

e p+(p—(0))

>

/ (u — b) p(du)
(p+(00),p4(p—(0)))U(p—(0),00)

> (S0 —b) —/ (u — b) p(du).
(0,0 (00))U(p+ (- (0)),0— (0))

Using the definitions of the appropriate functions, this can be seen to be equivalent to

p—(p+(0))
og/’ (u — b) p(dy),
p+(p—(0))

which follows since py(p—(0)) > b. The construction of the appropriate stopping time, and
its optimality, follow as previously. This ends the proof of Theorem 2.2. M

In order to prove Theorem 2.4 we start with an auxiliary lemma.

Lemma 4.5. Either we may construct an embedding of u under which the process never hits
both b and b, or

(4.11) inf{v € [b,b] : ¥(v) < oo} > inf{v € [b,b] : O(v) > —oc0},
(4.12) sup{v € [b,b] : ¥(v) < 0o} > sup{v € [b,b] : O(v) > —o0},
and we may then write

(4.13) v =inf{v € [b,b] : ¥(v) < oo} < sup{v € [b,b] : O(v) > —x} =7,

where v,T are given in (2.37).

Proof. We begin by showing that if §(v) = —oo for all v € [b,b], then there exists an
embedding of p which does not hit both b and b.

For w > b, define a, (w) to be the mass that must be placed at b in order for the barycenter
of this mass plus p on (b, w) to be b, so that a,(w) satisfies

o (w)b + /bw wp(du) = b (on(w) + p((b,w))).

It follows that a.(w) exists, although there is no guarantee that it is less than 1 — u((b, w)).
In addition, define 8*(w) to be

/WWZm%ﬁﬂM%/ Cupldw =b [ mm%.
(b,)U(b,w) (b,)U(b,w)

If this is finite, then it is the point at which ug((b, 3*(w)) U (b,w)) = b. Note also that 3*(w)
is increasing as a function of w and is continuous when g*(w) < co. Define

p((b, w)) + v(w),
p*(w) = p((b, B (w)) U (b, w)).

s

*

£
I
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Suppose initially that 8*(w) < b for all w > b. Then we may assign the following in-
terpretations to these quantities: p.(w) is the smallest amount of mass that we can start at
b and run to embed p on (b,w), (b,-) and an atom at b, and p*(w) is the largest amount
of mass that we may do this with; the smallest amount is attained by running all the mass
below b to b, while the largest probability is attained by running all this mass to (b, 5*(w)).
The assumption that 3*(w) < b implies that this upper bound does not run out of mass to
embed. Moreover, by adjusting the size of the atom at b, we can embed an atom of any size
between p,(w) and p*(w) from b in this way. Recalling the definition of §(v), we conclude

that there exists v such that 6(v) = w if and only if p.(w) < SEO__bQ < p*(w). Finally, note

that the functions p.(w) and p*(w) are both increasing in w, and further that p, (b) = 0.
Consequently, if there is no v such that #(v) > —oo, and if 5*(w) < b for all w > b, we must

have p*(00) := limy, 00 p*(w) < ”%O__bl—’.
So suppose p*(oc0) < %0__5. We now construct an embedding as follows: from Sy, we

initially run to either b or
So — p*(c0)b

b, = .
1 —p*(c0)

Since p*(o0) < = (b, So), and the probability that we hit b before b, is p*(cc). In

addition, by the definition of 3*(w), we deduce that the set (b, 5*(c0)] U [b,00) is given mass
p*(00) by p, and that the barycenter of 4 on this set is b. We may therefore embed the paths
from b to this set, and the paths from b, to the remaining intervals, [0,b] U (3*(c0),b), and we
note that no paths will hit both b and b.

Suppose instead that 8*(wg) = b for some wg, with p*(wg) < SO

b (If the latter condition

does not hold, then using the fact that §*(w) is left-continuous and increasing, we can find

a w such that f*(w) < b and p*(w) = SBO__bQ, and therefore, by the arguments above, there

exists v with 6(v) > —00.) We may then continue to construct measures with barycenter b,
which are equal to p on (b, w) for w > wy and have a compensating atom at b. As we increase

w, eventually either w reaches oo or the mass of the measure reaches %0__5. In the latter

case, we know #(b) = w, contradicting #(v) = —oo for all v € [b,b]. So consider the former
case: we obtained that the measure which is ,u on (b,00) with a further atom at b to give
barycenter b has total mass (p, say) . We show that this is impossible: divide p

into its restriction to (0, z) and [z, c0), Where 2 is chosen so that u([z,00)) = p. Then z < b,
and the barycenter of the restriction to [z,00) is strictly smaller than the barycenter of the
measure with the mass on [z,b) placed at b, which is the measure described above and which
has barycenter b. Additionally, the barycenter of the lower restriction of 1 must be strictly
smaller than . Moreover, we may calculate the barycenter of y by considering the barycenter
of the two restrictions; since p has mean (and therefore barycenter) Sp, we must have

b— Sy  So—b
So = (1 = p)up((0,2)) + pup([z,00)) < (1 — )b+pb<95_b°+b5° ;= S

which is a contradiction.
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We conclude that, if {v € [b,b] : (v) > —oo} is empty, there is an embedding of y which
does not hit both b and b. A similar result follows for 1(v). In particular, if we assume that
there is no such embedding, then there exists v such that 1(v) < oo, and (not necessarily the
same) v such that 6(v) > —oco. We now wish to show that (4.11) holds. Suppose not. Then

v, :=inf{v € [b,b] : Y(v) < o0} < inf{v € [b, ] : O(v) > —o0} =: v*.

Moreover, we can deduce from the definition of §(v) that since v* > b, we must have §(v*) = oco.
Now consider the barycenter of the measure which is taken by running from Sy to b and b,
and then from b to (¢(v.),b) U (v, b), with a compensating mass at b, so that the measure has
barycenter b, and from b to (b, v*)U(b, §(v*)) = (b, v*)U(b, 00), with a compensating mass at b,
so that the measure has barycenter b. Then the whole law of the resulting process must have
mean Sy, since this can be done in a uniformly integrable way, but the resulting distribution
is at least p on (¢(vy),00) (it is twice p on (vy,v*), has atoms at b and b, and is i elsewhere),
and zero on (0, (v4)), so must have mean greater than Sp, which is a contradiction. A similar
argument shows (4.12). Hence, we may conclude (still under the assumption that there is no
embedding which never hits both b and b) that the equalities in (4.13) hold. It remains to
show the inequality when v,7 € (b,b). However, this is now almost immediate: the forms of

U,v imply that p gives mass bIS_—iO to the set (1(v),b) U (v,b) and gives mass 2°=> to the set

b— b
(b,0) U (b,0(D)). If ¥ < v, this implies that u gives mass 1 to the set (¢(v),?) U (v,0(7))
[0,00), contradicting the positivity of . M

Proof of Theorem 2.4. From Lemma 4.5 case and the last statement of the theorem
follow. Assume from now on that v < 7. We note first that ¢ (v) and 6(v) are both continuous
and decreasing on [v, 7], and consequently x(v) is also continuous and decreasing as a function
of v on [v,7]. It follows that the three cases x(v) < v, k() > 7, and the existence of vy € [v, V]
such that x(vg) = vy are exclusive and exhaustive. We consider each case separately:

Suppose that there exists vy € [v, 7] such that x(vg) = vg. By the definition of ¥ (v),
we can run all the mass initially from Sy to {b,b} and then embed (in a UI way) from b to
(¢(v0), b)U (v, b) and a compensating atom at b with the remaining mass, and similarly from b
to (b,v9) U (b, 0(vp)) with an atom at b. The mass now at b and b can then be embedded in the
remaining tails in a suitable way—the means and masses must agree, since the initial stages
were embedded in a Ul manner, and the remaining mass all lies outside [b, b]. We denote by
7 the stopping time which achieves the embedding.

Now we compare both sides of the inequality in (2.10), where we choose K1 = 6(vg), Ko =
¥ (vg), and therefore, as a consequence of the definition of x(v), we also have K3 = vy. The key
observation is now that the mass is stopped only at points where the inequality is an equality:
mass which hits b initially either stops in the interval (b, K3) U (b, K1), when there is equality
n (2.10), or it goes on to hit b, and from this point also continues to the tails (0, Ka)U (K71, 00),
where there is again equality between both sides of (2.10). Taking expectations on the RHS
of (2.10), we get the terms on the RHS of (2.38), and we conclude that (2.38) holds in the
market model S; := Bmﬁ'

Suppose now that #(7) > 7. Then we must have 7 = sup{v € [b, b] : O(v) > —o0} by
Lemma 4.5, and then 7 < k(v) < b. So, by the definition of §(v), since T exists and is less
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than b, we must have

[ () =5 and ()0 Gom) = 2
(b,0)U(b,0(v))

b—b b—b’

and we can embed from b (having initially run to {b,b}) to (b,7) U (b,0(7)) without leaving

an atom at b. Similarly, we can also run from b to (¢(v),b) U (v,b) with an atom at b. The
atom can then be embedded in the tails (0,1(7)) U (6(7),00) in a Ul manner. We now need
to show that when we take K3 =7, K1 = 0(7), and Ky = ¢(T) we get the required equality
n (2.39). The main difference from the above case occurs in the case where we hit b initially
and then hit b: we no longer need equality in (2.10), since this no longer occurs in our optimal
construction; however, what remains to be checked is that the inequality does hold on this

set. Specifically, we need to show that
1> a9+ Oél(Kg — So) — (043 — a3 + al)(Kg — 5) + (043 — ag)(Kg — Q)

Using (2.20) and (2.25), we see that this occurs when

(K3 — IO) (K1 —b) _
(b— Ko)(K) — K3) —

which rearranges to give

Ki—b b— K>

K3 <b = +b = .
(K1 —b)+(b—Kz) “(Ki—b)+(b—Kz)

This is satisfied by our choice of T as K3, and K7 = 0(v), Ko = ¢(7).

This is symmetric to case . ]
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Optimal Execution in a General One-Sided Limit-Order Book*
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Abstract. We construct an optimal execution strategy for the purchase of a large number of shares of a financial
asset over a fixed interval of time. Purchases of the asset have a nonlinear impact on price, and this is
moderated over time by resilience in the limit-order book that determines the price. The limit-order
book is permitted to have arbitrary shape. The form of the optimal execution strategy is to make
an initial lump purchase and then purchase continuously for some period of time during which the
rate of purchase is set to match the order book resiliency. At the end of this period, another lump
purchase is made, and following that there is again a period of purchasing continuously at a rate set
to match the order book resiliency. At the end of this second period, there is a final lump purchase.
Any of the lump purchases could be of size zero. A simple condition is provided that guarantees
that the intermediate lump purchase is of size zero.

Key words. optimal execution, limit-order book, price impact
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1. Introduction. We consider optimal execution over a fixed time interval of a large asset
purchase in the face of a one-sided limit-order book. We assume that the ask price (sometimes
called the best ask price) for the underlying asset is a continuous martingale that undergoes
two adjustments during the period of purchase. The first adjustment is that orders consume
a part of the limit-order book, and this increases the ask price for subsequent orders. The
second adjustment is that resilience in the limit-order book causes the effect of these prior
orders to decay over time. In this paper, there is no permanent effect from the purchase we
model. However, the temporary effect requires infinite time to disappear completely.

We assume that there is a fixed shadow limit-order book shape toward which resilience
returns the limit-order book. At any time, the actual limit-order book relative to the mar-
tingale component of the ask price has this shape but with some left-hand part missing due
to prior purchases. An investor is given a period of time and a target amount of asset to be
purchased within that period. His goal is to distribute his purchasing over the period in order
to minimize the expected cost of purchasing the target. We permit purchases to occur in
lumps or to be spread continuously over time. We show that the optimal execution strategy
consists of three lump purchases, one or more of which may be of size zero, i.e., does not
occur. One of these lump purchases is made at the initial time, one at an intermediate time,

“Received by the editors February 8, 2010; accepted for publication (in revised form) December 14, 2010;
published electronically March 9, 2011.

http://www.siam.org/journals/sifin/2/78534.html

TDepartment of Mathematical Sciences, Carnegie Mellon University, Pittsburgh, PA 15213 (spredoiu@andrew.
cmu.edu, shreve@andrew.cmu.edu). The third author's research was partially supported by the National Science
Foundation under grant DMS-0903475.

fDepartment of Mathematics and Statistics, Carleton University, Ottawa, ON, K1S 5B6, Canada (gennady@
math.carleton.ca).

183



184 S. PREDOIU, G. SHAIKHET, AND S. SHREVE

and one at the final time. Between these lump purchases, the optimal strategy purchases at
a constant rate matched to the limit-order book recovery rate so that the ask price minus
its martingale component remains constant. We provide a simple condition under which the
intermediate lump purchase is of size zero (see Theorem 4.2 and Remark 4.4).

Bouchaud, Farmer, and Lillo [9] provide a survey of the empirical behavior of limit-order
books. Dynamic models for optimal execution designed to capture some of this behavior
have been developed by several authors, including Bertsimas and Lo [8], Almgren and Chriss
[6, 7], Grinold and Kahn [15] (Chapter 16), Almgren [5], Obizhaeva and Wang [10], and
Alfonsi, Fruth, and Schied [1, 4]. Trading in [8] is on a discrete-time grid, and the price
impact of a trade is linear in the size of the trade and is permanent. In [8], the expected-
cost-minimizing liquidation strategy for an order is to divide the order into equal pieces, one
for each trading date. Trading in [6, 7] is also on a discrete-time grid, and there are linear
permanent and temporary price impacts. In [6, 7], the variance of the cost of execution is
taken into account. This leads to the construction of an efficient frontier of trading strategies.
In [15] and [5], trading takes place continuously, and finding the optimal trading strategy
reduces to a problem in the calculus of variations.

Other authors focus on the possibility of price manipulation, an idea that traces back
to Huberman and Stanzl [16]. Price manipulation is a way of starting with zero shares
and using a strategy of buying and selling so as to end with zero shares while generating
income. Gatheral, Schied, and Slynko [13] permit continuous trading and use an integral
of a kernel with respect to the trading strategy to capture the resilience of the book. In
such a model, Gatheral [12] shows that exponential decay of market impact and absence of
price manipulation opportunities are compatible only with linear market impact. In [14], this
result is reconciled with the nonlinear market impact in models such as [2, 3, 4] and this
paper. Alfonsi, Schied, and Slynko [3] discover in a discrete-time version of the model of [13]
that, even under conditions that prevent price manipulation, it may still be optimal to execute
intermediate sells while trying to execute an overall buy order, and they provide conditions
to rule out this phenomenon.

For the type of model we consider in this paper, based on a shadow limit-order book, Al-
fonsi and Schied [2] show that price manipulation is not possible under very general conditions.
Furthermore, it is never advantageous to execute intermediate sells while trying to execute an
overall buy order. In [2], trading takes place at finitely many stopping times, and execution
is optimized over these stopping times. In the present paper, where trading is continuous, we
do not permit intermediate sells. This simplification of the model is justified by Remark 3.1,
which argues that intermediate sells cannot reduce the total cost.

The present paper is inspired by Obizhaeva and Wang [10], who explicitly model the one-
sided limit-order book as a means of capturing the price impact of order execution. Empirical
evidence for the model of [10] and its generalizations by Alfonsi, Fruth, and Schied [1, 4] and
Alfonsi and Schied [2] are reported in [1, 2, 4, 10]. In [10] and [1], the limit-order book has a
block shape, and in this case the price impact of a purchase is linear, the same as in [8, 7].
However, the change of mindset is important because it focuses attention on the shape of the
limit-order book as the determinant of price impact, rather than making assumptions about
the price impact directly. This change of mindset was exploited in [2, 4], where more general
limit-order book shapes are permitted, subject to the condition discussed in Remark 4.4.
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In [2, 4], trading is on a discrete-time grid, and it is shown that for an optimal purchasing
strategy all purchases except the first and last ones are of the same size. Furthermore, the size
of the intermediate purchases is chosen so that the price impact of each purchase is exactly
offset by the order book resiliency before the next purchase. Similar results are obtained in
[2], although here trades are executed at stopping times.

In contrast to [2, 4, 10], we permit the order book shape to be completely general. However,
in our model all price impact is transient; [4, 10] also include the possibility of a permanent
linear price impact. In contrast to [2, 4], we do not assume that the limit-order book has a
positive density. It can be discrete or continuous and can have gaps. In contrast to [2, 4, 10],
we permit the resilience in the order book to be a function of the adjustments to the martingale
component of the ask price. Weiss [18] argues in a discrete-time model that this conforms
better to empirical observations.

Finally, we set up our model so as to allow for both discrete-time and continuous-time
trading, whereas [4, 10] begin with discrete-time trading and then study the limit of their
optimal strategies as trading frequency approaches infinity. The simplicity afforded by a fully
continuous model is evident in the analysis below. In particular, we provide constructive
proofs of Theorems 4.2 and 4.5 that describe the form of the optimal purchasing strategies.

Section 2 of this paper presents our model. It contains the definition of the cost of
purchasing in our more general framework, and that is preceded by a justification of the
definition. Section 3 shows that randomness can be removed from the optimal purchasing
problem and reformulates the cost function into a convenient form. In section 4, we solve the
problem, first in the case that is analogous to the one solved by [4] and then in full generality.
Sections 4.1 and 4.3 contain examples.

2. The model. Let T be a positive constant. We assume that the ask price of some
asset, in the absence of the large investor modeled by this paper, is a continuous nonnegative
martingale A;, 0 < ¢t < T, relative to some filtration {F; }o<;<7 satisfying the usual conditions.
We assume that

0<t<T

(2.1) E [ma_x At] < 0.

We show below that for the optimal execution problem of this paper one can assume without
loss of generality that this martingale is identically zero. We make this assumption beginning
in section 3 in order to simplify the presentation.

For some extended positive real number M, let p be an infinite measure on [0, M) that
is finite on each compact subset of [0, M). Denote the associated left-continuous cumulative
distribution function by

F(z) £ p([0,2)), = >0.

This is the shadow limit-order book, in the sense described below. We assume F(z) > 0
for every x > 0. If B is a measurable subset of [0, M), then, in the absence of the large
investor modeled in this paper, at time ¢ > 0 the number of limit orders with prices in
B+ A; 2 {b+ A;;b € B} is u(B).

There is a strictly positive constant X such that our large investor must purchase X
shares over the time interval [0, T]. His purchasing strategy is a nondecreasing right-continuous
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adapted process X with X7 = X. We interpret X; to be the cumulative amount of purchasing
done by time . We adopt the convention Xg_ = 0, so that Xy = A Xy is the number of shares
purchased at time zero. Here and elsewhere, we use the notation AX; to denote the jump
X; — Xy_ in X at time t.

The effect of the purchasing strategy X on the limit-order book is determined by a re-
silience function h, a strictly increasing, locally Lipschitz function defined on [0,00) and
satisfying

=l

(2.2) h(0) =0, h(oco) £ lim h(zx) >

T—00

The function h together with X determines the volume effect process' E satisfying
t

(2.3) B =X, — / WEy)ds, 0<t<T.
0

It is shown in Appendix A that there is a unique nonnegative right-continuous finite-variation
adapted process E satisfying (2.3). As with X, we adopt the convention Ey_ = 0. We note
that AX; = AFE; for 0 <t <T.

Let B be a measurable subset of [0, M). The interpretation of E is that, in the presence
of the large investor using strategy X, at time ¢ > 0 the number of limit orders with prices
in B+ A(t) is p(B), where i is the o-finite infinite measure on [0, M) with left-continuous
cumulative distribution function (F(z) — E;)™, # > 0. In other words, F; units of mass have
been removed from the shadow limit-order book . In any interval in which no purchases are
made, (2.3) implies %Et = —h(E;). Hence, in the absence of purchases, the volume effect
process decays toward zero and the limit-order book tends toward the shadow limit-order
book wu, displaced by the ask price A.

To calculate the cost to the investor of using the strategy X, we introduce the following
notation. We first define the left-continuous inverse of F',

Y(y) 2 sup{z > 0|F(z) <y}, y>0.

We set 9(0) = (0+) = 0, where the second equality follows from the assumption that
F(x) > 0 for every x > 0. The ask price in the presence of the large investor is defined to be
A; + Dy, where

(2.4) Dy 2 p(Ey), 0<t<T.

This is the price after any lump purchases by the investor at time ¢ (see Figure 1). We give
some justification for calling A; + D; the ask price after the following three examples.
Ezample 2.1 (block order book). Let ¢ be a fixed positive number. If ¢ is the density of
shares available at each price, then for each x > 0 the quantity available at prices in [0, z]
is F'(x) = qx. This is the block order book considered by [10]. In this case, ¥(y) = y/q and

F(i(y)) =y for all y > 0.

!The case that resilience is based on price rather than volume is also considered in [2, 4].
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Figure 1. Limit-order book at time t. The shaded region corresponds to the remaining shares. The white
area E. corresponds to the amount of shares missing from the order book at time t. The current ask price is
At + Dt.

Figure 2. Density and cumulative distribution of the modified block order book.

Ezample 2.2 (modified block order book). Let 0 < a < b < oo be given, and suppose

z, 0<x<a,
(2.5) F(z)=( a, a<z<b,
z—(b—a), b<z< 0.

This is a block order book, except that the orders with prices between a and b are not
present (see Figure 2). In this case,

_J 0<y<a,
(26) ¢(y)_{y+b—a, a<y< oo.

We have F(¢(y)) =y for all y > 0.
Ezample 2.3 (discrete order book). Suppose that

(2.7) F(x) = Zﬂ(i,w) (x), =>0,
=0

which corresponds to an order of size 1 at each of the nonnegative integers (see Figure 3).
Then

i=1
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Figure 3. Measure and cumulative distribution function of the discrete order book.

For every nonnegative integer j, we have F(j) = j, F(j+) =7+ 1, ¥(j + 1) =4, v(j+) = 7,
F((j)+) = j, and $(F(j)+) = j.

We return to the definition of the ask price as A;+ D; to provide some justification, leading
up to Definition 2.4, for the total cost of a purchasing strategy. Suppose, as in Example 2.2,
F is constant on an interval [a,b] but strictly increasing to the left of a and to the right of
b. Let y = F(x) for a < x < b. Then ¥(y) = a and ¢(y+) = b. Suppose, at time t, we
have E; = y. Then D; = a, but the measure j; assigns mass zero to [a,b). The ask price is
A; + Dy, but there are no shares for sale at this price, nor in an interval to the right of this
price. Nonetheless, it is reasonable to call A; + Dy the ask price for an infinitesimal purchase
because if the agent will wait an infinitesimal amount of time before making this purchase,
shares will appear at the price A; + D; due to resilience. We make this argument more precise.

Suppose the agent wishes to purchase a small number € > 0 shares at time ¢ at the ask
price A; + D;. This purchase can be approximated by first purchasing zero shares in the time
interval [t,t 4 d], where ¢ is chosen so that fttM h(Es)ds = ¢ and

Es:Xt—/ W(E)du, t<s<t+s.
0

In other words, Es for t < s < t+ 4 is given by (2.3) with X held constant (no purchases)
over this interval. With ¢ chosen this way, F;, 5_ = Ep —¢. Resilience in the order book
has created ¢ shares. Suppose the investor purchases these shares at time t + ¢, which means
that AXy1 s = AF; 5 = ¢ and Ey s = E;. Immediately before the purchase, the ask price is
Apis + (B — €); immediately after the purchase, the ask price is Aiy5 + Y(E;) = Aits + a.
The cost of purchasing these shares is

(29) EAH_(S—F/W(E_ ) }fd(F(f)—Et—i‘E)"‘

Because f[zp(Et—a),a] d(F(§)—Ei+¢e)t = ¢, the integral in (2.9) is bounded below by e (E; —¢)

and bounded above by €a. But a = (F;) = D; and 9 is left continuous, so the cost per share
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obtained by dividing (2.9) by & converges to A; + a = A; + Dy as ¢ (and hence §) converges
down to zero.

On the other hand, an impatient agent who does not wait before purchasing shares could
choose a different method of approximating an infinitesimal purchase at time ¢ that leads to a
limiting cost per share A; + b. In particular, it is not the case that our definition of ask price
is consistent with all limits of discrete-time purchasing strategies. Our definition is designed
to capture the limit of discrete-time purchasing strategies that seek to minimize cost.

To simplify calculations of the type just presented, we define the functions

(2.10) ple)= [ €dF(E), =>0,
[0,2)

(2.11) D(y) = (V) + [y —FWw)]|vy), y=>0.

We note that ®(0) = 0, and we extend ® to be zero on the negative half-line. In the absence
of the large investor, the cost one would pay to purchase all the shares available at prices in
the interval [A(t), A(t) + x) at time ¢ would be A(t) + ¢(z). The function ®(y) captures the
cost, in excess of A;, of purchasing y shares in the absence of the large investor. The first
term on the right-hand side of (2.11) is the cost less A; of purchasing all the shares with prices
in the interval [A;, Ay + ¥(y)). If F has a jump at 9(y), this might be fewer than y shares.
The difference, y — F(1(y)) shares, can be purchased at price A; + 1(y), and this explains
the second term on the right-hand side of (2.11). We present these functions in the three
examples considered earlier.

Ezample 2.1 (block order book, continued). We have simply ¢(z) = ¢ [; £d€ = 122 for all
z >0, and ®(y) = Y?(y) = %y2 for all y > 0. Note that ® is convex and ®'(y) = ¥(y)
for all y > 0, including at y = 0 because we define ® to be identically zero on the negative
half-line.

Ezample 2.2 (modified block order book, continued). With F' and v given by (2.5) and
(2.6), we have

1
53:2, 0<z<a,
pla) = %az, a<xz<hb,
L 5 2 2
i(x +a*—0b%), b<z<oo,
and
14
q)( ) §y ’ 0 S Yy S a,
y =
1 2 2 2
5((y+b—a) +a*—b%), a<y<oo.
Note that ® is convex with subdifferential
{y}, 0<y<a,
. = a = Q
(2.12) 02(y) a, D], y = a,

{y+b—a}, a<y<oo.
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Figure 4. Functions ® and ¢ for the modified block order book with parameters a =4 and b = 14.

In particular, 0®(y) = [¢(y), ¥ (y+)] for all y > 0 (see Figure 4).
Ezample 2.3 (discrete order book, continued). With F' given by (2.7), we have ¢p(x) =
Yoo ill(j 00y (). In particular, ¢(0) = 0, and for integers k > 1 and k —1 <z <k,

E

pla) =) i=

=

k(k — 1)
-

~
Il
o

For 0 <y <1, ¥(y) = 0 and hence ¢(¢(y)) = 0, [y — F(¢(y))]¥(y) = 0, andkf(lz(yl)) = 0. For

integers k > 1 and k <y < k+ 1, (2.8) gives ¥(y) = k, and hence p(¥(y)) = . Finally,
for y in this range, [y — F(¢(y))]¢¥(y) = k(y — k). We conclude that

- 1,1
(2.13) Qy)=)> k (y — 5k - 5) Tk it 1) (y)-

k=1
For each positive integer k, ®(k—) = ®(k+) = 3k(k — 1), so ® is continuous. Furthermore,
0®(k) = [k — 1,k] = [¢(k),¥(k+)]. For nonnegative integers k and k < y < k+ 1, ®'(y)

is defined and is equal to ¢ (y) = k. Furthermore, ®'(0) = ¢(0) = 0. Once again we have
0®(y) = [¢(y), ¥(y+)] for all y > 0, and because 1) is nondecreasing, ® is convex (see Figure
5).

We decompose the purchasing strategy X into its continuous and pure jump parts X; =
Xi+ Zog s<t AX;. The investor pays price A; + Dy for infinitesimal purchases at time ¢, and

hence the total cost of these purchases is fOT(At—i—Dt) dXf. On the other hand, if AX; > 0, the
investor makes a lump purchase of size AX; = AE; at time t. Because mass F;_ is missing in
the shadow order book immediately prior to time ¢, the cost of this purchase is the difference
between purchasing F; and purchasing F;_ from the shadow order book, i.e., the difference
in what the costs of these purchases would be in the absence of the large investor. Therefore,
the cost of the purchase AX; at time t is A,AX; + ®(F;) — ®(E;—). These considerations lead
to the following definition.
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Figure 5. Functions ® and v for the discrete order book.

Definition 2.4. The total cost incurred by the investor using purchasing strategy X over the
interval [0, T is

o) & /0 D Dydxe 4 Y [AAKX, +0(E) - o(E )
0<t<T

(2.14) / DydXi+ > [@ (E,-)] + Ay dX;.
0<t<T [0,T]

Our goal is to determine the purchasing strategy X that minimizes EC(X).

3. Problem simplifications. To compute the expectation of C'(X) defined by (2.14), we
invoke the integration by parts formula

T
/ ArdXy = Ap Xp — ApXo— — / X dA;
[0,7] 0

for the bounded variation process X and the continuous martingale A. Our investor’s strate-
gies must satisfy 0 = Xo_ < X; < Xp = X, 0 <t < T, and hence EfOT X;dAy = 0 (see
Appendix B) and E fOT A dX, = XEAr = X Ap. It follows that

(3.1) / DidX;+E > [® O(Er-)] + X Ao.
0<t<T

Since the third term on the right-hand side of (3.1) does not depend on X, minimization of
EC(X) is equivalent to minimization of the first two terms. But the first two terms do not
depend on A, and hence we may assume without loss of generality that A is identically zero.
Under this assumption, the cost of using strategy X is

(3.2) / Didxi+ S [@(E) - o(B;).

0<t<T
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But, with A = 0, there is no longer a source of randomness in the problem. Consequently,
without loss of generality we may restrict the search for an optimal strategy to nonrandom
functions of time. Once we find a nonrandom purchasing strategy minimizing (3.2), then even
if A is a continuous nonzero nonnegative martingale, we have found a purchasing strategy
that minimizes the expected value of (2.14) over all (possibly random) purchasing strategies.

Remark 3.1. We do not allow our agent to make intermediate sells in order to achieve the
ultimate goal of purchasing X shares because doing so would not decrease the cost, at least
when the total amount of buying and selling is bounded. Indeed, in addition to the purchasing
strategy X, suppose the agent has a selling strategy Y, which we take to be a nondecreasing
right-continuous adapted process with Yy = 0. We assume that both X and Y are bounded.
For each t, X; represents the number of shares bought by time ¢ and Y; is the number of
shares sold. These processes must be chosen so that X7 — Y7 = X. We have not modeled the
limit-buy-order book, but if we did so in a way analogous to the model of the limit-sell-order
book, then the bid price at each time ¢t would be less than or equal to A;. Therefore, the net
cost of executing the strategy (X,Y") would satisfy

XY / Dthc+ Z Et )] /[OT]Atht—/[OT}AtdY;.

0<t<T

The integration by parts formula implies
T
/ Ay dX, — / A dY, = Ap(Xp — Yp) — Ag(Xo- — Yo ) — / (Xy —Y,)dA,;
[0,7] [0,7] 0
o T
= ArX —/ (Xt — Vi) dA;.
0

Because we can apply Lemma B.1 to both X and Y, the expectation of fOT (X: —Y;)dA; is
zero and

(3.3) EC(X,Y) >E/ DydX{+E > [®(E;) — (E-)] + X Ap.
0<t<T

The right-hand side of (3.3) is the formula (3.1) obtained for the cost of using the purchasing
strategy X alone, but the X in inequality (3.3) makes a total purchase of X7 = X + Yy > X.
If we replace X by min{X, X}, we obtain a feasible purchasing strategy whose total cost is
less than or equal to the right-hand side of (3.3).

Theorem 3.2. Under the assumption (made without loss of generality) that A is identically
zero, the cost (3.2) associated with a nonrandom nondecreasing right-continuous function Xy,
0 <t<T, satisfying Xo— =0 and X7 = X is equal to

T
(3.4) C(X) = ®(Br) + /O Dih(Ey) dt.

Proof. The proof proceeds in two steps. In Step 1 we show that, as we have seen in the
examples, @ is a convex function with subdifferential

(3.5) 00(y) = [Y(y), ¥(y+)], y=0.
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In Step 2 we justify the integration formula

(3.6) B(Er) = / D®(E)dE + Y [B(B) - B(E)],

0<t<T

where D~ ®(FE};) denotes the left-hand derivative ¥(E;) = D; of ® at E;, and E° is the
continuous part of E: Ef = Ep — o oy AEs. From (2.3) and (3.6) we have immediately
that .
oEr) = [ Diax;- [ DBy Y [B(E) - b5,
[0,7] 0 oS

and (3.4) follows from (3.2).

Step 1. Using the integration by parts formula zF(z) = f[o ) EAF (&) + [; F(&)dE, we
write

B(y) = / EAF(E) + [y — FO(@)b ()
[0,%(y))

»(y)
— /0 (y — F(€)) de

v(y) ry

- / / dn dé
0 F(¢)
y  r(n)

- / / dedn,
0 0

where the last step follows from the fact that the symmetric difference of the sets {(n,§)|¢ €
[0,9(y)],n € [F(£),y]} and {(n,§)In € [0,4],§ € [0,4(n)]} is an at most countable union of
line segments and thus has two-dimensional Lebesgue measure 0. Therefore,

(3.7) B(y) = /0 " y(n) dn,

and by Problem 3.6.20 on p. 213 of [17], with ¢ and ® extended to be 0 for the negative reals,
we conclude that ® is convex and that 0®(y) = [¢(y), ¥ (y+)], as desired.

Step 2. We mollify ¢, taking p to be a nonnegative C*° function with support on [—1, 0]
and integral 1, defining p,(n) = np(nn), and defining

- / Wy + n)on(n) dn = / D) pu(C — y) dC.
R R

Then each v, is a C*° function satisfying 0 < ¢n( ) < 9(y) for all y > 0. Furthermore,
¥(y) = limy,— 00 ¥ (y) for every y € R. We set &, ( fo ¥n(n) dn, so that each ®,, is also a
C* function and lim, ., ®),(y) = D~ ®(y).

Because ®,,(Ep_) = ®(0) = 0, we have

T
(3:) O(Br) = [ BB+ 3 @u(E) - alBi )

0<t<T



194 S. PREDOIU, G. SHAIKHET, AND S. SHREVE

see, e.g., [11, p. 78]. The function E;, 0 < ¢t < T, is bounded. Letting n — oo in (3.8) and
using the bounded convergence theorem, we obtain

T
(3.9) O(Ep) = / D™ ®(Ey) dE; + lim Z [©,(Ey) — @ (Fr—)].
0 n—o00 0SieT

To conclude the proof of (3.6), we divide the sum in (3.9) into two parts. Given ¢ > 0, we
define S5 = {t € [0,7] : 0 < AE; < 6} and S = {t € [0,7] : AE; > §}. The sum in (3.9) is
over t € S5 U S§, and because E has finite variation, ZtGS&US:S AFE; < co. Let € > 0 be given.
We choose ¢ > 0 so small that 3, ¢ AFE; < e. Because ¢ (and hence each 1) is bounded on
[0, E7], the function ® and each ®,, is Lipschitz continuous on [0, E7] with the same Lipschitz
constant L = ¢(E7). It follows that

S [@E) - ®(E)] <L) AE, < Le,

teSs teSs
> [@n(By) — ®p(B)] LY AE, < Le, n=12,....
teSs teSs

Hence the difference between _, . [®(E;) — ®(E;-)] and any limit point as n — oo of
> tes; [®,,(E;) — ®,(E;—)] is at most 2Le. On the other hand, the set S contains only
finitely many elements, and thus

lim > [0, (E) — ©n(Br)] = Y [O(Ey) — B(E;-)].

n—o0
tesS; tess

Since € > 0 is arbitrary, (3.9) reduces to (3.6). [ ]

4. Solution of the optimization problem. In view of Theorem 3.2, we want to minimize
O(Er) + fOT Dih(E;) dt over the set of deterministic purchasing strategies. The main result
of this paper is that there exists an optimal strategy X under which the trader buys a lump
quantity Xy = Fj of shares at time 0, then buys at a constant rate dX; = h(Ey) dt up to time
to (so as to keep Ey = Ey for t € [0,tp)), then buys another lump quantity of shares at time
to, subsequently trades again at a constant rate dX; = h(Ey,) dt until time T (so as to keep
E; = Ey, for t € [tp,T)), and finally buys the remaining shares at time 7". We shall call this
strategy a Type B strategy. We further show that if the nonnegative function

(4.1) 9(y) £y (k' (y))

is convex, then the purchase at time t( consists of 0 shares (so X has jumps only at times 0
and T"). We call such a strategy a Type A strategy. Clearly the latter is a special case of the
former.

Although g is naturally defined on [0, h(c0)) by (4.1), we will want it to be defined on a
compact set. Therefore we set

ks

(4.2) Y = max {h(Y),
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and note that, because of assumption (2.2), h=! is defined on [0,Y]. We specify the domain
of the function g to be [0,Y]. For future reference, we make three observations about the
function g. First,

(4.3) lylfol 9(y) = g(0) = 0.

Second, using the definition (2.4) of D;, we can rewrite the cost function formula (3.4) as
T
(4.4) C(X)=®(Er)+ / g(h(Ey)) dt.
0

Lemma A.1(iv) in Appendix A shows that 0 < F; < X, so the domain [0,Y] of g is large
enough in order for (4.4) to make sense. Because h~! is strictly increasing and continuous and
1 is nondecreasing and left continuous, the function g is nondecreasing and left continuous
and hence lower semicontinuous. In particular,

(4.5) g(Y) =limg(y).
yty

4.1. Convexity and Type A strategies.

Remark 4.1. A Type A strategy X# can be characterized in terms of the terminal value
Ej‘i‘ of the process E4 related to X4 by (2.3), and the cost of using a Type A strategy can
be written as a function of E?. It is this function of E% we will minimize. To see that this is
possible, let X4 be a Type A strategy and let E4 be related to X via (2.3), so that Ef = X64
for 0 <t < T. Then

T
(4.6) XA —BA 4 / WEN A = X+ h(XOT,
0

(4.7) AXA =X - X4 =X - X§ — h(XMT,
Ef =E} +AX# = X - h(XMT.

A Type A strategy is fully determined by its initial condition X64, and from (4.8) we now see
that choosing X¢' is equivalent to choosing E4. According to (4.4) and (4.8), the cost of this
strategy

b'd A
(4.9) C(X*) = ®(Ey) + Tg(h(X3")) = ®(Ef) + Tg <¥>
can be written as a function of E%.
We conclude this remark by determining the range of values that E? can take for a Type
A strategy. We must choose X()4 so that X()4 >0 and X{p“_ given by (4.6) does not exceed X.
The function k(z) £ 2+ h(z)T is strictly increasing and continuous on [0, c0), and k(X) > X.
Therefore, there exists a unique & € (0, X) such that k(e) = X, i.e.,

(4.10) e+ h@)T = X.
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The constraint on the initial condition of Type A strategies that guarantees that the strategy
is feasible is 0 < X§' < €. From (4.8) and (4.10) we see that the corresponding feasibility
condition on E% for Type A strategies is

(4.11) e<FEA<X.

Theorem 4.2. If g given by (4.1) is convex on [0,Y], then there exists a Type A purchasing
strategy that minimizes C(X) over all purchasing strategies X. If g is strictly convez, this is
the unique optimal strategy.

Proof. Assume that ¢ is convex, and let X be a purchasing strategy. Jensen’s inequality
applied to (4.4) yields the lower bound

T T
C(X)=®(Er)+ T/O g(h(Et))% > ®(Er)+Tyg </0 h(Eﬁ%) .

From (2.3) we further have fOT h(E;)dt = X — Er, and thus the lower bound can be rewritten
as

X-F

(4.12) C(X) > ®(Er) + Ty (TT> .

Recall that 0 < Ep < X, so the argument of g in (4.12) is in [0, Y].
This leads us to consider minimization of the function

Gle) 2 ®(e) + Ty <7T_ e)

over e € [0, X]. By assumption, the function g is convex on [0,Y] and hence continuous on
(0,Y). Equations (4.3) and (4.5) show that g is also continuous at the endpoints of its domain.
Because ® has the integral representation (3.7), it also is convex and continuous on [0, X].
Therefore, G is a convex continuous function on [0, X], and hence the minimum is attained.

We show next that the minimum of G over [0, X] is attained in [, X|. For this, we first
observe that, because g is convex,

D¥g(y) > L;g(o) =9(h7(y), 0<y<Y.

This inequality together with (3.5) and (4.10) implies that

@13 D@ = v - D], <v@-u (0 (F55)) =0
- T
Therefore, the minimum of the convex function G over [0, X] is obtained in [e, X].

Let e* € [¢, X] attain the minimum of G over [0, X]. The Type A strategy X4 with initial
condition X' = h_l(X}e*) satisfies F4 = e* (see (4.8)), and hence the strategy is feasible
(see (4.11)). The cost associated with this strategy is less than or equal to the right-hand side
of (4.12) (see (4.9)). This strategy is therefore optimal.
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If g is strictly convex at the point X}e*, where e* minimizes G, then G is strictly convex

at e*, and this point is thus the unique minimizer of G. Therefore, every optimal strategy
strategy must satisfy Ep = e*. By strict convexity of g, a strategy that does not keep h(E)

equal to X%e* almost everywhere in (0,7') would result in strict inequality in (4.12). Since

h is strictly increasing, we conclude that the only optimal strategy is the Type A strategy
constructed above. | o

If g is not strictly convex at the point ;e* found in the proof of Theorem 4.2, then G
might still be strictly convex at e*, in which case there would be only one optimal strategy of
Type A, but there could be optimal strategies that are not of Type A. We demonstrate this
phenomenon with an example.

Ezample 4.3 (nonuniqueness of optimal purchasing strategy). Suppose

z, 0<x <2
F(z)=1{ =, 2 <z <3,
44 iz -3), z>3.

This function is continuous and strictly increasing, and hence

Y, 0<y<2
Yy)=q 4—5 2<y<4,
8y—297 y247

is also continuous and strictly increasing. This implies that

5%, 0<y<2,

Yy
q’(y):/ Y(n)dn = 4y — 6 —4log §, 2<y <4,
0 4y — 29y + 62 — 4log 2, y > 4.

We take h(x) = z, so that

Y2, 0<y<2,
9(y) =y¥(y) = § 4y —4, 2<y<A4,
8y* — 29y, y >4,
and
2y, 0<y<2,
gy =3 4 2 <y<4,

16y — 29, y > 4.

Note that ¢’ is nondecreasing, so g is convex, but g is not strictly convex on the interval [2,4].
Finally, we take X = 10% and T = 2.

In the notation of the proof of Theorem 4.2, we have e* = 4% and hence X%e* = 3. Indeed,
G (4%) = (4%) — ¢'(3) = 0, and because ¢ is strictly increasing, G is strictly convex, and
hence 4% is the unique minimizer of G.

The Type A strategy with E% = 4% begins with an initial purchase of X()4 = 3 and then

consumes at rate 3 over the interval [0,2], so that Ef* = 3 for 0 < ¢t < T. At the final time
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T = 2, there is an additional lump purchase of 1%, so that Ej‘i‘ = % The total cost of this

strategy is
T 1 2 1
@(Ejé) ‘1‘/ g(Ef) dt =o <4§> + / (4E1:/4 - 4) dt = @ <4§> + 16.
0 0

In particular, f02 Efdt = 6.
In fact, any policy that satisfies 2 < F; <4, 0 <t < 2, and f02 FE, dt = 6 will result in the
same cost. Indeed, for such a policy, we will have

8 8

T T T
= — = = A

so ®(Er) + fo (Ey)dt = ®(E#) + fOT g(E{') dt. There are infinitely many policies like this.
One such policy is to make an initial lump purchase of size 2 and then purchase at rate 2 up
to time % so that £y = 2,0 <t < %, make a lump purchase of size 1 at time % and then
purchase at rate 3 up to time % so that F; =3, 1 <t < %, make a lump purchase of size 1
at time % and then purchase at rate 4 up to time 2 so that E; = 4, % <t < 2, and conclude
with a lump purchase of size % at time 2 so that Fy = 4%.

Remark 4.4. Alfonsi, Fruth, and Schied [4] consider the case that the measure p has a
strictly positive density f. In this case, the function F(x fo €) d¢ is strictly increasing
and continuous with derivative F'(z) = f(z), and its inverse v is likewise strictly increasing
and continuous with derivative ¢/'(y) = 1/f(¢(y)). Furthermore, in [4], the resilience function

is h(z) = px, where p is a positive constant. In this case,

T 1 1
ET:XT—/ Eidt=10- -6=4- = FE7p
0

and

'y y/p
J'(y) =v(y/p) + W)

and Theorem 4.2 guarantees the existence of a Type A strategy under the assumption that ¢’
is nondecreasing. This is equivalent to the condition that

is nondecreasing.
Alfonsi, Fruth, and Schied [4] obtain a discrete-time version of a Type A strategy under
the assumption that

hi(y) = d(y) — e (e Ty)

is strictly increasing, where 7 is the time between trading dates. In order to study the limit
of their model as 7 | 0, they observe that

lim 7}11@) =
710 1 —e=PT
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which is thus nondecreasing. Thus g given by (4.1) is convex in their model.
To find a simpler formulation of the hypothesis of Theorem 4.2 under the assumption that
p has a strictly positive density f and h(x) = pzx for a positive constant p, we compute

d Y 2 yf'(v()
dy (w(y) i f(w(y))> W) Pw)

This is nonnegative if and only if 22 (@b(y)) > yf’(i,[)(y)). Replacing y by F(z), we obtain
the condition

2f2(:v) > F(z)f'(z), x>0.

This is clearly satisfied under the assumption of [10] that f is a positive constant.
Ezample 2.1 (block order book, continued). In the case of the block order book with
h(z) = pzx, where p is a strictly positive constant,

7
which is strictly convex. Theorem 4.2 implies that there is an optimal strategy of Type A,

and this is the unique optimal strategy. From the formula ®(e) = %62, we have

2 ¥ 2
e (X —e)
Gle) = —+
2q paT
The minimizer is e* = %, which lies between € = % and X, as expected. According to

Remark 4.1, the optimal strategy of Type A is to make an initial purchase of size

X —e* X
Xgt=n! =
0 < T > 2+ pT"’

then purchase continuously at rate dX/* = h(X{')dt = % dt over the time interval [0, 77,
and conclude with a lump purchase

e*—X(f‘z X
2+ T

at the final time 7. In particular, the initial and final lump purchases are of the same size,
and there is no intermediate lump purchase.

4.2. Type B strategies.

Theorem 4.5. In the absence of the assumption that g given by (4.1) is convez, there exists
a Type B purchasing strategy that minimizes C(X) over all purchasing strategies X .

The proof of Theorem 4.5 depends on the following lemma, whose proof is given in Ap-
pendix C.

Lemma 4.6. The convex hull of g, defined by

(4.14) g(y) = sup {{(y) : € is an affine function and ¢(n) < g(n) Vn € [0,Y]},
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is the largest convex function defined on [0,Y] that is dominated by g there. It is continuous
and nondecreasing on [0,Y], g(0) = g(0) = 0, and g(Y) = g(Y). If y* € (0,Y) satisfies
9(y*) < g(y*), then there exists a unique affine function £ lying below g on [0,Y] and agreeing
with § at y*. In addition, there exist numbers « and B satisfying

(4.15) 0<a<y " <pB<Y,
(4.16) la) =g(a) = g(a), L(B)=79(B) =g(B),
(4.17) Ly)=9y) <gly), a<y<p.

Proof of Theorem 4.5. Using g in place of g in (4.4), we define the modified cost function

~

T
C(X) é@(ET)Jr/O G(h(Ey)) dt.

For any purchasing strategy X, we obviously have C (X) < C(X). Analogously to (4.12), for
any purchasing strategy X, the lower bound

C(X) > ®(Er) +T§ <@>

T

holds. This leads us to consider minimization of the function

~

(4.18) Gle) 2 D(e) + TG <7T_ e)

over e € [0, X]. As in the proof of Theorem 4.2, this function attains its minimum at some
e* €0, X].
For the remainder of the proof, we use the notation

(4.19) y' = , 2t =hTHY),

where it is assumed without loss of generality that e* is the largest minimizer of G in [0, X].
There are two cases. In both cases, we construct a strategy that satisfies E:',Ef =¢* and

(4.20) C(XP) = G(e").

In the first case, the strategy is a Type A strategy, and it is Type B in the second case. In
both cases, we exhibit the strategy explicitly.

Casel. g(y*) = g(y*). It is tempting to claim that we are now in the situation of Theorem
4.2 with the convex function g replacing g. However, the proof needed here that e* > €, where
€ is determined by (4.10), cannot follow the proof of Theorem 4.2. In the proof of Theorem
4.2, this inequality was a consequence of (4. 13) which ultimately depended on the definition
(4.1) of g(€). But we have only g(€) < e (h~!(€)); we do not have an equation analogous to
(4.1) for g. We thus provide a different proof, which depends on e* being the largest minimizer
of G in [0, X].
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If z* = 0, then y* = 0, ¢* = X, and G(e*) = G(e*). The Type A strategy that waits until
the final time T and then purchases X is optimal. In particular, this strategy satisfies the
initial condition X()4 =z*.

If 2* > 0, we must consider two subcases. It could be that 0 < z* < F(0+). In this
subcase, g(y*) = g(y*) = y* ¢ (x*) = 0 because ¢y = 0 on [0, F(0+)]. But g(0) = 0 and g is
nondecreasing, so g = 0 on [0,%*]. Furthermore, z* is positive, so e* < X. For e € (e*, X),
the number X:Fe is in (0,y*), and by (3.5), DYG(e) = DT®(e) = ¥(e+). On the other hand,
e* is the largest minimizer of G in [0, X], which implies that D+@(e) > 0. This shows that
Y(e+) > 0 for every e € (e*, X), which implies that v(e) > 0 for every e € (e*, X) and further
implies that e > F(0+) for every e € (e*, X). We conclude that e* > F(0+). Applying h to
this inequality and using the subcase assumption z* < F'(0+), we obtain

X —e*

(4.21) he’) = h(F(0+)) = hia") = =—

In other words, e* + h(e*)T > X, and by the defining equation (4.10) of € we conclude that
e* > €. The corresponding optimal strategy, which is Type A, satisfies X(‘]4 = x* and E% =e*.
The proof of optimality of this strategy follows the proof of Theorem 4.2 with g replacing g.

Finally, we consider the subcase x* > F(0+4). Because y* = h(z*) is positive, the left-hand
derivative of g at y* is defined, and it satisfies

(4.22) D7g(y") = = = ¥(a").

In fact, the inequality in (4.22) is strict. It it were not, the affine function
Uy) = (") (y —y") +3(y") = yp(a*)

would describe a tangent line to the graph of g at (y*,g(y*)) lying below g(y), and hence
below g(y), for all y € [0,Y]. But the resulting inequality yi(z*) < g(y) = yv»(h~(y)) yields
Y(z*) < (h~Y(y)) for all y € (0,Y], and letting y | 0 we would conclude that v (z*) = 0.
This violates the subcase assumption z* > F(04). We conclude that D~g(y*) > ¥ (x*). The
strict inequality, the fact that e* minimizes @, and (3.5) further imply that

0 < DFG(e") = DT®(e") — D7G(y") < (e’ +) — ¥(x").
But 1(z*) < (e*+) implies that z* < e*. Consequently, h(e*) > h(z*) = 7% This is the
essential part of inequality (4.21), and we conclude as above, constructing an optimal Type
A strategy with Xg1 = z* and Ej‘i‘ =e".
Case1l. g(y*) < g(y*). Recall from Lemma 4.6 that this case can occur only if 0 < y* < Y.
In particular, x* > 0. We let £ be the affine function and « and 8 be numbers as described in
Lemma 4.6, and we construct a Type B strategy. To do this, we define to € (0,7") by

(B-y)T

(4.23) =g
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so that atg + B(T — ty) = y*T. Consider the Type B strategy that makes an initial purchase
XP = h™!(a), then purchases at rate dX? = adt for 0 < t < to (so EP = h=!(a) for
0 <t < tg), then follows this with a purchase AXJ = h='(8) — h™*(«) at time to, thereafter
purchases at rate dX? = gdt for to <t < T (so EP = h™1(B) for ty <t < T), and makes a
final purchase X — XZ at time 7. According to (2.3),

h=(a) + at, 0<t<t,
X7 =< hHB) +ato+ B(t —to), to<t<T,
X t="T.

In particular,
(4.24) AXE =X —hYB)—ato— BT —ty) =X —h*(B) —y*T = e* — L *(B).
We show at the end of this proof that
(4.25) h(B) < e*.
This will ensure that AXCJF3 is nonnegative, and since X is obviously nondecreasing on [0, 7"),
this will establish that X7 is a feasible purchasing strategy.
Accepting (4.25) for the moment, we note that (4.24) implies that

(4.26) EE = EE 4 AEE =n7'(8) + AXE = ¢*.

Using (4.4), (4.26), (4.16), the affine property of ¢, and (4.17) in that order, we compute

T
C(XB)=¢(E$)+/ g(h(EP)) dt

0
= ®(e") + g(a)to + g(B)(T" — to)
= ®(e") + L(a)to + £(B)(T —to)
= 9(e") + Tt (O‘to - ﬁT(T - t°)>
— B(e") + T(y")
— o) + T9(5")
= G(e").

This is (4.20).
Finally, we turn to the proof of (4.25). Because e” is the largest minimizer of the convex
function G in [0, X] and e* < X (because z* > 0), the right-hand derivative of G at e* must

be nonnegative. Indeed, for all e € (e*, X), this right-hand derivative must in fact be strictly

positive. For e greater than but sufficiently close to e*, X:F € is in (o, y*), where g is linear
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with slope %. For such e,
0 < DTG(e)

= D*2(e) = D7) .,

= (e+) — 9(5; : Z(OZ)
-1 ot (b~

_pen) - B2 ﬁ); ~ov(i @)
-1 — b (ht

< ofer) - 2O — a0 )

This inequality ¢ (h™(8)) < 1(e+) for all e greater than but sufficiently close to e* implies
(4.25). [ |

Remark 4.7 (uniqueness). In Case I of the proof of Theorem 4.5, when g(y*) = g(y*), strict
convexity of g at y* implies uniqueness of the optimal purchasing strategy. The proof is similar
to the uniqueness proof in Theorem 4.2.

However, in Case II, g is not strictly convex at y*. In this case, if ¢ is strictly increasing
at e* and if the affine function ¢ of Lemma 4.6 agrees with g only at « and (5, then the optimal
purchasing strategy is unique. Indeed, if ¢ is strictly increasing at e*, then ® (and hence @)
is strictly convex at e*, which implies that e* is the unique minimizer of G. In order to be
optimal, a purchasing strategy must satisfy the two inequalities

(4.27) /0 " o(h(E) dt > /0 CG(h(E)) dt > T5 ( /0 ' h(E,Q%)

with equality, as we explain below, and must also satisfy Fr = e*. When the inequalities
(4.27) hold, we can use (2.3) to obtain a lower bound on the cost of an arbitrary purchasing
strategy X by the relations

C(X)=®(Er)+ g(h(Ey))dt

The minimal cost is G(e*) = ®(e*) + TG(27%) = ®(e*) + T§(y*), and hence optimality of a
strategy requires that equality hold in both parts of (4.27). The second inequality in (4.27)
is Jensen’s inequality, and equality holds if and only if A(E:), 0 < ¢ < T, stays in the region
in which g is affine. But the average value of h(E}), % fOT h(E})dt, is equal to y*, and hence
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Figure 6. Function g for the modified block order book with parameters a = 4 and b = 14. The convex
hull g is constructed by replacing a part {g(y) ,y € (a,B)} by a straight line connecting g(a) and g(B). Here
B = 10.3246.

we cannot have h(E;) < y* for all ¢ € [0,T"), nor can we have h(E;) > y* for all t € [0,T).
Hence the region in which h(E};) stays must be the region in which g agrees with ¢. To get an
equality in the first inequality in (4.27), h(E;), 0 < ¢t < T, must stay in the region where g
agrees with g. If ¢ agrees with g only at the two points o and 3, then h(FE;), 0 <t < T, must
stay in the two-point set {a, f}. Because AE, = AX; > 0 for all ¢, there must be some initial
time interval [0,¢g) on which h(F;) = o and there must be some final time interval [tg,T") on
which h(FE;) = . In order to achieve this and to also have % fOT h(E) = y*, to must be given
by (4.23).

4.3. Examples of Type B optimal strategies.

Example 2.2 (modified block order book, continued). We continue Example 2.2 under the
simplifying assumptions 7' = 1 and h(z) = x for all x > 0, so h™'(y) = y for all y > 0 and
Y = X. Recalling (2.6) and (4.1), we see that

2
_ y7 0§y§a7
g(y)_{y2+(b—a)y, a <y < oo.

The convex hull of g over [0,00), given by (4.14), is

y27 Oﬁyga,
a(y): (2/8+b_a)(y_a)+a27 aSySB,
y2+(b_a)y7 5§y<007
where
(4.28) B=a+/alb—a)

(see Figure 6). We take X =Y > f3, so that this is also the convex hull of g over [0,Y].
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For a < y* < B, we have g(y*) < g(y). For constants o and (3 from the statement of
Lemma 4.6 (see (C.1)—(C.2) in Appendix C), we have that « of (C.1) is a, and g of (C.2) is
given by (4.28). In order to illustrate a case in which a Type B purchasing strategy is optimal,
we assume

(4.29) a+28 <X <38.
The function G of (4.18) is minimized over [0, X] at e* if and only if
0 € 0G(e*) = 0®(e*) — IG(X — ¢*),

which is equivalent to d®(e*) N dg(X — e*) # . We show below that the largest value of
e* satisfying this condition is e* = 2. According to (4.29), e* = 23 is in (X — 3,X — a).
Because > a, e* is also in (a,00). We compute (recall (2.12))

{e}, 0<e<a,
0%(e) = q la,b], e=a,
{e+b—a}, a<e<oo,
{2(Y—e)+b—a}, 0<e< X —§,
~ N {26—1—()—&}, X-pB<e<X —a,
Ig(X —e) = [2a,28 4+ b — a, e=X —a,
{2(X —¢)}, —a<e<X,

>
<

and then evaluate
0P(e*) ={e*+b—a} ={28+b—a} =0g(X —e*).

Therefore, G attains its minimum at e*.

To see that there is no e € (23, X] where G attains its minimum, we observe that for
e € (26,X —a), 00(e)NIg(X —e) ={e+b—a}nN{28+b—a} =0. For e € [X —a, X],
all points in dg(X — e) lie in the interval [0,2a], whereas the only point in d®(e), which is
e-+b—a, lies in the interval [X +b—2a, X +b—a]. Because of (4.29), we have 2a < X +b—2a,
and hence 9®(e) N IG(X —e) = () for e € [X — a, X].

As in the proof of Theorem 4.5, we set y* = X —e* = X — 28, 2* = h™ 1 (y*) = X — 2.
Condition (4.29) is equivalent to a < y* < §, which in turn is equivalent to g(y*) < g(y*).
The first inequality in (4.29) shows that z* > 0, and we are thus in Case II of the proof of
Theorem 4.5. In this case, we define

tO = =
B—a B —
The optimal purchasing strategy is
a(t +1), 0<t<to,
XP =S ato+Bt+1—1ty), to<t<l,

X, t=1.
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In particular, AXg = a, AXy, = f —a, AX; = [ (see (4.24) for the last equality). The
corresponding EP process is

a, 0<t<ty,
EB={ B, ty<t<l,
28, t=1.

The initial lump purchase moves the ask price to the left endpoint a of the gap in the
order book. Purchasing is done to keep the ask price at a until time ¢y, when another lump
purchase moves the ask price to 8 beyond the right endpoint b of the gap in the order book.
Purchasing is done to keep the ask price at 5 until the final time, when another lump purchase
is executed.

Ezample 2.3 (discrete order book, continued). We continue Example 2.3 under the sim-
plifying assumptions that 7 = 1 and h(z) = z for all > 0, so that h™'(y) = y for all
y > 0and Y = X. From (2.8) and (4.1) we see that g(0) = 0, and g(y) = ky for integers
kE>0and k <y < k+ 1. In particular, g(k) = (k — 1)k for nonnegative integers k. The
convex hull of g interpolates linearly between the points (k, (k — 1)k) and (k + 1, k(k + 1)),
ie, gly) = k(2y — (k+1)) for k <y < k+ 1, where k ranges over the nonnegative integers
(see Figure 7).

Figure 7. Function g for the discrete order book. The convex hull g interpolates linearly between the points
(k, (k — 1k) and (k+ 1, k(k+1)).

Therefore,
{0}7 y =0,
dg(y) =< [2(k—1),2k], y =k and k is a positive integer,
{2k}, k <y < k+1and k is a nonnegative integer.

Recall from the discussion following (2.13) that

{0}7 y =0,
0P(y) =< [k—1,k], y=Fkand k is a positive integer,
{k}, k <y <k+1 and k is a nonnegative integer.
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We seek the largest number e* € [0, X] for which 0®(e*) N dG(X — e*) # 0. This is the
largest minimizer of G(e) = ®(e) + g(X —e) in [0, X]. We define k* to be the largest integer

less than or equal to %, so that
3k < X < 3k* +3.

We divide the analysis into three cases:

Case A. 3k* < X < 3k* +1.

Case B. 3k* +1 < X < 3k* +2.

Case C. 3k*+2< X < 3k* + 3.

We show below that in Cases A and B the optimal strategy makes an initial lump purchase
of size k*, which executes the orders at prices 0,1,...,k* — 1. In Case A, the optimal strategy
then purchases at rate k* over the interval (0,1) and at time 1 makes a final lump purchase
of size X — 2k*, which is in the interval [k*, k* 4 1]. This is a Type A strategy. In Case B,
there is an intermediate lump purchase of size 1 at time 3k* +2 — X . Before this intermediate
purchase, the rate of purchase is k*, and after this purchase the rate of purchase is k* + 1.
In Case B, at time 1, there is a final lump purchase of size k*. In Case B, we have a Type
B strategy. In Case C, the optimal strategy makes a lump purchase of size k* + 1 at time 0,
which executes the orders at prices 0,1,...,k" — 1,k*. The optimal strategy then purchases
continuously at rate k* 4+ 1 over the interval (0,1) and at time 1 makes a final lump purchase
of size X — 2k* — 2, which is in the interval [k*,k* + 1). This is a Type A strategy.

Case A. 3k* < X < 3k* +1. We define e* = X — k*, so that 2k* < e* < 2k* + 1 and
k* = X —e*. Then 2k* € 0®(e*) and 9g(X —e*) = [2(k* —1), 2k*], so the intersection of OP(e*)
and 9g(X — €*) is nonempty, as desired. On the other hand, if e > e*, then 9®(e) C [2k*, X]
and 9g(X —e) C [0,2(k* — 1)], so the intersection of these two sets is empty.

In this case, y* and x* defined by (4.19) are both equal to k*, and hence g(y*) = g(y*).
If k¥ = 0, we are in the first subcase of Case I of the proof of Theorem 4.5. The optimal
purchasing strategy is to do nothing until time 1 and then make a lump purchase of size X.
If £* = 1, which is equal to F(0+), we are in the second subcase of Case I of the proof of
Theorem 4.5. We should make an initial purchase of size * = 1, purchase continuously over
the time interval (0,1) at rate 1 so that £} = 1 and D; = 0, and make a final purchase of
size X — 2. If k* > 2, we are in the third subcase of Case I of the proof of Theorem 4.5. We
should make an initial purchase of size k*, purchase continuously over the time interval (0, 1)
at rate k* so that £, = k* and D; = k* — 1, and make a final purchase of size X — 2k*.

Case B. 3k* +1 < X < 3k* +2. We define e* = 2k* + 1, so that k* < X —e* < k* + 1.
Then 90®(e*) = [2k*,2k* + 1] and 9g(X — e*) = {2k*}, so the intersection of 9®(e*) and
9g(X — e*) is nonempty, as desired. On the other hand, if e > e*, then 9®(e) C [2k* + 1, X]
and 9g(X — e) C [0,2k*], so the intersection of these two sets is empty.

In this case, y* and z* defined by (4.19) are both equal to X —e*. Hence k* < y* < k*+1,
9(y*) < g(y*), and we are in Case II of the proof of Theorem 4.5 with a = k* and = k* + 1
(see (4.14)—(4.17) and (C.1)—(C.2)). The optimal purchasing strategy is Type B. In particular,
with tg = B —y* = k* +1—2* = 3k* +2— X, the optimal purchasing strategy makes an initial
lump purchase o = k*, which executes the orders at prices 0, 1,...,k* — 1, then purchases
continuously over the interval (0,%) at rate k* so that E; = k* and D; = k* — 1, at time ¢
makes a lump purchase of size f—a = 1, which consumes the order at price £*, then purchases
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continuously over the interval (¢p,1) at rate k* + 1 so that E; = k* + 1 and D; = k*, and
finally executes a lump purchase of size e* — § = k* (see (4.24)) at time 1. The total quantity
purchased is

E*+ kto+1+ (K" +1)(1 —to) + k* = X,

as required.

Case C. 3k*+2 < X < 3k*+3. We define e* = X —k* — 1, so that 2k* +1 < e* < 2k*+2
and X —e* = k* + 1. Then 2k* + 1 € 0®(e*) and §(X — e*) = [2k*,2k* + 2], and the
intersection of d®(e*) and dg(X — e*) is nonempty, as desired. On the other hand, if e > e*,
then 0®(e) C [2k* + 1, X] and 9g(X — e) C [0,2k*], so the intersection of these two sets is
empty. In this case, y* and z* are both equal to k* + 1. The optimal purchasing strategy
falls into either the second (if k* = 0) or third (if £* > 1) subcase of Case I of the proof of
Theorem 4.5.

Appendix A. The process E. In this appendix we prove that there exists a unique adapted
process E satisfying (2.3) pathwise, and we provide a list of its properties.

Lemma A.1. Let h be a nondecreasing, real-valued, locally Lipschitz function defined on
[0,00) such that h(0) = 0. Let X be a purchasing strategy. Then there exists a unique bounded
adapted process E depending pathwise on X such that (2.3) is satisfied. Furthermore, the
following hold:

(i) E is right continuous with left limits;

(il) AE, = AXy for all t;

(i) E has finite variation on [0,T);
(iv) E takes values in [0, X|.

Proof. Because we do not know a priori that F is nonnegative, we extend h to all of R by
defining h(z) = 0 for = < 0. This extended h is nondecreasing and locally Lipschitz.

In section 2 we introduced the filtration {F;}o<¢<7. The purchasing strategy X is right
continuous and adapted to this filtration and hence is an optional process; i.e., (t,w) — Xy(w)
is measurable with respect to the optional o-algebra, the o-algebra generated by the right-
continuous adapted processes. For any bounded optional process Y, h(Y') and fo h(Ys)ds are
also bounded optional processes. Optional processes are adapted, and hence fot h(Ys)ds is
Fi-measurable for each ¢ € [0, T].

We first prove uniqueness. If £ and E are bounded processes satisfying (2.3), then there
is a local Lipschitz constant K, chosen taking the bounds on F and E into account, such that

t t
|Ey — Ey| = / (h(Es) — h(E)) ds| < K/ |Es — E|ds.
0 0

Gronwall’s inequality implies E = E.

For the existence part of the proof, we assume for the moment that h is globally Lipschitz
with Lipschitz constant K, and we construct F as a limit of a recursion. Let E? = X,. For
n=1,2,..., define recursively

t
Ef:Xt—/ R(EM Y ds, 0<t<T.
0
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Since X is bounded and optional, each E™ is bounded and optional. For n = 1,2,..., let
Z{' = supg<s<t |EY — E" 1. A proof by induction shows that

Kn— ltn— 1

7 < ——m—
= (n—-1)

max { X, Th(Xo) + Xo}.
Because this sequence of nonrandom bounds is summable, E™ converges uniformly in ¢ € [0, 7T
and w to a bounded optional process E that satisfies (2.3). In particular, E; is F;-measurable
for each ¢, and since X is nondecreasing and right continuous with left limits and the integral
in (2.3) is continuous, (i), (ii), and (iii) hold.

It remains to prove (iv). Fore > 0, let X; = X;+¢t and define t§ = inf{t € [0,T] : Ef < 0}.
Assume this set is not empty. Then the right continuity of £ combined with the fact that E*¢
has no negative jumps implies that E% = 0. Let t}, | t be such that Efi < 0 for all n. Then

tz
WES)ds = X5 — X5 — (B, — Eq) > X — X > e(t5, — 15).

£

But, since
th
h(ES)ds < K < max E:) (t5 —t5),

o t5<s<i,

there must exist sj, € (¢5,¢7,) such that Ef. > &. This contradicts the right continuity of E°
at t5. Consequently, the set {t € [0,T] : Ef < 0} must be empty. We conclude that Ef > 0
for all ¢ € [0, T7.

Now notice that for 0 <t < T,
t
Ef— B —ct— / (W(ES) — h(E,)) ds,
0

and hence

t
B — B §5t+K/ B — By|ds.
0

Gronwall’s inequality implies that £ — E as € | 0. Since E} > 0, we must have E; > 0 for
all t. Equation (2.3) now implies that E; < X, and therefore F; < X. The proof of (iv) is
complete.

When £ is locally but not globally Lipschitz, we let i be equal to h on [0, X], h(z) = 0 for
x < 0, and iNL(x) = h(X) for x > X. We apply the previous arguments to h, and we observe
that the resulting F satisfies the equation corresponding to h. [ ]

Remark A.2. The pathwise construction of F in the proof of Lemma A.1 shows that if X
is deterministic, then so is FE.

Appendix B. E || X;dA; = 0.
Lemma B.1. Under the assumptions that 0 < X; < X, 0 <t < T, and that the continuous
nonnegative martingale A satisfies (2.1), we have EfOT X;dA; =0.
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Proof. The Burkholder-Davis—Gundy inequality implies that the continuous local martin-
gale M; = fg X, dA; satisfies

E [Omtax \Mt|] < CE[(M)/]

where C' and C’ are positive constants. By virtue of being a local martingale, M has the
property that EM, = 0 for a sequence of stopping times 7,, T 7. The dominated convergence
theorem implies that EMp = 0. |

Appendix C. Convex hull of g.
Proof of Lemma 4.6. Recall the definition

(4.14) g(y) = sup {{(y) : £ is an affine function and £(n) < g(n) Vn € [0,Y]}

of the convex hull of g, defined for y € [0,Y]. The function g is the largest convex function
defined on [0,Y] that is dominated by g there.

For each 0 < y < Y, the supremum in (4.14) is obtained by the support line of § at y. For
y = 0, the zero function is such a support line, and hence 0 < g(0) < g(0) = 0 (recall (4.3)).
At y = Y the only support line might be vertical, in which case the supremum in (4.14) is
not attained. Because g(0) = 0, g is nonnegative, and g is convex, we know that g is also
nondecreasing. Being convex, ¢ is continuous on (0,7) and upper semicontinuous on [0,7],
and we have continuity at 0 because of (4.3). We also have continuity of § at Y, as we now
show. Given ¢ > 0, the definition of ¢ implies that there exists an affine function ¢ < g such
that £(Y) > g(Y) —e. But g > ¢, and thus lim inf, - g(y) > lim 5 £(y) = ((Y)>3g(Y)—e.
Since £ > 0 is arbitrary, we must in fact have lim infyTy g(y) > g(Y). Coupled with the upper
semicontinuity of g at Y, this gives us continuity.

We next argue that g(Y) = g(Y). Suppose, on the contrary, we had g(Y') < g(Y). The
function g is continuous at Y (see (4.5)), and g is upper semicontinuous. Therefore, there is a
one-sided neighborhood [y,Y] of Y (with v < Y)) on which g — g is bounded away from zero
by a positive number €. The function

§<y>+y, 0<y<Y,
-

is convex, lies strictly above g at Y, and lies below ¢ everywhere. This contradicts the fact

that g is the largest convex function dominated by g. We must therefore have g(Y) = g(Y).
Finally, we describe the situation when for some y* € [0,Y] we have g(y*) < g(y*). We

have shown that this can happen only if 0 < y* < Y. Let £ be a support line of § at y*,
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which is an affine function that attains the maximum in (4.14) at the point y*. In particular,
¢ <g<gand{(y*)=g(y*). Define

(C.1) a = sup{n € [0,y"] : g(n) — £(n) = 0},
(C.2) B =inf{n e [y*,Y]: g(n) —€(n) = 0}.

Because g is lower semicontinuous, the minimum of g—/ over [0, Y] is attained. This minimum
cannot be a positive number ¢, for then ¢ + ¢ would be an affine function lying below g.
Therefore, either the supremum in (C.1) or the infimum in (C.2) is taken over a nonempty
set. In the former case, we must have g(a) = ¢(«), whereas in the latter case g(3) = ¢(3).
Let us consider first the case that g(a) = ¢(a). Define v = J(a +y*). Like a, 7 is strictly

less than y*. The function g — ¢ attains its minimum over [y,Y]. If this minimum were a
positive number ¢, then the affine function

0
0

€<y>+5(7'y—_7), 0<y<Y,
-

would lie below g but have a larger value at y* than ¢, violating the choice of ¢. It follows that
g — ¢ attains the minimum value zero on [, Y], and since this function is strictly positive on
[7,¥*], the minimum is attained to the right of y*. This implies that g(8) = ¢((3). Similarly,
if we begin with the assumption that g(f8) = ¢(), we can argue that g(a) = ¢(«).

In conclusion, « and 3 defined by (C.1) and (C.2) satisfy (4.15) and (4.16). Finally, (4.16)
shows that ¢ restricted to [«, 5] is the largest affine function lying below ¢ on this interval,
and hence (4.17) holds.

Because of (4.16), every affine function lying below g on [0,Y] must lie below ¢ on [« 3].
If such an affine function agrees with g and hence with £ at y*, it must in fact agree with
¢ everywhere. Hence, ¢ is the only function lying below g on [0,Y] and agreeing with g at

y*. [ |
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Abstract. We discuss the possibility of obtaining model-free bounds on volatility derivatives, given present
market data in the form of a calibrated local volatility model. A counterexample to a widespread
conjecture is given.
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1. Introduction. “... it has been conjectured that the minimum possible value of an option

on variance is the one generated from a local volatility model fitted to the volatility surface.”
(Gatheral [Gat06, page 155]).

Leaving precise definitions to below, let us clarify that an option on variance refers to a
derivative whose payoff is a convex function f of total realized variance. Turning from convex
to concave, this conjecture, if true, would also imply that the maximum possible value of
a wolatility swap (f(x) = x'/?) is the one generated from a local volatility model fitted to
the volatility surface. Given the well-documented model risk in pricing volatility swaps, such
bounds are of immediate practical interest.

The mathematics of local volatility theory (a la Dupire, Derman, Kani, ...) is intimately
related to the following.

Theorem 1 (see [Gyo86]). Assume dY; = pu(t,w) dt + o (t,w) dBy is a multidimensional Ité
process, where B is a multidimensional Brownian motion, p,o are progressively measurable
and bounded, and oo’ > €21 for some € >0 (o7 denotes the transpose of o). Then

(1.1) A¥; = pioe (8.V3) dt + 010c (£.Y3) dBr, Yo = Yo,
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,U/loc(tay) ZE[,U,(t,w) ‘ Y;:Z/]y
o (1) = B [0 (t,0) o7 (8,0) | ¥i = ]

(where the power % denotes the positive square root of a positive definite matriz) has a weak

solution Yy such that Y, law Y; for all fized t.

We will apply Theorem 1 only in the simple one-dimensional (resp., two-dimensional in
section 4) setting, where it is well known that the solution to (1.1) is unique (cf. [Kry67] or
[SV06, Chapter 7]).

A generic stochastic volatility model (already written under the appropriate equivalent
martingale measure and with a suitable choice of numéraire) is of the form dS = SodB,
where o = o (t,w) is the (progressively measurable) instantaneous volatility process. (It will
suffice for our application to assume o to be bounded from above and below by positive
constants.) Arguing on log-price X = log S rather than S,

(1.2) dXy = o (t,w)dB; — (0* (t,w) /2) dt,
a classical application of Theorem 1 yields the following Markovian projection result:! the
(weak) solution to

(1.3) dX; = 010 (t, X) dB; — <afoc <t, Xt) /2) dt. X0 = Xo,

1
(010c (t,x) = E [02 (t,w) | Xy =z]?)
has the one-dimensional marginals of the original process X;. Equivalently,® the process
S =exp X, ) o
dS; = 010c(t, St) Sy dBy,
known as (Dupire’s) local volatility model, gives rise to identical prices of all European call
options C (T, K).? 1t easily follows that o7 (t,S) is given by Dupire’s formula:
orC
K 28}( kC '
Volatility derivatives are options on realized variance; that is, the payoff is given by some
function f of realized variance. The latter is given by

(1.4) O-lzoc(Tv 51)|§:K =2

T
Vr := (log S)7 = (X)) = / o (t,w)dt
0
in the model dS = o (t,w) S dB and by
T
V= (log S)r = (X)r = / ob (t, X;) dt
0

in the corresponding local volatility model.

'Let us quickly remark that Markovian projection techniques have recently led to a number of new appli-
cations (see [Pit06], for instance).

2The abuse of notation, by writing both O10c(t, X) and o0c(t, g)7 will not cause confusion.

3We emphasize that C(T,K) denotes the price at time ¢ = 0 of a European call with maturity 7" and
strike K.
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Common choices of f are f(x) = x, the variance swap, f (x) = 2172, the volatility swap,
and simply f () = (x—K)™, a call option on realized variance. See [FGO05], for instance. As is
well known (see, e.g., [Gat06]), the pricing of a variance swap, assuming continuous dynamics
of S such as those specified above, is model free in the sense that it can be priced in terms of
a log-contract, that is, a European option with payoff log S7. In particular, it follows that

E [VT} — B[Vr].

Of course this can also be seen from (1.3), after exchanging E and integration over [0,7].
Passing from Vi to f(Vr) for general f, this is not true, and the resulting differences are
known in the industry as convexity adjustment. We can now formalize the conjecture given
in the first lines of the introduction.*

Conjecture 1. For any convex f, one has E[f(VT)] < E[f(VT)]

Our contribution is twofold: first, we discuss a simple (toy) example which provides a coun-
terexample to the above conjecture; second, we refine our example using a two-dimensional
Markovian projection (which may be interesting in its own right) and thus construct a per-
fectly sensible Markovian stochastic volatility model in which the conjectured result fails. All
this narrows the class of possible dynamics for S for which the conjecture can hold true and
thus should be a useful step towards positive answers.

2. ldea and numerical evidence.
FEzample 2. Consider a Black—Scholes “mixing” model dS = SodB, Sy = 1 with time
horizon T = 3 in which o2 (t,w) is given by o2 (t) or o2 (1),

2 iftelo,1], 2 iftelo,1],
ol(t):=143 ifte]l,2], o*(t):=<1 ifte]l,2,
1 ifte]23], 3 ifte]2,3],

depending on a fair coin flip € = +1 (independent of B). Obviously V = V5 = f03 o?dt =6
in this example; hence E[(V —6)%] = (V —6)* = 0. On the other hand, the local volatility
is explicitly computable (cf. the following section), and one can see from simple Monte Carlo
simulations that for V = Vj

E [(f/ - 6)+] ~ 0.026 > 0,

thereby (numerically) contradicting Conjecture 1, with f (z) = (z — 6)™.

Our analysis of this toy model is simple enough: in section 3 we prove that P [ =6] # 1.
Since E[V] = E[V] =6 and (x — 6)* is strictly convex at = 6, Jensen’s inequality then tells
us that E[(V —6)t] > 0= E[(V —6)*].

The reader may note that an even simpler construction would be possible; i.e., one could
simply leave out the interval [0, 1] Where 02 and o2 coincide. We decided not to do so for two
reasons. First, insisting on o2 (t) = 02 (¢) for ¢ € [0, 1] leads to well-behaved coefficients of the
SDE describing the local volatility model. Second, we will use the present setup to obtain a

complete model contradicting Conjecture 1 at the end of the next section.

Tt is tacitly assumed that f(Vr), f(Vr) are integrable.
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3. Analysis of the toy example. We recall that it suffices to show that V = f03 o (t, X;) dt
is not a.s. equal to V' = 6. The distribution of X; is simply the mixture of two normal distri-
butions. More explicitly, Xy = If— 113 X¢ + + [fe——13 Xt —,

Xoo= [(osam -4 [ Aras ~ N(1ma0.5.00).

where ¥4 (t) := fg 03 (s)ds. Thus o2 (t,z) = Elo?(t,w) | X; = ] is given by®

T+34 (1)/2)2 o2 (1) T+ (1)/2)2
1 (t) exp [_( 22?;((12)/ ) ] + \/E,(t) ©Xp [ ( 227((12)/ : ]
x4+, (t)/2)2 z+X_(t)/2)27°

NoRO) exp [_( 2Z++((2)/ : } T \/21,@) exp [ : 227((2)/ : }

(3’1) U?oc(th') =

Since 0o = Tjoc(S, x) is bounded and measurable in ¢ and Lipschitz in x (uniformly w.r.t. t)
and bounded away from zero, it follows from [SV06, Theorem 5.1.1] that the SDE

dX; = Oloe <t, X) dB, — 3o, (t, Xt> dt

has a unique strong solution (started from X, =0, say). Since oy, is uniformly bounded away
from 0, it follows that the process (X;) has full support; i.e., for every continuous ¢ : [0, 3] — R,
©(0) =0 and every ¢ > 0, )

Pl|IX: — o)l coso.r) < €] > 0.

Indeed, there are various ways to see this: one can apply the Stroock—Varadhan support
theorem in the form of [Pin95, Theorem 6.3] (several simplifications arise in the proof thanks
to the one-dimensionality of the present problem); alternatively, one can employ localized
lower heat kernel bounds (& la Fabes and Stroock [FS86]) or exploit that the Itd6 map is
continuous here (thanks to Doss and Sussman; see, for instance, [RW00, page 180]) and
deduce the support statement from the full support of B.

Figure 1 illustrates the dependence of afoc(t,x) on time ¢t and log-moneyness x. To gain
our end of proving that V (w) = f03 o? (t,X;)dt is not constantly equal to 6, we can de-
termine a set of paths (X;(w)) for which V is strictly larger than 6. In view of Figure 1
it is natural to consider paths which are large, i.e., X;(w) € [8,10], for ¢t € ]1,2 — L] and
small, i.e., | X;(w)| < 1, on the interval ]2,3]. A short Mathematica calculation reveals that
1% (w) 2 6.65 > 6 for each such path, and according to the full-support statement the set of
all such paths has positive probability; hence V is indeed not deterministic.

Using elementary analysis it is not difficult to turn numerical evidence into rigorous math-
ematics. Making (3.1) explicit yields that o7 (t,x) =2 for t € [0,1] and that

(2z+2+3¢t)? (2z+2+1)2
3 T 8(2+3¢t) 1 .7 82+t
e + EEAS

2 —
(3.2) Oloc(t +1,2) = (2242+31)2 (2z+2+1)? "’

~ O 8(2+3t 17 82+t
e ( ) —|—\/T+te ( )

)
- :‘
&

243t

®More general expressions for local volatility are found in [BM06, Chapter 4] and [Lee0O1, HL09]. Note
the necessity to keep (., w) constant on some interval [0, ¢]; for otherwise the local volatility surface is not
Lipschitz in « uniformly as ¢ — 0.



OPTION ON VARIANCE AND LOCAL VOLATILITY 217

Figure 1. Time evolution of local variance oty (t,z) in dependence of log-moneyness. The bright strip
indicates a set of paths with realized variance strictly larger than 6.

Qu+5+1) (2u+3+31)%
L.~ 805+ —3 e 8(3+3D)
(3.3) Ore(t +2,2) = NG + e
. loc ) (2z+5+1)2 (22+3+3t)°
17786+t 1 T 8(3+3t
7l SO+ e ST

for t €]0,1]. We fix € € ]0, 1] and observe that it is simple to see that lim,_,oc 02, (t+1,2) = 3
uniformly w.r.t. t € [¢,1] and that lim,_,o o7, (t+1,2) > 2 uniformly w.r.t. ¢ € ]0,1]. It follows
that there exists some 6 > 0 such that

leoc(t+1,:1:) >3 —¢forz > %, te€le 1],
ope(t+1,2) >2—cfor [z] <4, te]0,1].

Thus we obtain
3
(3.4) V(w) = / ol (6, X)) dt >1-24+(1-28)-(3—¢)+1-(2—¢)
0

for every path X (w) satisfying X¢(w) > + for ¢t € [1 +¢,2 — €] and | X;(w)| < J for t € [2,3].
This set of paths X (w) has positive probability, and the quantity on the right-hand side of
(3.4) is strictly larger than 6, provided that € was chosen sufficiently small. Hence we find
that V is not constantly equal to 6 as required.

For what it’s worth, the example can be modified such that volatility is adapted to the
filtration of the driving Brownian motion.

The trick is to choose a random sign €, P(é = +1) = P(ée = —1) = % depending solely on
the behavior of (By)o<i<1 and in such a way that S is independent of é. For instance, if we let
m(s) be the unique number satisfying P(S;/, > m(s) | S1 = s) = P(S12 <mf(s) | S1=s) =
3, it is sensible to define é := +1 if S1/2 > m(S1) and € := —1 otherwise.
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We then leave the stock price process unchanged on [0, 1]; i.e., we define 62(t) = o%(t) =2
and Sy = S for ¢t € [0,1]. On |1,2] (resp., |2,3]) we set 62(t) := 2 + € (resp., 62(t) := 2 — ¢€)
and define Sy, t € ]1,3] as the solution of the SDE

(3.5) dS; = 6(t)SydB;, S1 = S..

Here (3.5) depends onl}i on S and the process (B; — Bj)i1<t<3; since both are indepengient
of €, we obtain that (S¢)i<t<s and (S¢)i1<i<3 are equivalent in law. It follows that V =

3 52 (t,w)dt = 6, and since S, and S; have the same law for each ¢ € [0, 3], they induce the
same local volatility model and in particular the same (nondeterministic) V.

4. Counterexample for a Markovian stochastic volatility model. Recall that X denotes
the log-price process of a general stochastic volatility model,

dX; = o (t,w)dB; — (02 (t,w) /2) dt

where o = o (t,w) is the (progressively measurable) instantaneous volatility process.® Recall
also our standing assumption that ¢ is bounded from above and below by positive constants.
We would like to apply Theorem 1 to the two-dimensional diffusion (X, V), where dV = o2dt
keeps track of the running realized variance.” We can do so only after elliptic regularization.

That is, we consider
dX; = o (t,w)dB; — (02 (t,w) /2) dt

da§ = o (t,w) dt 4+ £*/%dZ;,

where Z is a Brownian motion, independent of the filtration generated by B and o. It follows
that the “double-local” volatility model

AXF = oaee (1, X765 dB: — (0% (1 X7,67) /2) dt,
it = o2, (t, X, ag) dt + €24z,

(with 03, (t,z,a) = E[o? (t,w) | X; = z, af = a]) has the one-dimensional marginals of the
original process (X, af). That is, for all fixed ¢ and ¢,

law ~e law ¢

Xt — Xt and at - at.
Let us also note that the law of af is the law of V; = aY convolved with a standard Gaussian

of mean 0 and variance €. The log-price processes X and X¢ induce the same local volatility

surface. To this end, just observe that X; law 5 implies identical call option prices for all

strikes and maturities and hence (by Dupire’s formula) the same local volatility:

leoc (t,x) = E[02 (t,w) | X; = x] = E[afaoc(t Xe ~{':) | Xt = :E]

5We note that we intend to insert the volatility of Example 2 later, but so far our considerations hold in
general.
"In other words, Vr = fo (t,w)dt if Vo = 0, which we shall assume from here on.
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Since the law of a time inhomogeneous Markov process is fully specified by its generator, it
follows that the law of the local volatility process associated with (X) has the same law as
the local volatility process associated with (X¢).

We apply this to the toy model discussed earlier. Recall that in this example, with T" = 3,

T
1% :/ o? (t,w)dt = 6,
0

whereas realized variance under the corresponding local volatility model,

~ T ~
Vr :/ ob. <t,Xt) dt,
0

was seen to be random (but with mean Vp, thanks to the matching variance swap prices). As
a particular consequence, using Jensen,

T ~ + T ~
E (/ alzoc(t,Xt) dt—6> > (E/ JlZOC(t,Xt) dt—6>
0 0

+

— (E/OTU2 (t,w)dt—6> = (Vr—6)" =0.

We claim that this persists when replacing the abstract stochastic volatility model (X) by
(X £), the first component of a two-dimensional Markov diffusion, for any € > 0. Indeed, thanks
to the identical laws of the respective local volatility processes, the left-hand side above does
not change when replacing (X) by the local volatility process associated with (X¢). On the
other hand,

+

T
E/ Uglloc(tv Xf, &i) dt = F &% _ 51/22’]’)
0

(
= E(a7) = E(a7)
(VT + 61/2ZT) VT.

Thus, insisting again that the process X be (in law) the local volatility model associated with
the double-local volatility model (X¢,a%), we see that
+

T ~ + T
c:E</ afoc(t,Xt) dt—6> > <E/ adloc(t X¢.a ag)dt — > =0.
0 0

(Observe that ¢ > 0 is independent of ¢.) Using the Lipschitz property of the hockeystick
function, again Gyongy, and the fact that a7 is normally distributed with mean Vp and
variance €1, we can conclude that

T + T
E (/ O10c (t: X5, 05) dt — > =F (/ 00e(t, X5, @5) dt + £3 7 — 6 — e%ZT>
0 0
< B((@5 —6)* +e221])
= E(a5 — 6)" + Ele2 Zy| = 3\/cT/2x.

Now we choose e small enough such that 3/¢7/27 < ¢, whence the conjecture fails to hold
true in the double-local volatility model for £ > 0 small enough.

J’_
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5. Conclusion. Summing up, the double-local volatility model constitutes an example of a
continuous two-dimensional Markovian stochastic volatility model, where stochastic volatility
is a function of both state variables, in which Conjecture 1 fails, i.e., in which the minimal
possible value of a call option is not generated by a local volatility model.

Acknowledgment. All authors thank Gerard Brunick, Johannes Muhle-Karbe, and Wal-
ter Schachermayer for useful comments.
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A Fast Mean-Reverting Correction to Heston’s Stochastic Volatility Model*
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Abstract. We propose a multiscale stochastic volatility model in which a fast mean-reverting factor of volatility
is built on top of the Heston stochastic volatility model. A singular perturbative expansion is then
used to obtain an approximation for European option prices. The resulting pricing formulas are
semianalytic, in the sense that they can be expressed as integrals. Difficulties associated with the
numerical evaluation of these integrals are discussed, and techniques for avoiding these difficulties
are provided. Overall, it is shown that computational complexity for our model is comparable to
the case of a pure Heston model, but our correction brings significant flexibility in terms of fitting
to the implied volatility surface. This is illustrated numerically and with option data.
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1. Introduction. Since its publication in 1993, the Heston model [12] has received con-
siderable attention from academics and practitioners alike. The Heston model belongs to a
class of models known as stochastic volatility models. Such models relax the assumption of
constant volatility in the stock price process and, instead, allow volatility to evolve stochas-
tically through time. As a result, stochastic volatility models are able to capture some of
the well-known features of the implied volatility surface, such as the volatility smile and skew
(slope at the money). Among stochastic volatility models, the Heston model enjoys wide
popularity because it provides an explicit, easy-to-compute, integral formula for calculating
European option prices. In terms of the computational resources needed to calibrate a model
to market data, the existence of such a formula makes the Heston model extremely efficient
compared to models that rely on Monte Carlo techniques for computation and calibration.

Yet, despite its success, the Heston model has a number of documented shortcomings. For
example, it has been statistically verified that the model misprices far in-the-money and out-
of-the-money European options [6], [21]. In addition, the model is unable to simultaneously
fit implied volatility levels across the full spectrum of option expirations available on the
market [10]. In particular, the Heston model has difficulty fitting implied volatility levels for
options with short expirations [11]. In fact, such problems are not limited to the Heston model.
Any stochastic volatility model in which the volatility is modeled as a one-factor diffusion (as
is the case in the Heston model) has trouble fitting implied volatility levels across all strikes
and maturities [11].
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One possible explanation for why such models are unable to fit the implied volatility surface
is that a single factor of volatility, running on a single time scale, is simply not sufficient for
describing the dynamics of the volatility process. Indeed, the existence of several stochastic
volatility factors running on different time scales has been well documented in literature that
uses empirical return data [1], [2], [3], [5], [8], [13], [16], [18], [19]. Such evidence has led to the
development of multiscale stochastic volatility models, in which instantaneous volatility levels
are controlled by multiple diffusions running on different time scales (see, for example, [7]).
We see value in this line of reasoning and thus develop our model accordingly.

Multiscale stochastic volatility models represent a struggle between two opposing forces.
On one hand, adding a second factor of volatility can greatly improve a model’s fit to the
implied volatility surface of the market. On the other hand, adding a second factor of volatil-
ity often results in the loss of some, if not all, analytic tractability. Thus, in developing a
multiscale stochastic volatility model, one seeks to model market dynamics as accurately as
possible, while at the same time retaining a certain level of analyticity. Because the Heston
model provides explicit integral formulas for calculating European option prices, it is an ideal
template on which to build a multiscale model and accomplish this delicate balancing act.

In this paper, we show one way to bring the Heston model into the realm of multiscale
stochastic volatility models without sacrificing analytic tractability. Specifically, we add a fast
mean-reverting component of volatility on top of the Cox—Ingersoll-Ross (CIR) process that
drives the volatility in the Heston model. Using the multiscale model, we perform a singular
perturbation expansion, as outlined in [7], in order to obtain a correction to the Heston price of
a European option. This correction is easy to implement, as it has an integral representation
that is quite similar to that of the European option pricing formula produced by the Heston
model.

This paper is organized as follows. In section 2 we introduce the multiscale stochastic
volatility model, and we derive the resulting pricing partial differential equation (PDE) and
boundary condition for the European option pricing problem. In section 3 we use a singular
perturbative expansion to derive a PDE for a correction to the Heston price of a European
option, and in section 4 we obtain a solution for this PDE. A proof of the accuracy of the
pricing approximation is provided in section 5. In section 6 we examine how the implied
volatility surface, as obtained from the multiscale model, compares with that of the Heston
model, and in section 7 we present an example of calibration to market data. In Appendix
A we review the dynamics of the Heston stochastic volatility model under the risk-neutral
measure and present the pricing formula for European options. An explicit formula for the
correction is given in Appendix B, and the issues associated with numerically evaluating the
integral representations of option prices obtained from the multiscale model are explored in
Appendix D.

2. Multiscale model and pricing PDE. Consider the price X; of an asset (stock, index,
etc.) whose dynamics under the pricing risk-neutral measure are described by the following
system of stochastic differential equations:

dX; = rXdt + X X, dWE,
(2.2) St=VZi f(V),
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VA Z,
(2.3) dY; = ?t(m —Y))dt + vv/2y/ ?t AWy,
(24) dZ; = /{(9 — Zt)dt + o/ Z; thZ.

Here, W', W/, and W{ are one-dimensional Brownian motions with the correlation structure

(2.5) d (W™ WYY, = pyydt,
d <Wx’ Wz>t = pezdt,
d(WY, W?=), = py.dt,

where the correlation coefficients p,y, ps-, and p,. are constants satisfying pgy <1,p2, <1,
,032/2 < 1, and p?cy +p2, + pzz — 2pgyPazPy- < 1 in order to ensure positive definiteness of the
covariance matrix of the three Brownian motions.

As it should be, in (2.1), the stock price discounted by the risk-free rate r is a martingale
under the pricing risk-neutral measure. The volatility >; is driven by two processes Y; and
Zy, through the product /Z; f(Y;). The process Z; is a CIR process with long-run mean 6,
rate of mean reversion x, and “CIR volatility” o. We assume that x, 6, and o are positive,
and that 2k > o2, which ensures that Z; > 0 at all times, under the condition Zy > 0.

Note that, given Z;, the process Y; in (2.3) appears as an Ornstein—Uhlenbeck (OU) process
evolving on the time scale ¢/Z;, and with the invariant (or long-run) distribution N (m,v?).
This way of “modulating” the rate of mean reversion of the process Y; by Z; has also been
used in [4] in the context of interest rate modeling.

Multiple time scales are incorporated in this model through the parameter ¢ > 0, which
is intended to be small, so that Y; is fast reverting.

We do not specify the precise form of f(y), which will not play an essential role in the
asymptotic results derived in this paper. However, in order to ensure X; has the same behavior
at zero and infinity as in the case of a pure Heston model, we assume there exist constants ¢y
and co such that 0 < ¢; < f(y) < ¢ < oo for all y € R. Likewise, the particular choice of an
OU-like process for Y; is not crucial in the analysis. The mean-reversion aspect (or ergodicity)
is the important property. In fact, we could have chosen Y; to be a CIR-like process instead
of an OU-like process without changing the nature of the correction to the Heston model
presented in this paper.

Here, we consider the unique strong solution to (2.1)—(2.4) for a fixed parameter e > 0.
Existence and uniqueness are easily obtained by (i) using the classical existence and uniqueness
result for the CIR process Z; defined by (2.4), (ii) using the representation (5.18) of the process
Y; to derive moments for a fixed € > 0, and (iii) using the exponential formula for X;:

t t
Xt = zexp </ (r - 12?) ds —1—/ Edef> .
0 2 0

We note that if one chooses f(y) = 1, the multiscale model becomes e-independent and
reduces to the pure Heston model expressed under the risk-neutral measure with stock price
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X; and stochastic variance Z;:

dXt = T‘Xtdt + V ZtXtthx,
dZt = /1(9 — Zt)dt + o/ Zt thz’
d(W* W?), = pg.dt.

Thus, the multiscale model can be thought of as a Heston-like model with a fast-varying factor
of volatility, f(Y%), built on top of the CIR process Z;, which drives the volatility in the Heston
model.

We consider a European option expiring at time 7' > ¢ with payoff h(X7). As the dynamics
of the stock in the multiscale model are specified under the risk-neutral measure, the price of
the option, denoted by F;, can be expressed as an expectation of the option payoff, discounted
at the risk-free rate:

P =E | T 00(Xr)| X0, Ve, 2] =1 PE(t, X0, i, Z0),
where we have used the Markov property of (Xy,Y;, Z;) and defined the pricing function

P<(t,x,y, z), the superscript € denoting the dependence on the small parameter e¢. Using the
Feynman—Kac formula, P(t,z,y, z) satisfies the following PDE and boundary condition:

(2.8) LP(t,x,y,2z) =0,
0
(2.9) L= g +Lixyz) —T
(2.10) PYT,z,y,z) = h(x),
where the operator L (x,y,z) is the infinitesimal generator of the process (X, Yy, Zy):
o 1, 5 02 0?
Lixyz = rro_ §f (y)zx 8 5 + pr0f(y)2z T,
o 1, 0
+ k(0 — 2)5 +30 253

# 2 (- i 57)

z 9*

It will be convenient to separate £ into groups of like powers of 1/4/e. To this end, we define
the operators Lo, L1, and L5 as follows:

2 )
(2.11) Lo :=v? o7 +(m—y)a—y,
0?
(2.12) Ly := pyZUV\/_ + pxyV\/_ f( ) 8
_ 9 2(, 5 O? 0
1 82 ) 0?
(2.13) - a 25 TR0 = 2) 5=+ peso f(y)ze
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With these definitions, £€ is expressed as

e_Z .
(2.14) L= Eﬁo-i- \/E£1 + L.

Note that Lg is the infinitesimal generator of an OU process with unit rate of mean reversion,
and L4 is the pricing operator of the Heston model with volatility and correlation modulated

by f(y)-

3. Asymptotic analysis. For a general function f, there is no analytic solution to the
Cauchy problem (2.8)—(2.10). Thus, we proceed with an asymptotic analysis as developed
in [7]. Specifically, we perform a singular perturbation with respect to the small parameter e,
expanding our solution in powers of \/e:

(3.1) P =P+ ePL+ePy+---.

We now plug (3.1) and (2.14) into (2.8) and (2.10) and collect terms of equal powers of \/e.
The order 1 /€ terms. Collecting terms of order 1/e we have the following PDE:

(3.2) 0=2zLyF).

We see from (2.11) that both terms in Ly take derivatives with respect to y. In fact, £y is an
infinitesimal generator, and consequently zero is an eigenvalue with constant eigenfunctions.
Thus, we seek Py of the form

PO = Po(t, Z, Z)
so that (3.2) is satisfied.

The order 1/+/€ terms. Collecting terms of order 1/1/€ leads to the following PDE:

0=2z2LyP + 2L Py
(33) = Z,C()Pl.

Note that we have used that £1FP) = 0, since both terms in £ take derivatives with respect
to y and P, is independent of y. As above, we seek P; of the form

P1 = P1 (t, Z, Z)

so that (3.3) is satisfied.

The order 1 terms. Matching terms of order 1 leads to the following PDE and boundary
condition:

0=2LyP> + zL1 P, + Lo Py

(3.4) = 2Ly Py + Loy,
(3.5) hz) = Py(T,x,z).
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In deriving (3.4) we have used that £ P = 0, since £; takes derivative with respect to y and
P, is independent of y.

Note that (3.4) is a Poisson equation in y with respect to the infinitesimal generator Lo
and with source term L, P); in solving this equation, (¢,x,z) are fixed parameters. In order
for this equation to admit solutions with reasonable growth at infinity (polynomial growth),
we impose that the source term satisfy the following centering condition:

(3.6) 0= (L2Py) = (L2) Py,

where we have used the notation
(3.7) ()= [ o))y

here ® denotes the density of the invariant distribution of the process Y;, which we remind the
reader is A/(m, v?). Note that in (3.6) we have pulled Py(t,z, z) out of the linear (-) operator,
since it does not depend on y.

Note that the PDE (3.6) and the boundary condition (3.5) jointly define a Cauchy problem
that Py(t,x,z) must satisfy.

Using (3.4) and the centering condition (3.6), we deduce

(3.8) Py= L5 (L2~ (L2)) P,

where L ! is the inverse operator of £ acting on the centered functions.

The order /e terms. Collecting terms of order /€, we obtain the following PDE and
boundary condition:

(3.9) 0=2LyP3+ zL1 P> + Lo Py,
(3.10) 0=P(T,z,z).

We note that Ps(t,x,y, z) solves the Poisson equation (3.9) in y with respect to L£y. Thus, we
impose the corresponding centering condition on the source z£1 P> + Lo Py, leading to

(311) <£2> P1 = — <Z£1P2> .
Plugging P», given by (3.8), into (3.11) gives
(3.12) (Lo) Py = APy,

(3.13) A= <z£1%£51 (Lo — <£2>)> .

Note that the PDE (3.12) and the zero boundary condition (3.10) define a Cauchy problem
that Pj(t,z,z) must satisfy.
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Summary of the key results. We summarize the key results of our asymptotic analysis.
We have written the expansion (3.1) for the solution of the PDE problem (2.8)—(2.10). Along
the way, he have chosen solutions for Py and P; which are of the forms Py = Py(¢,z,z) and
P, = Pi(t,x, z). These choices lead us to conclude that Py(t,x, z) and Pj(t,z, z) must satisfy
the following Cauchy problems:

(3.14) (L) Py =0,
(315) Po(T,I‘, Z) = h(l’),
and
(3.16) <£2> Pl(t, xZ, Z) = .AP()(t, xZ, Z),
(3.17) P (T,z,z) =0,
where
R N 0
<£2>_E+§<f )z W—H‘(aza—x—-)
1, 9 0 0?
(3.18) +30 z@—i-/ﬁ(e—z)& + pz20 (f) .

and A is given by (3.13). Recall that the bracket notation is defined in (3.7).

4. Formulas for Py(t,x,z) and P;(t,x,z). In this section we use the results of our
asymptotic calculations to find explicit solutions for Py(t,z,z) and Py (t,x, z).

4.1. Formula for Py(t,x, z). Recall that Py(t,z,z) satisfies a Cauchy problem defined
by (3.14) and (3.15).

Without loss of generality, we normalize f so that < f2> = 1. Thus, we rewrite (L3) given
by (3.18) as follows:

2
(L) = g—klsza——i-r( 0 )

ot 27 a2 Tor
1, 0 9, 0?
(4.1) +30 253 + k(0 — Z)& + pozLs o
= £H7
(4.2) p = puz (f)-

We note that p? < 1, since <f>2 < <f2> = 1. So, p can be thought of as an effective correlation
between the Brownian motions in the Heston model obtained in the limit ¢ — 0, where
(L9) = Ly, the pricing operator for European options as calculated in the Heston model.
Thus, we see that Py(t,z,z) =: Pg(t,x, z) is the classical solution for the price of a European
option as calculated in the Heston model with effective correlation p = p, (f).
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The derivation of pricing formulas for the Heston model is given in Appendix A. Here, we

simply state the main result:

1— g(k)er(k)
1 —g(k)

))

)

(4.3) Py (t,z, 2) e_”% / e~ ™G (1, k, z)ﬁ(k)dk,

(4.4) T(t) =T —1t,

(4.5) q(t,x) =r(T —t) + logx,

(4.6) h(k) = [ e™n(e)dq,

(4.7) G(T, k,z) _ eC’(n-,/Yc)—i-zD(T,k)7

(4.8) C(r,k) = — ((/{ + piko + d(k)) 7 — 2log (

k + piko + d(k) 1 — emdk)

(4.9) D(r, k) = o2 (1 — g(k)erd(k)

(4.10) d(k) = \/o2(k2 — ik) + (k + piko)?,
K+ piko + d(k)

(411) =kt piko —d(k)

We note that, for certain choices of h, the integral in (4.6) may not converge. For example,

a European call with strike K has h(e?) = (e? — K)T.

In this case, the integral in (4.6)

converges only if we set k = k, + ik;, where k; > 1. Hence, when evaluating (4.3), (4.6), one
must impose k = k, + ik;, k. > 1, and dk = dk,.

4.2. Formula for Py (t,x, z). Recall that Py (¢, z, z) satisfies a Cauchy problem defined by
(3.16) and (3.17). In order to find a solution for P (t,z,z) we must first identify the operator
A. To this end, we introduce two functions, ¢(y) and (y), which solve the following Poisson
equations in y with respect to the operator Ly:

(4.12)
(4.13)

From (3.13) we have

(25" puers (= (1)

=z <£1¢(y)

2

2
x —_—
Oz?

82
2 —_
i >
82
. 0xdz

)

2
> + Pr02 <£11/}(y)x 0

0x0z

).
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Using the definition (2.12) of £;, one deduces the following expression for A:

3 83
A=Vizat g o + Vs e

9 82 9 (9
(4.15) Vi :pyzauxf< ",
(4.16) Vo = pxzpyzo'QV\/i <7/}/> >
(417) ‘/3 = szV\/§ <f¢,> )
(4.18) Vi = paypu-ovV2(fY).
Note that we have introduced four group parameters, V;, i = 1,...,4, which are constants

that can be obtained by calibrating our model to the market, as will be done in section 7.

Now that we have expressions for A, Py, and Ly, we are in a position to solve for
Py (t,z,z), which is the solution to the Cauchy problem defined by (3.16) and (3.17). We
leave the details of the calculation to Appendix B. Here, we simply present the main result:

—rT7

Pi(t,z,2) 627T /R ikq </16’J/CE)(T k) +zfi(r k))
(4.19) x G(r,k, 2)h(k)dk,
T(t) =T —t,
q(t,x) =r(T' —t) +logz,
h(k) = [ e*h(e?)dq
G(T, k, z) _ eC(T k)+zD(7,k)
(4.20) fatrik) = [ s ks,
(4.21) filr k) = / ' b(s, k)eATR5) s,
0

Td
C(T,k):i—i((/{-i-pik‘O'—l-d T—2log<1 9k >>

D(T’k):/{+pika+d(k‘)< 1 — emdk) >

o2

A(1,k, s) = (k + poik + d(k)) 1- k‘)) log (Q (k)erd(k) _ 1)
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(4.22) + d(k) (1 —s),
d(k) = \/o2(k? —ik) + (k + piko)?,
&+ piko + d(k)
9K = o ke — (k)
b(r,k) = — (ViD(r, k) (—k* + ik) + VaD?*(1, k) (—ik)
(4.23) + V3 (ik® + k) + VaD(7, k) (k%)) .

Once again, we note that, depending on the option payoff, evaluating (4.19) may require
setting k = k, + ik; and dk = dk,, as described at the end of subsection 4.1.

5. Accuracy of the approximation. In this section, we prove that the approximation
P¢ ~ Py + +/eP;, where Py and P; are defined in the previous sections, is accurate to order
e® for any given a € (1/2,1). Specifically, for a European option with a payoff h such that
h(ef) belongs to the Schwartz class of rapidly decaying functions with respect to the log-price
variable & = log x, we will show

(5.1) |P(t,z,y,2) — (Po(t,x,z) + \/EPl(t,x,z)) | < Ce”,

where C' is a constant which depends on (y, z) but is independent of e.
We start by defining the remainder term R(t, z,y, 2):

(52) R = (PO + \/EPl + P + 6\/EP3) — Pc.
Recalling that

0= LPC,

0= ZﬁoP(),

0=2LyP + 2L P,

0=2LyPy + zL1 P, + Lo Py,
0=2LoP3+ zL1 P> + Lo Py

and applying £ to R, we obtain that R must satisfy the following PDE:
LR = L€ (Po +VeP, +ePy + Ex/gpg) — L°P°

= <§£o + ieﬁl + £2> (Po+ VePy + €Py + e/eP)

\/_
= € (2L1P3 + LoPs + /€Ly Ps3)

(5.3) = eF*,

(54) FCi=2L1P3+ LoP + \/Eﬁgpg,

where we have defined the e-dependent source term F(t,z,y, z). Recalling that
PYT,x,y,z) = h(x),
PO(Ta z, Z) = h(l’),
Pl(T7$7z) = 0)
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we deduce from (5.2) that

RE(T7x7y7Z) = GPQ(T7x7y7Z)+6\/EP3(T7‘T7y72)
(5.5) = eG(2,9,2),
(5.6) G(2,y,2) := Po(T,2,y,2) + VePs3(T, 2,9y, 2),

where we have defined the e-dependent boundary term G¢(z,y, z).
Using the expression (2.9) for £, we find that R®(¢,z,y, z) satisfies the following Cauchy
problem with source:

0 € __ €
(5.7) (E +Lxyv,z — 7”) R® = ¢ F*,

(5.8) RY(T,z,y,z) = eG(2,y, 2).

Therefore R admits the following probabilistic representation:
R(t,x,y,2) = €E [e""(T_t)Ge(XT, Yy, Zr)

T
(5.9) —/ e E (s, X, Yy, Zo)ds | Xy = a2, Yy =y, Zy = 2| .
t

In order to bound R*(T, z,y, z), we need bounds on the growth of F<(¢,z,y, z) and G(z,y, 2).
From (5.6) we see that G(x,y, z) contains the functions P (¢, z,y,2) and Ps(t,z,y,z). And
from (5.4) we see that F(t,z,y,z) contains terms with the linear operators, £; and Lo,
acting on Ps(t,z,y,z) and Ps(t,z,y,z). Thus, to bound F¢(t,z,y,z) and G(x,y,z), we
need to obtain growth estimates for Py(t,x,y,z) and P3(t,z,y,2) and growth estimates for
Py(t,x,y,z) and Ps(t,x,y,z) when linear operators act upon them. To do this, we use the
following classical result, which can be found in Chapter 5 of [7].

Lemma 5.1. Suppose Lox = g, (9) = 0, and [g(y)| < C1(1+y|"); then |x(y)| < Ca(1+]y|")
for some Cy. When n = 0 we have |x(y)| < Ca(1 +log(1 + |yl)).

Now, by continuing the asymptotic analysis of section 3, we find that Py(t,z,y,z) and
Ps(t,x,y, z) satisfy Poisson equations in y with respect to the operator, £y. We have

EOPZ(tv‘T?yVZ) = (_£2+<£2>) P(](t,l‘,Z),

LoPs(t,x,y,z) = — (—Lo+ (L2)) Pi(t,x,2) + (—L1Po(t, z,y,2) + (L1 Pa(t, x,y,2))) .

ISR S

Also note that, for any operator, M, of the form

N .
m S gni)
— n(j)
(5.10) M= ]1;[1 R TOR
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we have MLy = LyM because Ly does not contain x or z. Hence, MP,(t,z,y,z) and
MPs(t, z,y, z) satisfy the following Poisson equations in y with respect to the operator, L:

(5.11) Lo (MPy(t 2,1, 2)) = M% (= Lo + (L2)) Pyt 2, 2),

1
Lo (MPs(t,z,y,2)) = M; (—La+ (L)) Pi(t,z,2)
+ M (_£1P2(t7x7y7 Z) + <£1P2(t7$7y7 Z)>) :
Let us bound functions of the form MPy(t,x,z). Using (4.3) and (5.10) and recalling that

q=r7+ logx and G= e“ 2P we have
T N n(j) om
_ € n(j) 8_ —ikq oC(Tk,2)+2D(7.k,2)
M=o / Ex 9z © PET (k)

N
TTII-ik—1+ 1)) ((D(T, k,2)™ eC“’kvszD(Tv’f’Z)) (k) dk

We note the following:
e By assumption, the option payoff h(e?) € S, the Schwartz class of rapidly decreasing
functions, so that the Fourier transform h(k) € S, and therefore ||k™h(k)||sc < oo for
all integers, m.
o |§¥(7’, k,z)| <1 forall 7 € [0,T], k € R, 2 € RT. This follows from the fact that
G(r,k, z) is the characteristic function, E[exp(ikQr)|X: = =, Z; = z].
e There exists a constant, C, such that |D(7, k)| < C(1+ |k|) for all 7 € [0,T].
It follows that for any M of the form (5.10) we have the following bound on M Py(t, z, z):

ey N n(j)
IMPy(t, 2, 2)| < e% / [[(-ik -1+ 1) ID(r. )™ (e—i’W( ‘G(T, k,z)( ‘ﬁ(ls)( dk
j=11=1
N n(j)
(5.12) g/HH ik — 1+ 1) \kam(h ‘dk::C<oo.
j=11=1

The constant C' depends on M but is independent of (¢,z,z). Using similar techniques, a
series of tedious but straightforward calculations leads to the following bounds:

IMPy(t,z,2)| < C(1+ 2),

0
EMPO(t x,z)

0
EMPl (t,z,2)

<C(1+2),

<C(l+ z2),
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where, in each case, C' is some finite constant which depends on M but is independent
of (t,x,z). We are now in a position to bound functions of the form MPs(t,z,y,z) and
MPs(t,x,y,z). From (5.11) we have

—_

Lo (MPg(t,ZL',y, Z)) = M; (—EQ + <£2>) P()(t,ZL', Z)

= 5 (=F) + (%) MiBo(t,,2)
+ Pz20 (_f(y) + <f>) M2P0(t,l‘, Z)
= g(t,x,y, Z)a

where M; are of the form (5.10). Now, using the fact that f(y) is bounded and using (5.12),
we have

’g(t7 x? y? Z)‘ S C?

where C' is a constant which is independent of (¢,z,y,z). Hence, using Lemma 5.1, there
exists a constant, C', such that

(MPy(t,2,y,2)| < C(1+log(1 + [y])).

Similar, but more involved calculations lead to the following bounds:

0
S MPa(tx,y, 2)| < O(1+log(1 + [y])) (1 + 2),

(513) |MP3(t,3§‘,y,Z)|, ot

0
J— <
‘ayMPg(t,:r,y,z) <C,

0 0
8—5/\4]32(@%%2)

)

%M&(t,w,y,z) <01+ 2),

0
ot

—MPs(t,z,y,2)| < C(1+log(L+ [y]))(1+ 2%),

Oy ot

(5.14) ‘——MPg (t,z,y,2)| < C(1+ 22).

We can now bound G*(z,y, z). Using (5.6), we have

|GE($7y7z)| < |P2(T7$7y7z)| + \/E|P3(T’$’y’ Z)|
< Ci(1+1log(1+ |yl)) + VeCao(1 +log(1 + [y])(1 + 2)
(5.15) < C(1+1og(l+ |y))(1 + 2).

Likewise, using (5.4), we have
’Fe(t7w7y7z)’ <z ’£1P3(t7337y72)’ + ’£2P2(t7337y72)’ + \/E’£2P3(t7wayaz)’ :

Each of the above terms can be bounded using (5.13)—(5.14). In particular we find that there
exists a constant, C', such that

(5.16) |F(t,z,y,2)] < C(1+1log(1+|y))(1 + 22).
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Using (5.9), bounds (5.15) and (5.16), the Cauchy—Schwarz inequality, and moments of the
e-independent CIR process Z; (see, for instance, [15]), one obtains

T
(5.17) RE(t, 2y, 2)| < € O(2) <1 + By Vel +/ Et,y,zmms),
t

where E;, . denotes the expectation starting at time ¢ from Y; = y and Z; = z under the
dynamics (2.3)—(2.4). Under these dynamics, starting at time zero from y, we have

t 2 t s
(5.18) Y, =m+ (y —m)e ¢ JoZeds 4 ”‘—\/ge—i Jo Zud“/ e Jo Zuduy, J7 aWY.
0

Using the bound established in Appendix C, we have that for any given o € (1/2,1) there is
a constant C' such that

(5.19) E|Y;| < Ce* ™,

and the error estimate (5.1) follows.

Numerical illustration for call options. The result of accuracy above is established for
smooth and bounded payoffs. The case of call options, important for implied volatilities and
calibration described in the following sections, would require regularizing the payoff as was
done in [9] in the Black—Scholes case with fast mean-reverting stochastic volatility. Here, in
the case of the multiscale Heston model, we simply provide a numerical illustration of the
accuracy of approximation. The full model price is computed by Monte Carlo simulation, and
the approximated price is given by the formula for the Heston price Py given in section 4.1 and
our formulas for the correction /e Py given in section 4.2. Note that the group parameters V;
needed to compute the correction are calculated from the parameters of the full model.

In Table 1, we summarize the results of a Monte Carlo simulation for a European call
option. We use a standard Euler scheme, with a time step of 107 years, which is short
enough to ensure that Z; never becomes negative. We run 10° sample paths with € = 1073
so that \/eV3 = 0.0303 is of the same order as Vi, the largest of the Vs obtained in the
calibration example presented in section 7. The parameters used in the simulation are

x=100, 2z=0.24, r=005 «x=1, =1, =039, p.,=-0.35
y=0.06, m=0.06, v=1, pzy=—-0.35 p,. =0.35,
=1, K =100,

and f(y) = e¥=m=v* g0 that <f2> = 1. Note that, although f is not bounded, it is a convenient
choice because it allows for analytic calculation of the four group parameters V; given by
(4.15)—(4.18).

Note that the error |Py + /e P, — JBMC| is smaller than o;¢ while the correction /e P; is
statistically significant. This illustrates the accuracy of our approximation for call options in
a realistic parameter regime.
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Table 1
Results of a Monte Carlo simulation for a Furopean call option.

€ VeP Py+ /e P Puc oMC |Po + /e P1 — 13MC|
0 0 21.0831 - - -
1073 —0.2229 20.8602 20.8595  0.0364 0.0007

6. The multiscale implied volatility surface. In this section, we explore how the implied
volatility surface produced by our multiscale model compares to that produced by the Heston
model. To begin, we remind the reader that an approximation to the price of a European
option in the multiscale model can be obtained through the formula

Pe NP0+\/EP1
Pf Z:\/Epl,

where we have absorbed the /€ into the definition of Pf and used Py = Py, the Heston price.
Form the formulas for the correction P, given in section 4.2, it can be seen that Pj is linear
in V;, 1 =1,...,4. Therefore, by setting

‘/;;ez\/g‘/i7 iz]‘?"'747

the small correction Py is given by the same formulas as P; with the V; replaced by the V.

It is important to note that, although adding a fast mean-reverting factor of volatility on
top of the Heston model introduces five new parameters (v, m, €, pgy, py-) plus an unknown
function f to the dynamics of the stock (see (2.2) and (2.3)), neither knowledge of the values
of these five parameters nor the specific form of the function f is required to price options
using our approximation. The effect of adding a fast mean-reverting factor of volatility on top
of the Heston model is entirely captured by the four group parameters V,, which are constants
that can be obtained by calibrating the multiscale model to option prices on the market.

By setting V. = 0for¢ =1,...,4, we see that Pf = 0, P = Pp, and the resulting implied
volatility surface, obtained by inverting the Black—Scholes formula, corresponds to the implied
volatility surface produced by the Heston model. If we then vary a single V¢ while holding
Vi=0 for j # i, we can see exactly how the multiscale implied volatility surface changes as
a function of each of the V. The results of this procedure are plotted in Figure 1.

Because they are on the order of /e, typical values of the V¢ are quite small. However,
in order to highlight their effect on the implied volatility surface, the range of values plotted
for the V¢ in Figure 1 was intentionally chosen to be large. It is clear from Figure 1 and from
(4.23) that each V£ has a distinct effect on the implied volatility surface. Thus, the multiscale
model provides considerable flexibility when it comes to calibrating the model to the implied
volatility surface produced by options on the market.

7. Calibration. Denote by © and ¢ the vectors of unobservable parameters in the Heston
and multiscale approximation models, respectively:

@ = (/{71070-707’2)7
@ = (/{7 :07 0-7 07 z? ‘/167 ‘/267‘/%67‘/46)'
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Figure 1. Implied volatility curves are plotted as a function of the strike price for European calls in the
multiscale model. In this example the initial stock price is © = 100. The Heston parameters are set to z = 0.04,
0 =0.024, Kk = 3.4, 0 = 0.39, pg> = —0.64, and r = 0.0. In subfigure (a) we vary only VY, fizing Vi = 0
for i # 1. Likewise, in subfigures (b), (c), and (d), we vary only Vs, V5, and Vf, respectively, fixing all other
Ve = 0. We remind the reader that, in all four plots, Vi = 0 corresponds to the implied volatility curve of the
Heston model.

Let o(T;, Kj(;)) be the implied volatility of a call option on the market with maturity date
T; and strike price Kj;). Note that, for each maturity date, T;, the set of available strikes,
{Kju}, varies. Let oy (T;, Kj(;),©) be the implied volatility of a call option with maturity
date T; and strike price Kj(;) as calculated in the Heston model using parameters ©. And let
om(Ti, K (i) ®) be the implied volatility of the call option with maturity date 7; and strike
price Kj(;) as calculated in the multiscale approximation using parameters .

We formulate the calibration problem as a constrained, nonlinear, least squares optimiza-
tion. Define the objective functions as

A% (0) = Z Z (o(T3, Kj()) — ou(Ti, Ky, @))2,
i j(2)

A (@) =YY (o(T3, Kjpy) — om(Th, Kja), ))°.
i (i)
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We consider ©* and ¢* to be optimal if they satisfy
A}(67) = min A%(0),
A2 (D%) = mqin A% (D).

It is well known that the objective functions, A% and A3%,, may exhibit a number of local
minima. Therefore, if one uses a local gradient method to find ©* and ®* (as we do in this
paper), there is a danger of ending up in a local minima rather than the global minimum.
Therefore, it becomes important to make a good initial guess for © and ®, which can be done
by visually tuning the Heston parameters to match the implied volatility surface and setting
each of the V. = 0. In this paper, we calibrate the Heston model first to find ©*. Then, for
the multiscale model, we make an initial guess ® = (0*,0,0,0,0) (i.e., we set the V;* = 0 and
use ©F for the rest of the parameters of ®). This is a logical calibration procedure because
the V¢, being of order /e, are intended to be small parameters.

The data we consider consists of call options on the S&P 500 index (SPX) taken from
May 17, 2006. We limit our data set to options with maturities greater than 45 days and with
open interest greater than 100. We use the yield on the nominal 3-month, constant maturity,
U.S. Government treasury bill as the risk-free interest rate. And we use a dividend yield on
the SPX taken directly from the Standard & Poor’s website (http://www.standardandpoors.
com). In Figures 2 through 8, we plot the implied volatilities of call options on the market
as well as the calibrated implied volatility curves for the Heston and multiscale models. We
would like to emphasize that, although the plots are presented maturity by maturity, they are
the result of a single calibration procedure that uses the entire data set.

From Figures 2 through 8, it is apparent to the naked eye that the multiscale model
represents a vast improvement over the Heston model, especially for call options with the
shortest maturities. In order to quantify this result, we define marginal residual sum of
squares

_ 1 .
BR(T) = Fy 22 (0T Kso) = on (T Ky, ©)

(@)

AR (Ty) = N(lT,) ST (0T Kjay) — on(Ti, Ky, 7)),
Vi)
where N(T;) is the number of different calls in the data set that expire at time 7; (i.e.,
N(T;) = #{K;}). A comparison of A}/(T;) and A%,(T;) is given in Table 2. The table
confirms what is apparent to the naked eye, namely, that the multiscale model fits the market
data significantly better than the Heston model for the two shortest maturities as well as the
longest maturity.

In general, as explained in [7], the calibrated parameters are sufficient to compute approx-
imated prices of exotic options. The leading order price Py is obtained by solving (eventually
numerically) the homogenized PDE appropriate for a given exotic option (for instance with an
additional boundary condition in the case of a barrier option). The correction Py is obtained
as the solution of the PDE with source where the source can be computed with P, and the
Vi’s calibrated on European options.
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Figure 2. SPX implied volatilities from May 17, 2006.
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Figure 3. SPX implied volatilities from May 17, 2006.

Finally, we remark that V', the largest calibrated V., was found to be 0.025. In the Monte
Carlo simulation presented at the end of section 5, we chose € so that the value of \/eV3 was
of the same order of magnitude as the calibrated V3.
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Figure 4. SPX implied volatilities from May 17, 2006.
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Figure 5. SPX implied volatilities from May 17, 2006.

Appendix A. Heston stochastic volatility model. There are a number of excellent re-
sources where one can read about the Heston stochastic volatility model—so many, in fact,
that a detailed review of the model would seem superfluous. However, in order to establish
some notation, we will briefly review the dynamics of the Heston model here as well as show
our preferred method for solving the corresponding European option pricing problem. The
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Figure 6. SPX implied volatilities from May 17, 2006.
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Figure 7. SPX implied volatilities from May 17, 2006.

notes from this section closely follow [20]. The reader should be aware that a number of the
equations developed in this section are referred to throughout the main text of this paper.
Let X; be the price of a stock. And denote by r the risk-free rate of interest. Then, under
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Figure 8. SPX implied volatilities from May 17, 2006.

Table 2

Residual sum of squares for the Heston and the multiscale models at several maturities.

T; —t (days) A%(Ty) A (Ty) NG (T3) /A (T)
65 29.3x107% 791 x10°¢ 3.71
121 102 x 1076 3.72x10°° 2.73
212 4.06 x 107% 811 x 107° 0.51
303 3.93x107% 351 x10°°¢ 1.12
394 7.34x107% 517 x107¢ 1.42
583 11.3x107% 9.28 x 107 1.22
947 3.31x107% 147 x107° 2.25

the risk-neutral probability measure, P, the Heston model takes the following form:

dX; = r Xedt +\/Z; Xtthx ,
dZt == /4(0— Zt)dt+0\/thWtz,
d(W?* W?), = pdt.

Here, W and W/ are one-dimensional Brownian motions with correlation p such that |p| < 1.
The process, Z;, is the stochastic variance of the stock. And k, 8, and o are positive constants

satisfying 2k6 > o2; assuming Zy > 0, this ensures that Z; remains positive for all .

We denote by Pg the price of a European option, as calculated under the Heston frame-
work. As we are already under the risk-neutral measure, we can express Py as an expectation

of the option payoff, h(X7), discounted at the risk-free rate:

Py(t,z,z) =E [e_T(T_t)h(XT) Xo=a,Zy =2
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Using the Feynman—Kac formula, we find that Py (¢, z, z) must satisfy the following PDE and
boundary condition:

(A1) LyPy(t,x,z) =0,
(AQ) PH(T7$7 Z) = h(l’),
B o 1 ,0
£H_E_T+T‘Ta_x+§zx ?
o 1, 0?
+ k(0 z)§+20’ ‘53
82
(A.3) + poZT o

In order to find a solution for Py (t, z, ), it will be convenient to transform variables as follows:
T(t) =T —t,
q(t,z) =r(T —1t) +logx,
Py(t,z,2) = Py(r(t),q(t,z), 2)e” ™.
This transformation leads us to the following PDE and boundary condition for P}, (7, ¢, 2):
/HPIILI(Tquz) =0,
, o 1 ( 0? 0 > 0?
H=—F5tzz|l55— 5 | +tpoz

or 2 \0¢2 0q 0q0z
1, 9 0
(A4) +§0' Z@"‘H(G—Z)@,

Pp(0,q,2) = h(e?).

We will find a solution for Py, through the method of Green’s functions. Denote by 6(g) the
Dirac delta function, and let G(,q, z), the Green’s function, be the solution to the following
Cauchy problem:

(A.5) uG(7,q,2) =0,
(A.6) G(0,q,2) = d(q).
Then,

Py (1,q,2) /GTq p, 2)h(e?)dp.

Now, let ﬁH(T,k,Z), G(T, k,z), and h(k) be the Fourier transforms of Py (7,q,z), G(7,q,2),
and h(e?), respectively:

~

Py(1,k,2) = / ™ Py (1, q,2)dg,
R

Glrkz) = / MG (7, ¢, 2)dg,
R

h(k) :/Reikqh(eq)dq.
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Then, using the convolution property of Fourier transforms, we have

1
T or
!
=5 /.

Py (7,q,2) / e_ikqﬁH(T, k,z)dk
R
e~ %G (7, k, 2)h(k)dk.

Multiplying (A.5) and (A.6) by ¢*¢ and integrating over R in ¢/, we find that G(r,k, z)
satisfies the following Cauchy problem:

(A.7) LyG(r,k,z) =0,
=< o 3 1 2 . 1 2 82
Ly = o + 3% (—k* +ik) + 3% %52
+ (k0 — (k + poik) z) %,
(A.8) G(0,k,z) = 1.

Now, we give an ansatz: suppose @(7’, k,z) can be written as follows:
(A.9) G(r,k, z) = eC(TR+2D(Tk),

Substituting (A.9) into (A.7) and (A.8) and collecting terms of like powers of z, we find that
C(7,k) and D(r, k) must satisfy the following ordinary differential equations (ODEs):

(A.10) E(T, k) = kOD(1,k),

(A.11) C(0,k) =0,

(A.12) %(T, k) = %UzDQ(T, k) — (k + poik) D(1, k) + ! (—k* +ik)
(A.13) D(0,k) =

Equations (A.10), (A.11), (A.12), and (A.13) can be solved analytically. Their solutions, as
well as the final solution to the European option pricing problem in the Heston framework,
are given in (4.3)—(4.11).

Appendix B. Detailed solution for P;(t,x, z). In this section, we show how to solve
for Py(t,x, z), which is the solution to the Cauchy problem defined by (3.16) and (3.17). For
convenience, we repeat these equations here with the notation Ly = (L9) and Py = Fy:
(B.1) LyP(t,x,z) = APg(t,x, 2),

(B.2) P(T,z,z) =0.

We remind the reader that A is given by (4.14), Ly is given by (4.1), and Py (¢, x, z) is given
by (4.3). It will be convenient in our analysis to make the following variable transformation:

(B.3) Pi(t,z,2) = P/(1(t),q(t,x),2)e” "7,
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We now substitute (4.3), (4.14), and (B.3) into (B.1) and (B.2), which leads us to the following
PDE and boundary condition for P{(7,q, 2):

(B.4) L Pl(T,q,2) = A/Qi / —quG(T k, 2)h(k)dk,
7'('
p=-2 +5 L +
H= " or 8q po= 8q8z
1 8
+ = O' ZW + 5(9 s
o ([ 0? 0 03
A'=Viz 92 (8(] 8q> + V2z8228q
03 0? o3
+V3Z<83 a2>+v4 9208
(B.5) P{(0,q,2) =0.

Now, let Py (7, k, z) be the Fourier transform of P}(r,q, 2):
Pi(r,k,z) = / ek P!l (7. q, 2)dg.
R

Then,

™

(B.6) Pl(1,q,2) = 2i / e %Py (1, k, z)dk.
R

Multiplying (B.4) and (B.5) by ¢ and integrating in ¢’ over R, we find that ﬁl(T,k‘,Z)
satisfies the following Cauchy problem:

(B.7) LyPi(1,k,z) = AG(7, k, 2)h(k),
Cr=-2 41 (—k2 + /-c)+1 2, &
H = 87- Z 1 g Zaz2
+ (k0 — (k + poik) z) 9

0z’
d=:(nl (—k* +ik) + ‘/28—2 (—ik)
0z 022
V3 (K R Vi (—k2)> ,
(B.8) Py(0,k,z) = 0.
Now, we give an ansatz: we suppose that 181 (1,k, z) can be written as
(B.9) Pi(r,k,2) = (nofo(f, k) + 2 fi(, k)) G(r,k, 2)h(k).

We substitute (B.9) into (B.7) and (B.8). After a good deal of algebra (and, in particular,
making use of (A.10) and (A.12)), we find that fo(r,k) and fi(7,k) satisfy the following
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system of ODEs:

(B.10) ‘;—{1(7, k) = a(r, k) fi(r. k) + b, k),
(B.11) F1(0,k) =0,
(B.12) %(T, k) = fi(r, k),
(B.13) fo(0,k) =0,
a(1,k) = 6*D(1,k) — (k + poik) ,
b(r,k) = — (ViD(r, k) (—k* + ik) + VaD?*(1, k) (—ik)

+ V3 (ik* + k%) + VaD(7, k) (—k%)) ,

where D(7,k) is given by (4.9).
Equations (B.10)—(B.13) can be solved analytically (to the extent that their solutions can

be written down in integral form). The solutions for fo(r, k) and fi(7, k), along with the final
solution for P (t,z, z), are given by (4.19)—(4.23).

Appendix C. Moment estimate for Y;. In this section we will derive a moment estimate
for Y}, whose dynamics under the pricing measure are given by (2.3), (2.4), (2.7). Specifically,
we will show that for all @ € (1/2,1) there exists a constant, C' (which depends on « but is
independent of ¢), such that E|Y;| < Ce*L.

We will begin by establishing some notation. First we define a continuous, strictly in-

t
,Bt Z:/ ZSdS.
0

Next, we note that W} may be decomposed as

creasing, nonnegative process, 3, as

(C.1) WY = pyWy¢ + /1 - szWtLv

where W, is a Brownian motion which is independent of W7. Using (5.18) and (C.1), we
derive

where C and (5 are constants. We will focus on bounding the first moment of the second

C B t B t
|n|gcl+72_ [eTlBt / B \JZAW?| + e= P / ech\/ZdW it
€ 0 0
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stochastic integral. We have

1 L, [1 2
-E [<6715t/ e%ﬁs\/stWsl>
€ 0

. ,
e /R </ eﬁs/a/zsdmi) |ﬁt”
0

1 t
= “E |e2P/E / e2%:/c 7 ds| ﬁt”
0

t
ZEE e~ 28t/cR /ews/fdﬁs\ﬁt”
0

- EE —2B¢/e & < 2Bi/e _ 1)]

€

— EE 1— e—gﬁt} < 1
2 L 2
Then, by the Cauchy—Schwarz inequality, we see that
1 = by 1
—E [e= P / e/ Z,dW ] < —.
Ve [ 0 T T V2

What remains is to bound the first moment of the other stochastic integral,
L[ =] [ 20 2
A:=—7=E |e<™ e\ ZdWZ| | .
Ve 0

Naively, one might try to use the Cauchy—Schwarz inequality in the following manner:
1 t
A< ——=/E [e=2Bt/¢]\ [E [/ eQﬁs/Gsts}
Ve [ ] \/ 0
1 €
= — _26 /E — 2515/6
\/E\/E[e Y [E |5 (200 .

However, this approach does not work, since [62’8’5/ 6] — o0 as € — 0. Seeking a more refined
approach of bounding A, we note that

1 = K 1 ty
=Bt < /7 SAW? = -18 7, — —eﬁt/ Bs(0— 7.)d
\/Ee / ‘ \/_e (& =2) - U\/Ee 0 e o)ds

_lg t l/j
e Pt | e Z(Zy — Zg)ds,
0

1
ge3/2

_|_
which can be derived by replacing t by s in (2.4), multiplying by e”/¢, integrating the result

from 0 to ¢, and using Z2 = Z;Zs — Zs(Z; — Z) and fg e~ Be=Bs)lez.ds = e(1 — e~ P/¢). From
the equation above, we see that
t 1
/ e<P (0 — Z)ds ]
0

|

1 1 K 1
A<—E[ —ePtz, — } —_E |e” P
S o e | Z; Z|+a\ﬁ e

t
/ e85 7.(7Z, — 7.)ds
0

(C.2) + E [e‘zﬁf

oed3/2
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At this point, we need the moment generating function of (Z, ;). From [15], we have
(C.3) E [e—AZt—uﬁt} — e O~ (),

2,),6(7—4-/4)16/2

9

brult) = 1o
Autt) = 5 108 Ao? (et —1)+vy —k+ e (y+ k)

Ay+r+e(y—r)+2u (e —1)
Aoz (et —1)+y—Kk+ et (y+ k)
v =\K2+20%p.

Y

Q/JA,u(t) =

Now, let us focus on the first term in (C.2). Using the Cauchy—Schwarz inequality, we have

#E [z, — ] < #\/E [e25/] /E[1Z, = 27
From (C.3) one can verify
E[|Z, - 2°] < Cs,
E [6—2&/6} — e H0%0.2/c(t)=200,2/c(1) , (C1/VE
where C3 and C4 < 0 are constants. Since %604/\/2 — 0 as € = 0, we see that
1
o€

E [e—ﬁt/ﬂzt - z@ < O

for some constant Cj.
We now turn our attention to the second term in (C.2). We have

" E /t —L(B=8) (g — 7,)d
o ; e s)ds

K [t K0 oy
< —FE — BBz ds| + —E / —e(Be=b)g
T oy/e _/o ‘ N NG 0 ‘ i

K [t 1 59 t 1
< <(Be—Bs) / — < (Be—Bs)
\/EE _/0 e dBs| + \/EE ; e ds

K r K0 toy
< _ = Bt/e = (Bt—Bs)
_O_\/EE_E(l e )]—FU\/EE[/Oe ds

K0 t 1
< E |e—<Bt=Bs)
Cs + \/E ; [e ] ds

for some constant Cg. To bound the remaining integral we calculate
E [e—%(ﬁt—ﬁs)} - [E [e—%(ﬁt—ﬁs) ZSH

_E |:e_59¢0y1/€(t—S)—st}O,l/e(t_s):|

(C.4) — oxp (= K090,1/e(t = 5) — K065,0(5) — 2165,0(5)),
Y(s) =g 1/e(t — 3).
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Using the fact that ¢y (), ¥ . (t) > 0 for any A, u,t > 0, we see that

E [e_%(ﬁt_ﬁs)] < exp ( — zzp@,o(s)).

Hence
t

/Ot E [e—é(ﬁt—ﬂs)] ds < /Ot_ea exp ( — zzp@,o(s))ds + /t—ea exp ( — zzp@,o(s))ds
(C.5) =: I + Iy,

where o € (1/2,1). Using ¢, ,(t) > 0 again, we deduce o ((s) > 0 and therefore
(C.6) I <e€”.

As for I, we claim

(C.7) I, < Crexp (—Cgea_l) ,

which is equivalent to showing there exists a constant C' such that

(©8) bgols) > et

for all s € [0, — €“]. To prove this claim, we note that for small €

- o2 [ exp [U—f(t— s)} -1

»(s) = to/e(t —s) ~ Ve \exp [0_\/22(1: - s)} +1

Y

where we have used v = \/k2 + 202 /¢ ~ 0/2/\/e. A direct computation shows that 1 (s) is
strictly decreasing in s with

Pt =€) = o /e(e”) ~ a?er

Now, we note that t; o(s) is given by

2k () 2K
Ypols) = ; = 7ok
o2 (efs — 1) )(s) +2kers o2 (e — 1) + 2kers [ (s)
Since e"* < e, and since, at worst, 1(s) ~ 02¢*~!, we conclude that there exists a constant

C such that (C.8), and therefore (C.7), holds. Hence, using (C.5)—(C.7), we have

t t—e® t
/ E [6_%(Bt—5s):| ds = / E [e—%(ﬁt—ﬁs)] ds + / E [e—%(ﬁt—ﬂs)} ds
0 0 t—e
< Cre e e,
This implies that there exists a constant Cy such that for any o € (1/2,1)

K0

t
_%(ﬁt_ﬁs) <
J\/EOE[e :|dS_C9.
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Having established a uniform bound on the first two terms in (C.2), we turn our attention
toward the third and final term. For a € (1/2,1) we have

1 t
T [ / e P Z(2, — Z.)ds

0

1 Lty
< - —<(Be—Bs) _
:| < 063/2E [/0 e Zs| Zy Zsfds]

1 t—e®
= —3/2E |:/ e_é(ﬁt_gs)ZS‘Zt — Zg’d8:|
o€ 0

1 t 1
- —;(ﬁt—ﬁs) —
+ 5k Ut_ea e A Zslds] .

For the integral from 0 to (¢t — €*) we compute

1

t—e®
mE U e~ BBz |7, — Zs|ds}
0

t—e™
\/E [/ e~ c(Br=Ba) g
0

1 2
< ——=4 | E Zs|Zy — Zs
< a5, 70 2)

1 C a—1
—C11€
< e Choe < Ci2

for some constants Cyg, C11, and Cig. For the integral from (¢ — %) to ¢ we have

1 t 1
——-F e~ BB 717, — Z,|ds
0'63/2 |:/t_ga s| t s|
1 [ t 1
< —5 sup |Zy — Zg| e_e(ﬂt_BS)sts]
oe3/2 i co<s<t -
1 -

=—zE| sup [Z—Ze(l- e_ﬁ(téa)/é)]
g€ / Lt—ex<s<t

1
1/2 Sup |Zt - ZS|:| S C136a_1
e —eo<sst

IN

for some constant C13. With this result, we have established that for all & € (1/2,1) there
exists a constant, C, such that E|Y;| < C e~ L.

Appendix D. Numerical computation of option prices. The formulas (4.3) and (4.19)
for Py (t,z,z) and P;(t,x,z) cannot be evaluated analytically. Therefore, in order for these
formulas to be useful, an efficient and reliable numerical integration scheme is needed. Unfor-
tunately, numerical evaluation of the integral in (4.3) is notoriously difficult. And the double
and triple integrals that appear in (4.19) are no easier to compute. In this section, we point
out some of the difficulties associated with evaluating these expressions numerically and show
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how these difficulties can be addressed. We begin by establishing some notation:

Pe(t7x7z) ~ PH(t,ZL',Z) + \/EPl(t,ZII,Z)
e T

=S [ (14 Ve (0hur ) + 2B

27
x G(7, k, 2)h(k)dk

—TrT

- e% (Poo(t,z, 2) + KOVEPLo(t, x, 2) + 2/ePr (2, 2))
where we have defined
(D.1) Poolt,z,z) := /R e G (7, k, 2)h(k)dk,
(D.2) Pio(t,z,2) = /R e~ fo (7, k)G (T, k, 2)h(k)dk,
(D.3) Pir(t,z,2) = /R e~k Fy (7, )G, by 2V () dk.

As they are written, (D.1), (D.2), and (D.3) are general enough to accommodate any European
option. However, in order to make progress, we now specify an option payoff. We will limit
ourselves to the case of a European call, which has payoff h(z) = (z — K)*. Extension to
other European options is straightforward.

We remind the reader that iAz(k;) is the Fourier transform of the option payoff, expressed
as a function of ¢ = r(T —t) + log(x). For the case of the European call, we have

(D.4) (k) = /R Rl _ ) g =

We note that (D.4) will not converge unless the imaginary part of k is greater than 1. Thus,
we decompose k into its real and imaginary parts and impose the following condition on the
imaginary part of k:

k= ky + ik,
(D.5) k; > 1.

When we integrate over k in (D.1), (D.2), and (D.3), we hold k; > 1 fixed and integrate k,
over R.

Numerical evaluation of Py o(t, z, z). We rewrite (D.1) here, explicitly using expressions
(4.7) and (D.4) for G(7,k, z) and h(k), respectively:
By K1k
(D.6) Po,o(t,l‘, Z) _ /Re quec(T’k)+ZD(T’k)md/€r.
In order for any numerical integration scheme to work, we must verify the continuity of the
integrand in (D.6). First, by (D.5), the poles at k = 0 and k = i are avoided. The only other
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C(mk)  which may be discontinuous due to the

worrisome term in the integrand of (D.6) is e
presence of the log in C(, k).

We recall that any ¢ € C can be represented in polar notation as ¢ = rexp(if), where
0 € [—m, ). In this notation, log ¢ = logr + if. Now, suppose we have a map ((k,) : R — C.
We see that whenever (k) crosses the negative real axis, log ((k,) will be discontinuous (due
to # jumping from —7 to 7 or from 7 to —m). Thus, in order for log ((k,) to be continuous,
we must ensure that ((k,) does not cross the negative real axis.

We now return our attention to C(7,k). We note that C(7,k) has two algebraically

equivalent representations, (4.8) and the following representation:

(D.7) C(r, k) = /;—2 ((k + piko — d(k)) T — 2log ((7,k)) ,
e_Td(k) —
(D.5) C(r k) = 1/9(2%(6)1 !

It turns out that, under most reasonable conditions, {(7, k) does not cross the negative real
axis [17]. As such, as one integrates over k., no discontinuities will arise from the log ((7, k)
which appears in (D.7). Therefore, if we use expression (D.7) when evaluating (D.6), the
integrand will be continuous.

Numerical evaluation of P; ;(t,x,z) and P o(t,x, z). The integrands in (D.3) and
(D.2) are identical to that of (D.1), except for the additional factor of fi(7,k). Using (4.21)
for fi(7, k), we have the following expression for P ;(t,z, 2):

P171(t €T Z)
1+ik
:/ —ikq / bS k‘ A(Tks)ds e C(7,k)+2zD(T,k) K dk,
ik — k2
—1 T,k,s T zD(t Kl—Hk
(D.9) / / a5, kAR HCERIDER Kt g
Similarly,
Pl,O(tv &€, Z)
T ot ) Kl—i—ik
(D.10) = / / / e"kqb(s,k)eA(t7k’5)+C(T’k)+ZD(T7k)mdkrdsdt.

We already know, from our analysis of Py o(t, z, z), how to deal with the log in C'(7, k). It turns
out that the log in A(7, k,s) can be dealt with in a similar manner. Consider the following
representation for A(7,k, s), which is algebraically equivalent to expression (4.22):

1—g(k
A(T,k,s) = (k + piko + d(k)) <d(T‘ZEk))>
X (d(k)(T — s) +log C(, k) —log ((s, k))
(D.11) +d(k)(T — s),
where ((7, k) is defined in (D.8). As expressed in (D.11), A(7,k,s) is, under most reasonable

conditions, a continuous function of k,. Thus, if we use (D.11) when numerically evaluating
(D.9) and (D.10), their integrands will be continuous.
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Transforming the domain of integration. Aside from using (D.7) and (D.11) for C(7,k)
and A(T,k,s), there are a few other tricks we can use to facilitate the numerical evaluation
of (D.6), (D.10), and (D.9). Denote by Iy(k) and I;(k, s) the integrands appearing in (D.6),
(D.9), and (D.10):

Po,oz/Io(k:)dkr,
R

P171 :/ /Il(k;,s)dkrds,
0 R

T t
PL():/ / /Il(/ﬁ,s)dkrdsdt.
0 0 JR

First, we note that the real and imaginary parts of Iy(k) and I;(k,s) are even and odd
functions of k,, respectively. As such, instead of integrating in k, over R, we can integrate in
k, over R, drop the imaginary part, and multiply the result by 2.

Second, numerically integrating in k, over R, requires that one arbitrarily truncate the
integral at some keu¢off. Rather than doing this, we can make the following variable transfor-
mation, suggested by [14]:

—logu
kr = )
Coo
1—p?
(D.12) Coo := ———(z + KOT).
o

Then, for some arbitrary I(k), we have

& ! —logu 1
1(k)dk, = I ki | ——du.
/0 (k) /0 ( Coo o >UCOO !

Thus, we avoid having to establish a cutoff value, k.o (and avoid the error that comes along
with doing so).

Finally, evaluating (D.10) requires that one integrate over the triangular region param-
eterized by 0 < s < t < 7. Unfortunately, most numerical integration packages facilitate
integration only over a rectangular region. We can overcome this difficulty by performing the
following transformation of variables:

s = tv,
ds = tdwv.

Then, for some arbitrary I(s), we have

(D.13) /0 ' /0 tI(s)dsdt: /0 ' /0 1 I(tv)tdvdt.
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Pulling everything together we obtain

! —logu 1
Pyog=2 Iy | ——— +ik; | ——du,
0,0 Re/o 0 < o +zl<:> uC'oodu
log u 1
P1 1= ZRe/ / Il < C +Zk‘2, ) @duds,

1
P1 0= 2Re/ / / Il < oY + k“t’u> Ldud?)dt,
uCusg

where C, is given by (D.12). These three changes allow one to efficiently and accurately
numerically evaluate (D.6), (D.9), and (D.10).

Numerical tests show that for strikes ranging from 0.5 to 1.5 times the spot price, and for

expirations ranging from 3 months to 3 years, it takes roughly 100 times longer to calculate a
volatility surface using the multiscale model than it does to calculate the same surface using
the Heston model.

Acknowledgments. The authors would like to thank Ronnie Sircar and Knut Sglna for

earlier discussions on the model studied in this paper. They also thank the two anonymous
referees for their suggestions that greatly helped improve the paper.

1]
2]
8]
[4]

[5]
(6]

7]
8]
[9]
[10]

[11]
[12]

[13]

[14]

REFERENCES

S. AL1zaDEH, M. W. BRANDT, AND F. X. DIEBOLD, Range-Based Estimation of Stochastic Volatility
Models, SSRN eLibrary, 2001.

T. G. ANDERSEN AND T. BOLLERSLEV, Intraday periodicity and volatility persistence in financial markets,
J. Empir. Finance, 4 (1997), pp. 115-158.

M. CHERrRNOV, A. R. GALLANT, E. GHYSELS, AND G. TAUCHEN, Alternative models for stock price
dynamics, J. Econometrics, 116 (2003), pp. 225-257.

P. Corron, J.-P. FOuQuE, G. PAPANICOLAOU, AND R. SIRCAR, Stochastic volatility corrections for
interest rate derivatives, Math. Finance, 14 (2004), pp. 173-200.

R. F. ENGLE AND A. J. PATTON, What good is a volatility model?, Quant. Finance, 1 (2001), pp. 237-245.

G. FIORENTINI, A. LEON, AND G. RUBIO, Estimation and empirical performance of Heston’s stochastic
volatility model: The case of a thinly traded market, J. Empir. Finance, 9 (2002), pp. 225-255.

J.-P. FouQuEg, G. PAPANICOLAOU, AND R. SIRCAR, Derivatives in Financial Markets with Stochastic
Volatility, Cambridge University Press, Cambridge, UK, 2000.

J.-P. FOUQUE, G. PAPANICOLAOU, R. SIRCAR, AND K. SOLNA, Short time-scale in SEP 500 volatility,
J. Comput. Finance, 6 (2003), pp. 1-23.

J.-P. FOUQUE, G. PAPANICOLAOU, R. SIRCAR, AND K. SOLNA, Singular perturbations in option pricing,
SIAM J. Appl. Math., 63 (2003), pp. 1648-1665.

J. GATHERAL, Modeling the implied volatility surface, in Global Derivatives and Risk Management,
Barcelona, 2003.

J. GATHERAL, The Volatility Surface: A Practitioner’s Guide, John Wiley and Sons, New York, 2006.

S. HESTON, A closed-form solution for options with stochastic volatility with applications to bond and
currency options, Rev. Financ. Stud., 6 (1993), pp. 327-343.

E. HILLEBRAND, Overlaying time scales in financial volatility data, in Econometric Analysis of Financial
and Economic Time Series/Part B, T. B. Fomby and D. Terrell, eds., Adv. Econom. 20, Elsevier,
Amsterdam, 2006, pp. 153—178.

P. JACKEL AND C. KAHL, Not-so-complez logarithms in the Heston model, Wilmott Magazine, September
(2005), pp. 94-103.



254

JEAN-PIERRE FOUQUE AND MATTHEW J. LORIG

[15] D.
[16] B.

[17] R.
(18] A.

[19] U.

[20] W.

LAMBERTON AND B. LAPEYRE, Introduction to Stochastic Calculus Applied to Finance, Chapman &
Hall, London, 1996.

D. LEBARON, Stochastic Volatility as a Simple Generator of Financial Power-Laws and Long Memory,
SSRN eLibrary, 2001.

LorD AND C. KAHL, Why the Rotation Count Algorithm Works, SSRN eLibrary, 2006.

MELINO AND S. M. TURNBULL, Pricing foreign currency options with stochastic volatility, J. Econo-
metrics, 45 (1990), pp. 239-265.

A. MULLER, M. M. DacoroagNA, R. D. Dave, R. B. OusEn, O. V. PicTET, AND J. E. VON

WEIZSACKER, Volatilities of different time resolutions—analyzing the dynamics of market components,
J. Empir. Finance, 4 (1997), pp. 213-239.

SHAW, Stochastic Volatility, Models of Heston Type, http://www.mth.kcl.ac.uk/~shaww /web_page/
papers/StoVolLecture.pdf.

[21] J. ZHANG AND J. SHU, Pricing Standard & Poor’s 500 index options with Heston’s model, in Proceedings

of the IEEE Conference on Computational Intelligence for Financial Engineering, 2003, pp. 85-92.



SIAM J. FINANCIAL MATH. (©) 2011 Society for Industrial and Applied Mathematics
Vol. 2, pp. 255-286

On the Heston Model with Stochastic Interest Rates*

Lech A. Grzelak! and Cornelis W. OQosterleet

Abstract. We discuss the Heston model [Rev. Financ. Stud., 6 (1993), pp. 327-343] with stochastic interest
rates driven by Hull-White (HW) [J. Derivatives, 4 (1996), pp. 26-36] or Cox-Ingersoll-Ross
(CIR) [Econometrica, 53 (1985), pp. 385—407] processes. Two projection techniques to derive
affine approximations of the original hybrid models are presented. In these approximations we can
prescribe a nonzero correlation structure between all underlying processes. The affine approximate
models admit pricing basic derivative products by Fourier techniques [P. P. Carr and D. B. Madan,
J. Comput. Finance, 2 (1999), pp. 61-73, F. Fang and C. W. Oosterlee, SIAM J. Sci. Comput., 31
(2008), pp. 826-848] and can therefore be used for fast calibration of the hybrid model.

Key words. equity-interest rate hybrid models, stochastic volatility, Heston—Hull-White and Heston—Cox—
Ingersoll-Ross processes, approximation by affine diffusion process
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1. Introduction. Modelling derivative products in finance usually starts with the specifi-
cation of a system of stochastic differential equations (SDEs) that correspond to state variables
like stock, interest rate, and volatility. By correlating the SDEs from the different asset classes,
one can define so-called hybrid models and use them for pricing multiasset derivatives. Even
if each of these SDEs yields a closed-form solution, a nonzero correlation structure between
the processes may cause difficulties for modeling and product pricing. Typically, a closed-form
solution of the hybrid models is not known, and numerical approximation by means of Monte
Carlo (MC) simulation or discretization of the corresponding partial differential equations
(PDEs) has to be employed for model evaluation and derivative pricing. The speed of pricing
European products is, however, crucial, especially for the calibration. Several theoretically
attractive SDE models that cannot fulfill the speed requirements are not used in practice.

The aim of this paper is to define hybrid SDE models that fit in the class of affine diffusion
processes (AD), as in Duffie, Pan, and Singleton [13]. For processes within this class a closed-
form solution of the characteristic function (ChF) exists. Suppose we have given a system of
SDEs, i.e.,

(1.1) AX(t) = p(X(t)dt + o(X(1)dW (2).
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This system (1.1) is said to be of affine form if

(1.2) w(X(t)) = ag +a1X(t) for any (ag,a;) € R™ x R™™",
(13)  ((XH)oXH) )iy = (co)is + (@)EX(D),  with (co,er) € B x BT
(1.4) r(X(t) =ro +riX(t) for (rp,r1) € R x R,

fori,j =1,...,n, with r(X(¢)) being an interest rate component. Then, the discounted ChF
is of the following form [13]:

T
¢(u,X(t),t,T) = E® <exp <— / r(s)ds + iuTX(T)> ‘]—"(t)) _ oA ) +BT (wn)X()
t

where the expectation is taken under the risk-neutral measure, Q. For a time lag, 7:=T —t,
the coefficients A(u,7) and BT (u,7) have to satisfy the following complex-valued ordinary
differential equations (ODEs):

diB(u T)= —ri+aiBu,r1) + %BT(u, 7)1 B(u, 1),

(1.5) T
diA(u, 7= —ro+ B (w )ag + %BT(u, HeoB(u, 7),

-

with a;,¢;, i, i =0,1, as in (1.2), (1.3), and (1.4).

In this article we focus our attention specifically on a hybrid model which combines the
equity and interest rate asset classes. Brigo and Mercurio [8] have shown that the assumption
of constant interest rates in the classical Black—Scholes model [7] can be generalized, and
by including the stochastic interest rate process of Hull and White [23], one is still able to
obtain a closed-form solution for European-style option prices. Originally, the Black—Scholes—
Hull-White model in [8] was not dedicated to pricing hybrid products but to increasing the
accuracy for long-maturity options. The model is not, however, able to describe any smile
and skew shapes present in the equity markets.

In [37] a hybrid model was presented which could provide the skew pattern for the equity
and included a stochastic (but uncorrelated) interest rate process. Generalizations were
presented in [19, 3], where the Heston stochastic volatility model [22] was used. Some form of
correlation was indirectly modeled by including additional terms in the SDEs (this approach
is discussed in some detail in section 3.1.1).

In [20, 21] the Heston stochastic volatility model was replaced by the Schobel-Zhu (SZ)
model [35], while the interest rate was still driven by a Hull-White (HW) process (SZHW
model). In this model a full matrix of correlations can be directly imposed on the driving
Brownian motions. The model is well defined under the class of AD processes, but since
the SZHW model is based on a Vasicek-type process [36] for the stochastic volatility, the
volatilities can become negative.

A different approach to modelling equity-interest rate hybrids was presented by Benhamou,
Rivoira, and Gruz [6], extending the local volatility framework of Dupire [15] and Derman
and Kani [12] and incorporating stochastic interest rates.

Here, we investigate the Heston—Hull-White (HHW) and the Heston—-Cox—Ingersoll-Ross
(HCIR) hybrid models and propose approximations so that we can obtain their ChFs. The



ON THE HESTON MODEL WITH STOCHASTIC INTEREST RATES 257

framework presented is relatively easy to understand and implement. It is inspired by the
techniques in [19, 2].

Our approximations do not require several preliminary calculations of expectations like in
the case of Markovian projection methods [4, 5]. The resulting option pricing method benefits
greatly from the speed of ChF evaluations.

The interest rate models studied here cannot generate interest rate implied volatility smiles
or skews. They can therefore mainly be used for long-term equity options and for “not too
complicated” equity-interest rate hybrid products. As described in [24], for accurate modeling
of hybrid derivatives, it is necessary to be able to describe a nonzero correlation between equity
and interest rate. This is possible in the approximations presented here.

This paper is organized as follows. In section 2 we discuss the full-scale Heston
hybrid models with stochastic interest rate processes. Section 3 presents a deterministic
approximation of the HHW hybrid model, together with the corresponding ChF, and section
4 gives the ChF based on another stochastic approximation of that hybrid model. In section 5
we deal with the HCIR model. In section 6 the calibration based on the approximations of the
full-scale hybrid models is applied. Section 7 offers concluding remarks. Details of proofs and
tests are in the appendices, where, in particular, in Appendix C we compare the performance
of the approximations developed with the Markovian projection method studied in [4, 5].

2. Heston hybrid models with stochastic interest rate. With state vector X(¢) =
[S(t),v(t)]T, under the risk-neutral pricing measure, the Heston stochastic volatility
model [22], which is our point of departure, is specified by the following system of SDEs:

{dS(t) /S(t) = rdt +  /u(t)dW,(t), S(0) >0,
do(t) k(U —o(t)dt + v/ v(t)dW,(t), v(0) >0,

with 7 > 0 a constant interest rate, correlation dWy(t)dW,(t) = pgdt, and |pg.| < 1. The
variance process, v(t), of the stock, S(t), is a mean reverting square-root process, in which
k > 0 determines the speed of adjustment of the volatility towards its theoretical mean v > 0,
and v > 0 is the second-order volatility, i.e., the volatility of the volatility.

(2.1)

As already indicated in [22], the model given in (2.1) is not in the class of affine processes,
whereas under the log-transform for the stock, z(t) = log S(t), it is. Then, the discounted
ChF is given by

(2.2) on(u, X(t),7) = exp (A(u, 7) + B(u, 7)x(t) + C(u, 7)v(t)),

where the functions A(u, ), B(u,7), and C(u,7) are known in closed form (see [22]).

The ChF is explicit, but its inverse also has to be found for pricing purposes. Because
of the form of the ChF, we cannot get its inverse analytically, and a numerical method for
integration has to be used; see, for example, [10, 16, 29, 30] for Fourier methods.

2.1. Full-scale hybrid models. A constant interest rate, r, may be insufficient for pricing
interest rate sensitive products. Therefore, we extend our state vector with an additional
stochastic quantity, i.e., X(t) = [S(t),v(t),7(t)]T. This model corresponds to a hybrid
stochastic volatility equity model with a stochastic interest rate process, r(t). In particular, we
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add to the Heston model the HW interest rate [23] or the square-root CIR process [11]. The
extended model can be presented in the following way:

dS(t)/S(t) = rt)dt +  ot)dW,(t), S(0) >0,
(2.3) dv(t) = k(@ —o(t)dt + v/o(t)dW,(t), v(0) >0,
dr(t) = XO(t) —r(t)dt +  nrP(t)dW,(t), =(0) >0,

where exponent p = 0 in (2.3) represents the HHW model and for p = % it becomes the HCIR
model. For both models the correlations are given by AW, (t)dW,(t) = py ,dt, dW,(t)dW,.(t) =
pzrdt, and AW, (t)dW,.(t) = p, ,dt, and &, 7, and © are as in (2.1); A > 0 determines the speed
of mean reversion for the interest rate process; 6(t) is the interest rate term structure; and n
controls the volatility of the interest rate. We note that the interest rate process in (2.3) for
p= % is of the same form as the variance process v(t).

System (2.3) is not in the affine form, not even with z(t) = log S(¢). In particular, the
symmetric instantaneous covariance matrix is given by

v(t)  pepyo(t)  papmr?(t)y/o(t)
(2.4) o(X(XW)T = | = Fot)  proyrP(H)y/o(t)
* * n?r2P(t) (3x3)
Setting the correlation p,, to zero would still not make the system affine. Matrix (2.4) is of
the linear form with respect to state vector [z(t) = log S(t), v(t),r(t)]* if two correlations, p.,,
and p, ., are set to zero.! Models with two correlations equal to zero are covered in [31].
Since for pricing equity-interest rate products a nonzero correlation between stock and
interest rate is crucial (see, for example, [24]), approximations to the Heston hybrid models
need to be formulated, so that correlations can be imposed. Variants are discussed in the
sections to follow. These approximate models are evaluated with the help of the Cholesky
decomposition of a correlation matrix.
We can decompose a given general symmetric correlation matrix, C, denoted by

PL P2
(2.5) C=1|x 1 ps|,
1

as C = LLT, where L is a lower triangular matrix, with

1 0 0
p1 V1-pi 0
2
pP3—p2p1 1— 2 _ [ pz—p2m
P2 /1_p% P2 < /1—0% >

__We then rewrite the system of SDEs in terms of the independent Brownian motions,
dW (t), with the help of the lower triangular matrix L.

(2.6) L=

!Here we assume positive parameters.
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Since our main objective is to derive a closed-form ChF while assuming a nonzero
correlation between the equity process, S(t), and the interest rate, r(t), we first assume that
the Brownian motions for the interest rate r(¢) and the variance v(t) are not correlated (the
case of a full correlation structure is discussed in detail in Appendix B).

By exchanging the order of the state variables X(t) = [S(t),v(t),r()]T to X*(t) =
[r(t),v(t), S(t)]*, the HHW and HCIR models in (2.3) then have p; = py., = 0, p2 = py, # 0,
and p3 = pgp # 0 in (2.5) and read as

dr(t —
(2.7) = k(D — v(t)) dt +o(X*(t)) | dW,(¢t) |,
ds@) r(t AW, (¢
S(t)
with
nre(t) 0
(2.8) o(X*(t) = 0 TV

Par/0(t) pm\/_ V1=Pho— pm\/_

2.2. Reformulated Heston hybrid models. In the previous section we have seen that
for the HHW and HCIR models with a full matrix of correlations given in (2.3), the affinity
relations [13] are not satisfied, so that the ChF cannot be obtained by standard techniques.

In order to obtain a well-defined Heston hybrid model with an indirectly imposed
correlation, py ,, we propose the following system of SDEs:

(2.9)  dS(t)/S(t) = r(t)dt + /v(t)dW,(t) + Qt)rP(t)dW,(t) + A/ o(t)dW,(t), S(0) > 0,
with
(2.10) dv(t) = k(@ —v®)dt + Y/ o{t)dW,(t), v(0) >0,
dr(t)= AO(t) —r(t)dt +  nrP(t)dW,(t), r(0) >0,
where
(2.11) AW, ()AW, (t) = ppadt, AW, (E)AW,(t) =0, dW,(t)dW,(t) = 0,

where p = 0 for HHW and p = % for HCIR. We have included a function,? €(¢), and a constant
parameter, A. Note that we still assume independence between the instantaneous short rate,
r(t), and the variance process, v(t), i.e., pr, = 0.

By exchanging the order of the state variables to X*(t) = [r(t),v(t), S(t)]*, system (2.9)
is given, in terms of the independent Brownian motions, by

dr(t —

dvgt; AO() — (1)) A, (1)
(2.12) — | k@-o(t) | @+ eXi@) | a0 |,

%Ef)) r(t) AW, (1)

2This under certain conditions can also be stochastic.
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where

P (t) o
(2.13) G(X*(t)) = 0 7,/
Q)rr(t) o) ,om+A Voult 1/1 — P2,

In the following lemma we show that the model (2.9) is equivalent to the full-scale HHW
model in (2.3), with nonzero correlation py .
Lemma 2.1. Model (2.9) satisfies the system in (2.3) with nonzero correlation py, for

o(t) . .
(214) Q(t) = Pz,r Tp(t) 9 p2 p:c U + p:c 7 A= Pzv — Px,v;
where correlation Py, is as in model (2.9) and py, as in model (2.3).
Proof. We presented the two models (2.3) and (2.9) in terms of the independent Brownian
motions, (2.7) and (2.12), respectively. By matching the appropriate coefficients in (2.7)
and (2.12), we find that the following relations should hold:

Q)P (t)S(t) = par/0(1)S(1),
(215) \/ 1—- /3:2(:71) \% 'U(t)S(t) = 1—- p:207v - p:2c7r V ’U(t)S(t),
(ﬁx,v + A) V U(t)S(t) = PxoV ’U(t)S(t).

By simplifying (2.15) the proof is finished. |

If results (2.14) were directly included in the main system (2.9), the affinity property
of the system would be lost. So, in order to satisfy the affinity constraints, appropriate
approximations need to be introduced.

2.3. Log-transform. Before going into the details of the approximations of the HHW and
HCIR models, let us first find the dynamics for the log-transform of the reformulated Heston
hybrid models. By applying It6’s lemma, model (2.9) in log-equity space, z(t) = log S(t),
with a constant parameter, A, and a function, Q(¢), is given by

dz(t) = [r(t) — % (Qz(t)rzp(t) +o(t) (1+ A% +2p, ,A)) | dt + /o(t)dW,(¢)
Q)P (AW, (E) + Ay/v(t)dW,(
_ <7~( ) — % > At + /o) AW, (£) + Q)P (AW, (£) + Ay/oE)dW, (£)

because of (2.14).
For a given state vector X*(¢) = [r(t),v(t), z(t)]T, the symmetric instantaneous covariance
matrix (1.3) is given by

() 0 nQ(t)r?P(t)
(2.16) DIFES * Y2u(t) ’yv(t) (Paw +A)
* * Q2(t)r +v(t) (1+ A2+ 2p,,A)
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As we consider two cases for parameter p = {0,1/2}, the affinity issue appears in only one
term of matrix (2.16), namely, in element (1,3):

npzrv/v(t) for HHW,

NpzrvV v(t)\/r(t) for HCIR.

Although term X3 3) does not seems to be of the affine form, by (2.14), it equals X3 3) = v(%),
and therefore it is linear in the state variables.

Remark 1. We see that, in order to make either the HHW or the HCIR model affine,
one does not necessarily need to approximate function §2(¢); only the nonaffine terms in the
corresponding instantaneous covariance matrix® need be approximated. By approximation
of the nonaffine covariance term, ¥, 3y, the corresponding pricing PDE also changes. The
Kolmogorov backward equation for the log-stock price (see, for example, [33]) is now given by

0—a¢+< -3 >a¢+ k(0 v)%Jﬂ\(e(t)— )%4-1 &¢

(2.17) B3 = 1T () = 1pes /()P (E) = {

ot 2 )0 ov ar 2 0z
1 2, ¢ 2p 070 8¢ 8¢
(2.18) TR 902 + —77 2 + P Talr e + E(l,:%)w -9,

subject to terminal condition ¢(u, X(T),T,T) = exp (iuxz(T)).

The derivations in section 2.3 show that system (2.9) is nothing but a reformulation of the
original HHW system under the conditions in (2.14). It is therefore sufficient to linearize the
nonaffine terms in the covariance matrix to determine an affine approximation of the full-scale
model. In the sections to follow we discuss two possible approximations for ¥y 3).

3. Deterministic approximation for hybrid models. In order to make the Heston hybrid
model affine, we provide a first approximation for the expressions in (2.17) in section 3.1. The
corresponding ChF is derived in section 3.2.

3.1. Deterministic approach: The H1-HW model. The first approach to finding an
approximation for the term 3 3y = 9z »+/v(t)rP(t) in matrix (2.16) is to replace it by its
expectation; i.e.,

(3.1) S(1) ~ 100 (FPOVOD)) £ 12, BOP()E(/0(2),

assuming independence between r(t) and v(t).

The approximation for 2(1y3) in (3.1) consists of two expectations: one with respect to

v(t) and another with respect to rP(t). E(rP(t)) = 1 for p = 0, and it is E(y/r(t)) for

p = 1/2. Since the processes for v(t) and r(¢) are then of the same type, the approximations
are analogous. By taking the expectations of the stochastic variables, the model becomes of
affine form, so that we can obtain the corresponding ChF.

In Lemma 3.1 the closed-form expressions for the expectation and variance of \/v(t) (a
CIR-type process) are presented.

3The drifts and the interest rate are already in the affine form, presented in (1.2) and (1.4).
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Lemma 3.1 (expectation and variance for CIR-type process). For a given time t > 0 the
expectation and variance of \/v(t), where v(t) is a CIR-type process (2.1), are given by

0 L

and

ar [ v =c — 9¢(t)e—2® Ooi A(t) kr(%d"‘k) :
(33)  Var(Vol®) = c(t)(d+\(#) - 20(t) (gk'< 2> cien )
where
34 )= o1 — e, d= 20 ay - O

with T'(k) being the gamma function defined by
I(k) = / th=le~tqt.
0

Proof. By [14] one can find the closed-form expression for the expectation E(y/v(t)), which
by the principle of Kummer [28] can be simplified. [ |

The analytic expression for the expectation, either of /v(t) or y/r(t) in (3.1), is involved
and requires rather expensive numerical operations.

In order to find a first-order approximation, we can apply the so-called delta method (see,
for example, [1, 32]), which states that a function ¢(X) can be approximated by a first-order
Taylor expansion at E(X), for a given random variable, X, with expectation, E(X), and
variance, Var(X), assuming that for ¢(X) its first derivative with respect to X exists and is
sufficiently smooth.

The result below provides details of the approximation.

Result 3.2. The ezpectation, E(y/v(t)), with stochastic process v(t) given by (2.3), can be
approximated by

(3.5) E(y/o(f)) ~ \/ YA = 1) + el + 5 =5 A,

with ¢(t), d, and \(t) given in Lemma 3.1, and where k, v, v, and v(0) are the parameters
given in (2.3).

In order to find the approximation in Result 3.2, we can use the delta method as follows.
Assuming the function ¢ to be sufficiently smooth and the first two moments of X to exist,
we obtain by first-order Taylor expansion

(%

(3.6) o(X) ~ p(EX) + (X — EX)@X

(EX).
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Since the variance of ¢(X) can be approximated by the variance of the right-hand side of (3.6),
we have

Var(p(X)) ~ Var <<p(IEX) + (X — EX) g;‘; (EX)>
2
(3.7) (3}’? (EX)> VarX.

Now, by using this result for function p(v(t)) = y/v(t), we find

2
(1 1 ar(o 1 Var(v(t))
(3.8) Var(y/v(t)) =~ (271[5(”@))) Var(v(t)) = 1 E0@)
However, from the definition of the variance, we also have
(39) Var(v/a(0) = Ew(t)) — (E(/2))
and by combining (3.8) and (3.9) we obtain the following approximation:
(3.10) E(\/o@) ~ \/E(v(t)) ivgz( (t()t))).

Since v(t) is a square-root process, as in (2.9), we have

(3.11) v(t) = v(0)e ™™ + (1 —e ™) 4 v /0 "0 /u(s) AW, (s)

The expectation reads E(v(t)) = c(t)(d + A(t)), and for the variance we get Var(v(t)) =
A(t)(2d + 4\(t)), with c(t), d, and A(t) as given in (3.4).

Now, by substituting these expressions in (3.10), the result is proved. Since Result 3.2
provides an explicit approximation for 3, 3) in (3.1) in terms of a deterministic function for

E(y/v(t)), we are, in principle, able to derive the corresponding ChF.

We show here for which parameters the expression under the square root in approxima-
tion (3.5) is nonnegative.

Consider the following inequality:

(3.12) c(H)A(E) = 1) + c(t)d +

Division by ¢(t) > 0 gives

2(A(t) +d) (d+A(H) +d _
2(d + A(t)) -

(3.13)

So,
(3.14) 2(A(t) +d)* —2(\(t) + d) +d > 0.
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By setting y = A(t) + d we find 2y? — 2y + d > 0. The parabola is nonnegative for the
discriminant 4 —4 -2 -d < 0, so that the expression in (3.5) is nonnegative for d > 1 (i.e.,
2d > 1). With d = 4k/~% we can compare the inequality obtained to the Feller condition. If
the Feller condition is satisfied, the expression under the square root is certainly well defined.
If 8x0/7? > 1 but the Feller condition is not satisfied, the approximation is also valid. If the
expression under the square root in (3.5) becomes negative, we suggest using the expressions
in Lemma 3.1 instead.

Remark 2. We assume that the first-order linear terms around the parameter values in the
Taylor expansion give an accurate representation. However, this may not work satisfactorily
for “flat” density functions, like those from a uniform distribution. In order to increase the
accuracy, higher-order terms can be included in the expansion [1]. More discussion on the
conditions for the delta method to perform well can be found in [32].

The approximation for E(y/v(t)) in (3.5) is still nontrivial and may cause difficulties when
deriving the corresponding ChFs. In order to find the coefficients of the ChF, a routine for
numerically solving the corresponding ODEs has to be incorporated. Numerical integration,
however, slows down the option pricing engine and would make the SDE model less attractive.
As we aim to find a closed-form expression for the ChF, we further simplify A(¢) in (3.5).
Expectation E(y/v(t)) can be further approximated by a function of the following form:

(3.15) E(v/o(t)) &~ a + be™ =: A(t),

with a, b, and ¢ constant. Appropriate values for a, b, and ¢ in (3.15) can be obtained via an
optimization problem of the form min, . [|A(t) — A(t)||n, where || - ||,y is any nth norm.

We propose here, instead of a numerical approximation for these coefficients, a simple
analytic expression in Result 3.3.

Result 3.3. By matching functions A(t) and INX(t) fort — +o0o,t— 0, and t = 1, we find

lim A(t) = T a= lim A(t),
t——+o00 8K t——+o00

(3.16) lim A(t) = v(0)=  a+b=  limA(t),
t—0 t—0

%Eﬂ At) = A1) = a+be “= 153 A(t)

The values a, b, and ¢ can now be estimated by

(3.17) a:\/ﬁ—g—i, b=+/v(0) —a, c:—log(b_l(A(l)—a)),

where A(t) is given by (3.5).

The approximation given in Result 3.3 may give difficulties for © < 72/8« in (3.17) (the
expression under the square root then becomes negative). We recognize that this expression
is well defined, as the expression under the square root in the function A(¢) in Result 3.2 is
positive.

In order to measure the quality of approximation (3.17) to E(4/v(¢)) in (3.2), we perform
a numerical experiment (see the results in Figure 1). For randomly chosen sets of parameters
the approximation (3.17) resembles E(1/v(t)) in (3.2) very closely.

We call the resulting model the HI-HW model (HHW model-1).
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0.22

proxy: £ =1.2,7=0.1,0 =0.03,0(0) =0.04
o exact
0.21 | proxy: £ =1.2,y =0.1,0 =0.02,v(0) =0.035
N e m] exact
nnnnnnnnnnnn proxy: £ =1.2,y =0.1,0 =0.04,v(0) =0.01
i [m} exact
0.18 1 proxy: £ =0.8,y =0.1,6 =0.04,v(0) =0.015
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= proxy: £ =1,y =0.2,0 =0.04,0(0) =0.02
2 016f 1 u] exact,
g
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0.12f
0.1 - ; . :
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time (t)

Figure 1. The quality of the approzimation E(\/v(t)) = a+be™ " (continuous line) versus the exact solution
given in (3.2) (squares) for 5 random k, ~y, U, and v(0).

3.1.1. The case A = 0 and Q(t) = const. With A = 0 in systems (2.9) and (2.12),
the model resembles the one in [19, 3]. There, a constant parameter { = (t) was prescribed,
and an instantaneous correlation was imposed indirectly.

The following lemma, however, shows that this model with A = 0 resembles the full-scale
HHW and HCIR models only for correlation p,, = 0.

Lemma 3.4. The hybrid models (2.9) with A = 0 are full-scale HHW and HCIR models,
in the sense of system (2.3), only if the instantaneous correlation between the stock and the
interest rate processes in system (2.3) equals zero, i.e., pgr = 0.

Proof. The proof is analogous to the proof of Lemma 2.1. We see from the equalities
in (2.14) that system (2.7) resembles system (2.12) with A = 0 only if

_ u(t) 2 2 2
(318) Q= pxyrrp—(t)a Pz,v = p:vﬂ)a px,v = pm,v + pm,r’

The equations (3.18) hold only for p,, = 0. So, the models with A = 0 are not full-scale
HHW and HCIR models with nonzero correlation p, . [ |

Although the model with A = 0 is not a properly defined Heston hybrid model, one can
still proceed with the analysis. Parameter Q was derived based on the following equality
(see [19]), using the definition of the instantaneous correlation:

E (d5()dr(t)) — BAS()B(dr(1) Qe
\/v(t)S2(t) dt + Q272 (4) S2(t) dt\/n2r2p(t) a \/v e )

(3.19) o =

To deal with the affinity issue a constant approximation for Q was proposed, given by

(3.20) O~ 1’3%’“@2”1@ <% /OTU(t)dt>5 /E <% /OTT(t)dty’.

By choosing Q = 0 the model collapses to the well-known HHW model (p = 0) or the

HCIR model (p = 1) with zero correlation py.,.
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In Figure 2 we present the behavior of the instantaneous correlation between the equity
and the interest rates. We see that for time-dependent €(¢), as defined in Lemma 2.1, the
instantaneous correlations are stable and oscillate around the exact value, chosen to be p , =
60%, whereas for the model with Q(t) = Q a different correlation pattern is observed. For
the latter model, initially the correlation is significantly higher than 60%, and it decreases in
time. These results show that a constant  in the model with A = 0 may give an average
correlation close to the exact value, although the instantaneous correlation is not stable in
time.

64

— Q=const
Q) I
— — — Full-Scale Model

63

|

Instantaneous Correlation (x,r), %

L

57 I I I

0 0.5 1 15 2
time

Figure 2. The instantaneous correlations for different models. The blue line represents the model with A =0
with constant 2, the dotted-red line corresponds to the full-scale HHW model, and the green line corresponds to
the model with time-dependent Q(t). Maturity is chosen to T = 2 years.

The assumptions of constant 2 and A = 0 also have an impact on the corresponding
pricing PDE. With the Feynman-Kac theorem the corresponding PDE is given by

_ 99 1 we2y | 09 _ 09 09 1 a2y 020
0= 5t + 5 (v +rPQ%) . + k(v v)—av + A(6(t) T)_(‘)r + 5 (v +7PQ )—81'2
52 2 52 2
9%¢ 2p 0”0 9%¢ p 070
(3.21) +- 'yva2+ nr az—kva’yvaa + Q2P Dy ro,

with the same terminal condition as for (2.18). The assumption of constant Q and A = 0
gives rise to additional terms in the convection and diffusion parts of PDE (3.21).

By means of a numerical experiment, we check the accuracy of the model with A = 0 and
determine whether the model approximates the full-scale HHW hybrid model sufficiently well.
We consider here the following set of parameters: S(0) =1, k = 2, v(0) = v = 0.05, v = 0.1,
A=1.2,r(0) =6 =0.05n=0.01, and correlation p,, = —40%. In the simulation we choose
two different values for correlation p,, = {30%,50%}.

We compare the following three models: the full-scale HHW model (with MC simulation),
the model with A = 0, and our approximation for 3 3) in PDE (2.18) with the projection
according to (3.1).
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Figure 3. The implied Black—Scholes volatilities for the full-scale Heston model and two approximations:
deterministic approach (model (2.18) with (3.1)), and model with A =0 (model (3.21)).

In Figure 3 the implied volatilities obtained are compared. The model with A = 01in (3.21)
does not provide a satisfactory fit to the full-scale HHW model, whereas the implied volatilities
obtained with the deterministic hybrid approximation compare very well (they essentially
overlap) with the full-scale reference results; see Figure 3. The volatility compensator A, as
defined in Lemma 2.1, cannot be neglected when approximating the full-scale HHW model,
as was stated in Lemma 3.4.

3.2. ChF for the HI-HW model. We derive a ChF for the HHW hybrid model given
n (2.18). For p = 0, the nonaffine term, ¥4 3y, in matrix (2.18) equals Xy 3y = npzr/v(t)
and will be approximated by X 3) = 1np.E(y/v(t)).

We assume here that the term structure for the interest rate 0(¢) is constant: 0(¢t) = 6. A

generalization can be found in [8].
According to [13], the discounted ChF for the HI-HW model is of the following form:

(3.22) ouraw(u, X(t),7) = exp (A(u, 7) + B(u, 7)z(t) + C(u, 7)r(t) + D(u, 7)v(t)),

with final conditions A(u,0) =0, B(u,0) = iu, C(u,0) =0, D(u,0) =0, and 7 :=T —t.

The ChF for the HI-HW model can be derived in closed form, with the help of the following
lemmas.

Lemma 3.5 (ODEs related to the HI-HW model). The functions B(u,7) =: B(7),
C(u,7) =: C(1), D(u,7) =: D(7), and A(u,7) =: A(1) for u € R and 7 > 0 in (3.22) for the
H1-HW model satisfy the following system of ODEs:

B'(r

(
C'(r
D'(r
Al(r

0, B(u,0)=

—-1-XC(r ) (T), C(u,0) =0,

B( )(B(1) = 1)/2+ (Ypan B(7) = 5) D(7) +~°D*(7)/2, D(u,0) =0,
0C (1) + k8D(7) + 117 C*(1) /2 + npe ,E(V0(t)) B(T)C(7), A(u,0) =0,

)
)
)
)
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with T =T —t, and where Kk, X\, and 0 and 1, py,, and py, correspond to the parameters in
the HHW model (2.3).

Proof. The proof can be found in section A.1. |

The following lemma gives the closed-form solution for the functions B(u,7), C(u,T),
D(u,7), and A(u,7) in (3.22).

Lemma 3.6 (ChF for the HI-HW model). The solution of the ODE system in Lemma 3.5 is
given by

(3.23) B(u,T) = iu,
(3.24) Cu,7) = (iu— DAL —e™7),
1 —e D17 .
(3.25) D(u,7) = Py pp——r (k —Ypgpiu— Dy),
(3.26) A(u, ) = NI (1) + kvla(T) + %772[3(7') + 1pgrLa(T),

K—7Ypzviu—D1

K pe ot ¥ Dy 0, \, and v are as

with D1 = \/(Ypzpiu — k)2 — y2iu(iv — 1), and where g =
in (2.10).
The integrals I (1), I2(7), and I3(T) admit an analytic solution, and I4(7) admits a

semianalytic solution:
1 1

Il(T) = X(Zu — 1) <7’ + X(e—)\'r o 1)) :
T . 2 1-— e_DlT
IZ(T) =— (K, — YPz WU — Dl) — ? log <97> ’
1
273
Iy(r) = zu/ E(vv(T — 5))C(u, s)ds

0

2

Is(1) = (i + u)? (3 +e T _gemM — 2)\7') ,

— —%(zu + u2) /OT E(v/v(T — s)) <1 — e_AS) ds.

Proof. The proof can be found in section A.2. |
Note that by taking E(y/v(T — 5)) ~ a4+ be¢T=%) with a, b, and ¢ as given in (3.15), we
obtain a closed-form expression:

I(r) = - 3+ |

g (e —e~T) 4 ar +%<e—)\7_1) n % =T (1_6_7@_6))}

In Appendix B we present the generalization to a full matriz of nonzero correlations
between the processes.

4. Stochastic approximation for hybrid models. In the previous section a rather
straightforward way to approximate the nonaffine elements in the instantaneous covariance
matrix was presented. Here, we model those elements alternatively by stochastic processes
and call the resulting approximate model H2-HW (HHW model-2).
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4.1. Stochastic approach: The H2-HW model. In the result below an approximation
for finite time ¢ and a nonzero centrality parameter is presented.

Result 4.1 (normal approximation for y/v(t), for 0 <t < o0). For any time t < oo, the
square oot of v(t) in (2.9) can be approximated by

(4 Ve AN (WW R TG %) |

with ¢(t), d, and A(t) from (3.4). Moreover, for a fixed value of x in the cumulative distribution
function Fm(az) and a fized value for parameter d, the error is of order O(N\2(t)) for A(t) — 0

and O(\(t)"2) for A(t) — .

To show the validity of the approximations presented above, we follow Patnaik in [34], who
found that an accurate approximation for the noncentral chi-square distribution, x3(A(t)), can
be obtained by an approximation with a centralized chi-square distribution, i.e.,

(4.2) X (d A(2)) = a()x*(f(1)),
with a(t) and f(t) in (4.2) chosen so that the first two moments match, i.e.,

(4.3) a(t) = dd%?((f)), FE) =d+

X(t)
d+2X\(t)
It was shown in [11, 9] that, for a given time ¢ > 0, v(¢) is distributed as c¢(t) times a
noncentral chi-squared random variable, x2(d, A(t)), with degrees of freedom parameter d and
noncentrality parameter A(t), i.e., v(t) = c(t)x? (d, A\(t)), t > 0. By combining this with (4.2)
we have

(44) Vo) = Ve Va2 (f(1).

Now, we use a result by Fisher [17] that for a given central chi-square random variable, x?(d),
the expression 1/2x2(d) is approximately normally distributed with mean v/2d — 1 and unit
variance, i.e.,

(4.5) Fog(x) ~ @ (\/ﬁ —V2d - 1) ,

which implies

(4.6) Vol ~ N <\/ < (1) - %) c(t)a(t), %c(t)a(t)) .

The order of this approximation can be found in [26].

Remark 3. Also in [34] it was indicated that the normal approximation resembles the
noncentral chi-square distribution very well for either a large number of degrees of freedom, d,
or a large noncentrality, A(t). For ¢ — 0, the noncentrality parameter, \(¢), tends to infinity.
Therefore, accurate approximations are expected.
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In the case of long maturities, the noncentrality parameter converges to 0, which may
give an inaccurate approximation. In this case, satisfactory results depend on the size of the
degrees of freedom parameter d. It is clear that d in (3.4) is directly related to the Feller
condition. In practical applications, however, 2k is often smaller than v2. In the numerical
experiments to follow, we will study the impact of not satisfying the Feller condition.

In Result 4.1 we have shown that \/v(t) can be well approximated by a normally
distributed random variable. As the application of It6’s lemma to find the dynamics for

v(t) is not allowed (the square-root process is not twice differentiable at the origin [25]),
we construct here a stochastic process, &(t), so that equality in distribution holds, i.e.,

£(t) L \/u(t). Since a normal random variable is completely described by the first two
moments, we need to ensure that E({(t)) = E(y/v(t)) and Var({(¢)) = Var(y/v(t)). For
this purpose we propose the following dynamics:

(4.7) dE(t) = pt(t)dt + 9 (1AW, (2), €(0) = v/v(0),

with some deterministic, time-dependent functions u(¢) and 9¢(t), determined so that the
first two moments match. By moment matching, the unknown functions pé(t) and ()
in (4.7) read as

d

(4.8) Mf(t)zaE( u(t), wi(t) = %Var( o(t))-

Using the results from Lemma 3.1, the expectation, E(1/v(t)), and the variance, Var(y/v(t)),
can be derived:

1 T(E) T~/ 1d Ap\1
I3 — 2 o A -2 —kt
() [1F1< 53 >27e

. <1 2+ d _A(t)) v(omt],

1—eF
(4.9) vE(t) = (k(o = v(0))e™ — 2E(/o(®) (1))

Here, E(/v(t)) and d, c(t), and A(¢) are as in (3.2), and the regularized hypergeometric
function 1 F} (a; b; z) =: 1 Fy(a;b; 2) /T (b).

The expressions for p&(t) and 1 (¢) in (4.9) are exact. However, since those expressions are
not cheap to compute, one can find suitable approximations based on the results in Result 3.2,
which are, however, not guaranteed to be well defined for all sets of parameters.

Since the approximate hybrid models are to be used for the calibration to European-style
options (with one terminal payment), we do not need pathwise equality between processes
&(t) and /v(t); only equality in terminal distribution is needed.

Remark 4. In section 4.1 we projected y/v(t) onto a normal process, £(t). As is common
with approximations by normal processes (a nonnegative random variable is projected onto
another variable € R), this approximation comes with an error (as we indicated in Result 4.1).
During stress testing, examples of which are presented in section 4.3 and in Appendix C, we did
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not encounter any problems with this approximation. Typically, the stochastic approximation
is somewhat more accurate than the deterministic approach (which is not based on a normal
approximation).*

4.2. ChF for the H2-HW model. We now use the (stochastic) approximation for the
term X 3), with the process d{(t) given by (4.7), and the time-dependent functions pé(t) and
YE(t) as in (4.9).

This approximation gives rise to an extension of the three-dimensional space variable
X (t) = [S(t),v(t),r(t)]T to a four-dimensional space X(t) = [S(t),v(t),(t), ()T, with the
following system of SDEs:

ds(t)/S(t) = r(t)dt + /v(t)dW,(t), S(0) > 0,
(4.10) do(t) = k(U — v(t))dt + v/ v(t)dW,(t), v(0) > 0,
' dr(t) = XO(t) — r(t))dt + ndW (t), r(0) >0,
de(t) = pEOAE+ YEAWL(H), £0) = V0 (0),
where
dWm(t)de(t) = px,vdty
(4'11) dWx(t)dWr(t) = px,rdta

A
=
=
a
=
=
Il

0,

with \/v(t) ~ £(t) and pé(t),1¢(t) as defined in (4.9).
By taking the log-transform, x(t) = log S(t), in the model above all the drift terms are
linear, and the symmetric instantaneous covariance matrix, with £(¢) &~ /v(t), is given by

v(t) VPpewv(t)  pasné(t)  pr S (R)E()

(4.12) go| 0 oL v
* * * (¢§(t))2

which, since ¢(t) is a deterministic time-dependent function, is now affine.
Since the system of SDEs (4.10) is affine, we derive the corresponding ChF":
(4.13)
¢H2—HW(U7 X(t)v T) = €xXp (A(u7 T) + B(u7 T)$(t) + C(u7 T)T(t) + D(u’ T)U(t) + E(uv T)g(t)) )

with final conditions ¢pe-nw(u, X(7T'),0) = exp(iuxz(T)) and &(t) = y/v(t).

The functions A(u, 1), B(u,7), C(u,7), D(u,7), and E(u,T) satisfy the complex-valued
ODEs given by the following lemma.

Lemma 4.2 (ODEs related to the H2-HW model). The functions B(u,7) =: B(T),
C(u,7) = C(1), D(u,7) =: D(1), E(u,7) =: E(1), and A(u,7) =: A(T) for u € R

4The method by Antonov from [4, 5] is also not based on normal approximations.
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and T =T —t >0 in (4.13) satisfy

B'(r) =0, B(u,0) =

C'(r) = —1 + B(1) — )\C(T), C(u,0) =0,

D'(7) = (B(r) = 1) B(r)/2 + (vpap B(r) = 8) D() + ¥*D*(7)/2, D(u,0) =0,

E'(7) = poanB(T)C() + 15 () paw B(T) E(T) + 404 (£)D(1) E(7), E(u,0) =0,

A'(r) = kUD() + MNC(7) + p () E(T) + 77 C*(r) /2 + (1/)5 (t))2 E*(7)/2, A(u,0) =0,

with p&(t), Y&(t) as given in (4.9).

Proof. The proof is very similar to the proof of Lemma 3.5. |

Solutions to the ODEs for B(u, 1), C(u, ), and D(u, ) can be found in Lemma 3.6, where
the deterministic linearization was applied.

Note that the remaining two functions, E(u, 7) and A(u, 7), contain the rather complicated
functions pf(t) and (). We leave these equations to be solved numerically by a basic ODE
routine.

A detailed analysis of the properties of the ChF will be studied in a followup article with
theoretical research.

4.3. Numerical experiment. Here we check the performance of the deterministic (sec-
tion 3.2) and the stochastic (section 4.2) approximations to the full-scale HHW model in
terms of differences in implied volatilities. The HHW benchmark prices were obtained by MC
simulation, as in [2].

In Table 1 we present the errors for Black-Scholes implied volatilities, €(p,. ), for different
correlations between the stock, S(t), and the short rate, (¢), and different strikes. We show
results for a maturity of 10 years, 7 = 10, and for parameters that do not satisfy the Feller
condition.”

Both approximations give very similar, highly accurate results for low correlations, p; ..
This is different for high values of p,,. The deterministic approach generates somewhat
more bias for high strikes, whereas the stochastic approach is essentially bias-free. The errors
presented in Table 1 depend on the size of the volatility parameter of the interest rate process,
1. For very low volatility, the two approximations provide a similar level of accuracy. As the
volatility of the short rate process increases, a higher accuracy is expected for the stochastic
approximation.

Calibration results will be presented in section 6. The performance of the methods
developed is also presented in Appendix C, where our schemes are compared to the Markovian
projection method [5].

5. HCIR hybrid model. We also present the ChF for an HCIR hybrid model, p = 1/2
n (2.3), which is more involved than the HW-based hybrid models. In the HCIR model the
nonaffine term is given in (2.17). Again we use two approximations to obtain the ChF. In the
first model, H1-CIR, we use the deterministic setup, and for the second model, H2-CIR, we
determine the stochastic approximation.

®For short maturities, 7 < 10, and for model parameters for which the Feller condition is satisfied, we did
not find any significant differences between the two approximations and the full-scale model.
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Table 1
The implied volatilities and errors for the deterministic approzimation (Approx 1) from (2.18) with
approzimation (3.2) and the stochastic approzimation (Approz 2) from section 4.1 of the HHW model compared
to the MC simulation performed with 20T steps and 100.000 paths. The error is defined as a difference between
reference implied volatilities and the approrimations. The parameters were chosen as k = 0.3, v = 0.6,
v(0) = v = 0.05, A = 0.01, r(0) = 6 = 0.02, n = 0.01, and S(0) = 100 and the correlations as pz., = —30%
and pe,r € {20%,60%}. Numbers in brackets indicate standard deviations.

Pa,r | Strike | MC Imp. vol. [%] || Approx 1 | Approx 2 || Err. 1 | Err. 2

40 26.26 (0.22) 25.87 25.99 0.39 0.27
80 20.07 (0.22) 20.03 20.02 0.04 0.05
20% 100 18.43 (0.24) 18.55 18.36 —0.12 0.07
120 17.51 (0.20) 17.74 17.42 —0.23 0.09
180 17.40 (0.22) 17.55 17.36 -0.15 0.04
40 26.27 (0.14) 26.21 26.61 0.06 —0.34
80 20.59 (0.11) 21.00 20.91 —-0.41 | —0.32
60% 100 19.11 (0.10) 19.84 19.22 -0.72 | —-0.10
120 18.31 (0.10) 19.21 18.18 —0.90 0.13
180 18.25 (0.11) 18.92 18.34 —-0.67 | —0.09

5.1. ChF for the H1-CIR model. The dynamics for the stock, S(¢), in the HCIR model
read as
dS(t)/S(t) = rt)dt +  /o(t)dW,(t), S(0)
(5.1) dv(t) = KB —o@)dt + /o(t)dW,(t), v(0)
dr(t) = MO(t) —rt))dt + n/rt)dW,(t), r(0)
with dW,(t)dW,(t) = pyodt, AW, (t)dW,.(t) = ps »dt, and AW, (£)dW,.(t) =

Here, we assume that the nonaffine term in the pricing PDE (2.18), 2(1 3), in (2.17) can
be approximated as

(5:2) S0, ~ 1par (VrOVID)) = 0o, EG/TEEW/ 0(D))-

Since the processes involved are of the same type, the expectations in (5.2) can be determined
as presented in section 3.1. For the log-stock, x(¢) = log S(t), the ChF and the corresponding
Riccati ODEs are defined as below:

(5.3) oui-cr (u, X(t),7) = exp (A(u, 7) + B(u, 7)x(t) + C(u, 7)r(t) + D(u, 7)v(t)) .

Lemma 5.1 (ODEs related to the H1-CIR model). The functions B(u,7) =: B(7),
C(u,7) =: C(1), D(u,7) =: D(7), and A(u,7) =: A(1) for u € R and 7 > 0 in (5.3)
satisfy

u,0)
= (B(1) = 1) B(7)/2+ (72,0 B(7) — ) D(r) +~*D*(7)/2, D(u,0) =0,

()

C'(1) = =14 B(r) — XC(7) + n*C*(1)/2, C(u,0) =
()
(1) = K0D(7) + MC(T) + nparB(V/0()E(/7(#)B(r)C(1), A(u,0) =0,
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with T =T —t, E(\/v(t)), and E(\/7(t)) from Lemma 3.1.

Proof. The proof is very similar to the proof of Lemma 3.5 in section A.1. |
Lemma 5.2 (solutions for the ChF coefficients of the HI-CIR model). The solutions for the
ODEs for B(u,7), C(u,7), D(u,7), and A(u,T), defined in Lemma 5.1, are given by

(5.5) B(u,T) = iu,
1—e D7
(5.6) C7) = o= gromprey (A= D).
1— e—DgT ‘
(57) D(u, T) = '72 (1 — Gge_DQT) (H = VPxplU — D2) )

and

Alu, ) = /0 ' (/{ED(U, 5) + \C(u, 5) + parniuE(\/o(T — s)E(L/r(T — 5))C(u, s)) ds,

with Dy = /A2 +2n2(1 —iu), Dy = \/(’ypx,viu —k)? = (iu — 1)iuy?, G1 = i;—gi, and Go =
K—Ypz,viu—Da
K—Ypx,viutDa*

Proof. The proof is very similar to the proof of Lemma 3.6 in section A.2. |

The integral for A(u,7) in Lemma 5.2 can be determined analytically only for constant

approximations of the two expectations involved.

5.2. ChF for the H2-CIR model. As before, we aim to find an approximation of the
instantaneous covariance matrix for which the affinity of the approximation model is obtained,
but now with the stochastic approximation.

3(1,3) now consists of two stochastic components, \/v(t) and \/r(t). We approximate
both and obtain

(5.8) S ~ X3y = punE(t)R( ~A/r(t), &) = u(t).

This form, based on the product of two random variables is not affine. To linearize (5.8)
we need to specify the joint dynamics, d(y/v(t)y/7(t)). If we assume that the dynamics for

d(y/v(t)) and d(4/7(t)) can be approximated by normally distributed processes, we find, by
It6’s lemma, that the dynamics of z(t) = £(t)R(t) are given by

(5.9)  dz(t) = <MR(t)€(t) + Mg(t)R(t)) dt + ¢S (O R(EAW, (1) + D (OE() AW, ().
With three additional variables, £(t), R(t), and z(t), the state vector X(t), with log-

stock process x(t) = log S(t), is expanded to X (t) = [z(t),v(t),r(t), £(t), R(t), 2(¢)]T, with the
following corresponding system of SDEs:

dz(t) = <r( ) — —v( )) dt +  Vou(t)dW,(t), z(0) =log(S(0)),

(5.10) do(t) = k(0 —o(t))dt + v/ v(t)dW,(t), v(0) >0,
dr(t) = AB(t) — r(0)dt + /(AW (1), r(0) >0,
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with the linearizing variables £(t), R(t), and z(t) given by
(5.11)

dé(t) = pé(t)dt + PR () AW, (t), £(0) = /v(0),
dR(t) = pfi(t)dt + PP ()AW, (1), R(0) = /1(0),
dz(t) = (uR<t>£<t>+u5<t>R<t>) dt + YVt dWL(t) + () u(t)dW,(t)

with 2(0) = /7(0),/v(0), £(t) = /o(t), R(t) = /r(t), 2(t) ~ \/v(t)\/r(t), and the other

parameters as in (2.3). The symmetric instantaneous covariance matrix reads as

[ v(t) px,vfyv(t) p:c,rnz(t) Px,v¢£(t) ( ) px,ﬂ/}R(t)f(t) (t) 1
* 7Pu(t) 20( | YR () YE(t) R )0 " vw;((t))Z(())
S * * nor(t 0 P (E)nR(t Yt (t)z(t
e OOk 0 EOPR)
* * * * W) (Wh( )()j (t)

with s1(t) = puo ¢ (t)2(t) + pr, W ()v(t) and sa(t) = (P&(2))2r(t) + (WF())?v(t).
Since 1¢(t) and v(t) are deterministic time-dependent functions, the approximate H2-
CIR model is now affine, and we can derive the corresponding ChF":

onz-cir (u, X(t),7) = exp (A(u, 7) + B(u, 7)x(t) + C(u, 7)r(t) + D(u, 7)v(t)
+ E(u, 7)&(t) + F(u, 7)R(t) + G(u, 7)2(t))

with £(t) = \/o(t), R(t) = \/r(t), and 2(t) = \/v(t)1/r(t), and where the functions A(u,7),
B(u,t), C(u,7), D(u, 1), E(u,7), F(u,7), and G(u 7) satisfy the ODEs given by the following
lemma.

Lemma 5.3 (ODEs related to the H2-CIR model). The functions B(u,7) =: B(7),
C(u,7) =: C(1), D(u,7) =: D(7), E(u,7) =: E(1), F(u,7) =: F(7), G(u,7) =: G(7), and
A(u, 1) =: A(T) foru € R and 7 > 0 in (5.13) satisfy

(5.13)

B'(t) =0,

C'(1) = =1+ B(7) = AC(7) + n*C*(7) /2 + (4*(1))*G*(7) /2,

F'(7) = @£ (1)G(r) + T (6)nC(r)G(r) + (¢*(t))* B(r)G(7),

G'(7) = 1pas B(T)C(7) + pontp® (1) B(T)G(1) + 405 () D(1)G(7) + ™ ($)C (1) G(7)

and
D'(r) = B(7) (B(7) = 1) /2 = £D(7) + 7p2 v B(T) D(7) + 7*D*(7) /2

) _
+ pa (8 B(T)G(7) + (07 (1)) * G2 (1) /2,
E'(7) = p()G(7) + ¢* (t) paw B(T) E(T) + y0°(t) D(7) E(7)
)

+pa 0 () B(T) F(7) + (07 (2))* F(7)G(7),
A'(1) = KkoD(7) + NC(7) + p* () B(r) + p*(t) F(7)
+ (W) B2 (1) /2 + (1 () F2(7) /2,
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with the final conditions B(u,0) = iu, C(u,0) = 0, D(u,0) = 0, E(u,0) = 0, F(u,0) = 0,
G(u,0) = 0, and A(u,0) = 0. Parameters ps(t), p®(t), ¥4(t), YE(t) are specified in (4.9),
and the remaining parameters are in (5.10).

Proof. The proof is very similar to the proof of Lemma 3.5 in section A.1. |

The system of the ODEs given in Lemma 5.3 is difficult to solve analytically. To find the
solution we have used an explicit Runge-Kutta method [18, 27], ode45 from the MATLAB
package. Numerical results are presented in the next subsection.

The extension of the H2-CIR model to the case of a full matrix of correlations is a trivial
exercise.

5.3. Numerical experiment. We compare the performance of the approximations H1-CIR
and H2-CIR with the full-scale HCIR model. As in the case of the HHW models, we have
chosen here T' = 10, and the model parameters are chosen so that the Feller condition does
not hold. The results, presented in Table 2, are very satisfactory. Both approximation models,
H1-CIR and H2-CIR, provide an error, €(p; ), for a call option within the confidence bounds.
For higher correlation p, ,, the error grows, but it is still small.

Table 2
The implied volatilities and errors for the deterministic approzimation (Approx 1) from (2.18) with
approzimation (3.2) and the stochastic approzimation (Approx 2) from section 4.1 of the HCIR model compared
to the MC simulation performed with 20T steps and 100.000 paths. The error is defined as a difference between
the reference implied volatilities and the approzimation. The parameters were chosen as Kk = 0.3, v = 0.6,
v(0) = v = 0.05, A = 0.01, r(0) = 6 = 0.02, n = 0.01, and S(0) = 100 and the correlations as pz., = —30%
and pe,r € {20%,60%}. Numbers in brackets indicate standard deviations.

pzr | Strike | MC Imp. vol. [%] || Approx 1 | Approx 2 || Err. 1 | Err. 2

40 25.66 (0.17) 25.68 25.74 —0.02 | —0.08
80 19.17 (0.15) 19.21 19.25 —0.04 | —0.08
20% 100 17.10 (0.18) 17.19 17.09 —-0.09 | —0.01
120 15.77 (0.17) 15.90 15.85 —0.14 | —0.08
180 15.84 (0.18) 15.90 15.86 —0.06 | —0.02
40 24.95 (0.14) 25.72 25.79 —-0.77 | —0.84
80 18.93 (0.12) 19.32 19.32 -0.39 | —0.39
60% 100 16.92 (0.13) 17.37 17.08 —0.44 | -0.15
120 15.60 (0.13) 16.17 15.93 —0.57 | —0.32
180 15.57 (0.14) 16.10 15.98 —-0.53 | —0.41

We also present the time needed for obtaining the plain vanilla option prices, with the ChF's
H2-HW (section 4.2) and H2-CIR (section 5.2) based on the numerical solution for the system
of Riccati ODEs. Table 3 shows that, although the ODEs in Lemma 5.3 need to be solved
numerically, the time for obtaining European option prices, by the COS pricing method [16],
is often less than 0.1 seconds. The pricing of the options by means of the COS method, a
method based on Fourier cosine series expansions, was performed with a fixed number of 250
terms, which guaranteed highly accurate option prices (up to machine precision).

The tolerance for the ODE solves, by ode45 from MATLARB, is varied in the experiments
shown in the table.
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Table 3
Time in seconds for pricing a call option based on an explicit Runge—Kutta method combined with the COS
method [16].

Model Accuracy Maturity
7':0.5| T=1 | T=2 | T=25 |7':10
H2-HW 1072 4.37e-2 | 4.80e-2 | 6.41e-2 | 7.49e-2 | 8.10e-2
107° 5.32e-2 | 5.82e-2 | 8.05e-2 | 9.74e-2 | 1.21e-1
H2-CIR 1072 7.78e-2 | 7.80e-2 | 8.38e-2 | 8.48e-2 | 8.90e-2
107° 8.33e-2 | 8.97e-2 | 1.05e-1 | 1.34e-1 | 1.62e-1

6. Calibration of the Heston hybrid models. Here, we evaluate the performance of the
approximations HI-HW and H2-HW for the HHW hybrid model in a calibration setting.

We reference call option prices, based on synthetic data that is representative for the
skew and smile patterns observed in real-life applications. For all models the simulation was
performed with an a priori defined speed of mean reversion for the variance process, £ = 0.3
(which is set small on purpose). The calibration is performed here with constant correlation
pzr = 20%. In practice, this correlation can be obtained from historical data.

The calibration procedure is performed in two stages. First, the parameters for the
short rate process are determined (independent of the equity part). In the second stage, the
calibrated r(t) is included in the Heston model, and the remaining parameters are determined.
The parameters for the interest rate part are found to be Agw = 0.501, ngw = 0.005, and
r(0) = 0.04.

First, we also perform, as a benchmark, the calibration of the pure Heston model with
constant interest rate; see Table 4. SSE stands stands for the “sum-squared error.” We
calibrate the models for different maturities, 7.

Table 4
Calibration results for the Heston stochastic volatility model with deterministic interest rate. The mean
reversion parameter is Kk = 0.3.

Model | v | Pa,v | v(0) | SSE

Heston (7 =0.5) 05992 0.0823 | —58.32% | 0.0407 | 0.04 4.9063E—4
Heston (7 = 10) 0.6019 | 0.0828 | —48.49% | 0.0411 | 0.04 || 1.2182E-4

In Table 5 the calibration results for the HHW approximations, HI-HW and H2-HW,
are presented. For both models a highly satisfactory fit is obtained, with a slightly better
performance of the stochastic approximation H2-HW. For p,, = 20% the calibration
procedure gives roughly the same sets of parameters for both models. When comparing the
calibration results for HHW with those for the pure Heston model, we see that the inclusion
of stochastic interest rates in the model results in a lower vol-vol parameter, v, and a more
negative correlation, p,,. The lower value of parameter v can be explained by the additional
volatility which comes from the interest rate process.

In Figure 4 the corresponding implied volatilities, for the full-scale model, for a short and
a long maturity time (7 = 0.5y and 7 = 10y) are presented. The left-hand sides of the figure
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Table 5
Calibration results for the H1-HW model from section 3.2, and the H2-HW model from section 4.2, with
k = 0.3 and correlation pz,» = 20%.

Model | T || ~ | v Pz,v | v(0) || SSE

H1-HW | 7=0.5 || 0.5840 | 0.0822 | —60.06% | 0.0407 || 4.4581E-4
T=10 0.4921 | 0.0826 | —61.50% | 0.0418 || 3.2912E-4

H2-HW | 7=0.5 || 0.5879 | 0.0930 | —60.10% | 0.0398 || 4.9677E-4
7=10 || 0.4884 | 0.0820 | —60.72% | 0.0421 || 8.5934E-5

present the implied volatilities and their errors for HI-HW and H2-HW. The related implied
volatilities of the full-scale HHW model, with the parameters from HI-HW and H2-HW, are
shown in the right-hand sides of the figure.

Both hybrid models perform very well. For long maturities a higher accuracy for the
hybrid models compared to the plain Heston model can be observed.

7. Concluding remarks. In this article we have presented the extension of the Heston
stochastic volatility equity model by stochastic interest rates. We have focused our attention
on two hybrid models, the HHW and the HCIR models.

By approximations of the nonaffine terms in the corresponding instantaneous covariance
matrix, we placed the approximation hybrid models in the framework of AD processes. The
approximations in the models have been validated by comparing the implied volatilities to the
full-scale hybrid models.

The approximations in the HHW and the HCIR models lead to highly efficient deter-
mination of the corresponding ChFs. The more sophisticated approximation is based on a
transformation of the three-dimensional HCIR model to a six-dimensional representation.

The deterministic and the stochastic approaches for approximating the instantaneous
covariance matrix of the hybrid model provide highly satisfactory approximations for prices
for European options.

Appendix A. Proofs and details.

A.1. Proof of Lemma 3.5.
Proof. For a given state vector X (t) = [z(t),r(t),v(t)]T and ¢ := ¢(u, X(t),t,T), we find
the system of the ODEs satisfying the following pricing PDE:

0:%4—(r—1v>@+m(ﬁ—v)%+)\(9(t)—r)%+lv@

ot 27 ) oz or 2 022
1, 0% 1 ,0% 0% 0%¢
(Al) + 2’7 1)81)2 + 277 67”2 + pCC{U’Y’U 8,176'0 + an,TE( U(t)) axar r(b?

subject to terminal condition ¢(u, X(T"),T,T) = exp (iux(T)).
Since the PDE in (A.1) is affine, its solution is of the following form:

¢:=p(u, X(t),t,T) = exp (A(u,t,T) + B(u,t,T)z(t) + C(u,t, T)r(t) + D(u,t,T)v(t)) .
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Figure 4. For 7 = 0.5 and 7 = 10, px,» = 20%, the implied Black-Scholes volatilities for Heston hybrid
models are compared to the pure Heston model and a reference implied volatility curve. The left-hand graphs
present the implied volatilities and errors for H1-HW and H2-HW. The implied volatilities for the full-scale
HHW model, with the parameters from H1-HW and H2-HW, are in the right-hand figures.

By setting A := A(u,t,T), B := B(u,t,T), C := C(u,t,T), and D := D(u,t,T), we find the
following partial derivatives:

foler _ 0A 0B oC oD
96 ¢ _ o, ¢ _ ¢ _
(A-3) or B, ox? B¢, drdv BD¢, drdr BCY,
dg Fo
2
(A.5) 9 _ D¢, ¢ _ D?¢.

ov o2
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By substitution, PDE (A.1) becomes

0A 9B  aC 8D< 1
0= +

E—i—aza—k 8t+ 5 —§v>B+n(v—v)D+)\(0(t)—r)C

1 1
(A.6) + 51}32 + §’ysz2 + 577202 + p20Y0BD + npg ;E(y/v(t))BC — 1.

Now, by collecting the terms for x(t), r(t), and v(t), we find the following set of ODEs:

OB
A. =
(A7) 5 =0
(A.8) aa—f = —B+AC +1,

oD 1 1 1
A. —— =-B+xD— =+*D?— p,,vBD — =~ B?
(A.9) 5 — 3B th 57 Py 5B%
(A.10) 88_1;1 = —koD — \OC — %17202 — pznE(/v(t))BC.

By setting 7 =T — t, the proof is finished. |

A.2. Proof of Lemma 3.6.
Proof. Obviously, due to the final condition, B(u,0) = iu, we have B(u,7) = iu. For the
second ODE, by multiplying both sides with ", we get

% <e)‘TC(u,T)) = (iu — 1)e*

(A.11)
by integrating both sides and using the final condition, C(u,0) = 0, we find
Clu,7) = (iu — DA~ (1 - e_)‘T) .

By setting a = —3(u? + iu), b = Ypyviu — K, and ¢ = 142, the ODEs for D(u,7) and I5(1)
are given by the following Riccati-type equation:

(A.12) ; D(u,7) = a+bD(u,7) + cD*(u,7), D(u,0) =0,

(A.13) = m)/ D(u,s)d

Equations (A.12) and (A.13) are of the same form as those in [22]. Their solutions are given
by

—b—D;

(A14) D(U,T) = 20(1 — Ge—DlT)( — e_DlT)’
_ e—DlT
(A.15) L(r) = 216 (( b— Dy)r — 2log (%)) ,

with Dy = Vb2 — dac, G = =751
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The evaluation of the integrals I1(7), I3(7), and I4(7) is straightforward. The proof is
finished by appropriate substitutions. |

Appendix B. Hybrid model with full matrix of correlations. Similar to the approximation
of the nonaffine terms in the instantaneous covariance matrix of the Heston hybrid model
presented in section 3.1, we discuss here the inclusion of the additional correlation, p;.,,
between the interest rate, r(t), and the stochastic variance, v(t). We call the resulting
model the HHW hybrid model-3 and denote it by H3-HW. For the state vector X(t) =
[z(t),v(t),r(t)]T, the H3-HW model has the following symmetric instantaneous covariance
matrix:

v(t)  praYO(t)  preny/U(t)
(B.1) Ti=oXMW)o(XE) =] x () ,or,wnzx/v(t)
7

* * (3x3)

The affinity issue arises in two terms of matrix (B.1), namely, in elements (1, 3) and (2, 3):

Z:(1,3) = Px,rNV 'U(t)’ 2(2,3) = ProYNV U(t)'

For completeness, we also present the associated Kolmogorov backward equation, which is
now given by

9 9 9 99 1
o:a‘f+< 2v>8i /1(6—)8(254—)\(0()—)8—?4-5

2 2 2 2
L) % ) ¢
B2) + n 52 T Pea g + R+ Des g o- — 16,

¢ 1, ¢
Vo T3 V2

with the final condition equal to
6(u, X(T), T,T) = exp(iua(T)).

With p,, = 0 the H3-HW model with a full matrix of correlations collapses to the setup
in section 3.1.

As before, we can use the deterministic approximations X 3y ~ psnE(y/v(t)) and
3(2,3) = proYE(y/v(t)), for which Result 3.3 can be used.

The representations of the HHW model in (2.9) and the model in (2.3) with p,, # 0 for
p = 0 are closely related. The following lemma specifies the relation in terms of the coefficients
of the corresponding ChF.

Lemma B.1 (ChF for the H3-HW model with a full matrix of correlations). The discounted
ChF for the H3-HW model is of the following form:

Grs-aw(u, X(t),T) = exp (A(u, )+ B(u,7)x(t) + C(u, 7)r(t) + D(u, T)v(t)) :

~

with the functions A(U,T), B(u, ), C’(u,T), and D(u,T) given by

(B.3) B(u,7) = B(u,7), C(u,7) =C(u,7), D(u,7) = D(u,1),
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with B(u,7) in (3.23), C(u,7) in (3.24), and D(u,7) in (3.25). For A(u,7) we have

(B.4) A(u,7) = A(u, T) + proym /OT E(/o(T — 5))C(u, s)D(u, s)ds,

where A(u,T) is given in (3.26).
The accuracy of the HHW approximations with a full matrix of correlations is discussed
in Appendix C.

Appendix C. Comparison to Markov projection method. In this appendix we compare
our results to the Markovian projection (MP) method [5]. We check the results of three
different approximation schemes: the MP method, Approx 1, i.e., the approximation with

v(t) = E(y/v(t)) (section 3.1), and Approx 2, i.e., the method with /v(t) ~ N(-)
(section 4.1).

In the experiment, taken directly from [4], we price an equity option with continuous
dividend. The model parameters for the HHW model are given by x = 0.25, v = v(0) = 0.0625,
~v = 0.625, A = 0.05, and n = 0.01, and a zero-coupon bond is given by P(0,T") = e 00T and
a continuous dividend of 2%. A full matrix of correlations, as in [4], is given by

1 pew Por 100% —40% 30%
(C.1) C=|pso 1 pos | =] —40% 100% 15%
Por Por 1 30%  15%  100%

The MC reference for the implied volatilities, the corresponding standard deviations, and the
results for the MP method are all taken from [4].

In order to incorporate a continuous dividend in the equity model, one can model foreign-
exchange (FX), in which the volatility of the foreign interest rates is set to zero. In such a
setup, the forward, F'(t), is defined as

Pe(t. T —0.02T
76T na F(O):S(O)z_ow,

where Py(t,T) and P4(t,T) are the foreign and domestic zero-coupon bonds, respectively,
paying €1 at the maturity 7. By switching from the spot risk-neutral measure, QQ, to the
T-forward measure, Q7' discounting will be decoupled from taking the expectation, i.e.,

. <ﬁ max(S(7) - K, o)lf(0)> = Pa(0, T)ET (max(F(T) - K, 0)| F(0))..

Moreover, the forward, F'(t), is a martingale with dynamics given by

) dF(t)/F(t) = VOOAWE (1) = nB, (1, T)AWT (¢),
2
©2 do(t) = (s(0 — v(t) + 10 rnBe (5, TV ) di + 7 /olDAW (),

where B,.(t,T) = % (e_A(T_t) — 1), and the full correlation structure given in (C.1).
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Table 6
The error for a deterministic (Approz 1) and a stochastic approximation (Approx 2) of the HHW model
compared to the MP method. The MP and MC results with the corresponding standard deviations were taken
from [4]. The error is defined as a difference between the reference implied volatilities and the approzimation.

T | Strike | Imp. vol [%] || MP | Approx 1 | Approx 2 || Err. MP | Err. 1 | Err. 2

86.07 24.45 24.49 24.48 24.48 —0.04 —-0.03 | —0.03
92.77 22.25 22.27 22.27 22.25 —0.02 —0.02 0.00
ly | 100.00 20.36 20.32 20.35 20.30 0.04 0.01 0.06
107.79 19.42 19.34 19.38 19.34 0.08 0.04 0.08
116.18 19.67 19.64 19.62 19.64 0.03 0.05 0.03
77.12 22.61 22.65 22.61 22.63 —0.04 0.00 —0.02
87.82 20.05 20.05 20.09 20.06 0.00 —0.04 | —-0.01
3y | 100.00 17.95 17.91 18.09 17.90 0.04 —0.14 0.05
113.87 17.23 17.14 17.32 17.15 0.09 —0.09 0.08
129.67 18.02 17.92 17.93 18.00 0.10 0.09 0.02
71.50 21.89 21.94 21.90 21.95 —0.05 —-0.01 | —-0.06
84.56 19.43 19.45 19.52 19.48 —0.02 -0.09 | —0.05
5y | 100.00 17.49 17.44 17.71 17.45 0.05 —0.22 0.04
118.26 16.83 16.72 17.01 16.76 0.11 —-0.18 0.07
139.85 17.55 17.42 17.49 17.57 0.13 0.06 —0.02
62.23 21.55 21.61 21.57 21.68 —0.06 -0.02 | -0.13
78.89 19.52 19.51 19.67 19.61 0.01 -0.15 | —0.09
10y | 100.00 18.01 17.91 18.31 17.97 0.10 —0.30 | —0.04
126.77 17.41 17.22 17.67 17.30 0.19 —-0.26 0.11
160.70 17.75 17.51 17.79 17.78 0.24 —0.04 | —0.03
51.13 22.28 22.32 22.37 22.47 —0.04 -0.09 | —-0.19
71.50 20.91 20.86 21.14 21.03 0.05 -0.23 | —-0.12
20y | 100.00 19.94 19.77 20.27 19.91 0.17 —0.33 0.03
139.85 19.44 19.16 19.77 19.32 0.28 -0.33 0.12
195.58 19.40 19.05 19.63 19.39 0.35 -0.23 0.01

Under the log-transform, z(t) = log F'(t), the Kolmogorov backward PDE reads as

0 0 1 1 0? 0
- 50 o= o5+ (o= pernBr (. TIV - 577233(75,T)> (52-2)

2

(C.3) + (Pew V0 = Por VB8, T)) 88 ¢ + ’Y v—¢ +pvwnxf ¢
zOv 2 Ov?

with the final condition ¢(u, X(T),T,T) = "1,

We linearize PDE (C.3) in two ways: by the deterministic approach described in section 3.1
and Appendix B, and by the stochastic approach as in section 4.1. Both approximations result
in affine approximations of PDE (C.3).5

The results of the experiments performed, presented in Table 6, show a highly satisfactory
accuracy of the HHW approximations introduced in this paper. When comparing to the MP
method, we see that the MP method is more accurate for low strike values, whereas our proxies
perform favorably for larger strike values, especially when large maturities are considered.

5Since the moments of the square-root process under the T-forward measure are difficult to find, we first
project \/v(¢) on a normal process, under measure @Q, and then change measures.
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Figure 5. Left: Implied volatilities for a maturity of 10 years. Right: The error for the different
approzimations. (MP stands for Markovian projection, Approzx 1 is the deterministic approach, and Approx 2
corresponds to the approzimation with \/v(t) ~ N(-).)

In Figure 5 the error results for 7' = 10 are presented. In this experiment, the stochastic
approximation, Approx 2, performed somewhat better than the deterministic approach,
Approx 1.

In the case of the deterministic approach, pricing of European options is done in a
split second (the corresponding ChF is analytic when the Feller condition is satisfied; one
integration step is required otherwise). In the case of the stochastic approach a numerical
routine for solving the ODEs is employed. This, however, can also be done highly efficiently,
as already presented in Table 3.
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