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Résumé

Cette these traite plusieurs aspects des risques financiers liés aux contrats d’assurance vie. Elle étudie
trois sujets distincts et est composée de six chapitres qui peuvent étre lus indépendamment.

Le comportement de ’assuré est un risque majeur pour les assureurs dans le cadre de produits d’assu-
rance vie comme les annuités variables. Ainsi, nous nous penchons dans les premiers chapitres sur le
comportement optimal pour deux classes de produits commercialisés. Nous traitons le cas du rachat
total pour les "guaranteed minimum account benefits" (GMAB), et le retrait optimal dans le cadre des
"guaranteed minimum income benefit" (GMIB). Le troisiéme chapitre est dédié au management et
a la couverture d’'une classe de produits a unité de compte également commercialisés par les assu-
rances.

Le quatrieme chapitre traite I’exécution optimal d'un large portfeuille d’options. En effet, les produits
d’assurance vie sont partiellement couverts statiquement par la détention d’options vanilles. Nous
considérons le cas ot la taille des trades affecte le prix des options et cherchons a définir la stratégie
optimale permettant de minimiser le cotit de 'acquisition de ce portefeuille de couverture en prenant
en compte I'impact de marché.

Enfin, le dernier theme de la these étudie le processus de volatilité. A cet effet, nous utilisons deux
types d’estimateurs. En I'absence de données haute fréquence, les estimateurs dit de "range" per-
mettent de revérifier que la volatilité est rugueuse. Ensuite, en utilisant les prix d’options, I’estimateur
volatilité implicite court-terme et une version raffinée de cette derniére permettent encore une fois
d’aboutir a la méme conclusion.

Abstract

This thesis tackles several aspects of financial risks encountered in the life insurance industry and par-
ticularly in a class of products insurers offer; namely variable annuities and unit-linked products. It
consists of three distinct topics and is split into six chapters that can be read independently.

In variable annuities, policyholders’ behavior is a major risk for the insurer that affects the life in-
surance industry in almost every aspect. The first two chapters deal with policyholders’ optimal be-
havior for two classes of these products. We address the rational lapse behavior in the guaranteed mi-
nimum account benefit, and optimal withdrawals in the guaranteed minimum income benefit. The
third chapter is dedicated to a class of unit-linked products from a managing and hedging point of
view.

The third chapter addresses the optimal execution of a large book of options. Typically, life insurance
products are partially hedged using vanilla options. We consider the case where trades are affected
by the traded quantity, and seek to find an optimal strategy based on two criteria; expected cost and
mean-variance.

Finally, in the last topic we study the volatility process using two different proxies. First, range-based
estimators that rely on the asset price range data allow us to double-check that volatility is a rough pro-
cess in the sense that it has a scaling parameter H less than 1/2. Then, using short time-to-maturity
implied volatilities as a proxy for the spot volatility, and a refined version of it, we are able to confirm
that the rough aspect of volatility is universal based on different proxies.



Keywords : GMAB, Variable Annuity, rational lapse strategy, stochastic interest, PDE, ADI, high-dimensional
regression, GMIB, Variable Annuities, rational behavior, optimal withdrawals, PDE, dynamic program-
ming, CPPI, dynamic multiplier, jump processes and gap risk, vanilla and gap options, Market impact,
option pricing, optimal execution, mean-variance, stochastic control, HJB equation, range-based vo-
latility, Garman-Klass estimator, Parkinson estimator, volatility scaling, rough volatility, fractional Brow-
nian motion, fractional Ornstein-Uhlenbeck, RFSV, volatility forecasting, implied volatility, Medvedev-
Scaillet approximation.
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Introduction

Preliminary : General review of the life insurance industry

The world’s older population is growing rapidly. According to data published in 2015 by the United
Nations, there was a substantial increase of 48% (from 607 to 901 million) of people aged 60 or over
between 2000 and 2015. And by 2050, the population aged 60 and over might reach nearly 2.1 billion.
Moreover, the "oldest-old" (aged 80 or over) population accounted for 14% of old population (aged 60
or over) in 2015, and is expected to triple 2015’s value by 2050, see [133].

As a result of these demographic shifts, longer life expectancy, increasing lifestyle and health-care
costs, the idea that individuals and households need to plan for their own retirement is gaining a lot of
attention. On the other hand, low interest rates are putting pressure on the insurance sector, pushing
providers and consumers alike to look for ways to make the most of their assets. This situation has led
to a significant reduction in the demand for traditional life insurance products and an increase in the
demand for annuities and other financial planning products, see [66].

Insurance companies offer a range of savings products indexed on financial assets (stocks, funds, go-
vernment bonds...). These so-called unit linked products constitute a major segment of insurance
companies’ earnings. One reason is that they allow the transfer of the financial risk to the insured,
thus reducing the required capital for the insurance company’s solvency. However, in order to make
these products more attractive, insurers started to offer complex guarantees that got closer and closer
to banks’ financial options.

Life insurance guarantees introduced numerous risks for the insurer which need to be hedged using
different hedging mechanisms (static or dynamic hedging, reinsurance,...). The relatively long ma-
turity, i.e. at least 10 years, of these products adds an additional complexity compared to classical
financial products, and necessitates robust methods to estimate and hedge the resulting risks. Unsui-
table risk management combined with important products sales could lead to disasters, as was seen
for Equitable Life ! in 2000.

In this thesis, we analyze some of the financial risks related to the life insurance business, and present
some of the potential solutions. It is split into two major parts. The first part focuses on some of the
commercialized products and the behavioral risk linked to them, as well as an alternative to products
with option guarantees. The second part covers financial risk in a general perspective. In the following
introduction, we present a general review of the products we are concerned about, followed by an
overview of the content of each chapter.

1. Equitable Life is a life insurance company in the United Kingdom found in 1762 and closed to new business in De-
cember 2000 due to large unhedged liabilities and high guaranteed fixed returns to investors without provision for adverse
market changes.
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Life insurance products : Unit linked products and variable annuities
Unit linked products

Unit linked policies generally consist in insurance products which accumulate capital. They are usually
taken with the purpose of accumulating a financial benefit to the policyholder at a future point in time.
The policyholder can typically choose from investment funds or individual stocks. The account value
is given by the number of units acquired, multiplied by the price of one unit. Unit linked products
can be extended by complementary types of investment guarantees, and can also be based on asset
management strategies.

For unit linked products, the amount available for annuitization after an accumulation phase depends
on the development of a mutual fund. In the 1995’s, equity-index annuities were introduced in the U.S.
as another form of unit linked products. Their returns rate is determined according to a formula that
takes into account changes in an equity index, e.g. the S&P500 or a basket of equities or mutual funds.
Furthermore, these products exhibit a minimum guarantee on the premium, e.g. 90% of the premium
paid and additionally 3% annual interest rate. Other variations of unit linked products include, among
others, flexible premium payments during the contract term, partial withdrawals during the deferral
phase, or the possibility of shortening or extending the accumulation phase.

Annuities products & variable annuities

In the last decade, equity-linked policies have become more and more popular, exposing policyhol-
ders to financial markets and providing them with different ways to consolidate investment perfor-
mance over time as well as protection against mortality-related risks. The best examples of such contracts
are variable annuities.

The origin of annuities dates back to the Roman empire. The term annuities comes from the Latin
word "annua" which means annual income. Annua were ancient Roman contracts which provided
an individual with a stream of payments for a specified period of time, or for life, in exchange for
an upfront payment. Gnaeus Domitrius Annius Ulpianis, a roman speculator and jurist credited with
creating the very first actuarial life table, is cited as one of the earliest dealers of these annuities. An-
nuities were also used to compensate roman soldiers for military service. Nowadays, the most famous
annuities products are "variable annuities".

Variable annuities are unit linked or managed fund vehicles, which offer optional guarantee bene-
fits for the customer. They can be purchased either by a single payment, or a series of payments. This
amount constitutes the principal of the contract and, apart from some upfront costs, is entirely inves-
ted into a reference portfolio. The investment options (subaccounts) offered by the insurance compa-
nies are typically mutual funds of stocks, bonds, money market instruments, or some combination of
the three.

Depending on the terms and conditions specified by the contract, the insurer promises to make per-
iodic payments to the policyholder on predefined future dates. These payments are usually determi-
ned as percentage of the invested premium and deducted from the contract value. Policyholders can
choose the date when the payout phase begins. The retirement date is often recommended to ini-
tiate annuitization. Although clients can annuitize later than this, insurers usually specify a maximum
annuitization date. For example, it could be the later of the policyholder’s 95th birthday or the 15th
anniversary of the contract.



TABLE DES MATIERES

Upon annuitization, there are a number of possibilities on the duration of the payments :
— The lifetime of the policyholder.
— The lifetime of the named beneficiary.
— A specified period such as 20 years.
— The longer of the policyholder’s lifetime and a certain period.

Another feature that contributed to make these products attractive is the presence of tax incentives
introduced by governments, particularly in the U.S., to support the development of individual pen-
sion solutions and contain public expenditure. But the main feature of variable annuities remains the
possibility to benefit from various guarantees against investment and mortality/longevity risks. These
guarantees are usually referred to as GMxB, where x stands for the class of benefits involved. The most
famous GMxB riders on the market are :

— Guaranteed Minimum Accumulation Benefits (GMAB) : Also known as maturity guarantees,
see [39], GMABs are one of the earliest products in the family of GMxB riders on variable an-
nuities. The original form of this put-like rider is purchased for a fixed term (e.g. 10 years). The
GMAB contract gives policyholders the ability to protect their retirement investments against
downside market risk. They allow the policyholder to receive the greater of the account value
and the benefit base at maturity, and may include some specific features.

— Guaranteed Minimum Death Benefits (GMDB) : Introduced in the market in the 1990’s, GMDBs
are guarantees in case of policyholder’s death. Upon his death during the term of the contract,
a specific monetary amount is passed on to a person of the policyholder’s choosing, i.e. usually
spouse or children. There are several variations for the death benefit. It may simply be the ori-
ginal premium when combined with other riders for example, or may accumulate deposits at a
fixed rate.

— Guaranteed Minimum Income Benefits (GMIB) : GMIB riders, also launched in the 1990’s, pro-
vide policyholders the right to convert the benefit base at the end of deferral period into annui-
ties for life with a constant rate fixed at inception. Generally speaking, the value of the benefit
base is not less than the initial account value paid by policyholders. Due to enduring competi-
tions, most insurers currently add some "features” for these guarantees. For example, the benefit
base can be reset to the high-water mark of the account value on anniversary dates (step-up or
ratchet) when the market has performed well, or can roll up with a fixed percentage (known as
roll-up rate, e.g. 2%), regardless of market conditions.

— Guaranteed Minimum Withdrawal Benefits (GMWB) and Guaranteed Lifelong Withdrawal
Benefits (GLWB) : GMWB are a relatively recent innovation in the life insurance market. As
their predecessors GMIBs, GMWB riders also promise a minimal annuity level from an initial
investment capital, regardless of the performance of the underlying account value. The most
important difference between GMIB and GMWB is the policyholder’s surrender right after the
end of the deferred period. While the policyholder has to give up all the asset invested once the
contract enters into payment period for GMIB contract, in case of GMWB product, the insurer
deducts the annuity and some charge fees. GMWB contract sets a limited payment period at in-
ception. Thus, the insurer will stop paying annuities and return the remaining account value (if
not exhausted) to the policyholder. GLWB contracts, also known as GMWB for life (GMWB-L),
on the other hand, pay annuities until the policyholder’s death.

— Combo variable annuities : In order to attract more investors, insurance companies propose
combined variable annuities that offer more than one guarantee in a single contract. A typical
example is the GMIB-DB, which combines an income benefit if the policyholder is alive at the
contract maturity and a death benefit if he dies before.
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Compared to fixed annuities, variable annuities are designed to protect against the effect of inflation
on fixed income over the long run. Based on numbers from the Life Insurance and Market Research
Association (LIMRA) 2, Figure 1 illustrates individual sales in variable annuities from the last decade
in the U.S. In particular, sales were particularly high in 2006 and 2007 due to attractive guaranteed
lifetime payments like GLWB offerings. However, the financial crisis brought about a strategic reset for
many insurance carriers as interest rates were lowered and equity volatility rose. We also see from Fi-

U.S. individual annuity sales 2006-2015 Fixed
M Variable
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FIGURE 1 — Annuity Sales Estimates in the U.S. in 2006-2015. Source : LIMRA Secure Retirement Institute U.S.
individual annuities sales survey

gure 1 a noticeable superiority of variable annuities in sales with respect to fixed annuities for almost a
decade. Nevertheless, there is also an evident decline on variable annuities sales in recent years which
can be explained by market volatility, growing popularity of indexed annuities, and a looming labor
department, see [103]. Table 2 shows the top 20 sales leaders for total, variable and fixed annuities, as
well as the top manufacturers of indexed annuities in 2015 published by LIMRA Secure Retirement on
March 2016. AXA is ranked 8th in the total annuities sales and 5th in the variable annuities sales.

Variable annuities business seems to struggle to restart after 2008 crisis. In fact, years 2009 and beyond
have been marked by the use of more dynamic asset allocation. Dynamic asset allocation comprises
the use of "portfolio insurance" strategies and risk-control strategies. They allow insurers to tailor pro-
ducts that necessitate less capital requirement, and attract new costumers. In the last section, we will
see one of these strategies and the product based upon it : the individualized constant proportion
portfolio insurance product.

Individualized Constant Proportion Portfolio Insurance products

Constant proportion portfolio insurance is a dynamic asset allocation strategy between two pools of
assets : arisky basket that is intended to provide the returns, and a safe basket that provides some level
of a predefined capital protection. The percentage allocated to each depends on the "cushion" value,
defined as (current portfolio value — floor value), and a multiplier coefficient, where a higher number
denotes a more aggressive strategy.

2. LIMRA is an organization that conducts research on distribution systems for the life and health insurance products
on behalf of its member companies.
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Rank | Company name Total | Company name Variable | Company name Fixed
1 Jackson National Life 24,491,828 [ Jackson National Life 23,109,447 | Allianz Life of North America 8,773,123
2 |AIG Companies 19,999,606 | TIAA 12,752,518 | New York Life 8,644,037
3 |Lincoln Financial Group 14,638,405 | Lincoln Financial Group 11,507,596 | AIG Companies 8,508,110
4 |TIAA 12,752,518 | AIG Companies 11,491,496 | American Equity Investment Life 7,083,967
5 |New York Life 12,015,254 | AXA US 9,848,026 | Forethought Annuity 5,258,481
6 |Allianz Life of North America 10,783,660 | Prudential Annuities 8,722,770 | Symetra Financial 4,085,009
7 MetLife 10,149,277 | Transamerica 7,786,784 | Great American 4,061,020
8 |AXAUS 9,875,961 | MetLife 7,046,118 | Nationwide 3,281,000
9 Prudential Annuities 9,539,028 | Nationwide 5,374,000 | Lincoln Financial Group 3,130,809
10 |Nationwide 8,655,000 | RiverSource Life Insurance MetLife 3,103,160
11 |Transamerica 7,882,188 | Pacific Life 3,655,793 | Midland National 3,056,870
12 |American Equity Investment

Life 7,083,967 [New York Life 3,371,217 | Pacific Life 2,931,193
13 | Pacific Life 6,586,985 | Thrivent Financial for Lutherans 3,312,568 | Athene Annuity & Life 2,477,932
14 | Forethought Annuity 6,452,977 | Allianz Life of North America 2,010,537 | Principal Financial Group 2,272,371
15 |RiverSource Life Insurance 5,522,156 | Fidelity Investments Life 2,007,503 | Fidelity & Guaranty Life 2,059,554
16 [Symetra Financial 4,113,791 | Ohio National Life 1,952,352 | Security Benefit Life 1,963,292
North American Company for
17 |Great American 4,094,123 | Northwestern Mutual Life 1,475,214 | Life and Health 1,951,044
18 | Thrivent Financial for Lutherans 3,862,528 | Forethought Annuity 1,194,495 | EquiTrust Life 1,945,253
19 |Midland National 3,436,721 | Protective Life 1,155,228 [ Voya Financial 1,802,508
20 | Principal Financial Group 3,232,160 | Massachusetts Mutual Life 1,064,262 | Western Southern Group 1,662,688
Top 20 $185,168,133 $124,066,116 $78,051,421
Total industry $236,677,000 $133,000,000 $103,677,000
Top 20 share 78% 93% 75%

FIGURE 2 — 2015 year-end U.S. Individual Annuity Sales given in thousands of dollars. Source : LIMRA Secure
Retirement Institute U.S. Individual Annuities Sales Survey

In rising markets, the asset allocation mechanism (which is typically algorithmic and fully determinis-
tic) is designed to either i) maintain maximum permitted exposure to the risky basket or ii) increase
its exposure whenever the maximum permitted allocation has not been reached. In falling markets,
the asset allocation mechanism will allocate more to the safe basket and in extreme markets will "mo-
netize", i.e. allocate 100% of the portfolio value to the safe basket to ensure the guarantee at maturity.

In managing the portfolio assets in this manner, the CPPI asset allocation mechanism aims (but does
not guarantee) to provide returns via the risky assets subject to meeting the predefined capital pro-
tection constant. Such mechanism, however, is also subject to major risks, such as high transaction
costs, market liquidity risk, discontinuous price process, or unexpected changes in the volatility of the
underlying stocks, which might imply a failure of the strategy, see [148]. This also includes the risk
of monetization, which implies that a reallocation into the risky asset and a further participation in
market upturns are no longer possible.

Individualized CPPI (iCPPI) employs the exact same mechanism as CPPI to the individual policyhol-
der level rather than a pooled set of policies invested in the same CPPI fund, thereby allowing a life
insurance company to provide protected / guaranteed solutions fully tailored to the individual policy-
holder. Furthermore, the market risk associated with providing such guarantees can be precisely and
fully hedged out to a third party (typically an investment bank with iCPPI capabilities), leaving the life
company with the residual actuarial risk that it is best positioned to manage.
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Part I : Policyholder behavior in variable annuities and iCPPI gap risk

In variable annuities, policyholders’ behavior is a major risk for the insurer, and a complex issue that
affects life insurance industry in almost every aspect; product design, pricing, marketing and distribu-
tion, financial reporting and risk management. Insurers’ concern about policyholders behaviors risk
is not new, and is still in the early stages of understanding and modeling. The first two chapters of
this first part deal with this risk. We address the rational lapse behavior in GMABs, and optimal with-
drawals in GMIBs. The third chapter is dedicated to the iCPPI product from a managing and hedging
point of view.

1 Chapter 1 - Financial risk management and the rational lapse strategy
in life insurance policies

In Chapter 1, we address the problem of pricing a GMAB contract under rational lapse assumption. A
rational lapse assumes the policyholder behaves rationally through maximizing a certain criterion. In
our case, we take the expected value.

We consider a policyholder possessing a GMAB contract defined in the preliminary section. The payoff
of the guarantee is expressed as follows :

H(T, A(T), G) = max(A(T), G) = A(T) + (G- A(T)) ",

where A(T) is the account value at maturity, T denotes the maturity of the contract, and G the guaran-
teed minimum return, also known as the benefit base.

We assume that the account value A is invested in a single underlying asset, denoted by S = (S(#)) r>0,
following the Black-Scholes framework. The short term interest rate r = r(f);»¢ is driven by the one
factor Hull and White model :

dS() =r(O)S()dt+oS(t)dW(t)
dr(t)=a@(t)—r())dt+o,dZ(t),Z:=(1 - pz)%WL +pW,

where a and o, are positive constants, 0 is a deterministic Lebesgue-integrable function, o is the ins-
tantaneous volatility of the asset return and Z and W are standard Brownian motions with correlation

P.

We assume that annual fees a are deducted continuously from the policyholder’s account value A. It is
given by A(r) = e~ *'S(#) and can be expressed through the following stochastic differential equation :

dA(D) = (r(t) —aA(D)dt + gA(H)dW (1),
where a is a constant corresponding to the total fees deducted from the account value.
If we assume that the policyholder does not lapse the contract prior to its maturity T, the guaran-

tee becomes a European-style option. In this case, we can use the formula given in [102] to express the
forward liability #* of GMAB contract as :

log(FY ()/G) — (T - 1) LT
>

o2 (¢, FL (1) = e T YFY () + GN(=dy) — e *TIF (ON(=dy), d1p= = +
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where F(1)T is the forward value of A(f) at time T observed at time ¢, "= \/ OT_tmﬁds, w% =g+

VZB‘:‘(S) +2povB,(s), B, (s) = l_f;as and N(.) is the cumulative distribution function of the standard
normal density.

Unlike European-style options, GMAB contracts allow the policyholder to get his account value be-
fore the maturity. As a consequence, a zero lapse assumption is not consistent with market practice.
We observe that the lapse rate changes significantly in different market conditions (equity and interest
rate level). Such variability has a notable impact on the liability value and the insurer’s hedging stra-
tegy. This is known as the rational lapse strategy, and is similar to the optimal early-exercise strategy
of classical Bermudian options, see [36].

Question. Assuming the policyholder can lapse the contract at the end of each policy year, how can we
define a rational strategy?

LetO=f)<.<tp<..<tn=T,n=1,2,...,N be the policy years. Lapses can take place at each anniver-
sary date but not between two successive ones. We denote by ¢;, the time right before an anniversary
date t,, i.e. before the policyholder’s decision to stay in the contract or lapse.

Due to the similarity to the optimal early-exercise strategy of classical Bermudian options, the value
of the Bermudian-style liability #® under the forward measure Q" satisfies the following equation :

7B (e, B (1)) = max(FT (1,),EQ [0 (e, 1, FT (15,0 | P 1,
where the terminal condition is
72 (T, FL (1) =F1(T) + (G- F' (1))".

Result 1. Assuming the benefit base G is fixed at inception, 7°(t, f) is convex and nondecreasing w.r.t
the forward price f, thus, for each t, n=1,...,N there exists a real number f*(t,,) such that

0< f<f*t;,) = 5(,,/)>f (NoLapse),
=1 @) => %, )=f (Lapse).

f(t,) is referred to as the "critical forward account value" since the policy should be lapsed as soon as
the forward account value increases to this level at time t,.The existence of such critical value results
in an increase of the value of the liability compared to the European-style one. As a consequence, the
rational lapse case is the worst case scenario the insurer can face, therefore, it is crucial to take it into
account.

To evaluate the liability # and the critical forward value f* of a single GMAB rider, we use two nume-
rical methods : PDE schemes and Monte Carlo simulations. To our knowledge, this study is the first to
apply these methods for a GMAB contract. Numerical tests, detailed in the chapter, show not only the
consistency between the PDE and Monte Carlo methods, but also the precision of both methods. We
also find that PDE method is faster and more precise than Monte Carlo. Moreover, it can calculate the
price and other important Greeks for different f and ¢ at the same time. On the other hand, Monte
Carlo method is more flexible, easier to implement and can be extended to other high-dimensional
problems.

Insurers are aware that they can neither rely on zero lapse strategy, nor consider a full rational be-
havior. In fact, they deal with an inhomogeneous pool of policies that can be terminated for various
reasons which are not necessarily rational, and others that remain until their expiration. In this case,
the lapse strategy can be represented by the frequency of the policies that are early terminated at a
given anniversary date f,,. The goal is to find a way to estimate a "reasonable" lapse rate.
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Question. How can we use the rational strategy results to estimate a "reasonable" lapse frequency ?

Assume we want to predict policyholders lapses at a future anniversary date t,,. We can either use past
observations and a regression model to predict future lapses, or use the results based on rational lapse
strategy given present market observations. The first approach can underestimate lapse risk, while the
second one focuses on market information and might be too extreme.

We denote by p(t,) the proportion of lapses at t,,. The rational lapse strategy allows us to express the
proportion p(t,) as a deterministic function & of the forward account value F' (¢,,), that is h(F' (t,,)) =
Ligr(4,)= £+ (1;)y- This implies that all policyholders lapse the contract once F'(t,) touches the critical
boundary f*(¢,,), and hold the policy otherwise.

Result 2. Inspired by the mortgage prepayment models and evaluation approaches of surrender options
for other life insurance products, we assume the lapse function is nonincreasing piece-wise linear of
the value FT(ti). When FT(ti) < f* (t;), the lapse rate is not zero due the policyholder circumstances,
and when F' (t;) = f* (t;), some rational lapses never occur. Therefore we present a reasonable lapse
[frequency given by Figure 3.

Rational Lapse Rate
Reasonable Lapse Rate

i)

0 F T F,

FIGURE 3 — Comparing the rational lapse function with the reasonable lapse function.

The four parameters F1, Fo, Pnin and Ppax are chosen by the insurer to match some empirical tests.

By adopting this framework, insurers are able to incorporate policyholders rationality into their lapse
assumptions, instead of limiting their modeling to empirical estimations, which happen to be quite
reckless.

2 Chapter 2 - Optimal behavior strategy in Guaranteed Minimum Income
Benefit

Rational behavior for GMAB products is limited to lapsing the contract. Other products are subject
to optimal behaviors that include withdrawing money without necessarily terminating the contract,
i.e. partial withdrawals. These so-called optimal withdrawals are for example experienced in GMWBs
and GMIBs, i.e. see the preliminary section for details on these products. Many authors address this
problem in the case of GMWBs, see for example [61, 110, 131, 143, 149]. In this chapter, we are inter-
ested in GMIBs which has got less attention because they were thought to be "safer". However, due to
increasing guarantees and features, GMIBs became riskier and more exposed to optimal behaviors.

Consider an x-year old policyholder possessing a GMIB rider with an income benefit in case the in-
sured is alive and the possibility of a death benefit in case he dies. Again, the account value A of the
GMIB is invested in a single underlying asset, denoted by S following the Black-Scholes framework.
Due to the complexity of the contract, we consider the simple case of constant interest rate.
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Let0=1fy<..<tp<..<tn=T,n=12,.,N be the policy years, where f; is the contract inception and
ty =T its maturity. All events related to the contract are considered to take place at these dates and not
between two consecutive ones, i.e. evolution of the benefit base, withdrawals, lapse, payments, etc...

The value of the GMIB contract at time ¢ is determined by three main state variables :

— The account value A; which represents the wealth of the policyholder and evolves according to
S performance.

— The benefit base G which is updated at anniversary dates by following a roll-up, i.e. G;, = (1 +
NG, ,,aratchet, i.e. G, =max(G;, ,,A; ), or by combining the two, i.e. G;, = max((1+n)G;, ,,As,).
The roll-up rate n is a constant fixed at inception by the insurer.

— A discrete state variable I, = {0, 1} which informs if the policyholder died between (,,_1, t,;] or is
still alive at time t,. Therefore, we denote the death probability during (#,-1, t;] as g, =P(I,, =
0]1I,-1 =1), and the probability of being alive at time ¢, as p,. Note that g, and p, depend on
the age of the contract holder at time ¢, and thus on the age x at , =0.

At time 0, Ap and Gq are set equal to the upfront premium. We denote by y, withdrawals at time
tn=1,..N-1, and the values of the benefit base (resp. account value) just before and after events take
place at t,, by G, and G+ (resp. A;; and A;).

Let t,, be an arbitrary policy year. We consider the following modeling notations and assumptions :

— Fees deducted from both the account value and benefit base between ¢ and t+dt for ¢ € (1,1, t;,]
are expressed as :

r01(Ar, G = (@*A; +aCGy ),

where o and a© are constants defined by the insurer at inception.

— At an arbitrary anniversary date t,, the contract guaranteed withdrawal is a proportion of the
benefit base at time ¢, i.e. You = NGy;, where n is the guaranteed rate (which is the same as the
roll-up rate).

— Upon withdrawing an amount v, the account value and benefit base are reduced. Their evolu-
tion depends on both their values before the withdrawal and the withdrawn amount. We express
those jump conditions as :

At; = hA(At,;,Gt;, Yn),
Gt; = hG(At;» Gt,', yYnds

where the withdrawal amount y, belongs to an admissible space ¢ (A;,G¢;), and hA() (resp.
hS()) is some function that determines the change in the account value (resp. benefit base)
subject to withdrawing y,. The change in A and G upon withdrawing y, may include penalties
for excess withdrawals, i.e. withdrawals that exceed the guaranteed amount.

— The income benefit can be activated at any time between a starting date fixed by the insurer #,
and the maturity T, i.e. typically the policyholder is given the choice to start his income period
between the 10th anniversary of the contract and the 85th or 95th policyholder’s birthday.

— If the policyholder dies during (#,-1, t;], the contract allows for a payout of the death benefit
D(ty,At;,Gy;) to the beneficiary at £,,.

— The cash flow received by the policyholder at t,, is a function of the current account value, be-
nefit base, and withdrawn amount f;, (A, G, Yn). Itis usually equal to the withdrawn amount.
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The specifications vary across different proposed products and different insurers and are quite painful
to extract from the long product specifications document. Moreover, the academic literature usually
presents different specifications for GMIBs than those commercialized.

We are interested in the worst case scenario from an insurer point of view in terms of policyholders be-
havior. This corresponds to the strategy that maximizes the expected value of their discounted future
cash flows. Therefore, we will consider this pricing strategy to define a fair price and extract the opti-
mal withdrawals at each anniversary date for a given state, i.e. level of the account value and benefit
base. The following assumptions are considered :

— Financial risk can be eliminated by continuous hedging.
— Mortality risk is fully diversified via selling the contract to many people of the same age.
— Financial risk and mortality risk are independent.

By exploiting the Markovian property of the state variables, and taking the expectation w.r.t mortality,
we can calculate the price under the optimal strategy. This is justified by the fact that the financial risk
and mortality are independent 3, and that the policyholder’s decision does not affect mortality.

Result 3. The value function  which solves the optimal withdrawals problem is given by the following
explicit recursion

@(t;{,A, G)= ﬂ':t; [Bn,n+1@(t_ A

n+12 20,0

yGt’;ﬂ) | A’ G])
(1,2, G) =max(P(t;, A,G), max (B(5;, h*(A,G,Yn), KA, G, Yn)) + PuYn + Pu-142D(t5,A,G))

Yneg{n

where By, ,+1 is the actualization factor between t, and t,1 and <y, is the set of admissible strategies.

Remark 1. The first equation translates the transition between t, , and t,; backwards, while the second
one provides the jump condition upon choosing between starting the income benefit, or staying in the
contract. In the second case, the withdrawal is weighted by the probability that the insurer is alive at
time t,, i.e. py, and the death payout by the probability that he has lived up to t,_, and dies in the
interval (t,—1,tul, i.e. pu—1qn. A linear search of the optimum is performed over the set of withdrawal
strategies, which allows to find the optimal strategy v, at each time t, for each account value A and
benefit base G.

The solution of the optimal withdrawals problem allows the insurer to mitigate policyholders’ beha-
vior risk related to GMIB contracts. Our analysis points out the following observations :

— The optimal withdrawal strategy of the policyholder is limited to 4 possibilities ; zero withdrawal,
guaranteed withdrawal, income benefit election and lapse. Intermediate withdrawals do not
seem to be among those decisions.

— Given the fees levels, the contract seems to be underpriced under the optimal withdrawal stra-
tegy for most cases. Either increasing the fees or adjusting the roll-up rate can be a solution to
overcome this issue.

3 Chapter 3 - Managing gap risks in iCPPI for life insurance companies : a

risk return cost analysis

In order to diversify their products, improve their attractiveness, and reduce their capital require-
ment, insurance companies offer a range of savings other than variable annuities. The individualized

3. Itis a common hypothesis in life insurance industry to consider that financial and demographic risks are independent
to price variable annuities.

10
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constant proportion portfolio insurance (iCPPI) is one of them.

As mentioned in the preliminary section, an iCPPI product is based on the CPPI mechanism. It consists
in decomposing the portfolio value V;, at each time ¢, into a sum of a risky and non-risky exposure.
Given a multiplier m, the amount invested in the risky asset is leveraged, such that, at each time ¢, the
risky exposure e; is equal to m(V;—F;), where the "floor" F; is the actualized guarantee G at time ¢, i.e.
F;=Ge "T=9_ When the portfolio value "breaches" the floor, i.e. V; < F¢, all its assets are switched to
the non-risky part. Ideally, by doing so, the insurer is guaranteed to recover G at maturity.

The portfolio rebalancing occurs at discrete times, i.e. on a daily or weekly basis, and the value of
the fund can be defined using a recursive formula :

S T .
Vi —Fr( St"l;‘—(m—l)e’N) if Vi, —F, >0

Vi =Fy = { T .
(Vtk—Ftk)erN if Vtk_Fl’kSO'

We define the probability of breaching the floor as the probability that the portfolio final value falls
below the guarantee, i.e. PBF := P(Vy < G). This probability is null for continuous rebalancing but is
strictly positive in practice. Moreover, it depends on the multiplier m, the change in the asset price
between two rebalancing dates, the rebalancing frequency, and the interest rate.

If the underlying asset has jumps, we can no longer control the probability of breaching the floor,
and the insurer can be subject to "gap risk", which occurs when the underlying asset has a negative
jump. We study two solutions :

— Adjusting the multiplier m to reduce the probability of breaching the floor.

— Hedging strategies in case the underlying asset has jumps.
Question. How can the insurer reduce the probability PB¥
ket?

of breaching the floor in case of volatile mar-

This issue suggests choosing a time-varying multiplier that adapts to market conditions, namely the
volatility, drift and interest rate level. A few studies were held in this sense to define a dynamic mul-
tiplier. Among them, the long-term risk sensitive portfolio optimization, see [93], gives a multiplier
under which the strategy is optimal. This multiplier is equal to the excess return of the strategy divi-
ded by the variance. Following Merton’s optimum consumption and portfolio rules, see [125], one can
define a multiplier based on the the optimal certainty equivalent returns (CERs) approach using HARA
utilities. These multipliers are, however, very small compared to the ones used in practice, reducing
the upside potential of the risky asset. Our approach suggest choosing a value-at-risk based multiplier
in which the investor defines his risk tolerance.

Result 4. Based on the "value-at-risk based portfolio insurance" (VBPI) introduced in [106], our dyna-
mic multiplier is expressed by

1
l—exp((p—r—%crz)(T— 1) —z,0VT - t)’

my =

where z,, = G~ (p) is the quantile function of the standard normal distribution.

Such multiplier allows the manager to adjust the drift and volatility in this expression to the market
risk and return. As shown through backtestings, dynamic-CPPI performs better that a classical CPPI
with fixed multiplier.

11
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However, the dynamic multiplier does not totally eliminate the risk of sudden negative jumps ob-
served in the market. To incorporate jumps in the asset price dynamic, we use Lévy processes. For this
analysis we consider the Kou model introduced in [112].

The dynamic of the asset price S is given by :

N;
as: _ udt + chﬁd(Z(eY" - 1)),
S¢ i-1

where | and o are constants, W; is a standard Brownian motion, N; is a Poisson process with rate A,
and Y; a sequence of independent identically distributed (i.d.d.) non-negative random variables with
a double exponential distribution with density :

FW=qn’ e_rry]lyzo +pn eniy]ly<0,
wheren* >1,n~ >0and p,q, p+ q =1, represent the probabilities of upward and downward jumps.
Question. How can the manager deal with rapid downside movements?

Result 5. Rapid downside market movements, known as "gaps", can be hedged using :

— Semi-static hedging with vanilla put options.

— Static hedging with gap options.
These solutions were analyzed in [57]. The first one consists in buying vanilla puts at each rebalancing
date fj, maturing the following one f.; with strike (1 -1/ m)e T/'Ng - The insurer can deduct the

hedging costs from the portfolio final value and, in this case, they represent the sum of all the put
options required for the whole period :

c= ’gmg—ZE@[((l ~1/m)e"™'"s,, —Stkﬂ)],

where the notation Cy, is used for the cushion V;, —F,,_ at time .
In practice, the portfolio is self-financed and the price of the put used for the hedge is deducted di-

rectly from the portfolio’s value. This is expressed through an adjusted cushion C; given by the follo-
wing recursive formula :

S +
(m% +(1- m)erT/N)
Ik

Ctk ] :e—rT/thk .
+ S +
EQ [(ms"—k +(1=m)er™N)" | 7|
In practice, using options can be hardly applicable for the following reasons :

— The maturity is of 1 to 5 days and options reaching maturity are very volatile or illiquid.

— The insurer usually uses "exotic" underlying assets like funds or funds of funds, or detains a
mixed portfolio of different funds, indexes, bonds etc...

— The cost of the strategy can be very high due to the number of options needed for the whole
period.

12
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Gap options are derivatives which allow for a protection against sudden significant downside moves
of an underlying asset. If a gap event occurs between two consecutive dates, i.e. the asset performance
is below a certain level called trigger, the option is exercised and the buyer receives the difference bet-
ween the performance of the underlying asset, and a fixed threshold. These options are particularly
useful in the case of iCPPI products. Indeed, through dynamic allocation strategy, the insurer’s protec-

Tet1
St

and a strike K= (1 — 1/m)e" /N, the insurer is protected against gap events and ensured to recover the
guarantee at maturity.

tion only fails if m +(1-m)e" N <, By choosing a put gap option, i.e. with payoff f(x) = (K—x)™*,

Our numerical analysis is based on the Kou model under some mild assumptions. The gap option
price has the following reduced closed form :

_ _ p/n~
A _l-e T(r+Ape )
G = PN Ki1m

T4 r+ApePn

where p is the probability that a jump is negative, n~ its intensity, A the Poisson process rate, h = T/N
is the time step, and P the log return level which triggers the gap option.

The comparison between hedging using vanilla and gap options reveals that, even though both are
equivalent, the second choice is less costly. Indeed, gap options are priced over-the-counter based on
very rare events. Furthermore, while put options need to be bought at each rebalancing date with the
following one as their maturity, and use a floating strike, gap options need to be acquired at time 0 for
the whole period with a fixed strike.

Part II : Focus on market impact and volatility

Insurance products like variable annuities are characterized by three main features : long-term du-
ration, large volumes, and significant market risk exposure. Large volumes means a greater risk of
impacting the market when executing a large order, for hedging purposes for example. Market risk
exposure and long-term duration induce an important volatility risk, which, in light of all the recent
developments in volatility modeling, suggests a need to revisit some of the fundamentals of volatility
and its properties.

In this second part of the thesis, we address these two problems; market impact and volatility. Before
exposing the analyses and results for each of these subjects, we give a brief review and motivate the
choice for these problematics. In Part II-A, which addresses the optimal execution of a large book of
options, we give a review of the current practices in hedging variable annuities and long-term equity-
linked products.

Part II- A : Hedging life insurance products and the market impact dilemma

Guarantees in variable annuities are similar to options. The underlying asset price is the fund value,
and the insurer plays the role of the option writer. However, unlike options where the premium is
paid upfront, the costs of variable annuities are paid periodically as a percentage of the account va-
lue throughout the life of the contract. The fees collected should then be partially used to hedge the
provided guarantees. Hedging variable annuities can be done via dynamic hedging, static hedging or
semi-static hedging.

13



TABLE DES MATIERES

— Dynamic hedging: It is the most common approach to hedge financial risks in variable annui-
ties embedded guarantees, see [109] and [110]. The principal of dynamically hedging a guaran-
tee that depends on a tradable asset Sy, is to hold, at any time ¢, A; shares of the underlying
asset. In a complete market with continuous rebalancing and no transaction costs, the guaran-
tee can be perfectly hedged in a self-financing manner.

— Static hedging : Investigated by [96] and [123], it suggests replicating the embedded guaran-
tees with a static position in put options. The agent takes position, at inception, in a portfolio
of financial instruments available in the market, so that the variable annuities cash flows can be
replicated and match the cash flows of the hedge portfolio. Once the position set, static hedging
assumes no intermediary costs between the contract’s inception and maturity. Consequently,
static hedging is considered to be highly robust, model independent, and does not involve any
rebalancing throughout the life of the product. Unfortunately, this approach is far from being
perfect. In fact, long-term options with maturities of at least 10 years are not available, illiquid,
or subject to counterparty risk. Moreover, most guarantees are path-dependent and vanilla op-
tions are not suitable to hedge them. Last but not least, variable annuities fees are collected per-
iodically, which makes it hard to match future fees and the amount borrowed at the inception
to purchase the hedge.

— Semi-static hedging : Similar to static hedging, semi-static hedging exploits available financial
instruments to hedge the guarantee. Instead of fixing the hedging portfolio from the contract
inception until its maturity, here the insurer constructs a hedging portfolio at each rebalancing
date by following an optimal hedging strategy for some optimality criterion. Several authors
have studied this approach, see [25, 53, 54, 111]. In particular, static-hedging is investigated for
a GMDB contract with ratchet features in [53, 54]. Under certain assumptions, the GMDB rider
with a ratchet feature can be seen as a lookback option. They show that using vanilla options
to hedge the guarantee can be significantly more effective than delta-hedging. [111] propose to
hedge a path-dependent option by taking a position in an optimally chosen European option.
They present results of a simulation study of a version of the GMWB product and use local risk
minimization as the optimality criterion for each hedging date.

A review of derivatives holdings in the U.S. insurance industry

In its review of derivatives holdings and exposure trends in the U.S. insurance industry, the NAIC’s Ca-
pital Markets Bureau? reports a $2 trillion total notional value of derivatives over the year-end 2014.
An overwhelming 94% of the total notional value is used for hedging purposes. Out of the 94%, 49%
is related to interest rate hedges, while 25% is aimed at hedging equity risk. Swaps accounted for the
largest share (50%) of total notional value, followed by options (44%), futures (3%) and forwards (3%).
After several consecutive years of increase, U.S. insurer’s derivatives leveled off in 2015 in terms of no-
tional value.

As given in Figure 4, derivatives exposure in BACV as of Dec. 31, 2015, totaled $55 billion, accounting
1% of total cash and invested assets, and representing a decrease of 4% from year-end 2014. In the life
industry segment, only 18% of insurance companies had derivatives exposure. However, those invol-
ved with derivatives are larger, accounting for $3.28 trillion, or 87% of the segment total. Derivatives
positions can be quite large; the average position size was $26.4 million. The largest single position

4. The NAIC’s Capital Markets Bureau monitors developments in the capital markets globally and analyzes their poten-
tial impact on the investment portfolios of U.S. insurance companies. They published several reports concerning deriva-
tives. These reports provide insight into exposure trends, credit default swaps, hedging, reporting requirements, and market
developments. In particular, they review U.S insurer’s derivatives holdings and exposure trends. A list of archived Capital
Markets Bureau Special Reports is available via :http://www.naic.org/capital_markets_archive_index.htm
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open at Dec. 31, 2015, in terms of notional value, was $10 billion corridor option 5 that expires in 2021,
which was purchased as an interest rate hedge for a company’s fixed income portfolio.
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FIGURE 4 - U.S. insurance industry derivatives exposure as of Dec. 31, 2015. Source : NAIC

4 Chapter 4 - Optimal execution of options book under market impact

Market impact is defined as the effect that a market participant has when he buys or sells a given vo-
lume of an asset. In that respect, it is important that insurance companies, who trade large quantities
of options for hedging purposes, take into account this effect when trading options by splitting trades
intelligently to minimize its cost.

Inspired by the large literature on equities, and particularly the work of Almgren and Chriss [7], we
tackle in this chapter the optimal execution of a book of options under market impact. To do so, we
consider a universe with two agents : the option market maker who sells the option, and the end-user
who buys the option to hedge an external risk.

Following the steps of usual optimal execution problems with market impact, our approach is three
steps; first we need to define the option price under market impact constraints. Second, we choose
the risk criterion and derive the optimal execution problem. Finally, depending on the complexity of
the formulation, we use an appropriate method to solve the optimization problem.

Question. How can we define an option price that incorporates the execution quantity?

Our approach is inspired by the feedback effect and option replication with transaction costs see [78]
and [115]. The market maker who dynamically hedges the option to the first order, i.e. delta-hedging,
moves the underlying asset price accordingly. Our assumption is based on a linear impact function,
i.e. buying x shares drives up the asset price by a cost proportional to x, and selling x shares drives it
down by the same proportion cost.

Following Leland’s transaction costs framework, see [115], we can derive a price for the option un-
der market impact constraints. For simplicity, we assume that interest rates are null. Furthermore, we
assume that the asset price is modeled by a geometric Brownian motion in the absence of market
impact.

5. A corridor option is a derivative whose payoff at maturity depends on the amount of time a specified spot rate remains
within a specified range during the option’s life.
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Result 6. The option execution price under market impact constraints can be expressed through a
Black-Scholes like PDE with an enlarged volatility & such that :

) 2 .
0 =0 +f(t)xl"xl’»o-)v

where f is the market impact function which depends on time t, volatility o, inventory x; and trading
speed x;.

The previous formulation can be generalized to local volatility by following Lepinette’s arguments, see
[117]. We can also use a simple Taylor approximation and Black-Scholes closed formula to rewrite
the option execution price as the sum of the option price without market impact and a linear impact
term :

~ 1 .
P(6,S, 00 = P(5,S) + 7 {iike + Y (x, —xo)} aS2(T - 1)*2 11,8 ),

where 1] and Y are constant parameters associated with the market impact temporary and permanent
components®, T is the option maturity and I'its second derivative w.r.t asset price.

Note that the option gamma is known to explode close to maturity. However, our framework assumes
the trades are performed far from the option expiry, i.e. T < T, which removes any undesirable irregu-
larities in the option price or the impact function.

Let us consider a trade execution strategy in which an initial long position of X options, with fixed
strike K and maturity T, is liquidated by a fixed time horizon [0, T], where T « T is the end time. The
asset position x; is nonincreasing with xo = X < 0 and xr+ = 0 for a pure buy strategy. The optimal
strategy is based on the mean-variance criterion E[€ (x)] + AVar[€ (x)]. It is reduced to the simple
expected cost for A =0, which has an explicit solution under our hypotheses.

Result 7. Assuming only temporary impact, i.e. Y = 0, and under the Black-Scholes framework, the
optimal strategy x* resulting in minimizing the expected cost is given by :

x*(t) _ Kl
- (T_ t)3/2
* _ 1
x (1) (T_ t)1/2 2
whereK; = ——%—— andK, = —2K; (T -T) /2.

Z(T’?—(T—T)’?)

We recall that the expected cost optimal strategy for the equity case is characterized by having a
constant trading rate x; = —)T(, as shown in [27] in a discrete setting. In our case, the trading speed
is an increasing convex function of time.

For A > 0, the mean-variance minimization problem necessitates to establish a proper stochastic dy-
namic programming framework. We parameterize the trading strategies x by their speed of trading
o = —X; and introduce </ (T, X) the set of admissible strategies such that the parametrized strategy x“
satisfies necessary conditions.

We restrict our framework to Markovian controls and thus, solving the optimal stochastic control pro-
blem at time 0 is brought to a more general case where the agent starts buying at any arbitrary time

6. The temporary impact component reflects the instantaneous effect of the trade, while permanent component trans-
mits the information of buy/sell impact to the market on the long run.
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t € [0, T] with an initial quantity x without loosing the optimality. We then define the value function
U(t,S, x) for the mean-variance framework as :

T
- 2Q2 (% _ )32 20,0202 A2
U(t,S,x)_agi;l(%X)Et[ft {o83(T - u)*"2 1w, 8.,) + Ao? (x)*$2.A%(w,S )

Note that the value function U(¢, S, x) satisfies the so-called finite-fuel condition. A state with a non-
zero option position with no time left for its liquidation, means that the liquidation task has not been
performed, and thus should receive an infinite penalty. We replace this constraint by a finite terminal
condition with large penalty and denote by U, the value function in this case. By applying the classical
framework to derive the Hamilton-Jacobi-Bellman equation, we find :

Result 8. LetU;} be a regular function which solves the PDE :

(Ocv)

8tU: + %stzassU: + )\XZO’ZSZAz(t; S)— 4(T-03211t,9) -

U (T, S, 07) = g W(x§).
Then U is the unique solution to the optimal execution problem. Moreover, the optimal execution rate
aj =—Xx; isgiven by :
8xU:(t,St,x;‘)
a(t - 0328217(1,8,)

*
;=

The PDE satisfied by U is quadratic in its first derivative w.r.t x, and without knowing the dependence
of U7 to xitis difficult to solve it accurately. Fortunately, we are able to reduce the problem’s dimension
by either reparameterizing the state variable, or using an ansatz to separate the spacial variables. We
write Ug(t, 5, X) = x> ug(t, s) where ug is the reduced problem, and use the rate of trading x; = —xt%
as a control variable. It follows the result :

Result 9. Let u; be a regular function verifying the following PDE

* 4 152g2 * 2Q2 A2 _ 1 2 _
Orug +50°8°0ssus +Ao=S=A (t;S) s e =0 0
u;f(T,s):g.

Then u; is the unique solution to the reduced optimization problem (4.29). The optimal trading rate x;
is defined by :
Ue(2,S)

*(t,S) = = .
(5 (T - 03/28211(¢,S)

In this case u. solves a nonlinear PDE with quadratic term of order 0. This is much simpler than the
previous PDE. Adding appropriate boundary conditions, the problem can be solved numerically by
using finite differences schemes. In Figure 5, we present the trading rate k; = — i—i surface as a function
of time and asset price for A = 100. We can see that it depends on the asset level and that it increases
as function of time.

17



TABLE DES MATIERES

A =100

100 ~

FIGURE 5 — The rate of trading k as a function of the underlying price S and time ¢ for A = 100. The strike of the
option K =S is fixed at time 0.

Part II-B : Volatility models

In the insurance industry, variable annuities and other savings and investment products are subject
to market risk like any other financial product. Therefore, it is important to be able to make quick ad-
justments and build hedging strategies in response to market changes.

Volatility is one of the main drivers of market prices and a key parameter to assess risk, and a large
literature tackles its modeling. Since the seminal work of Black and Scholes [30], the most classical
way to model the behavior of an asset price S; is to use continuous semi-martingale dynamic of the
form

legS[ = I.l[dt‘l‘O'tth,

where |t a drift process and W; a Brownian motion. The coefficient o, is the so-called volatility pro-
cess.

Following the pioneering approach of [30], practitioners have first considered the case where the pro-
cess 0 is constant or deterministic, that is the Black and Scholes model. However, in the late eighties,
it became clear that such specification for the volatility is inadequate. In particular, the Black and
Scholes model is inconsistent with observed prices for liquid European options. Indeed the implied
volatility, that is the volatility parameter that should be plugged into the Black-Scholes formula to re-
trieve a market option price, depends in practice on the strike and maturity of the considered option,
whereas it is constant in the Black-Scholes framework.

Hence more sophisticated models have been introduced. A first possible extension, proposed by Du-
pire [69] and Derman and Kani [63], is to take o, as a deterministic function of time and asset price.
Such models, called local volatility models, enable us to perfectly reproduce a given implied volatility
surface. However, its dynamic is usually quite unrealistic under local volatility. Another approach is
to consider the volatility o itself as an Ito process driven by an additional Brownian motion, typically
correlated to W. Doing so one obtains less accurate static fits for the implied volatility surface but
more suitable dynamics. Among the most famous of these stochastic volatility models are the Hull
and White model [101], the Heston model [97] and the SABR model [95]. More recent market practice
is to use the so-called local-stochastic volatility models which both fit the market exactly and generate
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reasonable dynamics.

In all the Brownian volatility models mentioned above, the smoothness of the sample path of the
volatility is the same as that of a Brownian motion, namely 1/2 — e Hélder continuous, for any € > 0.
However, it is shown in [88] that in practice, spot volatility is much rougher than this. This result in
[88] is based on a statistical analysis of historical data using sophisticated high frequency estimation
methods. More precisely, it is established in [88] that the dynamic of the log-volatility process is very
close to that of a fractional Brownian motion with Hurst parameter smaller than 1/2. Recall that a
fractional Brownian motion WH with Hurst parameter H € (0,1) is a centered Gaussian process with
stationary increments such that

1
CoviwH, Wi = 5 (11?2 + 152 = 1= s121).

The Holder regularity of W is H — ¢ for any € > 0 and for H = 1/2 we retrieve the classical Brow-
nian motion. Therefore, models where the volatility is driven by a fractional Brownian motion with
H < 1/2 are called rough volatility models. Beyond fitting almost perfectly historical volatility time
series, rough volatility models enable us to reproduce important stylized facts of liquid option prices
that local/stochastic volatility models typically fail to generate. In particular, the exploding term struc-
ture when maturity goes to zero of the at-the-money skew (the derivative of the implied volatility with
respect to strike) is readily obtained, see [20, 79]. Other developments about rough volatility models
can be found in [22, 23, 70, 71, 74, 80, 94, 105, 134].

In this part of the thesis we revisit the finding in [88] using range-based and option-based data. In-
deed in [88], the authors work with realized volatility based on high frequency data to estimate spot
volatility. Access to high frequency data is sometimes costly and/or unavailable for certain assets. The-
refore, other proxies are used to estimate daily volatility. Here we use two spot volatility proxies.

In Chapter 5, we use range-based estimators are based on open, high, low and close daily prices. We
particularly focus on Garman-Klass and Parkinson estimators, see [86, 139]. In Chapter 6 we use a spot
volatility proxy which is not based on historical price data, but on implied volatility. More precisely, we
approximate the spot volatility by the implied volatility of an at-the-money liquid option with short
maturity (or a refined version of it). This idea can be justified by the fact that in most models, the at-
the-money implied volatility tends to the spot volatility as maturity goes to zero, see for example [132].

Our main results are a confirmation of that in [88] : when using alternate spot volatility measurement
methods, we can still conclude that volatility is rough.
5 Chapter 5 - Range-based proxies and rough volatility
Question. What is the regularity of the volatility based on range-based data ?
We look at the measure m(q, A) defined by :
m(q, A) =E[llog(o,, A)—log(a,) |7]

By plotting log(m(q, A)) against log(A) for different values of g, from 1 day to a few months, we try to
find a form for the scaling function { such that :

m(q, A) =Ky A%,
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Result 10. The increments of the log-volatility behave as that of a fractional Brownian motion with
small Hurst exponent H for a very large range of time scales :

Cq ~Hg,
whereH < 0.1 for all assets” we performed the study on.

We also find that log-volatility increments over a lag A have a similar distribution than a centered
normal distribution with variance A'. As a result, log-volatility increments can be modeled by the
increments of a fBm :

H
or=00e""Vr .

This model is unfortunately not stationary. Stationarity being a desirable property in time series, vola-
tility can be modeled through a fractional Ornstein-Uhlenbeck volatility model with Hurst exponent
H < 1/2, and a mean-reverting parameter a such that 1/a (the mean-reversion time scale) is very large
compared to the time scales of interest. This so-called fractional rough volatility model (RFSV), see
[88], is fundamentally different than Compte and Renault fractional volatility model (FSV), see [56].
Indeed, FSV considers H> 1/2 and a > 1.

More precisely, we have :
dlog(oy) = —a(log(os) —m) + vdW?,
withH<1/2anda < 1.

Question. Can we validate the RFSV model ? Doesn’t the FSV model exhibit the same behavior?

Result 11. Empirical results and simulations allow to exclude the FSV model as a data consistent model.
The RFSV model, on the other hand did not fail the tests we performed.

To perform our tests, we simulate the FSV and FRSV models with known parameters. We then estimate
realized and range-based volatility proxies. By looking at the behavior of log(m (g, A)) versus log A, we
find that FSV model can be misleading. In fact, as illustrated by the sketch in Figure 6, log(m(g, A))
exhibits three types of behaviors :

— For small A, the estimated smoothness parameter H is affected by noise and is thus close to 0.

— For intermediate A, one can approach the true value of H but it can be relatively difficult to find
it with good accuracy.

— For large A, the stationarity (through the mean-reversion) governs the value of the estimated H,
which is again very small compared to the real one.

For RFSV model, the estimated smoothness for the RFSV is consistent whatever the lag A. Hence, the
FSV model does not seem to be consistent with observed data, meanwhile RFSV simulated volatility
is much closer to observations. We conclude the analysis by studying the prediction power of RFSV.
Using result by Nuzman and Poor, see [135], we can use the conditional expectation of the fractional
Brownian. As a result, the conditional expectation of log-variance and variance w.r.t past information
F, satisfies

Ellog(c? NIEZE MAH+1/2/t log(c2)
I+ T ~

oo (= s+ A) (¢ — s)HF1/2’

7. We estimated the scaling of the volatility for liquid and less liquid assets based on the Garman-Klass and Parkinson
proxies
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FIGURE 6 — Observed behavior for log(m(q, A)) as a function of log(A) using the realized-volatility proxy

and
Elo, \ | %] =exp ([E[log(o§+ NEZE ZCV?‘AZH),

Gamma(3/2—H)

where ¢ = T'H+1/2) 1 2-21)"

Result 12. RFSV outperforms other times series models such as AR, HAR and GARCH in predicting fu-
ture log-volatility and variance.

6 Chapter 6 - Volatility is rough : evidence from option price data

Instead of focusing on volatility proxies recovered from the underlying historical price, we wish to use
option price based data. Our goal is again to study the instantaneous volatility smoothness. To do so,
we exploit asymptotic properties of the implied volatility, and particularly, the fact that at-the-money
implied volatility converges to spot volatility as time-to-maturity goes to zero.

Result 13. Using the same procedure as in Garman-Klass and realized volatility, we find that the scaling
of at-the-money short-term implied volatility is fractional, i.e. :

Cq = qH)
withH =« 0.32, meaning volatility is rough.

Question. Why is the value large compared to realized and Garman-Klass volatilities ? Can we improve
the result?

One reason for this relatively high value, is that our options have a significant remaining time to matu-
rity of one month. This induces a smoothing phenomenon in the estimation of the Hurst parameter.
This effect is of the same nature as that described and explained in [88], caused by the discrepancy
between spot and integrated volatility over a short time interval.

To improve the result, one solution would be to use asymptotic methods to estimate implied vola-
tility as time-to-maturity tends to zero, i.e. T — 0, and raw option data for the estimation. We choose
the methodology by Medveded and Scaillet who give an asymptotic formula for implied volatility, see
Chapter 6 and [124].

Result 14. The Medvedev-Scaillet estimator of spot volatility is rough, withH = 0.3.
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The value of the smoothness parameter is still high compared to H found for realized-volatility and
Garman-Klass, even though we used an asymptotic approach to approximate close-to-maturity im-
plied volatility. We believe this is still due to the remaining time-to-maturity as the option data we
used for the Medvedev-Scaillet proxy is still of at least 15 days time-to-maturity.

To understand this phenomenon, we perform a simulation study where spot volatility is rough (H =

0.04). Under mild assumptions, we find that 1 day ATM-IV has H = 0.06, while 20 days ATM-IV has H
around 0.27.

Result 15. Implied volatility regularity increases as time-to-maturity increases as given by Figure 7.

0.3

02} e

0.1

FIGURE 7 - Estimated values of the Hurst parameter using implied volatilities as a function of time to maturity.

To provide a more quantitative understanding of such upward bias, we consider the crude approxi-
mation of the Black-Scholes implied volatility :

1 +T
pT(1) = (07 ()%= —f Elo? | Z/ldu,
imp TJ;

using the simplified rough volatility model :

2

_ 2 H
0, =05+ VW,,.

Result 16. The scaling based on the moment of order 2 is given by equation :
E[(07(A) = 07 (0)*] o f(t/A)A™,

where f(1/A) — 1.
f 1/ A=0

This means that the same scaling relationship, as that associated to the spot volatility, is approxima-
tely satisfied when considering implied volatilities with small enough times to maturity. Otherwise, one
should add a multiplicative factor.
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Chapitre 1

Financial risk management and the
rational lapse strategy in life Insurance
policies

Abstract— Over the past decade, Variable Annuities have experienced tremendous growth accoun-
ting for half of the life insurance industry, as unit-linked products offering both participation in equity
market and guarantees at key life moments (retirement, death).

The recent Quantitative Impact Study (QIS 5) of the Solvency II framework showed that lapse risk is
the most important risk among life underwriting risks for Variable Annuities, as illustrated by solvency
issues experienced by the policyholder run in the late 1980’s. Thus research on lapse rates is crucial to
a proper calibration of regulatory standard models and internal risk models.

Usually the lapse behavior has been modeled by historical or backward looking statistical regres-
sions which have empirically underestimated the risk due to the scarcity of extreme scenario samples
and the inability to dynamically extrapolate the observed behavior to various market conditions. In
contrast, a "rational" lapse strategy valuation is a prudent forward looking approach where policy-
holders lapse in a way that maximizes the net present value of the future cash-flows, depending on
key drivers. Empirically consistent with herd behavior as experienced in the last financial crisis, this
approach is illustrated on a GMAB VA product using two alternatives numerical schemes (PDE and
Monte Carlo).

However, as policyholders cannot be expected to lapse all at the same time, this rational lapse frame-
work is slightly amended by introducing a proportion of lapses among the contract still active, which
translates into the notion of "reasonable" lapse more consistent with empirics.

Keywords : GMAB; Variable Annuity; rational lapse strategy; stochastic interest; PDE; ADI; high-
dimensional regression.

1.1 Introduction

The VA product, a popular retirement savings vehicle in the US, is starting to emerge as a viable op-
tion in other markets, including Europe and Asia. The GMAB riders written on VAs (also known as
Maturity Guarantees, see [40]) provide policyholders a guaranteed amount at a fixed expiration date,
so this kind of products have some similar properties as long-term vanilla puts. One important at-
tractiveness of GMAB products is that this guarantee gives policyholders the ability to protect their
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retirement investments against downside market risk by allowing the policyholder to receive the grea-
ter of the account value and the benefit base at the maturity. The benefit base can either step up to
the high-water mark of the account value at the end of each policy year (annual ratchet), or can roll
up with a fixed percentage (the roll-up rate, e.g. 2%), regardless of the market conditions. Thanks to
these new product characteristics, the guarantee not only protects policyholders against investment
losses, but also allows customers taking advantage of upside gain from the market. In exchange for
this benefit, the policyholder pays a charge fee each year.

The recent Quantitative Impact Study (QIS 5) of the Solvency II framework showed that lapse risk is
the most important risk among life underwriting risks for Variable Annuities, as illustrated by solvency
issues experienced by the policyholder run in the late 1980’s. Thus research on lapse rates is crucial to
a proper calibration of regulatory standard models and internal risk models.

The dynamic behavior is essentially a selection process of the policyholders against the VA writer,
where an increase leaves fewer insured to ultimately make a claim on the guarantees but reduces the
fees the insurer can collect. The general pattern is that more policies will lapse when the capital market
is up, and fewer policies will lapse when the capital market is down.

— In an up market, the value of the minimum guarantee diminishes as the account value is likely to
exceed the minimum guarantee values. As such, surrendering the policy does not create much
loss to the policyholder.

— On the other hand, a down market can result in the surrender value being less than the gua-
rantee value causing the policy to be in-the-money. If the policyholder surrounds at this time
then he or she can only get the reduced surrender value, forfeiting the added value from the
guarantee rider. The result is that there is strong incentive for the policyholder to keep the in-
the-money VA contract in force.

As the lapse assumption may impact significantly the profitability of GMAB riders, a rigorous mode-
ling framework of the lapse rate is necessary for both pricing and hedging purpose. During the last
decade, the literature on pricing and risk management of these guarantees has been evolving.

— Tradionnally the lapse behavior has been modeled by historical or backward looking statistical
regressions which have empirically underestimated the risk due to the scarcity of extreme sce-
nario samples for these new products and the inability to dynamically extrapolate the observed
behavior to various market conditions.

— In contrast, a "rational" lapse strategy valuation is a prudent forward looking approach where
policyholders lapse in a way that maximizes the net present value of the future cash-flows, de-
pending on key drivers. This reflects a potential extreme policyholder behavior, as experienced
in the last market crash, with an initial immediate and sustained fall in lapses right after the
crash, before an abrupt recovery consistent with the interest rates. In contrast, dynamic lapses
modeling are usually unable to provide such empirical dynamics.

This approach is illustrated on a GMAB VA product using two alternatives numerical schemes (PDE
and Monte Carlo), as the valuation of a Bermudan-style contingent claim for the insurer, where the
contingency is closely related to equity market conditions and the interest rate level, see [35].

The price evaluated by this approach can be interpreted as the fair value of the policy if all policy-

holders use the same rational lapse strategy, which is similar with the optimal early-exercise strategy
of Bermudan options. However, as policyholders cannot be expected to lapse all at the same time,
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this rational lapse framework is slightly amended by introducing a proportion of lapses among the
contract still active, which translates into the notion of "reasonable" lapse more consistent with em-
pirics. Note that this is only an interpretation, and that the critical aim is to make sure the lapse risk
can be hedged no matter which strategy the holders use.

The remainder of this paper is organized as follows. Firstly, in Section 2 the GMAB policy is explai-
ned in full details. Section 3 introduces the modeling framework to evaluate the liability of GMAB
policies in no-lapse assumption. The rational lapse strategy and critical lapse boundaries are studied
in Section 4. Section 5 addresses the pooling of lapse risks. In Section 6 we implement two numerical
methods, the PDE approach and the high-dimensional regression method (Monte Catrlo, see [37]) to
calculate the no-arbitrage price of GMABs in the Hull-White interest rate model. Numerical results of
these two methods are shown in Section 6 and conclusions in Section 7.

1.2 Description of the contract

In practice, most GMAB policies are purchased in a lump sum. We assume that a single premium is
paid at inception of the contract and denoted by A(0) = 100$ the initial account value at time zero
after the upfront fees have been paid. The account value is invested in a portfolio consisting mainly
of equities and bonds. At the end of each policy year t;, the insurer deduct a charge fee &A(t;) on the
account value, where & = 2% is the annual charge rate. The life time of the policy is T = 10 years if there
is neither early termination nor rollover.

For a contract that is held until the maturity, there is a guaranteed minimum return paid to the policy-
holder. We represent this guarantee to the policyholder as G, which is called the benefit base for insu-
rers. In other words, at the maturity, the policyholder has the right to receive a cash payment equal to
either A(T) or to the benefit base G. Consequently, at maturity, the value of the policy is max(A(T), G).
This payoff can be decomposed to the sum of the account value A(T) and a vanilla put (G—A(T))* (the
strike level is G). The benefit base G is fixed at inception, which is equal to A(0)(1 + 7)', where F is the
roll-up rate. In most cases, 7 is approximately equal to the yield of zero-coupon bonds maturing at
T. We assume that one GMAB policy is purchased in 2000 and hold until 2010, and the account value

200
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— US 10-year Note Benefit Base

150+

Dollar Armount

100

L . . L . L L . I
2000 2001 2002 2003 2004 2005 2006 2007 2008 2009 2010
Paolicy Year

FIGURE 1.1 — The illustration of the account value over time compared with the US 10-year note.

is invested in S&P 500 at inception. The roll-up rate is set at 6.67%, which is equal to the yield of US
10-year notes in January 2000. All other parameters are the same as those mentioned above. Figure 1.1
plots over time the account value A(f). By comparing the net return of 10-Year bonds with that of the
roll-up GMARB rider, we can see that the roll-up benefit base can not only protect policyholders from
catastrophes in stock market, but also from risks of the persistent decrease of the interest rate '.

1. In fact, the US 10-year bond yield was 6.67% in January 2000, while it was 3.61% ten years later.
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1.3 Valuation of a GMAB with zero lapse

Firstly we establish the general modeling framework to evaluate the liability of GMAB with zero lapse
(European GMAB). From now on, we let ({2, %,F = (%) <1, Q) denote a complete filtered probability
space supporting two independent standard one dimensional Brownian motions W and W+. Here
T > 0 is a fixed time horizon. We assume that the filtration F is the completion of the rough filtration
generated by (W,W+), so that any martingale (Q,F)-martingale can be represented as a stochastic in-
tegral with respect to (W, wH).

During the last decade the literature on pricing variable annuities has evolved, but many evaluation
approaches proposed (e.g. [18, 129]) are still based on the assumption of deterministic interest rates.
Such an assumption is harmless in most situations since the interest-rates variability is usually ne-
gligible when compared to the variability observed in equity markets. While pricing a long-maturity
securities such as VA guarantees, however, the volatile feature of interest rates can have stronger im-
pacts on the liability of GMAB. In such case it is therefore advisable to use stochastic interest rate
models.

In this paper, we assume that the short term interest rate r = (r(¢)) ;>0 is driven by the one factor Hull
and White model, and the underlying asset S = (S(#)) ;>0 in which the account value is invested follows
a Black and Scholes type dynamics, namely :

{ dS() =r(0)S®)dt+aS(t)dW(1r) (L.1)

dr(H)=a®t) - r()dt+o,dZ(t), Z:= (1 -p?) WL + pW

Here, a and o, are positive constants, 0 is a deterministic Lebesgue-integrable function, o is the ins-
tantaneous volatility of the asset return, and p is the correlation > between the account value and the
interest rate. Note that the above financial market is complete whenever S and a zero-coupon bond
with maturity T can be freely traded, and that @ is the only martingale (risk neutral) measure.

For the account value, a charge fee is deducted at a rate o continuously, where a = —log(1 — «). This
means that A(#) evolves according to

dA(t) =(r () — A dt+ oA AW (1) (1.2)

Since (r,A) is a Markov process, the European-style liability VE of a single GMAB rider can be identified
to a deterministic liability function v® by:

VE(0) : v, r(1),A(1) = E}[D! max(A(T), G)|%,] = E? [DT(A(T) + (G- A(]) ") |.F/] (1.3)

where DE represents the stochastic discount factor between t; and 2,

1)
DE :=exp(— r(s)ds) .
5]
Equation (1.3) shows that the European-style liability of GMAB riders can be considered as the sum of
a forward contract of the account value ending at T and a vanilla put with the maturity T and the strike
level G. In the Hull-White interest rate model, this liability value can be easily calculated analytically.

However, it does not always exist some closed formula of the liability value, especially when the early-
lapse premiums are taken into account. Thus in practice, we need to use some numerical methods,

2. For VAs, the correlation is often negative, as most portfolio contains fixed income assets, such as bonds.
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such as PDE or Monte-Carlo based algorithms to evaluate the policies. For GMAB riders, it is some-
times more convenient to price the liability under the so-called forward measure rather than the risk-
neutral measure Q. Because in Q7, we can reduce the number of dimensions of the liability evaluation
problem (1.3) from three to two and the pricing process can be significantly accelerated.

To facilitate the following study, we evaluate the GMAB riders in the forward measure Q™. Firstly, we
introduce the forward value of A(t) at T observed at date ¢, denote by FY(t) = A()/ZY, where Zf is the
price of a zero-coup bond maturing at T. Applying Ito’s lemma to F' (), we get the dynamics of the
forward account value :

dFT (1)

T (V*B3 (1) + pvoB, (w) —a)d t +odW (£) + VB, (1) dZ(t),

where u =T — t is the time to maturity and the function B, () = (1 — e”**)/a. By doing the following
transformations of the Brownian motions from Q to Q™ :

dz(t) — dZ'(t)-vB,(wdt
dW(t) — dW () —-pvB,(wdt (1.4)

we have that, under QT, the dynamics of FT(#) can be written as :

dF' () = —oaF'(Odr+oF ()dWT(t) + VB, (wF (1)dZ (1)
= —aF (ndt+w,F (H)dW' (1) (1.5)

where w? = 02+ v?Br?(u) + 2povBr(u) and W' is a Brownian motion in Q. The results above allow us

to simplify the pricing problem of GMAB riders. Instead of computing the liability under risk-neutral
measure Q (as in (1.3)), we evaluate the forward liability 7E (¢, f)in QT :

vE(t,r(1),A()
T

oE (1, FL (1) := =E® [FT(D) + (G-F' (T)" 1% (1.6)

t

Equation (1.5) and (1.6) show that the European-style forward liability #E can be evaluated by the
following analytical formula :

log(FT(£)/G) —au

75 (1, FL (1) = e ““FT (1) + GN(=dy) — e ““FY (£)N(=d)), dy2= 7

+£ (1.7)
3 .

where ['=4/ OT ! »2ds and N(-) is the cumulative distribution function of the standard normal distri-
bution.

1.4 Valuation a GMAB with rational lapse assumption

In the previous section, we have formulated the pricing issue of GMAB riders under the no-lapse as-
sumption. If policyholders are not allowed to lapse contracts before maturity, the liability of GMAB
riders can be calculated analytically by (1.7). However, in practice we can not assume the lapse rate to
be zero or some other constant, as we observe that the lapse rate does change significantly in different
market conditions (equity market and interest rate level) and this fluctuation of lapse rate has notable
impacts on the liability value and insurer’s hedging strategy.

As explained in the introduction, we consider the pricing problem of liabilities with lapse options
as the valuation of a Bermudan-style contingent claim, see [42]. Because the rational lapse strategy
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discussed here are similar with the optimal early-exercise strategy of classic Bermudan options. We
assume that the policyholder can lapse the contract at the end of each policy year, noted as t;, i =
1,2,...,N, where ty = T. According to the definition, we have

vB(T, r(T),A(T)) = max(A(D),G) (1.8)
vB(ti—, r(ti-),A(t;=)) = esssupy g ERDI'A(T)) + Lir,—1yD] max(A(T),G)|F ] :
where 97 is the set of all stopping times taking values in {t;, t;+1,---, T} and T1; denotes the stopping

time of the rational lapse strategy since time ¢;. According to the assumption, the policyholder is not
authorized to lapse the contract between two purchase anniversaries t; and ¢, so the process VB of
the liability should evolve in the same way as VF for ¢; < t < t;,1. Applying the fact that () and A(?)
are all Markov processes, we have,

Vi<N, vB(t,rt),A) =E¥ DM 0B (10—, 7 (tie1-), At ) Fy,] (1.9)

Similarly with Bermudan-style options, at discrete time points ¢;, the policyholder is supposed to com-
pare the account value with the value of the liability to decide whether lapse or not. If the account
value is bigger than the liability, policyholders surrender the contract and get back A(z;). Otherwise,
they continue to hold the policy. That is to say, at time t;, the Bermudan-style liability should evolve
as following

VB (8-, r(t;-),A(t;-)) = max(A(f;), vP(t;,7(t:),Al:))) (1.10)

Equation (1.10) reflects the fact that the liability before the annuity payment is equal to the greater of
the current account value A(z;") and the value of continuation. To simplify the pricing process of the
Bermudan-style liability, we can calculate the expectations under the forward measure Q' instead of
the risk neutral measure Q. That is to say, we write (1.10) as

VP (6=, r(6i-),Ati-)

o2 (ti— Fl () = max(F' (£;), 7°(¢;,F'(£:)))

Z
= max(F (1), E¥ [0% (L1, F (£141-))1F,)) (1.11)
where the boundary condition at maturity is
7% (T, FT (D) =F'(T) + (G-F'(T)* (1.12)

Another important issue related with the evaluation problem of the Bermudan-style liability is the de-
termination of the rational lapse strategy to be followed. As the benefit base G is fixed at inception,
according to (1.11) and (1.12), we have that B (¢, f) is a convex, nondecreasing function of f. In ad-
dition, it is also a positive function on (t, f) € [0,T) x [0,00), for #8(¢, f) > #E(¢, f) > 0. Finally, for the
charge fee a >0, (1.11) and (1.12) also imply that limfaoo(f— ﬁB(ti, 1)) > 0. It follows from the previous
arguments that, for each t € {tg,---, t;,- -, ty+1}, there exists a real number f*(¢;—),

0< f<f*(;=) = 8- f)>f (Not Lapse)

f 2 f*(tl_) = ﬂB(tl‘—,f) :f (Lapse) (113)

In this paper, f*(¢;-) is referred to as the "critical forward account value" since the policy should be
lapsed as soon as the forward account value increases to this level at time ¢;. As it is shown by (1.13),
thanks to the change of measure, the critical boundary here depends only on the forward account va-
lue, rather than on both the interest rate and the account value level. However, it is not always possible
to do this kind of simplifications when we evaluate Bermudan-style options, because sometimes the
intrinsic payoff (such as f for #®(t, f)) is not a linear function of the underlying (e.g. American vanilla
options).
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The objective now is to evaluate the liability #® and the critical boundary f* of a single GMAB rider.
Although many analytical approximations exist in academy literatures, see [129], most of them are not
sufficiently precise due to the long maturity property. In the present paper, we propose two numeri-
cal methods : PDE and Monte Carlo schemes (see Appendix C for the description of the numerical
schemes and numerical tests for the results), to calculate both the Bermudan-style liability v® and
the critical lapse surface. As we have mentioned at the beginning, the PDE method is precise for low-
dimensional problems (< 3), while the Monte Carlo is more efficient when there are more than three
dimensions in the pricing problem (e.g. multi-asset account value or stochastic volatility models).

1.5 Life insurance policy pool

The analysis above is focused on the rational lapse strategy and the no-arbitrage value of a single
GMAB policy. The liability v®, which takes into account the lapse risks, allows the insurer to hedge the
uncertain customer behavior no matter what the lapse strategy of the policyholder is. But in practice,
the insurers often need to estimate the lapse risks of a pool of life insurance policies, and in this case,
the lapse strategy can be represented by the frequency p(¢;) of the policies that are early terminated
at time f;, see [3]. Actually, the common sense and experience tells us that not all policyholders will
lapse the contract at the same time, so we need to slightly change the function p(¢;) to estimate the
real lapse rate of a policy pool.

For a pool of GMAB policies, we denote by p(t;) the proportion of lapses at date #; among the contracts
still active in the pool. According to the rational lapse strategy, we can express p(t;) as a deterministic
function h of the forward account value F' (£;), that is h(F" (£;)) = L{gr(;,)> + (1, This lapse function
implies that once F' (¢;) touches f*(;—), all policyholders lapse the contract and otherwise everybody
hold the policy.

Inspired by the mortgage prepayment models, see [137], and evaluation approaches of surrender op-
tions for other life insurance products, see [3], we assume that & is a nondecreasing piece-wise linear
function of the variable F' (¢;). When F' (t;) < f*(t;—), the lapse rate is not zero due to policyholders’
personal circumstances (including liquidity and death), which is independent of financial conside-
rations. These "irrational" lapses are analogous to noneconomic prepayment on low-rate mortgages.
While when FT(ti) > f*(t;—), some rational lapses never occur, and a reasonable specification of p(t;)
may be illustrated as that in Figure 1.2 :

Rational Lapse Rate
Reasonable Lapse Rate

o

pit)

it

P
mg\ w

0 P F

FIGURE 1.2 - Comparing the rational lapse function with the reasonable lapse function.

The four parameters Fy, F2, Ppin and P are determined by insurers according to some empirical
tests. To be consistent with the rational lapse assumption, F; should be very close to f*(¢;) and Ppax
should be set high enough (normally > 50%). Under the reasonable lapse assumption, once the cri-
tical lapse level and the reasonable lapse function are determined, the GMAB liability can be simply
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evaluated as an European-style option, see [3]. However, it is worthy to mention that, unlike the ratio-
nal lapse approach, the reasonable lapse assumption makes the insurer partially exposed to the risk
of lapses in the future.

1.6 Numerical tests

In this section, we use two numerical methods (PDE and Monte Carlo) introduced above to evaluate
the Bermudan-style liability of one standard GMAB policy. Our final results show not only the consis-
tency between these two methods, but also the efficiency and precision of both methods. In addition,
the option value of GMAB (defined later), the forward delta and the "critical boundary" found by these
two methods are also compared.

For the tested policy, The account value is supposed to evolve according to Hull-White model, where
the principle model inputs are listed in Table 1.1. The initial equilibrium short-rate curve 8(¢) is sup-

TABLEAU 1.1 — Hull-White Model Inputs

o o 0 a or
0.2 0.02 0.02 0.03 0.01 0

e

posed to be flat (8 constant) and the short rate at inception is denoted by ry. All other parameters of
product properties will be clarified later.

For simplicity, we also assume that the policyholder is alive at the maturity of GMAB policies. Although
we are focused on the liability of a single policy in the following numerical tests, the methodology we
propose here can be easily extended to evaluate a GMAB policy pool by adding up policies of different
maturities with a proper weight indicated by mortality rate assumptions.

1.6.1 Bermudan-style GMAB Liability

Firstly, we calculate the liability of a standard GMAB policy. The principle product parameters are lis-
ted in Table 1.2, where the charge fees rate is o = 2%, the maturity is 10 years and the benefit base,
fixed at inception, is 100$ for one policy. For simplicity, we assume that the policyholders are allowed
to lapse the contract only at one specific date of each policy year.

Figure 1.3 shows the forward Bermudan GMAB liability #®(¢, f) computed by the PDE scheme for dif-
ferent forward account values through time. In addition, the intrinsic value of GMAB policies, which
is equal to the instantaneous forward account value, is also recorded in Figure 1.3. It is worthy to
mention that at the dates when lapses are allowed, once we have o8 (1, f) = f for f big enough, poli-
cyholders should lapse the contract immediately. This phenomena is consistent with our intuitive, as
the higher the account value is, the less the GMAB guarantees worth and the more likely that policy-

TABLEAU 1.2 — Product Parameters of the GMAB Policy

« G T Lapse Date Frequency
2% 100% 10 years 1/year

holders lapse the contract and get back the intrinsic value immediately.
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time points.

all exercisable dates.

To be further protected from potential lapse waves or other financial risks, the insurers can charge the
policyholders an up-front fee, which is equal to ZE(I?B (0, fo) — fo) (the difference between the liability
and the asset), to make sure the balance sheet is in equilibrium at inception, see [35].

Figure 1.4 shows the early lapse premium (the difference between #® and i#*) calculated by the PDE
scheme. In this figure, we observe that the Bermudan liability is almost equal to the European-style
liability when the account value falls to very low levels. Because in this case, the probability that poli-
cyholders lapse the contract before the maturity is extremely small. While when the forward account
value increases to very high levels, the early lapse premium grows almost linearly with f. This is due to
the fact that when f > f*(1), #%(¢, f) = f and #5(¢, f) = e~ . Finally we observe that, like other
Bermudan contingent claims, the early lapse premium of GMAB policies reduces gradually to 0 at the
expiration date.

1.6.2 Option value of the GMAB policy

Firstly, we define the forward option value, denoted as w®(t, f), of the Bermudan-style GMAB policy,
wP(t, )= 0°(t, /) - f (1.14)

The notation @w® implies that the option value has many similar properties as a vanilla put 3, see Ap-
pendix B. In fact, WB(t, f) can be simply interpreted as the difference between the liability #5(¢, f) and
the asset f of GMAB policy issuers. That is to say, (¢, f) is the option that the insurers should repli-
cate in practice.

In Figure 1.5, we provide the numerical results obtained by the PDE scheme for different forward ac-
count values and different dates from the inception to the expiration of the policy. In this figure, we
observe that the forward option value wB (e, f) evolves similarly as a vanilla put, see Appendix B. In
addition, when the forward account value is significantly higher than the critical lapse boundary, the
option value becomes negative between two discrete exercisable dates. This is due to the charge fees
that policyholders are obliged to pay to insurers.

3. For European GMAB policies, we know that the option value is in fact a vanilla put (see (1.7)).

33



CHAPITRE 1. FINANCIAL RISK MANAGEMENT AND THE RATIONAL LAPSE
STRATEGY IN LIFE INSURANCE POLICIES

. \\\\\\\\ \\\\\\ [ e S Wy : <; HOR (51)
.
ol \\\\\\\\\\\\\\\\\\\\\\\\\ |

PR -
FRR

100

0

60

a0

Ao

OF e

Option Yalue of the GMAE Policy ($)
&

Option Value of the Bermudan GMAB policy ($)
.
=]

10 TIRE
H @
Db B B o]
E Time (years) i 50 100 120 200 250
Forward Account Value (§) Forward Account Valus )
FIGURE 1.5 — The forward option value () FIGURE 1.6 - Comparing the numerical re-
of a standard GMAB policy for different for- sults of the option value (0, f) computed
ward account values and dates from the in- by two different methods : PDE and Monte
ception to the expiration of the policy. Carlo.

Figure 1.6 compares the numerical results of (0, f) computed by two methods : PDE and Monte
Carlo. For the Monte Carlo method used here, we simulate 10,000 scenarios with the step length of 0.1
year. To evaluate 102 (¢, f) in this example, the average computing time of Monte Carlo method is about
1 to 2 seconds. Figure 1.6 shows that the prices calculated by Monte Carlo-S1 method is consistent
with the results of PDE method.

We also compare the numerical results of the forward delta of the option value computed by PDE
and Monte Carlo-S1 in Figure 1.8. We observe that the forward delta jumps up to 0 very quickly when
f approaches to the critical boundary. This is easy to understand, as in this case all policyholders
are supposed to lapse the contract and the insurers have no more need to hedge their liabilities. For-
tunately, this difficulty of hedging lapse risks near the critical boundary can be partly overcome by
diversifying the portfolio of GMAB policies (e.g. different maturities and benefit base levels).

Figure 1.9 compares the critical lapse boundary for different discrete dates computed by the two me-
thods introduced above. We observe that the numerical results of Monte Carlo method becomes more
and more instable from the expiration to the inception of the policy. This is because of the accumula-
tion of pricing errors caused by linear regressions backward through time.

In summary, we find that in our specific example here, the PDE method is faster and more precise,
especially for f nearing the critical boundary, than Monte-Carlo based methods. In addition, this me-
thod can calculate the price and other important Greeks for different f and ¢ at the same time. Ho-
wever, compared with the PDE method, the Monte Carlo method is much more flexible and easier
to be implemented. Moreover, unlike PDE based methods, the Monte Carlo method can be extended
to other high-dimensional problems, such as path-dependent payoffs, stochastic volatility models or
basket account values, see [35, 37] .
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1.7 Conclusion

In this paper, we introduce a framework to evaluate the liability of GMAB polices under rational lapse
assumption. We study in full details not only the financial sensitivities, but also the rational lapse stra-
tegy of GMAB products in the stochastic interest rate model. Two numerical methods, the PDE and
Monte Carlo, are implemented to price the policy and also to determine the critical lapse boundary.
Moreover, we find a semi-analytical formula to approximate the lapse premium of the GMAB. Inspi-
red by the rational lapse assumption, we finally introduce the reasonable lapse assumption to help
insurers to measure the lapse risks of a policy pool.

Appendix A : American-style GMAB

To the best of our knowledge, there is no closed formula to evaluate the Bermudan-style liability
78(¢, f). However, we can use some semi-closed formulas to approximate the liability if we assume
that the policyholders can lapse the contract at any time. In this case, we denote the GMAB liability as
#(t, f), which is in fact an American-style contingent claim.

In the past twenty years, many analytical approaches for evaluating American-style options in the
Black-Scholes model are published, such as [15, 28, 46, 107], etc. However, most of them are not
flexible for different payoff functions. In this paper, we find that the BAW and JZ approaches, see [15]
and [107], can be extended to estimate i"*(t, f) in the one factor Hull-White model. Numerical tests
show that these two approximations are efficient and precise for GMAB policies with 20 years maturity.

35



CHAPITRE 1. FINANCIAL RISK MANAGEMENT AND THE RATIONAL LAPSE
STRATEGY IN LIFE INSURANCE POLICIES

Firstly, we show how the BAW method can be applied directly to estimate the American-style liabi-
lity A (t, f). Itis obvious that 7 (t, f) is the solution of (1.29),

ot Lot wip TP

Er —-C of + 2 af2 = (1.15)

and is subject to the boundary conditions #*(t—, f) =max(f, #(t, f)) for 0 < t < T. The key insight of
BAW approximation, see [15], is that if both American options and European options are solutions of
(1.29), then the early exercise premium (¢, f) of GMAB policies, which is equal to #(¢, f) — 7% (¢, f),
is also a solution of (1.29). Defining 1 =T — ¢ and changing the variable of y from ¢ to 1, we have that
Y (1, f) is the solution of the following equation,

_%_ 8\V 1 w2 @:0 (1.16)

of f 2T of? )

In practice, it is very difficult to find the solution of (1.16) analytically. So the authors of [15] developed
an approximation method to estimate y (1, f).

According to the BAW method, the early exercise premium can be approximated by the function
v (T, f) = h(Du(h, f), where h(t) =1 - e 8" (numerical tests show that g = —log(Z?)/‘r could be a good
choice) and u(h, f) is a function to determine. Replacing y(t, f) by w(t, f) in (1.16) and neglecting the

term Ou/0Oh, we have : 02
ge‘gT 1 u
U ey g (1.17)

of 2 8f2
The general solution u(h, f) of (1.17) is:

w2+2c+ \/(m% +2c)2+8ge 8Tw2/h(1)

2
2m7

u(h,f) ZAlf)\1 +A2f)\2, where )\1’2 =

As Ay < 0 while the early exercise premium is worthless when the asset price drops to zero, the coeffi-
cient A, must be zero. Thus when f < f*(¢) at time t, the American-style liability can be approximated
by :

~A ~ ~E M

7t =07 (8 )+ h(DALf (1.18)

It remains the coefficient A; and the critical forward account value f*(¢) to find. In fact, (1.13) implies
that at f* (), 9*(t, f*) is equal to the forward account value, that is

£ =05 F 0)+ h(AL f* (M (1.19)

and the slope of the exercisable value, which is the forward account value, is set equal to the slope of
77(t, ) at £* (1), that is,

o (1, f)
of
Solving (1.19) and (1.20) by the algorithm of Newton-Raphson, see [15], we can find both f*(f) and A;

attime .

1= |l p=f+ (0 + ROMALF* (M (1.20)

The numerical tests show that the pricing error of BAW method is tiny if the forward account value
f is not too small. However, when the GMAB policies are deep in the money, the BAW approxima-
tion becomes less precise. To improve the precision in this case, we extend the method developed by
Ju and Zhong (JZ method, see [107]) to our specific evaluation problem here. In fact, the authors of
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[107] proposed to add a perturbation term to the function Wy (, f) to improve the precision of the early
exercise premium. This corrected function, denoted by v j»is defined as::

VT, ) =0 +elh, Mu(t, =0 +elh, MHh@uh, ) (1.21)

where e(h, f) is a function to determine. Replacing y by y; in (1.16) and applying (1.17), we obtain an
equation for e(h, f) at time 0,

L AL f@—Cfu)@+ S0t fu i (1.22)
ot Oh a1 Oh RARCTE '

After a series of approximations, see [107], we get the corrected approximation to the American-style
liability #(¢, f)
o, )~ 05 (L ) + L
' ' 1-bx2—ax f*(t)

where x =log(f/f*(¢)) and a, b, ¢ and d are four parameters to be determined by (1.22). Figure 1.10
compares the American liability v computed by (1.18) and (1.23) with the numerical results of PDE

(1.23)
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scheme *, which is considered as the benchmarks here. We observe that the approximation methods
are precise for a wide range of initial account values.

In addition, we find an empirical relationship between the Bermudan GMAB liabilities and the Ame-
rican ones, which can be simply written as

At
V30, ) = v, /) - (0, ) - vE (O, m= (1.24)

where T is the maturity and At is the interval between two exercisable dates of Bermudan GMAB liabi-
lities. Figure 1.11 verifies the empirical approximation (1.24) by the numerical results of PDE scheme.
In fact, our numerical tests show that (1.24) is also applicable for other long-term Bermudan contin-
gent claims (e.g. vanilla puts with maturities longer than 5 years).

Appendix B : Option value of GMAB policies

4. In this numerical test, the discrete time step of the PDE scheme is 0.01 year.
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The forward option value @®(t, f) of GMAB policies, defined by (1.14), is what the insurers should
replicate in practice once they write GMAB contracts. According to the definition, we can decompose
wB(t, f) into two parts :

B, =8, - F=10%t l—e T fl-A-e O f (1.25)

For simplicity, we define Bz, = o8 (t, f)—e T f. Applying (1.11), it is easy to verify that ﬁB(ti - FT(ti -))
evolves as

max((1—e *“T"E (s, @B, Fr (1))
max((1 — e TN ET (1), B (@B (41— F (101-)1F,, 1) (1.26)

i (-, F (£;-))

and at the maturity, we have @ (T, F' (T)) = (G- F!(T))". Therefore, we can interpret #15(z, f) as a Ber-
mudan put option with the exercisable value (1 — e~ ") f at dates #;. Some insurers call aB(t, f) as the
forward value of claims, and (1 —e™*") f as the forward value of charges, for this term is in fact the
expectation of forward charge fees insurers can receive if the policyholder holds the contract to the
maturity. According to (1.25), the forward option value w5 (¢, f) is equal to the difference between the
forward value of claims and the forward value of charges.

Appendix C : Numerical schemes
It follows from the definition of the forward Bermudan-style liability V() with an optimal stopping
time 1 € {1, f»,- -, T}, that the process of the forward liability VB (1) satisfies the backward program-
ming equation, for0< #; <T

~ T ~

VB (=) = max{F" (1)), BV [V® (£11 )| F,- 1} (1.27)
and at the maturity, we have VB(T) = max(G, F¥ (T)).
Thanks to the martingale property of VB on the interval [f, T i), wehaveforO<t; <T,

VB(t;-) =E? [F' () + 15,1y max(G, F' (1)) |7, (1.28)

where the optimal stopping time 1; is defined as : 1; :=inf{t; > t; : VP (1;—) = F' (r;-)}.
To the best of our knowledge, it is difficult to find precise analytical formulas to evaluate the Bermudan-
style contingent claims in practice. In this paper, we extend the traditional semi-analytical methods,
see [15, 107], to estimate the spot Bermudian-style liability #%(¢, f) of GMAB polices, see Appendix A.
However, the approximation method introduced here is not as flexible as numerical approaches, es-
pecially for high dimensional problems. Thus in most cases, we need to use numerical methods, such
as PDE and Monte Carlo, to calculate the Bermudan liability 7B (t, .
1. PDE scheme
In this paper, we transform the evaluation problem (1.11) of Bermudan-style liability #5(¢, f) into a
free-boundary partial differential equation, for which #8(z, f) is the solution. For GMAB policies, the

Bermudan-style liability #®(¢, f) is represented as a function of two variables : the time ¢ and the for-
ward account value f. Applying It6’s lemma and the martingale representation theorem together, we
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know that the liability #®(t, f) is the solution of a one dimensional PDE. By adding the free-boundary
constraint implied by equation (1.11) to this PDE, we have
o o wi_f* PP

o Yy T T e

=0 (1.29)

on{(t, f):ti-1 < t<t;, f >0}, subject to the boundary conditions at time points 0 < #; < ;4]
75 (ti—, f) =max(f, 7°(t;, ) (1.30)
and at the maturity T, we have
73(T, f) = max(f,G) (1.31)

On each of the intervals [£;_, t;), the PDE (1.29) can be calculated numerically by using the Crank-
Nicolson method, see [59], for f € [0,F), where F is the upside boundary of the numerical solution.
While at discrete time points ¢;, the critical lapse surface f*(t;) can be easily found by the free-boundary

constraint indicated in (1.30). On the boundary, we impose the zero-convexity conditions® :

~B

14
75(t, ) | r=0=G; 8—fz|f:F=0

In fact, according to [14], the precision of the final solution is not very sensible to the error on boun-
daries if the solution domain of parabolic equation is large enough. So in most cases, the practitioner
can choose other boundary conditions instead of those we propose here .

2. Monte-Carlo scheme

The liability VB(0) is estimated as the conditional expected value of the forward liability based on
Monte-Carlo simulation.

The forward liability satisfies two conditions :

— the backward programming equation :

VB(£;,—) = max{F" (¢;), E¢' VB (t;11-)F, -1 (1.32)
VB(T) = max(G, F (1)) '
— the martingale property of V® on each [t, ;) traduced by :
VB(1;=) =B [F' (1)) + Lz, 1y max(G, F' (1) 7, 1.33)
% =inf{t; > 1;: VB(5;-) =F' (1;-)} '

As pointed out in [37], these equations ((1.27) and (1.28)) lead to two algorithms, referred to as S1 and
S2 hereafter.

The first algorithm S1 computes the optimal stopping time to lapse in three steps :

1. Simulate N discrete scenarios of the forward account value, denoted as F*®) (0 <i<n+1land
0 < k <N), according to (1.5).

5. This assumption is based on the fact that the gamma of the liability is small on the boundary.
6. Inthe specific case here, the first or second order derivative boundary condition is preferred to the Dirichlet condition.
As the latter could lead to significant errors on the boundary.
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2. Set the forward Bermudan-style liability at maturity for each scenario : \7?1(]’“) (T) =FT(T).

3. Apply (1.27) from t,, to tp. Fori=nto0:
ifF'® ) <B: VP (6-) =V (6121-)

. ~ ~ 0T .~
i FT0(6-) > B: VO (4-) = maxF" O (15, BY (V) (61 )IF" 0 (1))

(()k) as the first time for the

From step 3 of scheme S1, we can identify the estimated rational lapse time T
k-th scenario where the liability equals the account value. Once Ték) is recorded for each path, we can
estimate the Bermudan-style liability by scheme S2 where we regress the cash flows on a set of basis

functions .

This latest computes the corresponding liability following four steps :
1. Simulation : Use the same N simulated scenarios as in S1.

2. Initialization : Set the rational lapse time 70— the1, for0O< k <N.

0
3. Backward induction : For i = n to 0, ’ri.k) =ilypeg,) + Tgﬁ)ll{(k)eglq}. (where £; := {(k) :Vﬁgk)(ti—) =

FI®) (7;-)} and £¢{(k) :vﬁg’@ (£;—) > FY® (£;-)} its complement)

4. Price estimator at 0: Vi, (0) := § T3, [ (70) + L0y max(G, FT 0 (D))].

In [37], the authors find the following relation with the two estimators \7?32] and \7[31] computed above :
7B 7B 7B
E[V(;,0)] < V7 (0) < E[V[;,(0)] (1.34)

In the numerical tests in the section below, we calculate both Vﬁ] (0) and \7& (0) to construct confi-
dence intervals [\73] (0),\75] (0)] for the true value VE(0).

Appendix D : Linear regression vs global polynomial regression

We now introduce the scheme used to calculate the conditional expected value of continuation for
scenarios such that FT®)(;—) > B. Here we use the local linear regression approach proposed in [37]
to calculate this value, as opposed to the global polynomial regression method developed in [120]. The
reason for this is that the latter can lead to some instability in the regression process for high dimen-
sional and long maturity problems, see [37].

For our specific problem, we have only one dimension : the forward account value F'. The idea is
to use, at each time step t;, a set of functions v 4 having local hypercube supports D;, where the space
is cut into I regions, [ = 1 to I and {Dg} is a partition of [ming-; xy FT® (¢;), max -1y FT® (£,)]. The
index (-)®®) denotes the k-th simulated scenario. On each support D;, we define a linear function ¥;
with 2 degrees of freedom, which are represented by a constant and F'. Our goal now is to regress the
future cash flow of liability on the function ¥; to estimate the relevant conditional expectation. The
two regression basis of ¥;, noted as (W), y;) "

For simplicity, we define the function GN(t;,FT(¢)) as the conditional expectation at time ¢;, we have :

GNB: GN(1;—, FT®) (1)) =9 [V, (fi1— F (1151 -DIE™ (1)1

7. The two regression basis correspond to the constant and the forward account value.
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where Fll.\l(k) is the conditional expectation associated with the k-th path at time ¢;. In the context of
S1, the numerical procedure to calculate Gll.\l(k) reads as follows :

Scheme S, : estimator of Gli\l(k) (0 <i < n) with regression :
1. At time t;, realize a quick-sort of FT®®(t;) for N scenarios and identify the support D; of the
functions ¥; so that each support contains approximately the same number of scenarios.
2. For each scenario 0 < k < N, set the three regression basis of ¥; :(y9,y}), where y9() = 1,
wEE(-) =F'® ().
3. On each support Dy, regress {Vﬁ(]k) (ti+1-)}k<n on ;. In other words, for V1, we calculate the co-

efficients (a?, a}) that minimize ¥§_| [V} (£;,1-)- X1, ooy (-9) 2, and set GV =y} o oy (FTR) (1)),
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Chapitre 2

Optimal behavior strategy in the GMIB
product

Abstract—This chapter falls within the scope of quantitative studies done at AXA Group Risk Manage-
ment. It focuses on a variation of the guaranteed minimum income benefit with and without a death
benefit. This variable annuity rider offers the policyholder the possibility to convert the benefit base
into annuities for life. The income rate is fixed by the insurer at inception, depending on the insured
age at election. From the insurer’s point of view, this product embeds the policyholder "optimal beha-
vior". In this chapter we study such behavior from the policyholder’s perspective who maximizes the
expectation of his future cash flows. We develop this analysis in a dynamic programming framework.
Using convenient scaling properties of the contract value, we reduce the dimension of the problem.
We policyholder’s decision as a function of the contract moneyness. Furthermore, we analyze the sen-
sitivity of the product to different drivers like the volatility, interest rate and roll-up rate. In particular,
we find that the contract is usually underpriced under optimal behavior.

Keywords : GMIB; Variable Annuities; rational behavior; optimal withdrawals; PDE; dynamic pro-
gramming.

2.1 Product description

Guaranteed Minimum Income benefit (GMIB) product appeared in the market in 1996. This guaran-
tee enables policyholders to make annual partial withdrawals (typically 4% to 7%) of their guaranteed
protection amount and ensures an analogous percentage of the GMIB benefit base for their entire
lifetime, no matter how the investments in the sub-accounts perform. It combines longevity protec-
tion with withdrawal flexibility, hence it is seen as a "second-generation” guarantee. The guarantee
can concern one or two lives (typically spouses). Each annual withdrawal does not exceed some maxi-
mum value, but it is evident that the total amount of withdrawals is limited only to the exhaustion of
the client’s account value. Annual withdrawals of about 5% of the (single initial) premium are com-
monly guaranteed for insured aged 60+. In case of death, any remaining fund value is paid to the insu-
red dependents. To satisfy the new needs of an ageing population, insurance companies have started
offering a lifetime benefit feature with GMIB.

While the GMIB product was defined in the introduction, its form Retirement Cornerstone® com-
mercialized by AXA will be explained and illustrated in this section.
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2.1.1 Retirement Cornerstone

Retirement Cornerstone® is a long-term GMIB-type product designed for retirement purposes. This
deferred variable annuity is commercialized by AXA Equitable life insurance company in the U.S. since
2011. It offers tax-deferred growth potential and living and death benefits as optional features.

Benefit Base and partial withdrawals

To describe the benefit features of this GMIB clearly, some key terms must be addressed : GMIB benefit
base and guaranteed withdrawal amount (GWA).

— GMIB benefit base: The GMIB benefit base is an amount used to determine the guaranteed an-
nual withdrawal amount and lifetime payments. The GMIB benefit base is created and increa-
sed by allocations and transfers to the account value, as well as annual withdrawn amounts. This
percentage is know as roll-up rate and deferral roll-up rate. It must be noticed that the GMIB be-
nefit base is a "fictive” amount, i.e., it can not be considered as an account nor cash value, only
as a reference in the computation of lifetime payments and guaranteed withdrawal amounts.

— (Annual) guaranteed withdrawal amount (GWA) : The "annual guaranteed withdrawal amount”
is the withdrawal amount suggested by the insurer. It is equal to the annual roll-up rate in effect
on the first day of the contract year, multiplied by the current benefit base. It is also the maxi-
mum amount upon which the benefit base is reduced without penalty, in contrast to excess
withdrawals.

In Table 2.1, we illustrate a concrete example of the calculations of a GMIB benefit. BB designates
the benefit base and AV refers to the account value. The contract initial premium is $100,000. The
policyholder does not make any withdrawal till the 6th contract year and once he/she does, all with-
drawals stay within the boundaries of the GWA. Therefore, the GMIB benefit base does not diminish.
The effect of excess withdrawals will be discussed later. Till the 5th contract anniversary, the defer-

Deferral/ Percentage of GMIB BB
Year Roll-up rate GMIB BB WA GMIB BB after withdrawal

0 - $100,000 $0 0% $100,000
1 4.8% $104,800 $0 0% $104,800
2 4.3% $109,830 $0 0% $109,830.40
3 5.2% $114,553 $0 0% $114,553.11
4 5.4% $120,510 $0 0% $120,509.87
5 5.0% $127,017 $0 0% $127,017.40
6 4.7% $133,368 | $6,268.31 4.7% $127,099.96
7 5.2% $133,368 | $6,935.15 5.2% $126,433.12
8 5.4% $133,368 | $7,201.89 5.4% $126,166.39
9 6,0% $133,368 | $5,334.73 4,0% $128,033.54
10 7.3% $136,036 | $5,441.43 4,0% $130,594.21

TABLEAU 2.1 — GMIB benefit base evolution for an allocation of $100,000 with partial withdrawals that does not
affect the value of the guaranteed account.

ral roll-up rate is used to calculate the amount that is credited to the benefit base each year since no
withdrawal has been made. For example, the GMIB benefit base in the 5th year is computed by ta-
king the value of the previous year and adding the corresponding 5%, i.e. $120,510+5.4%x$120,510
=$120,510+6,507.54=127,017.54.
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Once the client proceeded to his/her first withdrawal, the roll-up rate determines the evolution of
the GMIB benefit base and the annual GWA. If the maximum guaranteed quantity is withdrawn, the
benefit base remains unchanged, as shown in years 6 to 9, i.e. the same quantity withdrawn from the
benefit base is added by the roll-up amount. In case of withdrawing less than the annual GWA, a grea-
ter value for the benefit base is obtained. In the 10th year, the policyholder only withdraws 4 % of the
GMIB guaranteed value. Consequently, the benefit base becomes $133,368-$5,334.73+$133,368x6.0%
=$128,033.54+$8002.08=$136,035.62.

The step-up option enables the policyholder to reset the guaranteed withdrawal balance to the cur-
rent higher account value when investment performance is strong. By choosing to reset the benefit
base, the policyholder is able to increase the total benefit amount and the annual guaranteed with-
drawal amount. The option may reduce the inflation effect on incomes when the account value goes
up and the step-up option is available. Accordingly, the period over which lifetime payments can be-
gin is extended of 10 years. Nevertheless, at policyholder’s 95th birthday, the lifetime payments are set
to automatically begin no matter how many times the reset option has been chosen. In Figure 2.1 we
illustrate the evolution of the protected account value, and the different options for the GMIB benefit
base. The contract is issued at the policyholder’s 50th birthday. Partial withdrawals from this annuity

400.000

350.000 Ratchet Benefit Base
——Roll-up Benefit Base

——Reset Benefit Base

——Account Value

300.000

250.000

200.000

US Dollars

150.000

100.000

50.000

FIGURE 2.1 — Behavior of the account value and the different options for the GMIB benefit base when no with-
drawals have been performed.

contract are taxable as ordinary income and, if made prior to age 591/2 may be subject to an additional
10% federal tax and withdrawal charges. All amounts invested in an annuity’s portfolios are subject
to fluctuation in value and market risk, including loss of principal. The account value may be redu-
ced due to fees and charges such as operations and sales charges, administrative fees, and optional
benefits additional charges.

Fees and charges

The fee structure has an impact on the GMIB price. The GMIB charge is deducted from the contract
value periodically. It is usually presented as a percentage of the current account value, although it can
also be a percentage of the initial premium, a percentage of the remaining guaranteed benefit amount,
or the greater of these two. The annual charge ranges for Retirement Cornerstone® is comprised bet-
ween 20 and 75 basis points depending on the nature of the benefit.
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Lifetime payments

Lifetime GMIBs provide guaranteed annual income until death. Policyholders are also able to access
potentially increased account values, and control the asset allocation in ways that the traditional va-
riable annuitization normally does not allow. Lifetime GMIBs usually have two options : single life or
joint spousal life. For the single life option, the benefit payments end at the death of the person cove-
red. For the joint spousal life option, the benefit payments end when the remaining spouse dies. The
fee rate for the single life option ranges from 25 to 55 basis points, while the spousal life option tends
to be 10-20 basis points higher.

For the single life option, a spouse continuation option is available upon the first death with the same
charge, but the account value and the benefit amount may be adjusted. For the joint spousal life,
there will be no recalculation of the benefit amount when the first death occurs. The annual benefit
payment amount is a percentage of the initial guaranteed benefit amount. The older the policyholder
is, the larger the value of the lifetime payments will be. For example, the guaranteed factor to compute
the lifetime payment for the legacy product Accumulator 7 is 5.3% if the annuity starts at age 73 and
7.1% if the attained age is 83. The factor used to compute the lifetime payments is given by the insurer
and depends on the policyholder’s age at inception.

Annual lifetime payments in GMIB products begin as follows :
() The next contract year following the date the account value falls to zero.
(ii) The contract date anniversary following the policyholder’s 95th birthday.
(iii) The policyholder’s election to exercise the GMIB.

Similarly to GLIWB product, GMIB is subject to a waiting period which begins on the date when the
account value is first fund, and it ranges from 10-15 years depending on the policyholder’s age.

If an excess withdrawal, i.e. withdrawal superior to the guaranteed withdrawal amount, reduces the
account value to zero, the GMIB will be terminated. Even if an excess withdrawal does not cause the
contract to terminate, it can greatly reduce the GMIB benefit base and the value of the benefit since it
is done in pro rata basis.

In Table 2.2 cash flows for a maximum annual guaranteed withdrawal strategy are shown. The current
and guaranteed factors ! are illustrated for the case of a 60 year old male that acquires the contract in
2016. These factors take into account the age of the policyholder when the contract is issued, his/her
gender and probability of survival. In the particular case of the current annuity factor, the market
interest rates play a key role. A constant net return of 3 % and fees of 4.5% has been considered to
facilitate comprehension. The factors need to be recalculated when they are faced to changing market
interest rates.

In the case illustrated in Table 2.2, the policyholder takes the annual guaranteed withdrawal amount
till his account value turns to zero at age 76. At that moment, lifetime payments begin and the ow-
ner of the policy faces two options : to annuitize the GMIB benefit base or the account value. Annual
payments will be based on the guaranteed or current factor depending on the policyholder’s choice.
This is possible till the client’s 85th anniversary, otherwise he will lose the possibility to transform the
contracts benefit base into annual income payments. In the described scenario and taking the dis-
count factors into account, the policyholder will obtain $86,981.33, meaning he will not recover the

1. The current (resp. guaranteed) factor is the annual income rate when the income benefit is based on the account value
(resp. benefit base).
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Contract AV Roll-up WA GMIB BB GMIB | Current | Annuitization | Annuitization | Lifetime
Year rate factor | factor BB AV payments
0 $100,000 $0 $100,000 4.2% 5.4% $4,204.79 $5,367.16 -
1 $99,500 6% $6,000 $100,000 4.3% 5.5% $4,269.15 $5,444.66 -
2 $93,032.50 6% $6,000 $100,000 4.3% 5.6% $4,336.57 $5,193.53 -
3 $86,597.34 6% $6,000 $100,000 4.4% 5.7% $4,407.24 $4,935.07 -
4 $80,194.35 6% $6,000 $100,000 4.5% 5.8% $4,481.31 $4,668.45 -
5 $73,823.38 6% $6,000 $100,000 4.6% 6.0% $4,558.97 $4,392.83 -
6 $67,484.26 6% $6,000 $100,000 4.6% 6.1% $4,640.42 $4,107.29 -
7 $61,176.84 6% $6,000 $100,000 4.7% 6.2% $4,725.87 $3,810.86 -
8 $54,900.96 6% $6,000 $100,000 4.8% 6.4% $4,815.53 $3,502.52 -
9 $48,656.45 6% $6,000 $100,000 4.9% 6.5% $4,909.63 $3,181.14 -
10 $42,443.17 6% $6,000 $100,000 5.0% 6.7% $5,008.38 $2,845.48 -
11 $36,260.95 6% $6,000 $100,000 5.1% 6.9% $5,111.95 $2,494.23 -
12 $30,109.65 6% $6,000 $100,000 5.2% 7.1% $5,220.49 $2,126 -
13 $23,989.10 6% $6,000 $100,000 5.3% 7.3% $5,334.10 $1,739.42 -
14 $17,899.16 6% $6,000 $100,000 5.5% 7.4% $5,452.86 $1,333.15 -
15 $11,839.66 6% $6,000 $100,000 5.6% 7.7% $5,576.81 $905.97 -
16 $5,810.46 6% $5,810.46 | $100,189.54 | 5.7% 7.9% $5,716.80 $456.79 -
17 $0 6% $0 $0 5.8% 8.1% $0 $0,00 $5,716.80
18 $0 6% $0 $0 6.0% 8.3% $0 $0,00 $5,716.80
19 $0 6% $0 $0 6.1% 8.5% $0 $0,00 $5,716.80
20 $0 6% $0 $0 6.3% 8.7% $0 $0 $5,716.80

TABLEAU 2.2 — Protected account value and GMIB behavior given a static withdrawal strategy and lifetime pay-
ments.

initial premium invested on the contract.

Death benefit

The Retirement Cornerstone® also offers the possibility of combining the GMIB with Guaranteed Mi-
nimum Death Benefit (GMDB) when the contract is purchased. This is not unusual since variable
annuities typically provide a guarantee if the policyholder dies before receiving any income.

The death benefit often equals the greater of the account value and total premiums paid less any
withdrawals. For example, a person had paid premiums totaling $100,000, and had made withdrawals
equaling $15,000. The account value stands at $80,000 because of these withdrawals and investment
losses. If he were to die, his beneficiary would receive the aforementioned quantity. Within Retirement
Cornerstone® product this type of death benefit is known as ”Return of Principal” and is considered
without any extra charges.

Retirement Cornerstone® also offers optional death benefits in the form of roll-up or annual ratchet
and reset with extra charges. These options are :

— Highest anniversary value death benefit- The "Highest anniversary value death benefit” is an
optional guaranteed minimum death benefit in connection with the account value. The death
benefit is calculated using the highest value of the account on the contract date anniversary.

Roll-up to age 85 benefit base-The "Roll-up to age 85 benefit base” is equal to the GMIB benefit
base, i.e., it is reduced dollar-for-dollar in the case of partial withdrawals being done within the
limits of the guaranteed withdrawal amount and pro-rata, when an excess withdrawal has been
made by the policyholder. It is favored by the roll-up amount till the policyholder’s 85th birthday.
This option is tied only to ”"Greater of” death benefit, i.e. it can not be chosen individually.

”Greater of” death benefit- The "greater of” death benefit is an optional guaranteed minimum
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death benefit in connection with the protected benefit account value only. The death benefit is
calculated using the greater of two benefit bases- the greater of the roll-up to age 85 benefit base
and the highest anniversary value benefit base. There is an additional charge for the "greater of”
death benefit under the contract.

Once the lifetime payments corresponding to the GMIB start, the policyholder loses the possibility of
keeping the GMDB. This right is lost at policyholder’s 95th anniversary since the lifetime payments
start automatically. The return of principal, highest anniversary value, and "greater of” guaranteed
minimum death benefits will terminate without value if the account value falls to zero as a result of
withdrawals or payment of any applicable charges. This will happen whether the policyholder elects
the GMIB or receive lifetime GMIB payments or not.

Policyholders can elect the optional death benefit guarantees between age 20 and 68, implying that
this product targets a "younger” sector of the population compared to the ”’return of principal’ which
can be chosen till age 80.

Some numerical examples will be presented to illustrate the evolution of the GMIB and GMDB un-
der partial withdrawals. A premium of $100,000-dollar is considered for a policyholder aged 60, with
no additional contributions, and no transfers. Throughout these examples, no charges are deducted
from the account value and there is a fixed roll-up rate of 4 %. The assumed returns do not follow any
market trends and were chosen to serve the purposes of illustrating two types of scenarios.

We define the following notation :

GMIB BB Guaranteed minimum income benefit base

RP BB Return of principal benefit base

RU BB Roll-up to age 85 benefit base

HA BB Highest anniversary value benefit base

GO BB "Greater of" benefit base

Guaranteed minimun death benefit
Year | NetReturn AV WA f:l;-up GMIB BB RP BB HAV BB RU BB GO BB
0 $100,000 $100,000 $100,000 | $100,000 $100,000 $100,000
1 3% $103,000 $0 4% $104,000 $100,000 $103,000 $104,000 $104,000
2 4% $107,120 $0 4% $108,160 $100,000 $107,120 $108,160 $108,160
3 6% $113,547.20 $0 4% $113,547.20 | $100,000 | $113,547.20 | $113,547.20 | $113,547.20
4 6% $120,360.03 $0 4% $120,360.03 | $100,000 | $120,360.03 | $120,360.03 | $120,360.03
5 7% $128,785.23 $0 4% $128,785.23 | $100,000 | $128,785.23 | $128,785.23 | $128,785.23
Alternative 1 : annual guaranteed withdrawal amount (dollar-for-dollar)
6 5% $122,345.97 | $5,151.41 | 4% $128,785.23 | $95,789.47 | $123,633.82 | $128,785.23 | $128,785.23
7 1% $118,418.02 | $5,151.41 | 4% $128,785.23 | $91,622.45 | $118,482.42 | $128,785.23 | $128,785.23
8 2% $116,049.66 | $5,151.41 | 4% $128,785.23 | $87,555.36 | $113,331.01 | $128,785.23 | $128,785.23
9 2% $118,370.66 | $5,151.41 | 4% $128,785.23 | $83,745.01 | $108,179.60 | $128,785.23 | $128,785.23
10 2% $120,738.07 | $5,151.41 | 4% $128,785.23 | $80,171294 | $103,028.19 | $128,785.23 | $128,785.23
Alternative 2 : excess withdrawal (pro-rata)

6 -5% $122,345.97 | $7,000 4% $126,839.35 | $94,278.52 | $121,765.78 | $126,839.35 | $126,839.35
7 3% $119,016.35 | $7,000 4% $124,786.30 | $88,733.49 | $114,803.39 | $126,839.35 | $126,839.35
8 2% $109.636,02 | $4,991.45 | 4% $124,786.30 | $83,742.03 | $109,811.94 | $126,839.35 | $126,839.35
9 2% $106,837.29 | $4,991.45 | 4% $124,786.30 | $78,750.58 | $104,820.49 | $126,839.35 | $126,839.35
10 2% $103,982.59 | $4,991.45 | 4% $124,786.30 | $73,759.13 | $99,829.04 | $126,839.35 | $126,839.35

TABLEAU 2.3 - GMIB and GMDB behavior given policyholder’s withdrawals when the account value is less than
the GMIB benefit base at the time of the first withdrawal.
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Table 2.3 shows that the account value is reduced dollar-for-dollar by the withdrawal amount before
considering market behavior no matter the size of withdrawals. In alternative 1, when the owner wi-
thdraws the annual guaranteed withdrawal amount [4% (roll-up rate) x $128,785 (the roll-up benefit
bases as of the 6th contract anniversary)] the GMIB and roll-up to age 85 benefit bases neither de-
crease nor increase. The return of principal benefit base is reduced prorata as follows : since the wi-
thdrawal amount of $5,151 equals 4.21% of the account value ($5,151 =4.21% x $122,346), the return
of principle (RP) benefit base is also reduced by 4.21%; while the highest anniversary value (HAV) be-
nefit base is reduced dollar-for-dollar, i.e., $128,785 (HA BB as of the last contract date anniversary) -
$5,151 = $123,634 for the 6th contract year.

In the case of an excess withdrawal, as it is the case of contract years 6 and 7 of the second scena-
rio, the Return of principal is reduced in the same way : since the withdrawal amount of $7,000 equals
5.721% of the account value in 6th year ($7,000 divided by $122,346 = 5,721%), the RP benefit base
is reduced by 5.721%. The pro-rata reduction of the roll-up benefit bases is as follows : $7,000 (the
amount of the withdrawal, including any applicable withdrawal charge) - $5,151 (GWA) = $1,849 ("ex-
cess”) which represent 1.511% of the account value, there is a decrease of 1.511% in the Roll-up benefit
bases. The highest anniversary value benefit base is reduced dollar-for-dollar and pro-rata, as follows :
$128,785 (HAV BB as of the last contract date anniversary) - $5,151 (GWA) = $1,868 [($128,785 - $5,151)
x 1.511%] = $121,766.

In Table 2.4, the account value is reduced dollar-for-dollar by the withdrawn amount no matter

Guaranteed minimun death benefit

Year | Netreturn AV WA iotli—up GMIB BB RP BB HAV BB RU BB GO BB
0 $100,000 $ 100,000 $100,000 $ 100,000 $100,000 $100,000
1 3% $103,000 $0 4% $104,000 $100,000 $ 103,000 $104,000 $ 104,000
2 4% $107,120 $0 4% $108,160 $100,000 $107,120 $108,160 $108,160
3 6% $113,547.20 $0 1% $113,547.20 $100,000 $113,547.20 | $113,547.20 $113,547.20
4 6% $120,360.03 $0 4% $120,360.03 $100,000 $120,360.03 | $120,360.03 $120,360.03
5 7% $128,785.23 $0 4% $128.785.23 $100,000 $128,785.23 | $128,785.23 $128,785.23
Alternative 1 : annual withdrawal amount
6 5% $135,224.50 | $5,151.41 | 4,00% $130,073.09 | $96,190.48 | $130,073.09 | $130,073.09 $130,073.09
7 3% $133,975.28 | $5,202.92 1% $130,073.09 | $92,454.92 | $128,772.36 | $130,073.09 $130,073.09
8 -2% $126,196.91 | $5,202.92 4% $130.073,09 | $88,643.14 | $123,569.43 | $130,073.09 $130,073.09
9 2% $123,413.86 | $5,202.92 4% $130,073.09 | $84,906.09 | $118,366.51 | $130,073.09 $130,073.09
10 2% $120,575.16 | $5,202.92 4% $130,073.09 | $81,242.32 | $115,372.24 | $130,073.09 $130,073.09
Alternative 2 : excess withdrawal
6 5% $135,224.50 $ 7,000 4% $128,224.50 | $94,823.42 | $128,224.50 | $128,224.50 $128,224.50
7 3% $132,071.23 $ 7,000 4% $125,071.23 | $89,797.62 | $125,071.23 | $125,071.23 $125,071.23
8 -2% $122,569.81 | $5,002.85 4% $117,566.96 | $86,132.41 | $120,068.38 | $117,566.96 $120,068.38
9 2% $119,918.30 | $4,802.74 | 4,00% | $115,115.56 | $82,682.80 | $115,265.65 | $115,115.56 $115,265.65
10 2% $117,417.87 | $4,610.63 4% $112,807.25 | $79,436.11 | $112,807.25 | $112,807.25 $112,807.25

TABLEAU 2.4 - GMIB and GMDB behavior given policyholder’s withdrawals when the account value is greater
than the GMIB benefit base at the time of the first withdrawal.

the size of withdrawal : in year 7 the AV is computed as $135,224.50 [AV as of the last contract date
anniversary]-$7,000 (the amount of the withdrawal, including any applicable withdrawal charge) x (1+0.03
[assumed net return for the 7th contract anniversary])=$128,224.50x1.03 = $132,071.23. When the ow-
ner limits himself to making only annual guaranteed withdrawals [4% (roll-up rate) x $128,785 (the
roll-up benefit bases as of the 6th contract anniversary)] the GMIB and roll-up to age 85 benefit are
reduced dollar-for-dollar but since AV after withdrawal is greater than the aforementioned quantity,
they are automatically set to $130,073.
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As a result of the GMIB benefit base increase in contract year 6, the annual withdrawal amount in
contract year 7 is $5,203 [4% (roll-up rate) x $130,073 (the roll-up benefit bases as of the sixth contract
anniversary)]. The return of principal benefit base is reduced pro-rata as shown in the previous examples
and the highest anniversary value benefit base is reduced dollar-for-dollar as follows : $128,785 (hi-
ghest anniversary value benefit base as of the 5th contract date anniversary)-$5,151 = $123,634. The
highest anniversary value benefit base is reset to the protected benefit account value after withdrawal
($130,073).

In the case of an excess withdrawal and similar to the previous example, the roll-up bases will be
reduced in the same percentage as the excess. Taking the 6th contract anniversary as an example, it
is reduced by 5.177% ($7,000 divided by $135,224) which gives $121,944. The roll-up to age 85 bene-
fit base and GMIB benefit base are then set to the protected account value after withdrawal $128,224
since this value is clearly superior that of the benefit bases after the pro-rata reduction.

The RP benefit base continues to be reduced in pro-rata basis. The highest anniversary value benefit
base is reduced dollar-for-dollar and pro-rata, as follows : $128,785 (highest anniversary value bene-
fit base as of the 5th contract anniversary)-$5,151 (annual withdrawal amount) -$1,690 [($128,785 -
$5,151)x 1.367%]= $121,944. Here 1.367% represents the percentage of the excess in withdrawal with
respect to the GWA ($1,849 divided by $135,224 = 1.367%). The highest anniversary value benefit base
is also reset to the protected account value after withdrawals ($128,224).

In the following section, we will set up the mathematical formulation of the product for the purpose
of studying its valuation. For the sake of simplicity, we will limit our study to a single benefit base.

2.2 A brief review of the literature

There is a large literature on pricing and hedging variable annuities guarantees. Most of it addresses on
individual variable annuities contracts. Milevsky and Posner, see [127], price a GMDB contract using
the usual risk-neutral valuation theory. Gerber and Shiu, see [91], exploit the closed-form solution of
European look-back options to price complex guarantees embedded in some equity-linked annuities.
Milevsky and Salisbury, see [128], study the impact of policyholder behavior on the cost and value of
the GMWB rider and argue that the current pricing is not sustainable. An analysis of the design of
general equity-indexed annuities from the investor’s perspective and a generalization of the conven-
tional design are proposed in [38].

The optimal behavior approach in a GMWB valuation was formalized by Dai and co-authors in [61].
They develop a singular stochastic control problem in a continuous framework, and also construct
discrete pricing formulation that models withdrawals on discrete dates. In [19], the authors develop an
extensive and comprehensive framework, to price any of the common guarantees available with VAs,
using Monte Carlo simulations in deterministic withdrawals scenarios. On the other hand, in [50], the
authors explore the effect of various modeling assumptions on the optimal withdrawal strategy of the
policyholder, and examine the impact on the guarantee value under sub-optimal withdrawal beha-
vior. Shah and Bertsimas, see [149], analyze the GLWB option in a time continuous framework consi-
dering simplified assumptions on population mortality, and adopting different asset pricing models.
In [11], a number of guarantees under a more general financial model with stochastic interest rates,
volatility, and mortality are considered. A utility-based approach, see [82], is used to study the valua-
tion of the GMDB rider.

Holz and co-authors, see [98], price GLWB contracts for different product designs and model para-
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meters under the geometric Brownian Motion dynamic. They consider various policyholders beha-
viors assumptions including deterministic, probabilistic and stochastic models. The GMIB is studied
in [62] under a local volatility framework. The authors argue that an appropriate volatility modeling is
important to the long-dated guarantees. Finally, Dai and Yang, see [156], develop a tree model to price
the GMWB rider embedded in deferred life annuity contracts. Other papers investigate the impact of
volatility risk, or assess the mortality risk in GLWB, or analyze equity and systematic mortality risks,
see for example [81, 92, 143]. Recently, the work by Shevchenko and co-authors, see [150], provides a
useful general framework to price different living and death guarantees. They use a direct integration
method to solve the problem and compare it to PDE-based methods. In the following we will focus on
the PDE method for the GMIB product. Our goal is to be able to analyse the impact of different market
drivers and product design on policyholders’ behaviors and the value of the contract.

2.3 Formulation and basic notations

In summary, GMIB contracts promise a policyholder an income stream at maturity for the rest of his
life. Before the contract maturity, the insured is allowed to withdraw a certain amount on a yearly
basis, called a withdrawal. If the GMIB contract contains a death benefit (GMIB-DB), then a certain
amount is paid to the beneficiaries in case the policyholder dies during the term of the contract.

To formulate our problem, we consider an x-year old policyholder possessing a GMIB contract. At
inception, an initial endowment is invested in a risky asset S;. The specifications of the contract in-
clude asetofdatesO0=1ty < t; <.. <ty <.. <ty =T, where ) = 0 is the contact inception and =T
its maturity. These so-called contract anniversaries are the dates in which events can take place, i.e.
bonuses, withdrawals, payments, etc...

2.3.1 The contract assumptions
The financial market

Variable annuities pricing is based on the common pricing literature which assumes the existence of
a risk neutral measure @ under which future cash flows can be valued as their expected discounted
values. The existence of such measure implies an arbitrage free financial market. Moreover, the de-
rivative’s payoff can be replicated by a self-financing strategy, which allows the insurer to hedge the
liabilities.

We assume that the risky asset S, which serves as an underlying mutual fund for the variable annuity,
follows a Geometric Brownian motion with constant coefficients under Q :

dStertdt+GStth,

where o is the volatility or the risky asset, r the risk-free rate and W a standard Brownian motion under

Q.
The money market evolves with risk-free interest rate, and the numeraire process B; is given by :
dBt =rB [d t.

Under the risk neutral probability measure, the discounted asset process B;'S; is a martingale.
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The mortality assumption

It is common practice among insurers to use deterministic mortality rate to evaluate and replicate
their policy pool. We also use this assumption in this chapter by considering future mortality rates as
a deterministic curve. Moreover, we make the common assumption that financial markets and bio-
metric events are independent. Let us introduce the mortality notations as :

— Xp : the policyholder’s age at the contract inception.
— (n : the probability that the policyholder, aged xj at inception, dies between time ¢;,,_; and ¢;,.
— pn : the probability that the policyholder, aged xj at inception, is alive at time ¢,.

— o : the limiting age beyond which survival is impossible.

According to the definition, we have p, = (1 — g,) pn—1, where n € {1,2,...,N}. From the insurer’s pers-
pective, the percentage of active contracts in a large policy pool of policyholders aged x = xo + #,, at a
given time ¢, is thus given by pj,.

The contract state variables

At a given anniversary date ¢, the value of a GMIB contract, purchased by an xy-year old policyholder
at inception, is determined by three main state variables : the account value, the benefit base, and the
a two-states variable determining if he is alive or dead at time z,.

— Account value A; : the value of the investment account which is indexed on the asset value S,
and reduced by withdrawals and fees.

— Benefit base G; : also referred as the guarantee account, is an "imaginary" wealth upon which
annuities, guaranteed withdrawals and benefits are calculated. However, if the insured wants to
lapse the contract, he will not be able to get this wealth.

— Death Process,; : a two states variable in {0, 1} informing if the policyholder died during (#,,—1, t,,],
or is still alive at #,,. The death probability in the interval (¢,,_1, ;] is given by g, =PI, =0|I,,—; =
1), which depends on the policyholder’s age at inception.

More state variables need to be included if one needs to incorporate stochastic interest rate and/or
volatility, take into account taxation or consider different benefit bases, i.e. evolving differently or for
different riders.

We restrict our analysis to single premium contracts Ay = Gy, i.e. one premium at inception with no
additional contributions. The policyholder can either withdraw money or exercise the income bene-
fit. Withdrawals include "zero" withdrawals, guaranteed ones, i.e. up to a limited amount fixed by the
insurer, excess withdrawals, i.e. withdrawals that exceed the guaranteed withdrawal amount, or com-
pletely surrender the contract, i.e. lapse.

For the sake of simplicity, we assume that the policyholder can take withdrawals each policy anni-
versary t,, and denote by y, the withdrawal amount. The income benefit also starts at anniversary
years and, in case of a death benefit, the latter is paid out at these dates as well. Thus, the state va-
riables described above may have discontinuities at times f1, ..., tn. Therefore, for a state variable Y, we
distinguish between its value Y, before and Y;+ after events take place at the anniversary date ¢,.
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Development between two policy years (#;,_1, t;]

Assuming that an annual guarantee fee a is continuously charged by the issuer, the value of the ac-
count value A;, evolves as :

Sy,

Ag :A[;-l X S

exp(—aAr, n=12,..,N,

tp-1

where At = t,, — t,-1, and S; follows a geometric Brownian and has the closed formula :
St, =S:, , €xp ((r - %OZ)AL‘+ ox/A_tzn),
where z, ..., zy are independent and identically distributed standard Normal random variables.
In practice, the guaranteed fee is charged discretely and proportional to the account value that can

easily be incorporated into the wealth process. Denoting the discretely charged fee with the annual
basis as &, the wealth process becomes

S
L1 - @At

A, =Ap s,

The benefit base remains constant between two policy years, i.e :
Gtr_z = Gt;—l .

Remark 2. For continuously charged fees, the evolution of the account value can be rewritten in the
form ofan SDE:

dAt =(r- (X)Atdt-i' GAtth,

where W, is the risky asset Brownian motion, o its volatility, and r is the risk free rate.

In Retirement Cornerstone ®, some of the fees are actually proportional to the benefit base. We denote
by o® (resp. a©) fees proportional to the account value (resp. benefit base). In this case, we rewrite the
account dynamic between t;;_l andt; as:

dA;=(r—aMA;dt—aG,: di+oAdW;, 2.1

Transition at a policy year ¢,

As mentioned earlier, the contract events take place at the discrete policy years. In the following, we
denote by y5"“ the guaranteed withdrawal amount, and f,, the cash flow at time t,. The guaranteed
withdrawal amount at £, is typically proportional to the the benefit base at time ¢} _, (or £;,), by araten
fixed by the insurer at inception, i.e. Y5"“ =nG r; - Each policy year can exhibit the following scenarios :

1. The insured has died within the previous year (¢;_1, ;] :
If the insured has died within the previous year and no death benefit has been set in place we
have A;+ =0, G4+ =0, v8¥*=0and f, =0.

2. The insured has survived the previous policy year and does not withdraw any money from
the account at time ¢, :
Different ratchet and roll-up mechanisms can be applied to the benefit base at ¢, thus changing
the value of the guaranteed withdrawal amount. The different parameters develop as follows :

— Roll-up only : Gt; =1 +n)Gy;
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— Ratchet: Gt; =max(G;,Ag;)

— Reset: Gy = max((1+n)Ge, A )
Here n represents the roll-up rate which determines the quantity credited annually to the benefit
base. This quantity is also used to compute the guaranteed withdrawal amount each year by
Yo = N.Gy; . If no withdrawals are made from the contract, i.e Wy, =0, we have A;+ = A, and
the cash flows f,, =0.

. The insured has survived the previous policy year and at the policy anniversary withdraws an
amount within the limits of the guaranteed withdrawal amount :
Any withdrawal up to the guaranteed annual withdrawal amount reduces the account value by
the withdrawn amount. Of course, we do not allow for negative policyholder account values and
thus get A+ = max(0,As; —Yy,) and fn =Yn. The transformations discussed in 2) occur simulta-
neously with the withdrawals resulting in :

— Roll-up only : G4+ = (1+ NGy, — Y.

— Ratchet: Gt; =max(Gs; —Yn, Ag;).

— Reset: G =max((1+n)Gg, —Yn, Ag; -
The guaranteed annual amount y5"“ needs to be recalculated using the formula presented im-
mediately above. Note that if the annuity owner withdraws the maximum quantity y5"“, the
level of the benefit base remains stable when the roll-up is taken into account :

Gy =1 +MGy; — Ya =1+ NGy, —Nn.Gy, =Gy

. The insured has survived the previous policy year and the policy anniversary, and withdraws
an amount exceeding the limit of the withdrawal guarantee :

In this case the account value is again reduced by the withdrawal amount A+ =max(0,A; —Yp).
The benefit base as of the last contract anniversary date is reduced pro-rata by the percentage

_8ua
of the excess withdrawal w.r.t the account value, i.e. %GD—L . Therefore we have :
n

Yn— Yﬁ““)

Gyy =Gy 1~ v

We then apply the ratchet if there is any, i.e G;+ = max(G+,As; —Yn).
. The insured has survived the previous policy year and decides to activate the GMIB rider :
In this case, the contract matures and lifetime payments begin the following policy anniversary

date taking into account the state of the variables at time f,,. Details on annuitization are given
in the following section.

We summarize the previous cases into the following :

— Roll-up only case:

Ay =hY(Ag;, Gy, Yn) i=max(0,Ar; —Yn)
max(0, (1+ T])Gt; ~Yn) if Yn= Y%ua
wua 2.2)

G
+ = A - n’ = - i
G =h"(Ar, Gy i) { Gt;(l_%) it yn>vyn

— Ratchet only case :

A[;; = hA(At;’G[r_L'YVl) = max(O'A[,_l _ Yn);

max(As: —Yn, G- —Yn)  if  yp<yS“
_1G ~ ~ . n n
G =17 (A, G ) o= { max(A;; = Yn,Gr; (1 A i ye> vt

54



CHAPITRE 2. OPTIMAL BEHAVIOR STRATEGY IN THE GMIB PRODUCT

— Reset (roll-up + ratchet) case :

A = hA(At;»Gt;»Yn) =max(0,Asg; =Yn),

G max(A;- —Yn, 1+MG: —yn) i yu=y5“
+ = = - = —y&ue
Iy ( In» t”’Yn) ) max(At; _Yn,Gt;(l_ %)) if Yn >Y§lua

Remark 3. The guaranteed rate is usually set equal to the ratchet rate, i.e. Y5"" = NG at time ty. (ii)
The ratchet case can easily be deduced from the reset case by setting the ratchet and guaranteed rate to
0.

The income and death benefit

At maturity, the holder of a GMIB contract can select to take a lump sum of the account value Ay,
annuitize this amount at an "actual" annuitization rate or annuitize the benefit base at pre-specified

guaranteed annuitization rate. Annuity factors which give the annuitization rates, denoted by a?N” for
the actual, and c’ifNu“ for the guaranteed, are defined as the price of an annuity paying one dollar each
year with either a the market’s rates curve, or an internal guaranteed rates defined by the insurer. The
calculations of the annuity factors takes into account the probability that the insurer is alive in the

future. They are given by :

wW—X

0 0]
. () _ P (ti—tn)
atN - Z pie A ’
ti=IN

where r" are risk-free interest rate in case of annuitizing the account value, and based on hypothesis
fixed by the insurer in case of annuitizing the benefit base. Therefore, annuitizing the account value is

..gua
N
dact

equivalent to a lump sum, and annuitizing a benefit base G is equivalent to the amount G :
N

For GMIB contracts analyzed in this thesis, annuitization is not restricted to the maturity #y. Indeed,

ty is actually the last anniversary date in which the insured is allowed to annuitize. Typically, the po-

licyholder can exercise his income benefit starting the 10th year of the contract. An annuity factor is

then defined for each date ¢, € {f9, fn}. These factors are increasing since an older insurer will likely

to have less annuities than a younger one.

Thus, the cash flow of the income benefit, based on a financially rational acting customer, is given
by :
..gua

In
P(tn,A;,Gr;) =max(Ag;, Gy, W)’
tVl
otherwise P(#,,A;,G;) =0, P denotes the income benefit, A the level of the account value, and G;

the level of the benefit base.

The policyholder can subscribe to a GMDB along with the GMIB. In this case, if the policyholder’s
death occurs before or at the contract maturity, a death benefit is provided to the beneficiaries. Assu-
ming the policyholder dies during (¢,-1, t,], the beneficiaries will receive the amount D(¢,.,.) at .
There are several types of death benefits. The most famous one is the so-called return of premium
death benefit (return of principle for Retirement Cornerstone ®AXA product). In the Retirement Cor-
nerstone ®AXA product, the death benefit can also consist of the greater of the annual ratchet benefit
base and the current account value. Insurers typically charge tenth of potential market growth for this
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additional rider. In the case of the Retirement Cornerstone ®13, this additional charge is 0.35% for this
particular death benefit.

At any case, we resume the death benefit cash flow D(¢,.,.) at ¢, by :

Ay, return of principal death benfit (type 0),
D(t) Ay Gr) = A, account value death benfit (type 1),
o B> D 2= G, benefit base the death benefit (type 2),

max(As;,Gy;), greater of the two death benefit (type 3).

Our numerical analyses will be based on type 2, where he benefit base evolves as described in previous
section.

2.4 Contract valuation

To model mortality, the standard way is to use official life tables to estimate the death probability
gn =P, =0|1,-1 =1) during (t,-1, t,]. They provide annual death probabilities for each age and
gender in a given country. Some adjustments can be applied to these tables. In addition to life tables,
other approaches can be considered such as the stochastic benchmark Lee-Carter model, see [114],
which forecasts the required death probabilities accounting for systematic mortality risk.

For pricing purposes, we consider a pool of policyholders who hold identical contracts and in which
each insured has the same age, gender and thus same probabilities of life and death 2. We assume the
number of policyholders to be large enough such that the assumption that deaths occur exactly ac-
cording to probability g, is justified. Given this set of conditions, mortality risk is fully diversified.

In the following, we set up the pricing framework of the GMIB contract. In particular, we are inter-
ested in the rational policyholder behavior which maximizes the expected value of his future cash
flows. We will address a stochastic control problem as formulated in [150].

The stochastic control problem

Let y = (Y1,...,YN) be a withdrawal strategy, G = (G, ...,Gy,) the state variable corresponding to
the benefit base, A= (Ay, ...,As) the account value, and I = (Iy, ..., In) the death state. We introduce the
state vector before the withdrawal as X,, = (A, G;,1,,) at time 7,, and X = (X, ..., Xy). The present value
of the overall payoff of the GMIB contract is defined as :

Ho (X, Y) = Bo,yHn(XN) +NZ_11BO,nfn(Xn»Yn)» (2.3)
n=
where :
Hn(XN) = P(tn, A, Gi) % Tigo1 + D(tn, Ars, Gio) x Lico, (2.4)
is the cash flow at maturity and
1 Yn) = faAs:,Gez, Yn) % Li,z1 + D(tn, A, Gi:) x 1,2, (2.5)

2. Other criterion can be taken into account to compose an "homogeneous pool". Some Life Tables consider smoking,
the policy value etc... However, these criterion are specific to other insurance products. To our best knowledge, the mortality
table of variable annuities is restricted to age. The resulting death probability is a weighted average of same age male and
female holding the policy.
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is the cash flow at time #,,. Here 1, is the indicator function, and B; ; is the discount factor from ¢; to
L

Bi,j:exp(—r(tj— tl')), j>1

To simplify notations, we drop the mortality state variable I,, when the policyholder is alive, i.e. I, =1,
in the function argument. We define V(¢,, A, G) the price of the contract with a guarantee at the policy
year f, when A;- = A, G;; = G. We assume that the financial risk can be eliminated via continuous
hedging, i.e. complete and frictionless market, and that mortality risk is fully diversified via selling the
contract to a large number of insured of the same age. Thus, the average of the contract payoffs of
M policyholders Hy (X, y) converges to E”to [HoX,y)] as M — oo, where [ is the real probability measure
corresponding to the mortality process Iy, 15, ...,In. Then the price under the given withdrawal strategy
Y can be calculated as :

V(to,A gy, Gyy) = Ep [Ho (X, Y1, (2.6)

where [E"t? [Ho(X, y)] denotes the expectation w.r.t the state vector X, conditional on information avai-
lable at time £y, i.e w.r.t both the financial risky asset process under @, and the mortality process under
the real probability measure [.

Remark 4. The fair fee & = a* is defined as the fees charged so that the value of the contract at time t,
is equal to the premium, i.e. V(0,Aq, Go) = Ag. It is important to note that the strategy y can change for
different realizations of underlying wealth process and the control variabley,, at t;, affects the transition
law of the underlying wealth process from t, to t,1, i.e calculating the contract price in this case is
reduced to solving an optimal stochastic control problem.

The withdrawal strategy y can depend on the information available at time t,, through the state va-
riable X at ¢, and is assumed to be given when the price of the contract is calculated in (2.6). Withdra-
wal strategies are classified into three categories : static, optimal and suboptimal.

— Static case. Under a static strategy v, the policyholder’s decisions are deterministic, fixed at the
beginning of the contract, and independent the state variable value. Under this strategy, the
price of the contract can be calculated as :

V(to,Agy, Gy) =EY?[Ho (X, )1

— Optimal case. Under the optimal withdrawal strategy, the withdrawal amount y,, depends on
the information available at time £, through the state variable X,,. The optimal strategy is the
strategy Y under which the contract price is maximized, i.e worst case scenario for the insu-
rer/best case scenario for the insured :

Y* (X) = argsupE"? [Hy (X, y)] 2.7
YeA

where the supremum is taken over all admissible strategies y and denoted by the set «/. That is
for each time 7, we have v, € [0,A;].

— Suboptimal case. Any other strategy y different from y* is called suboptimal. It can also depend
on the state variable.

In the following we will be interested in the optimal case. Given that the state variable X = (Xy, ..., XN)
is a Markov process, and the contract payoff is represented by Formula (2.3), the calculation of the
contract value under optimal strategy given by Equation (2.7), is brought to a more general problem
whereby the policyholder starts at an arbitrary time ¢,. This falls within the framework of standard
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optimal stochastic control problems for a controlled Markov process. Note that the control variable
Y depends on the account value A and benefit base G.

Finding the contract value V(t,, x) at time t,, when X,, = x for n = N —1,...,0 is done via a backward
Bellman equation. Since the account value A evolves between two anniversary dates, and the benefit
base is a constant piecewise function (i.e. changes at anniversary dates only), the required backward
recursion is written between ¢, , and t;; as

Vty A G) = By (1,1 XEq V(£ Ary L, Gry ) TALG

#1120 X EL [D(t41, A, Gz ) [AG|

n+1
=(1- Qn+1)[E?; VA, G, ) IA G+ CIrH—l[E?;; (Dt 1A, G, ) ITAGI
with jump condition

The recursion starts from the maturity condition V(ty, A, G) = P(1y, A, G) goes backwards for n =N —
1,N-2,...,0.

Remark 5. Given that the mortality and financial asset processes are assumed independent, and the
withdrawal decision does not affect the mortality process, we have :

supE [Ho(X, )] = supEy [E} [Ho (X, Y)11.
Y Y

One can calculate the expected value of the payoff (2.3) w.r.t the mortality process :

Ho(A,G) =E} [Ho(X, Y)],
and then calculate the price under the given strategy [ES; [Ho (A, G)], or under the optimal strategy supy [Eg [Ho (A, G)].
Therefore we have :

Flo(A, G) = Bo (Pt Arg, Gi) X By [Tio1] + D(t, Arg, Gi) x B [Trycol

N-1
+ Y Bon( falAsy, Goy Yo) X Bl (11,211 + Ditn, Ay, Gy )
n=1

Moreover, since [E”to (11, =1]=P(t >t | T> fo) = pn ,and [E”t0 []11n~= 0 =P(ty—1 <1<ty | T> 1) =pPn-19n
for random death time T, i.e. pp = pn-1(1 — qn), we can rewrite Ho (A, G) as the following :

Flo(A, G) = Bo (pNP(in, Arg, Grg) + Gnpn-1D (i, Arg, Girg)
N-1 )
+ ) (Pnfn(At;,,Gt,;,Yn) + pn—lan(tn»At;yGt;))- (2.8)
n=1

Note that, previously we defined g, =P(t,—1 < T< 1ty | T> t;-1).

The payoff (2.3) has the same general form as the payoff (2.8). Thus, the optimal stochastic control
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problem $(ty,Ag, Go) = supy E[Hy (A, G)] can be solved using Bellman equation. We describe the opti-
mization problem at each policy anniversary date recursively by the two following equations

D1, A,G) = | By 1Bl Ar, |, Grz ) IAG, 2.9)
and

D14, G) = max (pnfo(A, G Y)+Pn1dnD{1n, A G

+&(th, WA A, G, yn), hS (A, G, yn))), (2.10)
forn=N-1,N-2,...,0, starting from the final condition :

¢(t1:]$A’ G) = pNP(Z‘l:])A) G) + PN—quD(thA; G) (211)

As a consequence, the recursion leads to the same solution (ty, A, G) =V (%, A, G), and the same optimal
strategyy. Moreover, for each t, we have D(t,,A,G) = pp,V(tn, A, G) + pp—1g,D(ty, A, G).

2.4.1 Numerical scheme for the discrete withdrawal model

Realistic VA riders with discrete events such as ratchets, bonuses as set-up options and optimal with-
drawals have no closed form solutions. Their fair price needs to be calculated numerically, even for a
standard Brownian motion with constant interest rates and volatility.

The numerical solution of the backward recursion (2.9)-(2.10) is accomplished using PDEs, direct
integration or regression-type Monte Carlo methods. Under the static strategy, one can always use
standard Monte-Carlo to simulate state variables forward in time till the contract maturity or the po-
licyholder death and average the payoff cash flows over a large number of independent realizations.

In the case of discrete withdrawal, following the procedure of deriving the Hamilton-Jacobi-Bellman
(HJB) equations in stochastic control problems, the value of the annuity under optimal withdrawal is
found to be governed by a one-dimensional PDE, similar to the Black-Scholes equation, with jump
conditions at each withdrawing date to link the prices at the adjacent periods.

In the following, we provide detailed description of the algorithm used to compute the fair value of
the VA riders and the optimal strategy.

General algorithm

The algorithm starts from a final condition for the contract value at ¢ . Subsequently, solving the PDE
gives solution for the contract value at t;_,. The PDE used to compute the expected value (2.9) under
the assumed risk-neutral process for the risky asset S; is easily derived using Feynman-Kac theorem.
When the risky asset follows a geometric Brownian motion process, the governing PDE right after a
withdrawal decision ¢, to right before the following one ¢, for n=N-1,N-2,...,0 is expressed as
the following

n+l1

1
09 + 5cr2A2aAA¢5+ (r— oA 0aP — oSGy On D — 1P =0, (2.12)

to which we add boundary conditions given in the next section.
Note that the benefit base changes only at the anniversary dates and is a constant parameter between
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two anniversary dates. PDE (2.12) is solved using the Crank-Nicolson finite differences methods. [60],
[99] used the scheme for pricing GMWB with discrete optimal withdrawals. Of course, if the volatility
and/or interest rates are stochastic, then one needs to add extra dimensions to the PDE.

Applying the jump condition (2.10) to the solution at #;_, we obtain the solution at zy,_, from which
further backward time stepping gives us solution at tJ,_,, and so on. The numerical algorithm takes
the following key steps :

1. Generate a finite grid for the account value A and benefit base G, i.e. Ay < A; < ... < Ay and
0=Gg<Gy <..<Gg.

2. At ty, define the final condition for each note point (A;,Gyg), j =1,2,...,J and k = 1,2,...,.K to
get &(¢,,,A,G) and the boundary conditions (2.17)-(2.18) for Apin and Amax for each potential

Gkef1,2,...K}-
3. For each potential benefit G, k=1,2,...,K, solve the PDE using the Crank-Nicolson finite diffe-
rences scheme to obtain @(t;}_ A G).

4. Apply the jump condition (2.10) by performing a linear search of the withdrawal amount vy _,
that gives the maximum @(¢y_,,A, G). In general, this involves a two-dimensional interpolation
in (A, G) since the hS(A, G,.) and hS(A, G,.) do not necessarily fall in the grid nodes.

5. Repeat (3) and (4) for t = tN—2, IN-3, .-+ [1-

6. Evaluate Equation (2.12) for the backward time step #; to fy to obtain solution ®@(fj, A, G) at Ag
and Gg.

We can add more complexity to the model, for example by incorporating stochastic interest rates
or stochastic volatility. In this case, the dimension of the pricing PDE (2.12). We can also add more
constant path-wise state variables that evolve only at the anniversary (tax base, extra benefit base,
etc...), which will affect only the jump condition, i.e. the search of the optimum will have to be perfor-
med based on the new variables as well.

The finite difference scheme will be discussed in more detail in the next section.
Description of the finite differences scheme
Recall that the value function @ satisfies the following recursion
O(ty,A,G) =E] [Bna1 @ty Ay, Grs, ) TAG, (2.13)
D(t,A,G) = s (pufalA G, Yn)+Pra DU A G
+ 06y, (A, G, y2), BOA,G, Ya) ). (2.14)

Within each time interval (#,,—1, £,;), only the account value varies since all the benefit bases, death and
life, remain constant. Thus, for ¢ € (¢, t,.,], the annuity value &(t,A, G) solves the following linear
PDE for each fixed value of the benefit base G

0P+ LD=0, (2.15)

where the operator £ is

1
PP = 502A28AA¢ +(r—aAIND — aCGOND — 1. (2.16)
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Localization and boundary conditions

Equation (2.15) is originally posed on the domain (t,A) € [0, T] x [0,00). For computational purposes,
and because asset prices are finite and so is the account value, one needs to localize this domain to
[0, T] x [0, Ajax] Where Apax is large enough not to be attained by the account value during the lifetime
of the annuity. Thus, we need to add complementary boundary conditions. We consider that we are
between two anniversary dates ;' and ¢, ; backwards.

— When A = 0, the policyholder has no longer the possibility to make any withdrawal from his
account. However, if the IB election is possible, then the income period begins, given the poli-
cyholder is alive, and the death benefit is activated if he is dead at #,,+;. Since the account value
is equal to zero, then the annuitization will be indexed on the benefit base. Therefore, we have :

n+1

“gua

a
B(£,0,G) = e—r(r,,ﬂ—n(pn+l et G4 PudnaDlf,0, G)) 2.17)

T+l

— When A = Anhax, We consider retrieving all the cash more interesting than any other strategy if
the policyholder is alive. If he dies, the death benefit will be activated. Therefore, the Dirichlet
boundary condition for this case is

D(t, Amax, G) = e—r(tn+1—t) (pn+1Amax + pnqn+1Amax) = eir(tMlit)pnAmax' (2.18)
Let us define the solution domains

20 =16 1,677 [0, Amyay]
Q:U[tn_ly tn] X [OyAmax]-
n

The pricing problem for the GMIB variable annuity combined with DB under the discrete withdrawal
scenario is then achieved in {2 as follows : within each set {2,,, n =1,...,,N — 1, the solution to the pro-
blem is the viscosity solution of a decoupled set of linear PDEs (2.12) with final condition (2.11) and
boundary conditions (2.17)-(2.18) computed from the nonlinear algebraic Equation (2.14).

Construction of the scheme

Let (Ag,Ay,...,Aj) be the equally spaced grid in the direction of the account value with Ay = 0 and
Ay = AM™®_ Analogously (G, ..., Gg) is an equally spaced grid for the benefit base with Gy =0 and Gk =
G™Ma& = AM&_ The spacial steps for both variables are considered to be equal. That is :

AA = AG,

where AA = "‘a’j A0 and AG = G"‘“ Go

Hence, A = jAA and G = kAG, Vj, k. The discrete time steps are denoted by nAt for n=1,..,N
where T = NA¢. Since, in our analysis, we consider that events occur only at anniversary dates which
are yearly, At =1 and each time ¢, coincides with the discrete time step ¢, = n

The numerical procedure to solve the approximation in (2.15) is the standard finite difference ap-
proach. We employ the two-level implicit finite difference scheme to discretize the differential term
P as given in (2.16). Let $h<15” denote the discrete value of the differential operator at the node
(A, G, tn). The approximation 1s then given by

2 PN —P + P P . P
_0" 2T jtLk Tk -1k _AyA .G JHLk T Lk oy
xh@]k— 5 A Az +Hr—aMAj —« Gk}—ZAA rol
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The general theta-scheme for solving Equation (2.15) is given by

n+l _ pn
Pk ~ Pk

At
where 0 is a weighting factor, 0 < 0 < 0. For 0 = 0, this scheme is the explicit scheme, whereas 6 =1 cor-
responds to the implicit one. The error of the previous cases is of O(AA?, At). The explicit scheme has
stability issues while the implicit scheme is absolutely stable. The most popular scheme for approxi-
mating the solution of the Black-Scholes equation is the Crank-Nicolson scheme obtained for 6 =1/2.
The latter is shown to be unconditionally stable and O(AAZ, At?) convergent, see [68]. In particular,
this scheme is used in [60] to solve the optimal pricing problem of the GMWB rider with rational be-
havior.

1
=02071" +(1-0)2,P7,

The discretization w.r.t the benefit base is not important here. However, since the PDE is solved back-
wards between ¢, | and f,;, we need to divide this time period, i.e. the period between two consecutive
withdrawal dates, into finer time steps for a good accuracy due to the finite difference approximation
to the partial derivatives.

Applying the jump condition

Recall that changes in the benefit base only occur at withdrawal dates. After withdrawing the amount
Yn at time 7, the account value changes from A, to A+ = hA(A,G,Y,), and the benefit base drops
from G, to Gy = hS(A, G, Yy). The jump condition of &(t,,A, G) across t, is given by

(t,,A,G) = max, (@2, K (A, G, yn), hO(A, G, Yn)
<Y<

+Pnf(A,G,Yn) + Pu-18aD (15, A,G)) 2.19)

For the optimal strategy, the withdrawal amount y,, is chosen under the restriction 0 < y,, < A to maxi-
mize the value of &(¢,;,A, G) in Equation (2.19).

The application of the jump condition decreases the account value and benefit base. For each G;, a
continuous solution from PDE (2.15) is associated. We can restrict the possible values for the withdra-
wal amount to multiples of AA. This implies, for a given account value A; at time ¢,,, the withdrawal
amount y takes j possible values : y=A; —A;, [ =1,2,..., j. However, numerical tests showed that a
finer grid is preferable for the withdrawal amount. Therefore, it is not guaranteed that the account
value, nor the benefit base after the withdrawal, A;:and G+, fall within their respective grid nodes.
To solve this issue, a two-dimensional interpolation is required. In this work we adopted a bi-linear
interpolation.

Suppose the jump condition requires the value @(., A, G) at the point (A, G) located inside a grid A; <
A<A;;1 and G;j = G = Gj4, then the interpolation is performed as the following :
i+1— G G-G;

G
B(,A,G) ~ -B(,A,Gj)+

—— P(,A,Gj), (2.20)
Gir1—Gi : !

Gi+1—G;
where :
Ajs1—A A—-A;
P(LAG)x —P(L,A;,G))+ ——D(,Aj41,G)),
( ]) Ai+1 —Ai ( i ]) Ai+1 —Ai ( i+1 ])
Ai+1 _A A_Al
P(LAG) ———P(L,A;,Gj))+ ————P(L,Ai41,Giv1).
( ]) Ail—A; (LA ]+l) Ai1—A; (Ain ]+1)
At last, the jump condition is achieved through combining (2.19) and (2.20) to find the optimal with-
drawal and maximize the function .

62



CHAPITRE 2. OPTIMAL BEHAVIOR STRATEGY IN THE GMIB PRODUCT

Similarity and dimension reduction

An important feature of the contract value is that it exhibits good scaling properties in the Black-
Scholes case. We can easily verify that the solution @(¢, A, G) of PDE (2.15) with boundary conditions
(2.17) and event conditions (2.18) verifies

D(1,8A,8G) =82(1,A,G)
for any scalar ¢ > 0. Therefore, choosing & = 1/G we obtain

d(t,A,G) =GP(t, %, 1) = Gdp(t,A),

where A = %. It means that we need only solve the corresponding equations for the one-dimensional
function ¢ defined in the following :

— Between two consecutive withdrawal dates (¢,,—1, t;) ¢ follows the PDE
1 5. -
Db+ EazAzaAA(b +(r—aMAdz ¢ - aCOp - rp=0 (2.21)
— At the anniversary dates f,, the jump condition is explicitly expressed as the following :
bt Ar, Yn) = myax(hl(?)cp(r,:, ho By, V) + Pa¥n+ Pro1aD(t5, Ay, 1)

where the functions /; and h, are a reduced version of the account value and benefit base evo-
lution at the anniversary dates, and are defined according to different cases :

1. Roll-up only case:

- 1+n-y, if  yu,=n
MW= 1 b Asy,s
- >

At 3

8 g, i Yas=n

ha (V=4 A-y. . -
1-L0 =Yn>

2. Ratchet only case :
I (y) =max(A=¥n1- =)
h2(¥) = min(1,A)

3. Reset case (Roll-up + ratchet) :

- maX(A_?nyl‘*'n_?n) if Yn<=n1
hi(y) = — S

max(A—¥,,1- Y"A‘“) if A

| min® o) i Y=
2(Y)= min (1, A_Y\?_’;) if A=y,>
-7

It can be easily verified that PDE (2.21) does not depend on the benefit base since the latter is constant
between two consecutive withdrawal dates ¢, _, and t,,. Therefore, the resolution of the two-dimensional
problem can be reduced into a one-dimensional problem. This is particularly useful when adding
more stochastic variables like stochastic volatility and/or interest rates.
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2.5 Results

The main goal of this study is to assess the behavior risk of a given GMIB product, in case policyholders
maximize their expected cash flows. Through optimal withdrawal amounts, or IB election, the insurer
is concerned that his product may lead to "undesirable" policyholders behaviors. Given a state of the
universe in a future time, and a set of up-front fixed hypotheses (management and guarantee fees,
interest rates and volatility), the optimal framework allows us to predict these behaviors through the
stochastic control problem detailed in previous sections. As of the product, we consider Retirement
Cornerstone©commercialized by AXA U.S. The product hypotheses usually change to account for a
new financial environment or customers needs.

We choose two close variations of the product launched in the last decade, which we call them res-
pectively, Product A and Product B. These are two GMIB products to which a death benefit (DB) can
be added, i.e. Product A-DB and Product B-DB. The parameters values are given in Table 2.5 :

Parameters Product A | ProductB
Policyholders initial age xj 60 60
First date for IB election 10th 10th
Last age for IB election 85th 95th
Last age for DB if any 95 95
Interest rate r 2% and 4% | 2% and 4%
Volatility o 20% 20%
Roll-up rate n 6% r+1%
Initial premium Ay $100,000 $100,000
Total fees & = a® + a© 3.5% 3.5%

TABLEAU 2.5 — Model parameters

We compare these variations for roll-up and reset, with and without death benefit. We conduct the
experiments to illustrate the following :

— DPolicyholders rational behavior for Products A, B, A-DB and B-DB based on the two dimension
approach, giving the withdrawal surface as a function of the account value A and benefit base G,
for two different interest rate values, in four different periods in time. We also give withdrawals
as a function of the moneyness A/G based on the dimension reduction approach.

— Policyholders rational behavior for different values of the volatility o = {10%, 20%, 30%, 40%)}.
— The contract initial value as a function of interest rates for Product A-DB.

— The contract initial value as a function of the total fees.

Overview of the policyholder behavior
Roll-up only case

First, in Figure 2.2, we present the withdrawal amount surface as a function of the account value A and
benefit base G, for Products A and A-DB with roll-up only for fixed times ¢ =3,13,23 and r =2%, 4%.
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As afirstremark, the guaranteed account must be higher than the account value for the policyholder to
stay in the contract. Depending on the moneyness, he or she can choose not to withdraw, or withdraw
the guaranteed amount. The IB election (using the guaranteed account) is left at maturity or for very
small account values. These finding are actually confirmed in Figure 2.3 where we give the withdrawal
strategy as a function of time  and moneyness A/G based on the dimension reduction scheme.

Product A

r=2%n=6%,DB=1 i r=4%,n=6%,DB =1

AlG
A/G

0.5

5 10 15 20 25 5 10 15 20 25
t t
r=2%,5=6%,DB =0 ) ) r=4%,n=6%,DB =0

1.5
’

o
0.5

<
0
05

FIGURE 2.3 - The withdrawal strategy y = é as a function of time ¢ and moneyness A/G

Based on Figures 2.2-2.3, we can point out the following remarks :

— There is a wider range of guaranteed withdrawals for r = 4% compared to r = 2%. It tells us that
for a roll-up rate as high as 6%, the policyholder tends to wait for the benefit base to increase at
this rate in a low interest rates environment instead of draining the subaccount and guaranteed
account.

— The death benefit increases the expected cash flows in the future, which is also a motif for the
policyholder to wait.

— The IB election indexed on the guaranteed account is only expected to happen in the absence of
a death benefit. Even in such case, it only takes place closer to the maturity of the product and
for small account values. Actually, the ratio ZgLZ is not very favorable for the insured, and he or
she would rather start withdrawing the guaranteed amount few years earlier.

66



CHAPITRE 2. OPTIMAL BEHAVIOR STRATEGY IN THE GMIB PRODUCT

— Actually, fees are quite high so the account value usually drops quickly. This restricts the analysis
to A/G relatively small.

Note that reducing the dimension allows to increase the speed of calculations.
Product A was launched in a period where interest rates where around 4% which justifies the choice

of a 6% roll-up rate. Given the behavior expressed in the Figures 2.3, the actual interest rate level may
seem quite high and the product more interesting for the insured than the insurer.

Later, Product B was launched with reconsidered assumptions. The roll-up rate becomes indexed on
the short term interest rates with a spread of 1%. The insurance company attracted the costumer by

setting a longer limiting age to annuitize (until the policyholder’s 95th anniversary). In Figure 2.4 we
give the policyholder behavior in time as a function of the moneyness.

Product B

r=2%n=3%DB=1 " r=4%,n=5%DB=1

A/G
AlG

10 20 30
t

10 20 30
t

r=2%,7=3%,DB =0

0 30

r=4%,n =5%,DB = (

2

A/G
A/G

10 2
t

FIGURE 2.4 — The withdrawal strategy as a function of time # and moneyness A/G

While the behavior remains very close, we can however notice that in the absence of the death benefit,
partial withdrawals disappear, the likelihood of the IB election is higher for low interest rate, and left
until the last years for higher interest rate. Moreover, the likelihood of recovering the account value
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is higher than in Product A. In the presence of a death benefit withdrawing the guarantee becomes
interesting around the 20th anniversary of the contract, while an IB election is exercised at maturity.

Reset case

Ratchets allow for the benefit base to be set at the account value level when the latter is higher than
the previous benefit base level. Combined with the roll-up, we have the reset which is a very attractive
feature for policyholders who are interested in the stochastic performance of stock markets, but at the
same time want to have a guaranteed minimum performance. We present in Figures 2.5 and 2.6 the
results related to products A and B with and without death benefit for the previous interest rates and
roll-up values. In this case, the insured sticks with guaranteed or zero withdrawals for most time, and

Product A

) r=2%,7=6%,DB=1 ) r=4%,n=6%,DB =1

1.5 1.5
e ¢
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0.5 0.5
0 0
B 180 15 20 25 5 10 15 20 25
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) r=2%,15=6%,DB =1 ) ) r=4%,n=6%,DB =(
1.5
1:5 1.5
1
% %)
g 0.5
= 1 < 1
0
0.5 0.5
-0.5
0 -1 0
5 10 15 20 25 5 10 15 20 25
i t

FIGURE 2.5 - The withdrawal strategy as a function of time # and moneyness A/G

tends to elect the income benefit in the last anniversary date if the account value is low ,and recover
it otherwise. The reset is very costly for the insurance company, however, fees are quite high for this
product and the ratchet takes place only at early dates since the account value is brought down by the
fees rate.

In what follows, we will focus on the roll-up only case in an attempt to analyze the impact of some
key parameters in the pricing and expected policyholders rational behavior for these products.
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Product B
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FIGURE 2.6 — The withdrawal strategy as a function of time # and moneyness A/G

The impact of volatility

The volatility level assumption is very important for variable annuities in general and the GMIB pro-
duct in particular. Based on Product A for the hypothesis used above, we compare two levels of vo-
latility (which we can compare to the 20% volatility case given in Figure 2.3). We can see in Figures
2.7 and 2.8 that the lower the volatility, the earlier guaranteed withdrawals start. Moreover, the lapsing
likelihood is also higher. This means that, the more uncertain are markets, the more the policyholder
tends to withdraw money from his account. On the other hand, the IB election does not seem to be
affected.

Roll-up rate and fees

There is a trade-off between roll-up rate and fees. The roll-up is the mechanism that ensures the poli-
cyholder a minimum return, which can be higher than the money market. However, to be able to pro-
vide interesting roll-up rates, insurance companies need to be hedged from uncertain interest rates.
In this sense, they use for example swaps. Therefore, they need to collect fees that at least allow for a
fair pricing for the contract, i.e. such that the paid cash flows equal the premium. On the other hand,
high fees can have a perverse effect. By decreasing the subaccount value, especially in periods of low
performance, present collected fees reduce future potential ones. On the long run, combined with
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FIGURE 2.7 - The withdrawal strategy as a function of time ¢ and moneyness A/G for o = 10%

guaranteed withdrawals, the income benefit can be elected by bringing the account value to zero. Mo-
reover, when the the account value falls to zero, the insurance company can no longer collect fees and
starts to pay the guarantee.

In Figures 2.9, we compare the value of the contract at inception for different parameters of Product B
as a function of total fees. The fair price corresponds to ((0,Aq) = 1. We see that the contract is under-
priced with death benefit. The fair fees would be as high as 7%. Without the death benefit, they are
around 3% which is close to the rates applied by the insurance company. In Figure 2.10, we conduct
a similar test by varying the roll-up rate for Products A, A-DB, B and B-DB for r = 2%. We notice that
¢(0,Ag) = 1 corresponds to a roll-up rate that is close to the interest rate except one of the products.
Indeed, Products A, A-DB and B-DB are under-priced for the features they provide. On the other hand,
the insurance company was conservative in the roll-up rate assumption for Product B which allows it
to be profitable even for the worst case scenario. Of course, insurance companies do not expect (and
hope not) that all policyholders follow an optimal behavior. However, prudent hypotheses can prevent
from important losses. Including a proportion of policyholders that are likely to behave optimally is
one of the solutions. Note that the GMIB product is less risky than the GMWB in that the annuity factor
is defined with conservative assumptions.

70



CHAPITRE 2. OPTIMAL BEHAVIOR STRATEGY IN THE GMIB PRODUCT

r=2%,n=6%,DB=1

A/G

5 10 15 20 25
t

r=2%,n=6%,DB =10

A/G

—_

o =30%

r=4%,n = 6%, DB = 1

2 2
15 _ 15
e 1
0.5 | 05
0 0
5 10 15 20 25

t

r=4%,n=6%,DB =0
1.5

2 2
15

1
: 05

0
05

-1

5 10 15 20 25

AlG

0.5
0

t

FIGURE 2.8 - The withdrawal strategy as a function of time f and moneyness A/G for o =30%

71



CHAPITRE 2. OPTIMAL BEHAVIOR STRATEGY IN THE GMIB PRODUCT

0.8

r=2%DB=1
r=4%,DB =1
r=2%,DB =0
r=4%,DB =0

FIGURE 2.9 — The contract value at inception as a function of the total fees & for Product A with and without DB

for r=2%,4%

0.02

0.04

0.06

0.16

0.8 |-

0.6

Product A
Product A-DB
Product B
Product B-DB

FIGURE 2.10 — The contract value at inception as a function of the roll-up rate 1 for Product A and B with and

without DB for r =2%

0.01

0.02

0.03

0.04

0.05

0.06



CHAPITRE 2. OPTIMAL BEHAVIOR STRATEGY IN THE GMIB PRODUCT

2.6 Conclusion

In this work, we analyzed the optimal behavior of a policyholder entering a GMIB contract combined
with a death benefit guarantee. The solution is based on a optimal stochastic control framework in a
Black-Scholes framework, and solved numerically using recursive dynamic programming techniques.
Considering only the account value varies between two anniversary dates, we used finite differences
methods and a linear search for the optimal withdrawal to maximize the expectation of discounted
future cash flows. Such calculations give an optimal withdrawal function that depends on time, ac-
count value and benefit base. Taking advantage of the good scaling properties provided by the contract
payoff and the asset price, we are able to reduce the dimensionality of the problem to time and mo-
neyness, making calculations faster and results interpretation easier.

The policyholder’s optimal behavior corresponds to the worst case scenario for insurance companies.
Therefore, even though insurers are not expected to behave optimally, a good insight of how they may
act in case they do, given a market environment, can allow insurers to be more effective in pricing
and hedging their products. We find that the optimality consisted mainly in four choices; zero with-
drawals, guaranteed withdrawals, lapse and IB election. We presented these results for two different
products before analyzing the impact of some of the contract key parameters.

Finally, these results can be used as a guide to practitioners in the design of new products where a
particular client behavior is desired. The model can be used to compute the fair withdrawal fee with
hedging purposes. In particular, we find that these products are under-priced in case of a optimal be-
haviors, as it was already mentioned by [130] in the case of GMWBs.We believe that understanding
policyholder behavior is a critical concern to the future of life insurance business, and due to its im-
portance, further research is required.
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Chapitre 3

iCPPI and Gap Risk

Abstract— Individualized Constant Proportion Portfolio Insurance (iCPPI) products are attractive al-
ternatives to traditional unit linked products offering a guaranteed minimum return, such as variable
annuities. They offer high potential returns whilst limiting the downside risk by implementing a dy-
namic allocation strategy between risky and risk-free assets tailored to the risk attitude of the bene-
ficiary. But performance evaluation of iCPPI products should not rely on the unrealistic assumptions
of continuous market price variations and continuous rebalancing of asset allocations. We adopt a
more general and realistic price jump model and examine several dynamic strategies as well as gap
put options to mitigate the risk that the value of the product falls below the guaranteed minimum.

Keywords : CPPI; dynamic multiplier; jump processes and gap risk; vanilla and gap options.

3.1 Introduction

Increased market volatility and falling interest rates triggered by the 2008-2009 financial crisis redu-
ced the performance of traditional long-term investment products, increased their risks and, where
applicable, their capital requirements. In this context the new iCPPI products provide an attractive al-
ternative to many traditional long-term investment products offering a guaranteed minimum return,
such as variable annuities, for several reasons : lower exposure to uncertain volatilities and extreme
market price movements, lower costs, and lower regulatory capital requirements, to name a few.

Already, with rising life expectancy, current provisions for retirement may not be sufficient for many
people to secure acceptable life standards after retirement. To achieve sufficiently high investment
returns, together with low risks over the long term, funds should remain invested in stocks and other
risky assets as well as in the safer bonds over an extended period well into retirement. The design of
long-term investment products should also reflect the requirements and risk attitudes of individual
investors.

Constant Proportion Portfolio Insurance (CPPI) is the name given to an investment strategy that pro-
vides a minimum guaranteed return, the “floor” (usually defined as the discounted value of a final
capital guarantee) and aims to maintain, at all times, an exposure to a risky asset equal to a constant
multiple of the “cushion” defined as the excess value of the fund above the floor. The final capital gua-
rantee and the multiplier are chosen to satisfy the risk attitude of the investor.

Assuming the risky asset follows a geometric Brownian process, constant rate for the risk-free asset,
and continuous relancing with no transaction costs, the CPPI payoff is optimal for an investor with
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a risk tolerance coefficient varying linearly with wealth, see [29], [125], [140]. Specifically, the CPPI
payoft is equal to the floor plus a cushion value which is proportional to asset price power the multi-
plier. The floor and multiplier are chosen according to the two parameters of a HARA utility function
to maximize the expected utility of the investor. Additional advantages offered by CPPI strategies over
more traditional investments with minimum guaranteed returns are : price transparency, open time-
horizon, no early redemption penalty, wide range of alternative investments for the risky asset, and
flexibility to add other guarantees such as ratchets (see I1.1.4).

iCPPI is a CPPI strategy adapted to evolving individual needs and market conditions. The floor and
multiplier are modified accordingly. Thus iCPPI may combine most of the advantages of CPPI with
the need for flexibility and enhanced risk management.

ICPPI providers (typically, an insurance company) face many challenges in the implementation of
the dynamic strategy that replicates the guaranteed payoff. Adjusting the risky asset/ risk-free asset
allocation can take place at discrete times only, there are transaction costs, and risky asset prices may
jump. Thus, there is a difference between the theorical value of an iCPPI strategy under hypothetical
assumptions, and reality. In particular, there is a positive probability for the value of the fund to fall
below the guaranteed floor. We call such shortfall the gap risk.

The analysis of the gap risk has often been limited to simple conditions to preserve analytical trac-
tability :

— Unrealistic modeling of the risky asset price market including continuous price dynamics, zero-
cost trading and unlimited liquidity.

— Simple parameterization of the CPPI strategy such as constant capital guarantee and multiplier.
— Simplistic rebalancing strategies such as constant frequency.

As aresult, the iCPPI offers a mechanism that takes advantage of the specific advantages of both stocks
and bonds, while complying with growing needs of flexibility as experienced by policyholders.

However, the implementation of iCPPIs at insurance companies levels suffers from a number of ope-
rational constraints on the asset management : the rebalancing occurs through regular albeit discon-
tinuous (at most daily) checks between the insurance company and a bank; depending on the design
of the iCPPI and the discontinuous rebalancing frequency, the magnitude of the earnings at extreme
risk may require the externalization of the gap risk management to the bank. As a result the main is-
sue experienced by the insurance company remains to minimize the downside risk and keep control
of the gap risk, which involves three main challenges : This article extends previous analyses of the
gap risk by introducing :

— Price jump dynamics
— A dynamically adjusted multiplier

— Advanced rebalancing strategies, vanilla and gap put options to mitigate the gap risk

3.1.1 A briefreview of the literature

CPPI as a mechanism falls within portfolio management techniques which ensure a lower bound on
the portfolio value at a given maturity. In theory, one can have protection against unfavorable market
scenarios for some asset by investing in a put option with strike equal to the desired lower bound. This
is known as the option based portfolio insurance (OBPI) and was introduced by [116] and [41]. Howe-
ver, the put option needed to perform this protection may not be available in the market, for example
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if the investment horizon is long. And even though one can replicate the payoff of the put option by
trading the asset and the cash, such replication is costly and imperfect.

The CPPI was introduced by [140] and [29]. Its wide use in the financial industry, see [138], brought a
lot of attention. Typical buyers are large individual investors and institutional investors such as pen-
sion funds. The main topics the literature on the CPPI covers are : limiting its risk, developing hedging
techniques to cover the remaining risk, and the behavior of the CPPI.

[26] defined an upper bound for the multiplier m such that the investment in the risky portfolio is
maximized under the gap risk must stay under a certain limit. [45] extended the calculation of the VaR
and GVar of the CPPI portfolio. [144] and [57] on the other hand, contributed in extending the CPPI in
order to build a protection against the small but existing gap risk. The price and size of such protection
is model-dependent and will depend on the probability of hitting the floor. Finally, [26] and [84] study
in detail the behavior of the CPPI strategy under specific conditions for the underlying asset. [26] for
example considered the case where the underlying risky asset of the CPPI fund is an index or a basket
of indexes. They used a Multivariate Variance Gamma (MVG) model for a series of correlated spreads
to price the CPPIL.

3.1.2 Review of CPPI mecanism basics

Consider at time ¢ a risky asset (e.g., a share) with price S; and a risk-free asset (e.g., a Treasury bond)
with price B; returning a constant rate r. The CPPI fund is invested into these two assets so that part
of its value, called the "floor" Fy, , is guaranteed whilst the excess value above the floor, called the
"cushion" C; =V;—F;, remains exposed to the risky asset price fluctuations. At any time, the exposure
to the risky asset, e;, is kept at a constant multiple, m, of the cushion, that is :

e;=mCy

The rest of the value of the fund is invested (or, if negative, borrowed) at the risk-free rate (Note that
the exposure e; may be acquired at no cost if using an off-balance sheet instrument such as a future,
which may be advantageous because of liquidity and low transaction costs). The floor is often chosen
to increase over time at the risk-free rate (it could not be made to increase faster indefinitely), that is :

F,=Fpe'!

In theory, when the risky asset price follows a geometric Brownian motion, and with continuous, zero-
cost rebalancing (Black-Scholes conditions), the value of the cushion is path independent and propor-
tional to S} In other words, it is the value of a power option. It is convex when m > 1 (like a long call
option), linear when m =1, and concave when m < 1, like a short put option. But unlike standard call
and put options there is no need to fix an expiry date, a CPPI strategy is open-ended. Under the above
assumptions, the value of the cushion would never fall to zero; in practice, if it does fall to zero or
below zero (e.g., because of a price jump or of discrete rebalancing), the entire fund is monetized, i.e.,
is entirely invested in the risk-free asset, and the product provider must make up the shortfall to deli-
ver the floor value. In practice there may also be other constraints such as no borrowing or additional
features such as ratcheting up the floor. In those cases, the path independency and open-endedness
of the product are lost and the payoff profile becomes more complex.
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3.2 Methodolody

3.2.1 CPPIlin theory and practice
Continuous-time framework

The risky asset S is defined by the diffusion equation dS; = uS;dt+ oS;dW; where W is a standard
Brownian motion. The previous hypothesis for the risk-free asset are kept. In such context, and as-
suming continuous time CPPI, the cushion C is log-normally distributed with drift m(u—r)+ r and
volatility mo :

20.2

Ct=C0exp((m(p—r)+r— )t + mcht)

and the portfolio value V has the path independent expression :

20_2

VtZFt+(V0—F0)eXp((m(p—r)+r— )t + mGWt)

However, such assumptions are unrealistic and not consistent with market practice. To remedy these
unrealistic hypothesis, two alternatives are studied : modeling in a discrete-time framework and in a
Lévy framework.

Discrete-time CPPI

In practice the CPPI is rebalanced in discrete time, where the shortfall probability is no longer equal
to 0, which implies to monetize more often.
A sequence of equidistant refinements of the interval [0, T] is defined :

O={tH=0<... <iN_1<In=T}

where t,le - t}j = % for k=0,...,N— 1. The number of shares is constant on the intervals | ¢;, t;+1]. Let
ts := min{ty € O|Vy, —F; < 0}. The first time the portfolio value touches the floor. The discrete-time

cushion follows the equation :

ka — er(tk+1_min{tsrtk+l}) (Vt@ -F;) H
+1 0 0

min{s,k+1}
(m
i=1

or recursively :

S; I .
Crlm=&—-—m-1e'~| ifC, >0,
sz{ s ) e (3.1)

Cye'~ ifC;, <0.
Vi, is given through the relation V;, =Cy, +F,.

To comply with the CPPI algorithm and respect practical constraints, the number of shares of the
risky and safe assets (a and p) are as follows :

. mC V
— oy =min|max —t’C,O ,i .
k Sty Si;
_ Vy oy Sy
_ Btk——Btk .

When adding transaction costs, they are taken as a proportion of the change in the risky exposure, i.e
o (ay — oy ) x Sy,. So at time [, the number of shares of the risky asset will be reduced to :

Oy =ay — oy, — oy | xnb of bps
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The CPPI capital guarantee is ensured, as long as the bond floor is not breached through enabling to
fully invest the portfolio into the non risky assets.The probability of breaching the floor is defined as
the probability that the portfolio value falls below the floor, i.e PEF.—pP(Vr<G) =P@re[0,T]:V,<F)).
The local shortfall probability is the conditional probability defined as: Pi*F =P (V;,,, <Fy,, |V, >Fy,).
BF _ =N LBF

The two are related as follows P°* =1 — Hi’:l a- Pt,~,t,~+1)'
This probability which was equal to zero in the continuous Black-Scholes model, is now greater than
zero. Assuming the portfolio did not breach the floor up to i, the probability of breaching the floor at
tx+1,1s that of a downside jump in the risky asset of more than about 1/m. Its mathematical expression
is:

I;SE -p Stin < m_ler§ ,

DHbi+l S 1 m

where the evolution of the risk-free part with rate r is taken into account.

The backtesting is based on the period Q1-2006 to Q4-2010 on S&P500 index. Simulating paths (N=10,000)
in the Black & Scholes model is made using the 3-month realized volatility based on the standard de-
viation (see Figure 3.1), a constant asset return p = 8%. The rate of the risk-free asset is r =4%. Three
rebalancing frequencies are being compared regarding the distribution of the final portfolio value
(daily, weekly and monthly), with the following assumptions :

— Initial investment/Guarantee : $100, and $100
— Duration : 5 years

— Transaction costs : 10 bps

Buy & Hold Strategy CPPIwith m=3 CPPIwithm=6
Daily | Weekly | Monthly | Daily | Weekly | Monthly
Mean 126.97 123.31 | 122.39 119.75 124.10 | 124.87 125.01
Std-Dev 7.18 31.58 32.66 36.86 42.62 43.88 48.10
95% quantile 116.90 100.48 | 99.98 97.01 99.99 99.13 89.69
99.5% quantile 113.42 100.02 | 99.88 91.47 99.98 95.20 74.28
5% quantile 140.21 194.37 | 195.23 197.94 | 216.51 | 218.50 225.46
0.5% quantile 150.63 266.47 | 284.07 282.58 | 291.49 | 293.75 311.46
Rebalancing cost 0.01 0.91 0.44 0.26 0.78 0.46 0.31
pBF 0 0.0018 | 0.0947 | 0.5289 | 0.2016 | 0.5730 | 0.6555

TABLEAU 3.1 — Final value metrics : Buy & Hold strategy vs CPPI with m =3 vs CPPIwithm =6

The CPPI strategy under daily rebalancing performs better against a bear market than the weekly and
monthly ones due to its reactiveness to decrease the risky exposure whenever needed. With such fre-
quency, the guarantee is almost ensured; the less frequent we rebalance the more we are exposed
to breaching the floor (as illustrated by fatter left tails (see Figure 3.2 bottom, right). The backtesting
(Figure 3.2 top) and Table 3.5 illustrate the following remarks :

— In periods of mild market conditions, transaction costs negatively affect the performance of a
daily rebalancing, although not to a significant extent.

— During a market crash, the three strategies monetize, with the daily rebalancing having less
losses than the two others.

— The empirical probability of breaching the floor decreases when the rebalancing frequency in-
creases.
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— The cost of rebalancing increases with the frequency and with the multiplier. However, in our
results, the cost of daily rebalancing for m = 6 is lower than the one with m = 3. This is explained
by the fact that such a high multiplier allows for a total risky exposure and thus no rebalancing
reducing the cost.

When comparing different strategies (Buy & Hold, CPPI with m = 3 and m = 6), we have the following
results :

— The Buy & Hold strategy has higher expectation and lower standard deviation (table 3.5). This
is mainly due to the low exposure to the risky asset. Its performance is highly correlated to the
non-risky return (chosen to be 4%).

— The 5% and 0.5% quantiles show that the CPPI with m = 6 has a larger right tail and thus, per-
forms better than the two others in bullish market. This remark is also illustrated in Figure 3.8.

Daily rebalancing almost prevents the bond floor from being breached, which ensures the capi-
tal guarantee at maturity. However, constant volatility and log-normal distribution modeling are not
consistent with empirically observed jumps during extreme market moves likely to breach the bond
floor. In order to relax these unrealistic assumptions, jumps are thus added through Lévy processes as
developed in the next section.

Adding jumps
We assume that the process of the risky asset follows a Lévy process :
ds
=2t _ a4z "
St

where Z is a Lévy process. The risk-free asset F; is still deterministic.

Let T = inf{t : V; < B;} the time where the portfolio value is fully invested in the risk-free asset. Un-
til T the actualized cushion (C; = %) is as follows : C; = Cj&(mL),, where & denoting the stochastic
exponential :

E@) =2 121 [ (1+AZye A%,
s=1, AZ 0

which gives us the portfolio value :

v _{ vifi+(2-1)gonn)} vesr,
. Ve 0 ifr>1.

The probability of breaching the floor can be expressed as :

1
PEF-p@3re [O,T],Vtth):l—[P(Vt, AL, < —),
m

-1/m
PBF =1 —exp (—T/ V(dx)),

(e.0]

which is illustrated by the fact that the number of downside jumps of size more than # follows a Pois-
son distribution with intensity Tv(—oo, —1/m).

For computation tractability, we choose the double exponential Kou model, see [112]). Under the risk
neutral probability, the risky asset is modeled as follows :

ds; Ne o
Sf:pdt+0dw+d Ze'—l )

t i=1
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where W is a standard brownian motion, N is a poisson process with rate A, the constants p and o >0
are drift and volatility of the diffusion part and the jump sizes {Y;,Y>,...} are i.d.d random variables
with a common asymmetric double exponential distribution of density :

RO =A=pn*e M 20+ pne My,

where n* is intensity of positive jumps while n~ and p are the intensity of negative jumps and the
probability of their occurrence.

Under this jump model, and assuming a continuous rebalancing frequency, the probability of brea-
ching the floor takes the following form :

1 v
PBE =1 —exp(-TpA(1 - —)”l)-
m

We substitute the Black-Scholes framework with the Kou model which we calibrate on implied volati-

lity smile (between 2006 and 2011 for a 1-month implied volatility on a weekly basis !). We carry out

the calibration by minimizing the quadratic error :

9 2
(Cti (T» Ki)Market - CI;OH(T, Ki» o, p) T]+, n_) A)) )

=1

1

where T is 1-month maturity, nine strikes K; from 80 to 110 and (p,n*,n7, A, 0) are the jump parame-
ters (more details about . We give different statistics for these parameters in Table 3.2.
In order to avoid instability in parameters, we chose several starting points and set boundary condi-

Average | 5% percentile | Std-Dev
p 0.64 0.84 0.24
n* 0.16 0.28 0.06
n- 0.15 0.28 0.07
A 0.62 2.44 0.12
o | 18.29% 29.64% 0.08

TABLEAU 3.2 — Average, 5% percentile and standard-deviation of the Kou model parameters estimated from the
option data between 2006 and 2011

tions. An example of the result on the calibration is shown in Figure 3.4.
A few remarks on the calibration can be made :

— Since the upward-sloping part of the smile is very small, the positive jumps are hardly calibra-
ted in a reliable manner. However, the pricing of the gap option (section I1.2.2) only needs the
negative jumps intensity (i.e the downward-sloping part of the smile).

— The calibration is better on close-to-maturity options (as mentioned in [152]). It allows a better
capture of instantaneous jump.

— The calibrated parameters will be used for hedging gap risk in the last section.
Figure 3.5 compares different discrete rebalancing frequencies with a jump modeling :

— Even for daily rebalancing, breaching the floor is unavoidable with the same probability as the
two other frequencies.

— The three rebalancing frequencies give similar results when taking transaction costs into ac-
count.
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Kou model
Daily | Weekly | Monthly
Mean 146.28 | 147.10 147.57
Std-Dev 52.84 52.93 53.11

95% quantile 92.19 92.21 92.03
99.5% quantile 59.38 59.08 59.23
5% quantile 238.13 | 238.67 23941
0.5% quantile 349.41 | 350.92 350.37
Rebalancing cost | 0.92 0.45 0.26

TABLEAU 3.3 — Performance of the CPPI for different models and rebalancing frequencies

The previous illustrations show that both the frequency of the rebalancing and the modeling affect the
final value. The two metrics previously defined for different modeling assumptions

— The local probability of breaching the floor :
P8 =P (Vy,, <Fy, |V, >F).
— The overall probability of breaching the floor :
PBY.=P@re[0,T]:V, <Fp) =PV <Fp).

— For Black-Scholes model in discrete-time rebalancing :

T 1,27
pLBF _ 4 _ZOg(%)"'(P‘_r)N_EOZN

Liytiv1

(0}

zZ|=

and

T M titin
i=0
— For Kou jump process in continuous time :
BF 1L
PP =1-exp|-TpA(l——)"|.
m

— Results depend on the model parameters and discretization time step :
— Gap risk goes to 0 as the rebalancing tends to be more frequent

— When considering a discontinuous path (jump models), even in continuous rebalancing
the gap risk value > 0

Impact of the ratchet feature

The ratchet feature is used by insurance companies to attract investors as it periodically locks in pro-
fit, see [43] and [9] for more details : at anniversary dates the guarantee is set to the highest value so

1. Implied volatilities are collected from Bloomberg dataset. The calibration is performed weekly.
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Model | Frequency | PBF

Monthly 9,07 x107°
B&S Weekly 1,2x 10710
Daily ~0

Kou Continuous | 0,000410

TABLEAU 3.4 — The probability of breaching the floor for different models and rebalancing frequencies.

far. The guarantee G becomes a time dependent function.

Vo ift=0
Gt = maX(Gt;gil,Vt;) ift= t;
G if te (e, er, ).

The bond floor is then defined as F; = G,e~"T~9,
This feature has advantages and drawbacks. Locking-in the cash will ensure a higher guarantee but
also reduces the cushion, the risky exposure and thus the upside potential risk.

The main results from figure 3.6 are :

— The mean and standard deviation of the final value increase with the rebalancing frequency (see
table 3.5). This is justified by the path dependency of the guarantee which has a larger distribu-
tion with higher rebalancing frequency.

— The quantiles on the two tails of the final value distribution increase with the rebalancing fre-
quency, while the distribution is shifted to the right with narrower body.

Without ratchet With ratchet
Daily | Weekly | Monthly | Daily | Weekly | Monthly
Mean 123.82 | 124.26 124.17 145.46 | 143.01 134.03
Std-Dev 41.96 43.29 47.25 100.08 | 81.75 45.60

95% quantile | 99.99 | 99.68 90.88 | 100.61 | 100.53 | 99.99
99.5% quantile | 99.99 | 97.57 77.84 99.99 | 99.94 98.27

5% quantile | 214.18 | 216.42 | 222.23 | 268.74 | 261.73 | 219.52

0.5% quantile | 289.15 | 292.33 | 314.58 | 700.97 | 603.28 | 359.59
pBF 0.11 0.47 0.64 0.11 0.48 0.84

TABLEAU 3.5 — Final value metrics : Comparison between a CPPI without and with the ratchet feature

Consider the stopping time T as the first time the portfolio value breaches the floor which does not
depend on the bond floor level. The distribution of T is the same in case of adding the ratchet, i.e. the
probability of breaching the floor is not usually affected by the ratchet feature in theory. However, in
our simulations, this probability in higher for the monthly rebalancing. This might be

3.3 Mitigating downside risk : Preventing from breaching the floor

3.3.1 Adjusting the multiplier to market conditions

By focusing on managing returns in downside markets, CPPI effectively manages portfolio volatility.
Over the 5-year data (which included one bullish market, one bear market and a recovery), the CPPI
strategy resulted in a slightly lower return - but also a significantly lower volatility. Additionally, the
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worst one year return for the CPPI strategy was significantly less than that of the Index Portfolio.

The manager usually sets the multiplier at the beginning of the period. The risky exposure depends
then on the evolving cushion. As the probability of breaching the floor may surge in market crash, or
the manager might miss the subsequent market recovery, the multiplier needs to be adjusted accor-
dingly with the market conditions.

Afirstapproach to define a dynamic multiplier is the choice of the optimal m, deduced from the closed
form solutions for optimal payoffs, and optimal certainty equivalent returns (CERs) using HARA uti-
lities and log-normal distribution, see [142]. The authors give the following formula m* = n(u—r)/o?
(n here is the investor’s sensitivity of risk tolerance to wealth). A particular case is the growth optimal
leverage with n = 1 which is resulted in optimizing the growth rate of the leveraged strategy (cushion).

An alternative to the optimal multiplier is a Value-At-Risk based multiplier where investors choose
the confidence level according to their risk tolerance as well but focused on tail risks.

Based on the weight w? of the Value-At-Risk Based Portfolio Insurance (VBPI) introduced by [106],
and the expression of the risky exposure in both strategies (E; = m,C, = w}V,), the expression for the
multiplier at time ¢ is :

1
mis =
' 1-exp((u—r-302)(T-1)-2z,0VT—1)

Since the dynamic multiplier depends on both volatility and return estimates, in order to improve its
efficiency, 1 and o can be re-estimated at each time step. However, the estimation of the drift is hardly
accurate. Therefore, we will restraint the time dependency to the volatility. It will be re-estimated
through a 3-month sliding window to take into account different market regimes.

The two approaches offer an interesting alternative to constant multiplier which lacks flexibility to
market conditions. The comparison between these two approaches through a backtesting from 2006
to 2011, is illustrated in Figure 3.7. The focus on two periods (2006-2007 and post 2008 crisis), in Fi-
gure 3.8, illustrates that the VaR-based multiplier can perform better than the "optimal" one in bullish
market and recovery (e.g 18% return Q2-2009 until Q1-2011 vs 11% in the post 2008 crisis). In contrast,
during bear market, using the "optimal" multiplier (through m < 1) helps keep a relatively higher cu-
shion but misses the recovery as it doesn't allow a high leverage.

In order to allow to participate in the market recovery to a greater extent, the multiplier is adjusted
with a modified volatility estimator, either through a short-term exponentially weighted moving ave-
rage (EWMA with A = 0.94) realized volatility or an estimator based on implied volatility (of the strike
consistent with the latest market returns). For example, if the underlying jumped 5% downward, the
implied volatility with strike 95% will be chosen. For unavailable strikes, we use a linear interpolation.
This strategy starts reinvesting into the risky asset as soon as Q3 2009, resulting in a higher perfor-
mance by allowing the portfolio to capture more of the upside return when markets rebound. The
backtesting in Figure 3.10 illustrates that the new multiplier is more reactive when adjusting with the
implied volatility estimator. However, the 3-month realized volatility provides a higher multiplier and,
when considering transaction costs, leads a lower cost of management.

Finally, the fixed frequency rebalancing is switched to a trigger rebalancing which occurs when the
multiplier is out of a specific range chosen by the portfolio manager. In our case, on average the reba-
lancing frequency becomes every other day, which is consistent with the usual practice in CPPI asset
management. At the same time, the cost of rebalancing is cut by half in comparison to a daily rebalan-
cing (i.e. as low as a weekly or monthly rebalancing). Figure 3.11 illustrates the increasing performance
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specifically under a range-bound high volatility regime, e.g. Q1-Q3 2008.

Adjusting the multiplier dynamically allows it to be more reactive to market conditions and explicitly
dependent on the investor’s risk aversion. However, it does not totally annihilate the downside risk in
case of sudden jumps, where options may be useful to hedge those gap risks.

3.3.2 Hedging gap risks

The CPPI methodology will not necessarily protect the portfolio against a “black swan” event (such
as a market crash of 20% in one day). To the extent that asset allocation shifts are implemented via
underlying funds, the rebalancing trade can only occur at the end-of-day NAV. Even if futures are used
to implement shifts intra-day, there can be gap movements in the futures markets. This is where a
small gap risk protection sleeve can add value to the portfolio. To protect against such a “black swan”
event, it is important to already have put options on market indices in the portfolio.

Vanilla Put option

A simple hedging strategy for the CPPI through embedded option can be constructed using short
maturity put options. Touching the bond floor is mathematically equivalent to the cushion becoming
negative. Assuming the event hasn’'t occurred up to time t;, using equation (3.1), we have :

S
Ce., <0©mﬂ—(m—1)er% <0.

Ix

Hedging this risk is equivalent to forcing this quantity to be positive. This can be done by buying a
put option at each of the CPPI rebalancing period with strike (1 - %) e'NS 1, and as a maturity the CPPI
C
rebalancing frequency. To hedge the whole portfolio the manager needs a number of ms—f" puts, which
k
S
is the risky asset exposure. The discounted payoff in this case is e‘r%Ctk((m - l)er% - m%)ﬁ The
k
hedging cost at time #; can be written as :

Ct 9 1 T *
COSttk:mS_klE [((I_E)erNStk_Stkﬂ) .

Ix

Two approaches can be considered :

— The hedging costs (put prices) are deducted only afterwards from the portfolio value (which
allows an estimation of how much the hedge would cost). In this case, the cushion follows the
recursive relation :

St rt i
Cy =Cpx[m——+10-m)e'N
S

The cost of hedging can be computed as the sum of all put options prices necessary for the
hedging :

n—1 C 1 +
C=Y m%g? [((1——)e’§stk—s,k“) .
k=0 Stk m

— In practice, the price of the puts used for the hedge will be deducted from the portfolio value
at each step. This is translated in the second approach where the cushion dynamics follows the
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recursive equation :

S T\t
3

S T\t ’
9 ey T
) P

In Figure 3.13, we compare the effects of hedging using puts. We can notice the following :

— The guarantee is ensured and the manager no longer holds the risk of breaching the floor. Ho-
wever, once the put is exercised and the floor recovered, the manager needs to monetize in order
to keep the guarantee until maturity.

— In terms of distributions, the CPPI distribution with a put hedging is a truncation of the classical
CPPI where losses are cut (left tail limited by the guarantee).

Gap put option

An alternative risk mitigating action lies in the use of gap options which allow for a protection against
sudden significant and persistent downside market moves : if a gap event occurs between two conse-
cutive dates, the buyer receives the difference between the performance of the risky asset at gap
r= % —1 and the threshold J. In case of the CPPI, the proposed solution is a gap put option whose no-
tional is the risky exposure with strike ] = 1/m, where m is the multiplier. We give in the following the

main results for pricing of a gap option from [152]. We let the reader refer to the main article for details.

Suppose that the time to maturity T of a gap option is subdivided onto N periods of length & (e.g.
days) : h= % The return of the kth period will be denoted by RkA =Skn!Stk-1n-

Let a denote the return level which triggers the gap event and k* be the time of first gap expressed
inthe unitsof h: k* :=inf{k : RZ < a}. The gap option is an option which pays to its holder the amount
f (R",) at time hk*, if k* <N and nothing otherwise.

Assuming a deterministic interest rate r and an i.i.d log returns (RZ)I]j:1 and denote the distribution
of [ og(R?) by pj(dx). Then the price of a gap option is given by :

1-e " (f5° prdo)N
1—e'T [ py(dx)

p
Gp=e" f fe)ppldx)

with f:=1log(a) <0.
Itis complicated to obtain numerical results using this expression. Therefore, an approximate formula
is used.

Let us assume S; = SpeX’, where X is a Lévy process. Considering the hypothesis rh ~ 10~* and h — 0,
the following formula is obtained :
1—e " (f5° pn(dx)N

1—e 7T ffoov(dx)

p
Gy~ f fle")

Assuming a Kou model (for its tractability and simplicity in integration) and considering the put payoff
(i.e f(x)=(K—-x)"%). The price then becomes :

T(r+)\peﬁ’“7)

Apn” i 1= e

" T r+Apeb/n
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with p the probability that a given jump is negative, n~ its intensity and A the poisson process rate.
Moreover, for the CPPI we are interested in the payoff ((m — 1)e™" — msiﬁﬁ which is equivalent to
(Z=Le — x)* and thus, K= (1-1/m)e™""

The gap put option allows to cut the loss compensates for the loss as the portfolio value breaches the
bond floor. However, insurance investors holding a CPPI who want to hedge it with gap option may
face the following issues :

— The price of the gap option is usually sold higher than its theoretical cost for several reasons :

— The cost of the hedging the gap option for the bank may be quite higher because of the
illiquidity of deep out of the money options that replicate it.

— The replicating formula is tricky to implement and interpret, as significantly model de-
pendent (jumps multiple parameters, lack of robustness).

— Actually, the gap option proposed by the bank might have a different design and payoff from the
one considered for the hedge.

— The bank usually hedges the gap up to the first order only.

— The gap risk is borne by the bank only if there is some reconciliation by the insurance company
within 24/48 hours, out of which the insurer bears herself the gap risk. As a result, operational
risks are significant and represent a major part of the economic capital requirements (e.g. under
Solvency II framework).

Hedging strategies
Vanilla Put Hedge 1 | Vanilla Put Hedge 2 | Gap Option
Mean 136.97 133.35 134.98
5% quantile 218.70 215.40 217.00
0.5% quantilee 277.21 273.53 275.22
Hedging cost N.C 2.26 1.08

TABLEAU 3.6 — Final value metrics : Comparison between different hedging strategies

3.4 Conclusion

In this article we have presented a study of the CPPI as an insurance contract, a review of its theory
and practice as well as its modeling and hedging issues for a risk/return/cost perspective. The main
conclusions are :

— Continuous CPPI is only theoretical : given market frictions and the probability of not ensuring
the guarantee, all the more that jumps occur more than not.

— As aresult, jump processes are a valuable input for the CPPI modeling : they allow to catch a
probability of breaching the floor different than zero (even in the continuous-time framework;
[83] and [84] came up with the same conclusion) and therefor, detect, define and hedge gap risk.

— Correctly choosing and adjusting the multiplier dynamically significantly reduce the downside
risk according to a Value-At-Risk indicator : The multiplier decreases in period of turmoils redu-
cing the risky exposure and increases back during market recovery.

— Hedging the gap risk is possible through two types of options : Vanilla Puts and Gap Put options.
The first one is more common due to liquid assets, but the hedging cost may turn out to be too
expensive and the maturity too limited. The second type of options is less liquid (bought only
through an agreement) but is cheap.
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Price and volatility evolution for an investment on S&P 500: Q1 2006- Q4 2010
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FIGURE 3.1 - Evolution of an investment in the S&P500 for the period Q1 2006 to Q4 2010

Comparison between different discrete rebalancing
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FIGURE 3.2 — Backtesting and distribution of the three various rebalancing frequencies under B&S model.
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Comparison between different strategies: A focus on Q1-2006 to Q3-2007
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FIGURE 3.3 — Comparison between the Buy & Hold strategy, CPPI with m = 3 and CPPI with = 6 through backtes-
ting (S&P500)
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FIGURE 3.4 — Calibration of the Kou model using 1-month maturity call options price on the S&P500
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Comparison of different discrete rebalancing
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FIGURE 3.5 — Simulation and distribution of the three various rebalancing frequencies under Kou model.

Comparison between CPPI with ratchet feature and without
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FIGURE 3.6 — The figure on the top is a backtesting on the previous set of data to compare a classical iCPPI and
one with the ratchet feature. The three histograms on the bottom are those of the final value distribution for the
three different rebalancing frequencies on the iCPPI with ratchet.
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Real scenario price evolution
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FIGURE 3.8 — Focus on two bullish market periods where the CPPI with the VaR-based m performs better than

the optimal one
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Real scenario price evolution
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FIGURE 3.9 — Comparison between dynamic multiplier based on RV and on IV through backtesting
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FIGURE 3.10 — Comparison between dynamic multiplier based on RV and on EWMA through backtesting
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Test on simulated data
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FIGURE 3.13 — Comparison between no hedging and put hedging in its two approaches
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FIGURE 3.14 — Comparison between a vanilla and a gap option hedging
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Chapitre 4

On Optimal Options Book Execution
Strategies with Market Impact

Abstract— We consider the optimal execution of a book of options when market impact is a driver of
the option price. We aim at minimizing the mean-variance risk criterion for a given impact function.
First, we develop a framework to justify the choice of our impact function. Our model is inspired from
Leland’s option replication with transaction costs. The option effective price is then expressed through
a Black-Scholes like PDE with a modified volatility the depends on the size of the trade. We set up a
stochastic control framework and solve an Hamilton-Jacobi-Bellman equation using finite differences
methods. The simple expected cost problem suggests that the strategy is characterized by a convex
increasing trading speed, in contrast to the equity case where the optimal strategy results in a constant
trading speed. However, in this framework, the underlying price does not seem to affect the agent’s
decision. By taking the agent risk aversion into account through the variance, the strategy seems to be
more sensitive to the underlying price evolution, urging the agent to trade faster at the beginning of
the strategy.

Keywords : Market impact; option pricing; optimal execution; mean-variance; stochastic control;
HJB equation

4.1 Introduction

This chapter addresses the optimal execution of a large portfolio of options, from a starting compo-
sition to a specified final one, within a specified period of time. This problem was first introduced by
Bertsimas and Lo [27] in the context of a large block of equity portfolio. They define best execution as
the dynamic trading strategy that minimizes the expected cost of trading over a fixed period. Given
a fixed block of shares and a price-impact function that drives the execution price of an individual
trade - that depends on the traded shares and market conditions —, they obtain the optimal sequence
of trades. Their approach focuses on the expected cost and ignores the volatility of revenues for dif-
ferent trading strategies. Later on, Almgren and Chriss [7] work on a more general framework, using
the variance as a suitable penalty for the uncertainty of the cost. They developed the fundamentals of
the optimal execution under market impact constraints. Seventeen years later, this problem is still at-
tracting the interest of both practitioners and academics. Since then, there was a tremendous growth
in optimal trading algorithms, fueled by high frequency trading and powerful computer units which
increased market efficiency and decreased the free-lunch opportunities.
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4.1.1 Motivation

Derivatives can be used to hedge or to speculate, and many financial institutions include them as a
considerable part of their books, occupying a large proportion in their trading activity. Options are
common derivatives that allow making profit when market goes down or even sideways. However, the
most useful function of options remains the hedging against undesirable movements of an asset. Let
us take the example of an insurance company. Insurance liabilities are characterized by three main
features : long term time horizon, large volumes and significant market exposure. Given the market
uncertainties, the insurance company needs protection strategies in order to hedge its significant risk
exposure. In that respect, the use of put options is very common. Buying such hedging portfolios on a
significant scale requires taking into account the size of the transaction explicitly.

There is a large literature which develops various parametric models of derivative prices according
to the no-arbitrage theory, see [31] and [126]. Bates who surveyed this literature in [17], emphasizes
that it cannot fully capture the empirical properties of option prices. He concludes that there is a need
for a new approach to pricing derivatives that focuses on the "financial intermediation of the under-
lying risks by option market-makers", see [17]. In [34], Bondarenko addresses the "overpriced puts
puzzle" through studying the historical prices of the S&P 500 put options. He finds that their price has
been too high and incompatible with canonical asset-pricing models. Such mismatch is illustrative of
a potential equilibrium premium stemming from supply/demand imbalances, which is not explicitly
considered by traditional models. Trying to solve this dilemma, Garleanu and co-authors, see [85],
conduct an empirical work to develop a demand-based theory. In their approach, market makers who
incur higher unhedgeable risks will move the price up if the net demand is positive and down if it is
negative. Even though the equity options market is in zero net supply, negative net demand by the
end users in the equity options market, can be viewed as economically equivalent to the positive net
supply in the equity market. Another empirical study was conducted in [52] to determine the effect of
option and stock illiquidity on delta-hedged equity option returns. They present strong evidence on
illiquidity premium in option markets, using effective spreads on a large number of underlying firms
with intraday trades and quotes.

The theoretical literature also studied the impact of illiquidity of the underlying stocks on option
prices. In a frictionless, complete-market model, the price of the option can be replicated by trading in
the underlying asset and risk free bond. If the asset is subject to additional transaction/market impact
costs, this should affect the return on options. In [115], Leland provides a theoretical analysis of this
effect using a hedging argument. Because option market makers are netlong in equity option markets,
they need to create a synthetic short option using the underlying stock. Another substantial amount
of literature on option pricing and hedging in the presence of market impact has been developed. We
mention, among others, [1, 118, 119] in which the problem of option hedging for a large trader who
experiences market impact is considered. An Hamilton-Jacobi-Bellman (HJB) equation is derived and
a fully non-linear pricing partial differential equation (PDE) is solved. This is known as the feedback
effect and yields to an option pricing with the adjusted underlying price. Other references on the sub-
ject deserve to be mentioned, see [77, 78, 117].

To our best knowledge, the optimal execution of a portfolio of options under market impact constraints
has been forsaken, and our work is the first one to address this problem. Our paper seeks to incorpo-
rate the market impact on options into the framework of optimal execution. To do so, the Leland’s
transaction costs approach will be used to derive the option effective price, and the Almgren expected
mean-variance optimization framework will be adopted to define what is the best execution strategy.
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4.1.2 Areview of the linear market impact model for equity

A market impact model aims at describing the quantitative feedback of a large order, one that affects
the execution price and quantifies illiquidity.

In [5] and [7], the price impact is presented as a combination of two components :

— A permanent component that reflects the information transmitted to the market by the buy/sell
imbalance.

— A temporary component that reflects the price concession needed to attract counter-parties
within a specified short time interval.

We consider an asset S which is traded continuously. The number of shares of the traded asset is
described by an absolutely continuous trajectory t — x;, X, its derivative w.r.t time corresponds to the
speed of trading of the security. In the absence of market impact, the asset is modeled by a geometric
Brownian motion (GBM)

_1

S, =Sge 20 oW 4.1)

When market impact is taken into account, the execution price S, is defined by
S¢=S¢(1+nk; +y(x; — X0)), 4.2)

where S is the unaffected stock price process, and n and y are constants.

The term nx; corresponds to the temporary or instantaneous impact of trading X,;d ¢ shares at time
t and only affects this current order. The term y(x; — xp) is the permanent price impact which was
accumulated by all transactions until time .

Both impacts in the previous model are linear on the trading volume. In practice, however, even
though strong evidence from [100] argues that permanent impact is linear, the linearity of the ins-
tantaneous impact is an unrealistic assumption. Perold and Salomon [141] argue that the liquidity
premium per share demanded by the market will be either a convex or a concave function of the block
size. Other independent empirical studies have demonstrated that the price change induced by the
sequential execution of a total volume X follows an approximate v/X law, see [16, 44], or of a 3/5 power
law, see [8]. In this paper, we focus exclusively on linear price-impact function since our main interest
is the optimal execution strategy.

4.1.3 Main results and organization of the paper

In Section 4.2 we derive a put pricing model that takes into account market impact using Leland’s
transaction costs framework, see [115]. We consider the point of view of a market-maker who sells put
options and immediately takes position on the underlying asset to hedge his options. The hedging
comes with an additional cost due to trading the asset. The additional cost is then incorporated into
the option price. Our option execution price can be expressed through a Black-Scholes like PDE with
an enlarged volatility such that

2

- 2 .
o =0 +f(t)xtvxtro-);

where o is the asset volatility and f is the market impact function (depends on time, volatility, inven-
tory and trading speed).

We can either consider the PDE directly or express the put price using the Black-Scholes closed for-
mula with the enlarged volatility when o is constant. We can also extend the formula using a Taylor
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approximation w.r.t the volatility. By doing so, we can recover an additive formulation of the impact
function. Either way, we conclude that the impact on the option drives its volatility and that the im-
pact is a function of the option vega.

Once given the put price in presence of market impact, we will set up the optimal execution framework
in Section 4.3. We consider an agent who has a fundamental need for option exposure. Such agent is
denoted as "end-user" and wishes to acquire a large quantity of put options but needs to minimize
the cost of its acquisition. The solution to such optimization leads to a closed formula in the expected
cost minimization framework. The trading speed in this case is of the inverse of a 3/2 power law, in
contrast to the equity case which is known to result in a constant trading rate strategy.

In Section 4.4 we choose the mean-variance framework as in previous works, see [6, 7, 121]. An ap-
proximation to the variance is performed as its drift part is complicated to compute explicitly. Such
approximation was already used in the Almgren-Chriss framework. Taking the impact as an additional
term in the option price process, we find an HJB equation which leads to a quasi-linear PDE. Using a
proper parametrization of the state variable, we are able to reduce the dimension of the problem and
solve the PDE numerically through finite differences methods in Section 4.5. Results are presented in
Section 4.5.2

Finally, in Section 4.6 we use a semi-Lagrangian approach for the mean-variance framework when
the option price follows the PDE formulation. References on this method can be found in [49, 64, 75].
This allows to use a local volatility model and consider permanent impact as well.

4.2 Market impact model: A transaction costs approach

The main objective of the following section is to express the option execution price in the presence
of market impact. We build our model upon two areas of the cited literature. Market impact in equity
market, and option pricing under transaction costs. The main result of the section is the option price
PDE expressed through Formula (4.5).

4.2.1 The transaction costs approach revisited

We consider a market with two agents; the "option market-maker" (or sell-side trader) who is issuing
the vanilla put option and dynamically hedging his position, and the "end-user" (or buy-side trader)
who buys the option in order to hedge her fundamental risk. If end-users were able to hedge perfectly
—as in a Black-Scholes framework — then option prices are determined by the classical no-arbitrage
theory without market impact constraints. In reality, however, perfect hedging is not possible (because
of the impossibility of trading continuously, stochastic volatility, jumps, transaction costs, etc...).

In his seminal paper [115], Leland suggests a modified Black-Scholes approach to a contingent claim
pricing with proportional transaction costs. Fortunately, we can assimilate market impact to tran-
saction costs. We exploit this framework in order to develop an option pricing model that allows to
incorporate the traded quantity as an additional variable.

The dynamic hedging of the option consists in investing a proportion A on the underlying and the

remaining on a non-risky asset. Let T be the maturity of the option, issued at time 0, and let us consi-
der a discrete grid with n revision dates. The non-risky asset is the numeraire Sy and the risky asset is
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given under the martingale measure by the SDE
dS;=0S;dW;, 0<t< T

From the option market-maker perspective, the trading involves proportional impact rate Iy, fixed at
the date on which she sells the option (and starts delta-hedging it). This is similar to a transaction cost
in the Leland framework. The current value of the portfolio process at time ¢ is defined by

t
Vf:VS+fAAﬁBu—E:hSQLAﬁl—A?L r<T (4.3)
0 i<t
where :

— ti= tl.” =i/ln,0<i<n, =0, t,= T are the revision dates.

— A=A ontheinterval |t;_y, t;], AL, = A}
— Alis &, -measurable.

A" corresponds to the trading strategy. The number of shares of the risky asset that the holder pos-
sesses in the period i is then AY. The dynamics (4.3) means that the portfolio process V" is self-
financed and in presence of market impact (which is proportional to the traded volume).

When market is complete without friction, the option price is exactly replicated by the terminal va-
lue of the self-financing portfolio :

t
Vt :E[(K_ST)+ Igt] :P(t)Sl’) :VO +‘/ aSP(U,Su)dSu, r< T)
0

where P is solution of the PDE :

{@P(r,S) +2028%95sP(£,8) =0, (1,S) € [0,T[x]0,00] @)

P(T,9)=K-9", 5 €]0,00[.

Following Leland’s approach, we construct a strategy which can be perceived as a modified-Delta
Black-Scholes replication formula. The constant volatility o is replaced by & in order to compensate
for the market impact cost. The "enlarged volatility" & is defined by

5 /8
6% =o? +010n”2 —.
T

Therefore, the modified option price under market impact follows the PDE :

{ﬁtP(t,S) +2625%95sP(£,8) =0, (1,S) €[0,T[x]0,00] @s)

P(T,s)=(K-9", 5 €]0,00].

Let us give, in the following, the intuition behind the result inspired from Leland strategy. Assuming
the solution P to (4.5) is smooth enough, we have

~ ~ ro. 1 (¢ ~
P(t,S,)=P(0,S0) +[ DsP(u,S,)dS,, + Ef [0% - 5%] S20ssP(u,Sy)du.
0 0
Therefore, P(t,S;) can be seen as the continuous version of a portfolio process (4.3), provided that
Al = OsP(t;-1,Sy_,) and the drift term in the formula above corresponds to the cumulative market

impact cost. We want to equate the two following increments :

1 _
> [0% - 6% S%0ssP(u,S ) du,
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—Io | OsP(u+Au,S,, A,)—9PW,S) 1S, Ay

To do so, we use the Taylor expansion

OsP(u+ Au,S,, A,) - 0sP(u,S,) = 8S,t13(”’8u)Au+8ssl3(u,5u)(8u+Au -S,)
= OssP(U,S1)(S ,, A, —Su),

where

Su+Au —Su= O-Su(‘NLHAu - Wy).

Since dssP = 0, we should look for & such that

S+ Au

1
~[0*-6°1Aux-Too |W,, A, — Wyl
2 Su

Then, considering the conditional expectation knowing %, and the equalities

2 S
[E|Wu+Au—Wu|=\/Au\/;, %MAM:]_—I-O'(WLH_AM_WM),

we deduce that

8
52 =0?+1yn'"?\/=o. (4.6)
I

Remarks 1. :

— The mathematical justification of the approximate replication principle in the Leland transaction

costs framework brought a lot of attention and turned out to be quite difficult to obtain. The
replication principle fails to be true for constant transaction costs. In particular, the agent should
choose and fix the number of revision dates n large enough so that the mean square hedging error
is controlled as there is a limit error as n — oco. In [122], Lott gives the first rigorous result : the
approximation error tends to zero in probability if the transaction costs coefficient depends on n
and decreases on a rate proportion to n~Y'2 (in this case,  does not depend on n).

To solve the previous issues, we will fix the number of revision dates to be of a reasonable order to
provide a reasonable price. We do not aim at reviewing the foundations of the replication issues of
the Leland framework, instead, our main interest is finding a simple and intuitive pricing formula
for the option market-maker, one that takes into account additional fees due to market impact.

As a consequence, the end-user will pay the option at a higher price than what the Black-Scholes

pricing model suggests. The quantity of his trades will be an important factor:

In the Black-Scholes framework, the implied volatility is constant, and so is the "enlarged volati-
lity". In practice, however, the implied volatility is not constant, i.e depends on the maturity and
the moneyness. One of the common market practices is to take local volatility models. Fortuna-
tely, the Leland approach is still valid in this case as showed in [117]. One just needs to replace the
constant volatility o by a local volatility one 6 (t,S ;). The justification above remains the same.
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4.2.2 The option price under market impact and the market impact function

In the following, we properly link the market impact framework to the transaction costs one. We consi-
der a universe with the two agents; option market-makers and end-users. The end-user acquires, at
time ¢ < T (where T is the maturity of the option at time 0, and T = T — ¢ is the residual time to ma-
turity at time f), x; options with a trading speed X;. The option market-maker, on the other hand,
meets the end-user’s demand by selling the exact quantity at the exact same trading speed on the "op-
tion market". He then hedges these options on the "equity market" . In doing so, he expects the asset
price to be affected. The market impact (on the asset) is decomposed, as exposed in the introduction
through Equation (4.2), into a temporary [°*™” and a permanent IP¢"™ impact, and both are linear on
the quantity. At the infinitesimal time between ¢ and ¢ + dt, the temporary impact resulting in selling
dx; = X;dt options is expressed by

1" dt =nxdt.

The permanent impact is a result of all previous trades up to time ¢. Note that at time ¢, the market-
maker has already sold (x; — xp) options and took position on the underlying asset to hedge them.
Therefore, between t and ¢ + d t we have

Ifermdt =Y(x:—xp)dt
The combination of the two impacts gives the total market impact rate at time ¢
It=]']xt+Y(xt—X()). (4.7)

Without adding complexity, the reasoning in Section 4.2.1 is straightforward in this case. We adapt the
formula of the augmented volatility expression in Equation (4.6) at the arbitrary time ¢ € [0, T], where
T < T is the end time of the trading strategy. The revision step h is fixed instead of the number of
revision dates, regardless of the time-to-maturity T =T — ¢ of the option. The number of revision dates

becomes n = % and the augmented volatility at an arbitrary time ¢ can be expressed as

5% = 0% + (i + Y(x; — ) VT - to, (4.8)

where 7] =1 % and Y = v/ % are constants depending on the underlying impact factors n and y
and the revision step # is fixed to be one day (meaning that the option market-maker will revise her
hedging position on a daily basis). Finally, the option price under market impact P follows the PDE :

{auf’(u,S) +1625285sP(1,9) =0, (u,9) € [1,T[x]0,00] ws)

P(T,s)=K-29".

Remark 6. The term Y(x; — xo) comes from previous trades (hedging options sold before 0 and t). By
doing so, to the value of the "imaginary" asset price becomesS ;- =S +Y(x;— X0)S;. Then, by selling x,;d t
at time t, and taking position of the underlying asset, the affected asset price becomes S, =S - +1x;S;.
Since the replication strategy at time t is based on the asset price S; at time t, the impact term in the
enlarged volatility is proportional to S; — S, and therefore we have Equation (4.8).

Proposition 1. The execution price P of an option sold at time t can be written using Black-Scholes
closed-formula with 6 as the volatility parameter :

P(t,S,)=BS(t,S,,K,r=0,T,5)),

1. We consider that the option market, in which the option is traded, is separated from the equity market, in which the
option is hedged. This allows to justify the fact that the buy-side trader does not observe any changes in the asset price.
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where BS corresponds to the Black-Scholes closed-formula of the put option price, S is the option spot,
K its strike, r the risk-free rate chosen to be0, T the option maturity and & , the enlarged volatility defined

by
62 := 0% + (i, + (2, — X)) VT - to.

Using a simple Taylor approximation to the first order around the spot variance V = 62, and assuming
the impact term is negligible to 62, we can rewrite the above expression as a sum of the Black-Scholes
option price with volatility o and an additional term corresponding to the option market impact :

P(t,S;) = P(t,S,) + (6% — 0%)OvP(t,S;)

1 ~
zP(t,St)+§{ﬁxt+Y(xt—xo)}\/T—tv(t,St), (4.10)

where Vv(¢,S;) = 9,P is the Black-Scholes vega of the option, calculated on the constant volatility o
v(t,S)=VT—=1SN(d)=VT-tKN'(dy),

where

1
N'(x) - e—x2/2

V21

log3t +3o?(T-1)

dy =
ovT—-t
log3t - 1g2(T - p) x
0= EX 2A =di—oVT-t
ovT—t

It follows that the impact function is defined by
- 1 - =
F(@,80,%0x0) =P(6,S) =P(1,80) = 2 {fike + Y(xe = x0)} VI = 1v(1,8). (4.11)

Remarks 2. :

— The impact term on the underlying asset is not observed by the end-user. This assumption is made
for the sake of deriving the market impact function on the option only. In fact, the sell-side trader
bases her hedging portfolio on an "imaginary" asset whose price is subject to market impact. This
effect will not be seen in the "real" asset and will not be perceived by the end-user. We can see it as
if the market in which options are sold is separated from the market where the underlying asset is
traded for the hedging. Such an assumption is not absurd given that the end-user is assumed to
trade the option exclusively.

— Equation (4.10) allows to write the option execution price as the sum of martingale (the option
price in the absence of market impact, i.en =Y = 0) plus a positive term reflecting the additional
cost due to market impact. The end-user trades the option exclusively and pays the additional
hedging costs fixed by the sell-side trader and given by Equation (4.11). Of course the PDE (4.9)
is more precise and allows to deal with both the Black-Scholes case and a local volatility model.
However, the additive formula is more convenient to build an Almgren-like optimal execution
[framework.

— The vega-dependent impact function is a result of the agent adjusting the replicating portfolio
according the "imaginary" price movement.
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— The number of revision dates n can be fixed instead of the revision step h, which has the advantage
of suppressing the term \/ T — t in the formula. However, by doing so, the sell-side trader needs to
adjust the revision step h = % which decreases as time increases. The first option seems, however,
more logical. The sell-side trader will revise her position on a daily basis for example (i.e h =
1/252).

— Using the Vega-Gamma relationship (i.ev = 01S?I), we can rewrite the impact term as a function
of the option Gamma :

FU6S s % x0) = = {fk + V(e — x) oS3 (T - 1)*2 11,8 ), (4.12)

N =

N'(d)) _ _KN'(dy)

whereI(t,S;) = = .
(,5) S,oVT-t  S2ovVT-t

Proposition 2. In the Black & Scholes framework, the put option effective price is written as the follo-
wing:

~ 1 N
P(1,S 1, 31, 2) = P(1,51) + o {flie + Y (x —xo)} aS2(T - 1)*" 11,8 ), (4.13)

where :

— 1) controls the temporary impact strength in $ x hour /N of options.
— ¥ controls the permanent impact strength and is in $N shares.
— Xx¢ is the quantity held at time t and X, is the speed of trading in number of options per time unit.

— I'is the delta sensitivity w.r.t to the asset price (I (t,S;) > 0).

Remark 7. Buying the option (i.e x; > 0) will typically lead to increasing its price, hence the execution
priceP; =P, for t € [0,T].

Numerical experiment

We illustrate in Figure 4.1 the put price as a function of the moneyness for the Black-Scholes case. We
seek to compare the price with and without market impact and justify the use of the Taylor expansion.
We consider that the rate of trading is constant. The figure shows that the price when the option is
subject to market impact is greater than the price without market impact. This is what we expect
when we have a demand pressure on the option. On the other hand, the approximation by the Taylor
expansion is almost equal to the closed formula. This will be very convenient to solve the optimal
trade execution problem.
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FIGURE 4.1 — Put price as a function of the moneyness.
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The Black-Scholes case results in a shift in the implied volatility (but a constant one in both cases).
Solving PDE 4.9 with a Constant Elasticity Volatility model (CEV) gives the illustrations in Figure 4.2.
In addition to a higher volatility across the moneyness, the increase in the implied volatility is larger
for out of the money options.

FIGURE 4.2 - The CEV model volatility smile and put price evolution
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4.3 The optimal execution problem

In the previous section, we managed to define an effective price for an option under market impact.
We assumed that the issuer prices the option by taking its replication price and an adjustment to his
position when the underlying price is impacted by the order. We pointed out an important assump-
tion; we described the impact on the asset as being "imaginary", meaning that the end-user does not
see the asset price moving because of the strategy. The option price under market impact was found
to verify a Black-Scholes like PDE with an "enlarged" volatility. The dependence to the position x and
trading speed x is linear and increasing (the higher the trading speed and quantity, the higher the vo-
latility and thus the option price).

Particularly, an agent who is willing to trade a large quantity of options will see the impact as an im-
portant dilemma. If he trades rapidly, then the actual cost of her strategy will be different from the one
she anticipated. In real life, the agent is exposed to price manipulation, liquidity issues and market
impact, especially for large trades; the cost of placing one large order to close his position will be far
greater than the sum of infinitely small orders differed in time.

Many works have been held, in the equity market, to show that because of the trades size of typi-
cal institutional investors, they are usually broken up into smaller ones and executed over the course
of several days, see for example [48, 108]. Chan and Lakonishok [48] for example, show that only 20%
of the market value of the trades splits in their set of data are completed within a day, and that over
53% are spread over four trading days or more. For this reason, best execution can not be defined as
a single number in the context of a single trade. It is a strategy that unfolds over the course of several
days and which ought to adapt to changing market conditions. This is intuitively true for market op-
tions as well, even though very little literature deals with this issue.

Taking this into account, instead of executing his orders at once, the agent has to split them over the
time interval [0, T] by means of a dynamic order execution strategy.

4.3.1 The general framework

Let us consider a trade execution strategy in which an initial long or short position of X options with
fixed strike K and maturity T is liquidated by a fixed time horizon [0,T], where T < T is the end time.
We describe such a strategy by the asset position x; held at time ¢ € [0, T]. The initial position xj is
positive for sell strategy and negative for buy strategy. The condition xr+ = 0 assures that the initial po-
sition has been unwound by time T. The path x = (x;) ;c[o,1] Will be nonincreasing for pure sell strategy
and nondecreasing for a pure buy strategy.

We restrict our framework to pure buy strategies. The end-user’s purpose is to hedge the risk of a
complex product (structured product, Variable Annuity, etc...) indexed on an underlying asset, by ac-
quiring vanilla put options on that same underlying asset. Let ({2, &,P) be the usual probability space
on the filtration (%;) g, satisfying the usual assumptions. In the absence of market impact and under
a null risk-free rate, the no-arbitrage price of a put option is defined by :

P, =Eq[(K-S3)" | F]
where Egq is the expectation under the risk-neutral probability measure Q in which the asset price is

a martingale. At each time ¢, %,dt options are bought at price P,. The effective price P is the option
impact price and can be either defined by PDE (4.9) or through the reduced to Equation (4.13). Thus,
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the cost arising from the strategy x is

T
€ (x) ::f P,x,dt
0

The agent’s objective is then to minimize a certain objective function, which takes into account his
risk aversion, and may involve both cost and risk terms, over the class of admissible trading strategies
x with side conditions xy = X and xr = 0. This is known as the optimal trade execution problem.

In this paper we will treat two cases :
— The expected cost E[€ (x)]
— The mean-variance case E[€ (x)] + AVar[€ (x)]

Except from Section 4.6, we will develop the framework under the Black & Scholes case. P; will be
defined by Equation (4.10), and permanent impact will be excluded, i.e y=0.

4.3.2 The Black-Scholes framework under a temporary market impact

The effective price P, is given by Equation (4.13) with y =0 is reduced to :

~ 1 R

Pr=Py+ 508} (T - 1) 11,S)). (4.14)
We can rewrite the cost function as the following :

T 1_ (T <
%(x):f Ptx[dt+§ﬁf 2082 (T-10)**1¢,Spat.
0 0

Using a simple integration by part and Ito’s formula, the cost arising from the strategy x becomes :

% (x) = —XP) — fOT 0x,S:A(t,S)dW; + %ﬁofoT 282(T-1)*° 1, spat, (4.15)
where A is the Black-Scholes delta of the option calculated on o.
The expected cost of strategy x is then
E[€(x)] = —XPy + %f][E fOT 282 (T -1)*? F(t,St)dt] . (4.16)

Theorem 1. Theoptimal strategy x* resulting in minimizing the expected cost under the Black & Scholes
framework given by Equation (4.16) is characterized by :

(1) =
X =
(T - t)3/2
* _ Kl K
X (t)_—(T—t)l/Z + Ko
whereK; = ——2%—— and K, = —2K; (T -T)"1/2.

Nol—|

2(T‘ —(T—T)‘%)
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Démonstration. Under the Black-Scholes framework, S%I’ (¢,S;) is a martingale which allows to write
T A
f (T- r)?”zx%dt] :
0

Assuming the strategy x is deterministic, the problem is reduced to solving

. 1_., .
mxln[E[%(x)] = EnSOF(O,SO) mxln[E

T
mxinf (T - 032x(n?dt. (4.17)
0
Using the calculus of variations, we find that the solution to (4.17) verifies the Euler-Lagrange equation
d _ .
— @1 -0%"2x(1) =0,
ar 2( )7 x(2))

along with the boundary conditions

x(0)=X, x(T)=0.

Which gives
Ky
) = =
2(T - 132
woa_ K K
x ()= m + Ko,
X A —
where K] = W and K2 = —2K1 (T-T) 1/2.

Moreover, using the Cauchy-Schwarz inequality

T T T 2
ffz(t)dtf gz(t)dtz(f f(t)g(t)dt),
0 0 0
1

where f(f) = e and g(1) = (T - t)3/43'ct, we have

X2
>

T
[EU (- 0¥22dt| > ————
0 T [T -n-3rae

And the equality holds for (£*, x*). a

Remarks 3. :

— We recall that the expected cost optimal strategy for the equity case is characterized by having a
constant trading rate Xy = — %, as shown in [27] in a discrete-time setting. In the option framework
under the impact function we select, the trading speed is an increasing convex function of time.

— The expected cost under the Black & Scholes framework is the only case where a closed solution
can be found. This strategy is illustrated in Figure 4.3 for i =1, T = 0.5 and X = —1. We see that both
the trading rate and the inventory are increasing and convex. It is to mention that the optimal
strategy arising from the expected cost framework does not depend on the underlying asset price.
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FIGURE 4.3 - The trading strategy for an expected cost framework under the Black-Scholes setting.
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In the following sections, we develop the optimal execution framework under a risk/reward criterion
under the Black & Scholes framework and the impact price defined by Equation (4.10).

4.4 Adding the agent risk aversion : A mean-variance framework

The expected cost is usually used for an agent who does not monitor the risk of his strategy. Investors,
however, usually takes into account their risk aversion, through utility functions or using risk/reward
criterion such as the mean-variance. The literature on these problems is rich for optimal execution
of a book of equity shares. For example Almgren and Chriss [7], and Forsyth [75], study the mean-
variance optimal execution problem. In [90], Gatheral and Schied take the time-average value-at-risk
associated with the P&L of the position, while Forsyth and co-authors, see [76], use a quadratic va-
riance as a risk criterion. In this paper, we focus on the mean-variance criterion in light of [6, 7]. The
mean-variance of the cost of trading is defined by :

E[€(x)] + AV [€ (x)],

where A > 0 is the variance penalty. The choice of this coefficient can not be explained in terms of
fundamental investment preferences. The value is chosen in order to obtain solutions that bring out a
certain meaning to the optimization problem.

The variance of the cost function term can be written as the following

visen=e|( [ Biar—g| [ Pusal)]

R P P T _ 2
:[E[(fo Ext(ﬁt—c)StassP(t,St)dt—j(; xtostasP(t,st)dwt)]

T
=F f x20%S70sP%(1,S)dt
0

+ {terms arising from uncertainty in the drift part}.

The exact expression of the variance of ¥¢(x) is complicated since all terms are random. A reaso-
nable assumption is that the largest source of uncertainty arises from the stochastic integral part.
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In [121, 153], the authors explore this approximation. They argued that the terms in the drift part are
small compared with market dynamics. In fact, we verify numerically that such approximation makes
sense in our case. We consider a time discretization of the trading interval [0,T] and compare the
"true" variance to the approximation by taking the stochastic integral part. The error is indeed small
due to the coefficient fi? in the drift part.

In this section we are interested in the price impact formulation of Equation (4.10) with temporary
impact only. That is, we can easily deduce that the mean-variance objective function can be approxi-
mated as the following :

E[€(x)] +AE[€(x)] =
Tl 5o 302 s (T2 22 a2
[E[[ Sfosisi(t-1) F(t,St)dt+)\f 20?82 A%(t,S )d1,
0 0
where A(t,S;) is the Black-Scholes delta.

We define & (T,X) the set of all adapted and absolutely continuous strategies that satisfy the boun-

dary conditions xy =X < 0, xy = 0, the integrability conditions [E[ T 282( )3/2F(t Syd t] < oo and

[E[ fOT ?S%Az(t, Spd t] < 00, and consider the following minimization problem

U(0,S0,X) 1= (4.18)
inf [E[f = 021,80+ Axdo? (883 4%(1, 0 fat, (4.19)
xeZ (T,X)

where A :=2)\/ofj.
This minimization problem does not admit a closed-form solution. In order to solve it, a proper sto-
chastic dynamic programming framework needs to be set up.

Proposition 3. We parameterize strategies x by their speed of trading and define the control o such that
oy == —X;. We introduce </ (T,X) the class of all progressively measurable processes (0:)o<r<T, for which
the parameterized strategy x* defined by

t
x¥ :=X—[ osds, 0<t<T,
0

belongs to the set & (T,X). We restrict our framework to Markovian controls and thus, solving such opti-
mal stochastic control problem at time 0 is brought to a more general case where the agent starts buying
at any arbitrary time t € [0, T] with an initial quantity x without losing the optimality.

o :(x(t,St, xl’)

Remark 8. The agent’s optimal trading speed o at time t is completely determined by the current state
(t,St xy), i.e time t, current stock priceS; and current quantity x;.

For a given strategy «(., .,.), the value function U(z,S, x) is defined as

U(,S,x) =

. 5 3/2 2, 22 A2
aeiﬁgmﬁ[[ o2S? (T-u)”"Iw,S,) + Ao*(x3)7S5 A (u,Su)}du],

where E; is the expectation conditional to S; = s and x% = x. Note that this problem fits into the finite-
fuel framework because of the state dependence of the class </ (T, X) of admissible control processes.
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Remarks 4. (i) We can rewrite the state variables S, and x$ in terms of stochastic differential equations
(SDE) :

dSt = O'S[dW[
dx$ =—a.dt

where the initial conditions areSg = so and xy = X.
(ii) Using the standard procedure of deriving the Hamilton-Jacobi-Bellman (HJB) equation in stochastic
control problems, see [157], U(t,S, x) should satisfy the following HJB equation

1 - .
01U + 50%055 U + A’S* A°(1,5) + in {o2s?(T - *1(1,8) - a0, U} =0, (4.20)
ae

(iii) Assuming U is sufficiently smooth, Bellman'’s principle of optimality for stochastic minimization
problems suggests that the value function of the dynamic programming is always a submartingale and
a martingale under the optimal strategy.

(iv) The so-called finite-fuel constraint required from strategies in < (T,X) (i.e fOT ardt =X), suggests the
value function U should satisfy a singular terminal condition of the form

0 if x=0

+oo if x#0. 4.21)

limU(t,S,x):{
—T

The intuition of Equation (4.21) is that a state with a non zero option position with no time left for its
liquidation means that the liquidation task has not been performed, and so it should receive an infinite

penalty.

In what follows, we will substitute the infinite penalty problem with a finite terminal condition. We
index the value function by € such that

T
. 202 (4 3/2 2 202 A2 1
Ue(t,s 0= inf E, f[ {8 (T - )™ N, 8. + Ao (x)*s3.A (u,Su)}du+€\p(x%) . (422
With terminal condition
1 0 if x=0
Ug(T,s,x):qu(x){ >1 if x=0. (4.23)

Remarks 5. (i) The function ¢ should equal to 0 when x = 0 and at the same time we need to be able
to penalize a final state with remaining inventory through €. A proper v will be more convenient than
another one. In our case, the dependence on the state variable x suggests \y(x) = x>. This ansatz is used
in [104] for example.

(ii) The solution to (4.22)-(4.23) is e -dependent. For different values ¢ and €' we find different solutions
U, and Uy . However, we can construct a time series (U, ), that converges to the original problem when
€, — +oo.

n—-+oo

(iii) Finally, we can easily verify that U, satisfies the H]B equation (4.20) with terminal condition (4.23).

In the following, we seek to solve the dynamic programming problem (4.22) with terminal condition
(4.23). Our first main result is the following :

Theorem 2. LetU; be a regular function which solves the PDE :

(0-ve)

* 1,.2g2 * 2. 2Q2 A2 _
{ atUs +§O' S 855U€ +Ax°0°S* A (t’s)_—4(T—t)3/2F(t,S) =0 (4.24)

UZ (T, S, x1) = £ (x9).
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ThenU; is the unique solution to the optimal execution problem (4.22). Moreover, the optimal execution
rateo; = —x; is such that :

_ aXU:(t,Strx;‘)
T4t - n328211,S,)

*

o (4.25)

The proof of this theorem uses the following lemma :

Lemma 1. Let U] be a regular function that solves PDE (4.24). Then U; is a classical solution of the
minimization problem (4.20), (4.23), and the optimal execution speed a? = —J'C: is defined by :

_ axU*(t;St;x;)
4(T - 03282111,S))
=argmin {o?(T - £)*'$21(£,5,) - a0cU” (1,8, ).

*

o (4.26)

Démonstration. The proof to the lemma is straightforward and uses the fact that the function h(a) =

o2 (T-1)*?$21(1,8 ) -ad, UL (1,5, x7) is convex and attains its minimum for /' («) = 0. This gives (4.26)
and
* * 2
(8JCU (t,S[, xt ))
h(a™) = —— .
4(T - 10328211, )
Thus, we obtain the lemma through substituting a* back into Equation (4.20). O

Proof of Theorem 2 : Let a € o/ (T, X) be an arbitrary control process, and define the stopping time
N
0, ::T/\inf{s> tzlf oy du|= n} 4.27)
t
We first need to show that

T R 1
Uz (t,S,x) < [E[/ {0 (T - 1)*2$2 10,8 ) + Ao (x)°S%, A%, S,)  du + e
t

)

where U} is the solution of the PDE (4.24).

First, we have that the right hand side of the inequality is finite. This is justified by the admissibility of «
which includes the integrability conditions [E[f[T (xi (T— u)ngSiF(u, S,)du] < coand [E[ ftT (xg)ZSiAz (u,Sy)du| <

co. In addition, the fuel constraint f; asds =X, and Cauchy-Schwarz inequality imply
T T
| x7 I=U asds| < (T—t)[ oldseL2(P).
t 0

0, 1
U: (t) S’ x) =U: (enysen,xen) _f (8t + 5028%658 _arax) U:(r!sr’xr)dr
t

By Ito’s formula, we have

0,
—f 0S,;0sU; (1,Sr, X)) AW
t
Observe that
1 R
U + Eozsiassug‘ — o, OxU; + 2 (T - r)S2Tr,S,) + Ao* (x2S A% (1, S )

1 X
> 0,Uf + =0%S?0ss Uy + Ao*(xN)?S7A%(r,S,) +  inf  {o?(T -r)S*I(r,S,) —adxU;},
2 aeX X,T)
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and that the integrand in the stochastic integral is bounded on [¢,0,], a consequence of the regularity
of U;. It follows that :

0, .
UL (5,8, <E[U; 05,50, %,)| + [E[f 102(T = r)S2I(1, S ) + Aa2 (02 A(r, S idr |
t
We now take the limit as n increases to infinity. Since 8,, — T a.s we have
0, . T R
,}EE‘O[EM (@& (T = r)S211S,) + A2 (69? A%(1, S Dl dr | = [E[[t 102(T = r)S2I(r, S ) + Ao (x02 A2(r, S Y dr |
On the other hand

|U: (0n,So

JCen)

n’

1 o 2 ZfT o2
sEw(xT)+K1t1;1rag%(Sr)+K2t1;1ranT(Sr) ) (x7)°dr+Ks
< Lyt 4k (82)+ 1K (sz)TzfT 2dr +K
SV TR IS R IEOT ) cart e

It follows from the dominated convergence

T
U;(t,s,x)s[Ef {azu(T—u)SZF(u,Su)+)\0(2)(xg)282uA2(u,Su)}du+%qj(x%) .
t

The control given by 4.25 is well defined ( T<T' ) and the solution U, regular.

Remark 9. Setting the control variable as the speed of trading X is very common. In [104] for example,
the authors use this parametrization to obtain the HJB equation. The problem is then reduced to one
dimension using an Ansatz. An alternate solution is to adopt an exponential growth parametrization.
This way, reducing the dimension is straightforward .

4.4.1 Deriving the HJB with multiplicative state variable in the Black-Scholes case

Let us consider the controlled state variable x't‘ and the control k such that
dxi=—-x;x;dt

where x; > 0, xp =X and x; increasing and bounded by 0. And let us define £ (T, X) the set of admissible
control processes k such that x belongs to & (T,X).

Remark 10. Ideally, x; vanishes as t goes to T to verify the finite fuel constraint of total acquisition
(i.e liquidation of a short position) at T. This is only possible if  is infinite at a certain time. As in the
previous case, the limite — 0 forbids to trade a large quantity at the end time by imposing a penalty for
the final state. Substituting the infinite limit by a large penalty on the value function as t — T allows
to have a regular control variable which can be solved numerically. The remaining inventory will be
acquired as a last additional trade at t =T.

Using the multiplicative parameterization we have :
PR 3/2¢2 2 202 A2
[Et[ft {20 - w28 I, 8. + M) 0?2 A% (1,8, b du

T u R
= | f e~ s (- w282 1w, 8,) + Ao?S2 A2, S fdu|.  (4.28)
t
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T
e~ Jt 2% \ye have :

Moreover, by taking the terminal condition U (T,St, xT) = %(x'f)z = xzé
Ue(t,s,x) = x? ue(t,s)
where 1, is a reduced value function.

Definition 1. The reduced value function u. is defined by :

e(t,) = inf E, MT o Ji'2esds (42 (31262 [y § )+ A0?SE A (1, S )} du + %e‘ff“sds . (4.29)
Proposition 4. By means of Ito’s formula, u. verifies the HJB equation :

Ore + %0282855 Us + i{(lf{Kz(T -0%28211(t,9) - 2kuUe} + A0S A%(£,S) =0 and u(T,s) = % (4.30)

Besides, h(x) = «*(T - £)3/2S2I1t,S) — 2kue(t,S) attains its minimum for h'(x) =0 and

2
Ue (1,5) and hk*)=- e

K*(£,S) = — = .
(T —uw)3/28211t,S) (T —w)3/28211¢t,S)

By injecting the previous expression into the HJB equation (4.30), we deduce the PDE for u,.
Theorem 3. Let u; be a regular function verifying the following PDE

%, 1 _2g2 * 2Q2 A2 -1 2
orul + 50 S°0ssuy + Ao°S°A (t;S) (T—n32821 (1,S) Uz =0 (4.31)
ug (T,8) = 5.

Then u; is the unique solution to the reduced optimization problem (4.29). The optimal trading rate x;
is defined by :

Ue(1,S)
(T -n3282111,9)

K*(t,S) =

Remarks 6. (i) The proof of Theorem 3 uses the same verification arguments as developed for Theorem
2. (ii) The multiplicative form gives an interesting interpretation for the control variable. By linearizing
the quadratic term in PDE (4.31), we can see m U as a discount factor of the value function.
In the numerical scheme, this term will be taken explicitly in order to solve the PDE. (iii) There is a
feedback between the value function u, and the controlx. (iv) Using the analogy to equity markets, the
denominator (T — t)3'2S21(t,S) in the optimal trading rate can be interpreted as a market depth. In our

case, the depth is a function of time and asset price.

4.4.2 Localisation and boundary conditions

The original reduced problem (4.29) is posed on the domain (%, s) € [0,T] x [0,00]. For computational
purposes, and because asset prices are finite, one needs to localize this domain to [0, T] x [0, Spax]-
Thus, we need to add the following complementary conditions :

— When S = 0, the put price tends to the strike : P(£,S) = K, S2I(t,S) = 0 and S?A?(¢,S) = 0. We
simply need to solve

1
8tu€+i{(1f{—21<u€}:0 and u:(T)=-.
€

This limit condition is a singular control problem which can also be expressed as a variational
equation

1
min {0 ue, U} =0 and ue(T) = —.
€
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— When S = Syax > K, the put price becomes insignificant. We have S?I7¢,S) =~ 0 and S2A?(¢,S) =
0, which makes both the impact and the risk aversion term vanish. The optimization reduces to
solving

1 1
Orlte + 50282833 U + i{(lf{—ZKug} =0 and ue(T)=-.
€
The variational inequality arising from this condition is :
. 1 242 1
min< Oy ug + 50 S“Oss e, e p =0 and ue(T) = —.
€

By taking these approximations on the boundaries, we are able to solve the problem numerically using
finite differences methods as we will see in the next section.

4.5 Numerical solution and results

4.5.1 A finite differences scheme

The PDE (4.31) with additional boundary conditions of Section 4.4.2 is a Riccati equation. In [146], the
authors solve the Algmren-Chriss optimal execution problem in terms of the Riccati equation using
two methods. They find the exact solution using a time "reparametrization". Unfortunately, our case
does not allow for a closed-form solution. Thus, finite differences methods is a convenient way to
solve the problem.

Restricting the problem to the domain [0, T] x [0, Smax], we can use the argument of Lipschitz func-
tions on a compact to solve the semilinear PDE (4.31) numerically. We discretize time and space and
define T =T — t as the time to the strategy end time. We fix € and denote by u the numerical approxi-
mation to u(nAt, jAS), where j =1,2,...,J — 1 is the space grid index, and n=1,2,...,N — 1 the time
grid index taken backwards. AS is the spacial step size and At = At the time step.

Let &£, u;l denote the spatial discretization of the differential term L u = %02 Oss u, where :

n n n
1 u, . —u,+u._
fhu'.’:EcrzSz- L N ik (4.32)

We linearize the quadratic term by decomposing it into the product of an explicit and an implicit form.
Thus, the general family of the two-level implicit schemes for solving the equation is given by :
't —

L =02l + (1 -0) L] +

1

s u;u;

_ s y3/2q2m i
(T—1n) S]-I?
where I‘y =I(nArt, jAS) and A;? = A(nArt, jAS).

For terminal condition n =0 and boundary conditions j =0 and j =] we have the following :

— u%=1where % >> 1 which translates the penalty related to the finite fuel constraint.

] €
— u(’)’ verifies :

116



CHAPITRE 4. ON OPTIMAL OPTIONS BOOK EXECUTION STRATEGIES WITH
MARKET IMPACT

Parameter Value

o 30%

T (the strategy horizon) 1/12 (years)
T (the option maturity) 1 (years)

1l 0

r 0

So 1

K So

Action Buy

Xo -1

fi 0.05

Trading frequency 4 trades per day
A 0, 1, 10, 100

TABLEAU 4.1 — Parameters for buying options under market impact over 1 month horizon

— And uI” verifies :
min ——u}Hl_uIn—G,Sf Wl -1 -0 ut, u=0
At nth ntythy =0

The inventory x, at T, is expressed by

J_ i xhAx
Xp=Xp €"

where xn =X, xp =0 and the control is given by

, J
j u

K - .
In (T - tn)S/ZS?[;?

Thus, the quantity traded at T, at the asset price node S; is

J_ b _J K At _
Xn = X1 = X (e " 1)'

4.5.2 Results

Usually end-users have a net long positions in OTM or ATM puts. These positions are explained by the
fact that end-users suffer from "crashophobia" as explained in [147]. In our numerical experiment, we
present results for a long position on ATM put options. The moneyness is fixed w.r.t the asset price
at time 0. The strike K is set to be equal Sy and remains the same until the strategy ending date. The
parameters for this example are given in Table 4.1.

Figure 4.4 gives the optimal execution strategy through the rate of trading «k as a function of the un-
derlying price S and time ¢. The strategy does not depend on the trader position. However, as time
increases the trading rate increases as well. The dependence of x on the underlying price direction is
barely notable. First, the case A = 0 corresponds to the expected cost which was found to give a strategy
that does not depend on the underlying price. The trading speed x; of the strategy is increasing and
convex in time, with contrast to the equity case where it was found to be constant. The mean-variance
adds some dependency on the asset level but the surface representation does not allow to see it.
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A=0 A=l

A=10 A =100

FIGURE 4.4 — The rate of trading k as a function of the underlying price S and time ¢ for different values of A
(A =0 top left, A = 1 top right, A = 10 bottom left, A = 100 bottom right). The strike K =S is fixed at time 0.

Figure 4.4 is misleading in a way; when the agent runs the strategy, the inventory and fundamental
price will all evolve, hence this representation is to consider carefully. To gain additional insight into
the dynamic behavior, we plot in Figures 4.5, 4.6 and 4.7 4 paths of the underlying price together with
the rate of trading k, the inventory x and quantity to be traded Ax. We can see clearly that adding
the variance pushes the agent to adapt the strategy to the underlying level (Figure 4.6). Furthermore,
when as the risk aversion parameter A increases, the traded quantity tends to be larger at the begin-
ning (Figure 4.7). Finally, we plot in Figure 4.8 a heat map of the distribution of the trading rate x,
trading speed X, and inventory x over 10,000 simulations. This representation allows to see that the
mean-variance with a high risk aversion is most sensitive to price movements. The case A = 0 is the
least affected by the spot variation.
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K =5p and A=0
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FIGURE 4.5 - Sample paths of the evolution of the fundamental price, trading rate, inventory and traded quantity
throughout the execution for A =0.
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K = Sy and A=10
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FIGURE 4.6 — Sample paths of the evolution of the fundamental price, trading rate, inventory and traded quantity
throughout the execution for A = 10.
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K = S and A=100

1.1 200 f
@ £
<] L
g 105 5 1%0
= -
- ¥
2 == 100t
0 1 © /
< & /
50
0.95 7////
0.02 0.04 0.06 0.02 0.04 0.06
Time (Years) Time (Years)
0.016
S 0015 0.2
4 —
Zootaf % 04
= =
£ 0013 | \ £
Sy z -0.6
g 0012} &
E 0.8
& 0.011 . / '
0.02 0.04 0.06 0.02 0.04 0.06
Time (Years) Time (Years)

FIGURE 4.7 — Sample paths of the evolution of the fundamental price, trading rate, inventory and traded quantity
throughout the execution for A =100.
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FIGURE 4.8 — Heat maps showing the density of inventory and trading speed throughout the execution for A =
0,10, and 100.
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4.6 Extension to a local volatility model : A numerical method for the ge-
neral case

In previous sections we exploited a closed-formula of the impact option price to derive the HJB equa-
tion. Under instantaneous impact, we were able to reduce the problem dimension to obtain a one-
dimensional PDE which we solved numerically through finite differences methods. This framework
was possible by linearizing the impact term in the volatility using a Taylor expansion.

In what follows, we would like to keep the nonlinear formulation of the impact in the asset price
through the "enlarged volatility". PDE (4.4) actually provides the price of the option at time ¢ given
an inventory x; and trading speed x; and allows to take a local volatility model as pointed out in Re-
mark 1 and developed in [117]. We will build a numerical scheme in this general case, under a constant
elasticity volatility (CEV) model. We rewrite PDE (4.4) of P as the following

{(?u?(u,S) +262(1,9)S%0ssP(1,8) =0, (u,8) € [£,T[x]0,00] (4.33)
P(T,s)=K-9)", s€]0,00],
where
62(1,9) = 62(S) + (e + Y (xr — x) VT - 10(S),
and

a(S) = aSP/27 1,

Recall that we can always obtain the Black-Scholes case by setting § = 2. In this case, one can directly
take the Black-Scholes closed formula with the enlarged volatility.

We are again interested in minimizing the mean-variance of the cost arising from strategy x, defined
by

T
€ (x) = f P,x.dr.
0
We neglect the drift term in the variance which leads to the following approximation
T ~
Var[€(x)] = [E[f x20%(S,)S20sP?(t, Sy, X1, ) dt|.
0

The mean-variance objective function is thus
E[€ (x)]+AVar[€ (x)] =

T T
[E[f 2 P(t,Sp, x0 k) dE+ Af 202 (S )S205P2(1,S 1, 0, K)dt .
0 0
We would like to find the trading strategy x for the following minimization problem

inf E

T
f {xtf)(t,st,xt,xt)+Aoz(sf)x%siasﬁz(t,st,xt,xt)}dt],
XeX (TX) 0

where P follows PDE (4.33). Thus, we develop the dynamic optimization framework for V.
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For initial fixed (t,S, x) = (t,S, x;) where t < T, trading strategy o such that dx‘;‘ = —a,dt and risk
aversion A, we define the value function V at time ¢

T
f {—atf)(t,st,x‘;‘,—(xt) +Aoz(st)(x‘g)zsiasﬁz(t,st,x‘;‘,—at)}dt . (4.34)
t

V(t,S,x) = infE

Fort < T,letV=V(t=T-t,S,x) =V(t,S, x). It is easy to find that the optimal control a* can be obtained
by solving the following HJB equation

1 _ ~
OxV = 50°(8)5%DssV + inf{ - a0,V + o P(, S, x,~o) + Ao?($)x*8205 P2 (1,8, x, ~a) |. (4.35)

We restrict our variables 1, S =S (1) and x = x(1) to the domain

£2=10,T] x [0, Smax] x [X,0].

And set the initial condition and boundary conditions for V as suggested in Section 4.4. That is:

— Fort=0

0 if x=0
V(T:O,S,x){ 1 if x#0. (4.36)

— For S =0 we simply solve

0.V = i{xlf{—aax\/}.

— For S = Spax the function g vanishes as the put price and delta tends to zero, which leads to
solving the following PDE

1
OrV = 5cr(S)Zszassv +infi-adxV}.
Finally, we give a brief outline of the numerical method used to solve the coupled PDEs (4.33)-(4.35)
along with the corresponding initial and boundary conditions. We follow [75] to provide an informal
discretization of the latter using a semi-Lagrangien approach. We refer the reader to the reference [49]

for more details concerning the semi-Lagrangian method for HJB equations.

Along the trajectory x = x(1) defined by
dx*=adt (4.37)

equation (4.35) can be written as

inf{g(a)—ﬁfv- (£,8,%, -0} =0

=0 DT g y Iy Ay — U
where the operator £V is given by

1
ZV= 502 (S)S%0ssV,

and where the Lagrangian derivative B—\T’((x) = 0:V + a0V The Lagrangian derivative is the rate of

change of V along the trajectory (4.37). At the same time we keep in mind that P is the solution of
the PDE (4.33) where we replace i by —«a in the enlarged volatility.
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Define a set of nodes [sy, $1, ..., Si,, J» [X0, X1, ..., Xj,,, ], discrete times 1" = nAt, and localize the control
candidates to values in finite interval [Qmin, @max]. Let V(t”, s;, x;) denote the exact solution to Equa-
tion (4.35), P(t, s;, xj,) is the solution to Equation (4.33) when the control value is a € [amm,(xmax]
and A(r, Si) Xj, Q) = OsP(1,s;, x j,a) its partial derivative w.r.t the asset price. Let V” P” (), A, ,j (@
and £, V" denote, respectively, the discrete approximation to the exact solution, prlce its ﬁrst deriva-
tive and the differential operator as in (4.32).

Let a?j denote the approximate value of the control variable a at mesh node (1", s;, x;). Then the

approximate % (o) at (t**1) 55, x i) by the following :

1 n+1 n
i NA_T(vi'f Vi,f) (4.38)

where an is an approximation of V(t", s} x}l) obtained by linear interpolation of the discrete values
V” with (s} x”) given by solving Equation (4.37) backwards in time for fixed x" to give

n_ . _ n+l
xf =Xj -0 At.
Our final discretization is then

Vl,’f}rl = AT(fth)Z}'l + inf {V{’¢+ AT(_O‘Z?PZ;I( n+1) + Ado(x)) Sﬁ(Anﬂ(anﬂ))z)}.

+1 1 L]
‘X?‘j €[0tmin,OXmax] I ’

(4.39)

We need to solve a local optimization problem at each node at each time step in Equation (4.39).
In fact, we are seeking the global minimum of the local optimization problem. If the set of controls
[amin, ®max] is discretized with spacing £, then a linear search of the control space will converge to the
viscosity solution of the HJB Equation (4.35) as argumented in [154]. However, the uniqueness of the
solution is not guaranteed with such method.

Results are presented in Figures 4.9 and 4.10 for the set of parameters given in Table 4.1 and a CEV
parameter 3 = 0.1. The first figure gives the surface of the control variable by fixing one of the variables
as a function of the remaining two others. The expected cost case does not seem to be sensitive to the
moneyness as confirmed by the Heat Map in 4.10. The mean-variance case, on the contrary incites
the agent to acquire more at the beginning of the strategy.

Remarks 7. (i) The numerical experiment is very sensitive to the option pricing. To lead the optimiza-
tion, one needs both the option price and delta over each time and space grid and for each potential
control a. Both are computed using finite differences methods, which turns out to be quite slow. (ii) The
option price variation over small time periods is very small. This leads to some discrete pattern of the
control. (iii) More sophisticated methods need to be developed for solving such an optimization pro-
blem where the controlled function f is the solution of a PDE. In particular, forward-backward BSDEs
can be very useful. (iv) Finally, we can conclude from the expected cost case that, even though the im-
pact is nonlinear in the option price, the strategy seems to be independent of the asset price evolution.
This, however, needs to be invested further. The risk criterion (here the variance) is what makes the agent
sensitive to the market uncertainty.
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FIGURE 4.9 — The surface of the control variable a by fixing one of the directions (time ¢, asset price S and
inventory x) as a function of the two remaining ones : top for A =0, bottom for A = 100.
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Chapitre 5

Range-based proxies and rough volatility

Abstract— In [89], it has been shown that volatility exhibits a fractional behavior with a Hurst ex-
ponent H < 0.5, changing the typical perception of volatility. In their study, Gatheral and co-authors
used the realized volatility. In our analysis, we explore range-based proxies of the volatility process to
confirm their findings on more available data (range-based) and non-standard assets. We find that
the log-volatility based on range-based estimators behaves like a fractional Brownian motion with H
lower that 0.1. We also find that rough fractional stochastic volatility model (RFSV) is a relevant volati-
lity model. Moreover, the prediction power of this model outperforms that of the AR, HAR and GARCH
models in most cases.

Keywords : Range-based volatility; Garman-Klass; Parkinson; volatility scaling; fractional Brownian
motion; fractional Ornstein-Uhlenbeck; volatility forecasting.

5.1 Introduction

Volatility plays a crucial role in many areas of finance and economics such as risk management and
portfolio selection. It is known to be both time-varying and predictable, and stochastic volatility mo-
dels are one way to deal with these features. As a consequence, its modeling and forecasting spurs the
interest of many authors, academics and practitioners alike.

In the financial markets, the common practice is to represent asset prices by a continuous semi-
martingale. A given log-price logS; is defined by

dlogS;=pdt+0o:dW;

where ; is a drift term, W, a Brownian motion and o, the key ingredient is the process volatility.
The Black-Scholes framework assumes the volatility to be either constant or deterministic. Such spe-
cification proved to be inadequate in the late eighties. The main reason is the inconsistence of the
Black-Scholes model with the observed European options. This gave rise to alternatives such as local
volatility models, such as Dupire’s, see [69], and Derman and Kani’s, see [63]. These models consider
0 as a deterministic function of time and asset price. Even though they enable us to perfectly fit a
given implied surface, its dynamic is quite unrealistic. An other alternative is to model the volatility
0 by a continuous Brownian semi-martingale, typically correlated with W. These so-called stochastic
volatility models have been the center of interest of many authors. We cite amongst such stochastic
volatility models, the Hull and White model [101], the Heston model [97] and the SABR model [95].
However, generated option prices are still not consistent with observed European option prices. The
reader can refer to [87] for a review of different approaches. More recently market practice is to use
so-called local-stochastic volatility models which both fit the market exactly and generate reasonable
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dynamics.

Since the volatility is a latent variable, the first issue one faces when trying to exhibit its statistical
properties is its estimation. One can only estimate it using the underlying asset prices or quoted op-
tions. For example, when we have daily stock returns, the squared variance is a well known volatility
proxy, also known as realized volatility. It measures changes on the asset return over a specified period
of time. If high frequency data is available (the whole price process during the day), this proxy is more
precise and is used as the daily volatility.

Access to high frequency data is sometimes costly and/or unavailable for certain assets. Therefore,
other proxies are used to estimate daily volatility. If we only have closing prices and need to estimate
volatility on a daily basis, we can use the squared daily returns. A compromise can be found as, in
addition to closing prices, open, high and low daily prices are available for most financial data sets.
In [139], Parkinson was first to introduce an advanced volatility estimator using these so-called range
prices instead of just closing prices, and this enables us to overcome the issues of the first two ap-
proaches, and present a way to better estimate daily volatility.

Statistical properties of volatility estimators raise interesting questions, particularly in relation to the
smoothness of the volatility process. Researchers aim to uncover the underlying mechanisms that
generate the data, using the empirical scaling evidence as a stylized fact that any theoretical model
should also reproduce. For example, it is common belief that volatility exhibits what is commonly
known as long range dependence. The implication of this it that volatility shocks today will influence
its expectation in the same direction, see [33, 72] among others.

Stochastic or local volatility models mentioned earlier assume that the smoothness of the sample path
of the volatility is that of a Brownian motion (1/2 — € Hélder continuous for any € > 0). In [56], Comte
and Renault choose to address the question of long range dependence in terms of the regularity of
the driving process. Their idea was to exploit the fractional Brownian motion. Recall that a fractio-
nal Brownian motion WH with Hurst parameter H € (0, 1) is an a.s. continuous, centered, self-similar
Gaussian process with stationary increments and a covariance satisfying :

1
Cov(WH, wi) = 5(| PR+ 1P = 1r— s, 1, 5€R

They proposed the fractional Ornstein-Uhlenbeck volatility model with a Hurst parameter greater
than 1/2 named fractional volatility model (FSV). Such model is H—¢ Holder continuous with H > 1/2.
More interest grew from this model and others develop deeper analysis and calibration, see [51, 55]
among others. Later, Gatheral and co-authors, see [89], challenged the previous results and establi-
shed that the log-volatility process is very close to that of a fractional Brownian motion with Hurst
parameter around 0.1 (< 1/2). They also developed the rough fractional stochastic volatility model
(RFSV) which operates with different parameter properties than the FSV, and justified that their mo-
del better respects the volatility smile and the data properties.

In this paper, we conduct a similar study to [89] using range-based estimators to find the best fore-
casting model. We replicate their analysis step by step in order to revisit their finding on less standard
assets. We actually find that the Hurst parameter for range-based proxies on our set of data is even
lower than 0.1 and sometimes even close to 0, confirming that rough volatility hypothesis can not be
refuted at this point, while further analyses allow to dismiss the hypothesis that it is generated from
the FSV model (H > 1/2).
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Our paper is organized as follows. In Sections 5.2 we give an overview of range-based volatility es-
timation before choosing one volatility proxy to work with. We conduct our statistical study in Section
5.3 where we find that log-volatility from range-based proxies behave like a fractional Brownian mo-
tion with Hurst exponent lower than 0.1. We validate the rough fractional stochastic volatility model
(RESV) introduced in [89] on our data in Section 5.4, compare its prediction power with other common
models in Section 5.5, and finally conclude in Section 5.6.

5.2 Overview on range-based volatility estimation

In this section we review a few range-based volatility estimators and compare them to realized volati-

lity.

We assume that the asset price over a one day period of time, S, follows a geometric Brownian mo-
tion :
dS,=pS,du+aoS,dW,,

where u € (t — 1, 1] is the time index between two consecutive days ¢t —1 and ¢, p is the drift, o the
volatility considered constant along one day, and W, a standard Brownian motion. By Ito’s lemma the
log price log(S,) follows a Brownian motion with drift p* = p— %2 and volatility o. During a day, it is
common practice to assume that the drift is equal to zero (i.e. u* = 0).

The volatility being a latent variable, one needs to estimate it at each period of time with the available
asset prices. We denote by H, L, O, C the high, low, open and close prices respectively. The log-returns
r; are defined by r; =log(C;) —log(Oy) (or log(C;) —log(C;_;) when taking only close-to-close prices).
Volatility changes, and our first interest is to be able to estimate it in a precise way and on a daily ba-
sis. Taking the squared return r? is one possible solution. It is an unbiased estimator of ¢ under the

normal log-returns assumption with zero mean. However, this estimator is quite noisy.

Range prices bring more consistency and information about the entire process than the close-to-close
prices. In this context, Beckers, see [21], shows that volatility estimators can be improved by incorpo-
rating high and low prices, along with closing prices. Of course, range-based volatility estimators are
not as efficient as realized volatility under ideal conditions, i.e. estimated from high frequency data,
but remain a good alternative when this data is not available. It was shown in [4] and [151] that these
range-based estimators are robust to microstructure noise and prove to be efficient and simple to
compute.

In [139], Parkinson was first to develop a classical range-based estimator using high and low prices
information expressed by the following formula :

H/\2
2 - ot
0-Parkinson - 41032 (log Lt ) .

The correctness of this formula relies on a constant volatility assumption during each one day time
period. It exploits the extreme value method, and the coefficient 4l(}g2 is nothing but the variance of
the range variable (i.e the different between the minimum and maximum). The reader can refer to

[139] for details and to [73] for the asymptotic distribution of the range.

The Parkinson estimator is asymptotically unbiased under the assumption that a geometric Brow-
nian motion without drift can describe the path of the asset price changes.
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Later, Garman and Klass, see [86], established a more efficient estimator that takes the following form :

H.\? C H L
2 t t t t
0. =0.511|log— | —0.019(log— [log— —log —
oK ( gL;) ( got( 50, got)

H, L Cr\?

—2log L log —t) —-0.383 (log —t) .

O; ~0O Oy
This estimator combines the squared return and Parkinson volatility estimators into a new estimator
with smaller variance. Garman and Klass actually proved that this estimator is optimal in a mean-
variance sense among a certain class of estimator, see [86].

A more practical estimator is recommended with nearly the same efficiency but eliminates the small
cross-product terms expressed as :

1 H;\? C/\?
2 _ 1 He) _ =t
Ok = 5 (log L, ) (2log2-1) (log Ot) . (5.1)

We rely on this estimator when using the Garman-Klass volatility proxy.

Because in [86] and [139] log-prices are assumed to follow geometric Brownian motion with no drift,
many authors tried to correct this mismatch for securities with non-zero mean. In [145], more so-
phisticated drif-independent measures of volatility are introduced. The Rogers-Satchell estimator for
example takes the form :

Cs C
6% =log— o, (logo— —logo—) +log— (log— —logo—i)

Kunimoto [113] and Yang-Zhang [155] also deserve to be mentioned. Yang-Zhang estimator, however,
can only be used over multiple days and therefore won't be interesting for our analysis.

The previously mentioned estimators are unbiased estimators of 2. When applying the square root
and estimating the volatility, all o estimators are biased. This was expected since E[o?] and E[o]? are
generally different.

In term of efficiency, all previous estimators exhibit very substantial improvements compared to the
close-to-close estimator. Efficiency measure of a volatility estimator 6? is defined as the ratio of the
variance of this estimator and the variance of the close-to-close estimator 6%(: :

\/ar(fr%c)

Eff(6%) =
0= Vared

By definition, the squared return estimator has efficiency 1. Parkinson reported that his estimator is
2.5 to 5 times more efficient than simple close-to-close variance estimator. Garman-Klass reports 7.4
while Rogers-Satchell efficiency is 6.0 and Kunimoto is 10.

In light of [13], we compare the performance and distributional properties of different range-based
volatility estimators on the S&P 500 over a 3786 period from January 2000 to April 2015. Our bench-
mark is the realized volatility from the Oxford-Man Institute of Quantitative Finance Realized Library.
To perform the comparison we use the following measures :

The mean squared error defined by :

2
MSE(Oestimated) =E [(Gestimated - 0'benchmark) ] .
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The mean absolute bias given by :
MAD (O estimated) = E[| Oestimated — Obenchmark |1 -
The proportional bias expressed as :

Oestimated 1
Obenchmark

Prop.Bias(0estimated) = | (
Recall that the benchmark volatility openchmark here corresponds to realized volatility.

The results are given in Figures 5.1 and 5.2 and Table 5.1.
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FIGURE 5.1 — Comparison between the GK proxy and the RV proxy as a benchmark. Top is the evolution of the
volatility time series for both estimators. Bottom graph is a scatter plot of the GK estimator to the RV estimator.

MSE MAD Prop.Bias Std.Dev
Gcc 0.533x107% 0.0051 -0.1275 0.0092
Gp 0.092x107* 0.0021 -0.0849 0.0063
GGk 0.094 x 107* 0.0021 -0.1313 0.0058
ORs 0.206 x 1074 0.0028 -0.1762 0.0062

TABLEAU 5.1 — Comparison measures for different volatility estimators

We can see in Table 5.1, Figures 5.1 and 5.2 the following :
— Range-based estimators are lower than the benchmark.
— Range-based estimators reduce the variance compared to squared returns.

— The Garman-Klass estimator is the closest to intraday realized variance and has the smallest
variance.
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FIGURE 5.2 - Comparison between different range-based estimators.

— Range-based estimators seem to exhibit the same regularity as that of realized volatility.

We would like to confirm the last point. In our study, we focus on the volatility based on the Garman-
Klass proxy. Our goal is to confirm that the scaling properties discussed in [89], are also satisfied by the
volatility when using these proxies.

5.3 Range-based volatility as spot volatility proxy : empirical results

5.3.1 The scaling of the Garman-Klass proxy

We carry out our analysis on the volatility proxy for a variety of assets. In [89], Gatheral and co-authors
use common indexes for which high frequency based realized volatility is available on the Oxford-Man
Institute of Quantitative Finance Realized Library (S&P 500, Bund ...). In this paper, we choose to ap-
ply our analysis on more "exotic" assets (S&P 400, IBEX 35, IBOV, S&P 100, INDU, SHSZ300, MEXBOL,
FTSE 100, XIN9I, HSI), and some stocks (TOTAL, ASX200, GOOGLE and MICROSOFT). Most of these
assets are not available on the Library, and more importantly, since many financial institutions still do
not have access to high frequency based proxies, the choice of range-based is very convenient. Range
data availability allows for their computation for any class of assets and any assets tickers.

We choose to present the analysis for the S&P 100! and IBEX 352, and give numerical results for the

1. The S&P 100 is a subset of the S&P 500 and includes 102 leading U.S. stocks with exchange-listed options. Constituents
of the S&P 100 represent about 63% of the market capitalization of the S&P 500 and almost 51% of the market capitalization
of the U.S. equity markets as of January 2017.

2. IBEX 35 is the benchmark stock market index of the Bolsa de Madrid, Spain’s principal stock exchange. It is a market
capitalization weighted index comprising the 35 most liquid Spanish stocks traded in the Madrid Stock Exchange General
Index
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remaining ones. We focus mainly on the Garman-Klass proxy and present results on the Parkinson
estimator for verification.

The set of data corresponds to 2521 trading days from April 19, 2005 to April 22, 2015. Volatility proxies
are based on range-data extracted from Bloomberg database. Let o4,,0y,,..., 04, be the time series of
the GK proxy computed for this period, where t;; — t; corresponds to one business day.

Our scaling measure m(q, A) is the g-th absolute moment of the increments of log-volatility and are
defined by :

1 IN/A]

miq,4) = ];1 |log(o A) ~log(o,_;, A) 17,

for different g > 0 and lags A going from 1 to about 400 days. Our goal is to revisit the finding in
[89] that the spot log-volatility has the same scaling properties as a fractional Brownian motion with
Hurst exponent H < 1/2, and therefore one can model it with such process. It is worthy to mention to
following remarks :

Remark 11. — The quantity m(q, A) is the discrete equivalent of E[| log(GA) —log(og) 19]. Recall
that the fractional Brownian motion W verifies :

H H e H
Elw! , —wi 1=K, A,

— We are expecting the volatility to behave closely to the fractional Brownian motion. As a result, we
would observe the following relationship :

m(q, A) ~KgA™, (5.2)

— Given that data is finite and not time-equidistant (unavailable data on weekends for example),
the measure m(q, A) is the result of averaging over all possible increments by taking a rolling
window, and selecting only increments that correspond to the chosen lag A (log-vol increments
between two successive volatility measures between Friday through Monday are considered as 3
days lag).

To verify the validity of (5.2), we plot log(m(q, A)) against log(A) for different values of q. Depending
on the results of this first regression, we can write, for a given g,

m(q, A) ~Ky A%, (5.3)
where (; defines a general scaling function.

Results are displayed in Figures 5.3 and 5.4. We can notice the following :

— The values of m(q, Q) for different g against log(A) lie within a straight line (left figures). This
confirms that both S&P 100 and IBEX 35 exhibit a scaling property given by Equation (5.3).

— The R-squared values given in Table 5.2 confirm that the data is close to the fitted regression line
for all values of q.

— Plotting {; as a function of g (right), confirms our expectation; the scaling is linear in g and
verifies Equation (5.2), with H=0.081 for S&P 100 and H =0.072 for IBEX 35.
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FIGURE 5.3 —logm(q, A) as a function of log A (left), {; (blue) and 0.084 x g (green) (right), S&P 100 (Garman
Klass volatility).
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FIGURE 5.4 - logm(q, A) as a function of log A (left), {; (blue) and 0.072 x g (green) (right), IBEX35 (Garman
Klass volatility).

q 0.5 1 1.5 2 3
S&P 100 0.9640 0.9760 0.9800 0.9797 0.9717
IBEX35 09225 0.9290 0.9287 0.9252 0.9111

TABLEAU 5.2 — The R-squared measure of the regression log(m(q, A)) ~log(A)

Of course the {; and Hg are not perfectly matched. One possible reason for this mismatch is using
discrete samples. In fact, simulating fBm using the same number of points results in a slight concave
figure, and ends up in recovering a Hurst parameter that slightly overestimates the real one.

In order to make sure our estimations of H do not depend on the time interval, we split the data into
two periods with the same lag and re-estimate H for each period separately. The aim of this experience
is to confirm that the scaling is time independent for all assets. Regressing log(m (g, A)) on log(A) for
each ticker and for =0.5,1,1.5,2,3 and A =1,...,410, we find that {, is linear on ¢q for the GK proxy. As
we can see in Table 5.6, the Hurst parameter lies between 0.01 and 0.082 confirming that the volatility
process is rough. One might however notice that splitting the data resulted in a first half with a slightly
greater H than the second half. We think that it is due to the presence of the 2008 crisis in the first half.
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Ticker H for the whole period H (first half) H (second half)

SP100 0.0841 0.0897 0.0714
IBEX35 0.072 0.0753 0.071
HSI 0.0516 0.0605 0.0394
MEXBOL 0.0627 0.0737 0.0463
FTSE100 0.0751 0.0708 0.0728
ASX200 0.0489 0.0476 0.0415
TOTAL 0.0774 0.0835 0.0687
XIN9I 0.0674 0.0649 0.069
SHSZ300 0.0689 0.0718 0.0636
BCOM 0.014 0.0099 0.0238
INDU 0.0804 0.0838 0.067
USDEUR 0.0353 0.0393 0.0321
IBOV 0.0685 0.0724 0.0609
MICROSOFT 0.06 0.0717 0.0401
GOOGLE 0.0656 0.0724 0.0542
SP400 0.0715 0.0753 0.0592

TABLEAU 5.3 — Estimates of H on the whole period and over two different time intervals for different indexes and
stocks (Garman Klass volatility)

5.3.2 The scaling of the Parkinson volatility proxy

To ensure that the results apply to other range-based estimators, we reproduce the same analysis to
the the Parkinson volatility proxy, based on the same data and on the same period. Results are expres-
sed in Figures 5.5 and 5.6.
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FIGURE 5.5 —logm(q, A) as a function of log A (left), {, (blue) and 0.082 x g (green) (right), S&P 100 (Parkinson
volatility).

The scaling is again linear in g with H = 0.082 for the S&P 100 and H = 0.064 for the IBEX 35. Values are
very close to those found within the GK proxy. This confirms again that volatility based on the Parkin-
son proxy is rough.

The smoothness parameter H is detailed in Table 5.4 for all the assets for the Parkinson volatility. One

more time, we give the value for the whole period, split the period into two halves and compute H for
each half.
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FIGURE 5.6 —log m(g, A) as a function of log A (left), {; (blue) and 0.064 x g (green) (right), IBEX 35 (Parkinson
volatility).

The same conclusions apply to the Parkinson volatility :

Ticker H for the whole period H (first half) H (second half)

SP100 0.0822 0.0888 0.0737
IBEX35 0.0644 0.0682 0.0648
HSI 0.0452 0.0555 0.0336
MEXBOL 0.0638 0.0738 0.0489
FTSE100 0.0774 0.0823 0.0669
ASX200 0.0513 0.0511 0.0422
TOTAL 0.0738 0.0856 0.0608
XIN9I 0.0595 0.0592 0.0593
SHSZ300 0.0591 0.0668 0.0499
BCOM 0.0127 0.00623 0.0251
INDU 0.08 0.08 0.0707
USDEUR 0.0265 0.0276 0.0261
IBOV 0.0694 0.0746 0.0603
MICROSOFT 0.0584 0.0685 0.0414
GOOGLE 0.0603 0.063 0.0542
SP400 0.0757 0.0822 0.0623

TABLEAU 5.4 — Estimates of H on the whole period and over two different time intervals for different indexes and
stocks (Parkinson volatility)

— Hremains between 0.01 and 0.09 with most assets around 0.07. This fact confirms that volatility
is rough.

— H s higher for the first period. This might be explained by the fact that this period (period 2005-
2010) contains the 2008 crisis.

— H for Parkinson proxy of the BCOM ? asset is almost 0.

3. BCOM corresponds to the B Communications Ltd, which is a publicly traded holding company, headquartered in
Israel, whose sole asset is a controlling interest in Israeli telecommunications provider Bezeq.
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5.3.3 Distribution of the increments of the log-volatility

Now that we have established the common scaling behavior for our volatility proxies on the given data,
we will focus on the S&P 100 for the following results. Certainly, we will ensure that the same results
are common for other assets, but unless specified otherwise, all the plots concern the S&P 100.

It is well-known that the increments of log-volatility distribution is very close to the normal distri-
bution, see for example [10]. This is also what we find in our data, see Figure 5.7. Moreover, rescaling
the density by A for any given lag A recovers the 1-day increments density. This is consistent with
the fractional Brownian motion with Hurst parameter H as seen in the previous section.

(a) A =1 day (b) A =5 day

-3 -2 -1 0 1 2 3

FIGURE 5.7 — Histograms for various lags A of the increments log(o A)) —log(o;) of the Garman-Klass S&P 100
log-volatility; the normal fit to distribution of the A-days increments (red); normal fit to the 1-day increments
rescaled by AH (dashed blue)

5.4 RFSV model validation using range-based proxies

In the following section, we test the accuracy of the Rough fractional volatility model (RFSV) introdu-
ced in [89] using the volatility data based on the Garman-Klass proxy. We will ensure that the model
reproduces the same behavior as the data.
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5.4.1 The model

Empirical results of Section 5.2, show that the increments of log-volatility based on range proxies for
various assets appear to have a scaling property with constant Hurst parameter. We also made sure,
through Section 5.3.3 that their distribution is close to a normal distribution. Based on these results,
the log-volatility increments can be modeled by the increments of a fBm as the following :

logoHA—logot:v(WiA—W?), (5.4)

where WH is a fractional Brownian motion with the Hurst parameter estimated through the scaling
of the volatility and v is a positive constant corresponding to the volatility of the increments. We can
rewrite Equation (5.4) under the form :

Or= Gexp(vW?),

where o is a positive constant.

One of the drawbacks of this model is that it is not stationary. As a matter of fact, stationarity is a
property that is desirable and useful for modeling time series. A possible model that keeps this pro-
perty along with the fractional scaling is the fractional Ornstein-Uhlenbeck (fOU in short) process
with a very long mean-reversion.

The fractional Ornstein-Ublenbeck process X; is a stochastic process satisfying the stochastic diffe-
rential equation :

dXt = —(XXtdt + VdZ[, Xp=0

where both v and « are positive parameters. When Z; is the standard Brownian motion, we get the
standard Ornstein-Uhlenbeck, see [136]. Our interest, however, is the when Z, = WI[I We also consider
an arbitrary initial point Xg = m instead of 0. The SDE followed by the the process of log-volatility
becomes :

dX,=—-aX,—mydt+vdW, xo=m (5.5)

where m € R and (W) is the fBm with Hurst parameter H.
Equation (5.5) is then solved using the following explicit representation :
t
X, =V f e = gqwi 4 m (5.6)
-0

where the stochastic integral with respect to fBM is simply a path-wise Riemann-Stieljes integral ([51]).
Lastly, we recover the volatility, and thus define the RESV model on the time interval [0,T] :

Ol’:exp (Xl’)) e [OIT])

where (X;) satisfies equation (5.6) for some v >0, a > 0, m € R and H < 1/2 the measured smooth-
ness of the volatility. In addition to the stationarity of such a model, choosing a <« 1/T allows the
log-volatility to behave locally (at time scales smaller than T) as a fBm. This observation is formalized
by Proposition 3.1 in [89] we recall below :

Proposition 5. Let W be a fBm and X* defined by (5.6) for a given a > 0. As « tends to zero,

E[ sup |X¢-X&—vwH |1 -0
te[0,T]
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Remark 12. :

— Proposition (5) implies that within the interval [0,T], and under the condition o« < 1/T, we can
proceed as if the log-volatility process were a fBm. Setting « = 0 allows to recover the simple non-
stationary fBm (5.4).

— The RFSV differs from the classical FSV model of Comte and Renault, see [56], in that, instead of
takingH > 1/2 and a large in FSVr, the RESV model is defined for H < 1/2 and a small (actually o
is chosen not to be equal to 0 only so that the volatility satisfies stationarity).

— The choice H < 1/2 is consistent with both the statistical properties of the data and generates a
term structure of volatility skew that matches the observations.

— The choice of the fOU is for convenience and simplicity. Other models that imitate the fBm beha-
vior at reasonable time scales and are stationary can be considered as well.

— The RFSV process reproduces approximately the exact scaling property as the fBm. This is a conse-
quence of the following corollary :

Corollary 1. Let g >0, t >0, A > 0. Asa tends to zero, we have :

H
EIIXY, 4 —X§ 17— vIK AT,

A detailed comparison between the RFSV and FSV can be found in [89].

5.4.2 Model validation

In previous sections, we come to the conclusion that RFSV model seems to be a relevant volatility
model based on empirical results. But the question that arises is whether the estimated range-based
volatility proxies, from simulated data with RFSV as the volatility process, behaves like the underlying
process (in terms of the scaling properties). Our goal is to investigate this question. To do so, we simu-
late the spot volatility process using the RFSV model, simulate intraday prices, recover range prices
(open, close, high and low), and finally estimate the range volatility from the simulated range prices.
We will be able, on the one hand, to compare the behavior of the known real spot volatility process to
that of the proxy used for its approximation. We will also be able to estimate the realized volatility and
compare it to the Garman-Klass and to real data.

Spot volatility is simulated using RFSV model for 2,521 days. Since range-based volatility assumes the
volatility process to be constant within the day, we take into account the randomness of the intraday
prices P, where u frequency is of the order of a few seconds, and simulate the spot volatility o; on a
daily basis. We choose parameters that are consistent with the S&P 100 Garman-Klass volatility (even
though a precise estimation for v a and m is not simple) and consistent with our empirical estimates
from Section 1.3, i.e. H=0.08, v=0.3, m=Xy=—-5and a =5 x 1074,

To simulate the volatility and price paths, we proceed as the following :
— Simulate fBm using a wavelet-based synthesis, see [2].

— Simulate the log-volatility process X for each day » according to a discrete scheme :
Xp1 =X = V(WL —WH) + a(m - X,).
— Simulate the asset price P by taking :
Pn+(j+1)8 - Pn+j6 = Pn+j80n\/SUj;

where the U; are iid standard Gaussian variables.
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— Extract range prices (open, close, high and low prices) for each day, and compute the realized
volatility and the Garman-Klass range-volatility.
We present in Figure 5.8 a plot of the Garman-Klass proxy from S&P 100 data along with the simulated
spot volatility described above.

We compare the plots of the S&P 100 Garman-Klass proxy with the simulated path. Graphically, it
seems that estimated volatility exhibits the same behavior as the simulation, at least to a visual extent.
This was already verified in [89]. A zoom in or a zoom out gives typically the same kind of qualitative
properties. To compare the smoothness of the real spot volatility (simulated paths), with that of the

Data
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FIGURE 5.8 — Garman Klass volatility of S&P 100 (above) and simulated paths (below)

Garman-Klass proxy recovered from simulated prices, we repeat the analysis of Section 5.2. We plot in
Figure 5.9 log(m(q, A)) as a function of log(A) for both the real volatility and volatility proxy. The Hurst
exponent of the estimated Garman-Klass proxy is relatively close to the true one (H=0.079 compared
to H =0.056). The mismatch can in particular be due to simulation bias.
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FIGURE 5.9 —log(m(q, A)) as a function of log(A) for the real spot volatility with H = 0.08 and the Garman Klass
proxy based on simulations.
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5.4.3 FSVvs. RFSV

We have shown from our analysis that the RESV model hypothesis can not be rejected. In light of
empirical results on data, we would like to test if we can reject the FSV model through simulating
the volatility process. To do so, we analyze the behavior of the smoothing function m(qg, A) for small
and large lags, using simulated volatility and asset prices, and see if the Garman-Klass and realized-
volatility based on these simulations, behave like the one found for real data.

The first basic difference between RFSV and FSV is the range of the Hurst exponent values for the frac-
tional Brownian motion. First, we consider the simple non mean-reverting fractional volatility model
with H> 0.5, i.e. 0, = ooeVWtH with H =0.7 and n = 0.25. We take a look at the scaling behavior of the
realized-volatility and Garman-Klass volatility proxies based on this model in Figure 5.10. In Figure

Simulated data RV estimator GK estimator
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FIGURE 5.10 - log(m(q, A)) as a function of log(A) for the data (left) Realized Volatility (center) and Garman-
Klass volatility (right) over the simulated paths for g=1,2,3,4,5

5.10, we see that the scaling of log(A) is very close to a straight line for the RV and GK estimators. The
resulting smoothing parameter found in these figures is close to the original one (H = 0.69 for RV esti-
mator and H = 0.64 for GK estimator).

We are aware that such model, leading to crazy volatility values, does not make sense without mean-
reversion. However, this allows us to exclude a fractional volatility model of the form o, =g¢ e"Wi with
H>0.5.

Unlike the RSFV model where the mean-reversion is intrinsic to the model for a = 0, Comte and Re-
nault impose o to be large enough, i.e. a > 1/T where T is the time horizon of interest, to verify this
property. We would like to test to what extent this model can be misleading in estimating the smooth-
ness of the diffusion process. We compare the FSV and RFSV models for the set of parameters given in
Table 5.5, which leads to the simulated time series given in Figure 5.11.
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FSV  RFSV

H 0.7 0.08

(o4 025 5x10™
v 0.25 0.45

m -4.5 -5

Xo -45 -5
Eflog(o)] 46 47
Var(log(o)] 0.21 0.33

TABLEAU 5.5 — Parameters values used for simulating the FSV and RFSV models and the mean and variance of

the simulated time series
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FIGURE 5.11 — Plot of one path of the FSV and RFSV models for H = 0.7 and H = 0.08 observed daily (top two),

and every 10 days (bottom two).

In Figure 5.11, we see that both processes satisfy mean-reversion. The roughness of the RFSV model is
quite clear when we observe the process daily, however, when observed every 10 days, it is less obvious

to say which is the FSV and which i

In Figure 5.12, we check one more
GK proxies estimated on a 24 hour
gure 5.12 the following key results :

s the RFSV.

time the scaling behavior of the two processes and their RV and
s windows and 1 second observed prices. We confirm through Fi-

— The smoothing function {, for the the RFSV model keeps the same pattern for short and long
time scales, (log(m(q, 4)) is close almost linear w.r.t log(A)).
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FIGURE 5.12 - log(m(q, A)) as a function of log(A) for the simulated paths (left), Realized Volatility (center) and

Garman Klass volatility (right) over the simulated paths for g =1,2,3,4,5, for FSV model (top) and RFSV model
(bottom)

— The FSV model seems to exhibit two slopes. At small scales, the slope is close to that of the Hurst
exponent of the fractional Brownian motion that drives the process, i.e. H = 0.7. At large scales,

the slope gives a value close 0. Actually, the stationarity of the process at large scales is respon-
sible for such estimation.

Finally, in order to verify the impact of discretization on the estimators, we consider that prices are
observed on an 8 hours time window every 1, 5 or 10 minutes. We compute the RV and GK estimators
based on these observations. Results are shown in Figure 5.13 for the FSV (this test on the RFSV model
does not bring more information).
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FIGURE 5.13 - log(m(g, A)) as a function of log(A) for realized volatility (top) and Garman-Klass volatility (bot-
tom) based on an 8 hours window with 1min (right), 5min (center) and 10min (left) discretization for the mean-
reverting FSV model with H =0.07.
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We observe an other phenomena for the GK estimator. The slope on very small scales (A = 1,2) gives
a relatively smaller smoothing parameter (H around 0.19) than for intermediate lags (H around 0.24).
We believe that this is due to the noise of this estimator. Moreover, the value of the smoothing para-
meter is still very small compared the one used to simulate the process.

Finally, we can conclude that FSV volatility with H > 0.5 behaves differently than the data. It may
therefore be excluded from being a good volatility model. Rough fractional model on the other hand,
seems at this point, the most plausible to model the volatility. Even though it was not illustrated in
here, mean-reversion models with standard Brownian diffusion is even less plausible.

Quantitative justification

In this section, we would like to quantify the phenomena encountered previously. Our goal is to see
how estimating the smoothing parameter is affected by the lag range. We denote by X; the asset log
price X; =log(P;). Since spot volatility does not really make sense at the intraday level (beyond seaso-
nality), and to avoid the smoothing issue of realized volatility estimation, we assume that the volatility
is constant within a day, i.e. for day i and for each time t € [i,i + 1) 0; = 0; = constant, with g; = VWi
(although this model does not make much sense for H > 0.5).

Assume we have n observations for each day i for the price process P{ =b- and let A;’X the log price
increments of day i :

i -1
AX =log(P)) ~log(P] ).

Using the central limit theorem (CLT) for realized volatility we have :

(07?2 :j;(A;?X)Z

i+1 "
:f S2VW! dH_ f eYWI d 1€ where € ~ A (0,1)
~2VW}! 1+\/>E,

which leads to the approximation :

1
log(ohY) = VWH +/ 2—5 where & ~ (0, 1).
n

Taking the increments of the log volatility between i and i + A for a given time lag A, we have :

log(a A)—log(cr V) = v(wW +A—WH \/ (§+§),
(vA“)

where € and ¢’ are i.i.d Gaussian variables.

This equivalence leads to the following observations :
— When the vol of vol v is small,i.e. such v2A?H « 1 the noise takes the upper hand. As a result,
we would observe a slope close to horizontal When plotting log(m(q, A)) against log(A).
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— On the contrary, when v is large, the first term is predominant and the slope is close to gH which
allows for a rather more precise estimation of the true Hurst exponent.

— In the intermediate case, two slopes can be observed; one corresponding to estimation noise,
and the other proportional to the true Hurst exponent.

We illustrate these cases in Figure 5.14 below.

log(m(g, A)) og(m(g, A)) og(m(g, A))

Due to noise Slope gH

Slope qH

\

Due to noise

log(A) log(A) log(A)

FIGURE 5.14 - Different cases encountered for the estimation of the slope of log(m (g, A)) against log(A).

5.5 Forecasting range-based volatility using the RFSV model

The purpose of this section is to compare the predictability of the RFSV model with other commonly
used models such as the AR, HAR or GARCH models.

5.5.1 Forecasting log-volatility

The key formula on which the prediction method is based is the following one :

cos(Hm) t wH
[E WH g — —AH+1/2[ S d :
[ t+A| t T oo (t—S+A)(t—S)H+1/2 §

where WH is a fBm with H < 1/2 and %, the filtration it generates, see Theorem 4.2 of [135]. By
construction, over any reasonable time scale of interest, as formalized in Corollary 1, we may approxi-
mate the fOU volatility process in the RFSV model as logo? ~ 2vW!! + C for some constants v and C.
Our prediction formula for the log-variance then follows :

cos(Hm) AH“/th logo?
n

st Ay s (5.7)

[E[logoi NESE

This formula, or rather its approximation through a Riemann sum (we assume in this section that vola-
tilities are perfectly observed, although they are in fact estimated), is used to forecast the log-volatility
1,5 and 20 days ahead (A =1,5,20).

In the spirit of [58], we compare the predictive power of Formula (5.7) with that of AR, HAR and GARCH

forecasts. Recall that for a given integer p > 0, the AR(p) and HAR predictors take the following form
(where the index i runs over the series of daily volatility estimates) :

— AR(p):
LA G AAL 2
]0g(0’t+A) = KO + iEZOCl- IOg(O't_i).

147



CHAPITRE 5. RANGE-BASED PROXIES AND ROUGH VOLATILITY

1o@):K()A+c(,Alog(ot)+c5A5ZcAlog(o )+c20 Zlog(ct ).
i=0

We estimate AR and HAR using a rolling time window of 500 days. For the HAR case, we use standard
linear regression to estimate the coefficients as explained in [58]. In the sequel, we consider p =5 and
p =10in the AR formula. Indeed, these parameters essentially give the best results for the horizons at
which we wish to forecast the volatility (1, 5 and 20 days). For each day, we forecast volatility for five
different indexes.

We then assess the quality of the various forecast by computing the ratio P between the mean squared
error of our predictor and the approximated variance of the log-variance :

— \2
Zk 500 (log(0i+A) B log(GiA))

A 2 Ell 2 2

where [E[log(cri . A)] denotes the empirical mean of the log-variance over the whole period.

We present in Table 5.6 the ratio P for different models in order to compare the RFSV prediction power
with other autoregressive models for predicting the log variance.

Ticker AR(5) AR(10) HAR(@3) RESV
SP100 A=1 0.451 0.446 0.443 0.466
SP100 A=5 0.644 0.635 0.546 0.557
SP100 A=21 0.897 0.894 0.734 0.718
IBEX35 A=1 0.594 0.594 0.582 0.622
IBEX35 A=5 0.843 0.824 0.728 0.728
IBEX35 A=21 1.18 1.17 0.943 0.908
HSIA=1 0.529 0.523 0.513 0.52

HSIA=5 0.647 0.633 0.575 0.577
HSI A=21 0.805 0.801 0.665 0.671
MEXBOL A=1 0.572 0.567 0.553 0.589
MEXBOL A=5 0.731 0.709 0.648 0.645
MEXBOL A =21 0.922 0.917 0.757 0.764
FTSE100 A=1 0.474 0.465 0.463 0.476
FTSE100 A=5 0.627 0.614 0.545 0.545
FTSE100 A =21 0.859 0.855 0.699 0.688
ASX200 A=1 0.536 0.524 0.524 0.527
ASX200 A=5 0.658 0.652 0.577 0.573
ASX200 A=21 0.806 0.793 0.707 0.688
TOTAL A=1 0.540 0.534 0.527 0.558
TOTAL A=5 0.720 0.704 0.640 0.636
TOTAL A=21 1.008 1.015 0.809 0.789
XINITA=1 0.587 0.58 0.568 0.582
XIN9I A=5 0.712 0.695 0.637 0.641
XIN9I A =21 0.913 0.918 0.762 0.758
SHSZ300 A=1 0.574 0.568 0.56 0.572
SHSZ300 A=5 0.707 0.695 0.634 0.634
SHSZ300 A =21 0.896 0.904 0.772 0.753
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BCOM A=1 0.846 0.838 0.805 0.83

BCOM A=5 0.876 0.854 0.821 0.825
BCOM A =21 0.956 0.937 0.874 0.854
INDU A=1 0.451 0.446 0.444 0.458
INDU A=5 0.617 0.612 0.532 0.541
INDU A=21 0.858 0.857 0.716 0.699
USDEUR A=1 0.530 0.514 0.507 0.521
USDEUR A=5 0.611 0.581 0.532 0.544
USDEUR A =21 0.755 0.728 0.618 0.638
IBOVA=1 0.602 0.595 0.587 0.617
IBOVA=5 0.779 0.754 0.68 0.691
IBOV A=21 1.010 1.008 0.843 0.836
MICROSOFT A=1 0.579 0.576 0.566 0.603
MICROSOFT A=5 0.749 0.737 0.668 0.673
MICROSOFT A =21 0.936 0.931 0.807 0.79

GOOGLE A=1 0.500 0.497 0.492 0.529
GOOGLE A=5 0.683 0.672 0.581 0.595
GOOGLE A=21 0.864 0.861 0.729 0.722
SP400 A=1 0.454 0.451 0.445 0.464
SP400 A=5 0.616 0.601 0.525 0.538
SP400 A =21 0.816 0.81 0.668 0.67

TABLEAU 5.6 — Ratio P for AR, HAR and RFSV predictors for log(o?+ A)

As we can see in Table 5.6, even though RFSV sometimes underperform AR, and HAR for A =1, it per-
forms at least as good as the HAR when predicting more days ahead (A =5,21) and outperforms the
AR model.

Compared to AR, HAR whose parameters change through time, depend on the time horizon, need
to be re-calibrated and even encounter calibration issues for some periods, the RFSV is more parsi-
monious since it only requires the parameter H to forecast the log-variance. In addition to that, the
smoothness typically does not change over time or very slightly.

We notice that prediction through the RFSV can be linked to that of [67], where the issue of the pre-
diction of the log-volatility in the multifractal random walk model of [12] is tackled. In this model,

1 2
08(0%) dt

1 t
E[log(c? F =—\/Af ,
llog(a”, A) | F] - P W

which is the limit of our predictor when H tends to zero.

The prediction formula for the RESV model can also be rewritten as

Ellog(o?, 1) |F1]= du,

COS(HT[) f+m log(criAu)
b1 0 (u+ 1)uH+1/2

for a given small € > 0, let r be the smallest real number such that

+00 1
j;, (u+ l)uH+l/2 =¢&
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Then we have, with an error of order €

log(o? , )
) _cos(Hm) 7 1980, A,
Ellog(o”, A) | Fi] = - o (u+ Dub+1rz du.

This prediction formula says that future volatility depends on the whole path of the volatility process.
However, since the weights decrease with time, one does not need to go to —oo. It suffice to consider
a time to go down to in order to forecast the future. This is roughly defined by setting the error margin
€. For example, in order to forecast A in the future, it is common practice by practitioners to take A in
the past. This corresponds to r =1, and € = 0.35 which is not so unreasonable.

5.5.2 Predicting the variance

Based on the same approximation of the fOU volatility process in the RESV model, we rewrite o2 =
exp(2vaI + C) for some constants v and C. The prediction of the variance knowing the information
attime fis:

{Z:E[oiﬂ |g1:[]
—F [exp(2vw?+A +0)| %] :

Since Wi A is conditionally Gaussian (as shown by [135] ) with conditional variance Var [WEr A | &) =

cA?H (where c = —LB/22H .04 using the fact that lo/g(?f) ~E[2vWH +C|Z,|=E [log(oi | Z |,

T'wa+1/2)12-21) +A)

we have :

I

2 _ (a2 2 A2H
0%, ) =exp (10g(0t+A)+2cv A )

Note that this expression uses the estimation of log (crir A) =E [log(crir A) | & t] which we have seen in
Section 5.5.1 and v? which is the exponential of the intercept in the linear regression of log(m(2, A))
on log(A).

Once again, we compare the performance of the RESV predictor to the AR, HAR and the GARCH pre-
dictors expressed as the following :

— AR(p):
S A S RA
Gt+A:KO +;)Ci o;_;
i=
— HAR:
T A A2 ALE AL AT,
0? A=Ky +Cgoi+Cs gZCi Ot—i+CZOEZGt—i
i=0 i=0
— GARCH(1,1) :

- A—l . A
0§+A:(xo(l+ ; (0(1+f51)l)+(0‘1+51) 0%

Results on the variance prediction are given in Table 5.7. We can see that the RESV model outperforms
other predictors on all the considered time horizons. GARCH model performs poorly on the other
hand.
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Ticker AR(5) AR(10) HAR(@3) GARCH(1,1) RESV
SP100 A=1 0.901 1.01 0.769 0.873 0.655
SP100 A=5 1 0.96 1.06 1.14 0.76

SP100 A=21 1.42 1.33 0.989 1.72 0.898
IBEX35 A=1 0.62 0.632 0.587 0.675 0.694
IBEX35 A=5 1 1.01 0.846 1.27 0.808
IBEX35 A =21 1.43 1.45 1.03 2.03 0.975
HSIA=1 0.993 1.16 0.847 1.37 0.794
HSIA=5 0.875 1.16 0.919 1.59 0.851
HSI A=21 1.1 1.56 0.977 1.81 0.932
MEXBOL A=1 0.58 0.591 0.566 0.686 0.659
MEXBOL A=5 0.938 0.866 0.808 1.26 0.767
MEXBOL A =21 1.32 1.31 0.965 1.77 0.928
FTSE100 A=1 0.65 0.67 0.618 0.776 0.646
FTSE100 A=5 0.833 0.908 0.808 1.25 0.721
FTSE100 A =21 1.15 1.21 0.926 1.69 0.872
ASX200 A=1 0.789 0.834 0.688 1.08 0.656
ASX200 A=5 0.826 0.845 0.721 1.25 0.725
ASX200 A=21 1 1.05 0.851 1.8 0.837
TOTAL A=1 0.519 0.554 0.497 0.587 0.568
TOTAL A=5 0.804 0.855 0.77 1.01 0.695
TOTAL A =21 1.29 1.39 0.997 1.59 0.885
XIN9I A=1 0.847 0.86 0.816 1.24 0.787
XINIIA=5 0.943 0.945 0.86 1.54 0.862
XIN9I A =21 1.1 1.11 0.932 1.87 0.926
SHSZ300 A=1 0.841 0.853 0.806 1.17 0.767
SHSZ300 A=5 0.964 0.963 0.859 1.51 0.849
SHSZ300 A=21 1.06 1.07 0.918 1.96 0.903
BCOM A=1 0.823 0.82 0.776 1.28 0.824
BCOM A=5 0.884 0.851 0.818 1.52 0.812
BCOM A =21 0.967 0.961 0.86 1.95 0.834
INDU A=1 1.22 1.4 0.883 0.938 0.677
INDU A=5 1.04 1.05 1.35 1.22 0.779
INDU A =21 1.43 1.42 0.986 1.76 0.904
USDEUR A=1 0.711 0.73 0.663 0.945 0.673
USDEUR A=5 0.878 0.855 0.762 1.25 0.716
USDEUR A =21 1.05 1.03 0.816 1.46 0.823
IBOVA=1 0.899 1.04 0.687 0.894 0.686
IBOVA=5 1.05 0.896 0.908 1.11 0.782
IBOV A=21 1.74 1.33 1.06 1.75 0.932
MICROSOFT A=1 0.656 0.67 0.644 0.925 0.659
MICROSOFT A=5 0.926 0.894 0.91 1.29 0.746
MICROSOFT A =21 1.12 1.15 0.95 1.61 0.866
GOOGLE A=1 0.652 0.661 0.611 0.887 0.586
GOOGLE A=5 0.715 0.737 0.66 1.08 0.651
GOOGLE A =21 1.09 1.11 0.87 1.43 0.831
SP400 A=1 0.704 0.761 0.634 0.916 0.626
SP400 A=5 0.961 0.882 0.778 0.986 0.725
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| SP400 A=21 1.27 | 1.19 | 0.882 | 1.56 | 0.866

TABLEAU 5.7 — Ratio P for the AR, HAR and RFSV predictors for oi A

5.6 Conclusion

We aimed through this analysis to investigate the scaling behavior of the volatility range-based proxy.
Gatheral and co-authors have already studied high-frequency based realized-volatility in this sense
in [89]. They found that it exhibits a rough scaling behavior and that its logarithm behaves like a
fractional Brownian motion with Hurst exponent of order 0.14. We applied their analysis using the
range-based volatilities as proxies for spot volatility. The latter use only information about range prices
(open, close, high, low) for their estimation. We also find that the volatility process is monofractal with
a small Hurst exponent (lower than 0.1) and can indeed be as low as 0.014.

Further tests justify that log-volatility increments are approximately Gaussian. This allows us to model
them using the RFSV model. To ensure that the RFSV is consistent with the results on data, we simu-
late intraday and range prices using this model, recover the realized-volatility, and compute again the
range-based estimators. We perform again the statistical checking only to find that simulations give
similar results to the data. This reinforces that the hypothesis of rough volatility can not be rejected at
this point, while other models like FSV seem to be misleading and, to a certain extent, wrong.

Finally, to measure its prediction power, we compare RFSV with other models such as AR or HAR
for the log-volatility prediction and with AR, HAR and GARCH for the variance prediction. The RESV
shows good performance compared to other models and its prediction power is at least comparable
to that of the HAR. GARCH, on the other hand, shows very weak performance for these estimators.
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Chapitre 6

Rough volatility : evidence from option
prices

Abstract— It has been recently shown that spot volatilities can be very well modeled by rough sto-
chastic volatility type dynamics. In such models, the log-volatility follows a fractional Brownian mo-
tion with Hurst parameter smaller than 1/2. This result has been established using high frequency
volatility estimations from historical price data. We revisit this finding by studying implied volatility
based approximations of the spot volatility. Using at-the-money options on the S&P500 index with
short maturity, we are able to confirm that volatility is rough. The Hurst parameter found here, of or-
der 0.3, is slightly larger than that usually obtained from historical data. This is easily explained from
a smoothing effect due to the remaining time to maturity of the considered options.

Keywords : Rough volatility; fractional Brownian motion; implied volatility; Medvedev-Scaillet ap-
proximation.

6.1 Introduction

Since the seminal work of Black and Scholes [30], the most classical way to model the behavior of the
price S; of a financial asset is to use continuous semi-martingale dynamics of the form

dlogSt = ptdt+0tdWI,

with i, a drift process and W, a Brownian motion. The coefficient o is referred to as the volatility pro-
cess. As is well-know, it is the key ingredient in the model when one is interested in derivatives pricing
and hedging.

Historically, following the pioneering approach of [30], practitioners have first considered the case
where the process o is constant or deterministic, that is the Black and Scholes model. However, in
the late eighties, it became clear that such specification for the volatility is inadequate. In particular,
the Black and Scholes model is inconsistent with observed prices for liquid European options. Indeed
the implied volatility, that is the volatility parameter that should be plugged into the Black-Scholes
formula to retrieve a market option price, depends in practice on the strike and maturity of the consi-
dered option, whereas it is constant in the Black-Scholes framework.

Hence more sophisticated models have been introduced. A first possible extension, proposed by Du-

pire [69] and Derman and Kani [63], is to take o; as a deterministic function of time and asset price.
Such models, called local volatility models, enable us to perfectly reproduce a given implied volatility
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surface. However, its dynamic is usually quite unrealistic under local volatility. Another approach is
to consider the volatility o; itself as an Ito process driven by an additional Brownian motion, typically
correlated to W. Doing so one obtains less accurate static fits for the implied volatility surface but
more suitable dynamics. Among the most famous of these stochastic volatility models are the Hull
and White model [101], the Heston model [97] and the SABR model [95]. More recent market practice
is to use so-called local-stochastic volatility models, see for example [24], which both fit the market
exactly and generate reasonable dynamics.

In all the Brownian volatility models mentioned above, the smoothness of the sample path of the
volatility is the same as that of a Brownian motion, namely 1/2 — e Holder continuous, for any € > 0.
However, it is shown in [88] that in practice, spot volatility is much rougher than this. This result in
[88] is based on a statistical analysis of historical data using sophisticated high frequency estimation
methods. More precisely, it is established in [88] that the dynamic of the log-volatility process is very
close to that of a fractional Brownian motion with Hurst parameter smaller than 1/2. Recall that a
fractional Brownian motion WH with Hurst parameter H € (0,1) is a Gaussian process with stationary
increments such that

Cov[Wi, W] = = (112" + |/ — £ - s12).

N | =

The Holder regularity of W is H—e for any € > 0 and for H = 1/2 we retrieve the classical Brownian mo-
tion. Therefore models where the volatility is driven by a fractional Brownian motion with H < 1/2 are
called rough volatility models. Beyond fitting almost perfectly historical volatility time series, rough
volatility models enable us to reproduce important stylized facts of liquid option prices that local or
stochastic (or local-stochastic) volatility models typically fail to generate. In particular, the exploding
term structure when maturity goes to zero of the at-the-money skew (the derivative of the implied
volatility with respect to strike) is readily obtained, see [20, 79]. Other developments about rough vo-
latility models can be found in [22, 23, 70, 71, 74, 80, 94, 105, 134].

The goal of this paper is to revisit the finding in [88] using implied volatility data. Indeed in [88], the
authors work with historical price data from underlyings to estimate spot volatility. Here we use a
spot volatility proxy which is not based on historical data, but on implied volatility. More precisely, we
approximate the spot volatility by the implied volatility of an at-the-money liquid option with short
maturity (or a refined version of it). This idea can be justified by the fact that in most models, the at-
the-money implied volatility tends to the spot volatility as maturity goes to zero, see for example [132].
Our main result is a confirmation of that in [88] : When using alternate spot volatility measurement
methods based on option prices, we can still conclude that volatility is rough.

The paper is organized as follows. We investigate in Section 6.2 the roughness of time series of spot
volatility approximations given by implied volatilities of at-the-money options on the S&P500 index,
with maturity one month. In Section 6.3, instead of using raw implied volatilities, we compute spot
volatilities from implied ones through a correction formula due to Medvedev and Scaillet, see [124].
We then carry the same analysis as in Section 6.2. The results in Sections 6.2 and 6.3 are very similar
to those in [88]. However, the estimated values for the Hurst parameter, although smaller than 1/2,
are actually larger than those obtained in [88]. We show numerically and analytically in Section 6.4
that this upward bias comes from a regularizing effect due to the remaining time to maturity of the
considered options.
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6.2 At-the-money implied volatility with short maturity as spot volatility
proxy

As explained in the introduction, our goal is to study the behavior of the spot volatility and to show
that it is well approximated by a rough process. Of course this is a difficult task since volatility is a
latent, unobserved variable. In [88], the authors use recent estimation methods based on ultra high
frequency price data to estimate spot volatility. In this work, instead of using historical data as in [88],
we wish to use option price data. This idea is reasonable if we use at-the-money options for which
the time to maturity is short. Indeed, it is well-known that in most models, the at-the-money implied
volatility converges to the spot volatility as maturity goes to zero, see for example [132].

6.2.1 Data description

In this section, we use a data set from Bloomberg !, made of daily observations of the implied volatility
of the option with maturity one month on the S&P500 index, from January 5, 2006 to May 5, 20112,
Note that the data are in fact already interpolated internally by the data provider (using quoted op-
tions at 4 PM) and do not necessarily exactly correspond to transaction data, see [32]. In Section 6.3,
we present a method enabling us to derive spot volatilities from observed option prices with various
maturities. Here we rely on the data provider approach to get option prices with the same maturity.
This is not an issue since our aim in this work is to show that a rough dynamic for the volatility is
obtained from any reasonable spot volatility proxy.

6.2.2 Scaling property
Reminder about the statistical methodology

We first recall the strategy used in [88] to investigate the smoothness of volatility sample paths. There
is no novelty in term of statistical device here since we take the very same approach as in [88], but
based on implied volatilities. Our contribution in this section is on the empirical side.

Let Olténp yeeer O‘;:np be the time series of implied volatilities extracted from our data base. Here for i = 0,
ti+1 — t; corresponds to one business day. In the spirit of [88], we wish to review the behavior of the
so-called structure function m(q, A) given by

1[(N_1)/AJ imp imp, g
,A) = — | -1
m(q ) N I;) log(otum)A) Og(gtkA”

for various g > 0 and lags A going from 1 to about 40 days . Through the quantity m(q, A), our goal is
to revisit the finding in [88] that the (spot) log-volatility is well approximated by a fractional Brownian
motion with Hurst parameter H smaller than 1/2. In this case, assuming spot and implied volatilities
coincide, we should observe the following relationship :

m(q, A) ~ cgA™, 6.1)
with ¢, a constant depending on g. Indeed, we have for £ >0and A >0

H H ~ H
[E[|Wt+A -W,; NE Cqu )

1. Data obtained from AXA Group Risk Management.

2. Data around the third Friday of each month (settlement date) are removed from the data base. We have 1166 points
in total.

3. Of course when computing m(q, A) we in fact also average over the possible starting points fy, ..., tA_; -
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with ¢, the absolute moment of order ¢ of a standard Gaussian random variable.

Results

To investigate the validity of (6.1), we plot in Figure 6.1 the logarithm of m(q, A) against the logarithm
of A, for several values of g.

FIGURE 6.1 - Scaling property of log-volatility increments.

0

For every ¢, the points with coordinates (log(A),log(m(q, A))) are almost perfectly on the same line,
and this for a wide range of A. Figure 6.1 is actually very similar to that obtained from historical vola-
tility measurements in [88]. Thus we can deduce that indeed, for a given ¢,

m(q, A) ~ CqA((q),

for some {(g).

Now we want to check whether {(g) can be taken of the form gH for some H, as suggested in [88]. This
would lead to the same monofractal scaling as that of the fractional Brownian motion with Hurst para-
meter H. To answer this, we plot in Figure 6.2 the points with coordinates (g, {(q)), where {(q) is taken
as the slope of the line in Figure 6.1 corresponding to the power g, and the points with coordinates
(q,0.32q)*.

4. The value 0.32 is simply obtained from a standard linear fit of the points given by the slopes of the lines in Figure 6.1

156



CHAPITRE 6. ROUGH VOLATILITY : EVIDENCE FROM OPTION PRICES

FIGURE 6.2 — Monofractal scaling.
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We see that the two graphs on Figure 6.2 can hardly be distinguished. This means that (6.1) almost
perfectly holds, with H around 0.32. Note that such value for H corresponds to rough volatility since
it is smaller than 1/2. However, it is larger than those reported in [88]. This is actually due to the fact
that our options have a significant remaining time to maturity of one month. This induces a smoo-
thing phenomenon in the estimation of the Hurst parameter. This effect is of the same nature as that
described and explained in [88] caused by the discrepancy between spot and integrated volatility over
a short time interval. We quantify this measurement bias numerically and analytically in Section 6.4.

6.2.3 Distribution of log-volatility increments

Recall that it is suggested in [88] that the log-volatility process is well modeled by a fractional Brow-
nian motion with Hurst parameter smaller than 1/2. This implies monofractal scaling as investigated
above but also a Gaussian behavior of the log-volatility increments. This feature is indeed satisfied
when using historical estimates as measurements for spot volatility, see [88]. Here we wish to study
whether such property also holds when the volatility proxies are given by our short term at-the-money
implied volatilities. To this end, we display in Figure 6.3 histograms of log-volatility increments over
different time intervals, together with a Gaussian density fit and the Gaussian density associated to
the increments of a fractional Brownian motion with Hurst parameter equal to 0.32.

FIGURE 6.3 — Distribution of the log-volatility increments when using implied volatility as spot volatility proxy.
The Gaussian fit is in blue and the density associated to the increments of a fractional Brownian motion with
Hurst parameter equal to 0.32 is in red.
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From these graphs, we obtain that empirical distributions of log-volatility increments are reasonably
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approximated by Gaussian laws. However, we can remark that the empirical distributions are slightly
more concentrated around their center. Finally, the Gaussian fits almost exactly coincide with those
associated to the fractional Brownian motion with Hurst parameter equal to 0.32. Note that this would
of course probably no longer be true if considering higher frequencies than the daily scale.

In conclusion, using at-the-money implied volatilities with maturity one month as spot volatility proxies,
we obtain that log-volatility is well approximated by a rough fractional Brownian motion. This confirms
the finding in [88].

6.3 Arefined implied volatility based proxy for the spot volatility

In this section, we wish to study the robustness of the results obtained in Section 6.2. To do so, we work
with another spot volatility proxy based on at-the-money options with short maturity. More precisely,
we use the approximation formula from Medvedev and Scaillet, see [124]. This correction formula
enables us to compute a spot volatility proxy from an at-the-money implied volatility with any (short)
maturity. This is an advantage compared to what is done in Section 6.2 where only options with one
month maturity are considered®. The drawback of Medvedev-Scaillet formula is that it is proved to
be valid only within a restricted class of stochastic volatility models, which does not include rough
volatility models. However our goal here is to see whether a proxy obtained from a Brownian volatility
model still exhibits a rough behavior.

6.3.1 Data description and processing

Here our data set is provided by OptionMetrics and consists in daily close bid/ask prices of European
puts and calls on the S&P500 index, from September 5, 2001 to January 31, 2012, for various strikes and
maturities, together with the daily traded volumes. We discard options with price less than 2.5 cents
of dollars or with zero trading volume. Besides, as in Section 6.2, prices corresponding to settlement
dates are removed, so as obvious outliers.

We then want to compute implied volatilities from put and call prices. Thus we have to invert (eve-
ryday) the Black-Scholes formula. Therefore we need to fix for any time to maturity T an underlying
forward price F(t) and a zero coupon bond price D(1). To do so, we use the following classical ap-
proach based on put-call parity. The values of F(1) and D(1) are taken as solutions of the minimization
problem

: .1 a_pby, L b a .
argmin{ wi(5(C}~PP) + 3 (C} P ~DOEW Ky},

where C?’b and P?’b are respectively the call and put market prices (a standing for ask, b for bid) quoted

at strike level K;. The weights w; are given by
\/min{Ve, vF}

BT

wi

with VE and VlP the trading volumes of call and put options at strike K;. Finally, our implied volatility
is taken as that of a call whose price would be the midprice between the bid and ask prices.

Recall that for our approximations to be valid, we focus on at-the-money implied volatilities with short
maturity. Following [124], we only select implied volatilities of options with time to maturity ranging

5. Mixing various maturities without any correction would have been very arguable.
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from 15 to 60 days. Shorter term options are discarded because quotes can be noisy. Moreover, we
restrict our data to log forward moneyness belonging to the interval [-0.03,0.03]. Such procedure
yields a total number of 34842 implied volatilities over 2569 days.

6.3.2 The Medvedev-Scaillet correction formula

In [124], the authors consider a general modeling framework encompassing most of the classical pa-
rametric price models. They use a two factors jump-diffusion stochastic volatility model of the form

dS;=(r- S.dt S:dZ;+S;d
{ (=(r—pn@0p)Sedt+0,S;dZ;+S,dJ; 6.2)

doi=a(o)dt+b(oy)(pdZ++/1—-p2dW,),

where Z; and W; are two independent Brownian motions and J; is a Poisson-type jump process, in-
dependent of Z;, and W;. Both r and the correlation coefficient p are assumed to be constant. The
expected jump size E[A]] is also constant, but the jump intensity A(o;) may depend on the volati-
lity in a deterministic way. Here, as in the numerical experiments in [124], we consider the following
parametric forms :

ba)=pal, Aoy =AY,

for some non-negative constants f§, ¢, Ag and .

Let o be the spot volatility and 6 = 6(t1) be the at-the-money implied volatility of an option with time
to maturity T. Following [124], we build up our option-based spot volatility proxy in two steps. First,
the chosen model is calibrated from the approximation formula in Proposition 7 in [124] using all our
option prices over the entire time period. To retrieve the proxy for the spot volatility, we then consider
the following expansion as T goes to zero shown in [124] :

0=6-1,(0,6)Vv1
o1;(0,6)
oo

OA(6)
oo

1
+[o,6) ~12(0,8) + S pb(G)ELA] Jr+oavD. 63

The functions I; and I, are explicitly defined in [124] and depend only on 3, p, ¢, Ag, W and E[4;].

6.3.3 The scaling property revisited

We now wish to study the scaling property of spot volatility proxies based on the approximation for-
mula (6.3). We consider two cases : The Heston case, where ¢ = 0 and Ay = 0, and the general case,
where all the parameters are calibrated. The calibration results are given in Table 6.1.

TABLEAU 6.1 — Parameters calibrated on quoted S&P500 option prices, from September 5, 2001 to January 31,
2012.

PARAMETER  HESTON GENERAL CASE

Bp -0.18 (0.00)  —3.27 (0.08)
p —0.48 (0.00) —0.39 (0.00)
¢ 0 1.79 (0.02)
AoE (AJ) 0 ~0.6924 (0.03)
E(AJ) ——  ——  -0.17 (0.00)
v ——  —— 111 (0.01)
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Once the parameters are obtained, we can implement Equation (6.3) to compute everyday a spot vo-
latility proxy. Note that in Equation (6.3), we take for 6 the implied volatility with shortest time to
maturity. Then we conduct the same analysis as in Section 6.2.2. The results are given in Figure 6.4 for
the Heston model and Figure 6.5 for the general case (notations are the same as in Section 6.2.2).

FIGURE 6.4 — Scaling property of log-volatility increments when based on Heston proxy. In the second graph H
is taken equal to 0.33.
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FIGURE 6.5 — Scaling property of log-volatility increments when based on the general case proxy. In the second
graph H is taken equal to 0.34.

0 T T T T T T T 12

log(m(g.A))

The results are very similar to those in Section 6.2.2. Here again we can confirm the fact that volatility
is rough. This is even obtained although in the models in which the proxies are computed, volatility is
of Brownian type and therefore not rough.

6.3.4 A control experiment

We have shown in the previous sections that when using market implied volatilities (directly or through
Medvedev-Scaillet’s formula in a Heston framework), we deduce that volatility is rough. However, one
may wonder whether this effect is not just mechanical when considering implied volatilities. In other
words, do implied volatility based estimators of the smoothness of volatility sample paths always lead
to the conclusion that volatility is rough. This would of course question the validity of this finding.

To investigate this point, we consider the following Heston model for the stock price S; and instanta-
neous variance v :

dSt: rS;dt+ \/v_tStdZ[
dve=x0@-vydt+oy\/vidWy,
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where Z and W are two Brownian motions with constant correlation p. We use the arbitrary set of pa-
rameters k = 6.4, r =0.04, vy = 0 =0.25%, oy = 0.5 and p = —0.53, and simulate the path of the stock price
and variance over the time interval [0, T], where T corresponds to 2520 days.

We first consider the scaling property of the (true) spot log-volatility increments in Figure 6.6.
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FIGURE 6.6 — The scaling property of log-volatility increments for a simulated Heston model. In the second
graph H is taken equal to 0.48, estimation based on the five smaller lags for each g.

Contrary to what is observed on data, we observe two different behaviors for the empirical moments
in the Heston case. For small lags, a fractional Brownian motion type scaling is observed whereas for
large lags, stationarity kicks in. Still, estimation of the smoothness of volatility sample paths based on
the first lags leads to a value of H around 0.48 which is close to 0.5 the theoretical one in the Brownian
volatility case.

We now consider implied volatilities. Our goal is to see whether our methodology provides good esti-
mates of the smoothness of volatility sample paths or it spuriously leads to the conclusion that volati-
lity is rough in this Brownian volatility case. To do so, we build implied volatility time series for times
to maturity from 1 to 20 days (using the Fourier pricing approach to Heston model, see [47]), for each
day in the interval [0, T]. We then compute the scaling parameter for each time to maturity in the same
way as previously. The results are given in Figure 6.7.

FIGURE 6.7 — Estimated values of the Hurst parameter using implied volatilities as a function of time to maturity
(in days).
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We see that the estimated smoothness is always around 0.5 (slightly below, notably for smaller times
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to maturity). Thus, in the context of a Brownian volatility model, based on our methodology, one
concludes that the smoothness of volatility sample paths is around 0.5. This means that the result
obtained in this work that volatility is rough is not just a mechanical effect due to our statistical device
or the nature of implied volatilities.

6.4 On the upward bias when estimating the Hurst parameter

We explain in this section why using implied volatility measures as spot volatility proxies induces an
upward bias in the estimation of the Hurst parameter. We start with a numerical investigation of this
phenomenon.

6.4.1 Monte Carlo study

To understand the extend of the bias when estimating the Hurst parameter, we simulate option prices
in a rough volatility model. Then we compute the Hurst parameter based on these simulated data. Let
T > 0. We consider the following model without leverage effect over the time interval [0, T] :

dlogS,=0,dZ;, dlogo,=ndW}.

Here Z; is a Brownian motion, Wlt{ a fractional Brownian motion independent of Z; and n > 0.

Simulation of fractional Brownian motion

We consider a time interval [0, T] and fix an equidistant partition 0=ty < #; < ... < t, = T. We first wish
to simulate (W;I,...,Wg). Fori,je{l,..., n}, we have
1
Hy,H 2H , 2H 2H
EIW} W} = > (# 1 i 12M).

Then we can use the Cholesky decomposition of the covariance matrix X of (W}!,...,W}!) : = LLT,
where L = (I;); jeq,n is lower-triangular. Thus simulating a sample path of the fractional Brownian
motion at times (¢;) can be done generating a vector X = (Xy, ..., X,;) of independent standard Gaussian
random variables and setting (W Ij, ...,Wg) =LX, see for example [65] for details.

Simulating option prices under rough volatility

We place ourselves at time ¢; > 0 and assume past spot volatilities and prices have been observed at
times f1,..., t;. We want to compute the price at time #; of an option with expiration date t; = t; + T for
some T > 0. The procedure goes as follows :

— We generate M paths of the volatility process on the interval [#;,1, tx]. This is done simulating
(Wg)tiﬂstjstk conditional on past information, that is the filtration generated by (X;,,...,X,).
Using the lower triangular form of L, these new values for the fractional Brownian motion at
times f;41 < tj < f; can be obtained writing

i J
WE =2 LipXp+ X LipXp.
p=1 p=i+1
The i first variables X, are those used to simulate the fractional Brownian motion up to time
t;, whereas (X;1,...,X;) is a sample of independent standard Gaussian random variables, in-
dependent from past values. Taking the exponential, we get our spot volatility sample path. We
write o’ for the m-th volatility trajectory.
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— The price at time ¢; of an at-the-money option with time to maturity 1 is obtained computing

where Cps (S, T,0) is the price of an at-the-money option with time to maturity T in a Black-
Scholes model with volatility o, zero interest rate, and underlying value S,.

— Eventually we invert Black-Scholes formula to obtain the implied volatility.

Results

We consider the following set of parameters : H=0.04, n=1.0 and T = 1000 days. Such parameters are
consistent with [20, 88]. We take T € {1,...,20} days and run M = 10% simulations. Figure 6.8 displays
the sample path of the spot volatility together with those of the implied volatilities associated to 5 and
20 days.

FIGURE 6.8 — Sample paths of spot volatility and implied volatilities for T =5 and T = 20.
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At the visual level, it is already clear that implied volatility trajectories are not as rough as that of the
spot volatility. Furthermore, the longer the time to maturity, the larger the smoothing effect.

As in Sections 6.2 and 6.3, we now consider Equation (6.1). Based on our simulation, for several values
of g, we plot in Figure 6.9 the logarithm of m(q, A) against the logarithm of A. This is done in two
cases : when m is obtained from spot volatility values and when m is derived from implied volatility
values, with T =5 days.
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FIGURE 6.9 - Scaling property of log-volatility increments : spot volatility and implied volatility with T =5.
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We see that for a given g, when m(q, A) is computed from implied volatilities, the points with coor-
dinates (log(A),log(m(q, A))) remain on the same line. However, the slope of this line is larger than
that obtained when m(q, A) is computed from spot volatilities (which provides the true underlying H
up to small statistical error). Hence there is indeed a smoothing effect due to the remaining time to
maturity of the considered options.

Finally, we give in Figure 6.10 the estimated values of H when using implied volatilities from the simu-
lation, for different times to maturity.

FIGURE 6.10 - Estimated values of the Hurst parameter using implied volatilities as a function of time to maturity
(in days).
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Under our simulation framework, we see that using options with maturity 1 day, we obtain a quite
accurate value for H of 0.06, while the true parameter is equal to 0.04. Taking longer maturities leads
to an increasing bias. With 20 days maturity, one gets an estimated Hurst parameter of about 0.27.
These results are in line with those in Sections 6.2 and 6.3.
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6.4.2 Analytical illustration of the upward bias

In the spirit of Appendix C in [88], we finally want to provide a more quantitative understanding of
the observed upward bias when estimating the Hurst parameter from implied volatilities. To do so, we
consider a very crude approximation. Indeed we suppose that the at-the-money implied variance at
time ¢ of an option with time to maturity T > 0, denoted by 77 (¢), is given by

1 +T
ﬁT(f)=;f E:lvuldu,
t

where v, is the spot variance at time u and [E,[.] the conditional expectation operator with respect to
information up to time ¢. Furthermore, we take a simplified rough volatility model assuming that for
u>0,
_ H
Vy=0p+VW,,

for some vy > 0 and v > 0. These approximations are actually probably enough to shed light on the
bias phenomenon. Indeed it is due to the effects of the conditional expectation and integral operators
appearing in the implied volatility.

In this simplified setting, our goal is to illustrate the smoothing effect leading to the upward bias. To
do so, we compute a quantity very related to m(2, A), namely

' (2, 4) =E[(0"(A) - 07 (0))°].
Indeed, under our assumptions, if the implied volatility were equal to the spot one, this quantity would
be proportional to A?H However, we now show that because of the use of implied volatility in m(2, A),

this relationship no longer holds, particularly for large 1/ A.

We recall the Mandelbrot and Van Ness representation of fractional Brownian motion :

t 0
wil:cﬂ(fo (r—s)H‘”des+f

—00

where W; is a two-sided Brownian motion and cy is so that the variance of W}{ is equal to 1. We easily
have

T r0
ﬁT(A):v0+Xchf ((A+u—-9"12 - (T2 gwdu
T 0 J-oo
v T A
+_CHff A+ u-s"T1"2awdu.
T Jo Jo
Using stochastic Fubini theorem, this gives
0 T
ﬁT(A)—f/T(O)=¥ch f((A+u—s)H_l/z—(u—s)H_l/Z)dudWs
—00J0

v A pr
+ —CHf [ A+ u-9""Y2quaws.
T Jo Jo

Hence we easily deduce from Ito isometry that

m'(2,A)=A(h1 (A1) + hao (A, 1),
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with
A= CIZ_IVZ
(H+1/2)%
1 0
T° J-oc0

A

1

ho(A, 1) = ?f ((A +r—gft2_ (A S)H+1/2)2ds.
0

We write h; (A, T) under the form

Setting 6 = 1/ A, we obtain
hi (A1) =AM £(0),

where
0

Similarly, we have
hy (A, 1) = A%H £,(0),

where 1
1
f20) = §£) (1+0- 12— gH12)2 g ¢
So
m'(2,4)=AA%H(£1(0) + £(0)).
Now remark that X
lim f(0) = (H+1/2)* | (-9 2= (-9 12)%as
6—0 o
and 1
lim f>(0) = (H+ 1/2)2f (1-s)2H-1,
6—0 0
Consequently,

) 1
lim(f1(0) + f2(0)) = (H+1/2)* =
0—0 CH
Thus, when 0 is small,
Mt (2, A) ~v2AMH,

This means that the same scaling relationship as that associated to the spot volatility is approximately
satisfied when considering implied volatilities with small enough times to maturity. Otherwise, one
should add the multiplicative factor

©-—5 (@ 50)

f _(H+1/2)2 fl f2

on the right hand side of the above relationship. This disrupts the scaling property and implies biased
estimations for the Hurst parameter. We draw in Figure 6.11 the graph of the function f for H=0.04.
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FIGURE 6.11 — The function f for H=0.04.

f(6)

For fixed 7 (as in Section 6.2), the function f is increasing with A. Therefore, when doing a regression
analysis of the cloud of points with coordinates (log(A),log(72" (2, A))), this implies an upward bias in
the estimation of H due to a higher slope.

6.5 Conclusion

Using implied volatility data to approach spot volatility, we were able to confirm that volatility is rough.
First using the one month at-the-money implied volatility on the S&P500 index as a volatility proxy.
Then through computing spot volatilities from implied ones using a correction formula given by Med-
vedev and Scaillet. Following [88] we uncovered the monofractal scaling with a Hurst exponent H of
order 0.32. This value corresponds to rough paths, but is larger than the one obtained in [88]. We also
found that the distribution of the increments of log-volatility is close to Gaussian.

Given the value of H, we conducted a numerical analysis which consisted in estimating implied vo-
latilities with different time to maturities, for a simulated rough volatility path with fixed H. We then
estimated and compared the Hurst exponent for each time series. We found that the longer the time
to maturity, the larger the smoothing effect. This upwards bias comes from a regularizing effect due to
the remaining time to maturity. Using a crude but reasonable approximation, we were able to confirm
this bias analytically.
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