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Abstract

We develop and implement a method for maximum likelihood estimation of a regime-switching
stochastic volatility model. Our model uses a continuous time stochastic process for the stock dynam-
ics with the instantaneous variance driven by a Cox-Ingersoll-Ross (CIR) process and each parameter
modulated by a hidden Markov chain. We propose an extension of the EM algorithm through the
Baum-Welch implementation to estimate our model and filter the hidden state of the Markov chain
while using the VIX index to invert the latent volatility state. Using Monte Carlo simulations, we test
the convergence of our algorithm and compare it with an approximate likelihood procedure where
the volatility state is replaced by the VIX index. We found that our method is more accurate than
the approximate procedure. Then, we apply Fourier methods to derive a semi-analytical expression
of S&P 500 and VIX option prices, which we calibrate to market data. We show that the model is
sufficiently rich to encapsulate important features of the joint dynamics of the stock and the volatility

and to consistently fit option market prices.
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1 Introduction

A central research question in option pricing for academics and market practitioners is the specification
of asset returns dynamics. Under the pricing measure, this question reduces to specify the dynamics of
the volatility of the asset. Because the Black-Scholes constant volatility model does not provide a good
fit to historic price data of the underlying and does not, by definition, have the ability to explain vanilla
option prices, it cannot be reliable for pricing and hedging most of the recent exotic derivatives. Indeed,
some of these structures cannot be hedged statically and require frequent rebalancing of vanilla options
to hedge the vega risk, resulting in a penalizing hedging cost in the case of a mismatch between the
market and model prices of the vanilla options used for the hedge (Bergomi [8]). Over the years, several
approaches, including local volatility and stochastic volatility models, have been proposed to overcome
the issue of fitting market-implied volatilities across strikes and maturities.

Stochastic volatility models are increasingly important because they capture a richer set of empirical
and theoretical characteristics than other volatility models. First, stochastic volatility models generate
return distributions similar to what is empirically observed: the return distribution has a fatter left tail
and kurtosis compared to normal distributions, with tail asymmetry controlled by the correlation between
the stock and the volatility process [32]. Second, stochastic volatility models allow reproduction of the
main features of the volatility behaviour: mean reversion and volatility clustering [19]. Third, stochastic
volatility with a zero correlation always produces implied volatilities with a smile (see Renault and Touzi
[34]). Finally, historic volatility shows significantly higher variability than would be expected from local
or time-dependent volatility, which could be better explained by a stochastic process. Among stochastic
volatility models, the Heston model [28] is an industry standard. Its parameters are known to exert clear
and specific control over the implied volatility skew/smile, and it can mimic the implied volatilities of
around-the-money options with a fair degree of accuracy.

The recent introduction of derivatives on the VIX index contributed new and valuable information
regarding S&P 500 index returns. Introduced by the CBOE in 1993, the VIX index non-parametrically
approximates the expected future realized volatility of the S&P 500 returns over the next 30 days. VIX
options started trading in 2006 and, as of today, represent almost a quarter of the vega notional of all the
derivatives written on the S&P 500. By definition, the VIX index, VIX options, and S&P 500 options
are directly linked to the S&P 500 index; therefore, the VIX option smile encodes information about the
dynamics of volatility in a stochastic volatility model. If we want to value exotic options that are sensitive
to the precise dynamics of S&P 500 implied volatilities or volatility derivatives, it seems natural to choose
a model that consistently prices both VIX and S&P 500 options. However, because it has been widely
studied [16} 23| [31} 36], the Heston model is not able to fit the information of the VIX option market
because the volatility process generated by this model remains too close to the mean level and because
insufficient mass is spread in the tail of the probability distribution of the process.

Recently, several approaches have been proposed by academics and practitioners to overcome this
shortcoming, all of which fall into two categories. The philosophy of one of these consists of enriching
the volatility process with features allowing a more realistic behaviour. In particular, a square-root pro-
cess with jumps in both the underlying and the volatility was used in Sepp [33] to price VIX derivatives,
reinforced by an increasing body of statistical evidence for jumps in price and volatility dynamics (Ait-
Sahalia and Jacod [1]], Cont and Mancini [[13]]). In Baldeaux and Badran [3]], Drimus [15]] a so-called 3/2
model is used as a candidate, allowing the volatility of volatility changes to be highly sensitive to the
actual level of volatility. Another important approach that was derived recently uses additional factors to
model stochastic volatility: see Bardgett et al. [[6], in which a double Heston model with jumps is applied,
and Bayer et al. [7]], in which a three-factor double-mean-reverting model is calibrated to option market
data. These models offer a good flexibility to consistently model VIX and S&P 500 options while provid-
ing a realistic representation of the path of volatility Gatheral [23]], Mencia and Sentana [31]. The other



main alternative is to model the forward variance swap dynamics instead of the instantaneous variance
for a discrete tenor of maturities, as originally suggested by Dupire [[18] and subsequently formalized by
Bergomi [9]] and Buehler [11]. This approach is quite flexible and is able to reproduce the VIX option
skew (Bao et al. [S]) and some important features of the variance swap dynamics and the term structure
of the volatilities of volatility, while allowing better control over the desired level of forward skew of the
underlying and its dependence on the level of volatility. In a recent work, Cont and Kokholm [[12]] com-
bine both approaches incorporating jumps features in the forward variance process and the underlying
process while offering more tractability than the Bergomi [[10] model.

Our work falls into the first category of attempts by incorporating regime switching feature in the
stochastic volatility process. The first introduction of regime switching in the econometric literature can
be attributed to Hamilton [27], the relevance of regime shifts in return GARCH models is highlighted in
Dueker [17]], Hillebrand [29] and a multivariate Markov-modulated Gaussian model is calibrated to stock
returns in Date and Mitra [14]. The first extension of the Heston model with regime switching to price
VIX options was recently reported by Papanicolau and Sircar [33]], in which an observed Markov chain
modeling the state of volatility modulates two components of the stock process: the intensity of jumps
and an additional multiplicative factor for volatility. Although this model overcome the shortcoming of
VIX skew, regime shifts drive the stock returns, and thus, it is not clear how the dynamics of volatility
itself can be monitored using this model. Moreover, as shown by Gatheral [24], there is very good con-
sistency between market variance swap quotes and the VIX index calculated by the CBOE, invalidating
the existence of a jump premium priced in the market. The first incorporation of regime switching in the
volatility process itself was achieved by Elliot et al. [20, 21]], who propose an extension of the Heston
model, in which the mean-reverting level of volatility is modulated by an observable Markov chain, and
use it to derive the price of volatility derivatives, such as variance swaps and volatility swaps.

In this paper, we generalize this approach by considering that a hidden Markov chain modulates
the speed of mean reversion, the mean-reversion level, the volatility of volatility, and the correlation
with the stock index. This model was originally studied by Goutte [25] for the pricing and hedging of
derivatives. To the best of our knowledge, this is the first time that a combination of a Cox-Ingersoll-Ross
framework with a Markov regime switching model has been used for pricing S&P 500 and VIX options.
We also provide a method to estimate this model by deriving a complete maximum likelihood procedure
to estimate the parameters of the model and the filtering of the hidden Markov chain. This model makes
two main contributions: It facilitates better capturing important features of the (joint) dynamics of the
stock and volatility and is able to consistently match the S&P 500 and the VIX option-implied volatilities.

The article is structured as follows. Section [2|provides an introductory analysis of VIX and S&P 500
time series, and we discuss the sources of motivation for the model. Section [3|focuses on describing the
model and the calculations of the VIX index. Section ] presents our estimation and filtering method in
detail and then tests the accuracy of the method by performing Monte Carlo simulations and comparing
it with an approximate likelihood procedure in which the latent volatility state is replaced by a proxy. In
section [5] we derive closed-form expressions for the price of S&P 500 and VIX options using this model,
calibrate the model to market prices by assuming a small rate of regime-change, and show through a joint
calibration that the model offers sufficient flexibility to fit both smiles.



2 Motivations & Stylized Facts

We know that some important features of the behaviour of the S&P 500 and its volatility as well as their
joint dynamics can be reproduced by the Heston model. These main features are the excess skewness
and kurtosis of the distribution of stock returns, the mean reversion of the volatility process, and the so-
called leverage effect for the stock-vol joint dynamics through the negative correlation between the two
processes (see Figure [I)). In this section, we will explore the main limitations of the Heston model and,
therefore, the foundation of our work according to three aspects: the dynamics of the volatility process,
the dynamics of stock returns, and their joint dynamics. We finally conclude this section by applying the
regime-switching feature to the risk management of an equity portfolio using VIX futures.
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Figure 1: The VIX and S&P 500 indices from January 2000 to January 2015

2.1 Dynamics of volatility

To test how the Heston parameters shift over time, we start by examining a maximum likelihood estima-
tion of the volatility process in the Heston model over a rolling window using the squared VIX index as
a proxy for the instantaneous variance. We also estimate the correlation parameter between the instanta-
neous variance and the S&P 500 over the same rolling window. The results reported in Figure [2]not only
demonstrate that these parameters are not constant over time but also highlight sharp level changes, such
as regime shifts, especially for the # mean-reversion level, the volatility of volatility £ and the correlation
p. Moreover, by superposing the graphs of instantaneous volatility (through its proxy) and the estimated
volatility of volatility, these results reveal an important correlation between the two quantities, which is
a crucial feature of the statistical behaviour of volatility. This feature cannot be captured by the Heston
model, for which the instantaneous variance is modeled by a CIR process:

dVy = (0 — Vy)dt + £/ VidW,



Applying the Ités lemma to the volatility process o; = /V;, we can see that the volatility of volatility
is a constant quantity equal to %f in the Heston model:

K

do; =
gt 2%

2
(9 - vﬁ) dt + %gth

This suggests the use of an exogenous factor in the volatility process to drive both the mean level
of volatility and the volatility of volatility (which has never been reported in the literature and motivates
extending the work of Elliot et al. [20} 21]]). The same motivation was previously inspired by the work of
Bergomi [[8], in which, after calibrating the Heston parameters to the option market using a large sample
of time, he found that the daily variations of the calibrated instantaneous variance and the volatility
of volatility showed an impressive correlation of almost 60 %. Thus, the market was already pricing a
feature of the behaviour of volatility that Heston’s model misprices by construction, thereby leading to the
mispricing of derivatives that are highly sensitive to the dynamics of implied volatility. However, what
was previously hidden became more transparent with the development of volatility products, allowing
more insight regarding how the market prices the behaviour of volatility and, therefore, how it should be
modeled. To give more tangibly measure the correlation between volatility and the volatility of volatility,
we can use the VVIX index as a proxy for the vol-of-vol. The VVIX index, which is also called the VIX
of VIX, is calculated from the price of a portfolio of liquid VIX options and allows a model to freely
measure the 1-month volatility of the VIX as implied by the market. The daily log-variations of the two
series in [4]exhibit a high correlation level of 60 %.

The information encapsulated in the positive skew of VIX (see Bao et al. [5]) implied volatilities
demands the same improvement: the market implies that a higher VIX will be concomitant with a high
level of volatility of the VIX, which is in good agreement with the historical behaviour but cannot be
fulfilled by the Heston model (see Figure [3). The positive slope of the VIX implied volatilities also
provides the market’s perspectives regarding the distribution of log(V 1 X;) conditional upon Vj, which
is closely linked to the conditional distribution of log(y/V;) (here again, we proxy v/V; with VIXy).
It is clear that the conditional moments and higher moments of a log-chi-squared distribution (as given
for log(V;) by the Heston model) are not compatible with the market-implied positive skewness and fat
tails of the distribution of log(V'IX;). To show how the regime-switching feature can fill this gap, we
compare model-implied conditional skewness and kurtosis for log V' I X; generated by the Heston model
and its regime-switching extension. The results are presented in Table [I] and show how the fits are
improved for the conditional higher moments because of regime switching. Table [I]also provides the
model-implied unconditional higher moments for the VIX index compared with their sample data values,
resulting in a better fit and the model’s ability to generate more realistic implied volatility paths for the
pricing of forward implied volatility surface-dependent derivatives.

2.2 Conditional moments of stock returns

It is well known that the Heston model has the ability to generate realistic higher moments in the un-
conditional distribution of stock returns. However, the model-implied conditional higher moments may
be too close to normality, especially for short-term horizons, which explains why the model falls short
of explaining the implied volatility smile for short-dated options. In fact, an analysis of conditional mo-
ments of stock returns shows near-Gaussian behaviour for all the stochastic variance models, particularly
at short horizons, as argued by Jones [30]. Here, we show how adding regime switching to the Heston
stochastic volatility model allows overcoming this shortcoming. Considering 5- and 21-day time hori-
zons, we use a Monte Carlo simulation to compute the skewness and kurtosis of the distribution of stock
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Heston model RSSV

skewness  kurtosis skewness  kurtosis
Conditional moments (t=21 days, Vo = 0.02)
-0.11 3.31 0.68 4.28
Unconditional moments - Model implied
-0.46 3.25 0.78 8.23
Unconditional moments - Sample data
0.63 7.07 0.63 7.07

Table 1: Conditional and unconditional higher moments for the VIX index log returns
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Figure 4: Daily closes of the VIX index and the VVIX index from March 2006 to January 2015
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Heston model CEV RSSV

skewness  kurtosis skewness kurtosis skewness  kurtosis
Conditional moments (t=5 days, Vo = 0.02)
-0.09 3.03 -0.095 3.05 -0.15 3.13
Conditional moments (t=21 days, Vy = 0.02)
-0.20 3.12 -0.22 3.13 -0.38 3.71

Table 2: Conditional higher moments for stock returns

returns conditional upon the level of the instantaneous variance (V) = 0.02) and the level of the volatility
regime (Zp = 1). The results are presented in Table [2|and show how the regime-switching feature allows
the non-Gaussianity of the conditional stock returns to significantly increase at short time horizons. As
a benchmarking model, we use the CEV class model studied by Jones [30] (which generalizes the *3/2’
model) and manages, similar to our model, to address some important features, such as the correlation of
volatility and the vol-of-vol, time-varying leverage effect and unconditional skewness and kurtosis of the
VIX and stock distributions. However, it fails to reproduce the conditional higher moments. Although
the typically suggested way to tackle this issue is to add a jump component to the stock process, here,
we show that this stylized fact can be embedded in a regime-switching stochastic volatility process.

2.3 Joint dynamics of the stock and the volatility process

The empirical study shown in Figure[2|reveals sharp level changes in the correlation between the volatility
and the stock process. Most importantly, this correlation tends to increase when volatility increases, in-
dicating that the leverage effect becomes substantially stronger, as noted by Bandi and Reno [4]. Adding
a regime-switching feature to the stock-vol correlation allows capturing this stylized fact and produces
a far more realistic distribution of stock returns by allowing more extreme events at short and long hori-
zons. From a pricing perspective, this feature prices the fact that when the spot moves down, the implied
volatility and the implied volatility skew increase even more, which is particularly crucial for barrier
option valuation.

To summarize, we have demonstrated that the following features are better reproduced by the regime-
switching Heston model:

e the correlation between the volatility and the volatility of volatility;

o the conditional and unconditional higher moments of the volatility distribution;
e the short-term conditional higher moments of stock returns; and

o the time-varying leverage effect

All of these points justify the use of a new extension of the standard Heston model with regime-
switching parameters in both all the parameters of the volatility process and the correlation factor be-
tween the stock and the volatility processes.



3 The Model

3.1 Regime-switching Heston model

Below, we work in a filtered probability space (€2, F := (F¢)|o 77, P) where P’ denotes a risk neutral or
equivalent martingale measure. We introduce (Z;), a homogeneous continuous time Markov chain on a
finite space £ := {1, ..., S}, with an initial value of x. This Markov chain represents the regime-state of
volatility. We denote by II the generator matrix of Z, which is given for all ¢, j € E by Il;; > 0if ¢ # j
and II;; = — Zi# IT;;. We assume that the transition probabilities from a state + € F at time ¢ towards a
state j € E attime t+h are stationary. This leads to an infinitesimal generator II independent of time. Let
us denote now by 7'(h) the matrix of transition probabilities defined by Tj;(h) = P(Z, = j | Zo = i),
forall 7,7 € E. Then, the following relation holds:

dTi;(h)
dh

Note that this relation implies that T;;(h) = (e"™");;. Finally, let us denote by P the matrix of transition
probabilities of the embedded DTMC of Z (discrete time Markov chain). P is given by:

HrL] . . .

ifi £ j

P = iz Wid _
0 otherwise

=1L;; foralli, 5 € E

Now, we can introduce the model that we will use to model the S&P500 index. Let S = (.S¢)
be a stochastic process in our probability space that models the spot value of the S& P500 index. Let
V' = (V) be another stochastic process that models the instantaneous variance of S. We assume that the
dynamic of our model is given by the following system of stochastic differential equations:

{dSt = Si(rdt + V/VidW}), Sp=s

3.1
AVi = K(Z)(0(Z2) — Vi)t + E(Z)VVidW?, Vo = o, G-

where r > 0 is the risk-free rate of return and W' and W? are two P-Brownian motions such that
EF[dWrdW?] = p(Z;)dt with p € [—1,1] .
Assumption 3.1. We assume that Z and the pair of processes W', W? are independent. Therefore, the

Markov process Z is considered to be an exogenous factor of the market information.

Remark 3.1. [t is important to note that all the parameters of the volatility process V and that the corre-
lation factor between the S& P500 index and its instantaneous variance V depend on the homogeneous
continuous time Markov chain Z.

Now, we define some filtrations. Let F}V be the filtration generated by the two Brownian motions
W' and W2, Thus, F}V := o(W?',W?2),,s < t). Then, let FZ be the one generated by the process Z,
FZ = 0(Zs,s < t). Finally, we denote by F the global filtration that is given by F; := F}V v FZ.

3.2 The VIX Index

Definition 3.1. The VIX index is calculated as the strike of the one-month variance swap contract on

the S&P500 index. Let Ty;; be the duration corresponding to one month. Because Sy has no jumps, the



following relationship holds:

Tvix

1 t+Tyix
VJXf::EP[ /1 X@ds\f4 (3.2)
t
We can now give two decomposition results based on the VIX process.

Lemma 3.1. Let M be a discrete random variable in N*, such that M — 1 is the random number of jumps

of the Markov chain Z between 0 and Ty;y. Let (T1,...,Tar—1) be a sequence of M — 1 random jump
times, and let us denote by A, = Tj, 1 — Ty, for each k € {0,..., M — 1} with Ty = Tyiz and 79 = 0.
For each k € {0,..., M — 1}, there are two families of functions { fi }o<r<nr—1 and {gr}o<k<nm—1

defined from E* to R, such that:

EP{Z; V@ds\?b——vopfim} = a(Z,, ﬁgzb,“.,zmg>qm
k=0

—1
+ (b<ZTk)+a(ZTk)gk(Z07"‘>ZTk—1))
0

i/—\

bl

where the functions { gy }o<k<m—1 and { fr }o<k<nr—1 are determined as follows:

gkfl(ZTm SR Zkaz)(l - ’%(ZTk72)a/(ZTk—2)) ifke {27 s M — 1}
+6(Zr, ) (0(Zr, ) Ay, — b(Z7,,))

gk(ZTm ey ZTk—l) =
H(ZTO)(H(ZTO)Ato - b(ZTo)) fk=1

0 ifk =0

M2y (1= k(Zr))a(Zyy) ifkefl,...,M—1}
1 ifk=0

fk‘(ZTo?' . 'aZTk,l) =

Additionally, a(Z,) and b(Z,, ) are given by:

1 — exp(—k(Zs,)A,)
K(Zx,)
H(ZTk)(Atk - a(ZTk))

The proof of this lemma can be found in the appendices.

Now, we can report an important result that describes the relationship between the process V' I X, and
the couple (V;, Z;). This result will subsequently be crucial.

a(Zz,)

b(Zz,)

10



Proposition 3.1. For each integer M € N* and each zg € FE, let us denote by S;glj”w the set of all
possible sequences of states through a path of the continuous time Markov Chain Z containing M — 1

jumps between t = 0 and T,;; and starting at the state .
STsr = {(si)o<i<m/si € E,s0 = 20,841 # i if 1 € {0,..., M =2}, sp = sy—1}

Now, with each set of M dwell times (A, . .., Ay, ) of the continuous time Markov chain Z and each
sequence s € Zglj”\/[, we can associate a unique path of Z containing M — 1 jumps between t = 0 and

t = Tyiz. For each of these paths, we define the following functions:

M-1
A (s, (Atk)ogkgMﬂ) = Z a(Zr) [k(Zos - Zr_y)
k=0
M-1
B (s, (Atk)ogkngl) = (b(ZTk) + a(Z‘Fk)gk(ZOa SE) Z‘Fk71))
k=0

Thus, the probability of this path, which is given by the function:

M-1
M-—1 —qs. A\¢. — Tviz— A . M-—1
( im0 Gs;€ T tzPsiSiJrl) e~ 95 (Tvia K=o Sti) if > i—o AV

E?\S[m (Sa (Atk)ogkgMﬂ) =
0 otherwise

where qs; = I1(s;, s;).
If the variance process V; follows the described dynamic, then there is a linear relationship between the
squared VI X2 and vy with switching coefficients depending on the state of the Markov chain zo. This

relationship is given by:
VIX? = a(20)Vi + B(20)

where o and (3 are two functions from the set E to R given by:

1 & )
O‘(ZO) = p Z Z / T / AM(37 (Atk)ogkgl\/l—l)ﬁ}-\%z(87 (Atk>ogk§M—1) dAto . 'dAtMA
T M=1sesTvin, S
24:701 Atk <Twiz
1 o
5('20) = p Z Z / T / BM(Sv (Atk)ogkgM—J‘C‘]r\})[m (37 (Atk)ogkgM—1) dAto s dAtM—l
T M=lgegTir S
24:701 Atk <Twviz
Proof
We can write
1 Tviz
Vix; = EF [ Vids | }-0}
Tvixz JO
]_ Tvix
= E° L : Eﬂ”[ \ Vids | FZ. Vo :u} J-"g}
VT

11



Finally, by denoting:

M 1
Oé(ZO) = a’ Tk fk‘ ZO;"'asz_l) ’ZOZZO]
Tvzx k:O
M 1
Blz0) = b(Z (Zr)9k(Z0, -+ Zry_,) | Zo = 20
Tvzx k::O

we obtain the expected result.

The expression of the functions o and 3 can be derived explicitly because each multidimensional
integral in the expression of o and 3 is a linear combination of integrals of the form [, exp(x.a)dx
or [ (x.b)exp(z.a)dx where a and b are constant vectors and (2 is a triangular domain. However,
practically, these expressions are derived up to a fixed dimension M, which represents the maximum
number of jumps considered for the Markov chain during a month. In the following simulations, we will
choose M = 5, which is coherent with the assumption that the jump intensity of the Markov chain is
moderate.

4 Maximum Likelihood Estimation

In this section, we explore a maximum likelihood procedure to estimate the set of parameters appearing
in the dynamic of V, © := {(0;)icp, (ki)icE, (& )icE,I}. The main goal is to use the Expectation-
Maximization (EM) algorithm initiated by Hamilton, which consists of completing the vector of the
observed data with the unobserved data and iteratively maximizing a pseudo-likelihood function of the
complete data. When the unobserved data is a hidden Markov chain driving the parameters of a continu-
ous time-observed process, a well-known application of the EM principle is the Baum-Welch algorithm.
This algorithm is used by Goutte and Zou [26] to estimate the parameters of a continuous time regime-
switching model, in which the observed data are the foreign exchange rates and the unobserved data
consist of a hidden Markov chain. The main difference and main difficulty in this work relate to the fact
that, in this case, the process V' = (V}) is not observable, unlike the spot foreign exchange rate. Thus,
we are confronted with the problem of the the maximum likelihood estimation for a set of latent data
driven by a hidden Markov chain. To solve the problem of the latent variance, Ait-Sahalia and Kimmel
[2]] proposed two different approaches: a full likelihood procedure, in which a quoted security (an option,
for example) is inverted into the unobservable volatility state, and an approximate likelihood procedure,
in which the volatility process is replaced by a good proxy, such as the implied volatility of a short dated
at the money option. In our paper, we use the Baum-Welch algorithm to address the problem of the
unobservable Markov chain in the model, and we adapt it by proposing using the relationship established
between the observable VIX Index and the couple (V;, Z;) to overcome the issue of the unobservable
variable V;.

4.1 Algorithm estimation

Let us suppose that we observe the value of the V /X Index daily. Let the size of the historical data be
H + 1 and I" be the corresponding increasing sequence of time in which these data are collected:

I'= {t]’;o == to S tl S ...tH,1 S tH = H % 6}, withd = tj - tj—l-

Here, the time step § is constant. Let us denote Y; = VI X2, and by (yg, 2 ), realize the random variables
(Yi,, Zy, ) forevery k € {0, ..., H}. Finally, we denote a realization of the full history Y := (Y3, )o<k<m
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and Z := (Z,)o<k<m by y and z. Using this algorithm, we deduce the transition density function
of the observed variable VI ka from the transition density function of the unobserved variable V;, ,
conditional upon the state of the Markov chain at time ¢; and ¢;_1. This approach is used in Ait-Sahalia
and Kimmel’s work, as mentioned above, where the transition density function of the observed asset
prices (the stock and one or more options written on that stock) is derived from the transition function
of the state vector (the stock and the variance processes). However, our work is based on two aspects.
First, we assume that the information embedded in the VI.X is sufficient to reflect all of the empirical
features in the variance behaviour and that we do not need the information contained in the stock process
St, thereby simplifying the computation of the state vector transition function. Second, we must take
into account the unobservable state of the Markov chain in our maximum likelihood procedure because
the hidden Markov chain is needed to complete the observed data.

Let {€;, fo<k<m be a sequence of i.i.d random variables such that ¢;, ~ A (0,1). We can write thus the
following discretization of the process V':

Vie = Voo, = 6(Z,)(0(Zy,) — Vi) + S(Ztk)\/g\/metk
Vie = K(Z4,)0(Z1,)0 + (1 — k(Z1,)0) Vi, + é(Ztk)\/g\/metk

Using the relationship established in Proposition 1.1, we get:

O‘(Ztk) a(Ztk—l) Oé(Ztk-fl)

In what follows, we well denote a(Z;, ©) := a(Z;) and 5(Z;, ©) := B(Z;). Thus, for each (i, j) € E?,
we have the following expression for the density function of Y}, evaluated in y;, conditional upon (Y;, =
yk‘—l7 Ztk = j? Ztk,1 - Z) :

Yo P otz s+ 1wz e P O) g v M P ),

1

fY(yk ‘ Ztk :j7 Ztk_l == i7yk71,@) — —
| a(j, ) | /2ms =L O

—B(4,0 S1-8(0))?
(% —0;kj6 — (1 — ’ij‘s)ykolt(ii@()))

*  exp —0 o
255]2%_;(@_766(;7 )

Our objective is to maximize the likelihood of the observed data. Thus, we aim to find the values of
O that maximize the probability:

J:=LO|Y) =P Yo =1y0,- Yiy =Yy | O)

Clearly, it is not easy to compute the function £(© | Y'). Therefore, it is useful to complete the observed
data Y with the hidden data Z and then compute the probability of the joint events:

IP)()/0 = Yo, "")/tH =Yy, Zy = 20, "'7ZtH = Zy | @)

By successively applying the Bayes formula to this collection of events, we can write:

H
J = P(Zo=2z)[[P(Z, =21 | Z0 =20, Zty_, = 2-1,0)
k=1

H
* HP(Y}/k = Yk | Z(J:Z07"'aZtH :ZH7YVO:y07"'a)/tk,1 :yk—lag)
k=1

13



We can simplify the first product term because of the Markovity of Z and the second product term
because the conditional probability of Y;, depends only on (Y3, |, Zi,, Z;, ,). Then, the expression of
J reduces to:

H
J = P(Zy=xn) H (Zi, = 21| Ziy,_, = 21-1,0)

H
« TPV =wk | Zo, = 20, Ztp_, = 261, Yo, = Yi—1,0)
k=1

Finally:

J = HTzk 1,21C fY(yk | Ztk - Zkvztk 1= Rk— I,Ytk 1= Yk— 17@)

We recall that the aim of the Expectation-Maximization algorithm is to iteratively maximize the
following function over ©, assuming that we know the set of parameters ©(") after step n of the iteration:

Q(0,0M) = EFInP(Y=y,Z]0)|Y =y 0"
> mP(Y=yZ=2][0)PZ==z|Y=y0m")
zZ€EZ

where Z is Tl set of possible values that can be taken by Z.

Proposition 4.2. We can see that the pseudo-likelihood function Q(©, @(”)) is given by

9(0,0™) = Q,(0M) + Q2(0,0™) + Q3(0,0™), (4.3)
where
Q1(OM) = Y I (P(Zy =) P(Zo=j| Y =y,0"),
JEE
H
Q20,0™) = N NS Wn(Ty(0)P(Zy,_, =i, Zy, =5 | Y =y,0M),
(i,5)€E? k=1
H
Q30,0 == N S Wn(fyn| Zey =5, %6, = i yk-1,0)) P(Zty_, =i, 21, =5 | Y = y,0™).
(i,5)€E? k=1

Moreover, we can obtain more specific formulas for

. : o wiltem ) o ()T (8) fy (b | Zoy = G, Z_y = i, g1, ©)
P(Ztk_lzz,Ztk:]]Y:y’@( )): j . - |
S wi(ty)

Additionally, we can recursively evaluate the quantities w and v for k € {0,..., H}:

ZjEE w](tk—l) * fY(yk ‘ Ztk = i7Ztk_1 = jvyk—h@(n))j—‘j(ln)(é) lfk € {17 .. 7H}
P(Zo = j) k=0

’U)Z'(tk) =

Sier 0i(tien) * fy Wit | Zoos = G Z = iy ©)T(6) ifk € {0,..., H — 1}
1 ifk =H

Ui(tk) =

14



Proof
We have:

0(6,0™) = E[(P(Y =y,Z|0))|Y=Y,00]
= > mPY=yZ=2|0)P(Z=2z|Y= y,0™)

z2€Z
= > In(P(Z=2)P(Z=2]Y =y,0M)
z2EZ
Ql(@(n))
H
+ Y S (T ()P(Z=2]Y =y,0M)
2€Z k=1
QQ(eve(n>)

H
+ D In(fy Wk | 20 261,951, 0)) P(Z =2 | Y = y, ©M)
z€Z k=1

Q3(6,0(m)

Because Z; is a continuous time Markov chain, we can obtain the expression of )1, ()2 and Q3 shown in
the proposition. Regarding w;(t,) and v;(tx), the recursive relations are derived according what follows:

witr) = P(Zy, =4,Yo =y, -, Vi, = uk)

= ZP(Ztk =424 =75,Y0 = Y0, Y1, = Uk)
JEE

= Y P(Zu, =0 Yo=Y, = yim)
JjeE
XP(Ztk =0 Yy = Uk | Zy =3, Y0=Y0,-.-, Y, = Yk—1)

- Z w‘j(tk_l)P(Ztk = i’ }/tk = Yk | Ztk71 = ja YVO = Yo, - - - 7}/;%71 = yk—l)
JjEE

= D wilte-)fy (o | Zo, =i, 2o, = G ye1, 0m) Tj(z'n)(5)
JjEE

for k € [1, H] and with w;(0) = p;.

vi(te) = PNy, = Ykats - Yo =yu | Ziy, =1, Yy, = yi)
= Z P(Ztk+1 = j7 }/tk+1 = Yk+1,5--- 7YT =YH | Ztk = Zayvtk = yk)
JjEE
= Z ]P)(}/;fk_‘_za .. '7YT =Yg ’ Ztk+1 = j? Ztk = i)nk+1 = yk+1,Ytk = yk)
jeE

XP(YtkH = Yk+1, Ztk+1 =7 ‘ Ly, =1, Yy, = k)

= Z P(}/;fk+27 ey YT =Yg ’ Ztk+1 - j? Ztk - ia }/tk-&-l = yk+1)

JjEE

XP(Yeoy, = Ukt | Zuy = 35 2o, = 0, Yy, = yi)P(Ze,, = 5 | Zyy, = 10)
= S 0t )y Wt | Zoys = G Zoy = iy ©) x T (6)

JjeE

for k € [0, H — 1] and with v;(tg) = 1.
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Algorithm

1. Start with an initial vector set ©(0) := {(950), REO), fi(o))igE, I}, Let us fix N the maximum
number of iterations authorized of the algorithm and a positive constant € for the estimated pseudo
log-likelihood function.

2. Assume that we are at the n 4+ 1 < N step and that the n step yielded to the vector set ©(") :=
{(e(n) ’ K’En) ’ gz(n))’LEEa H(n) }

7

— E-Step:
This step consists of computing the function Q(0, @) following proposition 2.2.
— M-Step:
The computation of 6
Q(©,0M):

(n+1) (n+1) 5(n+1) and H(

1) . . o .
B ) K, ") s achieved by maximizing the function

1 i

0 = argmax(Q(©,0™))
©

4.2 Numerical results and interpretations

To estimate our model, we use daily data (0 = 1/252) provided by the CBOE for the VIX index
between January 2000 and January 2015. The maximum number of iterations of the £ M algorithm is
set at N = 100, and we use the Matlab function fimincon to maximize the pseudo likelihood function
Q(©,0() at each iteration n. The results of the maximum likelihood estimation at the last iteration of
the algorithm are given below:

Regimes | xME | ML [ ¢ML
state 1 9.44 | 0.0172 | 0.18
state 2 13.72 | 0.0525 | 0.48

state 3 14.04 | 0.24 1.49

—~13.6762 13.5095  0.1667
QML = | 151125 —18.9127  3.8002
0.4061  35.5938 —35.9999

This generator indicates that from one day to the next, the state of the Markov chain may switch (or
not) to another state according to the following transition probability matrix, which reveals an important
inertia for each regime, giving a true economic sense to each: state 1 corresponds to a low-volatility
regime, state 2 is a transition regime, and state 3 represents a high-volatility regime. The transition
regime discriminates quite effectively between short-term spikes, which are quite frequent in the market
(but also revert frequently), and highly stressed situations (see 2001, 2008, 2010 and 2011 in Figure [5).

Therefore, the model is sufficiently flexible to reproduce both short-term and long-term features of
volatility.

0.9487 0.0503 0.0010
TML  — 10.0563 0.9302 0.0136
0.0053 0.1268 0.8678
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Figure 5: The VIX index and the filtered regimes between January 2000 and January 2015

The results of the maximum likelihood estimation clearly exhibit three different levels, especially for
the mean level of volatility and the volatility of volatility. The filtering function for the hidden Markov
chain is deduced from the estimation procedure and is given by:

7 = argmaxP(Z; =i | Y, @ML)
i

where O is the set of parameters given by the maximum likelihood. The result of the filtering proce-

dure is shown in Figure [5

4.3 Convergence of the algorithm

In this section, we show that the convergence of the developed algorithm can be attributed to the general
theory of the E'M method.

4.3.1 Theoretical convergence

Let n and L be positive integers and © be a subset of R”. Let Z; be a continuous time Markov Chain with
a transition probability matrix A = (a;;) and initial probability distribution @ = (a;), and let j(2) be
the probability distribution of (Zy,, ..., Z;, ). Let V; be a Markovian stochastic process with a transition
probability function f;(¢t,v,s,u) := P(V; = v | Vs = u,Zs = i). Let M be a function defined from
R x E to R such that for each i € E, the function m;(v, ) := M(v,1,0) is a diffeomorphism of R. Let
Y; := M(V}, Zy,0) be a stochastic process, and let W;;(¢, x, s,y) be a family of transition probability
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functions defined as follows:

\Ifij(t,.I,S,y)I = ]P(}/t = | Y; :y,Zs :i;Zt :])

- Mfﬂt,m;l(w%svmf ‘)
J J

For the triple A, a, ¥ = {¥;;}, we define the density of the stochastic process (Y;,, ..., Y;, ) for which
we have the set of observations y := (yo, Y1, - - -, YL):

P(A,a,\I/){Y}O = 2/0»5/;51 = yl"" 7Y%L = yL}

Z G/Zto azto 2ty \Ilztoztl (tla Y1, th yO)aZtlzt2 \I}Ztlth (t27 Y2, tlu yl) R a/ZT71ZT \IJZtLilth (tln YL, tL—lu yL—l)
ZtgyeesRL

Assuming that for each 6 € © there is a smooth assignment § — (A(6), a(6), ¥(0)), we will denote this
expression P(#). We observe that P() is of the form P(0) = Y, cpr+1 p(2,y, ) with:

L
p(z,9,0) = azto H QAze) 1ztk ztkilztk(tk:aykvtk—lvyk—lvg)
L
= azto H Az, 1Ztk 7 ,11 szk(tk:vmz_ti(yk70)7tk‘—17mz_ti (yk’—be)ae)
k=1 mztk(mzzk(ykae)ae) -1

Now, for each couple (6, 9/) € O, we define the following function:

Q,0): = E.[log(p(2,0) | Y =y,0]
= > vy(2,0)log (p(2,y,0))

with v, (z,6') 1= 2E20) the probability distribution of Z conditional upon Y. Finally, let p,(y, 6) be

P(6")
the probability distribution of Y conditional upon Z. We thus have:
AB,0): = log(P(§)) — log (P(H/))

= log(sz y, 0 ) ZVyZG log( (0))

o pz<y7 Q)M(ZG 9) ! ! !

= 10g <zz: Wuy(zﬁ) —zz:l/y(z,e)log (P(Q ))
Given that ), vy (z, 9/) = 1, we apply Jensen’s inequality and obtain:

A(8, 0/) > Z vy(z, 9/) log (pz(y,ﬁ),u(z,ﬁ)) — Z I/y(Z,H/) log (P(Hl))

~ vy(z,0") -

_ ! pz(yae):u(zve)
= zz:yy(z,G ) log (1@(2,«9')1%9'))
o v (2 / o p(z,y,@)

= Tule e (50)

= §(6,6")
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Finally, denoting:

1"

0" := argmax (6,6 ) = argmax Q(6,6)
© ©
We have:

log (P(6")) —log (P(6)) = A(6",0)

Z 6(0//,9/)
> §(6,6)
> 0

Now, we have shown the monotone increase in the likelihood at each step of the proposed algorithm.
The convergence toward a local maximum is a classical result related to the EM theory.

4.3.2 Empirical test of convergence

Now, we aim to empirically test the convergence of the algorithm. To do so, we perform several batches
of Monte Carlo simulations, increasing the number of simulations at each batch from N = 100 to
N = 10000 simulations. We use sample lengths of 1000 daily observations. Following the approach
of Ait-Sahalia and Kimmel [2], we compare the accuracy of the developed method with an approximate
likelihood procedure in which the unobservable volatility state is replaced by a proxy: the VIX index.
As aresult, we gain in tractability because the update of ©" at each step of the EM algorithm is obtained
explicitly.

As shown in Figures [6]and [7, we find that both of the procedures converge to a biased value because
of the sampling error. Comparing the bias of the estimators for a sufficiently large number of NV to
annihilate the variance resulting from the Monte Carlo simulations, we deduce that the exact likelihood
procedure gives a more accurate result (a smaller bias) and that this additional bias is small compared to
the bias resulting from the sampling error. Indeed, the resulting error is augmented by a factor of 10%
to 15% for each parameter in our observations, except for the parameters &, for which the approximation
procedure does not produce an additional error because the functions v and 3 do not depend on &.
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Figure 6: Outputs of the Monte Carlo simulations for k,0 and & for the complete maximum likelihood (solid
line) versus the approximate maximum likelihood (dashed line). For each batch of simulations, we compute the

estimated absolute bias of the estimator.
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Figure 7: Outputs of the Monte Carlo simulations for Q) for the complete maximum likelihood (solid line) versus
the approximate maximum likelihood (dashed line). For each batch of simulations, we compute the estimated

absolute bias of the estimator.
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S Consistent Pricing of VIX and S&P500 European Options

Given the ability of the proposed model to capture some important features of volatility dynamics for the
variance process of the S&P500, we aim to explore whether this model can be used as a pricing model.
It is widely known that the commonly used and industry-standard Heston stochastic volatility model
is not able to fit VIX option prices because the positive smile implies a much wider support for the
probability distribution of the variance process than implied by the square-root process. This issue has
recently and successfully been addressed in Papanicolau and Sircar [33]], where a Heston-type volatility
process is multiplied by a regime-switching factor. The main difference here is that a joint calibration of
both S&P500 and VIX options, enabled by the fact that our regime-switching stochastic volatility model
offers more degrees of freedom, is proposed. Below, we take advantage of the piecewise affine property
of the volatility process to derive analytical formulas for S&P500 and VIX options up to the numerical
integration of multidimensional integrals, which are computed using a Monte Carlo method. The small
regime shift rate exhibited in the maximum likelihood estimation through 15 years of sample data makes
these numerical integrations feasible.

5.1 Pricing VIX European options

In this section, we derive a semi-analytical pricing formula for a European option written on the VIX
Index with a maturity 7" and a strike K. For this purpose, we use a semi-analytical expression of the
characteristic function of V7 conditional upon the state of the Markov chain at time 7" to obtain the
pricing formula by Fourier inversion. First, let us introduce a preliminary lemma that provides a useful
function to compute the price of the V' 1.X option.

Lemma 5.2. Let M be a discrete random variable in N*, such that M — 1 is the random number of
Jumps of the Markov chain Z between 0 and T. Let (T1,...,Tp—1) be a sequence of M — 1 random

Jump times, and let us denote by A, = 711 — Ty for each k € {0,...,M — 1} with Ty = T and

10 = 0. For every x € R, there exist two families of functions: {Bj}o<j<m—1 and {A;}o<j<n—1, such

that:
) M-1
EP {eszT | Vo = UO,J—"%} = exp (’Ll’ — Ao(Ato, o UO + Z At TJ) + Z$At 9( )/{(Z-,-j))
7=0

The functions { Bj }o<j<m—1 and {Aj}o<j<nm—1 are determined recursively following the resolution of

successive systems of Ricatti equations, such that for each Ay € [0,T] and z € E:

_ QZZCJZe Vk(2)Ar
A8 = e VeI

Cjze

! a2’z)ln Cje” VEEA —1

Bj(Ar,2) = a1.7(2)0(2)(Ar + W( T Cj,z 1
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where for each j € {0,..., M —1}:

7(z) — 1
o= -2 12) = ()i - 3a%6(2)°
k(z)+ VK ~ k(2)0(z
= T VR sy — KEI)
28(2) R(2)
a1,:=Aj 11Dty 1875 00)
— if;7€{0,...,. M —2
R(2) = k(z) — ixf(z)Q Cj.= 2,2 = Aj41( Bty 1 Zrj 4y { !
0 ifj=M-1
Proof
The proof of this lemma can be found in the appendices. O

Thus, we can give the expression of the characteristic function of V7 conditional upon the state of
the Markov chain at time 7.
Proposition 5.3. Let M be an integer in N* and zg an element of E. With each set of M dwell times
(Agys .-, Ay, ) of the continuous time Markov chain Z and each sequence s € Sz; A We can as-
sociate a unique path of Z containing M — 1 jumps. For each of these paths and for each j € E and

x € R, we define the following functions:

E?\/](UOa%Sv(Atk)ongM—J = ]I{SI\/I:j}

M-—1

X exp ((w — Ao(Asy, s0)vo + Z (—Bi(Ay,, sk) + ixAtkH(sk)n(sk))>
k=0

Finally, for each j € FE, let us denote by ®; the characteristic function of Vr conditional upon Zp = j

and (Vo = vy, Zy = 2p). Forevery x € R, ¢;(x, g, 20) is given by:

®;(x, vo, 20) == By, ., [T | Zp = j]

V0,20

1 s .
= m Z / e / :g\/l(vv Z,s, (Atk)ogkgkl—l)‘CTM(s7 (Atk)ogkngl) dAto . 'dAth
0,] M=1 SESzO,M —_—
oA <T
Proof

According to Bayes, the following holds:

®;(z,0,20) = E [eixVT | Zr = j,Vo = v, Zo = zo}

E¥ [eixVTﬂ{ZT:j} | Vo = w0, Zo = zo}
P(Zr = j | Vo = v, Zo = 20)
EE‘)’ZU {H{ZT=J'}EP[QMVT ‘ 'Fjgv Vo = ’Uoﬂ
P(Zr =j| Zo = 20)
EEO’ZO {H{ZT=J'}EP[QMVT ‘ F’lgv Vo = ’Uoﬂ
T, ;(T)
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By using the lemma, we have the expression of E9[e’*VT | FZ, V; = v], which we multiply by [F—Y
to obtain the expression of the function Ef\/l Finally, the function £, for the likelihood of a given path
of a continuous time Markov Chain with M — 1 jumps is well known. O

With an expression of the characteristic function of V7 conditional upon (Zy = j,Vy = vo, Zy =
20), we can obtain the density function of Vp conditional upon (Z7 = j, Vy = vg, Zo = 2p) by Fourier
inversion:

1 .
,PVT‘(ZT:J,VOZUO,ZOZZ())(U) = %A(ﬁj($7U07zo)e vadﬂf

Proposition 5.4. The price at t = 0 of a call option written on the VIX Index with maturity T and

strike K is given by

Cally(vo, 20, K, T) = ¢S T, 5(T) / h(v, )P (v)dv
R+

Vr(Zp=3,Vo=v0,Z0=20)
JjEE

where h is a function defined by:

h(v,j) = < a(j)o + B(j) — K)
+
Proof
Cally(vo, 20, K,T) = e "EF[(VIXy — K)y | Vo = vo, Zo = 20
= < E(\Ja(Zr)Vr + B(Zr) — K)+ | Vo = v0, Zo = %]

—rT . .
= e ZEIP’(ZT =J|Zo=2) /]R+ P, 5) Py e vo—ony 20—y (V) AV
je

= Z T,5(T) /+ h(v7j)PVT|(ZT:j,V0:v0,Z0:z0)(U)dv
jeE R

where h is a function defined by:

e.9) = (at)v+60) - )

+

5.2 Pricing S&P500 European options

In this section, we derive a semi-analytical pricing formula for a European option written on the S&P500
Index with a maturity 7" and a strike K. For this purpose, we use a semi-analytical expression of the
characteristic function of X7 := ln(g—g) — 77" to obtain the pricing formula by Fourier inversion. The
key element in the subsequent lemma is defining a new probability measure retaining the affine structure
of the variance diffusion.
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Lemma 5.3. Let ®(u, v, 20, x) be the characteristic function of Xr. The following expression holds:

®(u,v,z,z) = EF {ei“XT | Xo=2,Vo=v,Zy = z}

= elur Z Z / e / Ep(v,u,s, (Atk)ongMq)‘c%/I(sa (Atk)ogkgz\/fﬂ) dAgg - - dAgy,
M=1 SESZO,]VI N——

S A <T
where Zy (v, 1, 8, (At )o<<ns1) IS a function defined by:

M—1
Enm (v, 8, (At ) gepenr) = exp< AJ (A, 50)v0 + Z -B;, Atk,sk)>
k=0

. . . 24,
where the functions A® and B® have the same expression as that of Lemma 3.3 but with v = —“TJ”“ and

k=K —tupt.

Proposition 5.5. Let P(sg, 29, v, K,T') be the price of a call option on the S& P500 Index with a

maturity T and a strike K at time t = 0.
P(s0, 20,00, K,T) = e ""EF[(S7 — K)1 | Vo = v0, Zo = 20, S0 = 0]
= %0 /R+ g<m)PXTI(Vo:’vo,ZOZZoyX():wo) (z)dz

where g and P

Xl (Vo=vo, Zo =0, Xo =) M€ functions defined by:

. Ke T
g(z) = <6 5 >+

- —tux
,PXTl(VO:U(),ZO:Z(),XO:Io) (':E) T on /]R q)(uv V05 20, ZIZ‘())e du

5.3 Numerical results & calibration

To numerically compute the analytical expression for VIX option prices, we must derive an approxima-
tion for the infinite sum in the expression of ®,;. This approximation, denoted by <i>j, is obtained by
truncating the infinite sum up to a positive integer M, which represents the maximum number of jumps
considered when we integrate over all the possible paths of the continuous time Markov Chain between
Oand T. Foreachz € R, vg € R and 29 € E, (f>j(a:, v, 20) 1s given by:

A

P (z,v0, 20)

M
Tzo,] Z Z // 3\4(” €, 5, (Atk)0<k<M 1)LM( (Atk)OSkSAl—l)dAtO "‘dAthl

M 1s€SzO M N—_——
M-1
Zk’:o Atk<T

The following technical lemma will allow us to derive a bound for the error incurred by truncating the
infinite sum.
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Lemma 5.4. Let M?Z be the random number of jumps of the continuous time Markov Chain Z between

0 and T, and let M be a positive integer. Let A := max (@) be the highest transition rate of Z; then,

following inequality holds:

00 M
Z o5 AT (AT)
P(MZ>M+1)<e >
M=M+1

Now, we can derive a bound for the error between ®; and o e

Lemma 5.5. For each z € R, vg € Rt and (29, j) € E?, the following inequality holds:

) L =
1B (2, v0, 20) — ®;(, 00, 20)| < e AT S
TZOJ (T) M—Bf+1

(AT)M
M!

Proof We have for each x € R, vo € R™ and (29, j) € E*:

A

‘(I)](x7 o, ZO) - ®](x7 Yo, ZO)‘

1 > i
T (T Z Z / e / :3\/[(007 €, 8, (Atk)ogkqu)E:lJ\;[(Sv (Atk)ogkgM—1) dAto

TZO?j (T) M:M+1 SGSzO,M —_—
224:61 Ay, <T

1 > i
< ﬁ Z Z / ’ / ’:3\/[(00’ €, S, (Atk)ongMﬂ)‘ﬁjA}(‘g? (Atk)ogkgM—l) dAto .-
20,4 (T)

M=M+1SESzy,M S— —r
M—1
Zk:o At <T

Z Z / T / C%}(s, (Atk)ogkgM—1) dAto s dAthl

M=M+1SESzy,M S —r
M—1
Zk:o At <T

-

<
T Ty J (T)

1 o0
<———e M N PMF=M)

Ty (T) M=M+1

1 —AT Z o
< — e ™MP(M* > M+1)
TZOJ(T)

Thus, using[5.4] we obtained the announced result.

the

Dy, |

CdA,

Now, let us define the approximation for the VIX option price that we will use in the calibration proce-

dure. This approximation also requires truncating the infinite integrals and is given by:

Clllo(vo, 20, K, T) i= =" 3" Ty 5(T) / " h(v, §)P (v)dv
0

jJEE

Vi |(Zp=3,Vo=v0,Z0=20)

where P is defined by:

Vr|(Z7=3,Vo=v0,Z0=20)

A

N 1 Tm .
_ . —1xv
PVT‘(ZT:jyv():UOvZO:ZO)(U) T o [x (I>J (ZE,UQ,ZO)E dx
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We can thus write the following inequalities:

‘CEL”O(UO) 20, K’ T) - CCL”O(’UO, 20, Ku T)|

A

Um,
T .
<e’ Z TZOJ(T)/O h(va])|7DVT\(ZT:j,v0:vO,ZO:ZO) - PVT\(ZT:J',VO:UO,ZO:ZO) |(v)dv

JeEE
Um, 1 Tm

<e " Z TZO,J'(T) / h(v, 7)o |q)j(:737 Vo, 20) — (I)j(x’ v, Z0)|dzdy

; 0 21 J—a

JjerE "

oo M
AT (AT)
<Ce™ D
M=M+1

where C is a constant defined by:

Tm vm .
= E h d
C - /0 (v, 7)dv

jJEE

Using similar arguments, we define an approximation for the expression of S&P 500 option prices by
truncating up to M the characteristic function of X7. Now, we can use these analytical pricing formulas
in the calibration procedure using options data to determine whether the proposed model has the potential
to capture market dynamics. To conduct a joint calibration of both markets and following the approach
of Gatheral [23]], we proceed as follows:

1. Initially, the parameters {Q, x;, 0; } and the instantaneous variance V; are taken from the historical
estimation detailed below;

2. Second, the parameters {¢;} are calibrated to VIX options across a range of strikes for four matu-
rities.

3. Then, the parameters {p;} are calibrated to S&P 500 options across a range of strikes for four
maturities.

4. Finally, the parameters {r;, ;} and the instantaneous variance V; are refined through a joint cali-
bration of S&P 500 and VIX options.

The figures of fitted smiles [§] and [9] show good fits for both option markets because of the flex-
ibility offered by our regime-switching stochastic volatility model and the joint calibration procedure.
This result is in contrast with the conclusions of Papanicolau and Sircar [33], who state that there is a
systematic discrepancy between the two markets. Although they do not test a joint calibration procedure
in their work, here, we can argue that our extension of the Heston model is able to consistently match
both option markets with the same model, showing that rather than being inconsistent, both markets are
actually providing complementary information: the VIX option market allows calibration of the volatil-
ity of volatility, while the S&P 500 implied skew captures the stock-vol correlation. This improved fit
of the option markets must be directly linked to the improved matching of various stylized facts that the
model is able to reproduce.

This achieved consistency has two practical implications. First, we see an increasing demand for
hybrid equity-volatility products, especially from hedge funds. These products are replicated using com-
binations of S&P 500 and VIX options, and thus, they require models that consistently jointly price both
markets. Second, by more realistically modeling the implied volatility dynamics, this model provides
more robust pricing of equity exotic products, which are highly sensitive to the dynamics of implied
volatility.
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Figure 8: Implied volatilities of February 13, 2015, for VIX call options and the calibrated smile.
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Figure 9: Implied volatilities of February 13, 2015, for S&P 500 call options and the calibrated smile.
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6 Conclusion

In this paper, we propose an extension of the Heston model to consistently price both S&P 500 and VIX
options while reproducing some important features of the joint dynamics of the stock and its volatility.
We derive analytical expressions for the prices of both options, allowing for efficient calibration and
taking advantage of the piecewise affine structure of the volatility process and the good inertia of each
volatility regime (or, equivalently, the small regime shift rate). We also provide an extension of the
Baum-Welch algorithm to filter the hidden state of the Markov Chain driving the instantaneous variance
process, although it is unobservable, and show how this problem falls into the EM setting.

There are several possible extensions that could be pursued in future research. First, we can explore
the implications of the model regarding the pricing of volatility derivatives, such as variance options
and VIX exotic derivatives; hybrid equity-volatility products; and forward skew and forward volatility-
dependent equity exotic derivatives, such as cliquet or ratchet-related options. For all of these products,
the choice of the volatility model has critical implications regarding valuation, and evidence shows that
our model is reliable. However, it remains challenging to explore whether this model can be used ef-
ficiently as a hedging model because incompleteness matters. It could be also interesting to explore
applications of the filtered state of the Markov Chain as a trading signal for several investment and hedg-
ing opportunities: the hedging of the downside risk of an equity portfolio or the harvesting of volatility
risk premia by trading S&P 500 and VIX options .

7 Appendices

Proof of Lemma 1.1

The following relationship holds:

EE’Z |:/0 viT ‘/SdS:| _ /vzz E’U7Z[‘/S]d8
M-1 P Tk+1
EF, { / Vsds}
Tk

k=0
M- Th+1
_ E? , |EP U Vids | FZ
Tk

k=0

[en]

—_

It is well known that we have:
pp [ TRt 7z
BF[ [ Vids | F4) = a(Zo)Va, +b(Z2,)
with:
1 — exp(—k(Zr,)A,)
H(ZTk)Atk
b(Z’Tk) = H(Z‘Fk)(l - Q(Zﬂc))

Thus, we have:
Mf

[ vads| = X ED sla(Za) Vi + 425
0 k

—

Il
o

=

= (G(ZT/@)EE,Z[VW] + b(ZTk)>

B
I
o



Now, we need to calculate E],E: 4|V ] If we integrate the SDE of the process V; between 75,1 and 74, we
get:

Ef,Z[V;k] = EPZ[V:% 1] + Atk 1‘9( Tk— 1)“(Z‘ka1) - I{(Zkal)(a(Zkal)VTk—l + b(Zqu))

Hence, we can recursively calculate the quantity Efy 5[ Vz.] starting with E,, 7[V;)] = v, and we can
obtain a family of functions (fx(Zo, ..., Z7,_,), 9x(Zo, ..., Z7,_,)), such that:

EY 2 Vi = fu(Zos .. Zny_ oo + gu(Zo, .. Zr, )

Thus, we have:

M- 1

Tvix
EP, UO Vsds] Ve Zos- s Zon Y00+ G(Zos- ey Zey 1))+ b(Z2))
k=0
M-—1 M-—1
a(Zz) fr(Zoy - Zny 1)) vo + Z bW(Zr,) + a(Zz)gx(Zos - -+ s Zny )
k=0 k=0

Proof of Lemma 4.2
By integrating the SDE of the process (V;) between 0 and 7', we have:

T T
irVp = z’a:v—i—z'x/o k(Zs)(0(Zs) — Vs)ds+/0 ixé(Zs)\/Vsds
. T
VT = exp(izv) exp (zx/o k(Zs)(0(Zs) — Vs)ds> exp (/ iré(Z. \/>d3>

Let us define P* as a measure of probability in the space €2 by its Radon-Nikodym derivative with respect

to [P
& — e ( [ inezofwpaw, - [0 ;ms(zs)ﬂvs)ﬁds)

Thus, we have:

. T ) T
EF[e™VT | Vi = v, FZ] = exp(izv) exp (w:/ H(ZS)G(ZS)ds> EF [exp </ 'y(ZS)Vsds) | Vo = v,FTZ]
0 0

where v(Z,) 1= —k(Zs)ix — 33%¢(Z,)>.
The next part of the proof will be dedicated to the calculation of EF” [exp ( fOT v(Z s)Vsds) | Vo =

* T
v, Ff := B} glexp (J 71(Z,)Vads)]
We recall that we have a sequence of increasing times 0 = 79 < 71 < -+ < Tpr—1 < Ta7 = 1" in which
the Markov chain Z changes its value. Hence,

£, [exp</0Ty<zs>v;ds)] _ vzlexp@; [ Vdsﬂ
~ [Hexp(/”““ (zsmczs)]
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Hypothetically, Z is independent of W; then, by conditioning with respect to Fp;_1 := f}’VM_ Y fTZM_ L
we obtain:

E; 7 [exp (/OTV(ZS)VScLS)] = E; 4 lE* Kjl exp (/m+1 ’y(ZS)Vsds> | ]-"M1H
—0 T

:,Z [AﬁZ exp (/:Hl v(ZS)V;ds) E* [exp (/TTM W(Zs)Vsds> | ]:M_IH

k M-—1

Now, we define two families of functions {B;}o<j<am—1 and {A;}o<;j<pr—1 that are determined recur-
sively following the resolution of successive systems of Ricatti equations, such that for each A, € [0, 7]
andz € E:

1 — %22 =/ r(2) Ay

ai,z Jvze

CLL
z 1_ Cj7z€_‘/ﬁ(2)At

Aj(At, Z) =

5 a ) e—mﬂt _
Bj(Anz) = a1:R(2)0(=)(Ar + ,j(z) -~ S Co1 )
where for each j € {0,..., M — 1}:
a . = —W v(z) = —k(2)iz — %ng(z)Q
_ R(2)+ VR = k(2)0(2)
e "= TRe

a2,z —Aj11(At; 41,8744

0 ifj=M-1

al,z*Aj+1(Atj+1,er+1) L B
k(z) = k(z) — ixf(z)Q ). = { ) ifje{0,...,M —2}

We have the following proposition:

Proposition 7.6. For each integer k € {1,..., M — 1}, let us define:

M—k

TM —k+1
(ZSTMfk,AtM,k = E* [eXp (/T Y(Zs)Vsds — AM*k+1(At1\/I—k+17 ZTM—k+1)VTM—k+1> ‘ ka]

We have the following equality:

¢7']V1—k7AtM_k = exp (_AM_k(AtJ\/I—k7 ZTMfk)VTJW—k - BM—k(Athw ZTJMfk))

Proof
We will use the following notation:

TM —k+1

qu—M,k,AtMil€ =Eyk leXp </T]\/[k V(Zs)Vsds — AM—k-l—l(AthkHv ZTA1k+1)%Alk+AtA4k>]
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Taking a small time interval dt < Ay, ,, we obtain:

[ TM —k+1
M-k |€XP (/ 'Y(ZS)VSdS> - AMfk+1(Athk+1v ZTMkH)VTM—k-i—AtM_k]
L TM —k

M—k

TM —k+1
=Er gk [Er—rrar [GXP (/ 7<Z5)Vsd5> - AM*kJrl(At]\/I—k-‘—l’ ZTM—k+1)VTM—k+AtM_kH
-

. fTTM ktdt (7, Vads i TM —k+1
:EMfk E( M=k )EM7k+dt €xp / V(ZS)VSdS _AM*k+1(At1M—k+l7ZTM—k+1)‘/TJW—k+AtA4_

M —k+dt

. TM —k+dt
:EMfk ¢TM7k+dt,AtA1_k7dt eXp /7' ’Y(Zs)‘/:sds

M—k

We now use the hypothesis is the form of ¢ to obtain:

TM —k+dt
= IlE}(\/[—k |f3Xp (_AM—k(Athk - dt? ZTIVIfk)‘/T]M—k‘f‘dt - BM—k(Athk - dt’ ZTJ\/Fk)) eXp </T ’)/(ZS)V;dS>

M—k

Because dt is small, we can use the stochastic differential equation of V' to obtain:
=Ey_s [exp <_AM—k(At]M—k — dt, ZT]VI—k)(VTJ\l—k + ’%M—k(éM—k - ‘/;']Ll—k)dt + -k VT]\/I—det))

* Xp (_BM*k(At]M—k —dt, ZTM_k) - ’YMkVTM—kdt>]

= exp <_AM—k(AtM w — At Zry, k)VTM k — An- k(AtJW w — At Zry, k) —k(éM—/f _VTJW—k)dt)

#exp (— By k(Auyy = dt, Zryy ) = Yt iV o0t By, [exp (= An x(Byy s Zray €01y Viyy W3 )|
= exp <_AM*k(AtM k —dt, ZTM k)VTZ\/I—k —Ap- k(At]M k —dt, ZTNI—k)/%M*k(éM*k - ‘/;'M—k)dt)

* exXp (_BM—k(AtM k —dt, ZTM k) TM— kVTM kdt) exp (2A%W—k(AtM k — dt, ZTM k)(‘SM—k)QVTMkdt)

Where far k= R(Zry_): 00—k = 0(Zry_)sén—k = €(Zry_y), and vk = ¥(Zry,_,). By
identifying the assumed expression of ¢, we obtain:

AM*k(At]M—INZTM—k) = AM*k(At]M—k —dt, ZTM—k) - AM*k(At]W k —dt, ZTM k)HM*k‘dt
1
_iA?Wfk(AtM—k — dt, ZT]M—k)(gM—k)2dt — YM—kdt
BM—k(AtIWfIwZT]Mfk) = BM—k(AtM k — dt, ZTM k)+AM—k(AtM k — dt, Z‘I’M k)’{M—kéM—kdt

Taking dt close to zero, we obtain:

OANM—k(Dtyy 1 Zryy ) _
8A?L_kk M=t = _AM—k(AtM—k’ ZTAT—]C)K:M ko %A%ufk(AtM_ka ZTM_k)(fM—k)z — YM—k

OBy —k(Atyy g Zrng_i) ) ~
Oty _y, = AM*k(AtM—k? ZT]M—k)'%Mfk’erk

with the initial conditions set to:

AM—k(07 ZTM_k) = { 104M7k+1(AtIMfk+la ZTM7k+1) i;f‘z iEWO, _ .1, M — 2}

By—k(0,Z7,_,) =0
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Thus, it is possible to obtain an explicit solution for the family of functions { By }o<x<ar—1 and { Ay }o<k<nr—1
by solving successive systems of Ricatti equations. 0

We can now continue the proof of Lemma 4.2.
In what remains of the proof, we will use the simplified notation Aps—1(As,, ) = Av—k(Dty 1r Zray i)
and By (A¢,,_,) = By—k(Asy,_,.» Zr,,_,. ). Hence:

™
E* |f3Xp (/ V(ZS)Vsd5> | ]:M—l‘| = €xp (_AM—I(AtMﬂ)VTMq - BM—I(AtMA))

M-—1

By reconditioning with respect to F7_o, we obtain:

E, z [exp </0T7(Zs)‘/;ds>]

r M—2
:e—B]vlfl(AtA/jfl)]E;’;Z E* [H exp/
L k=0 7

k

Tk+1

V(ZS)VSdS - AM—l(At]\/I—l)VTJ\I—l | }—M—2‘|‘|

—-B (A ) % [M—3 Tk+1 " TM—1
e ) H exp (/ V(ZS)V;ds) E* |exp / Y(Zs)Veds — Anr—1(Atyy )Vrnyy | | Far—2

L k=0 k M—2
—By 1(At ) * = Th+1
—e “H SRS S H exp (/ V(Zs)Vst) exp (—An—2(Aty_,) Ve, — Bu—2(Aty, )
L k=0 Tk

Tk+1

M—-3
=exp (_BM—I(At]\/I—l) - BM—Q(AtM—z)) E;,Z [ H €Xp </
k=0 7l

k

’Y(ZS)ngS - AM—2(AtM_2)VTM—2>]

By iterating the conditioning with respect to JFs_x, where k ranges from 3 to M, we finally obtain:

T M
E 2 lexp (/0 ’y(ZS)Vsds>] = exp (—Ao(Ato)v — Z BM—k(AtM_k)>

k=1
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