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Abstract

We introduce a discrete-time model for log-return dynamics with observable volatility
and jumps. Our proposal extends the class of Realized Volatility heterogeneous auto-
regressive gamma (HARG) processes adding a jump component with time-varying in-
tensity. The model is able to reproduce the temporary increase in the probability of
occurrence of a jump immediately after an abrupt large movement of the asset price. Be-
longing to the class of exponentially affine models, the moment generating function under
the physical measure is available in closed-form. Thanks to a flexible specification of the

pricing kernel compensating for equity, volatility, and jump risks, the generating function
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under the risk-neutral measure inherits analytical tractability too. An application of the
leveraged HARG model with dynamic jump intensity to the pricing of a large sample of
S&P500 index options assesses its superior performances with respect to state-of-the-art

benchmark models.

Keywords: High-frequency, Realized volatility, HARG, Option pricing, Variance risk premium,
Jumps

JEL Classification: G12, G13

1 Introduction

It has been well documented that even in the most liquid financial markets, assets feature abrupt
price movements. Whether these events are true jump events attributed to the discontinuous
component of the price semi-martingale process could be debated at length, see for instance
‘Ait-Sahalial (2004); |Cont and Tankov]| (2004); Maheu and McCurdy| (2004)); Barndorff-Nielsen|
land Shephard! (2007)); Bollerslev et al.| (2008); Lee and Mykland| (2008)); |Ait-Sahalia and Jacod|
(2009)); Bollerslev et al. (2009). Recent achievements suggest alternative hypotheses.

tensen et al| (2014) argue that jump events are often spurious detections resulting from the

aggregation of returns at larger time scales. |Christensen et al. (2016) show that historical

time series does not rule out continuous-time models with no discontinuous component but
where the drift coefficient may exhibit local bursts. Whatever the origin of extreme movements
and despite their infrequent appearance, a typical observed phenomenon is their clustering be-
haviour. An unexpected jump event triggers subsequent jumps for a given asset as discussed
in (Christoffersen et al.| (2012); |Chen and Poon| (2013)); Christoffersen et al.| (2015)); Bormetti

(2015) or sparks a contagion-like spreading across different assets, see among others
et al. (2009)); |Alt-Sahalia et al| (2015); Ficuraj (2015); |Azizpour et al. (2018)); Calcagnile et al.|

(2018)). As a consequence, widespread models describing jumps as processes with independent

occurrences are not suited to accurately describe the empirical properties of asset returns.



In this paper we propose a new discrete-time model with observable volatility and jumps
whose intensity is time-varying and persistent. Precisely, the local intensity follows an autore-
gressive process of order one where the realized number of jumps detected each day plays the
role of an idiosyncratic shock. Formally, we extend the LHARG-RV class of models in Majewski
et al. (2015) by adding to log-returns a jump component. The inclusion of jumps with persistent
intensity is adequate to reproduce the clustering of extreme events in the physical process and
to contemporary increase the short time-to-maturity implied volatility extracted from option
quotes. These features improve both the likelihood of the process under the physical measure
and the pricing performances under the risk-neutral measure.

The model we present widens the literature combining realized volatility measures with
option pricing initiated by Stentoft| (2008)) and later extended by Corsi et al.| (2013)), |Christof-
fersen et al.| (2014) and Majewski et al.| (2015). Specifically, we assume that the log-return
dynamics is determined by the sum of two independent random processes accounting for the
diffusive and discontinuous components of the price. The former corresponds to a sequence of
random shocks which are normally distributed, with observable conditional variance given by
the realized measure of the diffusive quadratic variation. The Realized Variance term follows an
autoregressive gamma process (see (Gourieroux and Jasiak (2006)) whose conditional mean is a
linear function of the past realized variances and leverage terms aggregated over different time
scales (daily, weekly, and monthly). The discontinuous component corresponds to a compound
non homogeneous Poisson process whose intensity linearly depends on its first-order lagged
value. The number of jump events detected in the preceding day provides the idiosyncratic
shock to the intensity dynamics. Besides, the jump size is sampled from a normal distribution.
The new model is dubbed Heterogeneous Auto-Regressive Gamma model for Realized Volatil-
ity with Leverage and Auto-Regressive Jumps, LHARG-ARJ for short. This model belongs to
the class of exponentially affine processes, for which the recursive expression of the log-return
moment generating function (MGF) under the physical measure is available in closed-form.

To price options, we compute recursively the MGF under the risk neutral measure. The



change of measure is performed adopting the same approach of Gerber and Shiu| (1994));
Christoffersen et al.| (2009); |Gagliardini et al.| (2011); Corsi et al. (2013); |Christoffersen et al.
(2012, 2014} |2015) based on the specification of a discrete-time exponential affine stochastic
discount factor (SDF) incorporating multiple risk premia. The SDF depends on four different
risk premia in order to account for the different sources of risk entering our model: Two for the
directional continuous and discontinuous movements of returns, and two for the non directional
risk, i.e. the continuous and jump components of the Realized Volatility. Our specification of
the multi-dimensional SDF improves the flexibility of the option pricing model under the risk
neutral measure while preserving the analytical tractability. Indeed, we are able to derive the
risk-neutral MGF and to show that the risk-neutral dynamics still belongs to the LHARG-ARJ
model class. The latter result is achieved proving the existence of a one-to-one relation which
maps each parameter describing the physical dynamics to the corresponding parameter for the
risk-neutral dynamics.

Belonging to the class of models with observable variance components, LHARG-ARJ inherits
the advantage of ease of estimation. In fact, the RV process is directly built from high-frequency
log-returns, without the need of any filtering procedure. We compute the RV time series from
tick-by-tick returns for the Standard and S&P500 Index Futures, from July 3, 1990 to June 28,
2011. In order to separate the continuous from the jump contributions of the log-return time
series, we exploit the methodology introduced in Corsi et al.| (2010). The test is based on the
Threshold Bipower Variation and allows to detect the presence of at least one jump in a given
trading day. In our model, this information is not sufficient since we need to recover the exact
number of jumps occurring each day. Following the iterative procedure proposed by |Andersen
et al. (2010), we identify every jump occurring at intra-day level. With the time series for the
continuous and discontinuous RV components, the number of jumps, and their size, we finally
estimate the parameters of the LHARG-ARJ process by means of the Maximum Likelihood
Estimator (MLE). The introduction of the jump intensity dynamics improves the likelihood of
the model with respect to the benchmark LHARG model by [Majewski et al.| (2015)).



Applying our analytically tractable model to a large sample of index options, we demonstrate
its superior ability to price options. As benchmark models, we choose the LHARG-RV model
by [Majewski et al.| (2015) and the model with Realized Volatility and realized jump variation
of |Christoffersen et al.| (2015). We perform our analysis on plain vanilla options written on
S&P500 Index whose valuation is given each Wednesday from January 1, 1996 to June 28,
2011. We calibrate the premia on the whole implied volatility surfaces and compute the option
prices using the effective numerical COS method introduced by |[Fang and Oosterlee (2008). The
results show that the LHARG-ARJ model represents a valid competitor class to state-of-the-art
discrete-time models.

Our approach has several aspects in common with (Christoffersen et al.| (2012, 2014}, 2015).
Christoffersen et al.| (2012) introduce a model for log-returns with latent conditional variance
and a jump component with dynamic intensity. The two dimensional affine specification of
the pricing kernel compensates for the continuous and jump directional shocks and allows to
obtain closed-form recursive relations for the MGF under both physical and risk-neutral mea-
sures. However, the paper does not exploit any information coming from high frequency data,
and the joint estimation-calibration is performed by means of Quasi Maximum Likelihood Esti-
mation (QMLE). The economic value of including high-frequency information from tick-by-tick
log-returns is investigated in |Christoffersen et al. (2014)). The paper does not consider any
discontinuous component, but the inference on the latent two-component variance process is
improved by the introduction of an observation equation which exploits the observable Real-
ized Variance. Recently, Christoffersen et al.| (2015)) combine the insights gained from the two
previous works, and present a model with daily realized BiPower and Jump Variation mea-
sures which is flexible and analytically tractable, dubbed BPJVM. Among the three, the latter
work is the most similar to our approach but a closer look reveals several important differences
(commented in more detail in the next sections). The first relevant difference is the method
employed to identify and separate the continuous and jump components of the integrated vari-

ance. (Christoffersen et al. (2015) compute a proxy of the continuous component of volatility by



means of the Bipower Variation from 5-minute returns and the jump contribution corresponds
to the difference, when positive, between the Realized Variance and the Bipower Variation.
The methodology does not consider any statistical test in order to assess the significance of the
jump contribution. The literature — see for example Barndorff-Nielsen and Shephard (2004)),
Barndorff-Nielsen and Shephard| (2006), |Andersen et al| (2007), |Corsi et al| (2010) — warns
about the bias in the estimation of the continuous component of the integrated variance in fi-
nite sample, especially in presence of successive jump events. A second major difference is that
the approach by Christoffersen and co-authors may be viewed as an improved and extended
version of the Realized GARCH approach of Hansen et al. (2012), while the LHARG-ARJ ex-
tends the class of RV gamma models Corsi et al. (2013); [Majewski et al.| (2015). The role played
by the observable realized measures in the two classes is essentially different. In the former,
the conditional variance is a latent process with idiosyncratic shocks given by the RV measure
— in the same spirit of the Realized GARCH. The latter directly models the dynamics of the
RV components. The impact of the two modeling choices is relevant not only on the estimation
methodology — which is based on QMLE for the BPJVM and on MLE for the LHARG-ARJ —
but also, and more importantly, on the level of persistence of the conditional variance in the two
models. The persistence of the BPJVM latent variance is nearly one, then a miss-specification
of the current level of the volatility may lead to miss-fit the term structure of at-the-money
(ATM) implied volatility, especially at longer maturities.

To summarize, the contribution of this paper is threefold. First, we introduce a model to
describe the dynamics of asset prices including a multi-component structure for volatility and
leverage and a novel observable jump component with persistent intensity. Second, we derive
analytical formulas for the MGF under both physical and risk-neutral measures, and the no-
arbitrage condition. This result is achieved by means of a flexible specification of the pricing
kernel which compensates for all directional and non directional random components appearing

in the return dynamics. Finally, we discuss the ability of our approach to price a large sample

of S&P500 index options and benchmark the result with the LHARG by Majewski et al.| (2015])



and the state-of-the-art BPJVM model of Christoffersen et al.| (2015). When compared with
the LHARG model, the LHARG-ARJ improves the pricing performances especially for short
time-to-maturity options and out-of-the-money regions. Concerning the BPJVM, the LHARG-
ARJ model fares much better than the benchmark model at longer maturities and for deep
out-of-the-money options.

The rest of the paper is organized as follows. In Section 2| we introduce the LHARG-
ARJ model of asset price dynamics and we derive the log-return MGF. We propose a change
of measure based on a four-dimensional pricing kernel which takes into account both equity,
volatility, and jump risk premia. Consistently, we derive the no-arbitrage condition and we show
that risk-neutral dynamics still belongs to the LHARG-ARJ class of models. Section [3|discusses
estimation of the model parameters. In Section [4] we describe the results of a comparative
assessment of option pricing performances using the LHARG-ARJ model along with concurrent

benchmarks. Section [Bl draws the relevant conclusions.

2 The model

2.1 The motivation

Let us assume that log-return dynamics is defined on some stochastic basis (2, F, (F;),P) and

described by a jump-diffusion process

t N(t)
Y(t) = at) + /0 o(s)dW (s) + ZXZ-, (2.1)

where W (t) is a Brownian motion, o(t) is an F;-measurable stochastic process corresponding to
the continuous part of price volatility, N(¢) is an F;-measurable stochastic process describing
the total number of jumps in price till time ¢ and X; are i.i.d. random variables capturing
the size and direction of jumps. At this point, we only assume that X; ~ N (A, %) without
specifying any particular distribution of N(t) or o(t).



The drift term process a(t) represents the reward that investors demand for bearing risks
related to the jump-diffusive nature of price. An investor faces two types of risks related to
price variation: One due to continuous, normal price movements, o(s)dW (s) and another one
due to jumps, i.e. extreme market events, X;, where ¢ € {1,..., N(¢)}. Using Ito isometry and
assuming that Var [N (t)] = E [N (#)] [ the components of log-return variance can be represented

as
N(t) N(#)

Var Mta(s)dW(s)}:E{/Otﬁ(s)ds} and Var Z:;X —E ;w? .

Since jump and diffusion processes are independent, we obtain that log-return variance condi-
tioned on «/(t) can be written as a sum of expected integrated variance (IV) and jump variation

(JV)

t N(t)
IV(t) = / o’(s)ds and JV(t) = |Xi|*.
0 i=1

The expected jump variation is equal to
E[JV(t)] = (A2 + 52) E[N(t)].

Assuming that investors are risk-averse to both types of price variation, we can write the

drift process as

alt) =rt + (/\c — %) IV(t) + (Aj — n) (A* +6%) N(¢), (2.2)

where 7 is the risk-free rate in the economy, A. and A; are the continuous and jump, respectively,

components of equity risk premium, and

A+ 307
T=

The compensation of two equity premia A, and \; in (2.2) by % and 7, respectively, ensures

'This assumption is satisfied by Poisson process.



Y(t

that the conditional expectation of price process S(t) = S(0)e¥® reads

E[S(t)IV(t), N(t)] = S(0) exp (rt + AIV(t) + A; (A* +6%) N (1)) .

If the market is neutral to the risk associated to continuous volatility and jumps (A. = \; = 0),
the discounted price process is a martingale.
Since diffusion part in equation (2.1)) can be seen as time-changed Brownian motion (see

Ané and Geman| (2000)), we can describe the dynamics of log-returns as

N(t)
Y(t) =rt+ (Ac - %) IV(t) + (A —n) (A2 +6%) N(t) + W (IV(t)) + ;X

The major motivation of our work is that, exploiting the whole information from tick-by-
tick data, the risk factors driving the log-return dynamics are observable. In Section we
describe the econometric procedure that enables us to measure the continuous component of
realized variance, CRV, on a daily scale. Furthermore, the proposed procedure enables us to

observe the number of jumps N(¢) and their size and direction, Xj.

2.2 The model dynamics

Daily log-returns, y;, have the following dynamics

1 SRV e+ S
y=r+ <>\c - 5) CRV¢+ (A; =) (A® +8%) s+ V/CRVyer + )Xo, (2:3)
=1

where ¢, are i.i.d. with standard normal random variables. CRV, is the estimator of the
continuous component of integrated variance on day t, n; is the number of intra-day jumps at
day t and X;; are the jump sizes during day ¢, where i € {1,...,n}.

The continuous component of realized variance, CRVy, follows the LHARG dynamics intro-

duced by Majewski et al.| (2015). CRV,,; conditioned on information at day ¢ is sampled from



a non-centred gamma distribution
CRV,1|F, ~ 7(k,©(CRV,,L,),0), (2.4)
with CRV, = (CRV,...,CRV,_1,CRV,), L; = (fg‘”, . ,egdjl,gﬁd)) and
©(CRVy, L;) = B,CRV? + 8,CRV™ + 8,,CRVI™ + gl + 0, + ™ . (2.5)

In the previous equation, the quantities

CRV!” = CRV,, (9 = (& —1/CRV;)* = 1 — 42CRV,,
CRV{” = 4331, CRVis, 67 =401, (i — 7W/CRViS)” = 1= *CRV,
CRV\™ = LS CRV,,;, 4™ =132, [(EH —W/CRV,5)* =1 - 72CRVH} :

correspond to the heterogeneous components associated with the short-term (daily), medium-
term (weekly), and long-term (monthly) volatility and leverage factors, on the left and right
columns respectively.

We model the jump component of daily log-return as a compound Poisson process with

i.i.d. normally distributed jumps
n¢w; ~ Poisson (w;) and  X;; ~ N(A,6%), (2.6)

where A € R and § € R are parameters specifying the mean and standard deviation of the
jump size, respectively. The expected number of jumps depends on the time-varying intensity

wy, whose dynamics is described by an auto-regressive process
W1 = w + fwt + Cnt s (27)

where @, £, ¢ are strictly positive parameters of the model. As follows from equation (2.7)), the

10



jump intensity on day t+1 depends on the intensity w; and on the number of intra-day jumps (n;)
occurred the day before. This structure allows an extreme event to increase locally the intensity
of the jump process in the following days. In the present setting, it is important to notice that
the shock n; is observable. This is similar in spirit to what has been proposed in |Christoffersen
et al.|(2015), where the jump intensity follows an autoregressive process of order one but shock
are represented by the jump component of the integrated daily volatility. In this way, the
intensity process is affected not only by the realized number of intra-day jumps on a given
day, but also by the square of their size. In our model, we disentangle the effect of realized
jump frequency from the realized jump size and direction, and only the former determines
the evolution of the intensity process. In this respect, our model mimics, in discrete time,
the continuous-time self-exciting dynamics associated with non-marked exponential processes
termed Hawkes processes, see Hawkes| (1971); |[Daley and Vere-Jones| (2003)).

The model described by equations (2.3)-(2.7) has LHARG dynamics for the continuous
component of realized variance and Auto-Regressive Jump intensity. Let us stress once again
that all variables, apart from the innovation process ¢;, are observable. This property will
significantly simplify the estimation procedure in comparison to alternative models with latent

volatility and jump processes.

2.3 Statistical properties of the model

Firstly, let us observe that the conditionally expected daily return is given by
E [exp (yt—l—l) |CR,VH_1, nt+1] = exp(r + )\CCRVt+1 + )‘j (A2 + (52) nt+1) > (28)

and if both equity risk premia are zero (A, = A; = 0), then, as for the continuous case, the
price process corrected by the risk-free rate is a martingale.
As we have observed in the previous section, the structure of the dynamics in (2.7)) includes

the mechanism that increases the intensity of the jump process conditionally to the number of

11



extreme events happened the day before. This translates into positive correlation between the

intensity and the number of jumps at the day before
COVt_l (nt, wt—i—l) = th .

This mechanism introduces jump clustering in the model. Moreover, the covariance between

log-return and the next day jump intensity is given by

Covio1 (e, wey1) = (()‘j —n) <A2 + 52) + A) (Wi,
(A (A% +6%) — 0.56%) Cw -

(2.9)

By definition, the jump component of the market price of equity risk is non negative. If ); is
zero or sufficiently small, then the above covariation is expected to be negative. This means
that, on average, after a negative return the intensity is larger than after a positive return. Let

us define the jump variation as

JRV, =) X, (2.10)
=1

Then, as a consequence of and for zero or small \;, the increase in jump variation is more
likely after a negative shock in log-returns rather than after a positive one. This mechanism
acts in a similar way to the leverage effect in the volatility modeling where the continuous
component of the variance determines the negative correlation between past log-returns and
future variances. Computing the formulae for the covariance between log-returns and variance

components in the LHARG-ARJ model, we obtain

COVt,1 (yt, JRVt+1) = ()\J (A2 + (52) - 05(52) (A2 + (52) th, (2 11)
COVt,1 (yt, CRVt+1) = —29204d’}/ (5 + @(CRthl, Ltfl)) .

By construction, the continuous and jump components of realized variance are uncorrelated.

A great advantage of the LHARG-ARJ model is that it inherits the affine property from

12



the LHARG class. Then, the conditional MGF takes an exponential-affine form, available in

closed-form through a set of recursive relations.

Proposition 1 (Moment Generating Function). The MGF of the log-return y, o = Z;sz_ol Yi+i
for the LHARG-ARJ model conditioned on the information available at time t is of the form

22 22
E]P’ [ezyt,T‘ft] = exXp (at + Z bt’iCRlthrlfi + Z Ct,j€t+17j + dt+1 (£wt -+ Cnt)> s (212)
i=1 j=1

where the coefficients ay, by; for i = 1,...,22, ¢ for j = 1,...,22, and diy1 satisfy the
recursive relations given in .

Proof: See Appendix [A]

2.4 Risk-neutral dynamics

The standard problem of option pricing in incomplete markets is the specification of the stochas-
tic discount factor. The shape of the pricing kernel determines the form of the risk-neutral
measure. The latter then depends on the investor’s attitude to the risk associated with uncer-
tain future levels of returns, of variance, and possibility of large and sudden price variation.
In this study we perform the risk-neutralization of the objective measure introducing a four-
dimensional Esscher transform. This choice has three relevant advantages: It delivers a clear
financial interpretation of the parameters, the resulting dynamics corresponds to a LHARG-
ARJ process with risk-neutral parameters given by one-to-one mapping of the historical ones,
and, finally, it provides a semi-closed expression for the log-return MGF under the risk-neutral
measure.

We model the pricing kernel in terms of the Esscher transform

o~ VeCRV:—1j IRV —pcV/CRVier—pu; 300y X

EP [efuCCRVtijJRthuc\/CRVtetfuj St X -thl] )

Mtfl,t - (213)

with four parameters responsible for different risk premia. The value of v, and v; determines the

13



level of variance risk premium. The former is associated to CRV; and, as it is also clear from the
decomposition of the drift term in the return equation , represents the compensation that
an investor requires from an investment with uncertain future level of the continuous component
of variance. The latter compensates for JRV,, i.e. the component of the integrated variance
attributed to the discontinuous part of the log-return process. The remaining two parameters,
pe and y15, determine the level of the equity risk premium. As before, the component i.v/CRV,¢;
remunerates the risk related to continuous directional changes in price, whereas the component
i Yty Xy, captures the risk related to abrupt and large directional price changes. It is worth
to comment that the pricing kernel is modelled in an apparently similar fashion in |Christoftersen
et al.| (2015)) (please refer to equation (18) in their paper) . However, there are several relevant
differences which make non trivial a direct comparison between the two Esscher transforms. In
the present framework, the number of risk premia is four, while in |Christoffersen et al.| (2015])
it is equal to three. All the latter premia correspond to directional movements. Recalling the
notation of the paper, 14, and v, compensate for two idiosyncratic exogenous shocks €;; and
€2+ associated to the continuous component of the price process — the approach requires two
components to reproduce the leverage effect in a similar fashion to stochastic volatility models
— whereas v3 remunerates large directional price changes. Stated differently, the pricing of the
uncertainty of future levels of volatility is not explicit but enters indirectly through the pricing
of all directional components. Finally, the premia are time-varying and to ensure the affinity of
the model under the Q measure the premium 15, depends deterministically on v;, and on the
latent process of the conditional volatility. This reduces effectively the number of premia to v
and vz, and the number of free parameters to calibrate to two. In the LHARG-ARJ approach,
the no-arbitrage restrictions fix the level of the directional premia, while the non directional
ones, v, and v;, have to be calibrated on option quotes.

In order to play the role of the stochastic discount factor in our economy, the transform

(2.13) has to guarantee absence of arbitrage opportunity. The following result holds.

Proposition 2 (No-arbitrage restriction). If the dynamics of the underlying price is described

14



by —, then the Esscher transform 1 a stochastic discount factor if and only if

the following conditions are satisfied

A + ()\j - 77) (A2 + (52> (1 —+ 21/]'52)
02 '

1
e =X and p; = 5 + (2.14)

Proof: See Appendix [B]

From relation one can see that the no-arbitrage condition fixes the value of the
parameters . and p;, while parameters v, and v; remain free and they have to be calibrated
on the option data. The estimation of the model parameters, from daily returns and realized
measures of volatility, combined with the calibration of the premia parametrising the arbitrage-
restricted pricing kernel allows the model to reconcile the time series properties of stock returns
with the empirical properties of option panels.

Performing the change of measure by means of the Esscher transform provides the
risk-neutral dynamics which governs the return process. Remarkably, the risk-neutral log-
returns follow a LHARG-ARJ process, whose parameters, denoted with a star, are readily

obtained from the historical counterparts through a simple one-to-one mapping relation.

Proposition 3. Under the risk-neutral measure Q - corresponding to the SDF specification

given by - the log-return dynamics for the LHARG-ARJ model is governed by equations
— with parameters \*, k*, 0%, B3, B, Br,, oy, o, o, ", A*, 6%, &%, & and (*. The

mapping among the starred and the physical parameters is provided in Appendix@ (equations

and [C7).

Proof: See Appendix [C]
Given the dynamics under Q, the risk-neutral MGF readily follows as a straightforward

consequence of Proposition [I}

Corollary 4. Under Q, the MGF for the LHARG-ARJ model has the same form as in
and with parameters as in (C.4)) and (C.7).

15



As we detail in the next section, the existence of an analytic expression for the MGF under
the risk-neutral measure allows to perform the calibration of the variance risk premia with very

effective and reliable numerical methods based on the Fourier transform.

3 Model estimation

This section is dedicated to the estimation of parameters of the LHARG-ARJ model. Since the
Realized Variance estimator is directly built from observed High-Frequency (HF) returns, it
prevents the use of filtering procedure for determining the latent volatility process. Moreover,
we introduce the state-of-the-art models by Majewski et al. (2015) and |Christoffersen et al.
(2015). They will be used as benchmark models for the LHARG-ARJ.

3.1 Return variation measurement and jump detection procedure

Our data set consists of HF returns of the S&P500 Futures Index from 1 July 1990 to 31
June 2011 provided by TickData. To build the series of Realized Variance we adopt the Two-
Scale method proposed by |Zhang et al. (2005) which has been proven to give an estimator
(TSRV;) of the quadratic variation of log-return process unbiased and robust to the presence
of microstructure noise.

It is known that the RV series consistently accounts for the sum of the continuous and
discontinuous components of the log-return variation. For our purposes, we need to disentangle
the two contributions. We choose as a proxy for the continuous variation the Threshold Bipower
Variation (TBPV,) defined in |Corsi et al.| (2010). In order to detect if on a given day there
has been a jump, we employ the Threshold-z (Tz) test statistics (see equation 3.5 in |Corsi
et al. (2010) for a corrected version of the test statistics). It is proved that under the null
hypothesis of no-jumps, the Tz statistics is distributed according as a standard normal random
variable. Hence, for a given significance level o, we can assess the statistically significance

of the daily jump component looking at the deviation of the Tz variable from the quantile
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of the standard normal, ®,_,. If Tz, > ®;_,, then we reject the null hypothesis. If there
is statistical evidence for a jump, we attribute the difference TSRV, — TBPV, to the jump
component, i.e. JRV; = Zr,,~¢,_, (TSRV; — TBPV,). Coherently, the continuous component
is obtained by setting CRV,; = TSRV, for those days in which we do not reject the null, and
CRV,; = TBPV, for the remaining days in which the test detects a significant jump. The
CRV; series is eventually cleaned removing the most extreme observations, seemingly due to
volatility jumps, employing a threshold-based jump detection method as suggested by
(2013). Finally, since our estimator for the volatility is computed by using the returns
during the trading period (from opening to closing of the market), we rescale it to match the
unconditional mean of squared daily returns (close-to-close), including the contribution coming
from overnight returns.

The Threshold Bipower Variation allows to identify the days on which at least one jump

occurs, but does not give information about how many intraday jumps have actually happened.

In order to identify these events we follow the approach of |Andersen et al.| (2010]), considering

the series of intraday 5-min returns. Once we find a day with at least one jump, we remove
the largest 5-min return from the daily sample, and substitute it with the average return for
that day. Then, we repeat the Tz test for the adjusted intraday series. If the test does not
reject the null, we conclude that only one jump has occurred. If the test rejects the null, the
procedure is repeated. At every run, we identify a new intraday jump. Finally, when the
null hypothesis is not rejected anymore, we are left with the series of intraday 5-min jump
returns. By means of this procedure, the time series of number of jumps per day, n;, and of
jump sizes, X;;, are recovered in a non parametric way. For a given day, if the observable
quantity Y, |X;;]? does not coincide with Zr,,~4, , (TSRV, — TBPV,), then X, is scaled
to ensure the matching. Given the number and size of intra-day jumps, their contribution to
the total daily return is readily obtained. The daily jump-adjusted return series can then be

computed by simply subtracting » ", X;; from the daily returns. A clear advantage of the non

parametric procedure by |Andersen et al| (2010) is that both n; and X;, are made observable
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and can be directly used in the estimation of the model parameters via maximum likelihood.
As it will be explained in the next section, this is especially useful in the construction of the
likelihood function of JRV, and for the filtering of the latent intensity process wy.

In Figure[l] we present the time series of log-returns of the S&P500 Futures Index from July 3
1990 to June 28 2011 with the realized variance computed by the Two-Scale method by [Zhang
et al. (2005). On the same figure we also report the decomposition of the realized variance
into the continuous and jump components. On Figure [2| we plot the auto-correlation function
computed from the data divided in two sub-periods, one from July 3 1990 to June 28 2007 and
the second from July 2 2007 to June 28 2011. The first sample ends before the spreading of the
news which has later led to the sub-prime crisis, and indeed the sample mean of the Realized
Variance increases by a factor three from the first to the second period. Consistently with
well-established stylized facts, the auto-correlation of returns is not significant, whereas the
auto-correlations of realized variances are statistically significant for all considered lag orders

(from 1 to 60).

3.2 Maximum Likelihood Estimation

After the separation of the continuous and the discontinuous components of the dynamics,
we estimate the parameters under the physical measure of the LHARG-ARJ process using
the Maximum Likelihood Estimator. According to the model, the log-likelihood function is
given by the sum of one term related to the daily log-return process and two terms related
to the continuous and discontinuous components of the Realized Variance process. As can be
seen from equation the jump-adjusted log-return g, = y — > | Xy, is distributed as
N (r+ (A = 2) CRV, + (A\; — 1) (A® + 6?) ny, CRV,) conditionally to CRV, and n. Its contri-
bution to the log-likelihood is expressed by the following quantity

T [~ 2
_ (9 — (r+ (A = 3) CRV, + (A — 1) (A* +6°) ny))
LY (X, Aj, A, 6) = — ; 2CRV, + log <\/27rCRVt>
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As concerns the continuous component of the Realized Variance, it is modelled as a random
variable sampled from the non-central gamma distribution 7(k, ©(CRV,, L;),0). The corre-
sponding log-likelihood has the form

T
LCRV (Aca )\j7 A7 67 R, 07 Bd? /Bwu 67717 A, Olyyy Oy, ’7) = - Z (CRVt

+© (CRV,_4, Lt—l))

t=1
(CRV,)"™ ' © (CRV,_1,L_1)"
+Zl g<z 0T (r 1 k) i '

The last log-likelihood term takes into account the jump component of the Realized Variance.

As defined in equation (2.10f), conditionally to the number of observed intra-day jumps ng,
the jump variation is distributed as a non-central chi-square. Since the variable n; is Poisson

distributed, the log-likelihood is given by the following expression

- nf_A2>m nt+2m_1 1 nt X 7,'2
I 6 €00 = g [t et (B) (i 85 i
I — g m! I (metm) (252)"”2"’

(3.1)
It is important to notice that w; enters the expression as a latent process. So the opti-
mization of the likelihood function relies on the filtering of w;. Since w; obeys equation ([2.7),
at each step of the optimization the latent intensity is filtered in a recursive way as a function
of the observed n; and intensity parameters w, &, and (.
Finally, the estimation of the parameters characterizing the LHARG-ARJ process is performed
via maximization of the whole log-likelihood function L = LY + LRV 4 LRV,
In order to slightly reduce the dimensionality of the parameter space, we restrict two of
them by means of variance targeting. In this way we force the exact matching of the observed
sample mean of the Realized Variance continuous and jump components. As target parameters,

we consider x and w and compute them using the following expressions for the unconditional
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mean of CRV,; and JRV,, respectively

E [CRVt] = On )
(s )
i=d,w,m

In Table [1] we present the estimated parameters of the LHARG-ARJ model. Since J; is
not significantly different from zero neither for the first period nor for the second, according
to equation (2.9) we have that log-returns are negatively correlated with the future jump
intensity. Moreover, both covariances in are negative. Then, for the LHARG-ARJ

model the leverage effect is not only due to the continuous component of returns through the

mechanism introduced by Heston and Nandi (2000), but it is also determined by the impact of

the discontinuous part of the price process.

3.3 Benchmark models

To assess the performance of the LHARG-ARJ model, we use the LHARG model by
(2015) and the BPJVM model introduced by |Christoffersen et al, (2015)) as benchmarks.

These represent the state-of-the-art for the class of models based on realized measure of volatil-
ities. The former accounts only for the diffusive component of asset price dynamics. The latter
is based on an approach incorporating a GARCH structure for the latent volatility and jump

intensity where bipower and jump variations play the role of idiosyncratic components. In-

deed, the BPJVM can be seen as an extension of the Realized GARCH model by

(2012)); [Huang et al.| (2017) which includes jumps and provides a closed-form exact expression

for option prices. On one side, the comparison with the LHARG model allows to evaluate the
impact of the inclusion of a jump component to the heterogeneous structure of volatility and
leverage of the gamma models. On the other side, benchmarking with the BPJVM, we con-

sider a competitor model of comparable complexity, that, however, differs from ours in several
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respects — a different construction of the observable quantities, their role within the dynamics,
the impact of conditional variance filtering, and the estimation/calibration procedure.

For the discussion of the LHARG model, we refer to Majewski et al| (2015). We provide

here a short review of the model by |Christoffersen et al, (2015). The dynamics of log-returns
in BPJVM is as follows

1 — S
Y =T + ()\c - 5) hz,t + ()\j - n)hy,t + hz,tel,t + Z Xt,iv (32)
=0

where €;; ~ N (0,1) are i.i.d innovations and jumps’ sizes X;,; are pairwise independent with
normal distribution A (6, 6%). The number of jumps n; has Poisson distribution with intensity
hy:—1. To obtain a relation similar to , n is set to exp (0 + 0.56?) — 1. The value of factor
h.. corresponds to the expected value of Realized Bipower Variation on the following day,
while the value of factor hy,; corresponds to the expected value of realized jump variation on
the following day multiplied by 6% 4+ o2, Both realized variations are observable. The dynamics

of h, and h,; is given by

2
hz,t-{—l =W, —a,0 + (bz +a, — azU’YZ) hz7t +a.o (EQ,H—I -7 hz,t) ’
ni41

hyt+1 = wy + ayhy: + by Z | X1l
i=0

where €5, ~ N (0,1) are i.i.d. and have correlation p with the diffusive return shock, € ; defined
in equation (|3.2)).

For the reader’s convenience, Table [2| summarizes the main properties of the LHARG-ARJ,
LHARG, and BPJVM models.

As a major difference with the procedure described by Christoffersen and co-authors, we
consider the estimation problem — based on QMLE, as in the original paper — separately from
calibration. First, we perform parameter estimation from historical time series. Then, risk

premia are calibrated minimizing the pricing errors computed by means of the analytic mapping
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of the parameters from the objective to the risk-neutral dynamics. It is well-known that the
joint estimation-calibration achieves a higher statistical efficiency. Indeed, it exploits in a single
step all information from daily and tick-by-tick return time series and option quotes. However,
we believe that keeping estimation separate from calibration represents an alternative valuable
approach. It allows to disentangle the different role played by the historical measure from the
forward-looking information implied by option quotes and to better understand the impact of
risk premia in shaping the pricing kernel. Tables[3|and ] present the parameter values estimated
for the LHARG and BPJVM models for the 1990-2007 and 2007-2011 periods.

In Figure 3| we compare the persistence of the Realized Volatility components C'RV; and
JRV; and the latent intensity w;, of the LHARG-ARJ model with that for the RBV; and

RJV, time series and the filtered h,,; and h,; processes from |Christoffersen et al.| (2015)),

before and during the financial crisis. We note that the auto-correlation of the observable
continuous component is very high and significant for both models and periods, and that

during the period before 2007 it is slightly more persistent for the LHARG-ARJ. However, in

(Christoffersen et al.| (2015) the role of the conditional variance of the continuous component

of returns is played by the filtered process h., while RBV, enters the observation equation.
So, the persistence of the C'RV; has to be compared with the persistence of h,;. The latter
is extremely high and close to the unit value. We will comment more on the consequences
of this level of persistence in the section dedicated to the option pricing exercise. Finally, we
observe that the auto-correlation of the observable jump component of the Realized Variance
is statistically significant and persistent for both models and periods. Comparing the jump
intensity processes, we conclude that they are both strongly persistent, with a slightly larger
value for the persistence of w; during the crisis period.

To check our modeling assumptions, we perform some model miss-specification tests. Com-
ments refer to the entire period spanned by the available data, i.e. from 3 July, 1990 to 28 June,
2011. We compare the mean, variance, skewness and kurtosis of the idiosyncratic components

¢; in the LHARG-ARJ model, with that of the benchmark model LHARG. As far as the former
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model is concerned, mean equals 0.09, variance 1.11, skewness 0.33, and excess kurtosis 0.81.
For LHARG we estimate 0.12, 1.11, 0.40, and 1.07, respectively. In both cases the Jarque-Bera
test rejects normality at 1% significance level. Thus, some mild inadequacies of both models
survive. Nonetheless, when moving to the ARJ version of the LHARG class, there is a sizable
decrease of skewness and excess kurtosis. To test for the presence of residual serial dependence
in the idiosyncratic component, Figure 4] shows the autocorrelation of different powers of ¢,
for lags ranging from zero to fifty. Moving clockwise, panels report the auto-correlation of ¢,
€2, €, and €}, respectively, and the 95% confidence band. As it clearly emerges, there is no
evidence of serial dependence. Finally, Figure [5] investigates the ability of the LHARG and
LHARG-ARJ models to forecast one-day-ahead realized variance. The model predicted vari-
ance — C'RV, for LHARG and CRV; + JRV, for LHARG-ARJ — is on the horizonal axis. The
ex-post realized variance is on the vertical axis. The regression R? is 40% for LHARG and

41% for LHARG-ARJ, with coefficients equal to 1.58 and 1.56, respectively. The two models

performs in a comparable way, with a slightly better performance of the LHARG-ARJ model.

4 Option pricing

Our dataset consists of Plain Vanilla options on S&P500 Index for each Wednesday from Jan-
uary 1, 1996 to June 28, 2011. We first apply a standard filter removing options with maturity
less than 10 days or more than 365 days, implied volatility larger than 70% and prices less
than 0.05% (see Barone-Adesi et al| (2008), |Corsi et al.| (2013) and Majewski et al.| (2015))).
Defining the moneyness as K/S;, we do not consider options with moneyness larger than 1.2
and with moneyness smaller than 0.8. We term options as deep out-of-the-money if the mon-
eyness is between 0.8 < m < 0.9 or 1.1 < m < 1.2, as out-of-the-money if 0.9 < m < 0.98
or 1.02 < m < 1.1, and as at-the-money if 0.98 < m < 1.02. As far as the time to maturity
7 is concerned, we identify options as short maturity (7 < 50 days), short-medium maturity
(50 < 7 < 90 days), long-medium maturity (90 < 7 < 160 days), and long maturity (7 > 160
days).
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4.1 Model calibration and pricing method

In order to calibrate the model under the risk-neutral measure, the values for risk premium
parameters (fi, /t;, Ve, ;) Need to be specified. As a consequence of Proposition [2 . and p;
are fixed by the no-arbitrage condition, while v, and v; remain undetermined parameters to be
calibrated on the option data.

For the calibration procedure, we adopt a method based on the unconditional minimization
of the distance between the market implied and the model implied volatility surface. For this
reason, we divide our dataset in different intervals of moneyness and maturity — as previously
described — obtaining a 5 X 4 moneyness-maturity grid obtaining a 20-point discrete representa-
tion of the implied volatility surface. For each subset, we compute the unconditional average of
the market implied volatilities. Then, we calculate the corresponding model implied volatility

and obtain the optimal values of (v.,v;) as

arg min { foni(ve, v5)}

(VCij)

The objective function fop;(ve, v;) reads

4
fobj(l/c, Vj) = Z (Ivg}od (Vc; Vj) N IV;*“)Q,

=1 j5=1

and represents the quadratic distance between the model implied volatility surface and the
market one, whose elements are IV;-?Od (ve,vj) and IV;?kt, respectively. In order to compute
the option prices — and associated implied volatilities — we adopt the COS numerical approach
by Fang and Oosterlee| (2008)). This method, based on Fourier-cosine expansions, effectively
evaluates the price of Plain Vanilla options from the characteristic function of log-returns.

To summarize the whole numerical procedure, we proceed in four steps. First, we estimate
the model parameters under the physical measure via MLE and obtain the values given in Table

for LHARG-ARJ model. Second, the premia v, and v; appearing in the pricing kernel are
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calibrated on the option dataset. Since neither A, nor A; are statistically significant, calibration
is performed by fixing their values to zero. The results are reported in Table (1, too. In the
third step, we switch from the physical to the martingale measure using Proposition |3l Finally,
we compute option prices for each Wednesday in our dataset employing the COS method. Due
to significant differences in the statistics of the time series of Realized Volatilities arising across
the financial crisis which started in the summer of 2007 and reached its peak in the fall of
2008, we divide our option dataset in two periods too: A pre-crisis period going from July,
1990 to June, 2007 and a crisis/post-crisis period from July, 2007 to June, 2011. We repeat the
procedure described above for the two periods, separately.

Concerning the BPJVM model, risk-neutralization is achieved following two distinct ap-

proaches. In a first case, we apply a three-dimensional Esscher transform with (x, v3) as free

parameters to be calibrated on option data. This is the approach adopted in (Christoffersen|
(2015) and we refer to the paper for further details. A second different strategy, ensuring
a fair comparison between the BPJVM and our model, employs the pricing kernel (2.13]). In

this case, the SDF depends on four risk premia but the no-arbitrage constraints, detailed in
appendix @ fix two of them. As a result, only (v., v;) survive as independent risk premia to
be calibrated on market prices.

The risk premia panels in Tables |3[ and |4] report the values of premia calibrated on options
for the periods 1996-2007 and 2007-2011. As for the LHARG-ARJ model, estimated values for
the coefficients A., A;, and )\, are not statistically significant. Then, calibration of the premia

is performed by fixing the value of all \’s equal to zero.
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4.2 Pricing performances

The pricing performance is evaluated with the percentage Implied Volatility Root Mean Square

Error (RMSE;y) introduced by Renault| (1997) and computed as

1 & 2
RMSEr = |+ 2; (IVmkt — TVmed)? 5 100,
where N is the number of options, IV and IV™°¢ represent the market and model implied
volatilities, respectively. Table [5| shows that LHARG-ARJ improves the pricing performance
with respect to LHARG and BPJVM for both region of moneyness, before and after financial
crisis of 2008. The improvement ranges from 8% — 9% of relative RMSFE with respect to
LHARG for the pre-crisis period, while it reduces to 2% for the crisis/post-crisis period. This
difference suggests that in the 2007-2008 period of financial distress option prices are more
influenced by the high level of the diffusive component — a so-called volatility burst — than by
the discontinuous component of price dynamics. From a refined comparison, we observe that
for options belonging to the per-crisis period, the best performance of the LHARG-ARJ model
concentrates on pricing contracts with maturity less than 50 days. The RMSE is up to 15%
smaller than the error obtained for the LHARG (see Table [6). These results confirm the well
established fact that the inclusion of a jump component is essential for the correct description
of the volatility surface implied by short-term options. Moving towards longer maturities, in
the ATM region performances are in favor of the LHARG dynamics, with the exception of
the longest maturities. When pricing deep-out-of-the-money and out-of-the-money options, on
average the LHARG-ARJ performs better. Again, these results conform to the intuition that
extreme regions of the moneyness, especially deep-out-of-the-money put, are more sensitive to
extreme price events. The table referring to the crisis/post-crisis period (Table[7]) shows results
in line with the previous period. In this case, the performances are more balanced between the
two models. Again, this is a plausible consequence of the unprecedented high level of volatility.

This effect, evident from Figure (left panel on the second row), tends to decrease the modeling
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advantage of the ARJ model.

As far as the comparison between the LHARG-ARJ and the BPJVM model is concerned, we
observe that the former globally performs better than the latter in both periods (see Table , left
column numbers). The best performance is for contracts with moneyness between 0.9 and 1.1
(around 24%) in the pre-crisis period. LHARG-ARJ implied volatilities are more accurate by a
factor of 0.81 considering a wider range of moneyness (0.8 < m < 1.2), and the gain in relative
error is of order 16% for the 2007 — 2011 period. The result for the central region of the volatility
surface confirms that the heterogeneous structure of the LHARG-ARJ is a parsimonious and
effective way to provide a good description of the ATM implied volatility dynamics. These
results are rooted on the pricing kernel employed by |Christoffersen et al.| (2015)). To ensure a
fair comparison with the BPJVM and to decipher whether the best performance derives from
a better specification of the historical dynamics or has to be attributed to the different pricing
kernel, the right column in Table [5| (rows referring to the BPJVM model) reports the result
from a second comparison. In this case, we employ the pricing kernel . It can be readily
recognized that performances of the BPJVM improve. For the pre-crisis period, the relative
error diminished from 24% to 9% ATM, and from 19% to 6% when including deep-out-of-the-
money options. The improvement is also evident for the crisis/post-crisis period, although in
this case the relative gain is smaller. Nonetheless, in both cases the global performance is still
clearly in favor of the LHARG-ARJ model.

By commenting the details of Tables [§ and [0, we only refer to Panels C and D. These
correspond to pricing results based on the SDF (2.13). The qualitative picture agrees with
that of Panels A and B, but numerical results decrease the gap between the LHARG-ARJ
and BPJVM models. In the pre-crisis period, for short to moderate maturities the RMSE are
balanced between the two models. They more evidently favorite the LHARG-ARJ model when
moving to longer horizons. As clear from Tables[I]and [4] the persistence of the latent intensity
is comparable for both LHARG-ARJ and BPJVM models. It reads 0.994 for the LHARG-ARJ
and 0.986 for the BPJVM in the 1990 — 2007 period. For the 2007 — 2011 period, it rises to
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0.999 for the LHARG-ARJ and 0.998 for the BPJVM. Then, such mild difference cannot be
responsible for the sizable difference in the pricing performance between the two models in the
long horizon. Moreover, the contribution of the jump variation to the total quadratic variation,
measured as the ratio between the historical unconditional mean of JRV and the average sum
of JRV and CRV, amounts to 18% in the 1990 — 2007 period and to 9% in the 2007 — 2011
period. The unconditional level of CRV increases by nearly a factor three — passing from
6.62e-05 to 1.91e-04, while the unconditional level of JRV increases from 1.21e-05 to 1.74e-05.
Then, the difference in performance can reasonably be attributed to the substantial difference
in persistence of the continuous component of the conditional volatility between the two models.
While for the LHARG-ARJ model it ranges between 0.812 — 0.831, it saturates to 0.999 for
the BPJVM model. Even though the latter model tracks adequately well the short term of
the implied volatility, it systematically over-prices the long term of the volatility surface. The
LHARG-ARJ seems to be more flexible than the BPJVM in reproducing the term structure
of implied volatilities, especially at longer maturities. Moving to the crisis/post-crisis period,
the previous features are confirmed by the relative errors. However, the performance of the
BPJVM deteriorates in the short maturity region and for all deep-out-of-the-money options,

irrespectively of the maturity.

5 Conclusions

In this paper, we present a heterogeneous autoregressive model for the asset log-return dynamics
with observable volatility and jump component with dynamic intensity. We devise our proposal
with the purpose to describe the empirical properties of financial returns and volatilities, as long
memory, leverage effect, jumps, and jump clustering. We present the analytical characterisation
of the log-return moment generating function under both the physical and the risk-neutral
measure. For the change of measure, we adopt a flexible exponential affine pricing kernel.
It is designed to differentiate among directional and non-directional sources of financial risk,

and to separately compensate for them, introducing separate premia for the continuous and
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discontinuous equity risk, and the continuous and discontinuous variance components. Finally,
we detail an application to option pricing, and show the improvements of the novel approach.
The model is able to reproduce successfully the different features of the implied volatility surface
and to provide better performances when compared with state-of-the-art discrete time pricing

models based on Realized Volatility measures.
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A Computation of the Moment Generating Function

As starting point, we recall that a LHARG process with zero mean leverage can be mapped
in a LHARG process with parabolic leverage as shown in Majewski et al. (2015]). We rewrite
©(CRV, L,) in (2.5), as

22 22
O(CRV, L) =d+ Y BCRVi_i+ Y ajlipij,
i=1 j=1

with d = — (g + w + @), Bawm = Bwm — Y2 Og,u.m, Where B9 wm refer to the original au-
toregressive parameters for LHARG with zero mean leverage in 1} and ¢; = (et — fy\/CRVt)2

is the parabolic leverage. We further define

Ba fori=1 g for j =1
Bi=4q Bu/4 for2<i<h and a; =< q,/4 for2<;<5
Bm /17 for 6 <1 <22 am /17 for 6 < j <22
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Then we compute the one-step-forward MGF by applying the tower law of conditional expec-

tation

1 ) 2, 52 ny )
EP [ezyt—i-bCRVt—l—dt ‘«/T--t—l] — EP [eZ(T+(>\c—§)CRVt+(>\]—7])(A +6 )nt-i-\/ CRVier+3,L 1 Xt,i)+bCRV+cly |~Ft—1]

ez(r—l—()\c—%)CR\/t—&-(Aj—n)(A2+62)nt+2?=tl X¢.5)+bCRV,

= kP
% EIP’ [ez\/CR\/tet—Fc(et—y\/WVt)Q|Cthi| ’]:t—l

Applying the following property of normally distributed random variable Z ~ N (0, 1),

emtit o) (Lo-0+25)

we obtain

o7+ Ae=3)CRV (X =) (A2 467 )ny+377% ) X.)+bCRVy
EP [ezyt+bCRVt+c€t|]:t_1] — EP | Fiq| - (A1)

22 2. _
1-20)+ Z 2 cRy,

> e—% In(

Since n; and X;; ~ N(A,d) are independent we have

EIP’ ez()\jfr])<A2+52)nt+z St Xe

m| = exp ((g + Az + (A — 1) (A2 +6?) z) nt) .

Introducing
252
v(z) = ZT+A2+()\j—77) (A*+6%) 2

and ,
=+ 7c—20yz
1—2c ’

1
x(z,b,c):z()\c—§) +b+

we can rewrite (A.1)) as

1
]E]P’ [ezyt+bCRVt+c€t |]:t—1] _ EIP’ |:€zr—§ In(1—2¢)+z(z,b,c) CRVi+v(2)nt |]:t—1 )
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Using the independence of the random variables CRV,; and n;, the previous expression factorizes

as

EIP’ [ezyt+bCRVt+dt].7:t,1} _ ezrf%ln(lfQC)EIP [ex(z’b’c)Cth‘E,J EIP’ [ev(z)nt“/—_‘til] )

To shorten the notation, in the remaining part of the paper we write = for z(z,b,¢) and v for

v(z). Using equations (8)-(9) from |Gourieroux and Jasiak| (2006) we obtain

22 22
EIP’ [GmCRVtLE—l} = exp (—HW (.l’, 9) +V (IL‘, 0) (d + Z BZCRVE_Z + Z O‘jgt—j>> ,
i=1 j=1

where

Ox

V(z,0) = 1—0s

W(x,0) =In(1 — x0).

Since n; has Poisson distribution with intensity w;, we have

EF [ | Fy_1] = exp (wy (e — 1)).

Collecting all previous results, an exponentially affine form for the physical MGF follows
1
S In(1 —2¢) — kW (z,0) +dV (x,0)

22 22
EIP [ezyterCthert “thl] = exXp +V (SL’, 9) (Z 51CRVt71 + Z Oéjgtj)
i=1 j=1

+ Wy (ev — 1)

where w; is J;_1-measurable.

The computation of the MGF for the log-return y,r = Zith y; between ¢t and T involves
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the iterated use of the tower law of expectation
EF [e*ve7| F,] = EF [(J,Zyth*EIFD [T | Fr_4] |ft]

— EF |:eZyt,T—1+aT—1+Z?il bT—l,z'CRVT—H-Z?il cr—1,j0r—;+dr(§wr—1+Cnr_1) ’Jt;f
)

where the coefficients are defined as follows

1
ar-i =21 — 3 In(1 —2¢) — kW (2(2,0,0),0) + dV (z(z,0,0),0) + drw,
br_1: = BV (2(2,0,0),0),
Cr—1,5 = Oéjv (Z‘(Z, 07 0)7 ‘9) )

dT:e”—l.

Moving a time step backward, we isolate all the random variables at time T'— 1 and compute

the expectation conditioning to information up to T" — 2,

eyt T—2Far—1 +Z?ig bT71,¢CRVT7¢+Z?2:2 cr—1,;lr—j+dréwr_1

EF [e*%:7 | F] = EF | Fi
% EP |:€ZyT71+bT—1,1CRVT—1+CT71,1ZT—1+dT<nT—1 |fT—2}

_ EP |:ezyt,T—2+aT—2+Z?il bT—Q,iCRVT—l—i+ZJ2'2:1 cr—2 jlr—1—j+dr_1(wr_2+lnr_2) ’Ft]

Iterating the reasoning, the final expression of the conditional moment generating function

reads

22 22
EF [T | Fy] = exp (at + Z b i CRV 41— + Z ctjiliv1—; + digr (Swy + Cm)) )

i=1 j=1
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where the coefficients satisfy the following recursive relations

1
ag = Qg1 + 27 — 5 In(1 —2¢5411) — KW (X551, 0) + dV (2541, 0) + ds 1@,

(

b b5+1’i + ﬁzV (xs-&-l, 9) for 1 <i< 22,
s, —
BiV (xs41,0) for i =22
) (A.2)
.
Csr1j + ;Y (xs41,0) for 1 <j <22,
Cs,j
CYjV (373+1,9) for j = 22,
\
ds _ ev(z)+§ds+1 — 1+ §d8+17
with )
1 Z 4+ 42, — 2¢, z
Top1 =2 Ae— =) +ber11 + 2 TG S ;
2 1 —2¢ce1
and terminal conditions dp =e” —1and ap =bp; =cpj=0fori=1,...,pand j=1,...,q.
B No-arbitrage condition
The no-arbitrage constraint
EP [Mt,Lteyt‘JT"t,l] =e"
for transform ([2.13) reads
EP [eyt—VCCRVt—VjJRVt—MC\/CRVtEt—Mj S X ]_—t_l}
=1. (B.1)

EP [erfucCthfujJRVﬁuc\/Cthetfuj St Xe -thl]
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Firstly, we compute the denominator of the expression above

EP [ " —VeCRV =1 JRV e —p1oy/CRV e —p1; o7y X

Fia| =

— RP [or—veCRV P [e’““/CRV“ﬂCRVt} EP [efujJthfﬂj ST X

a |]-“t1]

22 22
= &Xp (T — W (z,0) +V (z,0) (d + ZBZ’CRVt—i + Z Oéj£t—j> + w; (" — 1))
i=1

J=1

i)

2
2 _y.)CRV
— EP er+( 2 Vc) tE[P |:e_Vj Z:L:tl X?,Z—},L] Z?:tl Xt,i

where

(1 + 2A15)* 0°
2(1 + 2Vj52)

— A(M] + VjA).
Similar computations for the numerator give

EP [e—VCCRVt—VjJRVt—MC\/ CRVtet—,u,j Z:zl Xm-—&-yt |E_1]

_RP [efucCRVtijJRthuC\/;CRVtetﬁuj S Xeatr b (Ae— 3 ) CRVe+( —n) (A2462 ) ne+ VRV per + 308 X i 7 1]

22 22
= oxXDp (r — W (2,0) +V(2,0) (d + Z BiCRVy_; + Z ajgtj) +w; (" — 1))
=1

j=1

where Putting together numerator and denominator, the no-arbitrage condition (B.1)) becomes

(V(&,0) =V (z,0)) (d +Y BCRV i+ Y ajet_j> tow (€7 — ") =k (W (2,0) — W (7,0)) = 0

=1 j=1

38



In order to be satisfied, the above equation implies the following relations

W(z,0)—W(z,0) =0
V(z,0) -V (z,0)=0
e’ —e” =0,

which are satisfied if £ = ¥ and ¥ = v. From & = Z, we have
He = )\07

and v = v implies
1 A+ ()\j =) (1\2 + (52) (1+ 2yj52)
i 2 + 0?2 '

C Mapping of parameters from P— to Q—measure

Preliminary, we derive the moment generating function of (y;, CRVy, ¢;) conditioned on F;_junder

risk-neutral measure QQ

E—l} _ E]P’ [Mt_LteZyt-‘rb CRV+c*ly

Fi] =

E@ [ezyt +b*CRV+c*ly

_wP | ©

~veCRV—1; JRVy—p1ev/CRV et —puj 1ty Xy i42yi+b*CRV i 4¢* £y ]
| Fi1

EP [e—VCCRVt—l/jJRVt—,uc\/CRVtet—uj St X |]:t_1}
Proceeding as in Appendix [A] we obtain
EQ [ezyter CRVi+c Et’thl} _

o — %111(1 _ %) — k(W (3,8) = W (2,0)) +d (V (5,60) =V (z,0))

22 22
—exp | +(V(4,0) -V (z,0)) (Z BiCRV,_;i + Y ajet_j> ,
i=1 =1

+ we’ (e@_q_’ — 1)
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where Z, ¥ are given in (B.2)) and

(z=pe)? 2 *
. 1 L T e =20y (2 - pe)
:U—Z()\c—2)+b + 1~ ¢ )
- 1 2 (Z_M‘_2AV‘>252 2 | 52
U:—§1H(1+21/j6)+ 2(1]+2VJ(5;) +A(Z—[JJ]—VJA)+Z()\]—7])(A +(5)

A comparison of (C.1) with the equivalent expression under physical measure P yields the

following relations

K (W (2,0) — W (Z,0)) = W (a*, 0)
d(V(2,0) =V (%,0) = d°V (", %)
a; (V(3,0) -V (3,0) = a2V (27, 0°) s

where

2

1 z° *2*_2**
PENTA IV Sl
- (C.3)

vt = + 2N 42 (X —7") ((A")* + (6%)%).

We observe that the parameters A* and 6* account for the mapping of the mean and the stan-
dard deviation of the jump size which is modelled by a normal distribution N(A,§?) under

physical measure and is transformed to N'(A*, (6*)?) under risk-neutral measure.

The first four relations in (C.2]) together with no-arbitrage condition imply the following
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mapping of the non-centered gamma process parameters

ﬁ;zﬁﬁch ﬁ;zﬁﬁw7 B;kn:ﬁﬁma

* 1 * 1 * 1
oy, = —F 50 o, = — 7 o, = —F70

d “pur d w Oy Sw m —gur m

1-0y 1-0y 1-0y (C4>
_ 1 _ *

9*—1_0y*9, 0 =9, Y =74 A,

* 1 *
& =hed, A =0,

where y* = —v, + \?/2.

The last two relations in ((C.2)) are related to the mapping of the jump component. However,
to get the complete characterisation of jumps under the risk-neutral measure we need to derive

the MGF of sum of jumps over two days

EQ eZ(Aj *77*) ((A*)2+(5*)2)(nt+1+ﬂt+2)+z Zﬁifﬂ ZZL Xi*,k |J’.‘t}

— EQ ez(/\;ffn*)((A*)2+(6*)2)m+1+z2;§;1 X7, RQ [ez(x;n*)((A*)2+(5*)2)m+2+zzﬁ+l2 X:+27’“|]'}+1} |ft}

)

— EQ ez(/\;*”*)((A*)2+(5*)2)”t+1+z Z:Ell Xy ptwipa (e —1) |]:t]

where v* is given in ((C.3)). Assuming that the dynamics of w* under Q is given by equation ([2.7)),

]-"t}
niiq

=E® lexp [ 2 (A = 0") (M) + (8)%) npr + (@ + Ewipy + Cnfyy) (€7 = 1) + 2> X0, | 1A
k=1

we can write

RQ | o737 ) (A 4+(5)? ) (npatnesa)+2 T S0, X7

Finally, recalling that nj, , is Poisson and X, ; are i.i.d. normally distributed random vari-
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ables, we obtain

EQ ez()? —n*) ((A*)2+(5*)2)(nt+1+m+2)+z ZEI?H 2221 X

F,
(C.5)

= exp (((D* + f*wfﬂ) (ev* — 1) + wi g (e“* — 1)) ,

where
wr =12 (§*> + 2N 2 (N =) (M) + (7)) + ¢ (e = 1)

We compare (C.5) with

EP

i=t

t+1
H M; i+1ez()‘j_n)(A2+52)ni+l+z Tl K U‘J

e*VcCRVt+2*Mc v/ CRVij2€t42

=E" |
EP |:e_VcCRVt+2_Hc\/CRVt+2€t+2 |JT_'t+1:|
M, t+1ez(’\j =) (A2 462 o1+ 00 Xep
P n 42
x E — IRV 2=y S Kootz —m) (A2462)nisatz Y. Xeyan |t
e k=1
x EP s | Fis
EP |:e—1/jJRVt+2—Mj Dohet Xtt2,k |ft+1:|

ni4+1
=E" | M1 exp (2 (Aj =) (A% +0%) g + 2 Z Xiv1k + Wiy (€7 — e”)) |ft]
k=1

where

(1 + 2005)° 0°
2(1 + 20,0%)

1
V= —5 ln(l + 21/]‘(52) + — A(M] + VjA),

— 1y — 2Av;)° 8
2(1 ‘I— 2Vj52)

v = —% In(1 + 2v;6%) + < + Az — pj — v A) + 2 (N —n) (A +6%) .
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Plugging in the dynamics of the intensity w provided by equation (2.7)), we get

t+1 ]
EP HMi7i+lez(>\j*77)(A2+52)m+1+2Zk;tl Xi+1,k|]:t = exp (eﬁ (@ + Ewpir) (ev—ﬁ - 1) + Wt—&-le@ (eu—ﬁ . 1))
i=t
(C.6)
where

— ,LLj — 2AV]')2 (52
2(1 + 2Vj(52>

1 _ _
u=—3 ln(1—1—21/j52)—|—(z +A(z—pj—v;A)+z (Nj —n) (A* 4+ 0%)+Ce” ("7 — 1).

Comparing (C.5) with (C.6)) yields

*

Ewprre” (6777 — 1) +wipre” (e“77 = 1) = &wiyy (e — 1) +wiyy (e —1).

The above expressions yield the following relation between physical and risk-neutral jump
intensity

* . v
Wpyp = W€,

and the following mapping of the parameters

" 6
52
5* 2 _
( ) (1 —l— 21/]'62),
N ICSET .
2 2 ?
T (A (o) (C.7)
" = e'w,
=4
=€,
. w_ A +2(67)?
With = SR e
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D BPJVM risk-neutralization with a four-dimensional

SDF

D.1 No-arbitrage condition

We detail here the formal derivation of the no-arbitrage condition for the BPJVM model, when
the SDF is employed. In order to ensure absence of arbitrage, the following condition
has to be satisfied

EF [M, 1 e%|F 1] =€

First, we compute the denominator of the SDF ([2.13))

EP | VeRBVi—vRIVi—pey/haiveri—p; 37t X | Fos

9

by separating the continuous contribution given by

2 _1 (ep—2vcov)? 1(1_,2),2_ 2
]E]P’ |:6_Vc0'(€2,t_"f\/hz,t1> _;U‘c\/hz,tflfl,tlﬂ 1:| —e 2105(1+2”CU)+( 2(1+2vco) +2(1 14 )l‘c Ved?y )hz,tfl

from the jump contribution corresponding to

EP [e_l’j Z?:to XtQ,i_“j Z?:to Xt

Fia] =

2
420:0) 52
—%log(1+2yj62)—,uj9—l/j92+7(u] J )2
eXp e 2(1+2uj5 ) _ 1 h
y,t—1
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Collecting all terms, the following result holds

EP | o veRBVi—1RIVi—picy [hai—1e1e—p; Soito Xei

F| -

1 op—2woy)? 1
— —log(1 + 2v.0) + v.o + <(,up Ve ) +§(1—P2) Ng—vc> Byt

2 2(1+2v.0)
exp .
—Llog(14+2v,62)— -0—1/-92+M
+le” st 2(1+2i82) Py 1

The numerator of the no-arbitrage condition can be expressed as

152
EP e—VCRBVt—VjRJVt-‘rT‘—‘r()\C—%)hz’t71+()\j—69+§5 +1)hy7t,1—(/.l,c—1)1/hzytflelyt—(,u,j—l) Z;ZoXi,i

Ft—l )

1 o 6+3s?
+(Ae=3)ham1+(0—e T2 +Dhyi-1 can be

which, neglecting for a moment the constant term e"
computed by simply substituting g — g — 1 and p; — p; — 1 in the expression for the

denominator. After simple algebra, the no-arbitrage condition implies the following equality

2 _
(&_M(l_E&%L)_&ﬂﬁLﬁﬂ>mil

14+ 2v.0 14+ 2v.0
+ <)\] o €9+%52 +14 ev(,u,jfl,ljj) _ e”(#j,”j)) hy,t—l =0

where
(15 +2v,6)° &
2(1+2v;6%)

1
v(p,vj) = —3 log(1 + 2v;6%) — pi0 — v;0* +

This equation is equivalent to the two relations which follow

e (1- 2v.0p® \  veap(p—2y) _0
¢ c 1+ 2v.0 1+ 2v.0

>\] _ 60“"%52 _|_ 1 + e’U(,LL]'—l,l/j) — e’l}(/ljgl/j) g O
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The two relations determine the equity risk premia . and p; as functions of v, and v;. The

latter two premia remain free parameters of the model to be calibrated on market option prices.

D.2 Risk-neutral MGF

For pricing purposes, we need to compute the MGF of the BPJVM
EQ [ezyH.l |]:t] — P [Mt7t+1€2'yt+1 |]:t] —

b efz/CRBVtHfujRJVtHfum/hz,t61,t+1*,uj ijl Xer1,i+2yt+1
EP [e_VcRBVt+1_VjRJVt+1_Hc\/hz,tel,t+1_#]’ S Xy ft]

C(z,—v.) —C(0,—v.) + (D (2, —ptes —ve) — D (0, =i, —Ve)) hos
= exp
+ (F (2, =p, —v5) = F (0, =, =v5)) by

= exp (ct +dih., + fthy,t> ’

where the following quantities have been introduced

1
C(x,y) :m:—ay—§log(1—20y)

((z — y)p — 2072)
2(1 —202)

B 2.2
~ 3 log(1-228%) H{(a—y)0-+202+ LT 1

D(z,y,z2) = (Ac—%)x+z+%(1—p2) (z—y)?+

F(z,y,2) =\ — i35 + 1z +e
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Computing one step backward, we obtain
)
EIP [Mti17t62yt+0t+dthz,t+fthy,t |-Ft71] —
) o VeRBVi—VRIVi—pie/hayperepr—p5 Xito Xoit2ye o

P
pr— ]E p—
EIP’ [ercRBthujRJVtﬁuyt |JT_'t_1]
6Ct+dt(Wz“!‘bzhz,tfl‘f'azRth)"Fft(wy‘i‘byhy,tfl‘i‘azRVJt) |]:t 1

et +w.dy +wy fi +C (2,ady — ve) — C (0, —1r)

= exp + (dtbz + D (Z, _,uca a'zdt - Vc) - D (07 _,Uc, _Vc)) hz,t—l

+ (ftby + f (27 _,LLj7 a/yft - V]) - ‘F (07 _ILL]7 _V])) hlyzt_l

= €xXp <Ct—1 +diqh.p1 + ft—lhy,t—1) :

The last equality allows to define the following backward recursive formulas for the coefficients

of the exponential affine risk-neutral MGF":

Ci1 = C + Wzdt + wyft +C (27 azdt - Vc) -C (O’ _Vc>
dtfl = dtbz +D (Z, — e, azdt - Vc) -D (07 —Hec; _VC)

ftfl = ftby +‘F<z> _,Ujaayft - V]’) _‘F<O? _MP_VJ')'
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S&P500 Index Futures Returns

Realized Volatility

%
>

Return %
Volatility %
» o @ ~
S S 3 =)

w
S

20

71890 1993 1995 1998 2001 2004 2006 2009 2012 1990 1993 1995 1998 2001

2004 2006 2009 2012
Year

Year

Continuous Realized Volatility

Jump Realized Volatility
70 70
60 60
50 50
=® 40 R 40
= =
S 30 S 30
20 20
10
0 0
1990 1993 1995 1998 2001 2004 2006 2009 2012 1990 1993 1995 1998 2001 2004 2006 2009 2012

Year

Year

Figure 1: Daily returns and realized volatility time series for SP&500 Index Futures. Realized
Volatility is computed using the Two-Scale method by [Zhang et al. (2005). The continuous
and the jump components are constructed following the procedure in Section [3| The sample
starts on 3 July, 1990 and ends on 28 June, 2011.
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Figure 2: Auto-correlations of daily returns and Realized Volatilities computed from two pe-
riods. The first sample (left column) starts on 3 July, 1990 and ends on 28 June, 2007. The
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second sample (right column) starts on July 2 2007 and ends on June 28 2011.
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Figure 3: First row: Comparison among the auto-correlations of the Realized Volatility continu-
ous components C'RV; and RBYV; (see |Christoffersen et al.| (2015])), and of the latent conditional
volatility process h,;. Second row: Comparison among the auto-correlations of the Realized
Volatility jump components JRV; and RJV; (see Christoffersen et al, (2015)), and of the latent
intensity processes w; and h, ;.
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Figure 4: (Clockwise) Empirical autocorrelation of ¢, €2, €2, and € for the LHARG-ARJ model
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Figure 5: Realized variance and predicted variance from LHARG model (left panel) and
LHARG-ARJ model (right panel). The sample starts on July 3, 1990 and ends on June 28,
2011.
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Table 1:

LHARG-ARJ

Parameter Data period 1990-2007 Data period 2007-2011
Ae 1.3 (1.9) 2 (2)
A 0.5 (1.6) 3 (10)
0 8.7e-06 (5e-07) 2.6e-05 (2e-06)
K 1.43 1.18
Ba 4.2e+04 (4e+03) 1.9e+04 (3e+03)
Bu 3.4e+04 (4e+03) 1.2e+04 (3e+03)
Brm 1.7e+04 (3e+03) 9e+02 (1.5e+03)
ayq 1.3e-01 (3e-02) 5.7¢-02 (1.5e-02)
. 1.1e-01 (2¢-02) 6.7¢-01 (1.86-02)
Qm 1.1e-01 (4e-02) 5e-03 (4e-02)
v 3.5e+02 (6e+01) 4.2e+02 (9e+01)
w 2.9e-03 5.0e-04
£ 9.7e-01 (1.0e-02) 9.80e-01 (1.9e-02)
¢ 2.4e-02 (7e-03) 2.0e-02 (1.5-02)
A -4.4e-04 (1.6e-04) -1.5e-04 (4de-04)
6 5.0e-03 (2e-04) 5.9e-03 (3e-04)
Risk premia
v, -8.11e+03 -1.29e+-03
vj -8.28e+03 -2.39e+03
Log-likelihood
Ly 13908 2731
OB -22884 -6156
LY 5735 1637
Persistence CRV; 0.812 0.831
Persistence wy 0.994 0.999

Maximum likelihood estimates (standard errors in parenthesis) for LHARG-ARJ on
S&P500 Index for the two periods July 1990 — June 2007 and July 2007 — June 2011.



LHARG LHARG-ARJ
Majewski et al.| (2015)

Observable conditional variance
Heterogeneous variance structure
Heterogeneous leverage structure
Jumps

Latent jump intensity with AR(1) dynamics

BPJVM
Christoffersen et al.| (2015))

Table 2: Review of the main features of the LHARG-ARJ, LHARG, and BPJVM models.

LHARG

Parameter

Data period 1990-2007 Data period 2007-2011

Ac
0

K
Ba
B
Bm
(%]
Qo
Om
v

Ve

LY
LCRV

Persistence CRV,;

3.8 (2.5) -1.6 (3.3)

8.5¢-06 (4e-07) 2.6e-05 (2e-06)
1.37 1.16

4.3e+04 (4e+03) 1.9¢+04 (3¢+03)

3.6e+04 (4e+03) 1.2¢+04 (3e+03)
1.7e+04 (3e+03) 1.0e+03 (1.7¢+03
1.6e-01 (3e-02) 4e-02 (1e-02)
1.0e-01 (2-02) 5.3¢-02 (1.9¢-02)
8e-03 (1.3¢-02) 5e-03 (1.3¢-02)
3.0e-+02 (5e+01) 4.7e+02 (1.1e+02)

Risk premium
-9.27e4+-03 -1.58e+4-03

Log-likelihood

13401 2634
-22866 -6160
0.824 0.834

Table 3:  Maximum likelihood estimates (standard errors in parenthesis) for LHARG on
S&P500 Index for the two periods July 1990 — June 2007 and July 2007 — June 2011.
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BPJVM

Parameter Data period 1990-2007 Data period 2007-2011
A, 1(4) -6 (5)
Ay 4e-05 (8e-05) 2.7e-04 (1.9e-04)
y 1.44e+04 (1.7e+02) 1.45e+04 (3e+02)
W, 2.48e-08 1.79e-09
Wy 4.23e-02 8.53e-02
o 1.86e-07 (2e-09) 2.43e-07 (5e-09)
0 le-05 (5e-05) 1.6e-04 (1.2e-04)
) 1.278e-03 (1.5e-05) 2.01e-03 (6e-05)
p 3.3e-01 (2e-02) 3e-01 (4e-02)
b, 6.50e-01 (3e-02) 6.1e-01 (5e-02)
by 9.51e-01 (1.2e-02) 9.09e-01 (1 Te-02)
a 3.5e-01 (3e-02) 3.9e-01 (4e-02)
ay 2.2e+04 (5e+03) 2.2e+04 (5e+03)
Risk premia

x -5.16 1, =779 x  -2.01 v, -249

v 2589 wv; -6.25e+04 w3 1.70 v; -2.02e403
Quasi-log-likelihood 96343 21181
Persistence h, 0.999 0.999
Persistence h,, 0.986 0.998

Table 4: Quasi maximum likelihood estimates (standard errors in parenthesis) for BPJVM on
S&P500 Index for the two periods July 1990 — June 2007 and July 2007 — June 2011.

RMSEry
1996-2007 2007-2011
Model \ Moneyness 09<m<1.1 0.8<m<1.2 0.9<m<11 0.8<m<1.2
LHARG 5.61 7.00 6.24 7.84
LHARG-ARJ/LHARG 0.91 0.92 0.98 0.98
BPJVM 6.7715.61 7.96 | 6.90 7.34|6.92 9.17 | 8.87
LHARG-ARJ/BPJVM 0.76 | 0.91 0.81(0.94 0.8410.89 0.84|0.87

Table 5: Comparison of global option pricing performance on S&P500 Index options for models
LHARG-ARJ, LHARG and BPJVM during two periods: from 1996 to 2007 and from 2007 to
2011. Rows referring to the BPJVM model: (left column) pricing kernel as in |Christoffersen
et al.| (2015); (right column) pricing kernel as in equation ([2.13)).
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Maturity

Moneyness T <50 50 <7 <90 90 < 7 <160 160 < 7

Panel A LHARG Implied Volatility RMSE

Panel B LHARG-ARJ/LHARG Implied Volatility RMSE

Table 6: Detailed comparison of option pricing performance on S&P500 Index options for
models LHARG and LHARG-ARJ before the financial crisis from July 1996 to June 2007.
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Maturity

Moneyness T <50 50 < 7 <90 90 < 7 <160 160 < 7

Panel A LHARG Implied Volatility RMSE

Panel B LHARG-ARJ/LHARG Implied Volatility RMSE

Table 7:  Detailed comparison of option pricing performance on S&P500 Index options for
models LHARG and LHARG-ARJ during and after the financial crisis from July 2007 to June
2011.
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Maturity

Moneyness T <50 50 <7 <90 90 < 7 <160 160 < 7
Panel A BPJVM Implied Volatility RMSE
08<m<09 12.99 5.51 4.71 11.61
0.9 <m<0.98 6.33 4.01 4.83 11.18
0.98 <m <1.02 3.58 3.95 5.25 11.61
1.02<m<1.1 5.69 4.94 6.78 14.21
ll<m<12 18.49 8.05 10.41 21.19
Panel B LHARG-ARJ/BPJVM Implied Volatility RMSE

Panel C BPJVM RMSE Implied Volatility RMSE

Panel D LHARG-ARJ/BPJVM Implied Volatility RMSE

Table 8: Detailed comparison of option pricing performance on S&P500 Index options for
models BPJVM and LHARG-ARJ before the financial crisis from July 1996 to June 2007.
Panels A and B: pricing kernel as in [Christoffersen et al.| (2015); Panels C and D: pricing kernel
as in equation ([2.13]).




Maturity

Moneyness T <50 50 <7 <90 90 < 7 <160 160 < 7
Panel A BPJVM Implied Volatility RMSE
0.8<m<0.9 14.41 8.15 7.58 9.06
0.9 <m <0.98 8.06 7.05 7.53 9.20
0.98 <m <1.02 5.40 6.36 7.20 9.37
1.02<m<1.1 5.33 6.64 7.89 12.46
ll<m<12 9.50 9.40 10.85 14.27
Panel B LHARG-ARJ/BPJVM Implied Volatility RMSE

Panel C BPJVM Implied Volatility RMSE

Panel D LHARG-ARJ/BPJVM Implied Volatility RMSE

Table 9:  Detailed comparison of option pricing performance on S&P500 Index options for
models BPJVM and LHARG-ARJ during and after the financial crisis from July 2007 to June
2011. Panels A and B: pricing kernel as in |Christoffersen et al.| (2015)); Panels C and D: pricing
kernel as in equation ([2.13)).
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