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Abstract

One common observation from financial data is a negative relationship between returns
and volatility known as a leverage effect. This paper develops an affine discrete-time option
pricing model accommodating the leverage effect. We use the general framework of discrete-
time affine models by Darolles et al. (2006) for modeling a bivariate process of returns and
stochastic volatility (SV). This allows us to share the same advantage of analytical tractability
as affine continuous-time models, that is closed-form option pricing formulas, while discrete-
time modeling provides a better empirical fit of higher order moments of asset returns. We
exploit information in high-frequency data as summarized by realized variance (RV) which
produces dynamics of RV as a SV-type extension of traditional high-frequency-based volatility
(HEAVY) models by Shephard and Sheppard (2010) that are of the GARCH type. Such a SV-
type extension allows the model to be robust under temporal aggregation as well as to provide
option pricing formulas that are homogeneous of degree one with respect to the underlying
stock and strike prices. Moreover, the leverage effect is characterized through a time invariant
correlation coefficient between returns and SV that is similar to popular modeling in continuous-
time models. This enables us to see how the leverage effect affects volatility smile. We use
GMM with a large number of moment conditions for estimation and we can provide analytical
identification conditions thanks to the affine structure. An empirical illustration is provided

with the returns and options data of the S&P500 index.
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1 Introduction

Since Duffie, Pan, and Singleton (2000), Affine Jump-Diffusion (AJD) models have been popular
for derivative pricing. AJD models are continuous-time models and nest in particular the Cox,
Ingersoll, and Ross (1985) model for interest rates and the affine stochastic volatility (SV) model
for currency and equity returns proposed by Heston (1993) for the case of option pricing. The main
advantage of AJD models is their analytical tractability. Duffie et al. (2000) show the existence of
semi-closed form expressions for derivative prices through the use of Fourier transform.

While AJD models have their advantages, discrete-time models have attracted attention in deriva-
tive pricing as well. Skewness and excess kurtosis of asset returns are commonly observed in financial
time series. However, up to jumps, the AJD models’ ability to reproduce higher order moments is
limited by the maintained assumption of conditional normality. This is the reason why discrete-time
models provide an additional degree of freedom that leads to a better empirical fit of such higher
order moments. The fact that only discrete observations are often available for empirical study has
also promoted the development of discrete-time modeling. One such class of discrete-time models
is GARCH option pricing models that give closed-form pricing formulas (Duan (1995), Heston and
Nandi (2000), Christoffersen et al. (2010, 2012)). Another strand of literature that is of interest to
this paper concerns a class of discrete-time affine SV models (Darolles et al. (2006)).

This paper develops an affine discrete-time SV option pricing model incorporating the leverage
effect, a negative relationship between returns and volatility. We use the general framework of
compound autoregressive processes (CAR) of Darolles et al. (2006) for modeling a bivariate process
of returns and volatility. With an exponentially affine stochastic discount factor, the CAR framework
has the structure-preserving property, meaning that the historical and risk neutral measures share
the same dynamics with possibly different parameters. This provides a convenient framework for
option pricing since the affine property is maintained under the risk-neutral dynamics which enables
us to compute option prices in closed-form.

The stochastic volatility factor is unobservable. We exploit the information in high-frequency
data as summarized by “realized variance”, which is constructed from intraday price movements,
for identification of the latent volatility factor. The model developed in this paper provides dynam-
ics of realized variance that are closely related to linear high-frequency-based volatility (HEAVY)
models by Shephard and Sheppard (2010)!. For this reason, we dub this model a “HEAVY-SV”
model.

The HEAVY-SV model enhances traditional HEAVY models that are of the GARCH type. The
HEAVY models that Shephard and Sheppard (2010) focus on have AR(1) dynamics of the conditional
mean of realized variance that is of the GARCH(1,1) type. We use a general AR(1) model for the

IHEAVY models are predictive models of daily asset returns volatility based on realized measures constructed
from high-frequency data. Realized variance is one particular example of realized measures.



conditional mean which encompasses the HEAVY models. More specifically, we add another source
of randomness to the HEAVY models by considering SV. In the same way that Meddahi and Renault
(2004) have pointed out that affine SV models are an extension of GARCH models, the HEAVY-
SV model can be seen as a SV-type extension of the HEAVY models. Due to this extension, the
HEAVY-SV model is robust under temporal aggregation?, which underpins the continuous-time
limit of this model.

In addition, with the assumption of no Granger causality from returns to volatility, we get option
pricing formulas that are homogeneous of degree one (as in the Black and Scholes case) with respect
to the underlying stock and strike prices. This homogeneity property is desirable because it ensures
that option prices are convex with respect to underlying asset prices, which is consistent with actual
data (Garcia an Renault, 1998). This homogeneity property also allows the volatility smile to be
a function of moneyness ® only. GARCH option pricing models lack such a homogeneity property
(Garcia and Renault, 1998).

A well-documented feature of financial time series is the leverage effect: there tends to be a
negative relationship between returns and volatility. Typically, rising asset prices are accompanied
by declining volatility, and vice versa. In continuous-time models, the leverage effect is characterized
through an instantaneous correlation coefficient (e.g. Heston, 1993). We introduce the leverage
effect as a time-invariant correlation coefficient between the contemporary returns and volatility
as in continuous-time models. This allows us to see how the shape of volatility smile is affected
by the leverage effect (see Khrapov and Renault, 2016%, for detail). However, as discussed by
Bollerslev et al. (2006), it is hard to distinguish the leverage effect from volatility feedback effect in
discrete-time. The fundamental difference between those two effects lies in the direction of causality®
between volatility and returns but the discrete-time approach complicates the separate identification
of those causalities (see Renault et al., 1998). While Bollerslev et al. (2006) enhance the usefulness
of high-frequency data to separate a leverage effect and a volatility feedback effect, we impose a
parameterization leaving room for both effects simultaneously.

This paper also addresses a practical identification issue that can arise with the application of
the HEAVY-SV model. CAR models characterize the dynamics of returns and volatility through
conditional Laplace transforms. This provides us with a continuum set of closed-form conditional
moment restrictions that identify parameters. One commonly used estimation method is to choose
instruments that are functions of conditioning variables and construct unconditional moments from

conditional moments with them. However, as discussed in Dominguez and Lobato (2004) and Hsu

2In general, we say that a model is closed under temporal aggregation if the model keeps the same structure for
any data frequency.

3Moneyness is defined as the percentage x+ = log(S;/K) where Sy and K denote the underlying asset price at time
t and the strike price of an option.

4They show explicitly how volatility smile is distorted with the leverage effect.

5The direction of causality for volatility feedback effect is from volatility to returns (Bollerslev et al., 2006): An
anticipated increase in volatility would lead to a decline in stock prices for higher future returns.



and Kuan (2011), the global identification assumption may fail in nonlinear models when instruments
are chosen in an arbitrary way to induce unconditional moments even if it holds for conditional
moments. We demonstrate this point with an example of an affine volatility model and choose an
instrument that guarantees identification by following Carrasco et al. (2007) and Hsu and Kuan
(2011).

Carrasco and Florens (2000, 2014) and Carrasco et al. (2007) promote GMM with a continuum
of moments (C-GMM) in order to exploit the full information by showing that C-GMM can attain
MLE efficiency asymptotically. In this paper, we use GMM with a discrete albeit infinite subset
of moment conditions (D-GMM). This has less computational burden than C-GMM. Also there is
no efficiency loss when a large number of moments is exploited. D-GMM and C-GMM achieve the
same asymptotic efficiency when moment conditions are based on characteristic functions.

Another practical issue is that the latent volatility factor is unobservable but we instead observe
a series of realized variance. By inverting the ARMA model of realized variance, we approximate
the latent AR volatility with a finite series of realized variances. This allows us to treat a realized
variance process with an ARMA representation as an approximated AR process (of higher order
than the latent volatility factor), which is convenient for inference although it makes the model
locally misspecified.

We incorporate the information contained in options data for estimation. They play a role in
both identifying the risk prices and choosing the regularization parameter® for the construction of
the weighting matrix in GMM.

The rest of the paper is organized as follows. Section 2 sets up a HEAVY-SV model while complet-
ing HEAVY models for the purpose of option pricing. Section 3 provides the risk neutral dynamics
of returns and volatility and an option pricing formula. Section 4 discusses GMM estimation with a
large number of moment conditions. Section 5 provides the empirical analysis with the observations
of realized variance and delivers the option pricing performance of the model developed in this paper.

Section 6 concludes. All figures and proofs are relegated to the appendix.

2 Completing a HEAVY model for the purpose of option
pricing
2.1 HEAVY-SV model

Following Shephard and Sheppard (2010), our analysis will be based on daily financial returns

T1,72y ., TT

6Due to the singularity of the sample covariance matrix of moment conditions, we adopt the regularization method
proposed by Carrasco and Florens (2000). See section 4.2 for more detail.



and the corresponding sequence of daily realized variances
RV1,RV;, ..., RVp.

For sake of notational convenience, the daily returns will be seen as daily continuously com-
pounded rates of returns on some index S; in excess of the risk free rate r;; in the period [¢,¢ +
1] :

rey1 = log (Se11/S:) — rye.

Note that RV;41 is typically computed from intraday data on the index S, 7 € [¢,t + 1] by sum-
ming squared increments of log(.S). The focus of interest of Shephard and Sheppard (2010) was to
propose a predictive model of volatility “out of the intellectual insights of the ARCH literature” but
offering to “bolster them with high-frequency information”. For this purpose, their HEAVY model
(see their equations (3)/(4)) was a bivariate GARCH-type model, specifying two dynamic linear
equations about the conditional expectation of realized variance and the conditional variance of re-
turns given high frequency information F}; available at time ¢. They actually interpret the conditional
variance hy = Var[ri41 |Fy] as a “close-to-close” conditional variance while the conditional expecta-
tion of RViy1, put = E[RViy1 |F:] can be interpreted as an “open-to-close” conditional variance of

returns.

2.1.1 Model specification for p; = E[RV; 1 |F})

Shephard and Sheppard (2010) write down a GARCH(1,1) type equation:

Wt = wr + arRV; + Bru—1. (2.1)

By considering conditional expectation given F;_; on both sides of the equation, we immediately

deduce some AR(1) dynamics for pu = E[RViq1 |F:

pt = wr + (ar + Br)pe—1 +ne, Elne | Fr 1] = 0. (2.2)

However, it is important to note that model (2.1) implies a quite constrained AR(1) in (2.2)
since the innovation process 7 of u; is a linear function of observed RV;. To put it differently, (2.1)
implies that u; is a deterministic function of current and past realized variances RV,.,7 < t . In
the same way that Meddahi and Renault (2004) have pointed out that, within the general class
of Stochastic Volatility models with AR(1) dynamics for the conditional variance, GARCH(1,1) is
a tightly constrained subclass (because it allows only for one dimension of uncertainty), we can
similarly put forward a general AR(1) model for u; = E[RV;41 |F;]. This means that it encompasses

the particular model (2.1) but allows more generally for two sources of uncertainty, one in the



innovation n; of the AR(1) process p, and another in the difference between future realized variance
and its current expectation . In other words, the innovation process 7; of u; is not necessarily a

function of observed RV;. We end up with the following specification:

RVigywn = p+vig, Elvg |[F] =0

Mt = WR+YRHt—1 + N, Ene | Fr—1] = 0.
It is well known that this specification implies ARM A(1,1) dynamics for RV, :

RVij1 — i1 = wr+vr RV —w) +n
= RViy1 —YrRV: = WRr — YRVt + 0t + Vit

E[—vyrvy +m + Vg1 |Fioa] = 0.

2.1.2 Model specification for h; = Var|riyq |Fi]

As extensively discussed in Andersen, Bollerslev, Diebold and Labys (2003) (see their corollary
1 on page 586), if one thinks that the price process is a continuous time arbitrage-free squared
integrable process, random feedback effects from the intraday evolution of the system to the instan-
taneous mean can be neglected. Thus, realized variance should be an unbiased estimator of the

returns variance conditional on past information:

Var[re |[Fy] = E[RVig [Fy]. (2.3)

However, due to several kinds of friction including overnight effects, some authors (see e.g. Brown-
lees and Gallo, 2010) have proposed more generally to link the conditional variance of returns to an

affine transform of the predicted realized variance:

It is worth knowing that, when Brownlees and Gallo (2010) test for significance of deviations from
the null hypothesis £ = 0 and/or » = 1,they do not find compelling evidence against the simple
model (2.3). For the purpose of empirical work, we will basically discuss normalizing assumptions
allowing us to use the simplified version (2.3) of (2.4). Shephard and Sheppard (2010) use the more
complicated model:

h,t =w + O[R‘/; -+ ﬁhtfl.

However, they acknowledge that “although these models are distinct, they have quite a lot of



common thinking in their structure”. Basically, the role of their “momentum parameter 5”7 will be
to compensate for the fact that they use the raw measure RV; instead of its smoothed version ;.
Note that we arguably need even less to introduce the raw measure RV, in the equation for h; that
we have allowed for richer dynamics than Shephard and Sheppard (2010) for the smoothed realized
variance p. For us, it is of the SV type, that is endowed with an autonomous source of uncertainty.
We will show later in section 2.3.2 how p; is defined in terms of SV factors. Note that by (2.4), the

conditional variance h; will be AR(1) like p, with the same persistence coefficient vp .

2.2 Affine specification for SV factor

For the purpose of option pricing, we will need a parametric model for the SV latent factor. This
factor, denoted by o2, will be an AR(1) process linked to the AR(1) processes y; = h; defined above
by a deterministic affine function. It is only for sake of direct interpretation of the parameters that
it is more convenient to specify a driving factor o? common to both variance processes p; and hy
rather than the equivalent way of viewing one of these two processes as the driving factor. We use
the general framework of compound autoregressive processes (CAR) put forward by Darolles et al.
(2006) to describe the dynamics of o2. This framework is particularly well suited for option pricing
since it characterizes the probability distribution through a conditional Laplace transform that is
exponentially affine with respect to past state variables, and as such, provides a discrete time analog

of the affine processes considered by Duffie et al. (2000). Hence we assume that:

Elexp (—uo?,,) |o7] = exp (—a(u)of — b(uw))

for some deterministic functions a(.) and b(.) defined for all complex numbers u € C. Then, the

conditional expectation and variance can be computed as:

Elofyy|of] = d'(0)of +b(0)

Varlo?,, |of] = —d"(0)o7 —b"(0).

Therefore, the computation of these two conditional moments involves the value of four parameters



expected to fulfill the following inequality restrictions

0 < p=d(0)<1 (2.5)
e

-

s it

leading to the following affine model

Blo?|0?] = pot+ic

Varlo?,y |of] = 2pco} +wc®.

Khrapov and Renault (2016) have shown that the continuous time limit of this model is the affine

do} = k(6% — of)dt + /v +nodWy,

where the four continuous time parameters (k,52,v,7) are known one-to-one functions of the four

model:

discrete time parameters (p, d,w, ¢). In particular, one gets the square root process of Feller (1951) by
imposing v = 0 , which is tantamount to 6 = w. The discrete time parametric model corresponding to
the square root process is actually the so-called AutoRegressive-Gamma process (ARG(1)) proposed
by Gourieroux and Jasiak (2006). In addition to the constraint 6 = w, it is characterized by the

following parametric specification consistent with (2.5):

a(u) = , b(u) = dlog (1 4+ cu).

2.3 A bivariate CAR model for returns and SV factor

2.3.1 General framework

In order to define the joint probability distribution of the stochastic process (ry,0?),t = 1,..., T, we
specify the conditional distribution of (1441, 07,) given Iy = {(r,02),7 < t} through the following

conditional Laplace transform:

Elexp (—uoj, ) |I] = exp(—a(u)o} —b(u)),Vu e C

Elexp (—vre41) ‘Itvat2+1] = €Xp <_a(v)at2+1 - 5(”)03 - ’Y(U)) ,Vv e C.



These formulas define a bivariate CAR(1), constrained by the two following maintained hypothe-

ses:
(A1) The returns process r; does not Granger cause the SV factor process.

(A2) Given the path of of the SV factor process o7, the consecutive returns are serially indepen-
dent.

It is shown in Renault (1997) that the conjunction of conditions (A1) and (A2) is necessary and
sufficient for the natural homogeneity (of degree one) property of the option pricing formula with
respect to the pair (S, K) of underlying stock price and strike price. This homogeneity property,
shared with Black and Scholes pricing, ensures that Black-Scholes implied volatilities depend only
on the moneyness. This is in line with a common tradition of representing the volatility smile.

We will actually assume that the above conditional Laplace transforms are not modified when
the information set I; is augmented by the past of all relevant high frequency information leading

to the information set F; defined in subsection 2.1. Then,

Elexp (—uoj, ) |Fy] = exp(—a(u)o} —b(u)),VueC (2.6)

Elexp (—vret1) |[FY] = exp (—oz(v)ofH - B(U)af - 'y(v)) ,Vo € C,
where

Fy =Fu{of,}

In particular,

Elren |[F7] = o/(0)ofy, + B'(0)af ++(0) (2.7)
Varlre [F7] = —a”(0)of, = B7(0)a7 —"(0).

Note that, following the terminology of Darolles et al. (2006), the two equations (2.6) define a
constrained bivariate CAR(1) model

Elexp (—uo},, — vrep1) |F] = exp {~l(u,v)o] — g(u,v)},
with the constraints

l(u,v) = afu+a(v)]+ B(v)

g(u,0) = blu+ a(v)] +7(v).



2.3.2 HEAVY-CAR model

From (2.7), we see that the conditional variance of returns Var|riy; | F] involves four parameters

in addition to the SV factor parameters defined in (2.5):

a'(0) =14 <0
—a"(0) =1-¢*>0 (2.8)
_ 80 f-- ~ "0 )
p(l—¢?)’ be(1—¢%)

The constraints that ¢ and ¢ must fulfill will be discussed shortly. We obtain the conditional

variance as an affine function of the SV factor o7:

Var[rig, |Fy] = 1/12Var[at2+1 |0,52] +(1- (;52) {E[of_H |O’t] epat f§c}
)? {2pcat2 + wcz} + (1 —¢%) {pcrt2 + 8¢ — epa? — féc}
= [2e0° + (1= e)(1 = ¢*)] po + clp?we+ (1 = f)(1 — ¢°)9]

The HEAVY relationship in (2.4) will then be fulfilled if and only E[RV;11 |Fy] is also an affine
function of the SV factor 2, which in turns amounts to assuming that the realized variance is a

linear transformation of the SV factor as follows

RVyy1 = Ao}, — Bo} — D, (2.9)
leading to
E[RVi1 |F)] = Alpo}+6c]— Bo} —D
= [Ap— Blo? +[Adc — D]
and

Var[RViy |Fy] = 2A%pco? + A%wc?

Note that the affine transformation in (2.9) implies that RV;41 is an ARM A(1, 1) process, which
is consistent with the general HEAVY model discussed above, while the SV factor o7 is AR(1). Since
the SV factor is latent, it takes some identification restrictions to identify all parameters. Imposing

the natural condition (2.3) provides two equations about the three parameters A, B, D :

Ap—B p[2¢0% + (1 —e)(1 - ¢%)]

Asc—D = c[Pwet (1 - f)(1—¢?)d].

10



However, since the SV factor is clearly identified only up to a scale factor, we can impose the

normalization condition A = 1 and then conclude:

RViy1 =0}y — Bo} — D
B=—pl2et* +(1-e)(1- %) 1] (210)
D= —c[Pwc+ (1— f)(1—¢*)5—6].
2.4 Leverage effect

The normalization condition allows us to characterize the leverage effect through the correlation

coefficient
Lt = COTT[T’t+1, Ut2+1 ‘Ft] = COTT[T‘t+1, R‘/7§+1 |Ft} .
However,
Covlrepr, oty |[F] = CovlElro [FY], 074 |F]
= Cov[po ,, 00, |F] = ¢YVar[RVii |Fy
so that

L= [Var[RVt+1 Ft]]1/2 _ [vm[th+1 |F,g]r/2
Varlreer |Fi E[RViy1 |Fi

It is common to assume that the leverage effect is a time-invariant correlation coefficient. In

our setting, this amounts to assuming that the ratio of Var[RV;1; |F;] and E[RV;41 |Fy] is time-

invariant. Our empirical study confirms that this assumption is sensible (see figure 1). We thus

choose to maintain it, that is to assume that

Var[RVig1 |F]  2pc  wc?
E[RV, (1 |F,]  p—-B édc—D’

that is
Var[RV; 1 |Fy] 2¢ we

B[RV 1 |F] 2002+ (1—e)1—¢%)  dRwc+ (1— f)(1—¢?)d

In other words, we have shown the following proposition.

Proposition 1

The leverage effect L; is a time-invariant constant L if and only if

1_f:%(1_e)a

11



in which case,

2 1/2

2c? + (1 —e)(1 - ¢?)

L=y

3 Risk neutral HEAVY-CAR model and option pricing

3.1 Structure-preserving change of measure

Following Khrapov and Renault (2016) (see also Bertholon, Monfort and Pegoraro, 2008), we
will define a risk-neutral probability distribution of a bivariate process of returns and volatility that

belongs to the same family of constrained bivariate CAR(1) :

exp {—1*(u,v)07 — g*(u,v)}

E*lexp (—uaf_H - W‘H_l) | F]

= exp(rye) B[Me e (s) exp (—uofyy — vrern) [F
where E* [-] denotes an expectation under a risk-neutral distribution, with

Fu,0) = afuta”(v)] +57(v)

9°(u,v) = bluta(v)] +77(v)

for some functions a*(.), b*(.), a*(.), 8*(.), v*(.) to be characterized below. Here, M; ;1+1(s) is an

exponential affine pricing kernel:
My 141(s) = exp(—ry) exp {mo(s) + m1(s)o7 — 107y ; —arey1},

where

(i) <1 and ¢y are the two preference parameters corresponding to the two sources of risk. The
parameter ¢; is expected to be non-positive and characterizes the price of volatility risk while ¢ is
expected to be non-negative and characterizes the price of equity risk.

(ii) The functions mg(s) and m;(s), with ¢ = (¢1,¢2), are defined in order to match the following

no-arbitrage condition

E [exp {mo(s) + mi(s)o} — c1opyy — sareq1 ) [Fr] =1

12



which, by the law of iterated expectations, implies

mo(s) = v(s2) + blalse) + 1] = g(s1,%2) 3.1)

mi (<) = B(s2) + ala(s) + <] = (s, 62).

The risk neutral dynamics defined by functions a*(-), b*(-), a*(+), 8*(-), and v*(+) are fully known
when the historical dynamics and the risk price parameters ¢; and ¢» are known. Following Khrapov

and Renault (2016), it is easy to check the following:

and

a*(u) = alu+s + als)] —als + a(s)]
b (u) =blu -+ + als)] —bls + a(s)].

3.2 Identification of prices of risk

The following no-arbitrage condition contains the identifying information brought by observing

underlying asset returns data:
E[My41(c) exp (re41) [F] = 1.
This can be rewritten as
E [exp {—glafﬂ — (22— V)reg1} |[Fy] = exp (ryy) exp {—mo(s) — ml(g)af}

with mg(s) and mq () defined in (3.1). This leads us to the following two equations about ¢; and ¢

by the law of iterative expectations”:

Blsa — 1) +ala(sa — 1) + 1] = B(s2) + ala(s2) + <1
V(2 — 1)+ blafse — 1) + 1] = y(s2) + ba(s2) + 1] -

TWe treat exp (frfyt) = 1 since 7 ; is the daily risk-free rate at time ¢.

13



One sufficient (not necessary) condition for the above equation (3.2) to hold is

als2) = als — 1), Blsz) = Bl — 1), Y(s2) = v(s2 — 1) (3.3)

Note that this identification scheme leaves the volatility risk price ¢; completely unidentified from
the observations of stock price. However, this scheme does not accommodate a non-zero leverage
effect. In order to see this point, consider «(-), 8(-), and ~(-) that are well-approximated by their
second order Taylor expansions in a neighborhood of zero®. Then

a(sz) — alee = 1) = &/ (0) + (0) <<2 - ;>

—v--¢) (a-3)

and thus,

ale)=ale-1) = v=(-0)(a-3). (3.4)

We will now argue that this assumption on @ is unacceptable when there is a non-zero leverage
effect. To see that, we note that 1) measures the correlation between an update of the returns

forecast and a shock in volatility, which follows directly from the below equation:
Elren|F7] = Elrep|F] = ¢ {0ty — E [o7n|F] }-

As discussed in Bollerslev et al. (2006), this correlation consists of two different economic phenomena

that are impossible to disentangle in discrete time:

i) The volatility feedback effect,
ii) The leverage effect.

The importance of the former effect is directly drawn by the size of the equity risk price s,
while the latter should be proportional to a leverage effect parameter. It turns out that ¢, which
by equations (2.7) and (2.8) characterizes the share of variance of returns that is explained by
current volatility?, should be interpreted as a genuine leverage effect parameter. Recall that from

Proposition 1 we get
1/2

2c
2?2+ (1 —e)(1 — ¢?)
8a(-), B(:) and ~(-) are quadratic if 7441 given F¢ is normally distributed.
9Recall that

L=y

Var [r1|F7] = (1= ¢*)oiy — B"(0)a7 — " (0).

14



Those two quantities (¢ and L) are equal when

w¢<1e)1/2. (3.5)

2c

We want to maintain this interpretation of ¢ as a leverage effect while understanding that ¢ measures
both a leverage effect and a volatility feedback effect. This leads us to consider the aggregation

formula also used in Khrapov and Renault (2016):

w=¢<12_ce)1/2+(1—¢>2) (Cz—;) (3.6)

so that ¢ is rather an approximation of (3.5) with a small component attributable to the volatility

feedback effect that takes the risk premium effect and Jensen effect into account. This parameteri-
zation of 1 will be maintained throughout this paper.

Thus, when ¢ # 0 (non-zero leverage effect), the assumption on ¢ in (3.4) is clearly unacceptable
and the equalities in (3.3) cannot be fulfilled. This motivates a different identification approach:
identifying the volatility risk price ¢; from the observations of stock prices.

See that (3.2) is equivalent to

B2 — 1) = B(s2) = ala(s) + 1] —ala(se — 1) + <]

V(2 = 1) = v(s2) = bla(se) + c1] —bla(e — 1) + <.

From the risk neutral dynamics given in the previous subsection, we can see that this is equivalent

to

B (=1) = —a*(a"(-1))
7 (1) = =b"(a"(-1))
The restrictions (3.7) will be maintained throughout.
However, as noted by some papers (e.g. Bandi and Reno (2015), Khrapov and Renault (2016)),

the identification of volatility risk price from returns data is not strong. We use options data for the

identification of ¢; for the empirical analysis (see section 5.5).

3.3 Risk neutral parameters for ARG (1)-Normal dynamics

The bivariate model of ARG(1) volatility and conditionally Gaussian returns is the leading exam-
ple of this paper. This is an appealing example since the constraint of structure-preserving change

of measure is fulfilled. One thing to note is that this Gaussian assumption does not imply thin tails
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or symmetry for the marginal and the conditional distribution given F} of returns.
The risk neutral parameters of this ARG(1)-Normal model are given below in Proposition 2. As
we can see later, this allows us to fully specify the functions /() and 7(-) that characterize the

returns dynamics.

Proposition 2
Assume that o7, is ARG(1) and ry41|F7 is normally distributed with the mean and variance
specified in Section 2. Then o7, and r¢41|Fy are still ARG(1) and normal under the risk neutral

measure with the following risk neutral parameters:

pr=pX()72 8T =0, F=cX()7!
e =e{X (<)}, [r=rfxX()

and

P =1 — (1 - ¢%)s
=9
(8%)"(0) = B'(0) + ep(1 — %)
(v)"(0) =~(0) + foe(1 — ¢?)s

where X(5) = 1+ c[s1 + a(s)].

Note that, as implied by the Girsanov theorem in continuous time models, the leverage parameter
¢ is not affected by risk neutralization. By contrast, the volatility feedback effect must be subtracted
from 1 to get ¢¥* leaving us with

§ 1—e\'?* 1 )
wzaﬁ(?c) - 50-¢?),

that is a (rescaled) leverage effect and Jensen effect.
We can now specify the functions 3(+) and v(+) using the results in Proposition 2 and the equations

given in (3.7) with 8’(0) and ~4/(0) given as follows:

50 =0 (1)~ et~ %) (-

=y
~—~
=
=
I

b (@' (-1) - focl = ) (- 3).
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where

N2
@)= - 50 =0 (15)

3.4 Option pricing

Given the assumption that returns are conditionally normally distributed, Khrapov and Renault

(2016) propose the following option price formula for a one-period call option:

Cy(xy, ) = exp(—ry ) By [max{0, Siy1 — K}]
= E: I:BS(Stgt,t+17 (1 - ¢2)Ut2+17 K)] )

where x; = log(K/S;) is the log-moneyness of the option at time ¢, S; and K are the asset and the

strike price, and price adjustment & ;1 is defined by
* o 1 * a
log€ti+1 = E*[resa|I7] + Zvar [re+1l17]

and BS(-) is the standard Black-Scholes formula.

Note that a multi-period (T') European call option price at time ¢ is

T-1
Ci(x¢, T) = exp (— Z rf,l) E} [max{0, Siyr — K}]
i=t

T
max {0, exp (Z Tt+¢> — exp (iﬁt)}] )

where x; = log(K/St) — Zz:tl rs4. The closed-form expression of Cy(z,T) is given in proposition

3 below.

= S,E}

Proposition 3
Assume that volatility o7 and returns are bivariate CAR(1) as defined in section 2.3. Also assume
a constant risk-free rate, i.e. 774 = r, Vt. Then the price at time ¢ of a European call option with

T maturity is given by

Ci(x, T) = Si Py (x4, T) — K exp (—rT) Py(x4,T),
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where

1 1 [ exp (—tuxef; iu+1
Pl(xt’T) = 5 + 7/ %{ p( tfz-f7t+T( )) } du
™ Jo I
1 1 [ exp (—iuzy f; i
P2($t7T):§+*/ SR{ P fftthrT( ))} du
™ Jo iU

where f;, 7 (-) is the conditional characteristic function of Z;Trzl T4+ at time ¢ under the risk neutral

measure given in the appendix B, and R(-) denotes the real part of a complex number.

4 Estimation with Generalized Method of Moments (GMM)

The equations in (2.6) defined in Section 2 provide closed-form conditional moment restrictions
that identify 0 = (p,d,c,w,e, f,d,61,62). They imply that the following unconditional moment

restrictions hold:

E [A(0}) [exp (—uo}, ) — exp {—a’(u)of — b%(u)}]] Yu e C

07
E [B(0},1,07) [exp (—ury,,) — exp {—of)(u)af+1 — B (u)o? — 'ye(u)}ﬂ 0, vVueC

where A(0?) and B(c7, ;,07) are some instruments and the functions have a superscript 6 to highlight
that they depend on the unknown parameters 6. Note that even with a small set of instruments A(-)
and B(:,-), the above set of moments may be very rich since it is written for any complex number

u.

4.1 Identification
4.1.1 DPossible identification failure

One of the critical assumptions for GMM estimators to be consistent for true parameters is that
the parameters in the conditional moment restrictions are globally identified by the induced uncon-
ditional moment conditions. However, the global identification assumption may fail in nonlinear
models when the instruments are chosen in an arbitrary way because the unconditional moments
implied with the chosen instruments may convey less information than the original conditional mo-
ments (Dominguez and Lobato (2004), Hsu and Kuan (2011)).

The example of ARG(1) model, the leading example of this paper for the volatility factor o,

illustrates this idea with a constant instrument.
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Example: ARG(1) model
Assume that the random variable X; 1, t = 1,2,---, is ARG(1). Recall that when X is
ARG(1), we have:

Elexp (—uXi41) —exp{—a(u)X; — b(u)} | X¢] =0, Vu e C

with

U
a(u) = T f_ o b(u) = log(1 + cu).

Let p°, 69 and c® denote the true values of the parameter p, 6, and c, respectively. Consider
unconditional moment restrictions implied by the above conditional moment restrictions with a
constant instrument. Theorem 1 shows that there are many parameter values including the true

ones that satisfy such unconditional moments regardless of the choice of u’s.

Theorem 1

Suppose the observations {Xt}z;l follow ARG(1). Consider the below J number of unconditional

moments:
Elexp (—u;jXi41) —exp {—a(u;) Xy — b(u;)}] =0, u; € C

for j=1,2,---,J where J > 3. Then there are infinitely many values of the tuple (p, , ¢) such that

these moments are satisfied.

The proof of theorem 1 is given in the appendix B. Figure 2 in the appendix A visualizes a result
with Monte Carlo histograms of GMM estimators with the given unconditional moments for some
choices of equally spaced u’s in [1i,104]. Figure 3 shows that using an optimal instrument (Hansen,

1985) would not fix the identification problem. The optimal instrument has the closed-form
D(Xy)'QX,)™!

where D(X;) is a J x 3 matrix of the Jacobian of the given conditional moments such that the j-th

row of D(X;) is given as

exp {—a(u;)X; — b(u;)} (3a(uj))af;+b(uj) 3a(“j)§g+b(u]') 3a(ﬂj)?§z+b(uj))

. u’ ug
=exp {—a(uj)Xt - b(uj)} (%cju]Xt log(l + CUj) - (1—5071,»)2 X+ 1‘(:‘01‘.7‘)

and Q(X;)~!is a J x J variance matrix of the given conditional moments such that the (j, s) element
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of Q(X;)~! is given as

E [{exp (—ujXi41) — exp {—a(u;) Xy = b(u) }} {exp (us Xot1) — exp {—alus) Xy — b(us) }} | X¢]
= exp {—a(u; — us) Xy — b(u; — us)} — exp {—[a(u;) + a(—us)] Xy — [b(u;) + b(—us)]} -

4.1.2 Choice of instrument

Dominguez and Lobato (2004) propose to use a complete set of indicator functions as a continuum
of identifying instruments. Hsu and Kuan (2011) note that there are many different ways to get a
continuum of identifying instruments. Let X be a m-dimensional conditioning variable and consider
G(A(X,7)) with 7 € T C C™" and A(X,7) = 70 + Y_/-, X;7; for some function G. When
G belongs to a class of generically comprehensively revealing (GCR) functions, the continuum of
unconditional moments induced by the instruments G(A(X,7)) contains the same information as
the initial conditional moment restrictions (Stinchcombe and White, 1998).

Examples of GCR functions include exponential and logistic functions. With the ARG(1) ex-
ample, we will see how global identification is maintained for such induced unconditional mo-

ments.

Example: ARG(1) model

Since the conditional characteristic function of X;;; at u is in exponentially affine form, the
simplest GCR function we can use is an exponential function: exp (—vX;). Hsu and Kuan (2011)
suggest that we use a continuum of such instruments (a continuum of v) but we consider both cases
with v = v and u # v.

Theorem 2 below shows that (p°, 6%, c?) are identified when u # v but not identified when u = v.
Also, it implies that for identification purposes, only a finite number of instruments (with a finite

number of v values) is sufficient rather than a whole continuum of them.

Theorem 2

Suppose the observations {Xt}thl follow ARG(1). Consider the below J number of unconditional

moments:
Elexp (—u; X¢) {exp (—u; Xiv1) — exp{—a(u;)X¢ — b(u;)}}] =0

for j =1,2,---,.J where J > 3. Then the true parameters (p°, §°, ) are not jointly identified from

the above moments regardless of the value of J.
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Now consider the below J number of unconditional moments:
Elexp (—vX¢) {exp (—u;Xi41) — exp {—a(u;) X — b(u;)}}] =0

where (uj,v)" € C? and v # u; for all j =1,2,---,J, J > 3. Then (p°,6°,c°) are jointly identified

from these moments for all J > 3.

The first and second sets of instrument in theorem 2 are the Single Index (SI) and the Double
Index (DI) moment conditions (Carrasco et al., 2007). It has already been mentioned above that
the SI moments are not sufficient for identification since they include the one induced with the
optimal instrument as a particular case. Theorem 2 states that identification is guaranteed with
the DI moments. Figure 4 and 5 present the results of some Monte Carlo experiments about GMM

estimators based on the SI and DI moments, respectively.

4.2 GMM with a large number of moment conditions

Let X, be a Markov process of order 1 with the following conditional characteristic function'©:
Elexp (—uXzi1) | X¢] = g(u| Xy, 0°).
We consider the DI moments so that the moment function for each observation is

P (0) = exp(—vxy) {exp(—uxir1 — g (u]ze; 0)},

where both z; and x;y; are univariate. Note that this function is defined almost everywhere in a
closed subset of C? which implies that a continuum of unconditional moments exist. Carrasco and
Florens (2000, 2014) propose a GMM estimation technique using a whole continuum of moments (C-
GMM). In this paper, we consider GMM estimation using a countable number of available moments
where the number of moments increases with the sample size. We dub this ‘D-GMM’ (Discrete
GMM) as a counterpart to C-GMM.

Then the GMM estimator is defined as follows.

Definition of GMM estimator:

b1 = argmin ¥r(0) Wrir(0) (4.1)
0cO

10We assume Markov of order 1 for simplicity. This can be easily generalized to any higher order (see the application
in section 5).
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where 7 (0) = % Zthl Yr7r(0). Let Jir and Jor denote the dimension of u and v, respectively.
Then ¢, () is a Jp = J1,17 X Jo, 7 vector that has the moment function defined on different values
of v and u, and Wy is a sample-based weighting matrix.

Let Q7 denotes the variance matrix of the moments:
QO = E [ 0(6°) 0 (6°)] .

As noted by Carrasco and Florens (2000) and Carrasco et al. (2007), the minimum eigenvalue of
the optimal weighting matrix (Q;l) converges to 0 as we refine the grids of u since the neighboring
moments become closely correlated with each other.

In order to address this problem, we consider the Tikhonov method of regularization suggested
by Carrasco and Florens (2000). That is, we choose a > 0 and let Wr = (Q2 + ol ;)" 'Qr where
Iy is a J x J identity matrix for all J € N. By letting « = ar — 0 as T — oo, W may be a good

proxy of Q:;l. W is then the sample analogue of W defined as follows.
Definition of the weighting matrix:
Wr = (0F + arly,) O, (4.2)

where Qr is the sample analogue of Qr and may depend on consistent preliminary parameter

estimates, 0.

The practical use of this weighting matrix will require the choices of the tuning parameters arp
and Jp. However, D-GMM is simple to implement (it is a standard two-step GMM estimator) and
computationally less expensive than the C-GMM estimator as the number of moment conditions,
Jr, is usually required to diverge at a much slower rate than the sample size. Also the smoothing
parameter ap allows us to relax the rather restrictive assumption that the minimum eigenvalue of
the variance matrix of the moments is bounded away from 0 for any Jr and still implement efficient

GMM estimation (o — 0 as T — 00).

Assumption 1

Let p(Yz, u,0) = pi(u, ) = exp(—uXiy1) — g(u|X¢; 0) for a given u. Then

Elpi(u,0)X;] =0 < 6=0" ,VucC.

Assumption 2

1. 0% € int(B) and B is compact.
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2. sup E {Hp(y,u7 0> |Xt} is bounded for all u € C.
0eB

3. For all § € B, there exists d(y) such that ||p(y,u,0) — p(y,u,0°)|| < 5(y)||0 — 6°| and
E [5(y)2\X] < 00.

Assumption 3
1. g(u|X,0) is twice continuously differentiable in a neighborhood A of §°.

dg(ulz.0)||*
2. sup E U %H } < oo and sup E “
oeB oeB

3. Let D(X) = 22X Then E[D(X)'D(X)] is positive definite.

2 2
%H } < oo foreachm=1,2,---, Mrp.

The above assumptions are assumption 3 and 4 in Donald et al. (2003) that are standard condi-
tions imposed for consistency and asymptotic normality. Assumption 1 is the condition for 6° to be
identified (for conditional restrictions). Assumption 2 imposes a bounded second conditional moment
and Lipschitz condition for uniform convergence. Part (3) of Assumption 3 is a local identification
condition required for asymptotic normality. Part (1) and the condition on the first derivative of
g in Part (2) are standard smoothness conditions. The assumption of twice differentiability of g in
Part (2) is stronger than is usually assumed due to the growing number of moments.

For the results in theorem 3 and 4, we assume that the dimension of p(y, u, ) is finite and fixed
meaning that J; 7 = J; < oo but let Jo 7 — 00 as T — oo. Theorem 3 and 4 below show that
then the GMM estimator with Wy defined above as the weighting matrix is consistent and attains
Chamberlain’s (1987) semiparametric efficiency bound. Let 07 denotes such GMM estimator.

The GMM model we study here is a specific example of the models considered in Donald et al.
(2003):

Ep(Y,0)|X]=0 < 0=0¢"

The series of instruments is denoted as, with J = Jp,
¢’ (x) = (¢ (), ¢ (), g7 ())

and the unconditional moment functions are
Y (0) = p(ye, 0) @ q” (x).

Donald et al. (2003) assume that p is finite dimensional and X(z) = E [p(y,0%)p(y, 6°)'|z] and
E [q" (z)q” (x)’ ] have the eigenvalues bounded away from zero. However, these assumptions can be
unrealistic when infinite dimensionality is involved, as in the example in this paper. We now relax
the latter assumption and allow that Apin (E [¢7 (2)¢” (2)']) — 0.

We show by a slight extension of the proofs of theorem 5.3 and 5.4 in Donald et al. (2003) that the
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GMM estimator 07 defined in (4.1) is consistent and attains Chamberlain’s (1987) semiparametric

efficiency bound.

Theorem 3 (Consistency)
Suppose Assumption 1, 2, and 3 hold. Assume sup ||qJ(z)H = +/Jp. Also assume that ap — 0
reX

and J2/Ta% — 0 as T — co. Then

o 5 0°.
Theorem 4 (Efficiency bound)
Assume that the conditions for Theorem 1 are satisfied and HéT - GOH = 0,(T~/?) where 07 is

a preliminary estimator that enters the weighting matrix. Then
VT (07 —0°) 5 N(0,V),
where

V™l =E[DX)S(X) 'D(X)]
Ip(Y,6°) X] .

DX)=F|———+
0 -5 | "5
The choice of the instrument in this paper exp(—v'X;), v € CL guarantees the identification of §°

from the unconditional moment conditions when a continuum of v is used (or Jr — oc0). Then, with

assumption 1, 2, and 3, lemma 2.1 of Donald et al. (2003) holds. Also, |lexp(—v'X})|| is bounded

(by 1) so the condition sup ||¢”(z)|| < +/Jr holds. Therefore, the GMM estimator defined in (4.1)
zeEX

with the weighting matrix Wr defined in (4.2) is consistent and attains semiparametric efficiency
bound for a finite dimensional p(u, §).

Now let 7 be defined as in (4.1) with both Ji 7 — oo and Jo 1 — oco. Then corollary 1 below
shows that this GMM estimator attains MLE efficiency when we have conditional moments based
on characteristic functions. C-GMM also attains MLE efficiency (Carrasco et al., 2007) and thus,
D-GMM and C-GMM have the same limit distribution.

Corollary 1

Suppose Assumption 1, 2, and 3 hold. Suppose that the entries of u = (uy,u2, - ,uy, )" are

equally spaced (i.e. u; —ui—1 = (uy, » —u1)/(Ji,r — 1)) on the interval [~ R, R] x 13 where R € R,
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such that J;r — oo and R/(J1 7 —1) = 00 as T — oo. Then
VT (b — 6°) 5 N(0,1(6°)1)

as both Ji 7 and Jor diverge to infinity such that J2/Ta2 — 0 as T — oo, where 1(6°) is the

Fisher information matrix.

5 Estimation and Empirics with Realized Variance

In this section, we present an empirical application of of the model developed in section 2 applying
the results of section 4 for some part (section 5.3). We implement a two-step estimation that the
parameters characterizing volatility dynamics are estimated in the first step. The first step uses
the observations of realized variance only that is shown to be ARMA(1,1) and thus, is not Markov.
However, as section 5.3 shows, we treat realized variance as an AR(H + 1) with some H > 1, which
allows us to see the dynamics of realized variance as an application of the setup in section 4: realized
variance is CAR(H + 1) and an infinitely many number of conditional moment restrictions based
on conditional characteristic functions is available. We use the DI moment conditions in order to
ensure identification. This AR(H +1) approximation of realized variance generates a misspecification
error. However, we assume that this error is close to zero and does not have a significant effect on
the estimation. This assumption is supported by the overidentification test performed in section

5.3.

5.1 Data

The dataset was obtained from Oxford-Man Institute'’ and consists of the daily log returns and
realized volatilities of the S&P 500 over the period from January 2000 to June 2016. The sample
size is 4,121. Variable r; denotes the daily log returns in excess of the risk-free rate, which is proxied
112,

by the yield on a 30-day treasury bil The realized variance process {RV;} is computed from

5-minute intraday returns.

5.2 ARG(1)-Normal model

The bivariate CAR model of returns and volatility that we use for the empirical analysis is

the ARG(1)-Normal model. The volatility o7, ; is ARG(1) and the functional forms of a(u) and

1 Oxford-Man Institutes realized library, http://realized.oxford-man.ox.ac.uk
12This rate is obtained from http://mba.tuck.dartmouth.edu/pages/faculty /ken.french/data library.html
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b(u) are given in section 4. Returns are assumed to be normally distributed conditional on the
contemporaneous and past volatility, i.e. r:41|F¢ is normal. As a reminder, the conditional mean

and variance of returns are as follows:

E[ren|FY] = pu1 = Yoty + 8(0)07 +4'(0)
Var [rea|[FY] = Sepn = (1= ¢*) RV,

where

w¢<1206)1/2+<1¢2> (2-3)

* * 1
Y(0) =¥ 0" (1] - focl - %) (2 - 3 )

As shown in proposition 3, the risk neutral dynamics remain the same as the historical dynamics
with the risk neutral parameters given in the proposition. This model has 4 volatility parameters
0, = (p,d,c,e) and 3 returns parameters 6, = (¢,<1,52)’ giving us in total 7 parameters to estimate.
We estimate 6 = (0.,60..) using a two-step estimation procedure. we first estimate 6, from the

historical data of realized variance only. Then, treating 6, as given by its estimate, we estimate 6,

from the observations of returns and realized variance.

5.3 GMM estimation of volatility dynamics with realized variance

The ARG(1) volatility o7, is unobservable. What we observe is realized variance RV;;1 con-

structed from high-frequency data that we have defined as
RW+1:0—152+1_6p0262_f667 t=1,2---,T—-1

This suggests that the series of realized variances is informative about the path of the volatility
factor o "1~ In fact, it is easy to see that the unobservable volatility factor can be represented by an

affine form of the infinite series of the contemporaneous and past observable volatility factor:
o0
k
of1 = Z (ep)” (RViy1-k + fdc). (5.1)
k=0

Then, by assuming |ep| < 1, 07, ; can be approximated a finite series of observations of realized

variance such that for some H < oo,
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Approximated volatility:

H

0t2+1 ~ lz (ep)k RViy1-k
k=0

féc

1o

(5.2)

Using the above approximation of the unobservable volatility factor, we have an approximation to
the conditional characteristic functions of realized variance as if it were CAR(H + 1). To see this,

recall that we have the following:
E [exp (—uo},,) |Fy] = exp {—a(u)o; —b(u)}, u€C.

Then plugging the approximation of o7, ; and o7 given in (5.2) leads us to the following conditional

characteristic function of RV.

Approximated conditional characteristic function of RV:

E[exp (—uRVii1) |Fy] ~ exp {—&(u)'ﬂt - B(u)} , ueC (5.3)
where RV, = (RV;,RV;_1,--- ,RV,_p)’, a(u) that is a (H + 1) x 1 vector with
ai(u) = (ep)’™" [a(u) — epu]

as its i-th element and

féc
1—ep

[a(u) —u].

Note that this is a misspecified model of realized variance since realized variance is not Markov and
does not have a closed-form conditional characteristic function. However, the misspecification is

local when letting H = Hyp diverge as T — oo.
We estimate 6, using D-GMM with the approximate conditional moments given in (5.3). The

discussion in section 4 suggests that for each u we should construct the unconditional moments with

the DI instrument exp (—U' Qf) with v € CH+1. However, using the following instrument

Zy = exp{—v1 RV; —vaRV;_1}, (v1,v9) € C? (5.4)

is sufficient for identification since the i + 1-th element of a(u), denoted as ;41 (u), is epa;(u) for all

i=1,2,---,H.
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Unconditional GMM moment restrictions:

R (Zt {exp (—uRVi41) — exp (* RV
& (Zt {exp (—uRViy1) — exp (—&(u)/ﬂt - B(U)) })

js}i
—
S
~
=
<
~
[
o
—
S
—
———
——
N——"
[ R
|

E [1t(u, 05)] :E{ =0, ueC (5.5)

where R [-] and  [-] denote the real and the imaginary part of a complex number, respectively.

We use 5 equally-spaced u, vy, and vy points on [17,10i]. This generates J =2 X 5 x 5 x 5 = 250
moment conditions. The GMM estimator is obtained by minimizing the objective function given in
(4.1) with Wy given in (4.2) for a choice of ap. The preliminary estimates are obtained with an
identity weighting matrix.

We understand that, for empirical analysis, we have a finite sample size and have to choose a
finite H. We apply the asymptotic results derived in section 4 pretending that the misspecification
error is zero. In order to see whether this assumption is reasonable, we perform an overidentification
test with the moment conditions in (5.5). Since we use a large number of moment conditions, we

use the test statistic proposed by Carrasco and Florens (2000):

= ﬁQT,aT (éa) - ﬁT,aT
V qAT7aT ’

where Q7.0 (-) is the GMM objective function given in (4.1) with a chosen ap and 6, is the GMM

estimator minimizing QT,QT(). PT.ar and §r,q, are defined as follows:

J ;\2 J )\4
~ J ~ J
Pr,ar § 32 T a y 4T, a7 = 2 § > 2
j=1"j T j=1 ()\j + aT)

where 5\j is the j-th eigenvalue of Q7 defined in (4.2). Carrasco and Florens (2000) show that , as
T — oo,
TT i) N(O, 1)

as long as ar does not decrease to 0 too fast. The overidentification test is not rejected when
ar > 0.04 is used at 5% significance level which supports our assumption of zero misspecification

error. Figure 6 shows that |7r| < 1.96 for all ar > 0.04.

5.4 MLE estimation of returns dynamics

Let 6, = (/375,6, €)' denote the D-GMM estimate of 6,. Once we obtain the GMM estimates

of the volatility parameters, we construct the estimates of the unobservable volatility factor o7,
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as

H+1 fASé

o Al

Ut2+1 = § : (ep) RV;&Jrlfl + 1_7@3
=0

The returns parameters to estimate are ¢, ¢1, and ¢a. The volatility risk premium ¢; is priced and
we will treat it as given (see next subsection). We then estimate the returns parameters ¢ and ¢
using the series of the estimates of 67, and the volatility parameter estimates by MLE for a given
¢1. By the assumption of conditional normality of returns, the conditional likelihood of returns at

time t + 1 is defined as

. 2 A 1 1 R
U525 Te41, 0741507, 00,61) = ————exp {—A (reg1 — Mt+1)2} ,
\/ 27('Et+1 22t+1

where it-{-l and fi;41 are estimates of ;41 and p4q with &t2+1 and 6,. Then the MLE estimates (;3

and ¢ are obtained by maximizing

S

-1

LR(évgé) = l(¢a§2;rt+1a&752+1aa-t25é0'7§1)-
t=1

5.5 Estimation with options data

One thing to note is that the volatility risk parameter ¢ is weakly identified (e.g. Bandi and Reno
(2015), Khrapov and Renault (2016)). This point is supported empirically. When the volatility risk
premium is not identified from the returns and volatility data, options data can be used to price it
(e.g. Corsi et al., 2013).

The options data can play another role, that is to provide a criterion for choosing the regularization
parameter ar'®. We use IVRMSE put forward by Renault (1997) for the volatility risk premium

and a7

N
1 ) 2
IVEMSE = | 7 3 (IV = IV!(s, 7))’

where TVt and TV;™°¢ denote the i-th observation of historical implied volatility and the implied

volatility generated by the model'*

, respectively.
Another choice parameter is H, the number of lags to be included in the estimation. However, the
estimates seem stable for all H > 10 (see table 1 for cases with H = 5,10, 15,20, 30 with a7 = 0.1

and ¢; = —10). We use H = 10 for the rest of the empirical analysis.

13 Another approach for choosing the regularization parameter is to minimize the estimation error such as mean
squared error (MSE). However deriving the estimation error is difficult in nonlinear models and there are no sound
criteria for choosing a7

4 Options prices are computed using the option pricing formula given in proposition 3.
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Table 1: Estimates of the parameters of ARG(1)-Normal with various H

param. H=5 H =10 H=15 H =20 H =30

P 0.9274 09357 09358 09364  0.9364
(0.0534)  (0.0535)  (0.0534)  (0.0534)  (0.0532)

5 0.6299  0.6403  0.6365  0.6327  0.6293
(0.1991)  (0.2109)  (0.2099)  (0.2102)  (0.2077)

c 1.86e-5  1.67e-5  1.67e5  1.67e-5  1.68e-5
(6.49¢-6)  (6.50e-6) (6.52e-6) (6.55¢-6)  (6.56e-6)

e 0.3454 03396  0.3394  0.3396  0.3394
(0.0313)  (0.0312)  (0.0311)  (0.0311)

Persistence 0.9274 0.9357 0.9358 0.9364 0.9364

¢ 0.1682 -0.1515  -0.1512  -0.1506 _ -0.1514
(0.0131)  (0.0123)  (0.0123) (0.123)  (0.0123)

@ 04708  1.0861  1.4700  1.4673  1.4953
(1.2485)  (1.2503)  (1.2518)  (1.2535)  (1.2547)

S1 -10 -10 -10 -10 -10

* The standard errors are given in parentheses.
* aT = 0.1
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Table 2: Estimates of the parameters

param. ARG(1)-Normal® ARG(1)-Normal? ARV
P 0.9632 0.9895
(0.0377) (0.0229)
0 0.6469 0.9552
(0.2385) (0.6286)
c 1.13e-5 3.75e-06
(4.73¢-6) (2.69¢-6)
e 0.4013 0.6206
(0.0204) (0.0148)
o9 4.99¢-6
(2.07e-7)
8 4.76¢-5
(0.0369)
Yo 438.59
(14.19)
wo 4.98¢-6
o 1.00e-5
(1.00e-5)
p 0.1597
(0.0275)
Persistence 0.9632 0.9895 0.9595
p 20.1340 01
(0.012) (0.008)
S2 0.1458
(1.2904)
S1 -0.5
x(s) 1 1.003
Ao 0.0540
(0.0405)
v 443.16
X -4.57
IVRMSE 4.7240 4.1959 4.6056

* The standard errors are given in parentheses.

* H = 10 for ARG(1)-Normal models.

* ar = 0.01 and ¢; = —0.5 for ARG(1)-Normal' model.

* ar = 0.0083 for ARG(1)-Normal? model.

* Persistence level of ARV model is computed as 2 + azv3.

* wq is computed as E [hfw} (1 — B2 — agwg) — a2 where the unconditional mean E [hfw}
is the sample mean of realized variance.
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We choose a7 and ¢ that jointly minimize the IVRMSE. Since there is a continuum of a7 that
could produce the same results, we choose ar from a small grid on [0.0001, 1]. The computed values
are ap = 0.01 and ¢ = —0.5. With this choice of ap, the volatility parameters are estimated.
Then given those volatility parameters and ¢;, the returns parameters are estimated. The results
are presented in table 2. The first column shows the parameter estimates of the ARG(1)-Normal
model with H = 10. The leverage effect, ¢, is estimated to be around -0.13.

The second column displays the estimate of x(s) that is determined jointly by ¢; and ¢;. When
the option pricing formula given in proposition 3 is applied to the ARG(1)-Normal example, an
option price is a function of x(s). The estimates of ¢ do not seem to be much affected by the values
of ¢; and, using this fact, we estimate x(¢) by minimizing IVRMSE for a given value of ¢ that is
estimated from the returns data. The IVRMSE is minimized for ay = 0.0083 with the leverage
effect around ¢ = —0.1. This correlation coefficient estimate is similar to the value reported in
Christoffersen et al. (2014).

Note that we implement a two-step estimation (plugging in the estimates from returns data
to options data for option pricing) in this paper to simplify the optimization problem but this
is inefficient. We can obtain an efficient estimation either by using the iterative method by Fan,
Pastorello, and Renault (2015) or the efficient two-step method by Frazier and Renault (2016). Given
that the IVRMSE decreases significantly when x (<) is chosen to minimize the IVRMSE directly using
options data, a two-step method the uses the information in returns and options simultaneously is

expected to decrease option pricing errors.

5.6 Competitor model

The HEAVY-SV model is a discrete-time option pricing model. Thus, the natural competitors are
a class of GARCH-type option pricing models. We consider here the ARV model by Christoffersen
et al. (2014). It is a GARCH-type option pricing model where only the realized variance component
plays a role in the variance dynamic of returns!®>. The ARV model assumes the following dynamic
model of daily returns:

1
T4l = <>\2 - 2> REY +\/hlV e ia,

15The ARV model is a special type of the GARV model (Christoffersen et al. (2014)) where the variance dynamic
of returns depends both on realized variance and returns. Christoffersen et al. (2014) show that the GARV model
outperforms the ARV model in terms of option pricing. But we use the ARV model for comparison since only realized
variance is used for the variance of returns in the HEAVY-SV model.
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where iV = E[RV,;;1|F], and €141 is a standard normal return shock. It also assumes the

following affine structure of A*V

2
hﬁr‘g = wg + thﬁv + a2 (62,t+1 - 72y hﬁv) )

where €; 141 and € 1 follow a bivariate standard normal distribution with correlation p. Also,

2
(627“_1 — Y24/ ]’Lﬁv) — (1 + ’722}1?‘/)‘| .

This model is estimated using quasi-maximum likelihood (QMLE) techniques. From the observa-

RVign =hiV +o

tions of returns and realized variance, the moments used for the estimation in addition to the first

moment of realized variance are:

1
E [Tt—o—l‘Ft] = <>\2 — 2> htRV

Var [ri|Fy] = hit”
Var [RVi1|Fy] = 202 (1 + QVShEV)
Cov [riq1, RVip1|Fy) = —2py20hltV.

We use the log of the bivariate normal distribution of returns and realized variance given in Christof-
fersen et al. (2014).
The estimation result is given in the third column of table 2. w; is estimated using the uncondi-

tional variance formulal:
Wy = FE [h?v] (1 — ﬁg — 042’}/5) — Q9.

where we first set E [hffV] = £ 23:1 RV;.

It shows a high level of volatility persistence, 0.9595, as in the HEAVY-SV model. In the third
column, the risk neutral 2, denoted by ~3, is estimated from minimizing IVRMSE given other
parameter estimates from the historical data of returns'”. The price of risk of volatility, X, is then

deduced from

Y5 =72 — &

16 Christoffersen et al. (2014) estimate the unconditional mean of realized variance E [hfv} jointly with other
parameters.

7"We use a modification of the matlab code downloaded from http://christoffersen.com/cen to compute option
prices for the ARV model.
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5.7 Option pricing performance

In order see option pricing performance, we use European options written on the S&P500 index.
The data were downloaded from Optionmetrics'® and the observations range from January 3, 2000
to January 4, 2012. Following Barone-Adesi, Engle, and Mancini (2008) and Corsi et al. (2013), the
options with time to maturity'® less than 10 days or more than 360 days are dropped and we only
consider the options for Wednesday to ensure that we use the liquid contracts. Also, the observations
with option premiums less than $0.05 and with an implied volatility of more than 70% are discarded.
Moreover, we only consider call options. The same analysis can be done for put options as well. The
total number of observations is 23,378.

We categorize options according to their time to maturity and moneyness. Following Khrapov
and Renault (2016), we use log(K/S;) as a measure of moneyness where K and S; denote a strike
price and a price of the underlying asset at time ¢.

We estimate the prices of each option for given K, S; and time to maturity following the steps
described above for both ARG(1)-Normal with H = 10 and ARV models. In order to analyze
the option pricing performances of each model, we use Root Mean Square Error on option prices
(RMSEp) and on the percentage implied volatility (IVRMSE):

N P_hist_P_mod 2
RMSEp = Z(f NZ ),

i=1

where N is the number of observations, P! and P/™°¢ are the historical price and the model
estimated price of the i-th option divided by the underlying price, respectively. The results are
presented in table 3.

The first and second columns of table 3 present RMSEp and IVRMSE of each returns-volatility
model. The first row shows the results of the ARG(1)-Normal model with H = 10 and ar = 0.0083.
The second row shows the same results excluding the observations between 2008 and 2009 which
is the period of the recent recession. As figure 7 presents, volatility during this period dominates
the graph. The third and fourth rows present the option pricing errors of the ARV model. The
observations during the recent recession are excluded for the fourth row. For both models, the option
pricing errors increase during the recent recession when volatility level was exceptionally high. The
ARG(1)-Normal model outperforms ARV model in terms of both RMSEp and IVRMSE.

Table 4 shows the option pricing performances of the ARG(1)-Normal example and the ARV
model for different time periods. ARG(1)-Normal? stands for the same case as appeared in table
2 and 3. Note that the early 2000s is the period of high volatility while the mid 2000s is the low
volatility period (see figure 7). We see that the option pricing performs well for both models during

18We use zero-coupon yield curve and the index dividend yield provided by Optionmetrics in the pricing procedure.
Y Calendar days
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Table 3: Option pricing performances

Models RMSEp IVRMSE

ARG (1)-Normal®>  0.009 4.1959

ARG(1)-Normal®  0.0071 3.3065

ARV 0.0104 4.6056

ARV! 0.0093 3.7089

* The observations between 2008 and 2009 are
excluded for the results of ARG(1)-Normal® and
ARV!.

Table 4: Option pricing performances by dates

Date range 2000 to 2003 2000 to 2004 2000 to 2005 2000 to 2007

ARG(l)—Normal2

RMSEp 0.0071 0.0066 0.0067 0.0068
IVRMSE 3.4092 3.1650 3.1224 3.1197
ARV

RMSEp 0.0058 0.0063 0.0080 0.0098
IVRMSE 3.2661 3.1107 3.3240 3.6116

* For each column, the date range is Jan 2000 to Dec of the last year included.
* ARG(1)-Normal model with H = 10 is used.

both periods of high and low volatility levels before the recent recession in 2008 and 2009.

Table 5 presents some descriptions of the options data and the RMSFEp and IVRMSE for each
maturity and moneyness category of the ARG(1)-Normal model and the ARV model. In terms of
IVRMSE, the option pricing performance seems to be better for the option contracts in the long
maturity groups. For different groups of moneyness, the option pricing seems to perform well for
the contracts that are not relatively deep out-of-money (OTM) in terms of both IVRMSE and
RMSEp.
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Table 5: Option pricing performances by maturity and moneyness

By Maturity Less than 60 60 to 120 120 to 150 150 to 180  more than 180
No. of obs 5,125 3,264 3,524 3,617 7.848

Ave. premium 14.7429 21.76 26.01 29.33 37.68

Ave. V(%) 19.81 18.94 18.72 18.70 18.66
ARG(1)-Normal®

RMSEp 0.0061 0.0075 0.0084 0.0092 0.0112
IVRMSE 4.8084 4.1905 4.0318 3.9622 3.9383

ARV

RMSEp 0.0061 0.0080 0.0092 0.0104 0.0134
IVRMSE 4.8963 4.5356 4.4848 4.4969 4.5410

By Moneyness Less than 3% 3% to 4% 4% to 6% 6% to 10% More than 10%
No. of obs 3,817 3,343 5,821 6,657 3,944

Ave. premium 31.05 30.73 27.38 25.23 24.59

Ave. TV(%) 17.26 17.91 18.08 19.10 22.55
ARG(1)-Normal®

RMSEp 0.008 0.0085 0.0083 0.0091 0.0112
IVRMSE 3.7124 3.8675 3.9009 4.2053 5.1791

ARV

RMSFEp 0.0091 0.0092 0.01 0.0108 0.0120
IVRMSE 4.0077 4.1522 4.3028 4.6124 5.7678

* ARG(1)-Normal® with H = 10.
* Moneyness is log(K/S).
* IV stands for Implied Volatility.
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6 Conclusion

In this paper, we develop a discrete-time affine option pricing model that exploits the information
in high-frequency data. This model has several attractive features such that it is robust to temporal
aggregation, accommodates the leverage effect, and leads to homogeneous of degree one option
pricing. In addition, the historical dynamics are maintained under the risk neutral measures with
the exponentially affine stochastic discount factor which makes the model analytically tractable.
We provide a closed-form option pricing formula that is easy to compute. This model provides the
dynamics of realized variance that nests GARCH-type HEAVY models as a special example.

This model is easy to estimate since conditional characteristic functions exist in closed-form. The
empirical results show a high level of persistence of volatility, as in the HEAVY models. The leverage
effect parameter is estimated to be negative as expected. The empirical results also show that the
model performs relatively well even with the inclusion of the periods of the most recent recession in
2008 and 2009.
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Figure 1: \/Var [RV;11|Fy] /E [RVi41|F]
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* /Var [RVii1|Fy] /E [RVig1|F] is calculated by fitting AR(1) realized variance with ARCH(1).
* The first one excludes the 5% largest and 5% smallest values.
* The second one excludes the 10% largest and 5% smallest values.
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Figure 2: Distribution of GMM estimators for ARG(1) volatility model with a constant instrument
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* The true values are: (p° = 0.6,6° = 1.5,c° = 0.0106).

* We used 5 equally spaced u’s on [14, 104].

* An identity weighting matrix is used.

* 10 randomly generated values were used as initial values for each p, §, and ¢
* 5000 replications
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Figure 3: Distribution of GMM estimators for ARG(1) volatility model with the optimal instrument
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* The true values are: (p° = 0.6,6° = 1.5,¢” = 0.0106).

* We used 10 equally spaced u’s on [17, 10i].

* Due to the singularity of the conditional variance, the Tikhonov regularization method is used with
the regularization parameter equal to 0.01.

* § is restricted to be between (0, 5] to prevent it from getting too big.

* 10 randomly generated values were used as initial values for each p, 4, and ¢

* 5000 replications
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Figure 4: Distribution of GMM estimators for ARG(1) volatility model with the SI instrument
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* The true values are: (p° = 0.6,6° = 1.5,¢” = 0.0106).

* We used 5 equally spaced u’s on [14, 104].

* An identity weighting matrix is used.

* 10 randomly generated values were used as initial values for each p, §, and ¢
* 5000 replications
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Figure 5: Distributions of GMM estimators for ARG(1) volatility model with the DI instrument
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* The true values are: (p° = 0.6,6° = 1.5,¢” = 0.0106).

* We used 5 equally spaced u’s on [14, 104].

* 5 equally spaced v’s on [14, 10:] for the first column.

* v = 21 for the second column.

* An identity weighting matrix is used.

* 10 randomly generated values were used as initial values for each p, 4, and ¢
* 5000 replications
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Figure 6: Overidentification test
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* We use the data used in Shephard and Sheppard (2010) to plot the RV from Jan 1996 to Dec 1999.
* We use the live data that is updated daily in the realized library to plot the RV from Jan 2000 to

Jun 2012.
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Appendix B
Proof of Proposition 1
Note that

_ CO’U [’I’t+1,R‘/t+1|Ft]
VVar [re|Fy/Var [RVigq|
YVar [0t2+1|Ft]
Var [rie1|Fi)\/Var [Uf+1|Ft]

Corr [T’t+1, R‘/;ngl |Ft]

Var [0},,|F]
E[RViya|Fi]

V/2pco? + we?

V(p = B)o} + (dc = D)

=9

2pcc7'f +wc2

m is constant over time. It is
t

Then we get the constant leverage effect if and only if

easy to see that this is equivalent to:

2pc wc?

p—B 6c—D

< 2p(dc — D) = we(p — B)

which is equivalent to:

2(1=flo=w(l —e¢)

using B and D given in (2.10).
Then the leverage effect L is:

L

QpC 1/2_ ch 1/2
o] =[]

v [W e ¢2>} N

QED
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Proof of Proposition 2

‘We know from the subsection 3.2:

and:

a*(u) = alu+c + ale)] —als + a(s)]

b*(u) = blu+q + o)) — bl + als)]
Since the returns dynamics functions are quadratic:

P*o? — %(1 —(¢"))0* = v — (1 = ¢*)u + (1 — ¢*)v°
= —(1-¢?))v+ (1 - ¢*)v?

Then we can deduce that:

=1 —(1- ¢
" =9
Recall that 37(0) = ep(1 — ¢?) and 7”(0) = fdc(1 — ¢?). Then similarly we have:
(B%)'(0) = 5'(0) + ep(1 — ¢°)2
(ep)" =ep"=ep

(7*)'(0) = 7'(0) + fc(l — ¢*)2
(fée)" = f*6*c* = foc

We now move to the volatility dynamics. Note that

a”(u) = ) b*(u) = §*log(1 + c*u)
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Using the above specification of b*(u) we have:

0*log(1 + c*u) = dlog(1l + c[u+ ¢1 + a(s2)]) — dlog(1l + ¢[s1 + a(s2)])

— slo 1+clu+q+ o))
_&g< L+l + a(s)] )

:&@<1+1+q;ia@M)

so we can deduce that:

0" =94
c

* —cX —1

S e Y o ©)

Also using the above specification of a*(u), we have:
pru__ plutatal@)  plat+a(e)
I+ctu  1+cluta+ale) 1+cla+ale)
— pu
{T+cluta+alQ}{1+cla+ o))}
pu 1

T {ltcla+a(@)l+cu

meaning:

From the risk neutral parameter specifications of p and ¢ we can now also deduce that:

e =e{X(s)}?
fr=1rx()

QED

Conditional characteristic function of Zz;l rey; at time t

In this section, we derive the conditional moment generating function of ZiT:1 rey; at time

t,

fragr(u) =FE , YueC.

T
exp (u Z Tt+i> |F}

=1
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for the leading example that is ARG(1) volatility and conditionally normally distributed returns.

By the law of iterated expectations, we get
fra+r(u) =exp {—G(u, T) — L(u, T)Uf}

where G(u,T) and L(u,T) are defined as follows.

1. L(u,T)
L(u,1) =1(0,—u) and L(u,i) = (L(u,i—1),—u) forall i=2,3,---,T.
2. G(u,T)
T
G(u,T) = Z G(u,1)
i=1
where

G(u,1) = g(0,—u) and G(u,i) = g(L(u,i—1),—u) for all i =2,3,---,T.

Proof of Proposition 3

We start from

Ci(xy, T) = exp (—rT) Ef [max{0, Styr — K}

T
= StE} |max {O,exp (Z ’I“t+i> — exp (xt)}l ,
i=1
with
xy = log(K/St) — rT.
Then

Ct(l't, T) = StE:

T—t T—t
exp <Z rt+i> 1 {Z Tepq > xt}] — Kexp(—rT) E}f
i=1 i=1

T—t
1 {Zrt-‘ri > xt}‘|
i=1

Let P[] denote the probability under the risk-neutral measure. Note that

T—t
E; []1 {ZT}_H‘ > xt}
=1

= Pt*

T—t
Z Tt+i > Tt | -
i=1
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Then by the proof of proposition 3 in Heston and Nandi (2000),

P

Tt . . ‘
1 1 o0 € —Uux U
E Tt+i>17t‘| =§+7/ §R[ P ( ’f)ft,t+T( )}du
0

: ™ mu
=1

where ff',, p(iu) = E* [exp (zu ZiT:1 Tt+i> |Ft} . Also following the proof of proposition 3 in Heston
and Nandi (2000),

exp (—iuxy) fiy p(iu+1)

T—t T—t 1 1 [
E; i1 i =—+ - R - .
t | exp <Z_Zl T+ > {Z_Zl Tiyi > xt}] 5 + 7T/0 wf;Hl(l) U
Note that
T
Jiie1(1) = E7 |exp <Z Tt+z‘> Fy
i=1
=FE" [exp {log (St+T> — ’)"T} |Ft]
St
1 .
= g exp (—TT)E [St+T‘Ft] = ].,
¢
using the fact that S; = exp (—rT) E* S| F;] under the risk neutral distribution.
QED
Proof of Theorem 1
We will show that 6° = (p%, 6%, c?)’ is not identified from the following equalities.
E [exp(—uo}, ;)] = E [exp {fa(ul)aof - b(ul)e}] (7.1)

for any u € C and for any number of u’s used.

Using the fact that the unconditional distribution of o7 is gamma with the shape parameter, §°,

and the scale parameter, 1f0po, (7.1) is equivalent to:

c = s c U -0
1 =1 BRe! !
( +1_p0u1) (14 cur) { +1—p01+cu1}

0

and this is rearranged to:

550 e— V(1 — 0 4+ O(p— 0
(1+cu)_( 50 ) _ {1+ ( )(11_5))_:;0u(p 14 )u} (72)

for all v € C.

In order to see how identification fails, we will check that the above equation does not imply

o1



0 = 6° even when § = §°. When § = §°, the equation (7.2) is:

L {1 L e= A =p") +p = p)

0 0y 4 0 0y _
1—p%+clu u} & (=)l -p)+c(p—p)=0

We can find multiple combinations of (p,c) that are the solutions to the RHS equations including
the true one, (p°,c?). Since these (p,c) do not depend on u, having a multiple of u’s does not help
and the parameters are unidentified. This result is also shown in figure 1 in the appendix A.

QED

Proof of Theorem 2

Consider the following unconditional moment conditions:
Elexp (—vXy — uXii1)] = E [exp {— [’ (v) +v] Xy — b7 (u) }] (7.3)
for u,v € C. By using the marginal distribution of X3, (7.3) is equivalent to:

0 \—08° o pu - s c pU o
1 1 =(1 11 7.4
(1+ ) ( +1*P0 {1+COU+U}> 1+ cu) < +1*PO L+CU+U]> (74)

Using the Taylor expansion, for each j the LHS is:

0
0 -s° 0 0\ 2 g
0 c 0 o B Alu+v) + () ww
(1+cu+1_p0 [pu+v+cuv]> <1+ 1= 0
since
pU :pu—pcu2+pc2u3—pc3u4+---
1+cu
= pu > (1) (eu) !
i=1

Case l: u=v

First, let’s consider the case where u = v for each u € U € C chosen to construct the moments.

Then the LHS is equal to:
2 —4°
] 2c% + (CO) u?
L T
Choose § = 26°. Also choose a small ¢ so that c>u? ~ 0 and c?u® ~ 0. Then the RHS is (approxi-
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mately) equal to:

0

c
1_ 0

0
(2¢ — 2¢p® + & + Pp)u + cc®(2 + p)u2>_5

49
[pu+ u+ 2cu® + peu® + 62u3]> = (1 + 0

(1 + 2cu +
Then LHS equals RHS for all u if

2¢ —2cp° + "+ Pp =2
L2+ p) = (00)2

We will now show that there exists (p,c) # (p°, c?) such that the above equalities hold. From the

first equality, we have:

2¢(p” — 1)

p=1+ o

Given that p° < 0, p < 1. Also, p > 0if c < 2(%0#)) which does not violate ¢ being a very small

positive number. Then from the second equality we have:

9

(00)2 = cc? (3+20(p0—1)> & 231 —p%) =3+ (00)2 =0

Using the quadratic formula, we get the solution for c:

%Wt¢9 P81 p°) () 30+ 0\ /9—8(1— V)
41—p) - A1 = %)

Cc =

We know that this solution of ¢ exists since 9—8(1—p°) > 9—8 = 1 > 0. If this c satisfies the condition
that c?u? ~ 0 and c?u® ~ 0, then the unconditional moments (7.3) hold for (p,d,c) # (p°, 6%, c°) for
alluel c C.

Case 2: u # v
The RHS of (7.4) is:

(e {1 2 T ) 5

By the Taylor expansion at around cu = 0, we have:

5/6° 8 16 (6 16 (6 8
(14 cu) —1—&-@ u+2‘§0<50—1 (cu)2—|—§6f0 50—1 5—0—2 (cu)® 4 -
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which shows that (7.5) will have the terms involving u¢, i > 1. Especially, see that:

0 5 146 (6 146 (6 4
(1 + cu)’/? v:v—i—(s—ocuv—i—ié—o <50—1) (cu)2v+§5—0 (50—1) <50—2) (cu)v + -

However, as shown before, the only terms of v that appear in the LHS of (7.4) are v and uv meaning
that 6/6° = 1 unless (cu)® = 0 (or very close to 0) for all i > 2.
We first consider the case with §/6° = 1. Then (1 + cu)5/50 =1+ cu and (7.5) is:

0

0 o 00 0 0 -5
<1 teut 1%,00 [pu+ (1 +cu)v]> = (1 + (c—cp JrClP)_U;O cv+c cuv)

which is equivalent to:

c—cpo—i—cop:co

Pe = ()

The only solution is that ¢ and p equal to their true values:

Now we consider the case with a choice of ¢ such that (cu)® ~ 0 and u(cu)® ~ 0 for all i > 2 for

all u. Then (7.5) is (approximately):

_ 59
(1 L weu(l=p") + ¢ Ju+ foeuv + pu+ (35 — 1) peu’] )
1—p0

Then we know § = 6" is the only choice for the moments to hold for any u and v. Also,

c(1—=p)+cp=c"

o = (&)?

so that the only solution is:

QED
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Proof of Theorem 3

We have ((Jr) = v/Jr. Following the notations in Donald et al (2003):
) T
Zl/% (@) (8°), Qr =) T(z:) ® ¢’ (@)g! (@), Qv =E [¢rr(0°)r(6°)]

t=1

where

S(xe) = E [pe(u, 0°)pi(u, 0°)|2]

By Lemma A.6 in Donald et al (2003),
~ ~ o JT ~ — o JT = _ _ ﬁ
|0 = 62| =0, (ﬁ) | = 0| =0, (ﬁ) et QTH_OP(\/T)
Let
WT = (Q%« + OZTIJ)_IQT7 V_VT(Q%« + aTIJ)_IQT7 WT = (Q% + OZTIJ)_lQT

Recall that J = Jp = J1 X Jo where Jp is the dimension of p(-,0). Then it suffices to show
that?20

|1 =] = 0y (21T )

We now proceed to prove this. We know that

W1/2 (Q2 +aTIJ) 1/29[}/2
W2 = (02 + arl,) /20N>

with Wy = Wy/*W2/? and W = W/ W;/?. Then

o] = vy
< 0w ()|

< e ==+ w2 = e

20By the same argument given in the proof, HWT — VVTH = 0Op (JT/\/TozT),
IWr — Wrl|| = Op (Jr/vTor).

WTH = 0y (Jr/VTar),
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First,

2
W22 = Amnaw (93 + ar 1)) 2052 (9% + arly)120))
S Amam ((Q% + aTIJ)il/z) )\maz (Q;/2(Q% + QTIJ)71/2Q’;‘/2)

1
<

N

since Aoz (QlT/Q(Q% + aTIJ)’l/zﬂlTﬂ) < 1. Also,

£ 1/2 12| Jr 1
HWT - Wr H —OP (\/Ta3/4>

by proof of Theorem 7 in Carrasco and Florens (2000) and HWT — WTH = O,(Jr/VT) by Lemma
A.6 in Donald et al (2003). Then

VT ar

by the assumption. Then we have the desired result.

QED

Wz - wr| =0, <JT1> — 0,(1)

Proof of Theorem 4

Let

T

= Ly 0w 0n) s _1 ; _ x
Gr=r5) "t od’ (@), Gr=r7) Da)ed (@), Or=E[Dx) e @)

t=1 t=1

Since theorem 5.4 in Donald et al (2003) presents the semiparametric efficiency result, we just need
to modify the proof of theorem 5.4 using HVAV%/QH = Op(a;1/4), ) W%/zH = 017(04:;1/4)7 W%/QH =
—-1/4 1/2 —-1/4
Op(ag / ) and WT/ H = Op(ay / )-
We first need to show

HG'TWTC:T - G’TWTGTH = 0,(1)
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This holds since

HG"TWT@T — G’TWTG'TH = HG/TW%/QW%/QGT _ G’TW%/QW%/2GT

< o o3 + o i |

= op(1)

by HWW - W}”H = 0, (Jr/ VT, W;/?H = 0,(az"), and HW}”GTH — 0,(1).
Then G,TWTGT ﬂ) v—L

We also need to show

|(@Vr = Gy (8°)| = 0p(1)

where Gr = 1 . ap(géze") ® ¢’ (z¢). By Donald et al (2003), ‘G’T—G’TH = o0p(1). Also
1

| (00)| < bz 196 = O () Then

S

|@vr — GrWryir(@°)|| < (|Gr = Gr | + |G r (W — W) ) Wi 00)|
= 0p(Jr/VTar)0y(v/Jr//Tar) = 0,(1)
Then the result holds by theorem 5.4 of Donald et al (2003).

QED

Proof of Corollary 1

From section 5.2 in Singleton (2001)2!,
V= E[DX)S(X)'D(X)] = 1(6°)7"
as Ji 7 — 0o. Then, by Brockwell and Davis (1991), we may conclude that:
VT (b7 —6°) % N'(0,1(6°)7)

QED

21The main idea of the proof in Singleton (2001) is that there exists a continuum (in u) of instrument:
1 Blnfeo
— [ exp (—ux
2n | OP )

that leads to the MLE efficiency (Feuerverger and McDunnough, 1981). Then by using the optimal instrument by
Hansen (1985) with an increasing number of u’s, the same efficiency result can be attained.

(z|X¢) dz
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