*

Volatility Regressions with Fat Tails

Jihyun Kim Nour Meddahi
Toulouse School of Economics

December 7, 2018

Abstract

Nowadays, a common practice to forecast integrated variance is to do simple OLS
autoregressions of the observed realized variance data. However, non-parametric esti-
mates of the tail index of this realized variance process reveal that its second moment
is possibly unbounded. In this case, the behavior of the OLS estimators and the cor-
responding statistics are unclear. We prove that when the second moment of the spot
variance is unbounded, the slope of the spot variance’s autoregression converges to
a random variable when the sample size diverges. Likewise, the same result holds
when one consider either integrated variance’s autoregression or the realized variance
one. We then consider a class of variance models based on diffusion processes hav-
ing an affine form of drift, where the class includes GARCH and CEV processes, and
we prove that IV estimations with adequate instruments provide consistent estima-
tors of the drift parameters as long as the variance process has a finite first moment
regardless of the existence of finite second moment. In particular, for the GARCH dif-
fusion model with fat tails, an IV estimation where the instrument equals the sign of
the (demeaned) lagged value of the variable of interest provides consistent estimators.

Simulation results corroborate the theoretical findings of the paper.
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1. Introduction

In this paper, we are interested in using high-frequency based measures to forecast
future variance. A common practice is to approximate the latent daily integrated
variance by high-frequency based realized measures like realized variance (Andersen
et al. (2001)) or robust-to-noise measures (Zhang et al. (2005); Barndorff-Nielsen et al.
(2008); Jacod et al. (2009)), and then to estimate by OLS a simple autoregressive
regression of this realized measures to get a forecast of the integrated variance. This
autoregressive regression is often misspecified because the dynamics of the integrated
variance is more complex than a simple autoregressive process. For instance, if the
true instantaneous (or spot) variance is a square-root process, then the integrated and
realized variances are ARMA (1,1) processes (Barndorff-Nielsen and Shephard (2002);
Meddahi (2003)). Still, even if the autoregression model is misspecified, it provides a
very accurate forecast because integrated variance as well as high-frequency realized
measures are persistent and therefore few lags are sufficient to predict well future
volatility (Andersen et al. (2003); Andersen et al. (2004)).

On the other hand, the GARCH era (Engle (1982); Bollerslev (1986)) based on
parametric models of daily data provides very useful information about the variance
process. One of them which is a primary interest in this paper is fat tails. When
one estimates a daily GARCH model on stock returns or exchange rates, one often
finds that the returns’ fourth moment is not bounded or close to be unbounded. If the
fourth moment of the returns is unbound, then the second moment of the daily realize
variance defined as the sum of intra-daily squared returns is also unbounded. Conse-
quently, the interpretation, based on L? projections, of the autoregressive regression
and the OLS estimation are questionable. Likewise, the delivered forecast and all the
statistical tools, relying on Gaussian limit theory, used to assess the quality of the
forecast could be invalid.

The doubt about the finiteness of the fourth moment of the returns is based on
a parametric model of the volatility. In contrast, an important contribution of the
high-frequency volatility literature is that the availability of a lot of information allows
one to get non-parametric measures of the variance, and therefore, to get rid of these
volatility parametric models. It is therefore necessary to assess the finiteness of the

second moment of realized measures in a non-parametric way. The solution hinges on



a non-parametric estimation of the tail index. We use the Hill’s (1975) estimator to
our data and we get the same result. More precisely, we find that the Hill estimator of
the tail index of the daily returns is close to four, while it is close to two for the daily
realized variance, and two other popular measures which are robust to the presence of
jumps, namely the bipower variance of Barndorff-Nielsen and Shephard (2004b, 2006)
and the threshold variance estimator of Jacod (2008, 2012) and Mancini (2009).

In this paper, we revisit the results about the autoregressive regression of the vari-
ance process like Andersen et al. (2004) when the second moment of the spot variance
is possibly unbounded, implying that the second moment of integrated and realized
variances are unbounded.! When the instantaneous variance has an unbounded sec-
ond moment, then the results in Andersen et al. (2004) are no more valid because
one can not compute population autoregression parameters.

We study empirical regressions instead of population regressions. More precisely,
we analyze the asymptotic behavior of the OLS estimator of the autoregressions. We
consider autoregressions of three variables: the spot variance, the integrated variance
and the realized variance. Of course, the first two autoregressions are not doable
in practice because the variables are not observed, but still the two autoregressions
provide good benchmarks. In particular, the third autoregression will try to mimic
the second one.

The asymptotic behavior of an OLS estimator under fat tails is ambiguous and
depends on the model. For instance, when one considers an autoregressive process of
order one with i.i.d. errors and unbounded variance, the OLS estimator is consistent
whether the autoregressive parameter is smaller than one (Hannan and Kanter (1977)
and Knight (1987)) or equals to one (Chan and Tran (1989) and Phillips (1990)).
In contrast, when one considers an ARCH or GARCH process, the autocorrelation
parameters of the squared process converge to random variables when the fourth
moment of the process is unbounded (Davis and Mikosch (1998) and Mikosch and
Starica (2000)). It is therefore needed to study the behavior of the OLS estimator
when one does an autoregression of volatility measures.

When we study the autoregressions, we consider two types of asymptotic ap-

"When one considers a continuous time model without jumps and without market microstructure
noise, the fourth moment of the intra-day returns is unbounded if and only if the second moment of
the instantaneous variance is infinite.



proaches. Two time-dimension variables will play a role in these asymptotic analysis:
A which is the length of sub-periods and the time span denoted 7. In the first
asymptotic approach, we assume that A — 0 while T is fixed or diverges to co. We
do this type of asymptotic because we want to characterize the behavior of the OLS
estimators without making a parametric model assumption as did Andersen et al.
(2004). In the second asymptotic approach, we keep A fixed and allow 7" — oo at
the cost of making a parametric assumption of the variance diffusion process.

In the first asymptotic analysis with A — 0, we characterize the behavior of
the OLS estimators of the three regressions’ slopes. When the spot variance process
has a bounded second moment, we prove that the OLS estimators converge to finite
quantities, which are the same ones as the population parameters derived in Andersen
et al. (2004). In contrast, when the spot variance has an unbounded second moment,
we prove that the OLS estimators converge to random variables. Both the simulations
and the comparison with the results in Andersen et al. (2004) when the spot variance
has a finite second moment corroborate the good quality of our approach.

These results are obviously negative. Providing positive results in a general con-
text is not easy because one needs to specify the object of interest. We therefore con-
sider a class of variance models based on diffusion processes having an affine form of
drift, where the class includes GARCH and CEV processes, with possibly unbounded
second moment. For this semiparametric class of models, we follow the literature on
regressions with fat tails like Blattberg and Sargent (1971) and Samorodnitsky et al.
(2007) by considering instrumental variable (IV) estimations. We prove that the IV
estimators become consistent estimators of the drift parameters when instruments
are chosen appropriately.

Samorodnitsky et al. (2007) studied the estimation of linear regression models
where the explanatory and the noise variables have fat tails. It considered estimators
that have an instrumental variable interpretation where the instrument is a signed
power of the explanatory variable, with the OLS being a particular case. The choice
of the power is selected for either efficiency purposes or for getting an estimator with
a normal asymptotic distribution, which is often not the case of the OLS estimator
when it is consistent. However, in this paper, we select the instruments for consistency
purposes of the drift parameters. The asymptotic distribution of the estimator as well

as the efficiency question are not studied and left for future research.



When A is fixed, unlike the asymptotics with A — 0, we need a conditional mo-
ment restriction for the asymptotics of IV estimators. It is well known for a stationary
diffusion with affine drift that the conditional mean is also affine as long as the diffu-
sion has a bounded second moment (see for instance Meddahi and Renault (2004)).
We prove for a GARCH diffusion that the result is still valid when the second moment
is unbounded. We then show that the IV estimation with adequate instruments leads
to consistent estimators of the drift parameters. A particular instrument we study
is the sign of the lagged value of the demeaned spot variance, corresponding to a
power zero of the signed power instrument mentioned above. This estimator is first
proposed by Cauchy (1836), and is often referred to as the “Cauchy estimator” (see,
e.g., So and Shin (1999); Phillips et al. (2004); Choi et al. (2016) for the recent use
of the Cauchy estimator).

Interestingly, Jean-Marie Dufour used in several studies sign-based methods for in-
ference purposes, especially for exact inference in finite sample. In particular, he used
such approach in Coudin and Dufour (2009, 2017) in order to provide inference about
the slope parameter in a linear regression model without making moment restrictions
on the disturbance errors and therefore allowing for fat tails. The assumption made
in these papers is a median restriction on the errors conditional on the explanatory
variables. In other words, we are using the same approach with a slightly different
framework because we assume that the (conditional) first moment of the errors exists
and equals zero but we do not make assumptions on higher moments.

The paper is organized as follows. The next section provides the setup, an em-
pirical motivation for fat tails, and various regressions. In Section 3, we analyze the
asymptotic behavior of the OLS estimators when A — 0. Section 4 studies the IV
estimation, while Section 5 provides two extensions, including the estimation with a
fixed A. Section 6 provides simulations to assess the finite sample properties of the
estimators, while the last section concludes. All the proofs are provided in Appendix.

Throughout the paper we use “Pr ~ Qr” to denote Pr = Qr(1+0(1)). Similarly,
“Pr ~, Qr” and “Pr ~4 Q7" mean Pr = Qr(1 + 0,(1)) and Pr =4 Qr(1 + 0,(1)),
respectively. These notations, as well as other standard notations used in asymptotics,

will be used frequently throughout the paper without further references.



2. Model and Preliminaries

2.1. Spot, Integrated and Realized Variances

We consider a price process (P;,0 < t < T') defined on a filtered probability space
(Q, F, (Fi)i>0,P). Our basic assumption is that P, is a Brownian semimartingale with

the following form:

dlog(P,) = Dydt + V;" 2w},

where W[ is a Brownian motion, D; and V; are adapted processes with cadlag paths.
For a A-interval, we define the spot variance (v;), integrated variance (z;) and realized

variance (y;) of the price process (P;) as

1 A

1
v; = Via, Ty = Z A Vidt, Yi = Z ; ( (i— 1)A+]§) ) (2-1)

fori =1,---, N with NA = T, where r is the §-period return defined as r (i 1)A+]5
log(P(i_l)Aﬂ(;) log(Pi—1ya+(j-1)s) for j = 1,--- ,n with nd = A. It is well known
that the realized variance y is a noisy measure of the integrated variance x, and

satisfies
("/2)1/2<yz' — ;) —a miN(0, 1), (2.2)

where 77 = A™! (l HA A V2dt, as n — oo for fixed A and for each i = 1,--- | N. See,
e.g., Barndorff-Nielsen and Shephard (2004a). Moreover, the convergence (2.2) holds
jointly fori =1,--- N if T'= NA is fixed (see, e.g., Jacod and Protter (1998)).

In this paper, we analyze the asymptotic properties of various estimators for the

volatility regression. Specifically, we consider the first order autoregression
Zigr = o+ AWz Fuiy with E>0 (2.3)

for z = v,z,y, and estimate the slope coefficient ﬁgk) using OLS or IV method.
Our asymptotics for z = v, x involve two parameters, the sampling interval A and
the time span T, and it is developed under the assumption that A — 0 and T" —
oo simultaneously. On the other hand, the asymptotics for z = y involve three

parameters, the sampling interval A at low-frequency, the sampling interval § at



high-frequency, and the time span 7. In this case, the asymptotics are developed
under the assumption that 6/A — 0, A — 0 and 7' — oo simultaneously.
To effectively analyze the large T asymptotics, we assume that the underlying

variance process V' is a diffusion process on D = (v,7) C R driven by
AV, = p(Vy)dt + o(V;)dWy, (2.4)

where W is a Brownian motion, and p and o are respectively drift and diffusion
functions of V. To obtain more explicit asymptotic results, we mainly consider a
pure diffusion V' without having leverage effects, i.e., each of V' and D is independent
of WF unless we mention that they are dependent. We believe that the implications
of our results under no leverage effect remain valid for the model with leverage effects.

We let s be the scale function defined as

s(v) = /y exp (— /ym (27‘;8 dz) dz, (2.5)

where the lower limits of the integrals can be arbitrarily chosen to be any point y € D.

Defined as such, the scale function s is uniquely identified up to any increasing affine
transformation, i.e., if s is a scale function, then so is as + b for any constants a > 0

and —oo < b < co. We also define the speed density

b
(0%s')(v)

on D, where s’ is the derivative of s, often called the scale density, which is assumed

m(v) = (2.6)

to exist. The speed density is defined to be the measure on D given by the speed
density with respect to the Lebesgue measure.

Throughout this paper, we assume

Assumption 2.1. (a) 0?(v) > 0 for allv € D, and (b) u(v)/c*(v) and 1/c*(v) are
locally integrable at every v € D.

Assumption 2.1 provides a simple sufficient set of conditions to ensure that a
weak solution to the stochastic differential equation (2.4) exists uniquely up to an
explosion time. See, e.g., Theorem 5.5.15 in Karatzas and Shreve (1991). Note,

under Assumption 2.1, that both the scale function s and speed density m are well



defined, and that the scale function is strictly increasing, on D. Consequently, the
natural scale diffusion V* of V', where V* = s(V), is well defined with speed density

ms = (m/s') o s7L. Tt follows immedaitely from Ito’s lemma that the natural scale
diffusion V* has no drift term. Following Kim and Park (2017), we use the natural

scale representation in the development of our long span asymptotics.

2.2.  Population Regressions with GARCH Diffusions

In this section, we study the volatility regressions in population. Under E(V}?) < oo,
Andersen et al. (2004) analyzed the volatility regressions in population. These authors
considered the Eigenfunction Stochastic Volatility (ESV) model of Meddahi (2001) to
derive analytical forecast results. Examples of ESV includes the square-root model,
the log-normal stochastic volatility model and the GARCH diffusion model. We focus
here on the GARCH diffusion model of Nelson (1990) because this example allows for
unbounded moments while the two other ones lead to bounded ones. More precisely,

assume that the spot variance process V;, defined on (0, c0), is given by
dVi = k(p — Vi)dt + oV, dW. (2.7)

Under the stationarity conditions on V;, one can easily prove that the second moment

of V; is bounded if and only if 0% < 2k.

2.2.1 GARCH Diffusions with E(V?) < oo

Andersen et al. (2004) computed the population values of the autocovariances of
spot (v), integrated (x) and realized variances (y) under E(V;?) < co. From these
quantities, one gets the corresponding autoregressive coefficients 3,, 3, and §,. In

particular, one has

L Ooep(hA) (1 ep-ra))
2exp(—rA) + kA —17 7Y A2 Var(y) ’

ﬁv = eXp(—liA), Ba:
where

Var(y) =2

2 2¢2 2
U (exp(— Sy A (0T _
A2 (exp(—rA) + KA — 1) + SA < + - (exp(—krd) + Ko 1)) )



with ag = E(V;) = p and a} = Var(V;) = p?c?/(2k — o?).

One should notice that in this example, the spot variance is an AR(1) process
while both integrated and realized variances are ARMA(1,1) processes. In addition,
the three processes have the same autoregressive root which equals exp(—rA).

When A is small, one gets
2
By =1— KA+ 0(A), Br = 1—§/<A—|—0(A).

Likewise, when both A and §/A are small, one gets

2 § E(V?)
1= Zen =22 P LAY o5/
ﬁy 3/{ AV@T(W) +O( >+O( / )
with Var(V;) = p?c?/(25 — 0?) and E(V?) = 2kpu?/(2k — 0?). Tt is interesting to
notice that, as /A, A — 0, we have

2 2
By—1~ —Ak,  Bo—l~—Ak,  By—1r~—Ak—do—

3 3 Ax (29

that is, integrated variance has a larger first order autocorrelation than the spot and

realized variances.

2.2.2 GARCH Diffusions with E(V;) < 0o

One can easily prove that
t+A
Viea =+ exp(—rA) (Vi — 1) + €14n,  Et4n = a/ exp(—r(t + A — u))V,du.
t

When E(V/?) < oo, g4 is a martingale-difference-sequence (m.d.s.), which implies
that
E[Visa | Vi = p+ exp(=rA)(V; — p). (2.9)

However, the m.d.s. result is not valid when E(V;?) = co because fOHA exp(—k(t+A—

u))V,du is not a martingale but a local martingale. Interestingly, we are able to prove
that (2.9) is still valid when V; is a stationary GARCH diffusion with E(V;) < oo,
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whether E(V}?) is finite or not.”

Lemma 2.1. For any A > 0, we have
E[(vi1 — 1) — exp(—rA)(v; — p)|v;] = 0. (2.10)

When E(V;?) < oo, the previous result implies that V; is an AR(1), from which one
can estimate exp(—kA) by using an autoregression of order one of the spot variance.
However, both the integrated and realized variances are ARMA(1,1) processes, which
implies that first order autoregressions of these variables will not deliver a consis-
tent estimator of the autoregressive parameter exp(—xA). However, Meddahi (2003)
derived multiperiod moment restrictions fulfilled by the integrated and realized vari-
ances when E(V;?) < oco. The following result proves that these multiperiod moment

restrictions are still valid when E(V;?) = occ.

Proposition 2.2. Let A > 0. (a) For z = v,x, we have
E[(zi41 — 1) = exp(=rA) (2 = p)|zi1] = 0. (2.11)

(b) If Dy = 0 almost surely for all t > 0, then the result in Part (a) holds for z = y.

Proposition 2.2 will allow us to estimate consistently the coefficient exp(—rA)

even when E(V}?) = co by using the following corollary:

Corollary 2.3. Let r : R — R be bounded such that E[(z; — p)r(zi—1 — p)] # 0 for a
gwen A > 0. If Dy =0 almost surely for all t > 0, we have

E[(zip1 — p)r(2i1 — )]

E[(z — p)r(zioy — p)] = exp(—rA)

for z=v,x,y.

2.3.  Empirical Evidences of Fat Tails

We now assess the magnitude of tails of empirical data. We use trade data on the
SPDR S&P 500 ETF (SPY), which is an exchange traded fund (ETF) that tracks

2We are very grateful to Jean Jacod for providing us the proof of the result.
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the S&P 500 index. Our primary sample comprises 10 years of trade data on SPY
starting from June 15, 2004 through June 13, 2014 as available in the New York
Stock Exchange Trade and Quote (TAQ) database. This tick-by-tick dataset has
been cleaned according to the procedure outlined by Barndorff-Nielsen et al. (2008).
We also remove short trading days leaving us with 2,497 days of trade data. In
addition, we consider three subperiods: Before Crisis, from June 15, 2004 through
August 29, 2008 (1,053 trading days); During Crisis, from September 2, 2008 through
May 29, 2009 (185 trading days), and After Crisis, from June 1, 2009 through June
13, 2014 (1,259 trading days).

We estimate the tail index of the daily open-to-close returns and daily realized
variance based on five minutes intra-day returns. Because we could have jumps
that may affect the tail of the realized variance data, we also consider daily bipower
variation which is a consistent estimator of integrated variance under the presence of
jumps (see Barndorff-Nielsen and Shephard (2003, 2004b, 2006); Barndorff-Nielsen
et al. (2005); Barndorff-Nielsen et al. (2006)) as well as the threshold estimator of
integrated variance (see Jacod (2008, 2012); Mancini (2009); Jacod and Rosenbaum
(2013)).

We estimate the tail index by using the Hill’s (1975) estimator. Let (X;)!, be a

stationary time series with

PIX; > 2] ~ 27%(z), x — oo,

1

for some slowly varying function ¢. The Hill’s estimator for =" which arose in the

1.1.d. context as a conditional MLE is defined as

where (X(;))i_, is the order statistics X,) < -+ < Xg,) < -+ < X(q) for some &, <n
such that k,, — oo and k,/n — 0 as n — oo.

The results by Hsing (1991) and Resnick and Starica (1995) indicate that the Hill
estimator is asymptotically quite robust with respect to deviations from independence;
Resnick and Starica (1998) prove consistency under ARCH-type dependence. See
also Hill (2010) for some other processes including ARFIMA, FIGARCH, explosive
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GARCH, nonlinear ARMA-GARCH and etc.

Valid standard errors of the Hill estimator are available for some specific models
with serial correlation. Therefore, we will not provide any of them. Instead, we follow
the literature by providing Hill’s plots, that is by varying the integer k,. A flat area
is viewed as a good estimator of the tail index. As usual, we truncate k,. In practice
we start with k£ = 25.

Figure 1 depicts the Hill index of the returns and three volatility measures over
the whole period for k, between 25 and 500. The first panel provides the estimator
for the returns, which is clearly below four. The second panel depicts the tail index
of the three volatility measures. The plots suggest that the tail of these measures is
below two. Observe that the three plots have flat areas, with a tail index between 1.2
and 1.4. One should notice that the plots for the three volatility measures are quite
close.

The period considered in the previous figure includes the financial crisis. A natural
question is whether the strong empirical evidence of fat tails is driven by the crisis’
period. We therefore carry the Hill estimators for the periods before, during, and
after crisis, as explained above. Given the length of the crisis period (185 trading
days), we vary k, from 25 to 150. Figure 2 depicts the Hill index of the returns on
the top panel and the realized volatility on the bottom panel for the three periods
while Figure 3 depicts those of the bipower (top panel) and threshold (bottom panel)
measures. Clearly, the crisis period exhibits fatter tails than the other two periods for
the four variables. However, both the periods before and after the crisis suggest very
fat tails with a tail index slightly below four for the returns and around two for the
three volatility measures. Therefore, the evidence of fat tails and unbounded second

moment for the volatility measures is quite strong.

3. Least Square Estimates

In this section, we consider the OLS estimator ng) for ng) in (2.3) given by

SN (zimk = ZN)zim

Bik) = N—1
Y icwr1(Zick — Zn)?
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where Zy is the sample mean of (z;_ : i=k+1,--- ;N —1). For k = 0, we simply
write B = B, and BS’) = 8,.

3.1. Primary Asymptotics

Recall that 7= NA and A = nd. For our asymptotics here we let /A, A — 0, with
T being fixed or T' — oo simultaneously as §/A; A — 0. In case we have 6/A; A — 0
and T'— oo simultaneously, we assume that §/A; A — 0 sufficiently fast relative to
T — oo. It is indeed more relevant in a majority of practical applications, which rely
on observations collected at small sampling intervals over moderately long span.

In our asymptotics, we frequently deal with various functional transforms of D
and V over time interval [0,7]. To effectively handle such functional transforms, we
define

Tp = ma%F\Dt\ and T(f)= max |[f(V})]

0<t< 0<t<T
for some function f : D — R. We also denote by ¢ the identity function on D, and
t(v) = v for all v € D. Consequently, we have T'(+) = maxo<i<r |V;| for the identity
function. Obviously, Tp and T'(¢) are the asymptotic orders of extremal process of D
and V', respectively. The order of the extremal process is known for a wide class of
diffusions. For instance, under some regularity conditions, the extremal process of a
stationary diffusion V' is of order O,(s™!(T)), where s is the scale function of V, to
which the reader is referred to, e.g., Davis (1982). More generally, we may obtain the
exact rate of T'(f) from the asymptotic behavior of extremal process. In particular, if

f is regularly varying and cr is the order of the extremal process, then the asymptotic
order of T'(f) is given by O,(f(cr)).

Assumption 3.1. (a) o2 is twice continuously differentiable on D, and (b) for f = u,
o2, 0%, 0% and 1, there is a locally bounded function w : D — R such that | f(v)| <

w(v) for allv € D.

The differentiability condition of ¢ in Assumption 3.1 (a) is routinely assumed
in the study of diffusion models. Under Assumption 3.1 (a), the majorizing function

w in Assumption 3.1 (b) always exists as long as p is locally bounded.

Assumption 3.2. For w in Assumption 3.1, AT (w®)T?log(T/A) —, 0.
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Assumption 3.3. For w in Assumption 3.1, (6/A)T(w®)T?1log®(T /) —, 0.
Assumption 3.4. (§/A)TAT —, 0.
Assumption 3.5. (§/A%) = O(1).

Assumption 3.2 is similar to Assumption 5.1 in Kim and Park (2017), and pro-
vides a sufficient condition for our primary asymptotics of spot variance (v;) and
integrated variance (z;). On the other hand, the asymptotics of realized variance (y;)
involve three parameters, 6, A and T, and require Assumptions 3.3-3.5 in addition
to Assumption 3.2. The role of Assumption 3.3 is to analyze the asymptotic effect
of the errors (z; — y;) in the OLS estimates. On the other hand, Assumption 3.4 is
a condition to control the effects from the drift part (D) in (P;) so that (D) has
no asymptotic impact in the asymptotics of the OLS estimates with (y;). Lastly,
Assumption 3.5 is to exclude less interesting cases where the errors (z; —y;) dominate
the signals (z;) in the OLS estimates with (y;). In particular, if §/A% — oo, then the
error components may have bigger stochastic order than the signals.

Assumptions 3.2-3.4 make it necessary to have A — 0 and §/A — 0. For a fixed
T, a set of necessary and sufficient conditions for Assumptions 3.2-3.4 is A — 0 and
(6/A)log®(1/6) — 0. Our asymptotics in the paper are derived under the conditions
A —0,0/A — 0and T — oo jointly. For Assumptions 3.2-3.4 to hold, it requires
A — 0 and 6/A — 0 sufficiently fastly as T"— oo. For instance, Assumption 3.2
holds as long as A = O(T~27¢) for some € > 0, if V' is bounded with T'(w®) = O,(1).
For example, if daily observations over five years are available, then A = 1/250 and
T2 = 1/25.% Our asymptotics in this section hold jointly in §, A and T under
Assumptions 3.1-3.5, and we do not use sequential asymptotics, requiring §/A — 0,
A — 0 and T — oo sequentially.

To effectively explain our asymptotics, we apply the summation by parts to the

3In our framework, the length A of day is a relative concept, and should be defined with the
length of year simultaneously. If we set A = 1/250, then 7" = 1 becomes a year. However, if we set
A =1, then T' = 250 becomes a year. Similarly, the sampling interval ¢ of the intraday observations
should be defined with the length A of the day.
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5(k . .
numerator of 3,2 ), and rewrite it as

B( ) 1 — 1 Z] =0 ((ZN —j Z%—l—j) —Zn(2n—j — Z1+j))
a N
2 Zz k}i-l(zl k — )2
1 Ez k+1<zz+1 Zick)?

N—1
2 Zz’:kﬂ(zi% —Zn)?

(3.1)

For each term in (3.1), we have the following continuous time approximations when
A — 0 and 6/A — 0 such that Assumptions 3.1 and 3.2 holds.

Lemma 3.1. Let Assumptions 3.1-3.5 hold.
(a) For k > 0, we have

Ma

((Rrsy = 211y) = v (aveg = 2149)) ~p (LK) (VE = VG = Ve (Ve = Vp))

Jj=0
N-1

T
> (n =By [ (V= Vo
0

i=k+1

where Vo =T " fOT Vidt, for z = v, x,y.
(b) For k >0, we have

N-1 N-1 N-1
Z (Zig1 — Zifk:)Z ~p Z(Zz’+1 - Zz‘)2 +k Z(Ui+1 — Uz‘)Z
i=k+1 =1 =1

for z=wv,z,y, and

Vir, for z=w

Z Fitl T ~ 9 (2/3)[V]r, forz==x
= (2/3)[V]r + (46/A?) fOT V2dt, forz=y.

Remark 3.1. (a) The continuous time approximations of the sum of squared incre-

ments (SSI), ZZ]\;}H (2i41—2i)%, in Lemma 3.1 (b) are depending upon 2. In particular,
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we have
N—1 N—1
Y (@i —m) < Y (v —w), (3.2)
i=k+1 i=k+1
N-1 N-1
Z (l'z'+1 — xi>2 < Z (yi+1 - ?/i)2 (3-3)
i=k+1 i=k+1

with probability approaching one as 6/A,; A — 0 under Assumptions 3.1-3.5. An
intuitive explanation for the inequalities in (3.2) and (3.3) are as follow. We can
naturally expect that the integrated variance (z;) has more smoother sample path
compare to that of the spot variance (v;). As a result, the SSI of (z;) tends to be
smaller than that of (v;), and we have the first inequality in (3.2). On the other
hand, the realized variance (y;) is a noisy measure of the integrated variance (z;),
and the error component in (y;) generates additional variation. Consequently, the
sample path of (y;) becomes more rougher compare to that of (z;), and hence, (3.3)
holds.

(b) Unlike Lemma 3.1 (b), the continuous time approximations in Lemma 3.1 are
identical for all z = v,z,y. The results in Lemma 3.1 (a) are well expected since
|2; — Vii—1)a| = 0 for all 2z as long as §/A and A are sufficiently small relative to T'.

(c) It follows from Ito’s lemma and Lemma 3.1 with k£ = 0 that

.Z_(Zi —Zn)(%ig1 — 2)
foT Vi— VT)dVi, for z =

~p fo 7)dV; + (1/6)[V]r, for z = (3.4)
JE (Vi = Vip)dVi + (1/6)[V]r — (26/A?) [f V2dt, for 2=y

as 0/A, A — 0 under Assumptions 3.1-3.5. The result (3.4) for z = v is quite natural
and expectable by the asymptotic negligibility of discretization errors when A — 0.

In a similar argument, one may expect

N-1

T
ZN)(Zip1 — 2i) ~p / (Vi =Vp)dV, for z=uz,y (3.5)
0

i=1
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since supg<;<y |2 — vi| =, 0 as 0/A, A — 0. However, we have (3.4), and the conjec-
ture (3.5) is not true. This is not surprising at all since the convergence of stochastic
process does not necessarily imply the convergence of stochastic integral associated
with the stochastic process. The reader is referred to Kurtz and Protter (1991) for

more detailed discussions about the weak convergence of stochastic integrals.

The primary asymptotics for ng) can be easily obtained by successively applying

Lemma 3.1 and Ito’s lemma to (3.1).

Proposition 3.2. Under Assumptions 3.1-5.5, we have

b1 ade V= Vr)dVi
) ’ foT(Vt - VTPdt’

By — 1~ AfoT(Vt —Vr)dV; + (1/6)[V]r
) ’ foT(Vt — Vr)2dt

4 1 ado (= VD)Vt (1/6)VIr = (26/A%) Jy Vit

[ (Vi = Vip)2dt

and

ng) —1 ~p (Bz - 1) + k(Bv - 1)

Remark 3.2. (a) As explained in Remark 3.1 (a), (z;) has more smoother sample
paths than (v;), and hence, we have (3.2). In Proposition 3.2, we have B, < B3, which
implies that (z;) tends to have more persistent sample paths than (v;). This result
is a consequence of (3.2). Moreover, By is downward biased with By < Bw which is
induced by the errors in (y;).

(b) Note that Assumptions 3.3-3.5 do not necessarily imply §/A? — 0. Therefore,
the speeds of § — 0 and A — 0 are important in the asymptotic negligibility of the
estimation errors of (y;). In particular, if §/A? — 0 sufficiently quickly, then the errors
of (y;) become asymptotically negligible, and hence, we may have By —1~ B,—1. In
Section 5.1, we analyze the asymptotics negligibility of the estimation errors of (y;)
for more general class of estimators, including the OLS and IV estimators, under the

presence of leverage effects.
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3.2. Long Span Asymptotics

The primary asymptotics in Proposition 3.2 do not require 7" — oco. In particular,
if T is fixed, then (N/T)(, — 1) = (1/A)(3. — 1) is random for all z = v, z,y,
and is determined by a particular realization of the underlying variance process V.
Under the fixed T" asymptotic scheme, the law of motion of V is less important. In
particular, the results in Proposition 3.2 require neither certain moment conditions
nor stationarity. However, the underlying probabilistic structure of V' is crucial in
the development of the large T" asymptotics.

In our long span asymptotics, we only consider a stationary diffusion V' to effec-
tively analyze consequences of fat tails in the volatility regressions. Under Assumption
2.1, the diffusion V' is recurrent if and only if s(v) = —oo and s(v) = oo, where s is the
scale function defined in (2.5). A diffusion which is not recurrent is said to be tran-
sient. Furthermore, the recurrent diffusion V' becomes positive recurrent or null recur-
rent, depending upon whether the speed density m in (2.6) is integrable on D or not.
Positive recurrent diffusions have time invariant distributions, and if they are started
from the time invariant distributions they become Stationary The time invariant den-
sity of the positive recurrent diffusion V' is given by (v v)/ fD v)dv. There-
fore, conditions on unconditional moments are characterized by corresponding m-
integrability conditions. For instance, ]E( f (Vt)) < oo if and only if f is m—integrable
since E(f = [ f(v)m(v)dv and 7 (v (v)/ [ m(v)dv with [ m(v)dv < co.

Smce we allow fat talls, we consider not only 1ntegrab1e functions but also noninte-
grable functions with respect to the speed density m of V. We will not require any reg-
ularity conditions for m-integrable functions. To effectively analyze m-nonintegrable
functions, however, we need some regularity conditions. Following Kim and Park
(2017), it will be maintained throughout the paper that all m-nonintegrable functions
f are m-regularly varying, i.e., mf is regularly varying on D. For a m-nonintegrable
function f, we say that f is m-strongly nonintegrable if f¢ is not m-integrable for
any slowly varying function ¢ on D. On the other hand, we say that f is m-nearly
integrable if f¢ is m-integrable for some slowly varying function ¢ on D.

We assume that

Assumption 3.6. (a) s’ is reqularly varying or rapidly varying with index ¢ # —1,

2

(b) o2 is reqularly varying, and (c) f = o2, % is either m-integrable or m-strongly
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nonintegrable.

Assumption 3.6 (a) and (b) appear in Kim and Park (2018), and are mild enough
to include most diffusion processes used in practice. The reader is also referred to
Bingham et al. (1993) for more discussions about the regularly and rapidly varying
functions. In Assumption 3.6 (c), we assume that o and (? are m-strongly noninte-
grable as long as they are not m-integrable. This assumption is a technical condition
to simplify our discussions below. Our subsequent theory can also be developed un-
der the m-near integrablility at the cost of more involved analysis (see Kim and Park
(2017, 2018) for the related discussions).

In the following, we let f, = f o s~ ! for any function f on D other than m.*
Moreover, for a regularly varying function f on R, we define its limit homogeneous
function f as f(\v)/f(A\) — f(v) as A — oo for all v # 0.

We define numerical sequences pr and g as

T if o2 is m-integrable
pbr =
T?(mgo?)(T) if 02 is m-strongly nonintegrable
T if 12 is m-integrable
qr =
T%*(mg?)(T) if 12 is m-strongly nonintegrable,
and let
b E(c%(V;)) if 02 is m-integrable
Jo mso2(B,)dt if 02 is m-strongly nonintegrable
E(V?) if 12 is m-integrable
B Jo msi2(By)dt if 12 is m-strongly nonintegrable
E(V?) — (E(V;))? if 1 is m-integrable
" mg2(By)dt if 12 is m-strongly nonintegrable,
0 s

where B is Brownian motion and 7 = inf{¢|L(¢,0) > 1/ [, m(v)dv} with Brownian
local time L(-,0) of B at the origin (i.e., L(,0) = lim.,o(2¢)~" [J 1{|B,| < €}ds).
Under Assumption 3.6, both (pr,qr) and (P,Q,S) are well defined (see Kim and

4In Section 2.1, my is defined as m, = (m/s’) o s~ which is the speed density of natural scale
diffusion V* = s(V) of the underlying diffusion V.
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Park (2017)).

Lemma 3.3. Let Assumption 3.6 hold. Then Tpr/qr — oo and

1 1 [T — P
p—[V]T —aq P, p_ (Vt - VT)th —d —57
T T
1 [T 1 [T —
q—T %2dt —d Q, q—T (‘/;5 — VT)2dt —d S
0

as T — 0.

Under the m-integrability of f = :?,0%, Lemma 3.3 becomes a standard law of

large numbers of stationary diffusions. However, if f = (2, o2

is not m-integrable,
the standard limit theory is not applicable and we have completely different limit
theory. In particular, the limit distribution fo my fs(B;)dt is not Gaussian and is
highly nonstandard. Moreover, the normalizing sequence T2 (m; f,)(T) diverges faster
than T since the function m,fs becomes a regularly varying function with index
¢ > —1 as long as f is not m-integrable and Assumption 3.6 holds. The reader is
referred to Kim and Park (2017) for more detailed discussions about the asymptotics
of diffusion functionals.

The long span asymptotics for B, follow immediately from Proposition 3.2 with

Lemma 3.3.
Theorem 3.4. Let Assumptions 3.1-5.6 hold. As §/A; A — 0 and T — oo, we have

B—lwd—AqT;; ﬁ—1~d—AqT3PS B~ 1y —abrl 026
As shown in Lemma 3.3 that P, Q and S become constants only when both ¢
and o2 are m-integrable. The relation ~,; in Theorem 3.4 becomes ~,, if P, Q and S
are all constants. On the other hand, if /> and o2 are not m-integrable, then P,
and S remain random. In this case, Theorem 3.4 implies that Bz — 1 is random for
all small A.

Remark 3.3. The results in Theorem 3.4 can be applied to a broad class of volatility

processes used in the literature.
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(a) If both ¢ and «? are m-integrable, then pr = q¢r = T and

. E(o2(V,)) 4 2 . . . 0 2E(V?)
By —1 ~p _AW7 Bz —1 ~p g(ﬁv - 1)7 By -1 ~p (556 - 1) - ZVCLT(%)'

(b) For a stationary Ornstein-Uhlenbeck process V', given as
AV = k(p — Vi)dt + odW,,

we have E(0?(V})) = o2, Var(V;) = 02?/(2x) and E(V?) = 0%/(2k) + p?. Therefore,

) . 2 X 2 ) 212
Bu=loy =Ar, Br—lry =Dk, f—1e, Atk —2% <1+ ’“‘). (3.6)

A o2

(c) Let V be a stationary GARCH diffusion (2.7) with 0% < 2k so that E(V}?) <
co. In this case, we have E(c?(V})) = o?E(V}?), Var(V;) = p*0?/(2k — 0?) and
E(V?) = 2ku?/(2k — 0?), and hence, Theorem 3.4 implies

. A 2 . 2 0 K

Bo—lmy=Ar Bo—1ry =AZh, = ley —Alk—d3 . (3)
It is interesting to note that the results (3.7) are the same as (2.8) for population
regressions derived by Andersen et al. (2004).

(d) Let V be a stationary GARCH diffusion (2.7) with 2x < ¢ so that E(V}?) =
E(c%(V;)) = co. In this case, pr = 0%qr and P = Q = S, and therefore, we have

R 1 i 1 . 1 J

By — 1~ —A§<72, Be—1r~, —A502, B, — 1~y —A302 —25 (38)
Under E(V2) < oo, as shown in Remark 3.3 (c), the limits of (3, — 1)/A are mainly
determined by the mean reversion parameter s in the drift function p(v). Under
E(V;?) = oo, the limits (f, — 1)/A are still constant, but they are determined by the
diffusion parameter o2 in the diffusion function o?(v).

We also note that GARCH diffusion is a special example that (3, — 1)/A has a
degenerated constant limit even under E(V;?) = oo, which is induced by the relation-
ship v? o< 0%(v) between the quadratic function v? and the diffusion function o?(v).

For any other models which do not satisfy :2(v) o o2(v) asymptotically, (3, — 1) has
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a random limit, after proper normalization, as long as E(V;?) = oo or E(c?(V;)) =
This is the case for the CEV process considered below.
(e) Let V' be a stationary CEV process

dVy = k(pu — V3)dt + oV, dW,.

If k,p,0 > 0 and 1 < v < 3/2, then E(V?) = co and E(c?(V;)) = oo since m(v) ~

v™% as v — 0o. For the CEV process, we have

pr = UTz(mSLZV)(T) qr = T2<msbi)<T)?

msLs (By)d Q= S:/ mst2(By)dt,
0

where pr/qr = 012772(T) — oo as T — oo, since ¥ > 1 and ¢, = 57!

is monotonically
increasing by the recurrence property. Clearly, P # S for any v € (1,3/2), and hence,
P/S remains random unlike the GARCH diffusion. Therefore, 3.—1 has random limit
for all sufficiently small A.

(f) Our example in Remark 3.3 (d) should be contrasted to the limit theory for the
sample autocorrelations of GARCH(1,1) processes with fat tails obtained in Mikosch

and Starica (2000). Let

X, =07Z; with o} =ayg+ po] |+ X2, for i=1,2--- N,

where (Z;) is a sequence of i.i.d. symmetric random variables with EZ? = 1. Under
some assumptions, which imply that the vector (X;, 0;) is regularly varying with index
p > 0, it is shown that for p € (0, 4) the variance process (0?) has unbounded variance

and satisfies, for any k > 1,

N—k 2v2 N—-k 92 9o
Dict Xi Xik 1 Dic1 O30k 1)~y (Zl,x2 — Yo x2 Y2 — E0,02)
4 ) N 4 ) )

Zi:l X; Zizl o; EO,X2 20,02

where the limit distribution is nondegenerated since the vector (3,, x2, X062 )m=0.1 i8
p/2-stable. This contrasts with our result for a GARCH diffusion with unbounded
variance (see Remark 3.3 (d)), in which (8, — 1)/A has a constant limit for z = v, z.
We think that the difference between our results and those of Mikosch and Starica
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(2000) is due to the fact that we allow A — 0. We conjecture that the result would

be the same when A is fixed.

4. Instrumental Variable Estimations

In this section we study various IV estimators of 8% in (2.3). When one has a model
like
yi = a’ + 0 + u,

where x; has fat tails while u; is i.i.d. with possible fat tails, it is well known that
in general the OLS estimator of 5Y is consistent. However, the OLS is not necessar-
ily efficient and its asymptotic distribution could be non-Gaussian. An alternative
method that could lead to more efficient estimators or asymptotically Gaussian ones

is to consider a signed power estimator defined as®

5 2osign(wi) | i | (i — 9)
Yosign(x;) | @i ¢ (v — )

The reader is referred to Samorodnitsky et al. (2007) for the asymptotics of OLS and

the signed power estimator.

(4.1)

One can easily prove that this estimator is indeed the empirical counterpart of
the IV estimator defined by

1 0 _ g0.3| —o.
<sign(x7;)|xi|c>(yi_a ’ Z)] ’

Typically, the constant c¢ is smaller than one in order to reduce the tails of moments

E

involved in the estimation method. An extreme case is the Cauchy estimator which
corresponds to ¢ = 0, that is the instrument equals the sign of z;.
Consequently, we study in the following subsection IV estimators of ng) in (2.3)

which have the form Nt
Zi:7c+1 7(Zi—k)(Zit1 — ZN)

Zz]i;il r(ziek) (Zick — ZN) ’

SIf the variable x does not change a sign like a volatility measure, the instrument should be
sign(z; — Z)|xz; — ¢

o =
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where we use a functional transformation r(z;_j) of z;_; as an instrument. We prove
below that the IV estimator, with a proper choice of instrument, is robust to fat tails.

Interestingly, Jean-Marie Dufour used in several studies sign-based methods for in-
ference purposes, especially for exact inference in finite sample. In particular, he used
such approach in Coudin and Dufour (2009, 2017) in order to provide inference about
the slope parameter in a linear regression model without making moment restrictions
on the disturbance errors and therefore allowing for fat tails. The assumption made
in these papers is a median restriction on the errors conditional on the explanatory
variables. In other words, we are using the same approach with a slightly different
framework because we assume that the (conditional) first moment of the errors exists

and equals zero but we do not make assumptions on higher moments.

4.1. 1V Estimator ng) with a Current Instrument

Let r be continuously differentiable, and define ri(z) = f;o r(z)dz for some zy € D.

Then, by Taylor expansion, we have

k N-1
Z(T’l(ZN—j) —11(2145)) = Z (ri(zit1) — r1(2ik))
j=0 i=k+1
- Z r(zik) (Zip1 = Zik) + % Z (2 4) (Zipa — zik)”

for (27)N7' such that 2 € [2;_4, 2i+1). Using the expansion, we may rewrite B as

AR 1 :Z§:0(T1(ZN—j) —nilay) 13050 e 730 (Zign — Zi—k)Q.

z N-—1 — N-—1 — (42)
> i1 T(ziok) (zick — ZN) 2 Y icks1 T(zik) (zick — ZN)

As in Lemma 3.1, we may obtain the continuous time approximation for each term
n (4.2). For the approximation, we require

Assumption 4.1. (a) r is three times continuously differentiable on R with r'(z) > 0
for all z € R, and (b) r and its derivatives are all magjorized by the function w in

Assumption 3.1.

The role of Assumption 4.1 is similar to Assumption 3.1, and make it convenient
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to develop the continuous time approximations if combined with the conditions on ¢,
A and T in Assumptions 3.2-3.5.

Proposition 4.1. Let Assumptions 5.1-5.5 and /.1 hold.
(a) For k > 0, we have

M-

= O

(r(zn—j) = r1(2145)) ~p (L4 F) (1 (V) = (Vo))

j=

N— T .
r(zi_k)(zi_k — gN)A ~p / T(W)(V} — VT)dt

i=k—+1 0

for z=v,x,y.

(b) For k >0, we have

N-1 N-1 N-1
Z (2 (i — ziek)? Z r(2i) (zi01 — 2) + K Z r'(0) (Vi1 — v;)?
i=k+1 i=1 i=1

for z=wv,x,y, and

N-1 foT r'(V)d[V]:, forz=wv
D 1 (z)(zis — z) ~p 4 (2/3) [ (Vd[V]L, forz==x
= (2/3) [T (Vi)d[V], + (46/A%) [T (Vi)VEdt, for = =y
(c) We have
By =1y A Jo TV
S W= Vet
51 Ao 0DV (1/6) fy ' (VdV],

9

I (V) (Vi = Vp)dt
B — 1~ AfOT’r’(‘/t)d‘/t + (1/6) OT r/(‘/;)d[‘/h — (25/A2) fOT T’(‘/})V?dt
C S (V) (Vi — V)t

and
BE — 1~y (B, = 1) + k(B — 1).

We note that if r(z) = 2z, then Bék) becomes the OLS estimator B,ﬁ’“) in Section
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3. Proposition 4.1 (a) and (b) are generalizations of Lemma 3.1 (a) and (b), respec-
tively. Similarly, Proposition 4.1 (c¢) is a generalization of Proposition 3.2. Moreover,
Remarks 3.1 and 3.2 remain valid. We also note that if r(z;_, — Zy) is used as
an instrument instead of r(z;_;), then the results in Proposition 4.1 (c¢) holds with
r(V, — V) and r'(V; — V7) in place of r(V;) and '(V}), respectively.

Now we develop the large T asymptotics of 3,. To effectively control the fat tails

in V', we impose the following conditions on r.

Assumption 4.2. The functionr : D — R satisfies that E[r(V;)], E[r(V,)Vi], E[r'(V}) V3],
and E[r'(V;)o?(V;)] are all bounded, and E[r(V;)V;] — E[r(V,)]E[Vi] # 0.

Assumption 4.2 provides simple sufficient conditions to ensure that the IV esti-
mator Bz has a constant limit involving parameters in yu and o2. An example of r
satisfying Assumption 4.2 is r(v) = arctan(v). Clearly, r is monotonically increas-
ing, bounded and continuously differentiable with ’(v) = 1/(1 + v?). Therefore,
Assumption 4.2 holds if E|V;| < oo and E[r'(V;)o?(V};)] < co. When D = (0, 00) and
r(v) = arctan(v), we have E[r'(V;)o?(V;)] < oo as long as ¢%(v) /v® = O(v¢) as v — o0

for some € > 0.

Theorem 4.2. Let Assumptions 3.1-3.5 and 4.1-4.2 hold. If E|V;| < oo, then

Bv_le —A—-

Be—1n, AL E[r'(Vy)o?(V;)

3E[r(V))Vi] — E[r(Vi
7 1 E[r'(Vi)o* (Vi)

J 2E[r' (V,) V7]
B = Lo ~ 3RV — Br(vi

EVi]  AE[r(VYVi] — E[r(V)]E[VI]

As well expected, BZ — 1 has a well defined constant limit under the moment con-
ditions in Assumption 4.2. For a given parametric diffusion model, we may explicitly
compute the limit of 8, — 1. As an example, we consider a stationary diffusion V'

defined on D = (0, 00) having a linear drift
AV = k(p — Vi)dt + o(V;)dW; (4.3)

with E(V;) = p and o?(v)/v* = O(1) as v — oo.



27

Corollary 4.3. Let r be a bounded function satisfying Assumption 4.2 for a given V
n (4.3). Then we have

E[r'(Vi)o?(V2)]

Er(V)Vil - EF(VIEV]

Moreover, if V in (4.3) is a GARCH diffusion with o*(v) = ov?, then

B[ (V)V7]
E[r(V)Vi] — E[r(VIE[V:]  ~o*

For a GARCH diffusion, it follows immediately from Theorem 4.2 and Corollary
4.3 that

B, —1 ~p, —AK, B, —1 ~p —A%/@, B —1~, —A K — 4%% (4.4)
hold regardless of the finiteness of E(V;?). In contrast, the OLS estimates 3. have
different limits depending upon E(V;?) < oo holds or not (see the discussions in
Remark 3.3 (c) and (d)). Moreover, the limits of 3, in (4.4) are equivalent to those of
the OLS estimates 3, in (3.6), which are obtained under E(V;?) < oo. Therefore, we
may say that the instrumental variable approach can effectively control the fat tails
as long as r is appropriately chosen.

If the transformation r satisfies some additional integrability conditions, we may
obtain the asymptotic normality of the IV estimator. For the asymptotic normality,
we use the asymptotics of zero functionals (see, e.g., Mandl (1968); van der Vaart
and van Zanten (2005)) so that we have

VT (% /0 (r’aQ)(Vt)dt—E[r’(%)aQ(Vt)]) —4 N(0,%,), (4.5)

provided that the asymptotic variance

27:4( /D m(v)dv) [ / ( / {(' [r'(Vi)o (Vt)]}ﬁ(u)du)st(v)]

is finite, where m, m and s are the speed density, time invariant distribution and scale

function, respectively. Therefore, if r is appropriately chosen such that >, < oo, we
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may deduce from Proposition 4.1 (¢), Assumption 4.2 and (4.5) that

r{hasd_ B
° ]-E[r
~ A E[r'(V;)o?
\/T(ﬁ I SRR (V) VB

) o CE(Vi)Vi—Elr(V)EV]) ™ N(0,5,),

) a GE[ V)V —Elr(V)EV) ™ N0, ),

and By — 1 has the same asymptotic distribution as 8, — 1 if §/A? — 0. On the
other hand, if r does not satisfy X, < oo, then (4.5) does not hold, and the limit
distributions of 3, — 1 are not Gaussian (see Theorem 3.6 of Kim and Park (2017)).

Heuristically, we may consider the Cauchy estimator by using r(z — Zy), where
r(z) = sign(z), as an instrument in f,. Clearly, r is not differentiable, and hence,
our results Proposition 4.1 and Theorem 4.2 are not directly applicable. By the
standard approximation method with Tanaka’s formula, however, we may obtain the

asymptotics of the Cauchy estimator. Given Proposition 4.1 (¢), we conjecture that

- Ji sign(V, — Vp)dv;

By —1r~, A T —
fo |Vi — Vp|dt

~ ~ A c?(Vp)Ly (T, V.

Bx_le (ﬁv_1> g (TT) V(_ T>,
fo |Vt - VT|dt

- - 46 (V)2 Ly (T, V)
B -1~ ﬁ:r: -1)—— — 5

Y P ( ) A fOT’Vt_VT’dt

where Ly (-, v) is the local time of V at v € D, defined as Ly (T, v) = lim,_,o(2¢) ! fOT {|V,—
v| < e}dt. The large T asymptotics then follow immediately from the law of large

numbers, and they are given by

5 oA (wr(p) 5 20%(w)w(p) - ; 46 pim(p)
At A= At A gm e At (B

since Vi —, E[Vi] = 1, T Ly (T, Vi) = w(ps), T~* [ [Vi—Vig|dt —, E|V; — | and

I —
T/ sign(V; — V)dVi —, —o?(p)m(p).
0
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If V is a GARCH diffusion, it can be shown as in Corollary 4.3 that

o () (p) per(p) s

—— =K, - =
E[V, — ul E|Vi —pu| o2
Therefore, we conjecture that (4.4) holds even when the Cauchy estimator is used.
We will formally analyze the asymptotics, under a fixed A, of the Cauchy estimator

in Section 5.2.

4.2. IV Estimator ng) with a Lagged Instrument

In the GARCH diffusion case, (4.4) means that the proposed IV estimator converges
to the object of interest when one uses the spot variance while one gets a bias estima-
tion when one uses integrated or realized variance. The reason is that the integrated
and realized variances are ARMA(1,1) processes and therefore this IV estimator con-
verges to the first order autocorrelation (when the second moment of these variables
are bounded). As mentionned above, a solution to this problem is to consider the
multiperiod moment restriction (2.11), which in turn corresponds to consider a lagged
instrument in the estimation of ﬁgk) in (2.3). More precisely, in this subsection we
study the estimator ng) defined as

S o T (ziko1) (Zi41 — ZN)

S e T(Zioe1) (zik — Zn)

B =

In other words, the IV estimator ng) studied in the previous subsection uses 7(z;_)
as an instrument for (z;_, — Zy), whereas ng) employes r(z;_r_1) as an instrument
for the same object (z;_ — Zn).

For the asymptotics, we write

Zf\;jﬂ 7(Zi—k—1)(Zi41 — Zi-k)

S e T(Zimke1) (Ziek — Z)

Zf\;;ig 7(zick—1)(Zig1 — Zick—1) B Zfi;lﬁ 7(Zi—p—1)(Ziek — Zi—k—1)
Zf\;}m 7(zik—1)(Zi—k — ZN) Z@]i;ig r(zimk—1)(%i—k — ZN)

= o) _ ). (4.6)

B 1=
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For the denominator of ¢,(zk) and ¢§k) with a fixed £ > 0, we may show that

N-1 N-1 T .
Z r(zi_k_l)(zi_k — EN)A Np Z r(zi_k)(zi_k — EN)A Np / T‘(‘/%)(V; — VT)dt
i=k+2 i=k+2 0

as long as 0/A and A are sufficiently small. We then may deduce from Proposition
4.1 with (4.2) that

N-1
. r\Zi—k— Zi — Zi—k— ~
A Dickro T(Zimk-1) (Zin k1) ~ 5§1+k) 1

¢g€) ~p N—1
> ickro T(zik—1)(zick—1 — Zn)A

and

Zf\;}ﬂ r(zick—1)(Zick — Zick-1) 5O _q
S r(Fiee) ik — AT

¢£k) ~p A

as long as §/A and A are sufficiently small. We formally have

Theorem 4.4. Let Assumptions 3.1-3.5 and /.1 hold. For z = v, x,y, we have
B — Ly (B0 — 1) = (B9 1) ~, (14 B)(B, — 1.

Unlike ,@Z and 3,, the limits of 3, — 1 are given by 8, — 1 regardless of z = v, z, y.
Consequently, if V' is a linear drift diffusion in (4.3), then (3, — 1)/A —, —& for all
z = v, x,y, rather than (4.4). Therefore, we may say that the IV estimator B, is a
consistent estimator for the mean reversion parameter  of linear drift diffusions, and
is robust to not only fat tails in V' but also errors (v; —z;) and (v; —y;) in, respectively,
the integrated variance and realized variance.

For the linear transformation r(z) = z, we may easily see that Bz = Bz. In this
case, the IV estimator /3, becomes a simple IV estimator with an instrument z;_; for

(z; — Zn), and it follows from Theorem 4.4 that
B — 1~y (14 K)(By — 1) (4.7)

for z = v, z,y. If Assumption 3.6 holds in addition to the conditions in Theorem 4.4,
then (4.7) becomes (3, — 1 ~q —A(pr/qr)(P/(2S)) for z = v, 2,y by Theorem 3.4. On
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the other hand, Assumption 4.2 holds for r(z) = z if and only if E(V;?) and E(0?(V}))
are finite. Consequently, when r(z) = 2z, we have (3. — 1)/A /4, —& for a linear
drift diffusion (4.3) satisfying either E(V;?) = oo or E(c?(V;)) = co. For instance, a
GARCH diffusion satisfies (3, — 1)/A —, — if E(V}?) < oo with ¢® < 2k, whereas
(B. = 1)/A =, —0?/2 if E(V}?) = oo with 2k < 02,

As a conclusion of this section, let us remark that there is a large literature
considering for autoregressions in discrete time models and allowing for heavy tails.
In particular, Hill (2015) and Hill and Prokhorov (2016) propose a robust generalized
empirical likelihood (GEL) method for estimation and inference of an autoregression
that may have a heavy tailed heteroscedastic error. We expect that the GEL estimator
can also be robust to fat tails in continuous time models. However, it is questionable
whether the GEL estimator can be robust to the non-Markovianity of (z;) and (y;)
in our framework. We leave the asymptotic properties of GEL methods in volatility

regression for future research.

5. Extensions

5.1. Asymptotic Negligibility of Errors in Realized Variance

In Section 4, we analyze the asymptotic behaviors of the IV estimators under the
assumption that each of V and D is independent of W¥. In reality, however, it is
widely believed that there exist the leverage effect, which corresponds to a negative
correlation between past returns and future volatility. As an extension of our previ-
ous results, we allow arbitrary dependences among V', D and W, and analyze the

asymptotic negligibility of the errors in the realized variance.

Assumption 5.1. (a) For w in Assumption 3.1, (§/A2)T(w5) T log®(T/8) —, 0, and
(b) AT —, 0.

It can be seen from the primary asymptotics in Proposition 4.1 (¢) that the impact
of errors in (y;) may become asymptotically negligible as long as § /A% — 0 sufficiently
quickly. Assumption 5.1 (a) is a sufficient condition for the asymptotic negligibility
of the error, and requires more faster rate of convergence § — 0 than Assumption

3.3. On the other hand, Assumption 5.1 (b) has a similar role to Assumption 3.4,
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and provides a sufficient condition for the asymptotic negligibility of the drift part
(D;) in the IV estimation with (y;).

Proposition 5.1. Under Assumptions 5.1-53.2, /.1, and 5.1,
B9 1y B9 1 and B — 1~y A 1.

Unlike Proposition 4.1 (c), Bl(,k) becomes asymptotically equivalent to Bg(;k) regard-
less of the presence of leverage effects, especially, when §/A? — 0 sufficiently quickly.
It is also true that, under the conditions in Proposition 5.1, ,@ék) -1~ /B,E'“) — 1 since

B is a special case of B with r(z) = 2.

5.2. Fixed A Asymptotics for GARCH Diffusion

In Section 4.2, we obtained general asymptotics of the IV estimator 5., which is robust
to fat tails as well as errors in observed variance measures, under, in particular, the
assumption that A — 0. In our asymptotics, the main motivation of introducing
the small A assumption is to effectively handle general variance processes V' having
potentially unbounded moments. In practice, however, the volatility measure, (x;) or
(y:), is often computed on a daily basis, and A is commonly fixed to a length of day.
Under the fixed A, one may be interested in the quality of our approximation based
on A — 0.

To see the usefulness of our asymptotics under A — 0, we consider a GARCH
diffusion (2.7), and show that the fixed A asymptotics are approximately equivalent
to the asymptotics obtained under A — 0. Specifically, we have

Theorem 5.2. Let V be a GARCH diffusion (2.7) with E|V;| < co. If r is bounded,
then B, —, exp(—kA) as T — oco.

Obviously, exp(—xA) = 1 — kA +0(A), and the leading term 1 — kA is equivalent
to the limit of (. obtained under A — 0 in Theorem 4.4. We also note again that
our asymptotics of BZ in Section 3 provide the same results as those derived by
Andersen et al. (2004) when the required moments are satisfied. Therefore, we may
conclude that our asymptotics, obtained under A — 0, provide a useful asymptotic

approximation at least for some popular models.
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We heuristically consider the Cauchy estimator in Section 4.1. Our general theory
under A — 0 is not directly applicable to the Cauchy estimator since the instrument
r(z — Zn) is involving nondiffrentiable function r(z) = sign(z). Under a fixed A,
however, we do not need the differentiability of the transformation r as long as we
have proper conditional moments such as (2.10) and (2.11) for GARCH diffusions. In
general, the required conditional moments are not available for most diffusion models
having fat tails. This is another reason why our asymptotic approximation obtained
under small A may be useful.

Given the asymptotic assumption of A — 0 as well as continuity of the sample
path of V| two consecutive measures z;,1 and z; are supposed to be very close for
z =wv,x,y. Consequently, we always have unit roots in z = v, z, y, and BZ, 32, B, —p 1
as long as A — 0 sufficiently quickly as derived in the previous sections. Indeed, there
are many evidences supporting the unit root like behavior in volatility regressions. In
the empirical studies in Hansen and Lunde (2014), for instance, volatility regressions
at daily frequency are considered for 29 assets in the Dow Jones industrial average.
The range of parameter estimates for the coefficient of the first order autoregression
with realized variances are [0.611,0.887] and [0.895, 1.037], respectively, for the OLS
and IV estimates. They also find that the volatility processes are highly persistent,
and they fail to reject the unit root hypothesis at the 1% level for some volatility

processes.

6. Simulations

In this section, we study by simulation the behavior of the Hill tail index estima-
tor as well as the OLS and some IV estimators. For our simulations, we use the
GARCH diffusion (2.7) with three sets of parameters. The first one is (ko, fto, 02) =
(0.0350, 0.6360,0.0207) which implies that the corresponding V; has a finite second
moment since ¢y = 02/(2r¢) = 0.296 < 1. This set of parameters was used by An-
dersen and Bollerslev (1998) as implied from the (weak) daily GARCH(1,1) model
estimates for the DM /dollar from 1987 through 1992 using the temporal aggrega-
tion results of Drost and Nijman (1993) and Drost and Werker (1996); the same
parameters were used by Andersen et al. (2004).

To consider a process with an unbounded variance of V;, we consider two other sets
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of parameters by keeping the same rq and g, while we multiply o2 by 4 and 16, corre-
sponding to 1y = 1.183 and vy = 4.732, that is (kg, o, 02) = (0.0350, 0.6360, 0.0828)
and (0.0350, 0.6360, 0.3312). Clearly, the third model has thicker tails than the second
one.

The simulation samples are generated by the Euler discretization at 10 seconds
for T = 250, 500, 1000 days corresponding to 1, 2 and 4 years. We assume that the
market is open 24 hours. For each day (A = 1), we set the daily spot variance as
the spot variance at the end of the day, while we compute the integrated variance
by the numerical integration of the simulated spot variance process at 10 seconds.
As for the realized variance, we analyze the frequency effects by considering three
different frequencies: 10 minutes (6/A = 1/144), 5 minutes (§/A = 1/288) and 1
minute (6/A = 1/1440). For each sample, we get rid of the first five days to reduce

the effect of the initial value, and we do 10,000 replications.

6.1. Tail Index

We start by studying the properties of the Hill estimator by estimating the tail index
of the returns, spot and integrated volatility of the GARCH diffusion model. In an
important contribution, Nelson (1990) proved that when the length of the returns
goes to zero, the returns follows (up to a scaling factor) a Student distribution with
degree of freedom vy = 2 + 4ky/02 = 2 + 2/1)y. Consequently, the tail index of the
return is vy which equals 8.75 for Model 1, 3.69 for Model 2 and 2.43 for Model 3.

Likewise, the stationary distribution of any stationary scalar diffusion process is
well known and proportional to the speed density function m(-) defined in (2.6). One
can easily show that m(v) ~ v=27/%0 when v — oo, implying that the tail index
of the spot variance V; equals 1 4 1/1y. Consequently, the tail index of the returns
equals the double of the spot variance’s tail index when the length of the returns goes
to zero.

Unfortunately we do not know the tail indexes of the integrated and realized
variances. There is no general result connecting the tail of a process with the tail of
temporal aggregation version of it.

Figures 4 and 5 depict the average estimator of the tail index of the returns, the

spot variance, the integrated variance and the three realized volatility measures of the
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three models. The averages are computed over 10,000 replications of samples with
1,000 observations each. The first panel of Figure 4 depicts the tail index of daily
returns. If the Nelson’s approximation is good, the true tail index should be 8.75 for
Model 1, 3.69 for Model 2, and 2.43 for Model 3. The simulations suggest that there
is negative bias in the Hill estimator, which is quite small for low values of k (we do
not use the subscript n) and increases when k increases. However the order of the
tails is coherent across models. The bias is maybe genuine, or because the Nelson’s
approximation is not good for our sample frequency. The second panel of Figure 4
depicts the tail index of the spot variance. The tail index should be 4.38 for Model 1,
1.85 for Model 2, and 1.22 for Model 3. There is clearly a positive bias when k is small
and then the tail Hill estimator looks good when k increases. Again, the order of the
tails is coherent across models with the right magnitudes. The third panel of Figure
4 depicts the tail index of the integrated variance for which we do not know the true
tail index. The plots are quite similar to those of the spot variance. Figure 5 depicts
the tail index of the three realized volatility measures for which we do not know the
true index. The graphs are close to those of the integrated variance, especial for the

third panel that corresponds to realized variance computed with 1-minute returns.

6.2. OLS and 1V Estimations

We now turn to study of the empirical distributions of the OLS and IV estimators.
We keep the three models of the GARCH diffusion (2.7), with three sample sizes,
250, 500, and 1,000.

We start by considering the regression
Vit1 = o+ Bu; + uiqq, with v; = Via.

We will focus on the slope parameter 5. It is well known that 5 equals exp(—rA)
when the spot variance has a finite second moment. However, we proved in (2.10) that
the same result holds when V; is stationary and has a finite first moment. Therefore,
the slope of interest is exp(—+xA) for the three models considered in this section.
When A is fixed and the second moment of V; is bounded, the OLS estimator of
[ is consistent. Characterizing the fixed A asymptotics of the OLS is difficult when

the second moment of V; is not finite. However, we may deduce from Theorem 3.4



36

(see also Remark 3.3 (d)) that the OLS is inconsistent. However, the IV estimator is
consistent by Theorem 5.2, when the Cauchy estimator is used.

Figure 6 depicts the empirical distribution of the OLS and IV estimators of the
slope coefficient. The first panel deals with Model 1 for which the second moment
is bounded, while the second and third panels deal respectively with Models 2 and
3 for which the second moment of V; is unbounded. The figures are coherent with
the theory. For Model 1 (top panel), both OLS and IV estimators look consistent
with better properties when the sample size increases. However, the OLS estimator
presents a bias and looks inconsistent, as expected by our theory, for Model 2 (second
panel) and especially Model 3 (third panel) which present very fat tails. In contrast,
the Cauchy estimator looks consistent for the two models, even though there is some
bias that decreases when the sample sizes increases.

In practice, the spot variance process is not observed. It is therefore important to
focus on feasible methods based on the observed realized variance processes. Accord-
ingly, we consider the multi-period moment restriction (2.11) which is always valid for
the spot and integrated variances, and is valid for the realized variance when the drift

D, is zero as in our simulations.® Consequently, we consider the moment condition
E[r(zi,g)(zi - — 621;1)] = O,

where z; is either the spot, the integrated or one of the three realized variance mea-
sures. We consider two IV estimators: the first one is r(z;_3) = z;_o while the second
one is the sign of z;_, minus its empirical mean, that is the Cauchy estimator. For the
second and third models, the first IV estimator with r(z;_2) = z;_2 does not fulfill the
restriction E[| r(z;—2)(z; — a — Bz;—1) |] < oo, and hence, we may deduce from (3.8)
and (4.7) that it is not consistent for exp(—xA), even when A — 0. However, the
corresponding estimator is consistent for the first model. The second IV estimator is
the Cauchy one and leads to a consistent estimator for the three models.

Figures 7-11 depict respectively the empirical distribution of the slope’s estimator
for the five volatility measures listed above. Each figure contains three panels corre-

sponding to the three models. For all figures, the Cauchy instrument based estimator

6The presence of a drift will introduce a small bias that will disappear when the length of the
intra-day returns § goes to zero.
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looks consistent whether E(V;?) < oo (first panel of each figure) or not (second and
their panels of each figure), which is coherent with the theory. Importantly, the esti-
mator based on observed volatility measures is consistent, which is practically more
relevant. As expected, the IV estimator with r(z;_s) = 2z;_5 looks consistent only for
Model 1 (first panel), but it looks inconsistent for Models 2 and 3, with a larger bias
for Model 3.

7. Conclusion

Fat tails are a well-known empirical fact of financial returns. Surprisingly, the real-
ized volatility literature ignored this fact. After proving empirically that the second
moment of several realized variance measures are probably unbounded, we studied
theoretically the limiting behavior of the OLS estimator of simple autoregressions of
spot, integrated and realized variances. We proved that when the second moment of
the spot variance is unbounded, the OLS estimators converge to random variables.
Our theory is also valid when the second moment of the spot variance is bounded.
In this case, the OLS estimates converge to finite and deterministic quantities which
are the same ones derived by Andersen et al. (2004) in population regressions. Our
theoretical results are based on asymptotic approximations. Both the simulations
and the comparison with the results in Andersen et al. (2004) when the spot variance
has a finite second moment corroborate the good quality of our approach.

In order to derive more positive results, we considered a GARCH diffusion process
with unbounded second moment for the variance process and then we provided a
consistent estimation method based on instrumental variable approach where the
instrument is the sign of the lagged value of the variable of interest.

There is an important question that should be addressed. It concerns the fore-
cast that one should compute under fat tails in a non-parametric setting. Various
approaches could be considered like different loss functions or nonlinear transforms

of the variable of interest. This question is currently under investigation.
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Appendix

Throughout, we let f and o2 be twice continuously differentiable functions. Further-

2

more, we assume that for g = ¢, f, f', f”, u,0%,02,0%", there is a locally bounded

function w such that |g(v)| < w(v) for all v € D.

A. Useful Lemmas for Integrated Variance

Lemma A.1. Let M be a continuous local martingale with its quadratic variation
[M] satisfying

sup sup |[M]; — [M]s| = O, (6€(5,T))

0<t,s<T |t—s|<d

for some sequence (£(6,T)) of positive numbers. As 6£(3,T) —, 0, we have

sup sup |M;— M| =0, <\/5§(5, T) log(T/5)> :

0<t,s<T |t—s|<§

Proof of Lemma A.1. The stated result follows immediately from Theorem 1 and
Corollary 1 of Kanaya et al. (2017). O

Lemma A.2. If AY2T(w?)\/log(T/A) —, 0, then

sup [f(i) = f(vii)| = Op (AT(f'1) + O, (AV2T(f'0)/10g(T/A)) = 0, (1)

1<i<N

Proof of Lemma A.2. Since V has a continuous sample path, we may deduce from

the mean value theorem that

. 1 A
sup 1) = S0l = sup |05 [ 0= Viena)at
I<i<N 1<i<N (i-1)A
1 1A
<T(f) sup Z/ (Vi — ‘/(i—l)A)dt‘ (A1)
1<i<N (i-1)A

for some k; € [(i — 1)A,iA]. Moreover, it follows from Lemma A.1 that

sup sup |V — Vi| = O, (AT(n)) + O, (AWT(J)\/log(T/A)) . (A2)

0<t,s<T |t—s|<A



39

and hence,

N
owp | [ (i v@_wdt\ = 0, (A1) + 0, (A¥°T(0)\/log(T/A)) . (A3)
1<i<n [J-1)a
The stated result follows immediately from (A.1) and (A.3). O

Lemma A.3. Under the condition in Lemma A.2, we have

N

A st = [ 500140, (8TAT ViogTTB)).

i=1
Proof of Lemma A.3. Due to Lemma A.2; we have

N

AN (f(ws) = Fvi1) = Op (AT(fW)T) + O (AV2T(f'0)TVog(T/A) ) . (A4)

i=1
Moreover, by Lemma B1 of Kim and Park (2017), we have

N

A ) = [ SVt + 0, (AT(WT) + 0, (AT(f"0)T)

=1

+ 0, (AT(f'0)T"?), (A.5)

from which, together with (A.4), the stated result follows immediately. ]

Lemma A.4. If AT(w*)T —, 0, then

N

(i+1)A
é 3 /A (i + DA = 8)*(F(Va) = f(Via))ds = 0, (1).

Proof of Lemma A.j. Due to Ito’s lemma, we have

N

(i+1)A
% ) /A ((i + DA = s)*(f(Vs) = f(Via))ds = Ar + Br, (A.6)

i=
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where

ar= S [T e va o ([ e ot as

i=1 7iA A
N (i+1)A s
preg [, evs o2 ([ o)

For A7, it is easy to see that
Ar = O, (AT(f'1)T) + O, (AT(f"o*)T) . (A7)

As for By, we have

N

(i+1)A (i+1)A
Br= Z/j (F'o) (Vi) </t (i +1)A — 5)2d5> aw,

i=1 JiA

=0, (AT(f'o)T*?), (A.8)

where the first line is due to the changing the order of integrals, and the second line
can be deduced from the proof of Lemma B1 in Kim and Park (2017). The stated
result follows immediately from (A.6)-(A.8).

O

Lemma A.5. If AY2T(w®2)T\/log(T/A) —, 0, we have

N

S Fl ) — ) = / FVo2(Vi)dt + 0y (1)

i=1
Proof of Lemma A.5. We write
N

Z foim) (@i — 23)? = é Z JVMiza) (/

i A

(+1)A iA

(Via — ‘/t)dt>

= Ar + Br + Rr, (A.9)

(V; = Vipa)dt +/

(i—1)A
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where
(i+1)A 2
Ar =+ Zf (i-1)a) [ (Vi = Via)dt |
1 N iA 2
By = A2 Z F(Viic1)a) </ (Via — W)dt) :
i—1 (i—1)A
9 N (i+1)A iA
Fir = 33 2 (Viena) [ wieviaar) ( J s Vo).
Due to (A.9), the stated result follows immediately if we show
1 T
Ar,Br = 3 / F(V)2(Vy)dt + O, (Al/QT(w5/2)T log(T/A)>, (A.10)
0
Rr =0, <A1/2T(w5/2)T log(T/A)) . (A.11)

PROOF OF (A.10). We will only prove the result for Ar, since the proof of the

result for By is entirely analogous. For the proof, we write Ar as

i+1)A (i+1)A 2
Ap = AQZf -1 (/ / dsdt+/ / V,)dW,dt

= Avr + Ao + As (A.12)
where

1 N (i+1)A 2
Avr = 5 ; fVii—1a) /m /m p(Vs)dsdt | -,

1 N (i+1)A 2
Agr = Az ; f(Viizia) /Z‘A /Z‘A o(Vy)dWsdt |

9 N (i+1)A (+1)A  pt
Az = A2 Z f(Viza) / / p(Vy)dsdt / / o(Vs)dWdt | .

P iA iA iA iA
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For A, r, we have

Avel < swp [(FA(VIAT = O, (AT(f)T)

(A.13)
On the other hand, it follows from Lemma A.1 that Ajr satisfies
t
| <200 s sup | [ oV,
0<t,s<T |t—s|<A |Js
-0, <A1/2T( fuo)T log(T/A)) . (A.14)

As for Ay p, we define a continuous martingale M as

j_

L a@+1)A t
M, = 2; /m ((i + DA — 8)o(V,)dW, + / ((G+ DA = s)o(V,)dW,

i= JA

fort € JA,(j+1)A), j=1,2,--- N — 1, so that we have

1
Asr = -5 Z F(Viicya) (Mi1ya — Mm)2
=1
1 Y (i+1)A 9 N (i+1)A
o Wimna) [ M) D f0ens) [ (= Mia)a,
=1 ¢ =1 ?

(A.15)

where the last line follows from Ito’s lemma.

For the second term of (A.15), we can deduced from Lemma B5 of Kim and Park
(2017) that

N (i+1)A
257 F(Via) / (M, — Mn)dM,

(+1)A t
Al Z—; FVina) /m (/m((i LA S)U(VSWWs) (i + DA) = )o(V,)dW,

-0, (A1/2T( fJZ)Tl/%/log(T/A)) . (A.16)
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For the first term of (A.15), we have

1 X (i+1)A (i+1)A
R Wena) [ dM = 55 Zf oa) [ (DA = 9200
=1 ?
1 & (z-‘rl)A
= < > (fo))(Vina) /A (4 DA — 8ds + 5,
=1 3
1 N
=3 Z(fO'Q)(V(z‘—nA)A + S, (A.17)
=1
where
1 & @+na _ )
St = AP Zf(v(i—l)A) /A (1 4+ 1)A = 5)*(0*(Vy) — 0*(Vii—1)a))ds
=1 ?

_ p(AT(f<72 )T )+0 (AT(fcr?”g?)T)+op (AT(fUQ’a)Tl/Q) (A.18)

by Lemma A.4. Moreover, it follows from (A.5) that

Z(fﬁ)( _ya)A / (fo2)(Vi)dt + O, (AT((fo2) m)T) + O, (AT((fo?)'o)T)

+ O, (AT((faZ)’a)Tl/Q) :

from which, toghether with (A.16)-(A.18) and the conditions in the lemma, we have
1
Aoy — / (fo*) Vit + O, (V2T (AT /1oa(T]A)) (A.19)

Therefore, we can obtain (A.10) by applying (A.13), (A.14) and (A.19) to (A.12).
PROOF OF (A.11). We write

Ry = Rip+ Ry + Raqr + Ry, (A.20)
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RLT == Op (AT(f,uZ)T) . (A21)
Similarly as in (A.14), we have
Ro, Ryz = O, <A1/2T( fuo)T log(T/A)> . (A.22)

By changing the order of integrals, we rewrite Ry as

9 N . +1a
Rir = 55 ; F(Viipa) ( /( _DA(@A - s)a(Vs)dWS) ( /iA ((i4+1)A — s)U(VS)dWS>

and define a continuous martingale M as

Aﬂi%iim@mg(/ism—ﬁdﬂwmg(/mﬁW+DA—$d%W%>

i=1 (i-1

+§gw@ﬂg((% oA—@dmmwg([70+nA—@dWMWQ
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fort € JA, (j+1)A), j=1,2,--- ,N—1, so that we have My = Ry7r. Then we have

i—1)A iA

M = i P ([ 6a- s>a<vs>dws)2 ( [ wea- s>202<v;>ds)

= O, (AT(f*c")T log(T/A))

since -
2, ( [ ena- s>202<v;>ds) _ 0, (AT
and N R 2
Zz:; </(:—1)A(iA B S)U(VS)CZWS) =0p (AZT(UZ)Tlog(T/A)) ’

similarly as in (A.14). Therefore, we have Ryp = O, <A1/2T(fa2)T1/2 10g(T/A)>,
from which, together with (A.20)-(A.22), we have (A.11). O

Lemma A.6. Under the condition in Lemma A.5, we have

N

> f Vi) (Via = Viena) (Viewa — Viek—na) = 0, (1)
i=k 11

for any positive integer k > 1.

Proof of Lemma A.6. We have

N
> FVicke)(Via = Viena) (Vs — Viek—1)a) = Ar + By + Cr + Dy, (A.23)

i=k+1



where

Ar =Y f(Vieeo)

N iA (i—k)A
Cr = Z F(Visk—1) / p(Vs)ds / U(VS)dWS> :
i=j+1 (i-1)A (i—k—1)A
N N (i—k)A
Dy = Z fVick—1) / o(Vs)dW, / o(V,)dw,
i=j+1 (i-1)A (i—k—1)A

For Ar, we have

Moreover, we have
Br,Cr = 0, <A1/2T( fuo)T log(T/A)> .

similarly as in (A.14).
As for Dp, we may show that

Dr =0, (AWT( fo*Q)Tl/z\/log(T/A)>
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(A.24)

(A.25)

(A.26)

similarly as in the proof for Ry in (A.20). The stated result follows immediately

from (A.23)-(A.26).

Lemma A.7. Let the condition in Lemma A.5 hold. Then for k > 0 we have

N

1=k+1

> fWik) (@i — wik)® = (% + k;) /OTf(Vt)aQ(Vt)dt +o0,(1).

]
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Proof of Lemma A.7. Since we have

(i+1) (i—k)A
it — T = / (Vi — Vin)dt + / (Vieys — Vi)t + A(Via — Viiia),
iA (i—k—1)A

we may write

N
Z fVick—1)(Tig1 — xi—kz)z =Ar+Br+Cr+ Rir+ Ror + Rs r, (A.27)
i=k+1
where
1 X (+1)A 2
=LY fVia) / (Vi — Via)dt | .
i=k+1 A
1 X (i—k)A 2
= > f(Vik-)a) / (Via — Vo)t |
i=k+1 (i=k=1)A
Cr = Z fV, Via — Viiewa)?,
i=k+1
(i+1)A (i—k)A
Rip = Z fMizk-1)a) / (Vi = Via)dt / VMi—wya = Vi) |,
i= k+1 iA (i—k—1)A
9 (i+1)A
Ror=H S F(Virns) [ Vi Via)de | (Vis = Vi),
i=k+1 A
(i—k)A
Ryr = Z FV )(Via = Vii-ia) / (Viya — Vi) | -
i=k+1 (i-k—1)A

Similarly as in the proofs of (A.10) and (A.11) in Lemma A.5, we may show that

Ar, Br = ! / (fo*)(Vy)dt + O, (Al/QT(w5/2)T log(T/A)) (A.28)

Riz, Ror, Ryq = O, (Al/QT(of’/Q)T log(T/A)> . (A.29)
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As for C'r, we have

k— N
= Z Z FVik ) (Vi-pa = Viiej-na)? + 0, (1)
7=01

— / (fo?)(V)dt + o0, (1), (A.30)

0

where the first equality is due to Lemma A.6, and the last equality can be deduced
from the proof of Lemma A.5 with Lemma A1l of Kim and Park (2018). The stated
result is then follows from (A.27)-(A.30). O

Lemma A.8. Let the condition in Lemma A.5 hold. Then for k > 0 we have

N N
S ) @i — i) = Y foimk-1) (@i — zi2k)” + 0p(1).
i=k+1 i=k+1

Proof of Lemma A.5. We have

Yo = Fo )@ —2i)® < Y (w1 — wiy)? ( sup | f(x7) — f(Ui—1)|)

<(Cmen [ ow) <up s 17(V) - f(Vt)|> (1+ 0,(1)

— Oy(T()T) x (O, (AT(f'u+ ['0*/2)) + O, (AV2T(f'0)\/log(T/A)) )
= 0p(1),
where the second line follows from Lemma A.7 with the construction of (x}), the

third line can be deduced from (A.2) with Ito’s lemma, the last line follows from the

condition in this lemma. O



B. Useful Lemmas for Realized Variance

In the following, we write e; = y; — x; and e; = e + 2@? + ef with
‘ . 2
1 /(zl)A+]5
6? = — Dtdt s
A Z ( (i—1)A+(j—1)8
(i—1)A+56 (i—1)A+js L
/ Dydt / v,'2awp |,
(i—1)A+(j—1)8 (i—1)A+(j—1)5

(i—1)A+j6 2 1 in
Z / v, 2aw N V,dt
= \J(

1—1)A+(j—1)6 (i—1)A

9 M (i—1)A+36 t "
oy ([ vmawy)vkawy,
A 1 JE-1DA+(G-1)6 (i-1)A+(j—-1)¢

J

sA

where, in particular, the last equality follows from Ito’s lemma.

B.1. With Leverage Effects

In this section, we assume that V', D and W are arbitrarily dependent.

Lemma B.1. If (a) (§/A)T(w?)log(T/d) —, 0 and (b) ATA —, 0, then

sup |y; — ;| = O, ((5/A)1/2T(L) log(T'/6)) .

1<i<N

Proof of Lemma B.1. We have

sup |e?| = O, (6T3) and sup |ef| =0, (\/5T,%T(L) log(T/é))

1<i<N 1<i<N

since, in particular, we have

sup
§<t<T

t
/ V2dW | =
g

(\/5T log T/6)>
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(B.1)

(B.2)
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by Lemma A.1 with the condition (a). It follows that

sup |y; — x| < sup |ef| + sup |€l| + sup |e]
1<i<N 1<i<N 1<i<N 1<i<N

— sup_[ef] + 0, (VO/A)T () log(T/5) ) (B.3)

1<i<N

due to the conditions (a) and (b).

As for sup, ;< |€f| in (B.3), we define a continuous martingale M as My = 0 and

2 t s
My = M5 = ~ ( / VJ/Zde) vizaw? (B4)
A (k—1)6 (k—1)6

fort € [(k—1)8,k0), k=1,2,--- ,nN so that Mn —M;_1a =¢€f fori =1,2,---  N.
The quadratic variation [M] of M satisfies

4 DA t 2
sup  |[M]; — [M]i-1)al = A2 Z/ (/ Vsl/QdWSP) Vidt
(i-1)A<t<iA o1/ (—D)A+(—1)8 \J(i—1)A+(j-1)

=0, ((5/A)T(L2) log(T/cS))

uniformly in 1 < ¢ < N, due to (B.2). We then use Lemma A.1 with the condition

(a) so that we have

sup (66 suwp sup My~ Mical = Oy (O/AT( g (T/0) ) (B)

1<i<N 1<6<N (i—1)A<t<iA
from which, jointly with (B.3), we have the stated result. O

Lemma B.2. Under the conditions in Lemma B.1, we have

sup | (y:) — f(xi)l = O, ((6/2)°T(w?)log(T/9))

1<i<N
N N

AY ) =A% flai)+ Oy ((6/8) T (w?)T log(T/5)).
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Proof of Lemma B.2. Since f is differentiable, we have

sup | f(y:) — f(z)] S T(f) sup |y — @i = O, ((§/2)*T(f"1) log(T/9)) ,

1<i<N 1<i<N
from which we have the stated results. OJ

Lemma B.3. Under the conditions in Lemma B.1, we have

@ Yo Sl Y Fiesein = Oy (65T TIog(T/6).

(0) i) (@i — @) (€1 — ;) = Oy ((51/2/A)T(w3)Tlogg/Q(T/5)> :

i=k+1

Proof of Lemma B.3. It follows from Lemma B.1 that

N N-1 T
11— 7 11— 1L < ~ 1 71—
; Vi_1) ;fv 1) leieis] Ali?fN(e) 1§g§pN\f(v D]
=0, ((6/A*)T(f*)T log*(T/6))
and
N—-1 T
> i) (@i = z)(eins =€) < 20 sup fei] sup |V = Viea| sup |f(vi)]
i1 1<i<N A<t<T 1<i<N
~0, (J (8/ A7) T (2t T 1og3<T/6>)
by (A.2). O

Lemma B.4. Let the conditions in Lemma B.1 hold. If (§/A*)T(w®)T log*(T/§) —,
0, then for any k > 0, we have

N-1 N—-1
Z Fik) Wi = yir)® = Z Fiko1) (i1 — 2img)® + 0, (TV?).
i=k+1 i=k+1

Proof of Lemma B.4. This follows immediately from Lemma B.3. n
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Lemma B.5. Let the conditions in Lemmas A.2 and B.1 hold. Then, for any k > 0,
we have

N-1

S W) = F i) Wi — vis)?

i=k+1
N-1

= 3 (i1 — ) x (0, ((6/2) 2T (w?) 1og(T/8)) + O, (AV*T(w?)/l0g(T/A)) )

1=k+1

Proof of Lemma B.5. We have

N-1 N-1
D Fwe) = Foie )G —vik)® < D (Wi — k)’ (Av + Br)
i=k+1 i=k+1

where Ay = SUP1<i<N—k |f(y;k) — f(ys)], and

By = swp |f(y:) = Foi)l < sup [F(yi) — F@)|+ sup |f(:) = Fvir)]

1<i<N 1<i<N 1<i<N

= 0, ((6/A)/2T(w?) 10g(T/5)) + O, (AWT(w?) log(T/A)>

by Lemmas A.2 and B.2.

Since ¥} € [yi—k, Yir1], we have

Anv < sup  sup |f(y:) — f(y;)l
1<4,5<N |i—j|<k

< sup sup [f(vi) = f(v;)| +2 sup |f(y:) — f(vi1)

1<i,j<N |i—j|<k 1<i<N

<T(f)x sup sup |[Via =Vjal+2 sup |f(y:) = f(vi1)]
1<i,j<N |i—j|<k 1<i<N

=0, <A1/2T(f’w) log(T/A)) +2 liqu | f(yi) — flviz1)],

where the last line follows from (A.2).

B.2. Without Leverage Effects

Now we let each of V and D is independent of W7,
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Lemma B.6. Let the condition (a) in Lemma B.1 hold. If (§/A)TAT —, 0, then

N-1
() Zf vi—1)(Tit1 — T) €, Zf V1) (i1 — i)e]

=1

<\/5T (wh)T log T/A))

(b) Fim)(@in — )€, Zf Vi) (Tig1 — Ti)e;

i=1 =1

_0, (\/(53 /AY2T (w5) T/ log(T/A)> :

-1

2
=2

—1
(C) f(vifl)(xzﬂrl - 551)657 f(vifl)(xzﬂrl - iCi)efH
1 i=1

0, (V/(5/A)T (W) T log(T/A) og(T/3) )

%

Proof of Lemma B.6 (a). We have

N-1 N-1
Z f(vi—1>($z‘+1 Z+17 Z f Vi— 1 $z+1 - xi)e?
=1 =1

2 Z+1
< — | su Vi_1)€] Ve — Vi_alds
A (1<7,<pN|f 2 |) Z/ | al

= 0, ((0/AATRT (fu)T/10g(T]A))

by (A.2) and (B.1). The stated result is then follows immediately under the conditions
in the lemma. O

Proof of Lemma B.6 (b). We will only prove the result for SN (254, — 2,)el, since
the proofs of the results for SN 1" f(vi_1)(zig1 —2;)el and STV F(vi1) (i —x;)el,
with a locally bounded f are entirely analogous.

We define a continuous process M as My = 0 and

M; — Mi_1yat(-1)s

(i+1)A (i—1)A+j6 t
= / (Vi = Via)ds / D,ds ( / Vs”def)
iA (i—1)A+(j—1)5 (i—1)A+(j—1)8
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forte[(i—1)A+(—1),(i—1)A+j) withi=1,2,--- N—landj=1,2,--- ,n.
Since each of D and W is independent of W, M, becomes a continuous martingale
with respect to the filteration G, = FV" v F¥ v FP where (FZ) is the natural

filteration of Z = WP W, D. The quadratic variation [M] satisfies

N-1

(i+1)A 2
(M = </ (Vs — VS—A)d5>

i=1 A

n

(i—1)A+36 2 (i—=1)A+j6
X Z / D, du / Vids
= \Janati-ns (i—1)A+(j—1)8

=0, (A’ THT(w*)T log(T/A))

by (A.2). The stated result for SN " (;41—;)e? follows immediately since S 7' (2,11 —
z;)el,, = (1/A?) My, which completes the proof. O

Proof of Lemma B.6 (¢). We will only prove the result for S0 f(v;_1) (@41 — 24)€,

since the proof of the result for Zf\;l Jf(iz1) (241 — )€l is entirely analogous.

We define a continuous process M as My = 0 and

(i+1)A

My — Mi—nya+i-1s =f(Vi-na) (/

i A

t s
X < / ( / vul/2dwf> Vj/Qde)
(i=DA+(-1)8 \J (=) A+(j-1)3

forte[(i—1)A+(j—1),(i—1)A+j§) withi=1,2,--- N—landj=1,2,--- ,n.
Since W7 is independent of W, M, becomes a continuous martingale in a similar

argument to the proof of Lemma B.6 (b). The quadratic variation [M] of M satisfies

(Vs — Vs_A)dS>

N-1 (i+1)A 2
(M7 = Z fQ(Wi_l)A> (/A (Vs — VSA)ds>

n (i—1)A+36 s 2
(> (/ vinawy) v
j=1 (i—1)A+(5—-1)0 (i—1)A+(5—-1)0

=0, (6A’T(f*w")T log(T/A)log(T/4))
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due to (A.2) and (B.2). The stated result follows immediately since S ' f(v; 1) (241~
z;)eé = (2/A%) My, which completes the proof. O

Lemma B.7. If (§/A)T(w?)T log(T/§) — 0, then

S )€ = 3 | HOAVRd+ 0, (889 PTH T 10(T/5)).

Proof of Lemma B.7. Let M be the martingale defined in (B.4). Then, by Ito’s
lemma, we have

N N
Z f(w—l)(e‘l?)2 = Z f(vi)(M;a — M(ifl)A)Q
2 i h N iA
= ;f(v’Ll) /(i—l)A d[M]; + 2; f(viz1) /(i—l)A(Mt — Mi_1ya)d M.

To complete the proof, it suffice to show that

N A T

Dot [ dal= 3 [ s0pva 0, (67240 T( TIog (70
) (B.6)
N iA

> fwia) /( )A(Mt — Mi_1ya)dM, = O, ((6/A**)T(fw?)T*1og(T/6)) . (B.7)
i=1 i1
since 67T log(T'/§) = o(A).
Below we prove (B.6) and (B.7) separately when f(v) =1 for all v € D since the
proof of the results for a locally bounded f is entirely analogous.
PRrROOF OF (B.6). Due to Ito’s lemma, we have

4~ [ ' 1/2 P\ 26 [T,
M = — / (/ V. dWs> th_—/ V2dt + Ag + 2By + 20,
M= 2 ) s W= ), Vedr A 2Bt
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where
4 nN %) t T
Ar=— / ( / Vsds) Vidt — / V2dt,
= J—1)s \J(k-1)s 0
4 < ho ! ° 1/2 P 1/2 P
Bt / (/ (/ v qu)Vs dWs)(V—Vk— 5)dt,
= A2 ,; (k—1)8 \J (k=1)5 \J (k—1)5 ' (k=

4 30 t s
Cr= Az V(kl)&/ (/ (/ Vul/Qde> Vsl/deSP> dt.
P (k—1)5 \J(k=1)5 \J(k=1)5

For Ar, we write Ay = Ay + Aoy — (1/2) A3, where

4 K ké t
Ayp = — / (/ Vi, — Vi ds)th,
A2 ; (k—1)8 (k:—l)6< (&=09) t
4 K ko t
Agp = — SN Vi / (/ ds)V—V_ dt,
27 = 25 kz:; (k—1)5 s U (Vi = Vie—1)s)

26 <~ [ 26 <~ [
Azp = A2 Z/ (‘/;52 - V(i—m)dt ~ A2 Z/ (Vi + Vie-1)6) (Vi = Vig—1)s)dlt.
k=17 (k=1)é 1  (k—1)8
By (A.2), we have
Ayr, Asr, Agr = Oy ((8/APT(u)T) + O, ((672/A%)T(00)T/10g(T]5)) . (B.8)
As for Br, we successively apply Lemma A.1 to have

t s
/ (/ VI/Qde) Vl/Zde
(k—1)6 (k—1)6 “ “ ° °

from which, jointly with (A.2), we have

sup sup
1<k<nN (k—1)6<t<ks

= 0, (0T (1) 1og(T/9)),

Br = 0, ((6/A)*T ()T log(T/6)) + O, ((53/2 /AQ)T(JL)Tlog3/2(T/5)> . (B.9)
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Similar as in the proof of B.6 (c), we may show that

Cr = NZV“ /

-0, ((53/2 /AT (:2) Tlog(T/6)> . (B.10)

(k6 — ) < / Vul/def) v2awP
—1)6 (k—1)8

The stated result (B.6) follows immediately from (B.8)-(B.10).
PROOF OF (B.7). We define a continuous martingale M as M = 0 and

My = M-na
J (i—1)A+ké t

=> / (M = M1)a)dM, + / (M, = Mi-1)a)dM,
o1 ((—1)A+(k—1)8 (i—1)A+(j—1)8

forte[(i—1)A+(j—1)0,(i —1)A+jo) withi=1,2,--- ,Nand j =1,2,--- ,n
so that

N A
My =Y / (M, — Mi_1ya)dM;.
=1 J(—1)A

The quadratic variation [M] of M satisfies

N n i—1)A4j6

Mlr = Z Z/Z — M;_1ya)?d[M],

1<i<N (i—1)A<t<iA

=0, ((6/A*)T()T) x O, ((6/AN)T(¢*)log*(T/6))

< [M]r ( sup sup (M, — M(z‘—l)A)2>

where the last equality follows from (B.6) and (B.5). This completes the proof of
(B.7). O

Lemma B.8. Under the condition (a) in Lemma B.1, we have
N-1

> foetetss = 0, (/AN T TIog(1/5) )

i=1

Proof of Lemma B.S. We define a continuous martingale M as M; =0 for 0 <t < A,



and

o8

9 t s
Mt - MiA+(j—1)6 = Z (f(vz-_l)ef) (/ ( 5 (/ Vq}/2de) ‘/SI/QdWSP>
iA+(j—1

iA iAH(j—1)8

for t € iA+ (j —1)0,iA + jo) with ¢ =1,2,--- N —T1and j =1,2,---,n, so that
My = va N ese§, ;. Then, the quadratic variation [M] of M satisfies

4 N-1 ) n iA+58 s ; b, 2
Mlr =— (f(vi-1)es) / </ VIzZaw! ) Vidt
A2 121 321 iA+(j—1)6 \JiA+(j—-1)§

g

nN 0 s 2
2 4 / </ 1/2 17 P
sup (f(vi—1)e; ) — V., /2dW, | Vidt
1§z’§N< (i-)ed) <A2; (i-1)s \J(i-1)s '

0, ((5*/ AT (f2) T og*(T/5))

by (B.2) and (B.5). This completes the proof. O

Lemma B.9. Under the conditions in Lemma B.6, we have

N-1

Z Fis) (€)%, foimn)efedy = 0, (6T (w)),

N-1 N-1

Fi)eselyn, Do foia)ebets, = Oy ((6°/ A% 2T (w?)/10g(T/0) )

Proof of Lemma B.9. The stated results follow immediately from (B.1) with the con-
ditions in the lemma. O

Lemma B.10.

Under the conditions in Lemma B.6, we have

N—

1 N-1
E c § a
f Vi— 1 €; z’ f Vi— 1 Zez‘_t,_l) f Vj— 1 'Lei—‘rl
=1 =1

=0, ((0/A)T(w )T1/2 log(7'/9)) .
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Proof of Lemma B.10. The stated result follows from (B.1) and (B.5). O

Lemma B.11. Under the conditions in Lemma B.6, we have

N

> fluia)eles = O, (VP TANT WA T10g(T]3) ) + O, ((6/A)T(w"/2) log(T/6))

i=1

Proof of Lemma B.11. We will only prove the result for f(v) = 1 since the result for
a locally bounded f can be obtained similarly.

We define two continuous time processes M® and M€, as M¢ = M, where M is

defined in (B.4), and

1 ké t
MY = Mb_1y5 = ~ ( / Ms) ( / v;”dwf’)
A\ Jg—1)s (k—1)5

for t € [(k —1)d, kd) with M¢ = 0. Note that M® and M¢ are continuous martingales
since, in particular, D is independent of W”. Moreover, M}y — M(% DA = e’ and

Mix — M{;_1y, = €. Then, by Ito’s lemma, we have

N N
S et =S (M — MYy a)(Méy — Mi_y)5) = Ar + Br + Cr,
=1 =1
where
1 &N ko ko ¢
BB ) ([ (o).
k=1 (k=1)6 (k—1)6 \J(k—1)5
5 ,

A
S

/ (M — M, 1)A)dMC.
2 1

By Lemma A.1, we have

Ar =0, ((53/2/A2)TDT(L3/2)T log(T/5)>
-0, <\/(52 /A3)T(w3)Tlog(T/5)> (B.11)
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due to the condition (6/A)TAT —, 0 in this lemma.

For By, we define a continuous martingale M as Mob = 0 and

t
N = [ O M)
i—1

for t € [(i — 1)A,iA) with 4 = 1,2,--- , N, so that M% = By. Then the quadratic
variation [M?) of M satisfies

N [7AN
[M%=§:/)JMﬂﬂﬁnm%W%7
=1 i—1

S[Mb]”f(s“p sp —Mé—1>A>2)

1<i<N (i—1)A<t<iA

= 0, ((§/APTRT(WT) x 0, ((6/A)T(12)log*(T/5)) (B.12)

where the last line follows from (B.5) with the construction of M°. Similarly, we may

define a continuous martingale M¢ such that M = Cp and

N iA
W%zzlyyﬂwmmmwm
i=1 7 (1

=0, ((6°/A)THT (1) log(T/8)) x O, ((6/A*)T(:*)T log(T/6)).  (B.13)
It then follows from (B.12) and (B.13) that

Br,Cr = O, ((6/A)*TpT (/) T"*1og(T/5))
= 0, ((§/A)T(w*?)log(T/5)) (B.14)

by the condition (§/A)TAT —, 0 in this lemma. The stated result follows from (B.11)
and (B.14). O

Lemma B.12. Under the conditions in Lemma B.6, we have

N-1

3 Flu)ebnet, Y flueletin = O, (/AT oa(T/6)

=1
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Proof of Lemma B.12. We will only prove the result for S0 " f(v;_1)el, ef, since
the proof of the result for SN " f(v;_)ebes 1 is entirely analogous.
Let M® and M¢ be the martingales defined in the proof of Lemma B.11. We define

a continuous martingale M? as M} =0 for 0 <t < A, and
Mtb - Mz‘bA = f(v(z I)A)(M M(z A )(Mtb - MibA)

for i = 1,2,---,N — 1, so that S0 " f(vi1)el, ¢ = Mb. Then the quadratic
variation [M?)] of M satisfies

N-1 2 ) (i+1) )
P (Vieona) (M — M 1)) /A d[M",.
=1 ¢

= 0, ((6/APTET()T) x Oy ((6/A)T(1*) log*(T/8)) x Op(T(f?))
similar as in (B.12), from which we have the stated result. O

Lemma B.13. Let the conditions in Lemmas A.5 and B.6 hold. If 6 /A% = O(1) and
(6/A)T(w®)T1og*(T/8) —, 0, then for any k > 0, we have

N-1

S Fri) W — vir)? = <§+k) | soosmas 5 [ raiviars o).

i=k+1

Proof of Lemma B.15. We have

N-1 N-1
> Fiik-) Wi = yi)® = D fimge1) (@i — wisg)’
i=k+1 i=k+1
Z f Vi—k—1 (€z+1 €i— k) +0p(1)
i=k+1
N-1
= Z fuick—1)(efy — ef—k>2 + 0p(1)
i=k+1
N-1
_valkl ei1) +vazk1(zk) + 0y(1)
i=k+1 i=k+1

where the first equality follows from Lemma B.6, the second equality holds due to
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Lemmas B.9-B.12, and the last equality follows from Lemma B.8. Then the stated

result can be deduced from Lemmas A.5 and B.7. ]

Lemma B.14. Let the conditions in Lemma B.13 hold. Then we have

S 17 ) — F )| (s — i)’

= 0, ((6/ M) *T(W"T log(T/5)) + O, <A1/2T(w4)T log(T/A)) .

Proof of Lemma B.1/. The stated result follows immediately from Lemmas B.5 and
B.13. m

C. Proofs of Main Results

Proof of Lemma 2.1. The stochastic differential equation (2.7) has a solution

t
V;f — %eJWt—(H+J2/2)t + Ii,u/ €U(Wt_WS)_(H+U2/2)(t_S)dS.
0

Since V; is an homogeneous Markov process, we have
E[VisalVi] = fa(Vi), with  fa(Vo) = E[Va|V].

Note that fa is well defined since the distribution of W, is exponentially decaying.
Moreover, it follows from E[exp(cW;)] = exp(u?t/2) for all ¢ € R that

fa(Vo) = p+ exp(—rA) (Vo — p),

from which we have the desired result. OJ

Proof of Proposition 2.2 (a). Define Uy (A) = (Viua — p) — exp(—rA)(V; — u) for
t,A > 0. It then follows from Lemma 2.1 that

E(U(A)|FY) = E(U,(A)|V;) =0 forall s<t, (C.1)

where (F}V) is the natural filteration of (W;), since V; is an homogeneous Markov
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process. This completes the proof of the result for z = v.
As for the case z = z, we define u; 1 = i f(Zifl)A Ui(A)dt for i = 1,2,--- /N so
that w41 = (z,41 — p) — exp(—kA)(z; — p). It then follows from (C.1) that

1 1A
Bl Filna) = 5 | BOMIRL =0

from which we have the result for z = x since the sigma-field generated by x; | =

(1/A) f(gi__;))f Vidt is a subset of -7:(¢W_1)A forall i =1,2,---. O

Proof of Proposition 2.2 (b). Under the conditions in the proposition, we have y; —

r; = e;, where

(i—1)A+j6 t U
e; = / (/ Vsl/QdWSP) ‘/t / thP
(i—1)A+(j—1)8 (i-1)A+(—1)8

Let (F;) be a filteration such that both (W,) and (W[) are adapted. Clearly, (e;) is
a m.d.s. with respect to (Fia) satisfying E(e;|F;a) = 0 for all 7 <1i — 1. Therefore,
we have

E(eiv1yi-1) = Eeilyi1) = 0

since the sigma-field generated by y;_; is a subset of F;_1a for all i =1,2,---. The

stated result is then follows immediately from Part (a) of this proposition. O
Proof of Corollary 2.5. The stated result follows from Proposition 2.2. m

Proofs of Lemma 3.1 (a) and Proposition 4.1 (a). The stated results for (v;) and (x;)
can be deduced from Lemmas A.2-A.3 and (A.2) with Assumptions 3.1-3.2. On the
other hand, the results for (y;) can be deduced from Lemmas A.2-A.3, (A.2) and
Lemma B.2 with Assumptions 3.1-3.5. n

Proofs of Lemma 3.1 (b) and Proposition 4.1 (b). The stated results for (v;) and (z;)
can be deduced from Lemmas A.5, A.7 and A.8 with Assumptions 3.1-3.2. The result
for (y;) can be obtained immediately from the result for (z;) with Lemmas B.13-B.14

under Assumptions 3.1-3.5. n
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Proofs of Proposition 3.2 and Proposition J.1 (¢). Due to Ito’s lemma, Proposition
3.2 follows immediately from Lemma 3.1. Similarly, we can obtain Proposition 4.1
(c) from Proposition 4.1 (a)-(b). O

Proofs of Lemma 3.3, Theorem 3.4 and Theorem 4.2. The asymptotics in Theorem
3.4 can be obtained by applying Lemma 3.3 to the continuous time approximations
in Proposition 3.2. Moreover, Lemma 3.3 follows immediately from Lemma 3.2 of
Kim and Park (2018). Similarly, we can obtain Theorem 4.2 from Proposition 4.1

and Ito’s lemma under, in particular, Assumption 4.2. O

Proof of Corollary 4.5. It can be shown that the scale density s’ of the linear drift
diffusion (4.3) defined on (0, c0) satisfies s'(v) — 0o as v — oo under the stationarity
and the condition o?(v)/v?* = O(1) as v — oco. Moreover, a stationary diffusion
defined on (0, 00) also satisfies s'(v) — oo as v — 0 due to Lemma A6 of Kim and
Park (2018).

For any v, v, € (0,00), we have

- / () (0)dv = / (mot)(w)dv — (/') (w) — (/) (w)

vy Vo

by the integration by parts, and therefore, we have

—2/ (mpr)(v)dv = / (ma?r")(v)dv

0 0

since r is bounded, and s'(v) — oo as v — wvg for vg = 0,00. This completes the

proof since (v) = m(v)/ [, m(v)dv. O

Proof of Theorem 4./. Due to (4.6), the stated results follow immediately if we show
N-1 N—-1

> i) (zick = Z)A = > r(zimke1) (zicko1 — Z)A + 0,(1). (C.2)

i=k+2 i=k+2
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But it follows from Taylor expansion that

N—-1
> r(zike1) (zick — Ziop-1)A
i=k+2
A N—-1
=-3 (25 1) (Zick — Zicke1)” + A(r1(zn—p—1) — r1(21))
i=k+2

where the last equality follows from Proposition 4.1 (b) and the stationarity of V.
Therefore, we have (C.2) under Assumption 3.2, from which, jointly with Proposition
4.1, we have the desired result. O

Proof of Proposition 5.1. 1t follows from Lemmas A.7, B.4 and B.5 with Assumptions
3.2, 4.1 and 5.1 that

N-1 N-1

M)W —vik)’ = D (k) (@i — zik)? (L4 0,(1),

i=k+1 i=k+1
from which, together with Lemmas A.8 and B.2, we have the stated result. O]
Proof of Theorem 5.2. This follows immediately from Corollary 2.3. m
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Fig. 1. Tail index of returns and volatility measures. The figures depict the
Hill estimator of the tail index of the SPDR S&P 500 ETF (SPY), from June 15,
2004 through June 13, 2014. The first panel depicts the tail index of the daily return
(open-to-close). The second panel depicts the tail index of the realized volatility, the
bipower variation and the threshold volatility measure.
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Fig. 2. Tail index of returns and realized volatility over sub-periods. The
figures depict the Hill estimator of the tail index of the SPDR S&P 500 ETF (SPY).
The full period is divided in three sub-periods: Before Crisis (June 15, 2004 through
August 29, 2008), During Crisis (September 2, 2008 through May 29, 2009) and After
Crisis (June 1, 2009 through June 13, 2014). The first panel depicts the tail index of
the daily return (open-to-close) for the three periods. The second panel depicts the
tail index of the realized volatility for the three periods.
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Fig. 3. Tail index of bipower and threshold volatility measures over sub-
periods. The figures depict the Hill estimator of the tail index of the SPDR S&P
500 ETF (SPY). The full period is divided in three sub-periods: Before Crisis (June
15, 2004 through August 29, 2008), During Crisis (September 2, 2008 through May
29, 2009) and After Crisis (June 1, 2009 through June 13, 2014). The first panel
depicts the tail index of the bipower volatility measure (open-to-close) for the three
periods. The second panel depicts the tail index of the threshold volatility measure

for the three periods.
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Fig. 4. Tail index of returns, spot and integrated volatilities of
the GARCH diffusion model. The figures depict the average estimator of
the tail index over 10,000 simulations of sample of 1,000 observations of the
GARCH diffusion model. Three designs are considered: Model 1 corresponds to
(Ko, to, o) = (0.0350, 0.6360, 0.0207), while Models 2 and 3 correspond respectively
to (0.0350,0.6360,0.0828) and (0.0350,0.6360,0.3312). The first panel depicts the
tail index of daily returns; the second panel depicts the tail index of the daily spot
volatility while the third one depicts the tail of the daily integrated volatility.
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Fig. 5. Tail index of realized volatility measures of the GARCH diffu-
sion model. The figures depict the average estimator of the tail index over 10,000
simulations of sample of 1,000 observations of the GARCH diffusion model. Three
designs are considered: Model 1 corresponds to (ko, o, oa) = (0.0350,0.6360, 0.0207),
while Models 2 and 3 correspond respectively to (0.0350,0.6360,0.0828) and
(0.0350, 0.6360, 0.3312). The three panels depict the tail index of daily realized volatil-
ity with different frequencies: Panel 1 with 10 minute-returns RV; Panel 2 with 5
minute-returns RV; Panel 3 with 1 minute-returns RV.
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Fig. 6. Autoregression estimation for spot volatility. The figures depict the
empirical distribution of the OLS and IV estimators of the autoregression of order one
of daily spot volatility of the GARCH diffusion model. The figures are based on 10,000
simulations for three different sample sizes (250, 500 and 1,000). The instrument is the
sign of the demeaned lagged value of the spot volatility. The first panel corresponds
to Model 1 with (ko, o, 02) = (0.0350,0.6360,0.0207), while the second and their
panels are for Models 2 and 3 that correspond respectively to (0.0350, 0.6360, 0.0828)
and (0.0350, 0.6360, 0.3312).
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Fig. 7. Multiperiod moment restriction for spot volatility. The figures depict
the empirical distribution of two IV estimators of the multiperiod-moment restric-
tions of the spot volatility of the GARCH diffusion model. The figures are based
on 10,000 simulations for three different sample sizes (250, 500 and 1,000). The
first instrument is the two lags of spot volatility while the second instrument is the
sign of the demeaned value of the first instrument. The first panel corresponds to
Model 1 with (ko, o, 02) = (0.0350, 0.6360, 0.0207), while the second and their panels
are for Models 2 and 3 that correspond respectively to (0.0350,0.6360,0.0828) and
(0.0350, 0.6360, 0.3312).
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Fig. 8. Multiperiod moment restriction for integrated volatility. The figures
depict the empirical distribution of two IV estimators of the multiperiod-moment
restrictions of the integrated volatility of the GARCH diffusion model. The figures are
based on 10,000 simulations for three different sample sizes (250, 500 and 1,000). The
first instrument is the two lags of the integrated volatility while the second instrument
is the sign of the demeaned value of the first instrument. The first panel corresponds
to Model 1 with (kq, to,02) = (0.0350,0.6360,0.0207), while the second and their
panels are for Models 2 and 3 that correspond respectively to (0.0350, 0.6360, 0.0828)
and (0.0350, 0.6360, 0.3312).
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Fig. 9. Multiperiod moment restriction for 10-minutes realized volatility.
The figures depict the empirical distribution of two IV estimators of the multiperiod-
moment restrictions of the 10 minutes realized volatility of the GARCH diffusion
model. The figures are based on 10,000 simulations for three different sample sizes
(250, 500 and 1,000). The first instrument is the two lags of the 10 minutes re-
alized volatility while the second instrument is the sign of the demeaned value of
the first instrument. The first panel corresponds to Model 1 with (kqg, i, 08) =
(0.0350, 0.6360,0.0207), while the second and their panels are for Models 2 and 3
that correspond respectively to (0.0350,0.6360,0.0828) and (0.0350, 0.6360, 0.3312).
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Fig. 10. Multiperiod moment restriction for 5-minutes realized volatility.
The figures depict the empirical distribution of two IV estimators of the multiperiod-
moment restrictions of the 5 minutes realized volatility of the GARCH diffusion model.
The figures are based on 10,000 simulations for three different sample sizes (250, 500
and 1,000). The first instrument is the two lags of the 5 minutes realized volatility
while the second instrument is the sign of the demeaned value of the first instrument.
The first panel corresponds to Model 1 with (kqg, i, o2) = (0.0350,0.6360,0.0207),
while the second and their panels are for Models 2 and 3 that correspond respectively
to (0.0350,0.6360,0.0828) and (0.0350, 0.6360, 0.3312).
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Fig. 11. Multiperiod moment restriction for 1-minute realized volatility.
The figures depict the empirical distribution of two IV estimators of the multiperiod-
moment restrictions of the 1 minutes realized volatility of the GARCH diffusion model.
The figures are based on 10,000 simulations for three different sample sizes (250, 500
and 1,000). The first instrument is the two lags of the 1 minutes realized volatility
while the second instrument is the sign of the demeaned value of the first instrument.
The first panel corresponds to Model 1 with (kqg, i, o2) = (0.0350,0.6360,0.0207),
while the second and their panels are for Models 2 and 3 that correspond respectively
to (0.0350,0.6360,0.0828) and (0.0350, 0.6360, 0.3312).
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