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Abstract

This paper is concerned with asymptotic behavior of the normalized sums of
functionals of a variety of continuous semimartingales where observations are sam-
pled at stochastic times. Several laws of large numbers and a major central limit
theorem are proved after an appropriate normalization. These results are connected
to the needs of financial econometrics in that they provide future foundation for
redefinition of the realized kernel estimation of integrated volatility. Realized kernel
method is currently one of the most popular methods for estimation of integrated
volatility of a price process for high-frequency financial data. The classical definition
is based on equispaced data; however, it has to be redefined in cases where the trad-
ing times are stochastic. The stochastic trading duration assumption is typically
true whenever the tick-by-tick trading data are recorded. Our results provide the
foundation of asymptotic theory of the redefined realized kernel estimator which is
the subject of our second (forthcoming) article.

Keywords: realized kernel, continuous semimartingale, high-frequency financial data,
law of large numbers, central limit theorem

1 Introduction

Over the past decade, the field of volatility modeling and analysis for high-frequency
financial data has developed optimistically. The class of realized kernel estimators was
first introduced by (Barndorff-Nielsen et al., 2008) to estimate the quadratic variation of
a price process from high-frequency data. The idea of realized kernel estimator extends
an older kernel estimator proposed by (Zhou, 1996). (Barndorff-Nielsen et al., 2009)
conducted an extensive empirical study of realized kernel estimators using real data.
The method has been shown to be successful in applications; moreover, it has improved
significantly our understanding of time-varying volatility of stochastic processes as well
as the ability to predict future volatility. It also became clear that the realized kernel
approach is closely related to the Two Scales Realized Volatility (TSRV) idea of (Zhang
et al., 2005) and its extension to multiple scales known as MSRV; for details about the
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latter, see (Zhang et al., 2006) and (Ait-Sahalia et al., 2011). A comprehensive review
of this literature was given by (Wang and Zou, 2014).

In this setting, it is usually assumed that the ex post variation of log prices over
arbitrary fixed time period is of interest. Such a process is commonly assumed to be
a Brownian semimartingale with the spot volatility o;. For simplicity, a fixed interval
[0,T] for some T" > 0 is considered. Let k(z) be the non-stochastic weight function
defined on [0,1] and § > 0 the time gap. The number of observations over the interval
[0,T] is then n = L%J Define the integer bandwidth H > 0; then, for a continuous
time log price process X; and a time gap § > 0, the realized autocovariance of order h,
h=-H,-H+1,...,H—1,His

n

W (Xs) = (Xsj = Xsi—1)) (Xs(—n) — Xo(j—h—1)-

Jj=1

Note that, in this setting, the difference (X5; — Xs5(j—1)) represents jth high frequency
return. Based on the above, the realized kernel estimator in its classical form is defined
as
T h—1
KX =0(X0) + Yk ("5 ) (n(Xs) 420X} (11)
h=1
In a sense, the realized kernel estimator performs smoothing of autocovariances of the
process similar to how they are smoothed to obtain a consistent estimator of the spectral
density in the discrete time series process. This setting has been later generalized in
(Barndorff-Nielsen et al., 2011) to the situation where the price process is d-dimensional
with d > 1. In so doing, (Barndorff-Nielsen et al., 2011) have had to overcome the
synchronicity problem between various assets while still taking into account market
microstructure effects that may not be independent of the price process.

The classical setting assumes that the interval between successive observations is
deterministic. This may not be the most realistic assumption since returns are commonly
measured in tick time. Already (Barndorff-Nielsen et al., 2008) posted a question on what
may happen if the duration times are, in fact, stochastic. To illustrate the situation,
(Barndorff-Nielsen et al., 2008) assumes that the log return process X; is a Brownian
semimartingale; moreover, the measurement times are taken to be T3;, j = 1,2,...,n
with T' = fg 72 du where 7 has strictly positive cddlag paths. Under these assumptions,
one can construct a new process Z; = Y7, such that Zs; = Xtéj and one can now
work with the process Z; observed at equally spaced times. The result, however, is
an inconsistent estimator of the quadratic variation over [0,7]. More specifically, let
v = o7, 7¢. Then, direct application of the realized kernel approach to the process Z;
produces an estimate of the quantity fot v2 du rather than that of the original quadratic
variation fot o (u) du.

To the best of our knowledge, a possibility of the truly stochastic duration times
between adjacent observations has not been considered before. In particular, we again
consider a finite interval [0, 7] with n transactions observed within that interval. The
observation times t1,...,t, are stochastic. The durations 7, = t; — t;_1,i = 2,...,n



are assumed to be iid with a continuous cumulative distribution function and with both
expectation and variance going to zero as n — oo. In order to obtain a sensible realized
kernel type estimator, we redefine realized autocovariances of the log return process X;.
To do this, consider first the realized cross-covariance between two distinct processes Z;
and X; with common measurement times {¢; }1<i<,. For simplicity, we use the notation
A, = E7; for any 1 < i < n. We define the realized cross-covariance as y,(Z, X); =

(Ze.—Zs. ) (Xe. , —Xe. ., )
A e
definition of the realized autocovariance:

. If Xy = Z;, the above definition provides the new

(thfh - th—h—l)

VT

o = (th - thfl) .
Wm(2) = An; Yo (1.2)

Now, the realized kernel estimator can be redefined by substituting (1.2) instead of the
classic autocovariance definition into (1.1).

Although this definition seems rather sensible in the case of stochastically spaced
measurement times, we need to establish a number of new asymptotic results of prob-
abilistic nature first if we ever hope to characterize the large sample behavior of our
new realized kernel estimator. In particular, one has to establish the law of large num-
bers and a central limit theorem for several functionals of increments of continuous
semimartingales with observations being sampled stochastically with duration times 7,
i =2,...,n. The current manuscript is dedicated specifically to these results while the
second manuscript in our series will concentrate on the properties of the new estimator.
The manuscript is structured as follows. Section (2) is concerned with the detailed model
set-up. Section (3) discusses relevant laws of large numbers while section (4) covers a
very important central limit theorem.

2  Model Set-up

1. Price model:
Assume that we have a probability space (€2, P, F) and an assigned filtration {F;}+>0
containing all the information about market prices S; up to time ¢; also, let {W;} be a
Brownian Motion defined on this space. Let X; = In(S;) be the log price process such
that dX; = bydt + o:dW; with a drift process b; and the volatility process o;. We assume
that the drift process b, and the volatility process o, are adapted to F;. For brevity, we
denote the integrated volatility IV = fOT o? dt.

Throughout this manuscript, we will use several important assumptions on the nature
of the process X;. For convenience, we start with enumerating all of them in one location.

1. Assumption A:
Given any finite 7 > 0, we assume that the spot volatility o7, 0 < ¢t < T can be
bounded with probability 1:

P{o? <My, 0<t<T}=1



where M7 is a random variable with finite fourth moment:

E(M}) < oo

. Assumption B:
P{lby| <Ap,0<t<T}=1

for any fixed T' > 0 where Ap is a random variable with finite fourth moment:
E(A}) < oo

Assumption H:
Let X; be a continuous It6 semimartingale with the representation

t t
Xy = Xo+ / bsds —i—/ osdW
0 0

where W, is a standard Wiener process and b;, o; are locally bounded. Moreover,
the volatility process o, is also an It6 semimartingale of the form

¢ t
O‘tzo‘o-i-/ bsds+/ 5dWs+R(é)*(u—g)t—l—fﬁ'(é)*ut
0 0 - -

where p is a Poisson random measure on (0,00) x E with intensity measure
v(dt,dz) = dt ® \(dz), where X is a o-finite and infinite measure without atom on
an auxiliary measurable set (E, £). & is a truncation function and #'(z) = x—&(z).

d(w,t,z) is a predictable function on Q2 x R4 x E. Moreover, we assume that

(a) Let 4 be a (non-random) nonnegative function such that Jp(3(@)2A1)A(dz) <
[RICAZI
()

0o. Then, the processes Et(w) and sup,cp are locally bounded, and

(b) All paths t — by(w), t = 51(w), t — 0w, t,x) are right-continuous with left
limits (cadlag).

Remark 2.1. Recall that being locally bounded in this context means that a stopped
version of a process is bounded. In other words, there exists a sequence of stopping
times {T,,}, with T,, — oo, such that stopped process biar, is bounded by a constant
that may depend on n but not on (w,t).

In what follows we will also use another, much stronger definition of what it means
to be locally bounded.

Assumption SH:

In addition to the assumption (H) we have, for some constant A and all (w,t,x):

1be (@) < A flop(@)]] < A, | Xe(w) ]| < A
Ioe(@)ll < A, Ge()Il < A, 18(w, t2)]| < A(F(z) AL).



3. Trading time model: Assumption T
For a finite time interval [0, 77, define A, = Z. We assume that n transactions
occurred until the time T" and that the transaction times t¢1,...,t, are stochastic.
More specifically, the durations 7, =¢; —t;_1,7 = 2,...,n are assumed to be i.i.d.
with some continuous cumulative distribution function, the mean

Elr) = A, (2.1)

and variance
Var(r) = A2 for some € > 0 (2.2)

Remark 2.2. The Assumption T implies the following useful representation. If
we select a random sequence &' such that B = 0 and Var&! = A3, for some
small € > 0, the duration time 1; satisfying (2.1)-(2.2) can be represented as T, =
A, (1+¢&). By Chebyshev’s inequality, we also have &' = 0p(1).

Remark 2.3. Note that this assumption excludes, for example, the exponential
distribution that is commonly used to model duration times since in that case the
variance is equal to the mean. Historically, the assumption of exponential distri-
bution for duration times was quite popular. As an example, a well known model
of (Cont et al., 2010) models the trading times as a simple Poisson process which
means that the trading durations are i.i.d. exponentially distributed with some pa-
rameter A. Our assumption is of purely technical nature; as e — 0, the exponential
model can be thought of as a limiting case of our model. Other alternative models
of trading times may assume that the trading durations are correlated over time as
in, for example, the autoregressive conditional duration (ACD) model introduced
by (Engle and Russell, 1998). Moreover, (Bouchaud et al., 2002) offer a compre-
hensive study on the empirical properties of the whole order book. Since our main
interest lies in estimation of realized volatility of the data, we are going to start
with a simple assumption of independent duration times first. We will consider
possible generalization to the ACD model as a next step in our research.

Finally, the last assumption concerns the relationship between transaction times
t; and the price process X;.

4. Independence Assumption C:
Let {N:}i>0 be the filtration generated by transaction times 0 < ti,...,t, <t for
some 0 <t <T. We assume that N; is independent of F;.

3 Laws of large numbers (LLNs) for increments of functions of semi-
martingales

In this section, we consider two continuous semi-martingale data processes. The first
is a very simple constant volatility process X; = oW;. The second is more compli-



cated semimartingale process Xy = Xg + fg bsds + fg osdWs. We also assume that
all of the durations {7;}}" , satisfy Assumption T. The increments of the first process
are denoted A’X = X;, — X;,_, while those of the second are A?X = X;, — Xy, ,.
For an arbitrary function f, functions of the increments of the simplified process X;
are V(f,An); = X% f(A?X). We also consider these same increments in the nor-
malized form as V' (f,Ap)e = X0, f (A?X' //Ti). Analogously, for the more compli-
cated process X; we have V(f,A,); = X', f(A’X) and, in the normalized form,
V'(f,An)e = B2, f(A?X//7;). Finally, we also define the so-called approximate vari-
ation of the pth order for both processes X; and X; as B(p,An); = X7, |A?X|P and
B(p, Ay) = E?:HA?XV) for some positive integer p. Of course, if p = 2, these become
approximate quadratic variations. Our ultimate goal is to derive certain laws of large
numbers (LLN) and central limit theorems (CLT) for the functions of increments of X;.
As an intermediate step, both will be proved first for the functions of increments of X;.

We begin with a simple lemma concerning the asymptotic behavior of the size of the
time grid.

Lemma 3.1. Under assumption T, max; 20 asn — oco.

Proof. Denote 7(,,) = maxi<i<n 7. Since 7(,) > 0, we have for any a > 0, by Markov
inequality

E(T(n))
P,y > a) < —72
(T(ny 2 0) = —
Then, by Hartley-David Inequality (see (Hartley et al., 1954)), we have E(7(,)) < A, +

2+e€ _ €
7w =0 (n_%) if 0 < e < 1and O(n™!) if ¢ > 1. In either case, clearly,

E(7(n)) — 0. Thus we have as n — oo,

lim P(r,) >a)=0

n—o0
which means that 7, 0. O

Next, we will need the fact of asymptotic convergence of B(2,A,,);. In other words,
we need to see whether

t
B2 A D / o2ds.
0

For the fixed time grid this has been done in the literature earlier; see, for example,
Theorem 2.10 of (Kessler et al., 2012)) and references therein. For convenience, we cite
this result in full.

Theorem 3.2. Let the grid of transaction times be
g == {t07t17' o 7tn — T}a

define the mazimum size of the grid to be A(G) = max{t; — t;—1} and assume that
A(G) — 0 as n — co. We also define

[X, Y]tg = Zti+1<t(Xti+1 - Xti)<Y;5i+1 - Y;fz)



for any two processes Xy and Yy. Then, for any two semi-martingales Xy and Yy, there
is a process [X,Y]; such that

[X7 Y]tg £> [Xv Y]t
for allt € [0,T] as A(G) — 0. Moreover, for an Ité process,

t
(X, X]; = / olds
0

The resulting limit is independent of the sequence of grids G.

Note that the theorem is still be true even when ¢;’s are stochastic, as long as they
are stopping times and

A(g) = mal’lgign(ti — ti—l) —0
is still satisfied. The details can be found in (Jacod and Shiryaev, 2003), Theorem 4.47,
page 52.
3.1 The first simple law of large numbers

As a first step, we establish a simple law of large numbers for functions of increments
of an It6 semimartingale. It will serve as a stepping stone for later, more complicated
results.

Lemma 3.3. Let f be a continuous function: R¥ — R and let X; be a continuous Itd
process defined as above. Then

a) If f(z) = o(||x||?) as x — 0, then
V(f7 An)t £> 0

b) If there exists a neighborhood of 0 such that the function f(x) = g(x) = va? for
some constant vy, then

t
VA B / o2ds
0

Proof.  a) If f(x) = o(||z|?) as  — 0, then for any n > 0, there is an € > 0 such that
function f can be represented as

f@) = fe(x) + filx)

where the first term is a continuous function f(z) such that f.(z) = 0 when

|z|| < e while ||f/(z)|| < nlz|? for all . Since A(G) & 0 as n — oo and X,
is continuous, then for each w, there exists an integer N(w) such that for all



n > N(w), max||A? X (w)|| < e. Thus for each w we have V(fe, Ap); — 0.
Moreover, we have

VLA W<UWMWNWW%W/ o2ds

by Theorem (3.2).
Thus

t
HVmAMH<W4hAwH+W4ﬂA0J5WAG@8

Since 1 can be arbitrarily small, the first statement is true.

b) Let f' = f — g, which is o(||z||?) on a neighborhood of 0, then from the results of
(a), we obtain that

V(A0 =V (f,A0) = V(g, An)e 5 0

And t
Vg, Ap)e = /4 (ATX)2 B / o2ds

0

Thus we obtain the result (b) by combining these two equations together.
O]

The LLN we just obtained in Lemma (3.3) is slightly weaker than what is needed. Be-
fore formulating a more general LLN, we need to define the idea of uniform convergence
in probability.

Definition 3.4. A sequence of jointly measurable stochastic processes &' is said to con-
verge locally uniformly in probability to a process & if limy, oo P (supsgt |E0 — & > K) =
0 for any K > 0 and any finite t. This convergence is commonly denoted £} g

Now, armed with the new ideas, we can obtain a much stronger uniform law of large
numbers.

Theorem 3.5. Assume (H) and (T). Let f be a continuous function on RF for some
k > 1, which satisfies

k
|f(xla"'7 H 1+||$]||p
for some p > 0 and K. Define
/ [t/An]
V(I A= S0 (A1X/VAg o Al XA,
i=1

Then we have
ALV (f, K, An) “”‘/%u

In the above, p2F(f) = E[f(X)] where X = (21,22, - ,2) ~ N(0,0%I) and I is a kx k
identity matrix.



Proof. To prove this theorem, we will use the so-called localization procedure described
in detail in (Kessler et al., 2012). Essentially, it is a very useful approach for proving
limit theorems for discretized processes over a finite time interval. Our main tool in this
undertaking is the following Lemma from (Kessler et al., 2012) that we show here in full
for ease of exposition.

Lemma 3.6. If X satisfies assumption H we can find a sequence of stopping times R,
increasing to 400 and a sequence of processes X (p) satisfying assumption SH and with
volatility process o(p), such that

t<R,—= X(p)=Xi,0(p)t =0y

Clearly, the assumptions of (3.6) are true in our case for the process X;. Suppose
that Theorem (3.5) has been proved when (SH) is satisfied. Let X now satisfy (H) only,
and (X (p), R,) be as defined in the Lemma (3.6). If the process used in V' (f, k, A,)¢ is
X (p)t, we use the modified notation VI(X(p); [k, Ap)t. We then know that for all p, T
and all appropriate functions f,

t
supier [ BV (X0 ok A = [ 3% (aul B0

u

On the set {R, > T+1} we have, for any A, such that kA, < 1, that V' (X (p); f, k, A,): =
V(X f,k,A,); and o(p); = oy for all t < T by Lemma (3.6). Since PR,>T+1)—1
as p — 00, it readily follows that A, V' (f, &k, Ay); —2 fot p2*(f)du. This proves The-
orem (3.5) under (H).

Thus, the only task remaining is to prove that the statement of the Theorem (3.5) is
true when X satisfies (SH). For convenience purposes, from now on we denote ¢ the
time of the ith transaction within the interval [0,7]; the superscript n refers to the
total number of transactions in this interval. Under SH, o; is a piecewise constant
function equal to o on each of the intervals [t;ﬁrl_l,t?H} for 1 <[ < n —1i. Define
AW = Wt?+z — Wtﬁrz—f Then, defining

Bir = o AL W/ Tiga,

and .
: ,ﬁl /t bsds + ( )AW.
Ty = ( s o5 — Ot )
1, Ti+l t:,’b_H_l S S 1 S
we obtain

Al X = T + B8i).

Assuming (SH), note that we have A,, = % = O(n~!) and based on Assumption T, we

have lim X’fn = 1 in probability. Then, it’s easy to check that, for any g > 0, there

n—oo
exists a constant K, such that

Efaa(1Bill7) < Ky
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where
?H*l(') ( |]-"th 1 \/M?Hfl)

Using Doob’s and Burkholder-Davis-Gundy inequalities (see (Burkholder et al., 2011))
repeatedly we obtain a sequence of inequalities. All of them are true for every w and so
can be interpreted in the almost sure sense. First, the direct application of the above
cited inequalities gives us

B ([lovs — oel|*|F2) < Kys™ /),
this, in turn, lets us claim that

Ely o (lz]) < KoEly 1 (Tigt) = 0

On the other hand, we have for function f satisfying the assumptions in Theorem (3.5),
and any A > 0,

Then we have

Ga(e) = sup 1f @1+ v, an+ ur) — (o, )] S0
ATX A? n "
sup 1<‘f< R >_f(i,()v"'7 1)

{z,y5:ll25 | <A y; | <e}
i>0,weN vV Titk—1 >
= sup EP, (‘f(x?,o + B0 s wiy + Bie—1) — F(Bilos o Bl 1)‘) —0
i>0,we)
Let’s denote e
t/An
VI (f ke D) = S0 F(BRoy Bl 1)

Then we have

An (VI ks )y = VI (£, A ) 2525 0

by the result above. Therefore it is enough to show the convergence for AnV”( frkyAy).
Denote 0 = A, f (B, -+, Bi_1)- Then we have

Paf) = Aupg (f) = (1 + Ay — i) p?f;_l (f) = Tin5h (F)+ (Dn =700 (f)

1—1 1—1 1—1

First of all, we show that

[t/An] )
®k u.c.p.
Zl (An = mi)pG (f) =0

because the conditions of Lemma 3.4 in (Kessler et al., 2012) are satisfied:

[t/An]
> s (Ba-mil (1) =0
=1
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[t/An] [t/An] 2 [t/An] b,
> g (e -k (OF) = X (s, () Var(m) < & 3 varm) B0
i=1 i=1 i=1

Note that we also have E | (|n?*) < KA2, thus by Riemann integration, we have

UA [t/An] e [t/An] e
[ / n]En n Z Anpa,n p Z Tlpo‘,m p / pav fv
which concludes our proof. ]

4 Main central limit theorem

4.1 A simple CLT for increments of the simplified process

To show the “flavor” of results we need to obtain, we state, as a first step, a simple
central limit theorem for the normalized increments of the simplified process Xt. This
CLT will not be used in the future to prove other results - it is simply an illustration
of what we would like to establish for the normalized increments of the process X;. As
a first step, we need the following definition. A continuous function f is said to exhibit

polynomial growth (grow at a polynomial rate) if
|f(@)] < K(1+ [zf") < Kolz|? (4.1)

with some constants K, Ky and some p > 0.

Theorem 4.1. Let p,(f) = \/2170 [ f(z)exp (—22/20?%) dx be an integral of the function
f(x) with respect to the Gaussian law N(0,0%). If the function f grows at a polynomial
rate, we have
L
VA,

Proof. Note that any n variables (A?f(/\/ﬁ : 4 >1) are i.i.d with law A(0,0%). Then
the variables f(A?X/,/7;) when i varies are i.i.d with finite moments of all orders. An
application of the standard CLT gives us the statement of this result. O

(VI (£ An)e = too(1)) 5 N(O.Hlpo(12) = po(1))

4.2 Main CLT

Now, we have to obtain the CLT for the increments of X;. A major problem in doing
so is to be able to characterize the limit, and, more specifically, the quadratic variation
of the limiting process. As usual, we start with the necessary notation. Consider a
sequence (U;);>1 of independent A(0,1) variables. Recall that p,, defined before, is
actually the distribution law of ¢Uj, and so p,(g9) = E(g(cU;)). Also recall that a
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function of k-dimensional argument f(z1,...,2;) : R¥ — R exhibits polynomial growth
if
! k
[f (1, an)| < Ko [T+ )P
j=1

for a positive constant K and some positive p. For such a function f on R* we set

k—1
Ro(f.k)= Y E[f*(cUk-- ,0Un_1)] — (2k = )E*[f(aUy,- -+ ,0U)]
I=—k+1

Our main result is as follows.

Theorem 4.2. Assume (H) and (T). Let f satisfy either one of the two assumptions
stated below.

e (a) f is a polynomial function on R* for some k > 1, which is globally even, that
18

f(_xla"'a_xla"'a_xk):f('rla"'axlf"a'rk‘)

e (b) f is a continuous and once differentiable function with all derivatives exhibiting
polynomial growth on R* for some k > 1, which is even in each argument, i.e.

f(xlu'”)_‘/L‘lu'”>$k):f(x17"'717[7”'73376)7 v1§l§k

If X is continuous, then the process

b <A V(f ks A —/t ®k(f)du>
\/Fn n y vy An )t 0 pau

converge stably in law to a continuous process U'(f, k) defined on an extension (Q, ]:', ]5)
of the space (0, F, P). Such a process U'(f,k) is a centered Gaussian R-valued process
with independent increments that, conditionally on the o-field F, satisfies

E(U(f, kU (f. k)e) = /0 Ro (f. k) du

where E refers to the expectation defined on an extended probability space (Q,]}, ]5)
If S,(f, k) is the square root of R,(f,k), then there exists a 1-dimensional Brownian
motion B on an extension of the space (Q, F, P), independent of F, such that U'(f, k)
s given by

t
U/(ka)t_/o Sau(f7k>dBu
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Proof:
Firs, we define the following convenient notation:

G = fATX/ T, A e 1 X N Tivk—1)s
Czln - f( ZO? T 752]971)7

Gr=a -Gt
The basic idea of the proof is to replace each normalized increment A ;X /\/Ti by ﬂgl,
and show that CLT is true for that simpler process, then justify this replacement by
showing that the simpler process converges to the original process we are really inter-
ested in. Since the proof is rather long and technical, we separate it into a sequence of
lemmas that are proved separately. Then, they are combined to produce a proof of the
general result.

Lemma 4.3.
[t/An]

VALY (¢ = ELE™) 2o
=1

Lemma 4.4.

t
A X o5k (Pdu= [ 5| 2o

Lemma 4.5. The processes

[t/An]

or =V Y (d- sk 0)
=1

converge stably in law to the process U'(f, k) as defined in the Theorem (4.2).

Lemma 4.6.
[t/An]

VAL DT EM (G 0
=1

Once we prove these four lemmas, then our Theorem (4.2) follows rather easily.
Indeed,

1 / t k o ! 1 ! k
E(Anv (Foky A — / ! <f>du) = VAV A~ = / P8 (f)du
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[t/An]

VA L ¢ F/pm

[t/An]

= VALY (6 ) - [

[t/An] [t/An] [t/An]

_ 'n LAY k - 1 ! k
= VAR () B X (B 3 i (e AR

[t/An] [t/An] .
— 1 // 1
= Or/Ba 3 (6 = B B | A X e (- AU
i=1 VA,

=Up + M}
where M]" represents all the terms in the above equation besides U*. Due to Lemmas
(4.3), (4.4) and (4.6), M converge to 0 uniformly in probability.
Proof of Lemma (4.3) In order to prove (4.3), we need to prove the following

proposition

Proposition 4.7. Assume (SH). Let k > 1 and let ¢ > 0. Let f be a continuous function
on R¥, satisfying the condition in (3.5) for somep > 0 and Ko > 0. If we further assume
that X 1is continuous, then as n — oo:

q

> — 0

ATX AN,
sup E11<‘f( Tt ikl >—f( z’rfov"', Z’hfkq)
Proof. First, for any polynomial growth exhibiting function f, we have that

i>0,weQ VTi VTitk—1

0
Gale) = sup 1f (@1 + g1, xp +yk) — flan, o) —=> 0
{z5,y5: 12511 <A |ly; | <e}

for any A > 0.
Then for all A > 0, s > 0 and € > 0, we have the same inequality as given in the proof
of Lemma (3.17) in (Kessler et al., 2012); for convenience,we write it here in full:

|f(l‘1+?/1,"‘ 7$k‘+yk)_f(x17 7mk)|q

< GA T+ K Z esAn xmaym) H g(xJ'?yj)
j:l,---,k,j;ﬁm

where

[J]|Pa= ||
+ P (llyll A 1) + AP

2 +s
Yyl|“ N 1 Y pq
h€,s,A n($ y) || ’62 || H

As
g(x,y) =14 [[=]|? + [ly[|*”
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and K is a constant depending on Ky, q, k.

As a next step, we apply this inequality with z; = 5{-:‘]-71 and y; = Xijh where Xijl
is exactly the 27, ;| defined in the proof of Theorem (3.5). But since here we use x
as symbol representing the general input for function f, to avoid confusion, we use
Xij_1 instead from now on. Since we assume (SH) and X is continuous, the inequalities
obtained earlier in the proof of Theorem (3.5) are still valid. In particular,

Eifqa (1851 <

) < KBy 1 (VTi) — 0

Bl
Thus:
?+j—2(9(52j—17><2j—1)) <K

for some constant K depending on Ky, q, k. Next consider ijye’A EZ"JF] o(hes,An (,B;?j_l, X;fj_l))
for s = 1. Applying Cauchy-Schwarz inequality we can obtain

Ve < 0n(A €) = K(1/A+ E\/Tivj—1 + A, AP /)

And
hm lim sup ¢, (A,€) =0

A—00 poyoco

Taking successive downward conditional expectations, we finally get

AT X Ak
P (17 (U TR ) ~ e ) 2 600+ w1

for all A > 1 and € > 0. Then let ¢ — 0, we obtain the result we want to prove. ]

Now, the combination of this result and the Lemma (3.4) from (Kessler et al., 2012)
brings the needed conclusion.

Proof of Lemma (4.4)
As before, it is possible to establish this result under the assumption (SH). Recall that
under (SH) ||oy|| < A and denote by M’ the interval (0,A]. Consider the function
g(o) = pZ%(f), defined on the set M’ and denote ¢; = x—. Then

[t/ An]

1 t
B0 3k (- du= [ st
1 [t/ An] t
= A, o} —/ ou)du
\/E ; g( tzfl) 0 g( )

1 [t/An] 1 t
= ~rig(of_,) - 2)d
Vil DA CE L



1 [t/An] 1 [t [t/An]
= — (o} )du — g(on)d
v Ay ; Ci /ti— h 1 Z ti—1

- > ( / (g<au>—;g<azzl>) du)

- Vlm [t-g] </tt (g(aw —g(op_ ) +glof_) - ;9(03-10 du)

(L e 1e) A E L e

[t/An] [t/An]
==Y - > e
i=1 i=1
where
n 1 tl n
N = \/E/tll (g(au) g(atlfl)) du
and
1

So we only need to show

[t/ An] [t/An]

u.c.p

16

The proof of ZWA"] 4 —> 0 is very similar to the proof of (3.7.3) in (Kessler et al.,

2012). Let n' = 171 —1—771 " where

ol I e I R G ]
n Jiti—1

And we can further decompose 77;-” as 77;" = p + ,u;", where

1 , t; u
pi = —==g(o1,_ )/ du/ bsds
\% An fit ti—1 ti—1

e [ ([ o [ [
Wt = g (o du gsdWs + o(s,x)(u—rv)(ds,dx
VA Y ( [ [ 3,2 (s
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\/‘% (recall that g is C} and b is bounded), so

[t/An]

Z

Note that based on the Assumption T, we have

On the one hand, we have |u

Var(r)
A2

n

Var(§j') =

Thus, E(7?) = O(A2), then we have

[t/An]

> EL(lufl) =0
i=1

Then, by Lemma (3.4) in (Kessler et al., 2012), we have

[t/An]

D =0

=1

On the other hand, we have E? (") = 0 and EP (")) < AEP ((7?) by a similar
arguments and through the use of Doob and Cauchy-Schwarz inequalities. Therefore,
by Lemma (3.4) in (Kessler et al., 2012) again, we have

[t/An]

2w

So we have already shown that > ;] e /4" 228 0.

As for 7]1 , since X is continuous and f is assumed to have polynomial growth, we
further know that g is C’g on the compact set M. Then by Taylor expansion, we have
lg(c") — g(o) — ¢'(0) (0’ — o)| < Aljo’ — o|? for all 0,0’ € M. Therefore,

w, . KU |

777;_Tnt1

Due to the inequality (3.73) from (Kessler et al., 2012) we have

n |2
oy —op._|7du

E(||owse — ou|*|F2) < Kys0/2)
for a constant K, that may depend on g. Threfore, for some K > 0, we have

2
A-E(r)) < KAE’/2
VAR

"

i) <

17'11(|77
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So ZEZ?"] E™ (|n;™|) = 0. Then we have showed that

[t/An]
u.c.p.

T

i=1
At this point, it only remains to prove that

[t/An]

Z 6? u.C.p. 0

i=1
First of all, €' can be further simplified:

I 1

S P o)1= —)d
P= a0

Thus, obviously we have
[t/An]

Y ElLi()=0
i=1

since E(1;) = A,. And

Var(r;)

a(llef?) < A = AALTe
for some € > 0 by Assumption T. Then

[t/An] B

> B (€)= 0, ¥e>0

i=1

Again, by Lemma (3.4) in (Kessler et al., 2012), we have

[t/An]
Z 6? u.c.p. 0
i=1

which marks the end of the proof of Lemma (4.4).

Proof of Lemma (4.5)

To make this proof simpler, we only consider the case k = 2. There are no conceptually
new ideas needed to prove the case k > 3 but the derivations are much more involved
and tedious.
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Let g¢(z) = [ po,(dy) f(z,y), we have
t/An]+1
Z mi + 1" = Va1

where 7' =" + %{n and

V= \/En (f(ﬁ?l,OHBinl,l) - /Patg_Q (dx)f(ﬁ?w,x))

0 = VB ([ b (@) 5B ) = 052 ()

Recall that ﬂgl = atllA?_HW/ V/Tit1- We use the localization procedure again, and,
therefore, work under the assumption (SH). Note that this implies that all of the fol-
lowing integrals are taken on a closed interval of finite length. Also, recall that, while
proving Theorem (3.5), we concluded that E},;, ,(|8]|?) < K, for some constant K,
that depends on ¢; this makes it easy to show that

E(ly") < KA
/AL i,

for some large enough constant K. For brevity, define Ut," =) iy n;'; now, it is
enough to show that U';” converges stably in law to the process U'(f,2);.

Note that n* is Fi» measurable. Combining the conclusion of Theorem (3.5) and Lemma
(4.4), we show that

io1(ni') =0
And based on the assumption (SH) and the polynomial growth of function f, it is also

easy to check that
4 2
im([ni'[) < KAG

Before calculating EP | ((n?)?), we first list several simple facts that can be used later:
Ezn—l(ﬁzn—l,o) = 5?—1,0
Bl Fe , ~ N(O, 0132512) = Poyn
anofft”_ ~ N(OaUtnyl) = Poyn |

We only need to calculate Z[t/ Anlt1 E? ((n™)?) for the variance term in order to apply
Lemma (3.7) from (Kessler et al. 2012)

We have
P ((0)?) = Al
where ¢' = g(t!" o, t7" 4, B?_LO), and

stots) = [ potin o) - ( [ po—s(dy)f(w,y)>2
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+ / Do) (0o (d2) (0, 2))% — (0E2(1))° — 2082(f) / pon (dy) f ()

+2 / p(dy)p(dz) f(x, o5y) f(ory, 012)

Then if we can show the two properties:
[t/An]+1
> EN(AING) S0 (4)
i=2
for any N which is a component of W (in the 1-dimensional case the W itself) or is a
bounded martingale orthogonal to W, and

[t/An]+1

t
8y oD [ Rarom 3)
1=2

then the Lemma (3.7) from (Kessler et al., 2012) will yield the stable convergence in law
of U, to U'(f,2).
Let’s first prove property (A). Recall " =~ + %{n’ and observe that

W= Anh(ow ,, AT W/ /Tt AFW/ /)
= VA (g, AT/ )

where h(o,z,y) and h'(o,z) are continuous functions with polynomial growth in z and
y, uniform in o € M’. Then the property (A) will be a direct conclusion of the following
Proposition. In the statement of this Proposition (and occasionally afterwards as well),
we sometimes use the notation 3" to replace BZO since the second index is always zero.

Proposition 4.8. Under (SH), for any function (w,x) — g(w,x) on Q x R which is

<]:t;z71 \/./\@?71) ® R-measurable and even, and with polynomial growth in x, we have

i-1(A7Ng(., 7)) =0

where N can be either the process W itself or any bounded martingale orthogonal to both

W and {7’2‘}121 .

Proof. Assume that IV is bounded and orthogonal to W. We consider the martingale
M, =E (g(., 6;‘)|]—"t\//\@;11), for t > ¢ ,. Since W is an (;)-Brownian motion, and
since ;' is a function of ot and of AW, we see that (Mt)tzt?_l is also, conditionally
on ]:t?q \//\/};171, a martingale w.r.t. the filtration which is generated by W; — Wt?,y
By the martingale representation theorem the process M is thus of the form M; =
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Mg |+ f; vsdWs for an appropriate predictable process v. It follows that M is
= i—1
orthogonal to the process Nj = Ny — Nyn  for ¢t > ¢} |. Hence

Py (AFNg( /Doy ATW)) = B (AFN'My)

£
AN (Mt;t_l + / usdm)
t

mn J—
E’, =0
n
i—1

Next assume that N is W itself. Then we have A Ng(5}')(w) = h(oy,_,., ATW)(w) for
a function h(w, z, y)which is odd and with polynomial growth in y, so obviously we have

E' ((A?Ng(.,6") =0

in this case. ]

To prove the property (A), we just need to show that
B ((APN7') =0

and
1 (AFNY") =0

The part involving 7;" is a direct consequence of Proposition (4.8). Furthermore, while
N is a martingale orthogonal to W, we can derive E' ;(A?N~}") = 0 following similar
arguments as in the proof of Proposition (4.8). So it only remains to prove that while
N is W itself,

t/AR]+1
Z £ i 0,where &'= Ej" (7/AIN) = E" (7 ATW)
i=2

Since f is globally even and p, is a measure symmetric about the origin, it is not hard
to see that h(o,z,y) is globally even in (z,y), and thus [ ps(dy)h(o,z,y)y is odd in .
Further note that oyn , € Fep  and A7 ;W € Fyn |, then it is obvious that

§ = B (0" AIW) = L (V Anh(owy,, AW/ /Ty, AW/ T AIW) =0

Thus we finish the proof of property (A).

In order to finish the proof of Lemma (4.5) we only need to verify the property (B):

[t/An]+1

t
S R
=2

Recall that E" , ((772")2) = Ap¢'. We have

<Z5zl = g(t?f% t?*h Bz‘nfl)
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where function g(s, ¢, ) is as defined before. Observe that ¢ is Fir | \/ Njn -measurable
and

B 5 (60) = B (61, \/ Nig ) = Wt o t0), Bl (I67P) < K

where h(s,t) = [ po,(dz)g(s,t,x).
Then by Lemma (3.4) from (Kessler et al., 2012), the property (B) would follow if we

can show that
[t/An]

Azhzl’z%/ quy

Since, due to Lemma (3.4) from (Kessler et al., 2012),

[t/An] [t/An]
An Z h z 1 z Z Tih(tz 15 ;L)
i=1
we only need to verify that
[t/An] b,
> bt ) 5 [ Ra(f.2du (12)
i=1 0
To verify (4.2), we only have to show that
t/An] bt
Z Tih(t? 1, t7) —>/ h(u, u)du (4.3)
i=1 0

since

hit,t) = pB2(f%) =3 (0E2(N)" + Q/pat (d2)po, (dy) po (d2) f (x,9) f(y, 2)

which is exactly Ry, (f,2).
To show that (4.3) is true, we do Taylor expansion of function h(t} ;,y) at the point
y - tz—

T’ih<tz 1 :L) *T’ih(tz 17 i— 1) +T h (2 1y ¥e— 1)+O(T23)

Thus
[t/An] [t/An]
SO omh(tp 1) = Y (Th(] 1) + TRy (1) + O(1))
i=1 i=1

By Riemann sum approximation, we know that

[t/An]

th1711—>/ u, u)d
i=1
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So we just need to show

[t/An]

ST (FRhy (g, 1) + O() Lo

i=1

Since it is easy to check that function h has bounded second and third derivatives, we
only need to show

which is obviously true - just apply the Lemma (3.4) from (Kessler et al., 2012) one

more time:
t/An] t/A’Vl]

Z EP\(I72)) = Z Az Ly
This finishes the proof of Lemma (4.5).
Proof of Lemma (4.6)

Define for I = 0,--- ,k — 1 the following functions:

A X Al X ®(k—1—1)
g?,ll(x):/f< \;777' y T mux7xl+17'” 7:6]{:1) po'tnl (dxl+17"' 7dxk71)

As a function of w this is ‘Ft?+z—1 \V ”Htﬁl_l—measurable. As a function of z it is C'. Based
on the assumptions on price process X; and the assumption (SH), we further have

lgin(@)| + | v gia(@)] < KZi(1 + [«]")

Where r >0, B (|1ZP) < K, Vp > 0, for some random variable Z;; that is
Fin,, , V Hip,, -measurable.

For all A > 1 there is also a positive function G 4(€) converging to 0 as € — 0, such that

with Z, as above:

2] S A, Z] S Ayl < e = | v gilw +y) — vali(@)| < Gale)

Defining is the sum over [ from 0 to k — 1 of

k—1 n n n n
:Zf<AiX L BiaX Bl e, B >_f<AiX L Bl X Bl Y >
i \/771" ’\/‘7’ 3,l+1> » Mik—1 \/771" 7m7 0 » Pik—1

we have
k—1

?—1(@?“) = ZE?—l (gu( i1 X/ Tit) — gzl( ))

=0



Therefore it is enough to prove that for any [ > 0 we have

[t/An]
u.c.p

VA Z Eznl gzl z—i—lX/\/Tz-‘r) gzl( )) —0
If we define &) = A] AL X/ T — B, we only need to show that
[t/ An]

fZ (9B + €7) — gra(87)) <25 0

By Taylor expansion, the left side above can be further written as

[t/An]

\ﬁZE (g7(BTy + €)= 92 (BR))

[t/An]

= VALY By [wanBrgh + (w8 — vai(8i)) €]
=1

[t/An) [t/An]
=VA Z E (Vo (BiEn) + VA Z ((vg?,z(ﬁéfz‘) - vy&(ﬁ&)) é.zr,bl)
Thus we only needs to show

[t/An]

\/7 Z E ngz le)gzl) s —0 (AA)

and
[t/ An]
\/Kn Z E, <(Vg?,l</8;ﬁ) - ngfl(ﬁ )) @z) =250 (BB)
i=1
separately.

Proof of BB:
| (Vo8 = wam(Bm) €l

< Ga(Olen] + K27 (L+ 180 + 10" 18 (Tezzoay + Lsmisa + Leisa)

€

izl 18l len)
< GalEhl + K275 (L+ 18] + Iehl) lgF '( 4 tA T ’l>

Note that

E(E8]) < KE(yTit) < K\ E(Ti41) = K\V/A,

24
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then

n n 'n n [ an n 1 V An
i1 ((Vgi,z(ﬁi,z) - v i,l)) 51,1) < Ky A, (GA(E) + 1 + )
€
Thus we have
[t/An]

VALY Bl ((veiBi — a8 ) ) < Kt (GA@ ta
i=1

€

)

which will go to zero as n goes to infinity (choose A big and then e small). Then we
complete the proof of BB.

Proof of AA:

To prove (AA), following the same scheme as in (Kessler et al., 2012), we first further
decompose ', into two parts as below:

o= ( 1y +§2z> [V Tivl

‘n Lz
il = /t (bs — bt?+zf1)ds

2
_l’_
(2

- it
fil = btﬁlfln""l_‘_ ]

n
i+1—1

/t (Budu + (6w — G, )qu) n /t 7 /E (5@,3;) _ 5@;;,_1,3;)) (u— u)(du,dx)] AW

i+l—1

5’t;’,L+ll/ dWy, +/ /5(ti+l_1,$)(u—V)(du,dm)] AW,
2 U

itl—1
Then (AA) amounts to the following two claims:

u.c.p.

\V4 921(521)521] —0 (A1)

[t/An] 1
v A, EZ?Z
; ! [\/ Ti+1

1
vV Ti+l

u.c.p.

v,q;fl(ﬁ;fl)ézfl] mer g (A2)

[t/An] [

VALY B
i=1
Proof of A1l:

Note that the restriction of y to (t;1;—1,00) x E and the increments of W after time #;,;_1
are independent, then conditional on Mtﬁl— =Fn, VoW :t>0)\o(r:i>0),

we get
( / qu> dWs
titi—1 24

N it
n _ ' ~
E(gi,l’Mti_H_l) - bti+l_17-l+l + Ut?+l_1 /
i+1—1

1
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which is even in W.
Thus for a function h which is odd with polynomial growth, we deduce

Ef 1 (E4h(B) =0
Thus, if

e (a) function f is even in each argument, then g7, (3} is even and g7, (87 is odd.
Then it is obvious that (A1) is true.

e (b) function f is a globally even polynomial function, then we follow the proof of
(A1) as shown right below.

Define

A AT, X
h(AiX,x) ZQZl(ﬂf)Z/f< L

VTi o Tt

oy — (AIX 0 AlaX
where A;; X = < i e )
Obviously we have function A is globally even in (A;; X, ) since f is globally even and

the Gaussian law is symmetric.
Since f is a continuous function with at most polynomial growth, we can decompose the
function h as below:

n
i—1

h(Ai,lX, :L’) = Q(ANX) + bu(l’) + C(A“X, l’)

where function a only contains constant and terms with no x involved, b;; only contains
terms with only = (no any part of A;;X) involved, and function c contains the rest, i.e.
those terms with both z and part of A;;X involved.

Denote v/, as partial differential w.r.t z, then obviously we have

an(AuX) =0

Since h is globally even, for those parts only contain z, they must be even in z, i.e.
bi(z) is even is . Thus \/;b;;(x) is odd in x and we have

n 1 “n . n
Ei <\/7T+l Vi bz’,l(w)fz‘,l) =0 , while z =g,

from the arguments above.
For function ¢, based on the fact that function f is a polynomial function, we are able
to write function c¢ as the format below:

-1 :
A X\ Pi
(A X, x) = Z (Zﬂ> x%

T\ VT

Since function ¢ should still be globally even in (A;; X, z) (because function h is globally
even), we must have, for any j, p; + ¢; to be an even number. Thus ,c(A;; X, z) is

k—I1-1
y Ly Ll415 " >$k—1> P?t( )(d$l+17"' adxk—l)



27

globally odd in (A;;X,z). Now we treat function 7,c(A;; X, ﬂZl) as a function of dW
and 7;4; as below:
VIC(A“X, B{fl) = C1 (T, dW) + CQ(dW)

where 7 here represents the vector (7, -+, 7;47-1) and dW represents any terms contain

integral w.r.t the Brownian motion. Recall
~ tiyi s
BE My ) = biosr it + 61, / / aw, | aw.
tiyi—1 t?+z—1

then

1 ~ 1 1 ~
n (oL (A X, 8)E ) = Er (i (7, dW) + —— (W) ) £
1 (mv (A 3,1)5,1) 1 <<\/T+l 1( ) N 2( )) ,z)

Since function 7zc(A;; X, B{fl) is globally odd, then it is easy to check that co is of odd
power of dWW and

E (cz(dW) ]Tj,) =0

As for the term E}' ; (%cl (1, dW)f?l), after simple calculations it is easy to check

Vit
_3 . n _3
that those terms are all, at least, of order O(n™2). (since E* ; (\/%TZ%H) =0(n"2)).

Thus we still have

[t/An]

NI o
=1

Thus, finally recall that

1 > u.c.p.
—— Ve (A X, B)E ] ——=0
(\/TTH Vz (A X, i) ,l)
gin(w) = h(A X, 7) = a(A X, z) + by (7) + (A X, 7)

we have already proved (A1) by showing it converging to zero for each of the functions
above in the decomposition.

Proof of A2:

To make our notation more convenient, denote E (-|[Fj1;—1V Hr) = E IRP Then,
in order to establish the result needed, the following two Lemmas has to be proved.
Lemma A2A:

Assuming (SH), we have

Bl (|€Zz|2) < K7 (1 + o)

where

7 o _ -
O‘Zl = E;lk—i-l—l (/ﬂ <‘b8 - bti+l—1‘2 + ‘0'5 - Ut?+l_1‘2 + / ‘5(37$) - 5(ti+l—17$)’2)‘(dx)) dS)

tz;l»lf 1
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Proof of Lemma A2A:
Recall

- tha
il = / (bs — bt?ﬂq)ds
t

n
i
+
tn

i41—1
i+1—-1

[ /t (z;udu + (5u — 5t;z+l,1)dwu) n /t .5 7 /E (5(u,$) - S(t;;,_l,x)) (1 — u)(du,dm)] AW,

n
i4+1—1

Thus we have

tn 2
5 . il
) =Ei (/n (bs — btg+l1)d5>
ti+l—1
. tig
+FEit11 /
t

n
i+l—1

fo (1€

/ts (Budu 4 (5u— 5t¢+l_1)qu) n /t ) /E (S(u, z) — S(t;ql,l,x)) (1 — v)(du, dx)] dm>

n
i+1—1

Firstly, we have

2 2 2
. i i i ) i} ti
1 /t" (bs = ben,, )ds | < Ef /t (bs = ben,, )?ds | -Ei /t” 1lds

n
itl—1 i+l-1 i+i—1

. e )
=E (bs = byn,, )7ds | - Tig
tn

i+l—1

Secondly, we have

n 2
t71+L s . s ~ .
E;‘+l71 (/ |:/ (budu + (&u - 5't;’/+l71 )qu) + / / (6(’“7 JJ) - 5(t?+1717 ZZ)) (E - Z)(duv dl’):| dWs)
e, | tiyi—1 vV E

il itl—1
n 2
. ti+l s - - . s - o
= L4i—1 </ |:/ (budu + (Uu - Jt;"+l71)qu> + / / (6(%,1}) - 6(ti+l71,x)) (H - Z)(dua d!I)):| dS)
1 o tiyi—1vE
n 2 n 2
. REv s . i s o
=Bl | [  budu| ds | 4B |  (Gu=dm, ) awy | ds
o [Vt [ Gl

t?+l s B B 2
B | [ [ () =) (u - v de) ) ds
t?—&-l—l titi—1 JE o

There are three terms in the equation above, for the first one, we have

2

. i s . 2 s
itl—1 budu| ds | < KEj 4

ORI R

itl— i+l—1 itl—1

)

2
du] ds | < K-,
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For the second one and third one, we apply the Burkholder-Davis-Gundy inequality.

More specifically, define Mg = ft" ( Oy — Ogr ) dW,, whose quadratic variation is

i+l—1 +i-1

[Ms]:/; <5u—5’t?ﬂ 1)2du

Let M7 = sup,<p M, then we have

t s 2 ¢
% i+l ~ N N i+l 9
it (Uu — o, 1) dWy | ds| = E; Mzds
- i tia

i+I1—1 i+1—1

-1 (/ M%2d3> =FEf o (MP)  7i < KEfy oy ([M7]) - Tiga

7,+l 1

tn
1+1
S 2
=KrigEf </ (Gu = Gur,, ) du>
tn

1+1—1
Similarly, define N, = [, N Is (5(u,m) — S(tﬁ_l_l,m)) (1 — v)(du, dz), which is also a
itl—1 =

martingale. Then we can apply the Burkholder-Davis-Gundy again and obtain:

-1 / (/ZH 1 / Hl,l,x)) (p —l/)(du,dx)>2d$

’L+l 1

< KripEiu 1(/ [ 18.2) = 3tz 0)PA o) )

'L+l 1
Combining these inequalities together and add the up we can get the result of Lemma

A2A.

Lemma A2B: Under the same assumptions as the previous Lemma,

[t/An]

VALY JE(@R) =0
=1

Proof of Lemma A2B:

Denote
|s] = max{t] : t}' < s}

By Cauchy-Schwarz inequality, the square of the left side of the sum is smaller than

n 3 ~
t Z E(af)) =tE (/t" <|bs — bLSJ|2 + |65 — 5LSJ|2 + / |0(s,x) — 5(L5J,m)|2)\(dx)> ds)

1
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which goes to zero as n goes to infinity. (This is because |s| — s as n — oo. Then
by the bounds given in (SH), [(5(z) A 1)A(dz) < oo and the dominated convergence
theorem, we can achieve the conclusion.)

Now we can finally prove the statement A2. Combining Lemma A2A and A2B, we
can show that

[t/An]

VALY e

[t/An]

VALY i (

K .
- ] 0+ wzfm>|szf,|)

[t/ An]

VA Y B ( B+ B Bl
[t/An]
<SVALYD B (KZ(ra+ [ary)
i=1
[t/An]

< VALY K (B /B af)) 0
=1

Thus we finished the proof of (A2). Combining this with the proof of (A1) and (BB),
the result of Lemma (4.6) is immediately obtained.

Note that in Theorem (4.2) the function f is a 1-dimensional function on R¥. How-
ever, it is easy to check that the CLT should still be true even when f is a q-dimensional
function on R* as long as every assumption in Theorem (4.2) still holds true. Such a
version may be more useful in many applications since it offers us more flexibility when
constructing function f. We will state such a g-dimensional version as a Corollary here.
Since its proof is almost the same as that of (4.2) but with an added layer of technical
complexity, it will be omitted here.

Corollary 4.9. Assume (H) and (T). Let f = (f1,--- , fy) be a g-dimensional function
on R¥ satisfying any one of the two cases below

e (a) a polynomial function which is globally even, that is
f(_xlv'” y Tyt J_xk) :f(.fCl,"‘ s Ly ,.’Ek)

e (b) a C' function with derivatives having polynomial growth on RF, which is even
in each argument, i.e.

f(wl’...,_ajl’...,xk):f(xl’...’xl’...’xk), vlglgk

If X is continuous, then the process

L (A V(. kA s d
\/Ain< n (fv ) n)t_/opo-u(f) U>
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converge stably in law to a continuous process U'(f, k) defined on an extension (Q, F, P)
of the space (2, F, P), which conditionally on the o-field F is a centered Gaussian RY-
valued process with independent increments, satisfying

~ t ..
B (f b)U" (5, k)e) = /0 RE(f, k)du

where fori,j=1,---,q we set:
. k—1
RY(f, k)= Y. E(filoUs,- - ,0Usn 1) 10Uk, -+ ,0Ur2r-1))
I=—k+1

—(Qk - 1)E(fi(O'U1, ce ,O’Uk))E(fj(UUl,‘ c ,UUk))

The proof of this Corollary is essentially the same as the proof of the Theorem (4.2).
Thus we will not show it again.

5 Conclusion

In this paper, we study the asymptotic behavior of the normalized sums of functionals of a
variety of continuous semimartingales where observations are sampled at stochastic times
for financial assets based on high-frequency financial data. Unlike the usual assumptions
of regularity or deterministic irregularity for trading times in realized kernel estimators
suggested in (Barndorff-Nielsen et al., 2008), we allow the asset return observations to be
nonequally spaced in time with stochastic (random) duration times 7; between the two
successive trading times ¢;_1 and ¢;. This has practical advantages in the case of tick-
by-tick high-frequency financial data, since the direct application of the realized kernel
method then produces a biased estimator of the true underlying quadratic variation.
Through delicate treatment of the functionals of the increments of the stochastic process
for asset returns and duration times, we proved some important asymptotic results for
the new estimator including the law of large numbers and the central limit theorem.
This work builds the theoretical foundations for our redefined realized kernel estimator,
and the subsequent statistical inferences for nonequally-spaced high-frequency financial
data with random duration time.

There is also a large open field of research problems remaining for future researchers.
As mentioned earlier, our next immediate project is dedicated to large sample asymp-
totics of the redefined realized kernel volatility estimator. Also, in our current work, we
assumed that the stochastic trading times t; are independent of the log price process
X;. This is fairly restrictive from the application viewpoint; thus, another step ahead
would be to obtain a similar law of large numbers and the central limit theorem under
a reasonable dependence assumption between the two. This will have to be followed
by the re-consideration of the large sample asymptotics of the realized kernel volatility
estimator in the dependence case.
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