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Abstract. In the context of high frequency data, one often has to deal with observations occurring at irregularly spaced times, at
transaction times for example in finance. Here we examine how the estimation of the squared or other powers of the volatility is
affected by irregularly spaced data. The emphasis is on the kind of assumptions on the sampling scheme which allow to provide
consistent estimators, together with an associated central limit theorem, and especially when the sampling scheme depends on the
observed process itself.

Résumé. Dans le contexte de données a haute fréquences, il est fréquent de recueillir les informations le long d’une grille irrégi-
liere, par exemple aux instants de transaction pour les données financieres. Dans cet article, nous étudions comment 1’estimation de
I’intégrale du carré, ou d’autres puissances, de la volatilité est affectée par I'irrégularité des données. L’accent est mis sur le type
d’hypotheses qu’il est nécessaire de faire sur la répartition des observations, en particulier lorsque celles-ci dépendent du processus
observé lui-méme, de fagon a obtenir un théoreme limite central pour nos estimateurs.
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1. Introduction

The approximation of the quadratic variation by the “realized” quadratic variation plays a very important role in
practice, especially for financial data, since such data are necessarily reported at discrete times. Other quantities of
interest, based on discrete observations as well, have been considered in many recent papers: these quantities are sums
of functions of the successive increments of the process, usually some powers or absolute powers of those increments.
They are used to estimate some characteristics of the jumps of the observed process, or the volatility of the continuous
part, or for various testing problems about jumps for example.

However, if the behavior of the realized quadratic variation and other similar functionals is well known when the
observations come in regularly, this is no longer the case when the observation times are irregularly spaced and,
even worse, when they are random. Relatively few papers are so far available in that case: see [1,14] and [15] for
deterministic observation times, and [4] for some special random times like hitting times, and [16] for a situation which
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is relatively close to the present paper, and [6-9] and [2] when the process is multidimensional and the observation
times exhibit some sort of relatively restricted randomness, or are random but independent of the observed process.
In the five last papers, the situation is quite complex because the various components are observed at different times.
All those papers are concerned with a continuous underlying process. One may also quote related works dealing with
estimation of various parameters with random sampling, like [5] for diffusions and [3] for Markov processes.

Here, our aim is relatively modest: we consider only a continuous underlying process, which is 1-dimensional, quite
arestrictive setting indeed which in particular lets aside the problem of non-synchronous observations for multivariate
processes. The observation times are possibly random, and we try to find conditions on those times, allowing for limit
theorems when the number of observations increases (the “high frequency” setting), which are as general as possible,
and in particular accommodate some dependency between the sampling times and the process itself: this is the main
novelty of this paper. We also consider the problem of the estimation of integrated powers of the volatility other
than 2, for example the estimation of the quarticity, a quantity which turns out to be more and more frequently used
in practice. In a sense, we are in the line of [1] and [16], and we try to weaken the assumptions on the observation
scheme and the underlying observed process X as much as we can, together with providing an estimation method for
other powers than the integrated volatility.

Of course, the assumptions about the observation times, as discussed below, are arbitrary to some extent. What
we have in mind is to account for high frequency financial data, and especially those recording transaction times and
prices, which are notoriously irregularly spaced. Note that in this paper we only consider a semi-realistic situation,
where the process is supposed to be observed exactly at each observation time: we do not consider the problem of
microstructure noise. For real applications to finance, this problem should be taken into account.

Let us be more specific. The process of interest is a 1-dimensional continuous semimartingale X on a filtered
probability space (£2, F, (F;):>0, P), which is of Itd type, that is of the form

t t
XI:Xo—i—/ bsds—i—/ oy dW;, (1.1)
0 0

where W is a Wiener process and b and o are progressively measurable processes. In this paper our aim is to give
estimators for the following “integrated” quantities:

t
V(p)=m, /0 0|7 ds (12)

(here m, is the pth absolute moment of the standard normal law N(0, 1), and it appears here for later convenience),
when p > 2, together with “feasible” estimators for the variance or conditional variance of these estimators, so as
to be able to construct confidence intervals for example. The restriction p > 2 is not essential, similar results hold
when 1 < p <2, and also when 0 < p < 1 under some additional assumptions, but p > 2 covers the most interesting
situations and is simpler technically speaking.

At stage n the process X is observed along a strictly increasing sequence of — possibly random — finite times
T (n,i),i >0, starting at T'(n, 0) = 0, and we use the notation

An,i)=Twn,i)—Tn,i—1), I(n,i)= (T, i —1),T(n,i)],

1.3
NP =inf(i: T(n,i)>1)—1, = sup;_, -

PRPNCE)

.....

(7] is the “mesh” up to time ¢, by convention inf(&) = oo and sup(&) =0, and N/ is the number of observation
times within (0, #]). Also, for any process Y we write

A'Y =Yrmi) — Yrm,i-1). (1.4)
Among (many) other technical requirements, we will always assume the following minimal ones:

n>1 = TM,i)—> oo P-as.,asi— 00,
n P (1.5)
t>0 = n#'—0 as n — o0.



Irregular sampling 1199

With the convention Z?:l =0, we take as our estimator for V (p),; of (1.2), at stage n, the variable

Ny
V' (p), :ZA(n,i)l—P/2|A7X|”. (1.6)

i=1

The upper limit of the sum is such that V" (p);, involves the observations occurring up to time ¢ only. As is well known,

under regular sampling (that is, 7' (n, i) =i A, for some time lag A,, going to 0), then V" (p) 'y V(p) (this denotes
“convergence in probability, locally uniform in time”), as soon as ¢ is cadlag and b satisfies a suitable integrability
condition and even under no condition at all when p = 2. Furthermore under some more regularity conditions, we
have an associated CLT (Central Limit Theorem), and standardized versions are also available: see e.g. [12] and [11].

Our aim is to prove the same results for irregular sampling, and in particular to prove standardized versions of the
CLT for the estimators. We already know, of course, that V" (2) converges to V (2) as soon as the T (n, i)’s are stopping
times subject to (1.5), but for the other values of p and for the CLT, we need appropriate additional assumptions on
the sampling scheme. Note that for a regular scheme the factor A(n,i)!~P/> = A,ll_p /2 goes out of the sum, and this
is of course how the “standard” result is stated. The idea to place this factor inside the sum is due to [1].

In Section 2 we state the precise assumptions on the underlying process X and the sampling schemes. Section 3
contains the basic results, and a discussion of their applicability. The proofs are gathered in Sections 4, 5 and 6.

2. Setting and assumptions
2.1. Assumptions on X

The assumptions on X will vary according to the power p in which we are interested. We always suppose that X has
the form (1.1), and we use two different assumptions, with (B) stronger than (A) below:

Assumption (A). We have (1.1), and the process b is locally bounded, and the process o is cadlag (= right continuous
with left limits).

Assumption (B). We have (1.1), and the process o is also a (possibly discontinuous) It0 semimartingale, which can
be written as

t t
0,:00+/ bsds—i—/ 8des+Mt+ZAasl{|Aas\>l}» where
0 0

s<t

e M is a local martingale with |AM;| < 1, orthogonal to W, and its (2.1)
predictable quadratic covariation process is (M, M); = é a, ds.
e The predictable compensator of ) _, 1{jac|>1} IS fot asds.

Moreover, the processes b, a and d' are locally bounded, and the processes & and b are left continuous with right
limits.

In (B), M may have jumps, and also a non-vanishing continuous martingale part, which must then be a stochastic
integral with respect to another Brownian motion independent of W.

The above assumptions are exactly those under which the theorems given below hold, for regular sampling
schemes, except for the case of V" (2) which requires a bit less.

2.2. The sampling scheme

The sampling scheme, that is the collection ((T'(n,i));>0: n > 1), is subject to a number of conditions. There is first
a structural assumption:

Assumption (C). There is a sub-filtration (]:?)IZO of (Ft)i=0 with the following properties:
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e W and b and o are adapted to (.7:;));
e any (.73?) martingale is also an (F;)-martingale;
e each variable T (n,i) is an (F;)-stopping time which, conditionally on Fry i—1), is independent of the o-field

"TOZ\/t>O‘7:tO'

This assumption is satisfied when the T (n, i)’s are non-random (deterministic schemes), and when the T (n, i)’s are
independent of the processes (W, X, b, o) (independent schemes), but it includes many other cases as well. However
it excludes some a priori interesting situations: when }'to = F;, then (C) amounts to saying that those stopping times
are “strongly predictable” in the sense that T'(n, i) is F7(,,;—1)-measurable, and this is quite restrictive; for example
it excludes the case where the T (n, i)’s are the successive hitting times of a spatial grid by X, a case considered in [4]
under some restrictive assumptions on X.

Apart from (C) and (1.5), the sampling scheme should also be not too wildly scattered, and its meshes ;" should
converge to 0 at some deterministic rate. This rate is expressed through a sequence r,, — oo of positive — non random —
numbers. The assumptions below all involve this sequence 7, in an implicit way.

Before stating the assumptions, and for any ¢ > 0, we introduce the processes

NP
At =rl"" > A i), 2.2)
i=1

The normalization r¢ ! is motivated by the regular schemes 7' (n,i) =iA,, for which A(q)} = A,[t/A,] (with the
choice r, = 1/A,) converges towards ¢ for any g > 0. Note also that A(0)} = N;"/ry, and since t — /' < A(1)} <t
we deduce that

A S5 g 2.3)
as soon as (1.5) holds. Then, with ¢ > 0, we set:

Assumption (D(q)). We have (C) and (1.5), and there is a (necessarily nonnegative) (]-'to)—optional process a(q), such
that for all t we have

t
Alg)! — fo a(q)s ds. 2.4)

Note that (D(g)) for some sequence r, implies (D(q)) for any other sequence r;, such that r, /r, — o € [0, 00),
and the new limit in (2.4) and when ¢ > 1 is then «?~'a(g), and in particular vanishes when r),/r, — 0: the forth-
coming theorems which explicitly involve r,, are true but “empty” when the limit in (2.4) vanishes identically. Regular
sampling schemes with lag A, satisfy (D(g)) for all ¢ > 0, withr, = 1/A, and a(g); = 1.

Some important connections between these assumptions are stated in the next lemma, to be proved in Section 4.

Lemma2.1. Let0<g < p <q'. Then forall 0 < s <t we have

A(p);’l _ A(p)n S (A(q)ll’l _ A(q)gl)(q,_p)/(q,_q) (A(q/)n _ A(q/)")(ﬁ—fI)/(q,—q). (25)

t N

Moreover, if (D(q)) holds for some q # 1 and if p is strictly between 1 and q, from any subsequence one may extract a

Sfurther subsequence which satisfies (D(p)), and we have versions of a(q) and a(p) satisfying a(p); <a (q)fp_l)/(q_ b,

Note that (2.4) for all # implies that r,‘,l_l vaz’"l Hr.nAn, )1 e & fot H;a(q)gds as soon as H is cadlag. In some
cases we need this convergence to hold at a rate faster than 1/,/r,,, and we express this in the following assumption.
It is indeed a very strong assumption, usually not satisfied by random schemes, and in particular not satisfied by the
independent schemes for which the A(n,i)’s are i.i.d. when i varies, but not deterministic.
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Assumption (D'(q)). We have (D(q)), and further for all t > 0 and all cadlag (f,o)-adapted processes H we have

n
Nt

t
T (rf{‘l > Hrn A, i) — / Hya(q)s ds) L. (2.6)
0

i=1

For a deterministic scheme, (D(g)) may or may not be satisfied, but there is no simple criterion to ensure that it
holds. For a random scheme, it may be useful to describe conditions on the laws or on the conditional laws of the lags
A(n, i), which ensure (D(g)). For each n and each ¢ > 0 we choose an (F;)-optional (0, co]-valued process G(g)"
such that

G(Q)rjl"(n,i_l) ZVEE(A(H,I.)QFT(n,ifl))- 2.7
This specifies G(g)} only at the times t = T (n, i), so there are many such processes G(g)". A simple choice consists
in taking G (¢)} to be equal to the right side of (2.7) when T'(n,i —1) <t < T (n, i) (a piecewise constant process). But

other choices are possible, and perhaps more appropriate in view of the forthcoming assumption. We can obviously
take G(0)} = 1, and by Holder’s inequality, we can and will choose processes G(q)" which satisfy

0<p<q = G =<(G@")"". 2.8)
Then we set, with ¢ > 1:

Assumption (E(q)). We have (C) and (1.5), and for each p € [0, q] there is a cadlag process G (p), adapted to (fto),
and further G (1) and G (1)— do not vanish, such that for an appropriate choice of G(p)" we have

G(p)" =2 G(p). 2.9)

Lemma 2.2. Assume (E(q)) for some q > 1. Then (D(p)) holds for all p € [0, q), with

G(p):
= , 2.10
a(p): G, (2.10)
and in particular
1 A
—N" ﬂ/ ds. @.11)
T 0o G()s

For some results below we will also need a rate of convergence in (2.9), which is expressed in the following:

Assumption (E'(q)). We have (E(q)). and for each p € [0.q] we have \/w(G(p)" = G(p) == 0.

Finally, we introduce a kind of sampling schemes which are somehow restrictive but should accommodate many
practical applications, and are called mixed renewal schemes. These schemes are constructed as follows: we consider a
filtration (]-'to) as in (C), and a double sequence (g(n,7): i,n > 1) of i.i.d. positive variables on (£2, F, P), independent
of F9, with moments

m, =E(e(n,i)7). (2.12)

We may have m; = oo for ¢ > 1, but we assume that m < co. We consider a sequence v" of positive (F;)-adapted
processes, and we define 7' (n, i) by induction on i as follows:

1
T(n,0)=0,  T(i+1)=T(.i)+—vh, e i+]). 2.13)

I'n



1202 T. Hayashi, J. Jacod and N. Yoshida

Then we take for (F;) the smallest filtration containing (]—',0) and such that each T (n, i) is a stopping time. In this
situation, a natural choice for the processes G(g)" of (2.7) is G(q)} = m; (v})4. Again, the next lemma is shown in
Section 4.

Lemma 2.3. Let (T (n,i)) be a mixed renewal scheme.

(a) We have (C), and also T (n,i) — 00 a.s. as i — oo if 1/v" is a locally bounded process.

(b) Suppose further that v" 2B where v is an (f-?)-adapted cadlag process v such that both v and v_ do not
vanish, and that m; < 00 for some g > 1 (this is always true for g = 1). Then (E(q)) holds with G (p); = m/p(vt)p for

all p €10, ql, and (D(p)) holds for all p € (0, q] with a(p); = % (v)PL.
1
(c) Under the assumptions of (b), and if \/r, (V" —v) iy 0, we have (E'(q)).

Remark 2.4. In many practical situations, see e.g. [10] for concrete examples, one is led to consider simultaneously
the scheme (T (n, 1)), and another scheme (T'(n,i)) which is a “sub-scheme” of the first one; typically one considers
only the even observations, that is we take T'(n,i) = T (n, 2i). Apart from (1.5), none of the previous assumptions is
preserved by such a transformation, and in particular (C) is not satisfied in general by the new scheme, unless the
original scheme is deterministic.

In fact another assumption, which replaces (C), has been introduced in [8], namely that T (n,i) is a stopping
time for the filtration (F_,,y+)=0, where u, = l/r,gZ and & € (0, 1). Such a property is obviously shared (upon
a modification of &) by the sub-scheme T'(n, i) above. In this setting, the particular case p =2 and q = 0 of the
forthcoming results has been proved (under stronger assumptions on X, though). We cannot fit this other assumption
within our framework in general, but when (D(q)) holds for some q > 1 then the same “localization procedure” as
in Lemma 4.1 below implies that under this assumption we can modify the scheme so that (C) holds, and without
modifying the asymptotics below, provided £ <1 —1/q.

3. The results
3.1. Limiting results

As we will see, the behavior of V" (p) is not enough for our purposes, and we need to establish the convergence in
probability for more general processes. For p > 0 and g > 0 we set
Ny
Vi (p.q) =Y Aln, iy ALX

i=1

P (3.1

so in particular V" (p) = V"(p, 0). In the regular sampling case A(n,i) = A, these processes all convey the same
information, since V" (p, ¢) = A V" (p), but this is no longer the case in the irregular sampling case.
Our first result is a law of large numbers, which goes as follows:

Theorem 3.1. Let p > 1 and g > 0. Assume (A) and (D(q + 1)). Then
t
V(0@ SRV (p )y = m, fo l0y1Patg + 1) ds. (3:2)
In particular, under (A) and (C) and (1.5), we have
n u.c.p. !
Vi p) —> V(p)r=mp | los|”ds. (3.3)
0

For applications, we need an associated central limit theorem. For its statement, we need to recall the notion of
FO-stable convergence in law for a sequence of random variables (or processes) Y, defined on (£2, F, P), see [13] for
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more details. We say that Y,, converge Fo -stably in law to Y, where Y is a variable defined on an extension (5 , F s ﬁ)
of (2, F,P), if we have

E(Zh(Yy)) — IE(Zh(Y)): Z bounded FO-measurable, i continuous bounded. (3.4)

There are in fact two versions for the CLT. The first is associated with (3.3), and is thus the most useful in practice,
and it also holds for (3.2) when ¢ > 0 under a strong additional assumption:

Theorem 3.2. Let p > 2, and assume (A) when p =2 and (B) when p > 2. Let g > 0 and assume one of the following
two sets of hypotheses:

(1) ¢ =0and (D(2));
(i1) g > 0 and (D(g + 1)) and (D(2q + 2)) and (D'(g + 1)).

Then the processes ﬁ(rg V'"(p,q) — V(p,q)) converge FO-stably in law to

t
Vi(p,q) = /m2p — m%/o los17a2q +2); AWy, (3.5)

where W' is a standard Brownian motion, defined on an extension of (2, F, (F;)i>0, P) and independent of F.
Moreover, conditionally on F, the process V (p, q) is a continuous centered Gaussian martingale with (conditional)
variance at time t:

t
(mzp —mi)/o log|?Pa(2q + 2), ds. (3.6)

As mentioned before, (D’(g + 1)) is a very strong assumption, which for example is never satisfied by mixed
renewal schemes unless the variables ¢(n, i) are constant. So when g > 0 the previous CLT hardly applies.
In practice we usually want to estimate V(p);, so the above seems enough because we can use the set (i) of

assumptions for this. However, as we will see in Section 3.2 below, we need also an estimate for the conditional
—m2 2

variance (3.6) when g = 0, that is for mzr’;l—zm" V(2p, 1): for this, we may use (1 — n’:l—z”)r,, V*(2p, 1); by virtue of (3.2).
P P

This is why we have introduced the processes V" (p, g) for ¢ > 0. But now, for asserting the quality of the latter

estimator, we need a CLT for the processes V" (p, ¢) under reasonable assumptions, weaker than (ii) above. This is

achieved in the following result:

Theorem 3.3. Let p > 2 and g > 0. Assume (B) and that the sampling scheme satisfies (E' (2q + 2)) and (D(2q + 2)),
and that the (fl())—adapted processes G(p) for p € [1,q + 1] are It0 semimartingales with the same properties as the
process o in Assumption (B). Then the processes \/r, V™ (p,q) — V(p,q)) converge FO-stably in law to

. t
V(p. 9 =/0 los1Pv/aq + 2)sw(p, q)s AW, (3.7

where W' is as in Theorem 3.2 and

w(p. @)y = mo —m2 26 DG+ DG — (Glg + D)’ G ),
P> q)r =map —m, G(2q +2),(G(1),)? '

(3.8)

One may check that 2G (¢ +2)G (g +1)G(1) — (G(g + ))?G(2) < G(2q+ 2)(G(1))? always, because g — G(q);
has the same structure as the moments of a random variable. Thus w(p, q); > m2p, — m%,, and this inequality is strict in
general, unless ¢ = 0 of course. When g = 0 this theorem is a special case of Theorem 3.2, with stronger assumptions
on the sampling scheme.

Remark 3.4. By Lemma 2.2, (E'(2q + 2)) implies (D(p)) for all p < 2q + 2, but not necessarily for p =2q + 2, and
this is why we add the assumption (D(2q + 2)).
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Remark 3.5. When q > 0 we apparently have two different limits for the same sequence of processes, in the two
previous theorems. However if both (EQq + 2 + ¢)) and (D'(q + 1)) hold for some q > 0, one may check that
G(p)} — (G(PHP i & 0 for all p <2q + 2, and this implies G(p); = (G(1);)?, which in turn yields w(p, q); =
map — m2. When the scheme is a mixed renewal scheme, this also implies that the variables €(n, i) are in fact all

p
equal to a constant, and the scheme is strongly predictable.

Remark 3.6. We have considered p > 1 and p > 2 respectively in the theorems above: this considerably simplifies
the proofs, but the same results are also available when p € (0, 1] for Theorem 3.1 and p € (1,2) for Theorems
3.2 and 3.3. The last two theorems also hold for p € (0, 1] when the processes o and o_ do not vanish. Note also that
when p =2, Theorem 3.10 holds under (A) instead of (B), but here again the proof is complicated.

Remark 3.7. Both CLTs above have a multidimensional extension, in the sense that we can consider a finite family
(Pj,qj)1<j<a of indices with p; > 2 and qj > 0. We then have the FO-stable convergence in law of the d-dimensional
processes with components JT,(V"(pj,q;) — V(pj,q;)). In the setting of Theorem 3.2 for example, the limit is,
conditionally on F, a continuous centered d-dimensional Gaussian martingale on an extension of the space, with
covariance at time t between the jth and kth components given by

t
(mpj+pk - mp_/mpk)/o |Us|pj+pka(qj +qr + 2)sds,
to be compared with (3.6).

Remark 3.8. There is another easy extension to more general test functions. Namely, instead of (3.1) we can consider
the process

Ny
V(@)=Y A, DT F(AIX VAWM, D), (3.9)
i=1

where f is a function on R with at most polynomial growth and some smoothness properties: it should be C' for the
law of large numbers, and C? for the CLT. Let p, denote the normal law N (0, a®) and p,(f) the integral of f with
respect to pq. The law of large numbers reads as Theorem 3.1, with the limit fot Po, (f)a(g + 1)sds, and the CLTs
are as Theorems 3.2 or 3.3: for example, for the former theorem, for the limiting conditional variance one should
replace (3.6) by

t
/0 (00, (f?) = po, (f)?)a(2q +2); ds.

Remark 3.9. We can even extend all the results to a d-dimensional underlying process X of the form (1.1), with now W
a d-dimensional Brownian motion. Taking test functions f on R, we can consider the processes V" (f,q) of (3.9),
and derive the same results as in the previous remark (now, if a is a d x d matrix, p, denotes the d-dimensional law
N (0, aa*)). The proofs are exactly the same, with slightly more cumbersome notation.

However, this trivial extension requires the observation times T (n, i) to be the same for all components of X : this is
a fundamental restriction, since when the observations are irregularly spaced they also are typically non-synchronous:
this is why we have not treated explicitly this case here.

3.2. Estimation of the integrated volatility and other powers

In practice, one wants to estimates the variable V (p); at some time ¢ > 0, mostly when p = 2, but the case p =4
is also of interest. An estimator is V" (p),, and Theorem 3.2 gives a central limit theorem for this estimator: it says
that the normalized estimation error /1, (V" (p); — V(p);) is centered normal, conditionally on FO. Even for regular
sampling schemes, for which a(2); = 1, this result is not directly usable in practice for deriving confidence intervals
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t . .. . .
for example, because fo log|>P ds is a priori unknown. But here things are worse because the process a(2) is also
unknown, and in fact we also ignore r,,. However, we can “standardize” by considering the variable

T = ey (V"(p): — V(). (3.10)
(map —m3)V"(2p, 1)

Then the following holds:

Theorem 3.10. Let p > 2. Assume (D(2)). Assume also (A) when p =2 and (B) otherwise. Then for any t > 0 such
that fot los|2Pa(2)s ds > 0 a.s., the sequence T,* converges in law (and even FO.stably in law) to N'(0, 1).

All ingredients in the definition of 7;* are known to the statistician, except of course the quantity V(p); to be
estimated. Therefore we can derive (asymptotic) confidence intervals for V (p); in a straightforward way.

If one wants to estimate V(p, g); one can also use Theorems 3.2 or 3.3, depending on the assumptions on the
scheme. However, so far we have no estimators for the conditional variance fot los|2Pa(2q + 2)sw(p, ¢)s ds in the
second theorem, hence we have no feasible statistics for deriving confidence intervals for V(p,q); when g > 0,
except under the strong assumption (D’ (g + 1)).

This theorem should be compared with Theorem 4.1 of [1], which states exactly the same result, when the process X
has no drift and the volatility o; is possibly random but independent of W: in this paper the authors consider only
deterministic sampling schemes but, if their assumptions are not formally comparable to ours, they are in some sense
significantly weaker: namely, they suppose that min;;<y» A(n,i)*? /" — 00 as n — oo. In [16], Theorem 3.1,
is also the same result as above, for p =2 and again when there is no drift: in that paper the sampling scheme is
somewhat similar to a mixed renewal scheme, and the precise assumptions are not directly comparable to ours, since
basically the authors assume the existence of a CLT for the conditionally centered variables A(n,i). Note also that
this theorem is proved when p =2 in [15] for deterministic schemes which satisfy an assumption slightly stronger
than (D(2)) plus (D' (1)).

An interesting — and crucial — feature of our result, as well as in the results of [1], is that the properties of the
observation scheme are not showing explicitly in the result itself, and in particular the knowledge of the process
a(2) and even of the rates 7, is not necessary to apply it. This is a good thing because those are generally unknown,
whereas it is also dangerous because one might be tempted to use the property that 7;" is (approximately) N (0, 1)
without checking that the assumptions on the sampling scheme are satisfied, here as well as in [1]. When they are
satisfied, and although the rates r,, do not explicitly show up, these rates still govern the “true” speed of convergence.

Once more, r,, is unknown, but N;' is of course known. Then as soon as we have also (D(0)) (for example when

(E(2)) holds), then N/ /1y i) fot a(0); ds, and so the actual rate of convergence for the estimators is also 1/,/N/', as
it should be.

3.3. Some remarks about optimality

In this part we consider only the question of estimating the integrated volatility V (2);. The problem of asymptotic
efficiency for estimators of V(2); is unsolved yet, as far as we know, and even the definition of asymptotic efficiency
is not quite clear, when the volatility is genuinely random, and even for regular sampling.

However, one can examine the asymptotic behavior of our estimators in the very special situation where X; = o W;
and o is a constant, so V (2); = o'*¢. In this case we have a parametric model, and a very simple one indeed, and the
MLE for estimating o>¢ is asymptotically efficient. For regular sampling the MLE is [Zﬁ’;] V™(2);, so obviously the
realized quadratic variation V" (2), is also asymptotically efficient.

When the sampling is non-random but not regular, the MLE for estimating o2 is

NVl
/ZL t 1 | n |2
"N = A
1=

This is again asymptotically efficient, and for each n the variance of /N (V, — o21) is 2012, Now, if further (D(2))
holds, the asymptotic variance of /7, (V" (2,0), —o?t) is 20* f(; a(2); ds, and if (D(0)) also holds we have N /r, —
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a(0)s ds. Therefore, under bot an , the two (normalized) asymptotic variances 2.; an (o) t
5 @(0), ds. Theref der both (D(0)) and (D(2)), th ( lized) asymptoti i X, and X} of V"(2)
and V, satisfy:

1 t t
Y=o X, wherea, = p (/ a(2)s ds) </ a(0) ds).
0 0

If we use (2.5) with ¢ =0 and p =1 and ¢’ =2 and go the limit, we see that o, > 1, as it should be be-
cause V, is asymptotically efficient. It may happen that «; = 1, of course, but this is equivalent to saying that
AOFAQ)} — (A(l);’)2 — 0, and the equality A(0)fAQ2)} = (A(l);’)2 implies that the A(n,i)’s for i < N/ are
all equal (by Cauchy—Schwarz inequality): therefore the realized volatility V" (2), is asymptotically efficient only
when the sampling scheme is “asymptotically” a regular sampling.

At this stage, one might wonder why we do not use V, instead of V"(2), in general. This is because, if we assume
for example (D(0)), the sequence V, converges in probability to the variable

Jo 02a(0),ds
Joa(©)ds

which is different from fot asz ds unless either o or a(0); do not depend on time.

4. More about sampling schemes

The aim of this section is to prove Lemmas 2.1, 2.2 and 2.3, and it also contains a few complementary results, useful
for the proofs of the main theorems. Below, and in all the paper, K denotes a constant varying from line to line and
may depend on the characteristics of the process or of the sampling scheme (we write K, if it depends on an additional
parameter p).

Proof of Lemma 2.1. Since (D(1)) always holds under (C) and (1.5), the final claim follows from the estimate (2.5)
and from classical results on the tightness and convergence of increasing processes.
As for (2.5), this follows from Holder’s inequality as such:

Ny
-1 .
AP — AP =10 Y AP
i=NI+1
NI G'-p/4'~q) / N (r—a)/ (@' —q)
s(r,?‘l > A(n,i>q) (r,?‘l 3 A(n,i)‘1> :
i=N+1 i=N!'+1 ]

Before proving Lemma 2.2, we introduce strengthened versions of Assumptions (D(g)) and (E(gq)), which we will
also use later on:

Assumption (SD(q)). We have (D(q)), and fot a(q)s ds is bounded for each t, and the convergence in (2.4) takes place
inL!.

Assumption (SE(q)). We have (E(q)), and for some constant L > 1 we have G(¢)" < L and 1/G(1)" < L (hence
G(@)<Land1/G(1) <L as well).

Lemma 4.1. (a) Let 1 < qy < --- < g, and assume (D(q;)) for j =1,...,r. Forall t > 0, k > 1, one can find a
scheme (Tj;(n,i)) satisfying (SD(q;)) for j =1,...,r (with the processes ay(q;)), and subsets $2 ; and 2 y ;
of 82, such that

P(2k)>1—1/k,  liminfP(2,,)>1—1/k,
; (4.1)

W€ Rkn: = [0.1N{T(,i)(w): i =1} =[0,1]N{Ti;(n, i) (w): i =1}
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and,for j=1,...,r,
s<t,we; = algj)(@)s=ar(q;)(®)s. (4.2)

(b) Assume (E(q)) for some g > 1. Forallt > 0, k > 1, one can find a scheme (Ty ;(n, i)) satisfying (SE(q)) (with
the processes G 1 (p)), and subsets §2 ; and 2k ;1 of §2, such that we have (4.1) and, for p € [0, q],

sst,we: = G(p)o)s=GCri(p)()s. (4.3)

Proof. (a) We may of course assume that r,, > 1 for all n, and also that g, > 1 because (1.5) is enough to im-
ply (SD(1)). Fix ¢t and k. We can find a > 1 such that the set £2; ; = ﬂlﬁjfr{ 0t+la(qj)s ds < a — 1} satisfies
P($2¢,;) > 1 —1/k, and thus by (D(g)) the sets 2y ,; = ﬂlstr{A(qJ')?Jrl < a} satisfy liminf, P(£2¢ ;) > 1—1/k.
Then we define the sampling scheme (7% ;(n,i)) in the following way: we set o, = (arn)l/q’/r,,, which goes to 0;
when o, > 1 we simply take Ay ;(n,i) = A(n, i) (so the observation times are unchanged), and when o, < 1, that is

for all n large enough, we put

A, i), ifAMm,j)<oa,foral j=1,...,1i,
1/ry, otherwise.

Ak,t(ns l) = {

We associate the processes Ax ;(g)" by (2.2). It is obvious that the scheme (7} ((n,i)) satisfies (C) and (1.5). On
the set §2¢ ., we have A(n,i) <, for all i with T(n,i) <t + 1, hence A ;(n,i) = A(n,i) for those i’s, and we
conclude the last part of (4.1). Moreover Ay ;(q;); = A(q;)} as long as A(n,i) < a, for all i with T'(n,i) <s,
and afterwards Ay ;(g;)} increases in s like [sr,]/r,, so obviously the new scheme satisfies (D(g;)) with a function
ax,+(q;) which coincides with a(qg;) on [0, ¢] on the set £2 ;, giving (4.2). Finally, by construction A ;(g;)} <a -+t
as soon as o, < 1, so in fact this new scheme satisfies (SD(g;)) for j =1,...,r.

(b) Again, we fix t > 0 and k > 1. Since G(gq) is cadlag (fto)—adapted, there is a; > 1 such that Ry = (t + 1) A
inf(s: G(q)s +1/G(1)s > ai) is an (f;))-stopping time and 2y , = {Ry > ¢t} satisfies P(£2x ;) > 1 — 1/k. Next,

1
Rl =R A inf(s: |G(@)h — G(q)s| + |GDE = G(D)s| = Z—Gk)

is an (F;)-stopping time and £ ,; = {RZ > t} satisfies the condition in (4.1) by (E(g)). Then the new scheme
(Tk,¢(n, i)) is defined by

An,i), ifT(m,i—1)<R7,
1/, otherwise.

Ak,l(na l) = {

(Note that it depends on ¢, because R}! implicitly depends on ¢.) It is obvious that the scheme (T ,(n, i)) satisfies (1.5),
and (C) because all RZ are (F;)-stopping time, and the last part of (4.1) is also obvious.

Now, r,fE(Ak,,(n, )P | Fr,(n.i—1)) is equal to rPE(A®@n, )P | Fr,i-1)) ontheset {T(n,i —1) < R/}, and to 1
otherwise. Therefore we can take, as the (F;)-optional process G ;(p)" satisfying (2.7) relative to the new scheme,
the process which equals G(p)" on [0, R}) and 1 on [R}/, 00). Then clearly Gy ;(¢)" < ax+1and 1/ Gy, (1)" < 2a.
Moreover P(R}! = Ri) — 1, so the new scheme satisfies (2.9) for all p € [1, ¢], with the limit G ,(p) equal to G(p)
on the interval [0, R;) and to 1 on [Ry, 00). Therefore the new scheme satisfies (SE(g)), and (b) is proved. J

Proof of Lemma 2.2. A standard localization argument, based upon the previous lemma, yields that it is enough to
prove the result when (SE(g)) holds instead of (E(g)). So, in view of (2.8), we assume G(p)" < L for all p € [0, g]
and 1/G(1)" < L for some constant L > 1. We can also assume 7, > 1.

(a) In a first step, we show that

E(N!' 4+ 1) < K;ra, 44

where K; is a constant depending on r. We put C; = (t + 1) Vv (2L*1@=D_ We also define a new sam-
pling scheme by A’(n,i) = A(n,i) A C;, with the associated variables N," and T’(n,i) and G’(p)’}(nﬁl._l) =
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EGF A (n,i)P |F7!(n,i—1))- This new scheme does not necessarily satisfies (E(g)). However, it does satisfies T (n, i) =
T'(n,i) and A'(n,i) = A(n,i) for all i such that T'(n,i) <t, and also T'(n,i) > t if T'(n,i) > t, because C; > t. In
particular, we have N,’” = N/'. Moreover, on the set {T(n,i — 1) <t} we have

G(l);l"(n,i—l) - G/(l)’;‘(n,i—l) = rnE((A(”’ i) — Ct)+|7:T(n,i71))
L 1

< <
th 2L’

E(A(m, )| Frui-n) <
C?
where the first inequality comes from Markov’s inequality, the second one from r,, > 1, and the last one from C,q -1 >

2L%. Thus G"™ (1) (n,i—1) > 1/2L if i < N + 1, hence
NI +1 S NI'+1

A ’
Al = Z # <2L Z AN (n,i) <2L(t + Cy).
i=1 G(l)T(n,i—D i=1

A(n,i)
ZE<G/ 1{T(n,i—1>sz}>

i>1 (I)T(Vll 1)
A'(n,i)
= Z]E<1{T(n,i1>5t}E<7|fT<n»il)>>
o1 G/(l)T(l’Ll 1)
=— ZE(l (Tmi-1<t})) = — (Ntn +1).
z>1

Thus we deduce (4.4) with K, =2L(t + C;).
(b) Next we set, for p € [0, g) fixed:

N{+1 N[ +1

Bl =Y riTlAmiP, €)=Y Ai)

i=1 i=1
G(P)r}(n,i—l)
G(I)T(nz i)

G(p)’%(n,i—l)
G(l)T(n i—1) ’

o =rl T AL — A, i)

We have B’ e = <A(p)} <B/ and B! = C} = ZN 1 ¢['. Hence, in order to prove (2.4) with a(p) given by (2.10),

(t—m
it is enough to prove the following two properties:

t
.c.p. G

cy e / (P)s ds, =sup

0 G(l)s s<t

NI+1

Zc

(c) For the first property above we observe that (2.3) implies that for any cadlag process H and any integer k > 0

4.5)

. u.c.p.
and any sequence H" of processes having H" — H, we have

NItk

t
> A, i) H i l)ﬂ/ H, ds. (4.6)
X 0
i=1

This applied H" = G(p)*/G(1)" and H = G(p)/G(1) and k = 1 yields the first part of (4.5).
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(d) The variables ¢;' are martingale differences, relative to the discrete time filtration (F7(,,;))i>0, With respect to
which the variable N/' + 1 is a stopping time. Then, letting r =2 A % Ag,sor € (1,2], the Burkholder-Davis—Gundy

inequality and the inequality (3 u,)"/? <3 '/ when u, > 0 yield

B(D7)) < KE((Z (:i"f)m) ; KE(Z o |f).

i=1

Moreover, by (2.7) and (2.8), we have (with K below depending on r, p, L):
E(|! 1 Frami-n) < Zr_lE(rZ(p_l)A(n, DT+ LT A, D) | Frmi-n)

1 1 K
<KE G(pr) Tmi-n) T 7 G(r)T(n,i—l) = P
l’l n

the last inequality coming from pr < q and r < ¢g. Then in view of (4.4),

K
E((D})") < r—rIE(N," +1) < —,

n rﬂ

Then, recalling > 1, the second part of (4.5) holds, and the proof is complete. U

Proof of Lemma 2.3. (a) Property (C) comes from the fact that 7 (n, i) depends only on v';(n’i_l) and T(n,i — 1),

which are Fr(,,i—1)-measurable, and on &(n, i), which is independent of FO. The second claim is obvious because
Y =1 &m,i)=o00as.

(b) By a standard localization argument and the subsequence principle, we may assume that in fact that ¥ =
sup, ,(vy' + 1/v}") is a finite positive variable, and sup, [v} — v;| — O for each w. Then we have &(n,i)/Yr, <
A(n,i) <Ye(n,i)/r, and, since the e(n, i) are i.i.d. positive, it is obvious that (1.5) holds.

In the present situation (2.7) reads as G(p)’}(nl = m’ (v’;(m 1)) so we can choose G(p)" = m’ WhHP
and (2.9) holds for all p € [0, ¢] if m < 00, with G(p) = m v?”, and (E(g)) holds. By Lemma 2.2 we have (D(p))
for any p < g, with a(p) = G(p)/G(l)

It remains to prove (D(gq)) for ¢ > 1 when m/q < 00, that is (2.4) with a(q) as above. (1.5) implies N/ i) 0.
Then the LLN yields

n

_Z (AL D /U i) — . @)

In view of (2.11) and G(1) = m'|v, we deduce that

| Ntn P m/ t 1
q— . n q q
r An,i)/v . —_— —ds.
n ;( T (n,i 1)) m/1 0 Us
This, being true for all ¢, implies that for an arbitrary cadlag process H we have
m "' H,
ZA(n pe frei-n B Mg [CHs o (4.8)

(T(nl e my Jo vs

Then, plugglng H =v? above and using the convergence v;/v; — 1 (uniform in ¢ for each w) gives (2.4) with

a(g) = —+viL.
1
(c) Since G(p)} =m/, (v )P and G(p) =m’, (v,)P the result is obvious. O
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5. Two auxiliary stable convergence results

This section is devoted to proving two closely related key results on stable convergence in law. They are standard,
except that here we have the F0-stable convergence in law only (the F-stable convergence does not hold in general),
and we need to be careful.

The setting is as before: we have the process X and the sampling scheme satisfying (1.5) and (C), relative to the
filtration (]-',O). We consider the o-fields G = Fr iy and G" = Fr,iy V o (A(n,i + 1)), and we denote by E! and
[, respectively, the conditional expectation with respect to G and G!". Set

OT(,i—) AT W

b= R e-b
Nn
U™(p.q) —r"“”ZAm DB = mplori-nl?). (5.2)

i=1

Proposition 5.1. Suppose that o is cadlag and bounded, and that (SD(2q + 2)) holds for some g > 0. Then if p > 0
the processes U™ (p, q) converge F-stably in law to the process

t
T(p.q)i = Jmap —m fo 0[P \/aq + 2, dW,, (5.3)

where W' is a Brownian motion defined on an extension of (2, F, (F)t>0, P) and independent of F.

Proof. (a) Set
& =rdT A, DT(BE = mplormi-nlP). (5.4)

Assumption (C) and the definition of G!" yield, for any r > 0:

E™ (182) =mrlormi-n (5.5)

so the G!"-measurable variable /" satisfies ]E;’i] (¢/") =0. Moreover, {N]'! =i} ={T(n,i) <t < T(n,i + 1)}, hence
N} is an (G")-stopping time. Then, should we want to prove the usual stable (i.e. the F-stable) convergence in law
we would apply Theorem IX.7.13 of [13], in its version for triangular arrays and associated with the basic martingale
Z=W.

Since we only want to prove the FC-stable convergence, and since (C) holds, a close look at the proof of that
theorem shows that it is enough to prove the following properties:

er t

ZIE L5 (map — mi)/ 0y [2Pa(2q + 2)5 ds, (5.6)
0

S E (&) U ere) — 0. (5.7)

N)l

ZIE (e ArM) —> 0 (5.8)

for all r and ¢ > 0 and M € M, where M is the union of the set M of all bounded (}"to)-martingales which are
orthogonal to W, and of the singleton {W}.

(b) We have ]E/" 1 (&' ATM) =0 when M = W, because x > |x|” is an even function. The same equality holds
when M € M: see Lemma 6.8 of [10], the proof works for the conditional expectation E,", here because of (C). So
(5.8) is proved.
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(c) Next, we prove (5.7). Under (SD(7)) the convergence in (2.4) holds in L!, locally uniformly in time. It follows
that the supremum of the jump sizes of A(r)" over [0, t], which is 7/~ ()", goes to 0 in L' because the limit is
continuous. In other words,

(SD(r)), t>=0 = E(r'(z]')") 0. (5.9)

We have m |05 |P < C for some constant C. Take any 6 € (0, £/2C]. Theniif |{/'| > & and qurl/z(nt”)q+l <6, we must

have |B7|P > ¢/20 and also || < 2rd /2 A(n, i)+1|87|P. Therefore, with the notation a, (6) = P(rf ™/* (z/ya+! >
0), we have for any 1 > 0:

Y
2
P(ZEZ"_K(Q") Ljere)) > ’7>

i=1

. 2
Y E(A@m. i) "L pr o ey Lironin=n)
= (5.10)
K@Zr q+ 4
<a,(0) + —5— > E(AG DB [ 1 nin<n)
r)g‘ i>1
2

Ko
<a, )+ —5E(AQq +2)})
ne

(recall that K varies from line to line; for the last inequality we use E’ n T ( ;6" |41’ ) < K and (C)). Observe that a,, () =

IP’(rzqJrl ()42 > 92) goes to 0 by (5.9) applied with r = 2¢ + 2. Then using the boundedness of E(A(2g + 2)7),
and by choosing first 6 small, then letting n — oo, we deduce (5.7).
(d) Finally E"" | ((¢")?) = r2 A (n, )24+ (mp — m3) |07 (n,i—1)|*, whereas by (2.4)

Nll

O@) = ' Hrn A,y —>f Hya(r) ds (5.11)
i=1

for any cadlag process H. Since o is cadlag, we deduce (5.6) by taking r = 2g + 2. ([

Recalling (2.7), our second result will be about the processes

N G(

. q+Dj

U™(p,q) =\/ﬁz<rr?A(n,l)q+l|,3?|p —mplorm,i-nl? TT(}“DA(H l)) (5.12)
i=l1 T(n,i—1)

Proposition 5.2. Let p > 2 and g > 0. Suppose that o is cadlag and bounded, and that (SE(2q +2)) and (SD(2g +2))
hold. Then the processes U (p, q) converge FO-stably in law to the process

'
U (p.ak :/ los1”v/a(2q + 2)sw(p. q)s AW, (5.13)
0
where w(p, q) is defined by (3.8) and W' is as in Proposition 5.1.

Proof. Instead of (5.4), we set

Gg+1 )T(nz UA(n 0

1/2
1= T2 A, DB = P mplor it o
( )T(nl i}

(5.14)
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Recall that G(p)" < L for all p € [0,2q + 2] and 1/G(1)" < L. Then by taking first the conditional expectation with
respect to gl 1» and second with respect to G, and by using (C) and the fact that o is adapted to (]—',0), we get

EP (5" =0,

2 n

2 lormi—nl?? miG(q+ Dy, iy

By ((6)) = = ( m2pG 24 + 2y iy + (ni—1)
n

(G(l) T (n,i— 1)) (5]5)

X (G(@+ D7 i-1yG @ nizty =26 + 27 (i 1yG (D i 1))>

At this stage we can reproduce the argument of the previous proof (with the o-fields G instead of G"), to the effect
that it is enough to prove

N)l t
2 P
ZE (&) )—’/ l0s 2P a(2q +2);w(p. q)s ds,
0

Nn

Z]E "1 erime)) — 0. (5.16)

Z]E (e ArM) —> 0

for all 7, and ¢ > 0, and all (.7-",0 )-martingales M € M (notation of the previous proof).

The third property above is proved like in (b) of the previous proof, the left side being indeed identically 0.
For the second property we also follow the previous proof: namely, m ,|og|?G(g + 1)7 /G (1)} < C for some con-
stant C, and we take 6 € (0, (¢/2C)4*!]. We may assume that r, > 1. Then if qurl/z(JTt”)qul < 0, we have
r,i/zn <7, (a+1/2/@+1) nlt < 91/@+t) < ¢/2C; hence if further 1¢'| > & we must have |B'|” > £/26, and also
15" < 2rq+l/ 2A(n, et Bj'|P. Therefore we have the same string of inequalities as in (5.10), and we conclude

the second property (5.16) in the same way.
Finally, exactly as for (4.6), and under the same conditions on H” and H, (2.11) yields

NI
I cp. [T H

— E H?(l’l i—1) ucp; / > ds
I'n im ’ G

0

Recalling that a(2q + 2) = G(2q +2)/G(1) and that G(p)" i 4 G(p) for p € [0,2q + 2], we then readily deduce
the first property in (5.16) from the second one in (5.15). U

6. Proof of the main theorems
6.1. Preliminaries
Before starting the proofs, we strengthen the assumptions (A), and (B) as follows:
Assumption (SA). (A) holds, and for some constant C we have:
ot (@) | + |bs (@)| < C. 6.1)
Assumption (SB). (B) holds, and for some constant C we have

|or(@)] + |br (@)| + |5 (@)] + [ (@) | + |a] (@) + ar (@) < C. (6.2)



Irregular sampling 1213

Under (SB) we can replace (2.1) by

t t
oy =00+ / bsds + / oy dW, 4+ M;, (6.3)
0 0

the only difference with (2.1) being that M has still bounded jumps, but not necessarily bounded by 1 (of course, M is
not the same in (2.1) and in (6.3)).

It is then standard, by a suitable localization procedure (see Section 6.3 in [10] for example), and upon using also
Lemma 4.1, that it is enough to prove the theorems when (A), (B), (D(¢)) and (E(gq)), according to the case, are
replaced by (SA), (SB), (SD(g)) and (SE(q)), and for Theorem 3.3 we may even assume that the It semimartingales
G(p) for p € [1,2q + 2] have coefficients satisfying the same boundedness assumptions than those of o; in (SB).

We end these preliminaries with some estimates. Recall (5.1) for B;', and set

Zl=1+|B| +|ArX|/VAMm D),  E'=A'X —AMm, )AL (6.4)
For any cadlag process H, possibly multi-dimensional, we set

a(H)! = sup ||Hy — Hrei—nl* (6.5)

sel(n,i)

Then classical estimates, see e.g. [10], and in view of (C), give for all » > 2 and on the set {i < N/'}:

SA) = B (2)) <K

SA) = B (&) = AP (KE!  (@@)]) + A, i)/?)
<Ky/A(n,i)* on{i <N/},

SB) = E" (&) = K-Am,D)'F?

(6.6)

(note that {i < N;'} € G"" ,; the second inequality in the second display above comes from the boundedness of o and
An,i)<tifi <NJ).

Lemma 6.1. For H a bounded cadlag process and r > 0 and p > 0, we set

v(H, p, ) =l AL D (A, i)+ JEP (o (H))). 6.7)

Then Z;v:’nl v(H, p,r)! ;F> 0 as soon as (SD(p)) holds, or (SD(q)) holds for some g > p when p > 1, or (SD(q))
holds for some q € [0, p) when p < 1.

Proof. We first observe that the sequence A(p)} is uniformly integrable: this is obvious under (SD(p)). If 1 <
p < q and (SD(g)) holds, the sequence A(q)? is uniformly integrable and (2.5) implies A(p)! < t@=P)/@=1 x

(A(q);’)(l’_l)/(q_l), and f;—:} < 1, so we obtain the uniform integrability of the sequence A(p)}. When0<g <p <1

the same argument, upon using A(p)" < t(P~9/1=0) (A(q)")1=P/1=D  gives the uniform integrability of the se-
quence A(p); again.

e VO N —p vn N~
Letting V, = ;1 v/ and V" =} . ' v, where

U=l A = A B (af (1)),

it suffices to prove V; £ 0and vy o

First, the inequality V; < A(p)"(zr/")’ is obvious. Since 7} < r and /' —> 0 and the sequence A(p)" is uniformly
integrable, we deduce that V? — 0in L!. Second, we set

w! =l A DPE (N (HD),  wt =T A, )Pl (H)
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n n . L ~ ~, P
and Y, = Z,N:’ ywiand Y = Z,N:tl w!". The Cauchy—Schwarz inequality yields (V,")2 < A(p)}Y,, thus for V' — 0
it suffices to prove that E(Y,) — 0. Since w' =E!" | (w;") we have

E(Y,) =) E(w} li<nm) =D E(w]"li<nm) =E(Y,)

i>1 i>1

because, as seen before, {i < N/'} € g{’i - Therefore we are left to prove E(Y,) — 0.

Since H is cadlag bounded, a(H)! < K for all i and, if & > 0 and My is the number of jumps of H of size bigger
than 6/2 on [0, 7], for all n large enough we have Ot(H);l < 62 for all i < N]' except at most My values of i (corre-
sponding to the intervals I (n, i) containing such a “large” jump). In other words, ¥ < €2A( p)} + KMy r,f - (7P
outside a set £2,, tending to &, and thus

2
B(Y, <p) < %E(A(p);’) LR Merl ™ () > p) + P(22)

for all p. In view of (5.9) and of the uniform integrability of the sequence A(p)¥, plus £2, — &, by choosing first 6
small and then n large, we deduce that the above goes to 0 as n — oo. Finally, we have for all p, L > 0, and since
Y, <KA(p):

E(Y,) <p+ KLP(Y, > p) + KE(A(P)! Lapys1y) <p + KLP(Y, > p) + D (L),

where @ (L) — 0 as L — oo (apply again the uniform integrability of the sequence A (p)} for the last inequality). We
deduce E(Y,) — 0 by choosing first p small, then L large, then n large. (]

6.2. Proof of Theorem 3.1

Here we fix p > 1 and ¢ > 0, and from what precedes we may assume (SA) and (SD(g + 1)). With the notation
of (3.2), we have

MV (p.q) —V(p,q)=F"(1)+ F*(2) + F"(3), where
N

Fry =3"c)r, e =rd A, DT (MG, P ArX|” = |82]7),
i=1

M (6.8)
F'2=>_¢@}, ¢@f=riAm ) (B —mplormi-nl?).
i=1
N/ ;
F"(3);=m, (rﬁ ZA(n9i)q+1|UT(n,i—l)|p —/0 a(g + 1)s|0s|pds)~
i=1
Observe that /1, F"(2) = U"(p, q), as given by (5.2). Then it is enough to prove that for j =1,2, 3:
Fr(j) = 0. (6.9)

We have [ (1)7] < Krl A(n, i)771/2(Z")P~1|g"| because p > 1, hence by (6.6) and Holder’s inequality (with the
exponents a = b =2 when k = 1, and when k = 2 under (SA), and with the exponents a =4/3 and b =4 when k =2
under (SB)) we get for k =1, 2:

k . . m n
IE;’il(!;“(l);'\k) - Kirn ! A(n, ¥4 (A, iY¥/2 + [E" | (a(o)")), under (SA), 6.10)

Kirad An, iyka 10D/ under (SB).
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Now, ¢ (1)} is G'-measurable, whereas N;' is a finite (G")-stopping time. Hence by Lenglart’s inequality (see e.g. [13],

Lemma 1.3.30), in order to get (6.9) for j = 1 it is enough to prove that va:’nl E;’Ll (41 i) 0. By virtue of (6.10),
we have E" | (|¢(1)?]) < Kv(o,q +1,1/2)", as given by (6.7), and we deduce (6.9) for j = 1 from Lemma 6.1.
Next, the variables {(2)1'.' are martingale increments, relative to the discrete-time filtration (Qlf"), and
]E;"_ 1(|§(2);1 |2) <K r,%qA(n, i )2q+2. Then a well known result on martingale differences, using again Lenglart’s in-
equality, yields that for proving (6.9) for j = 2 it is enough to show that w, (¢) := r,%q ZINZ’HI A(n,i)2a+? L 0 for
all #. Observing that w, () < r,! (rr,”)‘“’lA(q + 1)}, we deduce w, (¢) g 0 from the fact that the sequence A(g + 1)}

is bounded in probability, and from rl (e +1 ﬂ) 0, which in turn follows from (5.9) withr =g + 1.
Finally, (6.9) for j = 3 follows from (5.11).

6.3. Proof of Theorem 3.2

Step 1. By localization again, it is enough to prove the theorem under the assumptions (SA) when p =2 and (SB)
otherwise, and (SD(2)) when g = 0, and (SD(g + 1)), (SD(2g +2)) and (D’(g + 1)), when ¢ > 0. In view of (6.8) and

of Proposition 5.1, it is enough to prove that /r, F" (j) 2280 for j =1and j =3, and this amounts to the following
three convergences (for all ¢):

A
S B (e =0, 6.11)
i=1
Ny
i S (e —EP (c17)) 2o, 6.12)
i=1
A .
T (er{m, D Jori-nl? - f jos1Palq + 1) ds) =%o. (6.13)
i=1 0

Step 2. A martingale argument shows that for (6.12) it is enough to show that

n
Nf

r Y B (e ) > 0.

i=1

Since o is bounded, the first part of (6.10) yields rnEE"_I(M(l)?lz) < Kv(0,2q + 1, 1);’, so the above convergence
follows from Lemma 6.1.

Step 3. Next, we prove (6.11) under (§B), ig essentially the same way as in [10]. Remembering (6.3) and (6.4), we
write &' = ATX — /A(n,i)B' as &' =& + &', where

s
&= f (b — br(ni—1)) ds + / ( f (bu du + @ = Grni-1) qu)) dWs,
I(n,i) I(n,i) \JT

(n,i—1)

E=E0;+E@p, EW= /I o M= M) AW,

EQ) =bri-nA,i) +/ 6T (n,i—1)(Ws — Wr(n,i—1)) dW;.
1)

Then, using (SB), we obtain as in [10] that
or>2=E" (E'") +E" (E'") < K An, i)+,
o B ([E'17) < KA, D) (An, i) + B | (@(b)} +a@)}), (6.14)
e 1 an odd function with polynomial growth = IE;”_ | (gl.”h(ﬁf)) =0
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(the last property above is nearly obvious if we replace E” by 5(2)" It also holds when we replace §&; e by S(l)” because
EQT =M1ty — Mrmi—1) Wraiy — Wrmi—1) — fl(n iy (Ws = Wr(n,i—1)) dMy, hence § (1)} h(B}") can be written
as the sum of products of a stochastic integral w.r.t. W, times a stochastic integral w.r.t. M, and we conclude by the
orthogonality of M and W).

Next, a Taylor expansion and the differentiability of f(x) = |x|? (recall p > 2, we have f’(Ax) =AP~! f/(x) and
observe that " (Ax) = AP~2 f"(x)) give

2 = rd A, )2 £ (B1VER | < Krd An, )7 (2)7 2|81

The last part of (6.14) and the fact that f is even, hence f’ is odd, imply that E "L (,8”)5 ) = 0. Moreover we have
|f/(Bl )| < K(Z!' )P~ . Therefore

(B (6 0F)] = Krd Ao (2) 7|6 +Vam D (z8,)" T [E))- (6.15)

We deduce from the first part of (6.6), the third part of the same (with Holder’s inequality with exponents a =4/3
and b = 4, recall that (SB) holds here) and from the second part of (6.14) with the Cauchy—Schwarz inequality, that

B (c(DP)] < Krd A, T3 (AG, )Y+ A, ) + \/]E;'Ll(a(b);’ +a(@")).

Recall also that A(n, i) <t ifi < N]'. Then with H being the two-dimensional process with components b and &, we
see that /7, |E}_; (¢(D})| < K;v(H, g +3/2,1/4)} with the notation (6.7), and if i < N'.Since 1 <g+3/2 <2q+2
and (SD(2g + 2)) holds, we then deduce (6.11) from Lemma 6.1.

Step 4. When g > 0, the property (6.13) is a trivial consequence of Assumption (D’(g + 1)).

Step 5. In this step, we prove (6.13) under (SB), when g = 0. This follows from the next two properties:

t
NG oy 1P ds =50, (6.16)
T(n,N}')
Nn
S et NG P r)d 6
D _oui —>0,  where u =7, oy ol = lormipl?) ds. (6.17)
i=1 ot

Equation (6.16) readily follows from (5.9). The proof of (6.17) is similar to [10]: using the C! property of f(x) =
|x|” and (6.3), and with g(x, y) = f(x) — f(3) — f' () (x — y), we have uf = pu(D)] + 1(2)] + n(3)7, where

N

uDF = /r, f’(os)dS/ by du,
1(n,i) T

(n,i—1)

(2)11 \/_ f/(o—s)ds /S (6, dW, +dM,),

I(n,i) T(n,i—1)

n3)! = \/—1( ‘)g(aT(n,i),O's)ds-
n,i

If |x],|y| < C we have |f'(x)] < K¢ and |g(x, y)| < Kc|x — y|*. Therefore by (SB), which also implies that
E" | ((05 — 0T (n,i— )% < KA(n, i) on the set {s € I (n,i)}, we get for j =1 and j = 3:

<Z|M(]) |> <K¢EE(ZA(n ) ) NG E(AQ)").

n

Finally E" | (1(2)!) =0 and E!" 1(|;L(2)”| ) < Kr,A(n,i)? by (SB) again, hence

((%u(z) ) ) < KE(AQ)"x}")
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which goes to 0 by (SD(2)) and (1.5). This finishes the proof of (6.17).

Step 6. It remains to consider the case p =2 when we have (SA) instead of (SB): we need to prove (6.11), and
also (6.13) when ¢ = 0. The proof is similar to the proof given in [12], and so we only give a sketch below.

We first assume that o and b are piecewise constant, that is of the form

or = o lyap @, b= by L ap(®. (6.18)

Jj=1 j>1

where ¢; is a strictly increasing sequence of reals, starting at fo = 0 and going to infinity. In this case, (6.12) has
been proved in Step 2, and (6.13) holds from Step 4 when g > 0, and when ¢ = 0 it is an obvious consequence of

N N 0 (apply (5.9) with r = 2). Moreover, by integration by parts the left side of (6.11) is

NS n,+~/ﬁ2n”’

jitj<t

where |n | < Kr (]! yatl and |n’”| < Kr! A(n,i)9%2. Therefore if s <t the left side of (6.11) is smaller than

I(,r,‘erl/z(JT")q“‘1 + KZ, | V> where v is given by (6.7) with k = 1 and H = 0. Then we deduce (6.11) from
(5.9) for r =2g + 2 and from Lemma 6.1. Therefore we have proved that under (6.18), Theorem 3.2 holds.

Next, we assume (SA) only, and we approximate o and b with piecewise constants processes o (m) and b(m),
which are bounded uniformly in m, and in the sense that

t
/ (|bGm)s — bs| + o (m), — 0y]) ds —> 0 (6.19)
0

for all ¢, as m — oo. We introduce the semimartingales
t t
X =Xo+ [ bmds+ [ o, aw, (6.20)
0 0

and the associated processes V™™ (p, q). From what precedes, for each m the processes Vn’m N Ve, q) —

a(m)za(q + 1), ds) converge FV-stably in law, as n — 00, to the process V2! lo(m)g|*/aq + 2), dW/, and it
0 g y p 0
remains to prove that

t t
/ |G(m)s|2\/a(2q +2),dW! ﬂi/ los|>V/a(2q +2); AW, as m — oo, (6.21)
0 0

lim limsup E(sup| V - V? |> =0, (6.22)

m—00 ,_sno

where V| = /r,(rfV"(2,q); — fot o2a(q + 1); ds). Equation (6.21) readily follows from (6.19), which also implies
(6.22) by the same argument as in [12]: the (tedious) details are left to the reader here.

6.4. Proof of Theorem 3.3

The proof is basically the same as for Theorem 3.2. We can assume (SB) and (SE(2¢ + 2)) and (SD(2¢ + 2)) and
(SD(g + 1)) because (D(g + 1)) holds by Lemma 2.2. Instead of the decomposition (6.8) we write, with the same
F"(1) as in (6.8) and the notation (5.12):

V(i V' (p.g) = V(p. @) = Vi F" (D) + U (p.q) +mpF",

where

¥ G(g+ )T(nz b !
= V| 2 loreinl! — A, z)—/ a(q + slog|”ds ).
i=1 ( )T(nl 1) 0
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Note that the previous proof yields that (6.11) and (6.12) hold, that is /r, F" (1) . o Then, in view of Proposi-

tion 5.2, it is enough to prove that F'" 8.
Due to (E/(g + 1)), to the boundedness of G(g + 1) and of 1/G(1)" (uniform in 1), and to the form of a(g + 1)

recalled above, for getting F"™ L oitis enough to prove the following:

N/ ¢
NG ZA(n,i>HT(n,,~_1>—/ Hyds | =0,

i=1 0

where H is the process H = | |G (g +1)/G(1). Remember that under our assumptions o, G(g + 1) and G(1) are Itd
semimartingale with bounded coefficients (in the sense of (SB)), and they are bounded and 1/G(1) is also bounded.
Then by Itd’s formula the process H is also an Itd semimartingale with bounded coefficients. Then exactly the same

proof than in Step 5 of the previous proof shows that F'" R 0, and the proof is finished.
6.5. Proof of Theorem 3.10

Theorem 3.10 trivially follows from Theorems 3.1 and 3.2, upon recalling the following fact: if U, and A,, are random
variables defined on (£2, F, P), and if U,, converges FO -stably to a limit U (defined on an extension of the space) and

Ay, i}> A, and if A is F%-measurable, then (U,, A,) converges in law to (U, A).
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