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1 Introduction

In this lecture we focus on certain statistics (“power variation”) of semimartingales of
the form

t t
Xt:XO+/asds+/adeS+Jt
0 0

where a is a drift term, o is the volatility, W is a Brownian motion and .J denotes the
jumps, observed at high frequency, i.e. at

Typically the process X = (X;):>o is observed on a fixed time intervall (say [0, 1]) and
we are interested in analyzing the structure of the unobserved characteristics of X. The
most important examples of such characteristics are:

(i) The quadratic variation

T
[X]T:/agds+ S Ax
0

0<s<T
with X, = X, — X,_.

(ii) The continuous part of the quadratic variation (in finance also called the “inte-
grated volatility” or the “integrated variance”)

T
X]g = / o2 ds
0

and the discontinuous part of the quadratic variation

XIf =) AP

0<s<T

(iii) The Blumenthal-Getoor index 5 € [0, 2] of the process X. It gives information
about the jump activity of (J;);>o.

The afore mentioned quantities are of huge importance in financial econometrics or
mathematical finance.

We remark that under no arbitrage assumptions price processes must follow a semi-
martingale (see [8]). The estimation of quadratic variation using high frequency data



is required for option pricing or risk management. It turns out that power variations,
which are statistics of the form
[T/an]
Z |XiAn - X(zel)An’pa p=>0 (1.1)
=1

are very informative when analyzing the fine structure of X. In the last fifteen years
there appeared a lot of publications on the asymptotic behaviour of power variations
and related statistics. An important starting point was the work of Jacod ([9],[10]),
who developed a first general (stable) central limit theorem for high frequency obser-
vations. Jean Jacod can be called the father of this research field.(See the recent book
of Jacod and Protter [12].)

The aim of this lecture is twofold:
At first we will study the asymptotic behaviour of power variations

[T/an]
Z | Xin, = X@—pa,lf, »p>0
=1

and related functionals. This icludes the law of large numbers and the central limit
theorems.

Then we will apply the asymptotic results to estimation and testing problems. Some of
the most important statistical problems are:

(i) Estimation of the quadratic variation
T

LmT:/}3¢+-§:yAxﬁ

0 0<s<T

(ii) Robust estimation of the volatility functionals, i.e. integrated volatility
T

Lw:/ﬁ@

0
Here the notion of robustness refers to robustness of jumps.

(iii) Testing whether X has jumps.

(iv) Testing whether X has a Brownian component.

What can be estimated based on high frequency obervations X, Xa

(i) The drift process (a:);>o can never be identified on a fixed time interval [0, 7]
(unless o = 0)!

(ii) The volatility process (o:):>o can be consistently estimated.
(iii) The realised jumps AX, can be identified.

(iv) But the law of jump part can not be identified.

Xoa, - ,XLT/AnJAn.

)



2 A Crash Course on Stable
Convergence and Mixed Normality

The power variations of semimartingales usually exhibit an asymptotic mixed normal
distribution. For example when X is a continous semimartingale of the type

t t
Xt:X0+/a5ds+/05dW5,

we will show the following convergence in law for a fixed 7" > 0:
| 7/an] :
L =A V?( Z ATX ]2 — /0 ds> BN LTNMN(O,Q/agds)
0

where A?X = X;a, — X(_1)a,. Here the limiting variable L, has a mixed normal
distribution with mean 0 and conditional variance 2 fOT ol ds. This means

T

d 4, 0\ 72
L2 (2/08 ds) U, U~ N(0,1)
0

with U being independent of (o;);>o. Notice that the characteristic function of L is
given by

T
E[(itLy)] = exp t/a ds
0

In order to obtain confidence regions for the integrated volatility fOT o2 ds, we will also

show that
[T/an]

T
2
V=g > larxpt = v2=2/a§ds.
nog=1 0

In the second step we would like to conclude that
Lﬂ
— N(0,1
o N (.,

d . -
However, the weak convergence L} — L does not imply the joint convergence

(L, Vi) N (L, V), which is required to conclude the above statement.

For this reason we require a stronger mode of convergence than convergence in law. Sta-
ble convergence turns out to be an exactly right type of convergence to guarantee the
afore mentioned statement. In the following subsection we will give a formal definition
of stable convergence and derive its most useful properties.



2.1 Stable Convergence

In this subsection all random variables or processes are defined on some probability
space (€2, [F,IP). We start with a definition of stable convergence.

Definition 2.1
Let Y, be a sequence of random variables with values in a Polish space (E,£). We

say that Y, converges stably with limit Y, written Y,, L Y, where Y is defined on
an extension (Y, ', P") of the original probability space ({2, F,P), iff for any bounded,
continuous function g and any bounded F-measurable random variable 7 it holds that

Elg(Y,)Z] = E'g(Y)Z] as n — occ. (2.1)

First of all, we remark that random variables Y,, in the above definition can also be
random processes. We immediately see that stable convergence is a stronger mode of
convergence than weak convergence (which corresponds to Z = 1), but weaker than
convergence in probability.

For the sake of simplicity we will only deal with stable convergence of R%-valued random
variables in this subsection. The next proposition gives a much simpler characterization
of stable convergence which is closer to the original definition of Reny in [15] (see also

[2D).

Proposition 2.1
The following properties are equivalent:

@Y, -5Y
) (Yo, 2) N (Y, Z) for any F-measurable variable Z
(i) (Y,,Z) -5 (Y, Z) for any F-measurable variable Z

The assertion of Proposition 2.1 is shown via the usual approximation techniques and
we leave the details to the reader.

For the moment it is not quite clear why an extension of the original probability space
(Q,F,P) in Definition 2.1 is required. The next lemma gives the answer.

Lemma 2.1
Assume thaty,, 'Y and Y is F-measurable. Then

Y, Y.
Proof: As'Y, 'y and Y is F-measurable, we deduce by Proposition 2.1(ii) that
(Yo, Y) =5 (Y,Y).

Hence, Y, — Y -5 0, and Y,, — Y readily follows. O

Lemma 2.1 tells us that the extension of the original probability space is not re-

quired iff we have Y, ., v. But if we have "real" stable convergence Y, sty Y, what
type of extension usually appears? A partial answer is given in the following example.



Example 2.1
Let (X;);>1 be a sequence of i.i.d. random variables with E[X;| = 0 and E[X?] = 1,
defined on (Q,FF,P). Assume that F = o(Xy,X,...). Setting ¥, = =371, X; we
obtain that

Y, -5 Y ~ N(0,1),

which is of course a well-known result. Is there a stable version of this weak conver-
gence? The answer is yes. Let Y ~ N(0, 1) be independent of F. Then

st

Y, — Y.

This can be shown as follows. For any collection ¢4, ..., ¢, € N, we deduce that
d
Yoo Xo oo X)) —5 (Y, Xoyo 0 X))

as Y, is asymptotically independent of (X, ,...,X;,) and Y is independent of F. This
implies that

(Yo, Z) -5 (Y, 2)

for any F-measurable Z (since F = o (X, Xa,...)). This implies that Y, Sy, O

In fact, the described situation is pretty typical. Usually, we only require a new standard
normal variable that is independent of F. Thus, the extension is given by a product
space. However, more complicated extensions may appear.

In the last proposition of this subsection we present the delta method for stable conver-
gence.

Proposition 2.2
LetY,, V,, Y, X, V be R¥valued, F-measurable random variables and let g : R? — R
be a C*-function.

@ IfY, 2% Y and V, - V then (Y,,V,) =5 (Y, V).

(ii) Letd = 1 and Y,, Y ~ MN (0,V?) with V being F-measurable. Assume that
V, sV andV,,V > 0. Then

—L5 N(0, 1).

SajF

(i) Let /n(Y, —Y) =% X. Then /n(g(Y,) — g(Y)) =5 Vg(Y)X.
Proof:

@ Y, -5 Y implies (Y,,V) -% (Y,V). Since V, — V, we also have

(Yo, Vo) -5 (Y, V).



(ii) We know from part (i) that (Y,,,V},) N (Y, V). Applying the continuous mapping
theorem with f(z,2) = Z to (Y,,V,) we deduce that

Y, 4 Y
I d Y N.1).
vy NGO

(i) Since \/n(Y, —Y) -2 X we have
¥, = Y| = 0.

The mean value theorem implies that

Vi(g(Ya) = g(Y)) = vVnVg (&) (Yo = Y)

for some &, with ||&, — Y| < ||Y,, — Y|. Clearly, &, —— Y. Thus, by part (i)

we obtain (&,,v/n(Y, —Y)) L (Y, X). This implies the assertion by continuous
mapping because Vg is continuous. OJ

2.2 Jacod’s Stable Central Limit Theorem

In practice it is difficult to prove stable convergence, especially for processes. As for
weak convergence, it is sufficient to show stable convergence of the finite dimensional
distributions and tightness. However, proving stable convergence of the finite dimen-
sional distributions is not easy, because the structure of the o-algebra F can be rather
complicated.

Jacod (see [10]) has derived a general stable central limit theorem for partial sums
of triangular arrays. Below we assume that all processes are defined on the filtered
probability space (2, F, (F;):>0, P). We consider functionals of the form

t/An]

[
Y=Y X, (2.2)
i=1

where the X;,’s are F;5 -measurable and square integrable random variables. More-
over, we assume that X;,’s are "fully generated" by a Brownian motion /. Recall that
power variations are statistics of the type (2.2).

Before we present the main theorem of this subsection, we need to introduce some
notations. Below, ([M, N];)s>¢ denotes the covariation process of two (one-dimensional)
semimartingales (M,).>o and (Ny).>o. We write V" = V whenever

sup [V' —Vi| =0 VT >0.
te[0,7



Theorem 2.1 (Jacod’s Theorem (1997))
Assume there exist absolutely continuous processes I, GG, and a continuous process B
with finite variation such that the following conditions are satisfied for eacht € [0, T):

[t/An]

> ElXinlFiona,] “5 B, (2.3)
=1

[t/ 4] !

> (E[an]}“(i_lmn] - EQ[XM\J-“(Z»_I)A”D — F = / (v2 +w?)ds, (2.4)
=1 0

[t/An] t

> EXuAIW|Fioa,] — Ge = / veds, (2.5)
=1 0

[t/ .

> EIX 1gx, ey Fa—nad — 0 Ve >0, (2.6)
=1

[t/An] .

> E[XiuWAIN|Fiza,] — 0, 2.7)

=1

where (vy)s>0 and (ws)s>o are predictable processes and condition (2.7) holds for all
bounded F;-martingales (N;)s>o with Ny = 0 and [W, N|; = 0. Then we obtain the
stable convergence of processes:

t t
st

Y 2L Y, = B, + / vsdW, + / wdW, (2.8)
0 0

on D([0,T]), where W' is a Brownian motion defined on an extension of the original
probability space (2, F, (F;):>0, P) and independent of the original c-algebra F.

Remark 2.1
Let us shortly comment on the conditions of Theorem 2.1.

(i) Condition (2.3) determines the drift (or bounded variation part) of the limiting
process Y.

(ii) Condition (2.4) determines the quadratic variation of Y.

(iii) Condition (2.6) (“Lindeberg condition”) ensures that the limiting process Y has
no jump part.

(iv) Condition (2.8) implies that on the original probability space (2, F, (F:)i>0,P)
there is only one martingale W, which contributes to Y. The combination of
(2.4) and (2.5) identifies the distribution of the quadratic variation of Y between
the dWW and dW! part. O

Remark 2.2
At the moment Theorem 2.1 is a probabilistic result that has no statistical applications
in general, because the distribution of Y is unknown. However, when B = 0 and v = 0,

10



which is the case for the most interesting situations, things become different! We remark
that, for any fixed ¢ > 0,

t t
/ wydW! ~ MN(O, / wﬁds),
0 0

since W’ is independent of F. Hence

Y;’L

\/ Jo wids

and the convergence still holds true if we replace the denominator by a consistent esti-
mator. The latter can be applied to obtain confidence bands or to solve other statistical
problems. [

4 N(0,1),

Next, we will apply Theorem 2.1 to a particular example.

Example 2.2

Let o be a cadlag, F;-adapted and bounded process and let g, h : R — R be continuous
functions, where h satisfies the polynomial growth condition |h(z)| < C(1 + |z|") for
some r > 0 and C' > 0. Define

L e o | AW\ ATW
Y = ZIX” XmAing(a(l_l)An)(h(\/A_n) E[h(\/A_n)]). (2.9)

Note that the X},’s have a pretty simple structure, since A?W is independent of F(;_1)a,
and A’W/v/A, ~ N(0,1). Now we need to check the conditions (2.3) - (2.7) from
Theorem 2.1.

(2.3): E[X;|Fi1pa,] =0 —> B=0. 0

(2.4), (2.5):

E[X2 | Fina,) — B Xl Fi-na,) = An ¢ (0(i-1)a,) var(h(U)),
with U ~ N(0,1)

E[ X AW | Fi—iya,] = An g(0i-1)a,)ER(U)U]
And so it follows that

t
F=a / ¢2(0.)ds with a? = var(h(U)),
0
t
G, = b/g(as)ds with b = E[r(U)U].
0

11



Thus, we can set ws = va? — b? g(os), vs = b g(0,) in (2.4) and (2.5).
(2.6):

[t/An] [t/An] A
Z E[anlﬂxmlx}|~7:(i—1)An] <e? Z E[X?n|F(i—1)An] < 05_; —0

i=1 =1

for some C' > 0, because ¢ is bounded. This implies (2.6).

(2.7): 1t6-Clark representation implies that

iAn

() ()= [ .

(i—1)A,

for some process (1”)s>o. We obtain that

EXn AN Ficva,] = A;/Qg(a(el)An)E / Ny dWs / st]
(1), (i-1)An
1Ay
— AVg(ona B[ [ maprag] o
(i—1)An =0

Putting things together we deduce that

t t
YLy, = b/g(as)dWS + Va2 — b2 /g(as)dWS/.
0 0
Furthermore, when h is an even function then b = 0 and we have

t t

}/;n S_t> }/; = a/g(as)dW; ~ MN(O7G2/92<US)d8)
0 0

12



3 Limit Theorems for Continuous
Semimartingales

In this section we consider continuous semimartingales of the form
t t
X=X+ /asds + /anWs, (3.1)
0 0

where (as)s>0 is a caglad process and (o5)s>¢ is a cadlag, adapted process. Recall that
caglad = left continuous with right limits

cadlag = right continuous with left limits

(Ws)s>0 is a d-dimensional Brownian motion. All processes are defined on a filtered
probability space (2, F, (F;):>0, P). We consider high frequency statistics of the form

[t/An]

V=8 30 o (

ArX
/5

Notice that for f(z) = |z|P we obtain the power variation of X. We start with the “law
of large numbers” for V(f). For any function f : R — R, we define

p=(f) = E[f(zU)], (3.3)

for x € Rand U ~ N(0, 1), if the above expectation exitst.

Theorem 3.1
Assume that the function f is continuous and has polynomial growth, ie. |f(x)| <
C(1 + |z|P) for some C' > 0 and p > 0. Then

t

V() 5 V(f), = / 0o (F)ds. 3.4)

0

Recall that V/(f)? = V/(f), stands for sup,co.1 [V (f)i" = V(f)¢l Ly 0forall T > 0.

We remark that the drift process (as)s>o does not influence the limit V'(f);. We will
see later why this phenomenon appears. Next, we present an important application of
Theorem 3.1.

Example 3.1 (Power variation)
As we mentioned, the case f(x) = |z|P corresponds to the subclass of power variations.
It is the most important subclass of statistics in financial econometrics. For f(x) = |z|?,

13



Theorem 3.1 translates to
t
V=5 V(= my [ lords
0

with m,, = E[|N(0,1)[?] since p.(f) = my|z|P. For f(z) = x* we recover a well-known
result from stochastic calculus

[t/An] t
ViR = Y JATX] 25 (X, = / o2ds.
=1

0

O
Sketch of the proof of Theorem 3.1.
(1) The crucial approximation: First of all, observe that
iAn iAn
ATX = / asds + / o,dWs, (3.5)
(i-1)A, (i-1)An
o0 o

where the second approximation follows by Burkholder’s inequality (see e.g. Theorem
IV.4.1 in [16]):

b
IEH/anWS

for all p > 0, if the second expectation exists. Thus, the influence of the drift process
(as)s>o is negligible for the first order asymptotics. Indeed, we have

g } (3.6)

p] ngEH/bagdWS

APX
VA,

which is the crucial approximation for proving all asymptotic results. Note that,
compared to X, the o}’s have a very simple structure: They are uncorrelated and
af ~ MN(0,07,_)5,)- It holds that

E[f(a?)‘F(i—l)An] = pU(i—l)An<f>7

which explains the definition of p,(f). O

~ ol = Ao A, ATW, (3.7)

n

(12) From local boundedness to boundedness: Since the processes (as)s>o and (o, )s>o are
assumed to be caglad, they are locally bounded, i.e. there exists an increasing sequence
of stopping times T}, with 7}, —= oo such that

‘as| + |Us—| S Ck, VS S Tk:

14



for all £ > 1. Using this fact it is indeed possible to assume w.l.0.g. that (as)s>0, (0s—)s>0
are bounded, because Theorem 3.1 is stable under stopping. To illustrate these ideas set
a® = aslis<t,}, olf) — 081{5<Tk} Note that the processes a®), o) are bounded for all
k> 1. Assoc1ate X® with a®), ¢ by (3.1), V®(£)7 with X*® by (3.2) and V*(f),

with ¢® by (3.4). Now, notice that
xP=x,  vepr=vHr VO, =V, V<

As T, = oo it is sufficient to prove V) (f)r X% V(#)(f), for each k > 1. For this
reason we may assume w.l.o.g. that (a;)s>0, (0s—)s>0 are bounded in (w, t). O

(791) Main step: Since f is continuous and o is cadlag (and bounded w.l.o.g.), it is
relatively simple to show that

[t/An]
— A, Z flam) =2 (3.8)
On the other hand, it holds that
[t/An] [t/An]
A Z |~F1 1)A An Z pa(i,l)An (f) —p> V(f)t
=1

Hence, we are left to proving the convergence

[t/ An)]

A, Z{f E[f(af)|Fo-na} 250
But this follows directly from
t/An t/An
A2 Z E[f*(a)|Fi-na,] = A2 Z Poua, (f) — 0.

Hence
V() == V()

O

Now we turn our attention to the stable central limit theorem associated with Theorem
3.1. Here we require a stronger assumption on the volatility process o to be able to deal
with the approximation error induced by (3.7). More precisely, the process o is also a
continuous semimartingale of the form:

t

t t
o, = 0o + / duds + / &AW, + / £ dV, 3.9)
0 0 0

where the processes (as)s>0, (0s)s>0, (75)s>0 are cadlag adapted and V' is a Brownian
motion independent of WV.

15



In fact, the assumption (3.9) is motivated by econometric applications, as it is sat-
isfied for many stochastic volatility models. Next, for any function f : R — R and
k € N, we define

ool k) = E[f@U)U¥], U~ N(0,1). (3.10)
Note that . (f) = pa(f, 0).
Theorem 3.2

Assume that f € C'(R) with f, f’ having polynomial growth and that condition (3.9) is
satisfied. Then the stable convergence of processes

t t t

AV = V() =5 L) = / beds + / vsdW, + / w,dW, (3.11)

0 0 0

holds, where

bs = aspe, (f') + %6S<pos<f/a 2) = po. (),
= po,(f, 1),
\/pas (f?) = pz,(f) —p3,(f. 1)

and W' is a Brownian motion defined on an extension of the original probability space
(Q,F, (F:)i>0, P) and independent of the original o-algebra F.

As a consequence of Theorem 3.2 we obtain a simple but very important lemma.

Lemma 3.1
Assume that f : R — R is an even function and that the conditions of Theorem 3.2 hold.
Then p.(f') = p(f',2) = p(f,1) = 0, and we deduce that

t

A (V= V) = L = [ wai,

0

with w, = \/po,(f?) — p2,(f)-

As we mentioned in Remark 2.2, L(f), has a mixed normal distribution (for any ¢ > 0)
when f is an even function. Indeed, this is the case for almost all statistics used in
practice. Let us now return to Example 3.1.

Example 3.2 (Power variations)
We consider again the class of functions f(x) = |z|P (p > 0), which are obviously even.
By Lemma 3.1 we deduce that

t

t
82 (V= my [10.) 5 L= fo — 1 [ o, (312)
0

0

16



In fact, the above convergence can be deduced from Lemma 3.1 only for p > 1, since
otherwise f(x) = |z|’ is not differentiable at 0. However, it is possible to extend the
theory to the case 0 < p < 1 under a further condition on o; see BGJPS (06). By
Theorem 3.1 and Proposition 2.2 we are able to derive a feasible version of Lemma 3.1
associated with f(z) = |z|P:

A;1/2 (Arllfp/2|AnX‘p —my f(f |0—S|P d3>

4 N(0,1),

map— pv<f2)

map

which can be used for statistical purposes. For the case of quadratic variation, i.e.
f(x) = x?, this translates to

A*1/2<Zt/ﬁn ’AnX|2 t 2)
! —%5 N(0,1).
V3T I arx e |

Quite interestingly, the stable convergence for the case of quadratic variation can be
proved without imposing the condition (3.9); this is not possible for other powers p. [

Sketch of the proof of Theorem 3.2:
(1) CLT for the approximation (3.7): First of all, we observe that Theorem 3.2 is also
stable under stopping. Thus, we can assume w.l.o.g. that the processes (as)s>0, (0s)s>0,
(Gs)s>0, (0s)s>0, (Ts)s>0 are bounded. In a first step, we show the central limit theorem
for the approximation

af = A, Poia, ATW.

More precisely, we want to prove that

t/An] t t
Z Xin =5 [ vsdW, + /wdes{, Xin = A (f(ay) - E[f(oz?)|]-"(i_1mn}>,
0

0

where the processes (vs)s>o and (w;)s>o are defined in Theorem 3.2. In principle, we
can follow the ideas of Example 2.2: we immediately deduce the convergence

[t/An] ¢

> ELXEIFna) 5 Fi = [(pnl) = (s,
=1 0

[t/An] ¢

> EXGAIW|Foya,) 55 Gom [ po(f1)ds
=1 0

On the other hand, conditions (2.3) with B = 0, (2.6) and (2.7) of Theorem 2.1 are
shown as in Example 2.2. Consequently, we deduce that

Z Xin -5 [ vdW, + / wodW!.
0 0

17



OJ

(i) CLT for the canonical process: Before we proceed with the proof of Theorem
3.2 we need to present a further intermediate step. In fact, it is much more natural to
consider a central limit theorem for the "canonical process"

[t/An]

L =art 3 {1(55) Bl (T ) e}

1=

since the latter is a martingale. Notice that

[t/An] [t/An]

- ; Xin = Z (Yoo — E[Yin Fiya,] )

with Anx
Vo= 0 (F(T5) — 1)
Since
[t/An] [t/An] 9
> ENa|Fava.] = An Z [( ( )-f(fﬁ)) F(Z-,mn] —0
=1

(this is shown as in (3.8)), we conclude that

[t/An]

. Z X,ln u.c.p. O’
=1

Hence,
t

L) =% / v dW, + / wedW!.

0

(7ii) The final step: Now, we are left to proving
t
(V= VL) - 1= [ s,
0

where the process (bs)s>o is given in Theorem 3.2. In view of the previous step, it is
sufficient to show that

-2 Z / (0o (F) = o sa (F))dds 5 (3.13)
- (’L DA,
[t/An] t
A'X
1/2 n ] u.c.p.
AP 3Bl (G5) ~ HetiFina] = [ s (3.14)

0

18



To sketch the following ideas we use the notation Y < X" whenever Y" — X" =% (),
We start with the convergence in (3.13). Notice that the function p.(f) : R — R is
differentiable. Hence, we have

Pos (f) - pU(i—l)An (f) ~ pi"(i—l)An (f) (08 - U(i—l)An)
~ pIO'(ifl)An (f) <5—(’i*1)An(WS - W(Z HA ) + 7_@ HA (V VZ 1)A )>
= x; (s)

due to condition condition (3.9). Notice that

[t/ An] iAnp [t/An] iAnp )
Var ~1/2 Z / X ( ds =A? Z E[( / X2(s) ds) }
=1 i—Dan (i—1)An
=CA, —

Hence, we deduce (3.13).
Finally, let us highlight the proof of (3.14). The most important idea is the following
approximation step

[t/An]

ATX

1/2 n ]

An Z E[f(\/A_n> Y )‘]:(zfl)An}
[t/An]
A X

< A2 ST B[ (S - ol )1 Fina.)

[t/An] B
= Z ]E[f/(a?)(Ana(ifl)An + / (05 — O—(ifl)An)dWs) ’Jt.(ifl)An]

=t (i-1)An
[t/ An] iAn
Z E[f ( n@i-1)A, 1 0(i-1)A, / (Ws = Wii—ya, )dWs ) lfu—l)An]
(i—1) A,
:%(\A?WPfAn)\:iue to Itd’s formula
[t/An] 1
= A, Z [a(i—l)ﬁnpo(iﬂmn (f> + 56’(i—1)An{pU(¢71)An (f/v 2) — Poi—iya, (f/)}:|
i=1
t
Rl /bsds,
0
which completes the proof of Theorem 3.2. O
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4 Robust Estimation

In this section we consider semimartingales with jumps of the form

t t

N
Xt:X0+/asds+/ades+ZS/}, (4.1)
0 0 J=1

where the processes (as)s>0, (05)s>0 satisfy the same assumptions as in section 3, (Ns)s>o
denotes a Poisson process and (Y;);>¢ is a sequence of iid random variables. Sometimes
we denote the jump part of X by X7, i.e.

N
Xi=>"% (4.2)
k=1

Processes of the form (4.2) are called “compound Poisson processes”; they exhibit
finitely many jumps on finite intervals.

In this subsection we are interested in constructing estimators of integrated (powers of)
volatility, which are robust to the presence of jumps. This is particularly important for a
separate estimation of

t

Ny
[Xc]t:/agds, (X7 = D> JAX P =) v
k=1

0 0<s<t

In finance these two parts of the quadratic variation have a different interpretation. We
will present two methods of robust estimation: (a) Multipower variation, which goes
back to Barndorff-Nielsen and Shepard (see [4]), (b) Threshold estimation proposed by
Mancini in [14]. There exist other alternative methods, see e.g. [7].

4.1 Multipower Variation

Multipower variation is a straightforward extension of the power variation concept. It
is defined as

. [t/an]—k+1
V(X pr,ooop)l = AP ST AKX AL, X, (4.3)

i=1

where p; > 0 and p™ = p; + ... + pi. As we will see in the next theorem, the asymptotic
behaviour of multipower variation is very similar to the asymptotic behaviour of power
variation, if X is continuous.
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Theorem 4.1
Assume that X is a continuous semimartingale, i.e. X7 = (.

(i) For any py,...,pr > 0, it holds that

V(X,p1, Dk =B V(X p1,. D) = mpl...mpk/|as|p+ ds, “4.4)

with m, = E[|N(0,1)[7].

(ii) Assume that the conditions of Theorem 3.2 hold. Then we obtain

A;W(V(X,pl,...,pk)?—V(X p17-~-apk)) S L)t = A /|Us|p AW,

(4.5)
where the constant A, is defined by
k k k=1 1 :
Appropr = H Moy, — (2k — 1) H m?pl +2 Z H My, H Mmp, H Mpj+pj
I=1 =1 I=1 j=1  j=k—lt1

Remark 4.1

Notice that the class of multipower variations estimates the same objects as in Example
3.1. So, it is a priori not clear why these statistics can be more useful. However, they
have a more rich behaviour when jumps are present, as we will see in the next theorem.
Theorem 4.1 has been proved in [3]. The proof mainly follows the same ideas as pre-
sented in section 3.

Now, we turn our attention to the asymptotic behaviour of V(X py,...,px)} in the pres-
ence of jumps.

Theorem 4.2
Assume that X satisfies the representation (3.1).

(i) For anypy,...,pr > 0 with max; p; < 2, it holds that
V(X,p1, o 0k) =B V(X pr, D) = My, - .. My, / |08]p+ ds. (4.6)

(ii) Assume that the conditions of Theorem 3.2 hold. For any pi,...,prx > 0 with
max; p; < 1 we obtain:

A;1/2 <V(X7p17 o apk)? - V(X’pla cee 7pk)t> S—t> L(plv cee 7pk’)t7 (47)
where the limit L(p, . .., pr); was defined in Theorem 4.1.
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In other words, Theorem 4.2 makes it possible to estimate integrated volatility robustly
to jumps. The most important example is the following:

[4/an]—1 !
VX, L= > |AIX||A7, X| =% m§/03 ds. (4.8)

=1 0

This result shold be compared to the well known convergence

[t/ An] t
V(X 2)p =) |ATX)? ﬂ/agdw > IAXLP (4.9)
0

i=1 0<s<t

Combining these two results, we can construct estimators for [X¢|, = fot 02 ds and
(X7 = 3" geues |AX|?. We will use it later to propose a test for jumps (see [5]).

Remark 4.2
For a general jump process X7 we need to impose stronger assumptions for Theorem
4.2 (ii). In particular, the jump part X7 of X must have finite variation. OJ

A test for jumps:
The convergence in (4.8), (4.9) suggests that we may use the statistic

V(X,2)7 —mP?V(X, L7 — > |AX,

0<s<t

to test whether X has jumps or not. Under the null hypothesis of no jumps, one can

show that .

Nk (V(X, 2" — mI2V(X,1, 1);;) N MN(O,M/ag ds)
0

with p = %2 + 7 — 5. Theorem 4.2 (i) implies that

t
V(X,1,1,1,1)p =5 mf/o—;*ds.

0

The test statistic for jumps is defined as

A (VX 28 = VX, 1,17
Vi VIXLLLDE

Sy =

The null hypothesis of no jumps is rejected when

St > Cya
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where C_, is the (1 — «)-quantile of N (0, 1). Indeed it holds that

n—o0

P (S > C1oa) — @

Py, (S > C1_o) 251

O
Sketch of the proof of Theorem 4.2:
First, let us set
[t/An]—k+1 .
VIXoprop)i = ). X X = AT PIARX AT, X
i=1
The proof is performed through the following observations:
(i) Recall that X/ = {21 Y; and (Ny)s>0 has only finitely many jumps on the interval
[0, ¢]. This means that only finitely many y?”’s are influenced by X7. O

(ii) Supposed that some y? is influenced by the jump part X?. Then, with probability
converging to 1, only one of the intervals [(i — 1)A,,iA,] ... [(i+k—2)A,, (i+k —
1)A,] contains a jump of N. Indeed, it is easily shown that

PP(N has 2 or more jumps in the intervals [(i — 1)A,,,iA,]...[(i + k —2)A,, (i + k — 1)A,])
= Op(AA7).

0
(iii) For the continuous part X° we have the approximation
ATX = Op(AY?).
O

(iv) Putting things together we obtain the following: Let x!" be a summand influenced
by the jump part X7 (there are only finitely many of these!). W.l.o.g. this jump
lies in the interval [(i — 1)A,,, ¢A,]. Then:

Xi = AL AT AT X AT X = Op(A)T).

:O]P’(AZZ/Q) :Op(Aka/Q)

Now, it is immediately clear that we deduce Theorem 4.2 (i) if max;p; < 2 and
Theorem 4.2 (ii) if max; p; < 1. O

4.2 Treshold Estimation

In this subsection we present a different approach of robust estimation proposed by
Mancini (see [14]). We restrict our attention to robust estimation of the integrated
volatility [X°], = [ o ds. The treshold estimator is defined as

[t/an]
TRV := ) [ATXPLyarxizcan, (4.10)

=1
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where the discontinuous semimartingale is given by (4.1), C' > 0 and w € (0, %) The
idea behind this estimator is relatively simple. The increments of the continuous part
X¢ satisfy
AIX=0z(A),

so with probability converging to 1 they fulfill |A?X| < CA¥ for w < 5. On the other
hand, if there is a jump in the interval [(i — 1)A,,,iA,,] (which happens only for finitely
many i’s in our model), then |A?X| > CAY with probability converging to 1, since
A% — 0. The following result is then rather sraightforward.

Theorem 4.3
Assume that the process X satisfies (4.1). Then it holds that

t

TRV =5 [X|, = /05 ds, 4.11)
0
and
t t
AT <TRV;" — /a§ ds) = \/5/03 dw.. (4.12)
0 0
Remark 4.3

Observing Examples 3.1 and 3.2 we conclude that the treshold estimator T'RV," is robust
to the presence of (finite activity) jumps. For more general jump processes we require
some stronger conditions to prove (4.12). In particular, the jump part X’ must have
finite variation. O

Using the result of Theorem 4.3 we can estimate [X°|; and [X7], separately:

t
TRV =5 / o ds,
0

[t/an] [t/an]

n n n P
Z |APX[P - TRV = Z |ATX P 1ganx|scas) — Z |AX|?
=1 i=1 0<s<t
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5 Limit Theorems for Discontinuous
Semimartingales

Until now we have learned how to estimate volatility in continuous models and how to
construct robust estimators in discontinuous models. In this section we concentrate on
central limit theorems for realised jumps, e.g. for estimators of

t

[X]t:/agds—k Z |AX,[%

0 0<s<t

We consider again the discontinuous model

t t

N
Xt:Xo+/a5ds+/ades+ZYj, (5.1)
0 0 J=1

as in section 4. The statistics of interest are again power variations

[t/An]

V(Hr= > FArX),  flx) =z (5.2)

=1
The first result is the law of large numbers, which is due to [13].

Theorem 5.1
Assume that the process X is of the form (5.1) and f(x) = |z|? for p > 0. For any t > 0
we have

> JAX P, D> 2,

— on P — ) o<s<t
V(f)t —>V(f>t_ [X]t:fotggds—i- Z |AXS|27 p=2.

0<s<t

Remark 5.1
The convergence for p = 2 is, of course, a well-known result. For p > 2, the result is
easily shown (for the model (5.1)!) via a combination of

[t/An] [t/An]
ST lAXP =50 and D ATXIP 5 Y AN Vp> 2.
i=1 i=1 0<s<t
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To proceed with the associated central limit theorem we need to introduce some nota-
tion. On an extension ({2, ", P") of the original probability space (2, F,P), let (U,,)men
and (U],)men be iid N(0, 1)-distributed sequences, (%, )men be an iid U([0, 1])-distributed
sequence, and (W});>( be a Brownian motion. All these processes are mutually indepen-
dent and independent of F. We define

(= Y f’(AXTm)(\/EmUmaTm_+\/l—mmU,’naTm>, (5.3)

m: Ty, <t

where (7),,),>1 are jump times of N (and so of X) and f(x) = |z|’. Jacod (see [11])
has proved the following result.

Theorem 5.2
Let f(z) = |z|? for p > 0. For any t > 0 we obtain

~1/2(57/ \n 77 st Z(f)t p >3,
ARV =T 5 {z< L s (5.4

where L(f), is defined by (5.3) and L(f), is given via
t

L(f); = ﬁ/ag AW!,
0

We remark that the result of Theorem 5.2 does not hold in a functional sense. A func-
tional central limit theorem can be obtained by replacing V'(f); through V(f)a, /a.]-
Notice that there is no central limit theorem for p € (2, 3].

Remark 5.2 (Statistical applications)
The second part of Theorem 5.2 implies that

[Y/an]
AN ATX = (X)) =5 T(f) + LS
i=1

with f(x) = x?. How can we use this result to construct confidence regions for [X];?
Assume that the processes X and o have no common jumps. Then it holds that

(=2 Y AXpor, (ﬁmUm IV /@'mU;})

m: T <t

~N(0,1)

Consequently, we have that

t

Z(f)e + L(f). NMN(0,2/03d5+4 3 a§m|AXTm\2).

0 m: Ty <t

The first part of the conditional variance

t

v2:/a§ds+4 > or |AXy, |

0 m: T <t
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can be estimated as in example 3.2; for the estimation of the second part we need local
estimates of the volatility. Since o is cadlag, the local estimate of o2 is given as

1 LS/AnJ‘i’nn
2 = A" X 21 n w
Us,n /ann ,_% J | I | {|ATX|<CAY}

with C' > 0, w € (0, %) and k,, — o0, Ak, — 0. Indeed, the results of section 4.2 imply
that

LN
Now, the estimator of V? can be defined as

2 I_t/AnJ \_t/A"LJ P
Vi=ons D IAIXI 4 Y ol WA X PLgarxsoag — VA
o=

i=1

Finally, we obtain a standard central limit theorem

AP (B jarx - (X))
Va

45 N(0,1)

for any fixed t > 0. O

Remark 5.3 (Another test for jumps)

Ait-Sahalia and Jacod (see [1]) applied the result of Theorem 5.2 to construct a test
for jumps. The main idea is to use ratio statistics at two different frequencies. Namely,
Theorem 3.2 implies the convergence

Solanl | An x |4 N {1 : if X has jumps,
t 4 . .
ZZL:@"J <XiAn - X(i—z)An> if X has no jumps.

Furthermore, we have the associated central limit theorems in both cases. This gives a
possibility to construct a consistent level-a test for the null hypothesis of no jumps. [

Sketch of the proof of theorem 5.2:
We start with the case p > 3, f(z) = |z|P. Observe the decomposition

ATV =V(f)) = Si+ By,
with

[t/an]
st =012 3 L) - parxd)
=1

[t/an]
By = (D rarx) > f(AX,)).
1= <s<t
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First of all, since the probability of having two or more jumps in the interval
[(i — 1)A,,iA,] is very small, we have

R 50
For the term S} we obtain that
[¢/n] | |
Sp AJVENT FATXT)(ATX — ATXY)

=1

[t/2n] o
~ AN F(ArXY) / oy dW,.
=1 (i—1)A,

Now we proceed with a rather intuitive argument. Assume that X has one jump at
time T € [(i — 1)A,,iA,| (and with probability converging to 1 it is the only one in this
interval). Then

iAn T ian
AEF(ALXT) / o dW, ~ AV f(AXy) / o AW + / oW
(i—1)An (i-1)An T

Since o is cadlag, the above quantity is approximated as illustrated below:

EE— UTm—(WTm - W(i—l)An> UT(Van - WT)

(i —1)A, T iA,

Because N is a Poisson process, T is uniformly distributed in [(i — 1)A,,,iA,]. This
implies that

A;1/2f’(AXT)[ / oy AW + / oy dWs] 5 f(AXr) [\/E Uo+V1—rU or|,
(i—-1)An T

with k ~ U([0,1]), U,U" ~ N(0,1) and all these variables are independent (and also
independent of F). Summing up over all jump times we obtain

AV = V() =5 T
for f(z) = |z|? forp > 3. O

For the case f(x) = |z|? the situation is simple:

t/An

1/2(2 IATX]? — ):Sf—i-g?—i-R?’
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with

[¢/a0] t
S = A,;W( 3 |ArXeP - /ag ds) = L(f),  (Example 3.2),
=1 0

[t/ an]
S =AY ArXeArXT L I(f), (as before),
=1
anl
R} = A;m( Z |AZXI|? — Z |AXS|2> 250 (as before).
=1 0<s<t
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