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BY YACINE AIT-SAHALIA AND JEAN JACOD!

This paper studies the asymptotic behavior of Fisher’s information for a Lévy process
discretely sampled at an increasing frequency. As a result, we derive the optimal rates
of convergence of efficient estimators of the different parameters of the process and
show that the rates are often nonstandard and differ across parameters. We also show
that it is possible to distinguish the continuous part of the process from its jumps part,
and even different types of jumps from one another.
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1. INTRODUCTION

CONTINUOUS TIME MODELS in finance often take the form of a semimartin-
gale, because this is essentially the class of processes that precludes arbitrage.
Among semimartingales, models allowing for jumps are becoming increasingly
common. There is a relative consensus that, empirically, jumps are prevalent
in financial data, especially if one incorporates not just large and infrequent
Poisson-type jumps, but also infinite activity jumps that can generate smaller,
more frequent, jumps. This evidence comes from direct observation of the time
series of various asset prices, studying the distribution of primary asset and that
of derivative returns, especially as high frequency data becomes more com-
monly available for a growing range of assets.

On the theory side, the presence of jumps changes many important proper-
ties of financial models. This is the case for option and derivative pricing, where
most types of jumps will render markets incomplete, so the standard arbitrage-
based delta hedging construction inherited from Brownian-driven models fails,
and pricing must often resort to utility-based arguments or perhaps bounds.
The implications of jumps are also salient for risk management, where jumps
have the potential to alter significantly the tails of the distribution of asset re-
turns. In the context of optimal portfolio allocation, jumps can generate the
types of correlation patterns across markets, or contagion, that is often docu-
mented in times of financial crises. Even when jumps are not easily observable
or even present in a given time series, the mere possibility that they could occur
will translate into amended risk premia and asset prices: this is one aspect of
the peso problem.

These theoretical differences between models driven by Brownian motions
and those driven by processes that can jump are fairly well understood. How-
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ever, comparatively little is known about the estimation of models driven by
jumps, even in the special case where the jump process has independent and
identically distributed increments, that is, is a Lévy process (see, e.g., Woerner
(2004) and the references cited therein), and among different inference proce-
dures for parametrized Lévy processes, even less is known about their relative
efficiency, especially for high frequency data.

In this paper, we take a few steps toward a better understanding of the
econometric situation, in a parametric model that is far from being fully re-
alistic, but has the advantage of being tractable and yet is rich enough to de-
liver some surprising results. In particular, we will see that jumps give rise to a
nonstandard econometric situation where the rates of convergence of estima-
tors of the various parameters of the model can depart from the usual \/z in
a number of unexpected ways: another comparable, although unrelated, situa-
tion happens as one either stays on or crosses the unit root barrier in classical
time series analysis.

We study a class of Lévy processes for a log-asset price X, indexed on three
parameters. We split X into the sum of two independent Lévy processes as

(1.1) X, =oW,+6Y,.

Here, we have o > 0 and 6 € R, and W is a standard symmetric stable process
with index B € (0, 2]. We are often interested in the classical situation where
B =2 and so W is a Wiener process, hence continuous; o and 6 are scale pa-
rameters. In the case where W is a Wiener process, o is the (Brownian or con-
tinuous) volatility of the process. As for Y, it is another Lévy process, viewed
as a perturbation of W and “dominated” by W in a sense we will make pre-
cise below. In some applications, ¥ may represent frictions that are due to the
mechanics of the trading process or, in the case of compound Poisson jumps,
it may represent the infrequent arrival of relevant information related to the
asset. In the latter case, W is then the driving process for the ordinary fluctua-
tions of the asset value. Y is independent of W, and its law is either known or
a nuisance parameter.

When B =2, W has, as already mentioned, continuous paths, and we will
then be working with a model that has both continuous and discontinuous
components. But when 8 < 2, W is itself a jump process, and we will be able
to study the effect on each other’s parameters of including two separate jump
components in the model, with different relative levels of jump activity. Our
results cover both cases and we will describe the relevant differences.

While there is a large literature devoted to stable processes in finance (start-
ing with the work of Mandelbrot in the 1960s and see, for example, Rachev
and Mittnik (2000) for new developments), a model based on stable processes
is arguably quite special. Rather than an attempt at a fully realistic model in-
tended to be fitted to the data as is, we have chosen to capture only some of
the salient features of financial data, such as the presence of jumps, in a rea-
sonably tractable framework. Inevitably, we leave out some other important



SAMPLED LEVY PROCESSES 729

features such as stochastic volatility> or market microstructure noise, but in ex-
change we are able to derive explicitly some new and surprising econometric
results in a fully parametric framework.

The log-asset price X is observed at n discrete instants separated by A, units
of time. In financial applications, we are often interested in the high frequency
limit where A, — 0. The length 7, = nA, of the overall observation period may
be a constant 7 or may go to infinity. With Y viewed as a perturbation of W, we
studied in an earlier paper (Ait-Sahalia and Jacod (2007)) the estimation of the
single parameter o, showing in particular that it can be estimated with the same
degree of accuracy as when the process Y is absent, at least asymptotically. We
proposed estimators for o designed to achieve the efficient rate despite the
presence of Y.?

We now study the more general problem where the parameter vector of in-
terest is either (o, 6) or the full (o, B, 6), viewing the law of Y nonparametri-
cally. Our objective is to determine the optimal rate at which these parameters
can be estimated. So we are led to consider the behavior of Fisher’s informa-
tion. Through the Cramer—Rao lower bound, this yields the rate at which an
optimal sequence of estimators should converge and the lowest possible as-
ymptotic variance.

Unlike the situation where A, is fixed or the estimation of o we previously
studied, we are now in a nonstandard situation where the rates of convergence
of optimal estimators of (B, ) can depart from the usual /7 in a number of
different and often unexpected ways. Even for such a simple class of models
as (1.1), there is a wide range of different asymptotic behaviors for Fisher’s
information if we wish to estimate the three parameters o, 6, and 8 or even
o and 6 only when B is known, for example, when B8 = 2. We will show that
different rates of convergence are achieved for the different parameters and
for different types of Lévy processes.

The optimal rate for o is 4/n as seen in Ait-Sahalia and Jacod (2007). Now,
for B, the optimal rate will be the faster /nlog(1/A,), and is unaffected by
the presence of Y (as was the case for o). To estimate 6, the optimal rate is
not /n and, unlike the one for B, depends heavily on the specific nature of
the Y process. Furthermore, unlike what happens for o or B8, which are im-
mune to the presence of Y, the presence of the other process (W in this case)
strongly affects the rate for . We study different examples of that situation;
one in particular consists of the case where Y is also a stable process with
index a < B; another is the jump-diffusion situation where Y is a compound
Poisson process.

2There has been much activity devoted to estimating the integrated volatility of the process in
that context, with or without jumps: see, for example, Andersen, Bollerslev, and Diebold (2003),
Barndorff-Nielsen and Shephard (2004), and Mykland and Zhang (2006).

3 Another string of the recent literature focuses on disentangling the volatility from the jumps:
see, for example, Ait-Sahalia (2004) and Mancini (2001). In our case, this is related to the esti-
mation of o when 8 =2.
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FIGURE 1.—Convergence as A — 0 of Fisher’s information for the parameter o from the
model X = oW + Y, where W is Brownian motion (8 =2) and Y is a Cauchy process (a = 1),
to Fisher’s information from the model X = oW, which is 2/ as we will show in Theorem 2.
Fisher’s information for the model X = oW + 0Y (solid line) is computed numerically using
the exact expressions for the densities of the two processes and numerical integration of their
convolution. The figure is in log-log scale. The parameter values are oo = 30%/year and 6 = 0.3.

To illustrate some of these effects numerically, consider the example where
W is a Brownian motion (8 =2) and Y is a Cauchy process (a = 1). We plot
in Figures 1 and 2 the convergence, as the sampling interval decreases, of the
(numerically computed) Fisher’s information for ¢ and 6, respectively, to their
limits derived in Theorems 2 and 7, respectively. While, as illustrated in Fig-
ure 1, we can estimate o as well as if Y were absent when A, — 0, the sym-
metric statement is not true for 6. The limiting behavior in Figure 2 is quite
distinct from a convergence to Fisher’s information for 6 in the model without
W, that is, X = Y. The latter is simply 1/(26?). In fact, Fisher’s information
about 6 in the presence of W tends to zero when A, — 0. Consequently, any
optimal estimator of § will converge at a rate slower than /n.

The paper is organized as follows. In Section 2, we set up the model. In Sec-
tion 3, we derive the asymptotic behavior of Fisher’s information about the
parameters (o, 8, ). Then we show in Section 4 that the optimal rate for 0
varies substantially according to the structure of the process Y, and we illus-
trate the versatility of the situation through several examples that display the
variety of convergence rates that arise. Section 5 concludes. Proofs are in the
Appendix.
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FIGURE 2.—Convergence as A — 0 of Fisher’s information for the parameter 6 from the
model X = oW + Y, where W is a Brownian motion (8 =2) and Y is a Cauchy process (a« = 1),
to the theoretical limiting curve A > (700)~'A?[log(1/A)]~"/? derived in Theorem 7. Fisher’s
information for the model X = oW + 0Y (solid line) is computed numerically using the exact
expressions for the densities of the two processes, and numerical integration of their convolution.
The x-axis is in log scale. The parameter values are identical to those of Figure 1.

2. THE MODEL

Because the components of X in (1.1) are all Lévy processes, they have an
explicit characteristic function. Consider first the component W. The charac-
teristic function of W, is

(2.1) E(e™W) = ¢=F/2,

The factor 2 above is perhaps unusual for stable processes when B8 < 2, but we
put it here to ensure continuity between the stable and the Gaussian cases.
The essential difficulty in this class of problems is the fact that the density of
W, is not known in closed form except in special cases (8 = 1 or 2).* Without
the density of Y} in closed form, it is of course hopeless to obtain the density
of X,, the convolution of the densities of oW, and 0Y,, in closed form. But
when A goes to 0, the density of X, and its derivatives degenerate in a way

“For fixed A, there exist representations in terms of special functions (see Zolotarev (1995)
and Hoffmann-Jgrgensen (1993)), whereas numerical approximations based on approximations
of the densities may be found in DuMouchel (1971, 1973b, 1975) or Nolan (1997, 2001), or also
Brockwell and Brown (1980).
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which is controlled by the characteristics of the Lévy process, thus allowing us
to explicitly describe, in closed form, the limiting behavior of Fisher’s informa-
tion.

To understand this behavior, we will need to be able to bound various
functionals of the density of X,. As is well known, when B < 2, we have
E(|W]?) < oo if and only if 0 < p < B. The density hgz of W, is C* (by re-
peated integration of the characteristic function) for all 8 < 2, even, and its
nth derivative hg”) behaves, as |w| — oo, as

n—1
Cp . .
—F_TlB+i+1), ifB<2,
(22) |y’ (w)|~ |w|"+1+ﬁgﬁ P
lw| e/ )/ 21, itp=2

(in the case n = 0, an empty product is defined to be 1), where c; is the constant
given by

B —B) .
, fB#LB<2,
(23) cp= 4{‘(2 - B) COS(BW/Z)
—, itg=1.
2

This follows from the series expansion of the density due to Bergstrgm (1952),
the duality property of the stable densities of order 8 and 1/ (see, e.g., Chap-
ter 2 in Zolotarev (1986)), with an adjustment factor in ¢, to reflect our defin-
ition of the characteristic function in (2.1). In addition, the cumulative distrib-
ution function of W, for B < 2 behaves according to ﬁ jo hg(x)dx ~ cg/(BwP)
when w — oo (and symmetrically as w — —o0).

The second component of the model is Y. Its law as a process is entirely
specified by the law G, of the variable Y, for any given A > 0. We write G =
G4, and we recall that the characteristic function of G, is given by the Lévy—
Khintchine formula

2

24)  E(e") = epr(ivb — % —I—/F(dx)(e“”‘ —-1- ivxllxﬁl})>,

where (b, ¢, F) is the “characteristic triple” of G (or, of Y): b € R is the drift of
Y, and ¢ > 0 is the local variance of the continuous part of Y, and F is the Lévy
jump measure of Y, which satisfies [ (1A x?)F(dx) < oo (see, e.g., Chapter I1.2
in Jacod and Shiryaev (2003)).

We need to put some additional structure on the model. We define the “dom-
ination” of Y by W by the property that G belongs to one of the classes defined
below, for some « < 8. Let first @ be the class of all nonnegative continuous
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functions on [0, 1] with ¢ (0) =0. If ¢ € P, we set
(2.5) G(¢, a) = the set of all infinitely divisible distributions with ¢ =0

and
xaF([_x’x]C)§¢(x)’ lf0(<2,
¥*F([—x,x]°) < ¢(x) and

2.6) Vxe(0,1],
/ DPF@dy) < b(x),  ifa=2,
{lyl=<x}

Gu=J9(, ).

ded
We then have
ae0,2] =
@.7) G = {G is infinitely divisible, ¢ = 0, lim xF (| —x, x]') = o},

a=2 = G,={G isinfinitely divisible, ¢ = 0}.

For example, if Y is a compound Poisson process or a gamma process, then
G isin () 4 Ye. If Y is an a-stable process, then G is in (,,_, G, but not in
G.. Recall also that the Blumenthal-Getoor index y(G) of Y (or G or F) is the
infimum of all y such that f{mﬁu |x|"F(dx) < oo, equivalently, ngz Y, —Y,_|”
is almost surely finite for all . If H, denotes the set of all G such that ¢ =0 and
v(G) < a, one may show that G, C H, C),., Y~. Hence saying that G € G,
is a little bit more restrictive than saying that G € ‘H,,.

Our purpose is to understand the properties of the best possible estima-
tors of the parameters of the model. The variables under consideration in the
model (1.1) have densities which depend smoothly on the parameters, so in
light of the Cramer—Rao lower bound, Fisher’s information is an appropri-
ate tool for studying the optimality of estimators. X is observed at n times
A, 2A,, ..., nA,. Recalling that X, = 0, this amounts to observing the »n incre-
ments X;n, — X_1)a,- S0 when A, = A is fixed, we observe »n independent and
identically distributed variables distributed as X,. If, further, these variables
have a density depending smoothly on a parameter 7, a very weak assump-
tion, we are on known grounds: the Fisher’s information at stage n has the
form 1, s(m) = nlx(m), where I,(n) > 0 is the Fisher’s information (an invert-
ible matrix if n is multidimensional) of the model based on the observation of
the single variable X, — X,; we have the locally asymptotically normal prop-
erty; the asymptotically efficient estimators 7, are those for which \/n(%, — 1)
converges in law to the normal distribution N (0, I,(7)™!), and the maximum
likelihood estimator (MLE) does the job (see, e.g., DuMouchel (1973a)).



734 Y. AIT-SAHALIA AND J. JACOD

For high frequency data, though, things become more complicated since the
time lag A, becomes small. The corresponding asymptotics require A, — 0 as
the number n of observations goes to infinity. Fisher’s information at stage n
still has the form 1, ,(1) = nl,,(n), but the asymptotic behavior of the infor-
mation /,,(7n), not to speak about the behavior of the MLE for example, is
now far from obvious: the essential difficulty comes from the fact that the law
of X,, becomes degenerate as n — co.

In the model (1.1), the law of the observed process X depends on the three
parameters (o, B3, 0) to be estimated, plus on the law of Y which is summarized
by G. The law of the variable X, has a density which depends smoothly on o
and 6, so that the 2 x 2 Fisher’s information matrix (relative to o and ) of our
experiment exists; it also depends smoothly on 8 when 8 < 2, so in this case the
3 x 3 Fisher’s information matrix exists. In all cases we denote the information
by I,.,(0, B,0,G), and it has the form I, ,,(0, B, 6, G) = nl,, (o, B, 0, G),
where I,(o, B, 0, G) is the Fisher’s information matrix associated with the
observation of a single variable X,. We denote the elements of the matrix
I\(0,B,0,G)as I{? (0, B, 0, G), IXB(O', B, 0, G), etcetera. G may appear as a
nuisance parameter in the model, in which case we may wish to have estimates
for the Fisher’s information that are uniform in G, at least on some reasonable
class of G’s. Let us also mention that in many cases the parameter S is indeed
known: this is particularly true when W is a Brownian motion, 8 = 2.

3. THE GENERAL CASE

We are first interested in determining the optimal rates (and constants) at
which one can estimate (o, 8), while leaving the distribution G € G as un-
specified as possible. As we will see, the optimal rate for the estimation of 0 is
heavily dependent on the precise nature of G.

3.1. Inference on (o, B)

It turns out that the limiting behavior of Fisher’s information for (o, B) is
given by the corresponding limits in the situation where Y = 0, that is, we di-
rectly observe X = oW. In our general framework, this corresponds to setting
G = 8y, a Dirac mass at 0, and we set the (now unidentified) parameter 6 to 0,
or for that matter to any arbitrary value.

We start by studying whether the limiting behavior of 177 (o, B, 8, G) when
B =2 and of the (o, B) block of the matrix I,(a, B, 0, G) when B < 2 is af-
fected by the presence of Y. We have the intuitively obvious majoration of
Fisher’s information in the presence of Y by the one for which Y = 0. Note
that in this result no assumption whatsoever is made on Y (except of course
that it is independent of W):

THEOREM 1: For any A > 0, we have
3.1 177(0,2,6,G) <17 (0,2,0, 8))
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and, when B < 2, the difference

<IX”(0, B,0,8)) I (a,B,0, 60>>
I7F(a,B,0,80) I¥(0,B,0,8)
17(0, B, 0,G) I1{%(0,B,0,G)
- (Izﬁ(a, B.0.G) I¥(c,B,0, G))

is a positive semidefinite matrix; in particular we have
(32  IP(0,B.0,G) <I(0,B,0,5).

Next, how does the limit as A — 0 of I,(o, B, 6, G) compare to that of
I,(0, B,0, 8y)? To answer this question, we need some further notation. For
the first two derivatives of the density /5 of W, we write hb and h/t;’ and we
also introduce the functions

hg(w)?

(33)  hp(w) = hg(w) + whiy(w), zf‘(w)zhﬁ(w)'

Then fzﬁ is positive, even, continuous, and fzﬁ(w) = O0(1/|w|**?) as |w| — oo;

hence A s is Lebesgue-integrable.
Let

(3.4) I(ﬁ):/'fzﬁ(w)dw.

This is a positive number, which takes the value Z(8) =2 when 8 =2.
When Y =0, we have p,(x|o, B,0, ) = (1/cAYF)hg(x/aAP) and, there-
fore,

1
(3'5) IKU(0-7 ﬁ9 05 80): ;I(B)’

which does not depend on A. Z(B) is simply the Fisher’s information at point
o = 1 for the statistical model in which we observe oW].

The limiting behavior of the (o, 8) block of Fisher’s information is given by
the following theorem:

THEOREM 2: () If G € Gg, we have, as A — 0,
1
(3'6) IAUU(O-a Ba 07 G)_> ;I(B)

and also, when B < 2,

BB P
M - iI(B)’ M — iI(B).

G7) log(1/A)? B log(1/A) opB?
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(b) Forany ¢ € @ and a € (0, B], and K > 0, we have as A — 0,

(3.8) sup

GeG(d,a),10|<K

1°(0, B, 6, G) —

— 0,

zfﬁ(a, B,0,G) I(B)
(log(1/A)> ¢
1;°(0,8,0,G)  I(B)

log(1/A) oB?

— 0,

GeG(d,a),10|<K

B <2

sup
Geg($,),101=K

(c) Foreach n,let G" be the standard symmetric stable law of index «,, with
a, a sequence strictly increasing to B. Then for any sequence A, — 0 such that
(B — a,)logA, — 0 (i.e., the rate at which A, — 0 is slow enough), the sequence
of numbers I{? (o, B, 0, G") (resp. Iff(o-, B, 0, G")/(log(1/A,))* when further
B < 2) converges to a limit which is strictly less than Z(B)/a* (resp. Z(B)/B*).

Since the result (a) is valid for all G € Gg, it is valid in particular when G = &,
that is, when Y = 0. In other words, at their respective leading orders in A, the
presence of Yhas no impact on the information terms 177, I, and I3, as soon
as Y is dominated by W: so, in the limit where A, — 0, the parameters o and 3
can be estimated with the exact same degree of precision whether Y is present
or not. Moreover, part (b) states the convergence of Fisher’s information is
uniform on the set G(¢, a) and |0] < K for all « € [0, B]; this settles the case
where G and 6 are considered as nuisance parameters when we estimate o and
B. But as « tends to B, the convergence disappears, as stated in part (c).

The part of the theorem related to the oo term alone is discussed in Ait-
Sahalia and Jacod (2007), where we use it to construct explicit  /n-converging
estimators of the parameter o that are strongly efficient in the sense that not
only do they converge at rate 4/n, but they also have the same asymptotic vari-
ance when Y is present as when it is not: /n(, — o) converges in law to
N (0, 02/Z(B)) as soon as A, — 0. This is the case even in the semiparametric
case where nothing is known about Y, other than the fact that Y is sufficiently
away from W, meaning that G € G, for a small enough: @ < B is not enough
and the precise condition on « depends on the behavior of the pair (n, A,); see
Theorem 5 of that paper.

When it comes to estimating B8, with ¢ known, things are different. When
A, — 0 and the true value is 8 < 2, we can hope for estimators converging to 3
at the faster rate \/nlog(1/A,), in view of the limit for I given in (3.7). In fact,
for a single observation, say X, there exists of course no consistent estimator
for o, but there is one for 8 when A — 0: namely BA = —log(1/A)/log|Xal,
which converges in probability to 8 as A, and the rate of convergence is
log(1/A); all these follow from the scaling property of .
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Estimators for 8 could be constructed using the jumps of the process of a
size greater than some threshold (see Hopfner and Jacod (1994)). Estimating
B was studied by DuMouchel (1973a), who computed numerically the term
1 fB (0, B, 0, 8y), including also an asymmetry parameter. Note that if one sus-
pects that 8 = 2, then one should perform a test, as advised by DuMouchel
(1973a), and in that case the behavior of the Fisher’s information about 8 does
not provide much insight.

The introduction of B as a parameter to be estimated makes the joint es-
timation of the pair (o, 8) a singular problem. The asymptotic (normalized)
2 x 2 Fisher’s information matrix given by (3.6) and (3.7) is not invertible. In
particular, there is no guarantee that the joint MLE for the pair (o, 8), for
example, behaves well. However, the estimation of either parameter knowing
the other remains a regular problem, albeit with a rate faster than /n for B.

3.2. Inference on 6

For the entries of Fisher’s information matrix involving the parameter 6,
things are more complicated. First, observe that 77°(0, B8, 6, G) (that is, the
Fisher’s information for the model X = 0Y’) does not necessarily exist, but of
course if it does we have an inequality similar to (3.1) for all o

(3.9) 10, B,0,G) <I{0,B,0,G).

Contrary to (3.1), however, this is a very rough estimate, which does not
take into account the properties of W. The (0, 0) Fisher’s information is usu-
ally much smaller than what the right side above suggests, and we give below
a more accurate estimate when Y has second moments, but without the domi-
nation assumption that G € Gg.

For this, we see another information appear, namely the Fisher’s informa-
tion associated with the estimation of the real number a for the model where
one observes the single variable W, + a. This Fisher’s information is

iy (w)?

1) dw.

(3.10) JB) =

Observe in particular that J(B8) =1 when B =2.
THEOREM 3: If Y; has finite variance v and mean m, we have

Gty 120 5.0.6) = B a0 4 o)
g

This estimate holds for all A > 0. The asymptotic variant, which says that
vJ(B)

’
0—2

(3.12)  limsupA¥* (o, B, 0, G) <

A—0
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is sharp in some cases and not in others, as we will see in the examples below.
These examples will also illustrate how the “translation” Fisher’s information
J (B) comes into the picture here.

Theorem 3 does not solve the problem in full generality: for a generic Y, we
only obtain a bound. For some specific Y’s, we will be able to give a full result
in Section 4. It is indeed a feature of this problem that the estimation of 0
depends heavily on the specific nature of the Y process, including the fact that
the optimal rate at which 6 can be estimated depends on the process Y. Hence
it is not surprising that any general result regarding 6, such as Theorem 3, can
at best state a bound: there is no single common rate that applies to all Y’s.

4. SPECIFIC EXAMPLES OF LEVY PROCESSES

The calculations of the previous section involving the parameter 6 can be
made fully explicit if we specify the distribution of the process Y. We can then
illustrate the surprisingly wide range of situations that can occur to the rates of
convergence. For simplicity, let us consider 8 as known in these examples and
focus on the joint estimation of (o, ).

4.1. Stable Process Plus Drift

Here we assume that Y, = ¢, so G = 8; and 0 is a drift parameter:
THEOREM 4: The 2 x 2 Fisher’s information matrix for estimating (o, 0) is

(4 1) IXU(O-a B’ 93 61) IXO((T’ Ba 97 81)
‘ IXB(O-a B’ 07 51) IXB(O-’ B’ 03 61)

_ 1 (1 0
"ol o awgp))

This has several interesting consequences (we denote by 7,, = nA,, the length
of the observation window):

1. If 6 is known, (4.1) suggests the existence of estimators o, satisfying
Vn(@, — o) 2 N(O, o /Z(B)). This is the case and, in fact, since 6 is known,
observing X;,, and observing W,,, are equivalent.

2. If o is known, one may hope for estimators 0, satisfying /nA'"/2(6, —
0) LN N0, 0%/ T (B)). If B =2, the rate is thus /7,: this is in accordance
with the classical fact that for a diffusion the rate for estimating the drift co-
efficient is the square root of the total observation window, that is, v/7, here.
Moreover, in this case, the variable X, /T, is N'(0, a*/T,), so 0, = Xr,/T, is
an asymptotically efficient estimator for 6 (recall that 7 (B8) = 1 when B = 2).
When B < 2, we have 1 — 1/8 < 1/2, so the rate is bigger than /7, and it
increases when B decreases; when B < 1, this rate is even bigger than /n.
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3. Observe that here Y, has mean m = 1 and variance v = 0, so the bound
(3.11) in Theorem 3 is indeed an equality. The fact that the translation Fisher’s
information J (8) appears here is transparent.

4. If both o and 6 are unknown, one may hope for estimators o, and 8, such
that the pairs (/n(o, — o), V/nA7Y (0, — 0)) converge in law to the product
N0, a2/Z(B)) @N (0, 02/ T (B)).

4.2. Stable Process Plus Poisson Process

Here we assume that Y is a standard Poisson process (for simplicity jumps of
size 1, intensity 1) whose law we write as G = P. We can describe the limiting
behavior of the (o, #) block of the matrix I, (o, B, 6, P) as A — 0.

THEOREM 5: If Y is a standard Poisson process, we have, as A — 0,
1
(4.3)  AVFRIT(0, B, 6,P) — 0,
1
(4.4) AP0, B, 60,P) > =T ().
o

Since P € G, (4.2) is nothing else than the first part of (3.6). One could prove
more than (4.3), namely that sup, AY~I1{%(a, B, 6, P)| < oo. Since Y; has
mean m = 1 and variance v = 1, the asymptotic estimate (3.12) in Theorem 3
is sharp in view of (4.4). Here again, we deduce some interesting consequences
for the estimation:

1. If o is known, one may hope for estimators 0, satisfying v/nA, /" 0, —

0) N N (0, 0?2/ T (B)). So the rate is faster than \/n, except when 8 = 2. More
generally, if both o and 6 are unknown, one may hope for estimators &, and

’0\ such that the pairs (/n(o, — o), v nAy P (?9\,1 — 6)) converge in law to the
product (0, 2/Z(B)) ® N (0, 02/ T (B)).

2. However, the above-described behavior of any estimator 6, cannot be
true when 7,, = nA, does not go to infinity, because in this case there is a posi-
tive probability that Y has no jump on the biggest observed interval, and so no
information about 6 can be drawn from the observations in that case. It is true,
though, when T,, — oo, because Y will eventually have infinitely many jumps
on the observed intervals. There is a large literature on this subject, starting
with the base case where the Poisson process is directly observed, for which
the same problem occurs.

4.3. Stable Process Plus Compound Poisson Process

Here we assume that Y is a compound Poisson process with arrival rate A
and law of jumps w: that is, the characteristics of G are b = A f{\x\<1) xu(dx)
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and ¢ =0 and F = Au. We then write G = P, ,, which belongs to Gs. If B =2,
we are then in the classical context of jump diffusions in finance.
We will further assume that p has a density f satisfying

@45 lim uf()=0, sup(|f (w1 +up) < oe.

We also suppose that the “multiplicative” Fisher’s information associated with
w (that is, the Fisher’s information for estimating 6 in the model when one
observes a single variable QU with U distributed according to w) exists. It then
has the form

“) £=/@ﬂ?;ﬁm)

We can describe the limiting behavior of the (o, 6) block of the matrix
Ix(0,B,6,P,,) as A— 0.

THEOREM 6: If Y is a compound Poisson process satisfying (4.5) and such that
L in (4.6) is finite, we have, as A — 0,

1
(47) IZU(O-, B’ 0’ P)\,}L)_) ;I(B);

1
(48) ﬁlga((r, B, 0, P)\,M) — O,

/ 2
(f () + (%)) dx <liminf 119"(0- B,0,P,,) <

(49) _2 cacB - 2
) M)+ 5 0

and also, when B =2,
| 1
(4.10) KIA (0,2,0,P),) — ﬁﬁ'

As for the previous theorem, (4.7) is nothing else than the first part of (3.6).
We could prove more than (4.8), namely that sup, 1|I{°(o, B, 6, Py,,.)| < o0.
Here again, we draw some interesting consequences:

1. Equations (4 9) and (4.10) suggest that there are estimators 6, such
that /T,,(6, — 6) is tight (the rate is the same as for the case Y, = ¢) and is
even asymptotically normal when 8 = 2. But this is of course wrong when 7,
does not go to infinity, for the same reason as in the previous theorem.

2. When the measure p has a second order moment, the right side of
(3.11) is larger than the result of the previous theorem, so the estimate in The-
orem 3 is not sharp.
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The rates for estimating 6 in the two previous theorems, and the limiting
Fisher’s information as well, can be explained as follows (supposing that o is
known and that we have n observations and that 7,, — o00):

1. For Theorem 5: 6 comes into the picture whenever the Poisson process
has a jump. On the interval [0, 7,] we have an average of 7, jumps, most of
them being isolated in an interval (iA,, (i + 1)A,]. So it essentially amounts to
observing 7,, (or rather the integer part [7,]) independent variables, all distrib-
uted as cAY/AW, + 0. The Fisher’s information for each of those (for estimating
0) is J(B)/0*A*P, and the “global” Fisher’s information, namely nI}{’, is ap-
proximately 7,7 (B)/c*AYF ~ T (B) /o A¥EL,

2. For Theorem 6: Again 6 comes into the picture whenever the com-
pound Poisson process has a jump. We have an average of AT, jumps, so it
essentially amounts to observing AT, independent variables, all distributed as
oAYEW, + 0V, where V has the distribution w. The Fisher’s information for
each of those (for estimating 6) is approximately £/6* (because the variable
aA)/PW; is negligible), and the “global” Fisher’s information nI}’ is approxi-
mately AT, L/6* ~ nA,L/6. This explains the rate in (4.9), and is an indication
that (4.10) may be true even when B8 < 2, although we have been unable to
prove it thus far.

4.4. Two Stable Processes

Our last example is about the case where Y is also a symmetric stable process
with index a, a < B. We write G = S,. Surprisingly, the results are quite in-
volved, in the sense that for estimating 6 we have different situations according
to the relative values of & and 8. We obviously still have (4.7), so we concen-
trate on the term /;° and ignore the cross term in the statement of the following
theorem. The constant ¢z below is the one occurring in (2.2).

THEOREM 7: If Y is a standard symmetric stable process with index o < 3, we
have the following situations as A — 0:

(a) IfB = 2’
(log(1/4))"” 2ac,
1) =G (@B 0.5~ G ey

(b) If B<2and o> &,

(4.12)  ACFPIY(0, B, 6,8.)

26> / (S Iy dyfol(l —v)hj(x — yv) dv)’
— dx.
0-201 hB(y)
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() IfB<2and a=5,

B 1 2(B — a)c2o* 2
2(B-a))/B 00 a
(413) A log<K>IA (0,8,0,S,) — Boyo .
(d) If B<2and a <&,
1 a’c?pre? dz
4.14 —I1%a, 8,0, S, < / .
( ) A A (0- B ) - 0'2“ CB|Z|]+2Q,B + ca9a|z|l+a/0-01

Then if o is known, one may hope to find estimators 6, with 1u,(6, — 6) N
N(0,V), with

\/ﬁAilZ—a)M/(log(1/An))a/4’ if ,3 — 2,

NN ifB<2,a>p/2,
U, =
JAA2 flog(1/B,,), if B <2,a=p/2
JHb,, ifp<2.o<p/2

and of course the asymptotic variance } should be the inverse of the right-hand
sides in (4.11)—(4.14).

5. CONCLUSIONS

We studied in this paper a tractable parametric model with jumps, also in-
cluding a continuous component, and examined the impact of the presence of
the different components of the model (continuous part vs. jump part and/or
jumps with different relative levels of activity) on the various parameters of
the model. We determined how optimal estimators should behave where the
parameter vector of interest is (o, B, 6), viewing the law of Y nonparametri-
cally. While optimal estimators for o should converge at rate \/n and have the
same asymptotic variance with or without Y, the optimal rate for B is faster
and given by /nlog(1/A,), and is also unaffected by the presence of Y. But
the rate of convergence of optimal estimators of 6 is very dependent on the
law of Y and is affected by the presence of W.

Given that we now know what can be achieved by efficient estimators, the
natural next step is to exhibit actual, and tractable, estimators with those op-
timal properties. We did not attempt here to construct estimators of these
parameters, and leave that question to future work. As a partial step in that
direction, we studied in Ait-Sahalia and Jacod (2007) estimation procedures,
for the parameter o only, that satisfy the property that those estimators are
asymptotically as efficient as when the process Y is absent.
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APPENDIX: PROOFS
A. Fisher’s Information When X = oW 4 0Y

By independence of W and Y, the density of X, in (1.1) is the convolution
(recall that G, is the law of Y,)

—0
(Al) pA(xlo-a Ba 0) G) AUB /GA(dy)hB<xo-A1/‘;)>

We now seek to characterize the entries of the full Fisher’s information ma-
trix. Since hB’ hB, and hB are continuous and bounded, we can differentiate
under the integral in (A.1) to get

1 v (x—0y
(A2) d.pa(xlo, B, 0,G) = _—O-ZAI/E /GA(dy)hB< o AB >7

a'logA

(AS) (7BpA(x|0-a Ba 0, G):UA(.X'lO', B7 0) G) gpA(X|(T,B 0 G),

1 (X0
(A4)  dypa(xlo, B, 0, G)=—W/GA(dy)yh ( A”By)

where

-0
(AS) UA(x|O'7 ,8’ 0, G) Al/[g /GA(dy)hB();-Al/[;y)

The entries of the (o, #) block of the Fisher’s information matrix are (leaving
implicit the dependence on (o, B, 0, G))

(A6) I(,,,=/z9(,pA(x)2 dx I(w:/&am(x)o?em(x)d
R pat) T E pa(x)

[Ze = / M dx.
pa(x)
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When B < 2, the other entries are

ologA ologA

(A'7) IZB ZJAUB - Bz IX”’ Ife = Jfg - Bz IX07
20logA .,  o*(logA)?*
(A8) 1= - 5 JAB+TIA ,
where
2
(A.9) JZB:/MCZ)C, ]fB:/de
pa(x) pa(x)
]éae:/UA(x)(?ePA(x) dox.
pa(x)

B. Proof of Theorem 1

The proof is standard and given for completeness, and given only in the case
where 8 < 2 (when 8 =2 take v = 0 below). What we need to prove is that, for
any u, v € R, we have

(B 1) / (uﬁUpA(xkr’ Ba 0, G) + v[?BPA(x|O-5 By 05 G))2 dx
‘ pA(X|U-, B: 07 G)

</(u&rrpA(x|0-, Baoa 60)+U&BPA(X|O-7 ﬂ)oa 50))2 dx
B pA(x|0-’Ba0’ 80) '

We set
CI(X)ZPA(XW', ﬁa 07 G)a QO(X)ZPA(XWE .85 07 80)7
r(x) = ud,pa(x|o, B, 0, G) + vdg pa(x|o, B, 0, G),
r()(x) = uﬁo'pA(x|0-> B’ 07 60) + U&BPA(xlo-’ Ba 03 50)

Observe that by (A.1), g(x) = [ Ga(dy)qo(x — 8y), hence r(x) = [ Ga(dy) x
ro(x — 0y) as well. Apply the Cauchy-Schwarz inequality to G, with ry, =

Vq0(ro//qo) to get

ro(x — 9}’)2
qo(x — 6y) '

2 _ 2 2
/r(x) dxi/dx/GA(dy)ro(x oy) :/ro(z) ds
q(x) qo(x — 0y) qo(2)

r(x) < q(x) / Ga(dy)

Then
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by Fubini’s theorem and a change of variable: this is exactly (B.1).

C. Proof of Theorem 2

It is easily seen from the characteristic function that 8 +— hg(w) is differ-

entiable on (0, 2], and we denote by h s(w) its derivative. However, instead of
(2.2), one has

1
Celoglwl g
: w[!+#
(1) lhgw)~ 1
_ it g=2
Wi B=2,

as |w| — oo, by differentiation of the series expansion for the stable density.
Therefore the quantity

hg(w)?
hﬁ(w)

(C2) K@=

is finite when 8 < 2 and infinite for 8 = 2. This is the Fisher’s information for
estimating 3, upon observing the single variable .

First, part (b) of the theorem implies (a). Second, the claim about the oo
term

A
(C'3) IAU:(O-a B, en’ Gn) - %

and its uniformity are proved in Ait-Sahalia and Jacod (2007), so we only need
to prove the claims about 7## and 17" in (b) and (c).

We assume B < 2. If (b) fails, one can find ¢ € @, « € (0, 8], and ¢ > 0,
and also a sequence A, — 0 and a sequence G" of measures in G(¢, @) and a
sequence of numbers 6, converging to a limit 6, such that

I5(0,B,6,,G")  T(B)| , |I5/(0,B,6,, G TB)|_
(log(1/A)7 B log(1/A) — op*|”

for all . In other words, we will get a contradiction and (b) will be proved as
soon as we show that

1%(0, B, 0,, G") L IB) 17%(a, B, 0,, G") L I®
(log(1/A))? B’ log(1/A) oB?’

Recall (A.7) and (A.8): with the notation Jgﬁ (0,B,6,G), ..., of (A.9), we
see that

(C.4)

(C3) (0, B,6,G) =17 (0, B, 6, G)I(a, B, 6, G)
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by a first application of the Cauchy-Schwarz inequality. A second application
of the same plus (A.1) and (A.5) yields

W2/ x—
vs(xlo, B, 6, Gy < 222 B G)fGA(dy)h_B<x By)-
B

gAVER aAl/B

Then Fubini’s theorem and the change of variable x <> (x — 6y)/cA"# in (A.9)
leads to

(C6) J¥(q,B,0,G)<K(B).

Next, (C.4) readily follows from (C.5), (C.6), and (C.3), and also (A.7) and
(A.8).

Finally, it remains to prove the part of (c) concerning I?f. We already
know that the sequence I{?(0, B, 6, G") converges to a limit which is strictly
less than Z(B)/o?. Then by (A.8), (C.5), (C.6), and (C.3), it is clear that
1 ff (o, B, 0, G")/(log(1/A,))?* also converges to a limit which is strictly less than

Z(B)/B*.

D. Proof of Theorem 3
The Cauchy-Schwarz inequality gives us, by (A.1) and (A.4),

|£90pA(x|O-’ Ba 07 G)|2

1

=< mpa(xla, B, 0,G) / Ga(dy)y

LR ((x = 0y) /o AR
hs((x — Oy) /o AVE)

Plugging this into (A.6), applying Fubini’s theorem, and doing the change of
variable x <> (x — 0y)/o AP leads to

o [ ",

1
D.1 I < —— d
R e A TES

Since E(Y}) = mA? 4+ vA, we readily deduce (3.11).

E. Proof of Theorem 4

When Y, = ¢ we gave G, = 8,. Then (4.1) follows directly from applying the
formulae (A.2) and (A.4), and from the change of variable x <> (x — 6)/cAV#
in (A.6), after observing that the function / phis/ hg is integrable and odd,
hence has a vanishing Lebesgue integral.



SAMPLED LEVY PROCESSES 747

E. Proofs of Theorems 5 and 6
F1. Preliminaries
We suppose that Y is a compound Poisson process with arrival rate A and
law of jumps w, and that y, is the kth fold convolution of w. So we have
— (AA)F

A
Ga=e k!

M.
k=0

Set

1 x—0u
a — —
(E1) yA)(k,x) = m/#k@”‘ﬂ’ﬁ( oAl/B )’
1 - (x—0u
(2) — —_—
(E2) vy (k,x)= m/ﬂvk(‘“‘%ﬁ( oAV/B )’

1 X — 0u
3) _ ’
(E3) Ya (k,x)—m/,“k(du)u}lﬁ<m>-

We have (recall that wy = )

— (AA)E

(E4)  palxlo, B,6,G)=e ) = =9 (K, x),
k=0
AA
(F5)  d,pa(xlo, B, 6,G) = —e” (k,) v (k. x),
k=0
(F6)  aupstalo B,0,6) = e 3 22y o)

k=1
Omitting the mention of (o, B, 0, G), we also set

vy (k, x)yy (k' x) p
pa(x)

Ok, x)ys (K, x)
F8 'k, k)= / 2 o d
E8) s (0 pa(x)

(E7) i=2,3, F;”(k,k'):/

By the Cauchy-Schwarz inequality, we have

(B9)  i=2,3, |I0e,i)| <100, 0T (k' k),

(F10) 09Uk, k)| <TG, 0T (e ).
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For any & > 0 we have pa(x) > e*M(()\A)k)/k!y(Al)(k, x). Therefore,

k! / 7y (k, x)°
ATy Pk, x)

Finally, if we plug (E5) and (E.6) into (A.6), we get

(E11) i=2,3, I"(k,k)<

(F12) IJ'= e*mii M ok, 1
. b k=0 I=1 ke

00 __ ,—2AA SRS (’\A)k+[ 3)
(F13) I'=e™> )" 18 Ges D

k=1 I=1

E2. Proof of Theorem 5

When Y is a standard Poisson process, we have A = 1 and wu; = &;. There-
fore, we get

1 x — 0k
&) _
(E14) vy (k. ) = oAl/B hﬁ( agAl/B >,

1 + [x—-0k
@) _
(E15) v, (k’x)_azAl/BhB( ),

oAVP
k x — 0k
3) — '
(E16) vy (k,x)= ngz/ﬁhB< AR )
Plugging this into (F.11) yields
e*k! e*k*k!
(E17) [P0k < 2T, Ik o) < =520 (B).

Recall that (4.2) follows from Theorem 2, so we need to prove (4.3) and
(4.4). In view of (F.12) and (F.13), this amounts to proving the two properties

0 0 Ak+l+1/3—1/2

> TFg‘”(k, ) =0,

k=0 I=1

2 %O AKk+H+2/B-1 (3) 1
ZZTPA (k,l)%;j(ﬁ)-

k=1 I=1

If we use (E9) and (F.17), it is easily seen that the sum of all summands in the
first (resp. second) left side above, except the one for k =0 and / =1 (resp.
k=1=1), goes to 0. So we are left to prove

1
(E18)  AV*VEr®(0,1) — 0, A'*z/ﬁr;3>(1,1)—>;j(3).
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Let w = 2<++B)’ so (1+ %)(1 — w) =1+ 1/2B. Assume first that 8 < 2. Then

if |x| < |0/aA#|*, we have for some constant C € (0, 00), possibly depending
on 6, o, and B, that changes from one occurrence to the other and provided
A< (26/0)P,

hg(x) = CA°HYB - hp(x +r6/aAVP) < CA'HV/P
when r € Z\{0}, and thus
x| < |6/cAVP|”
= hg(x+r0/aA"P) < Chy(x)ATV/PI=) = Chy(x)A/P,

When B = 2, a simple computation on the normal density shows that the above
property also holds. Therefore, in view of (F4) and (F.14) we deduce that in all

cases
x—06 ( 6 )'”
<
oAVB| T \ gcAVP
implies
e x—0 g2 =\ AF
pA(x)sUAl/ﬁhB(UAl/B)<A+CA 1+k2_2:H
= (=) 1w carn
= avais| Gavs )1+ CAT).
By (F.7) it follows that
rod,1) > et /‘ hy((x — 0)/aAVF)?
BT NI S gssisostnye p((x = 0)/ T AVF)
> 76A f h,B(X)z dx
— AR ooy hp(x) T

We readily deduce that liminfy o, A"¥AI(1,1) > J(B)/o?. On the other

hand, (F.17) yields limsup, ,A"**2I,¥(1,1) < J(B)/c?, and thus the second
part of (F.18) is proved.
Finally hg/ hg is bounded, so (E.15), (F.16), and the fact that

pa(x) = e 2hg(x/aAYP) /o AP

,(x—10
hﬁ((rAl/B)

yield

eA

) et
{FA (0,1)| = m/
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and the first part of (F.18) readily follows.

E3. Proof of Theorem 6

We use the same notation as in the previous proof, but here the measure w;
has a density f; for all k£ > 1, which further is differentiable and satisfies (4.5)
uniformly in k, while we still have w, = &,. Exactly as in (3.3), we set

few) = uf[(u) + fi(u).

Recall the Fisher’s information £ defined in (4.6), which corresponds to esti-
mating 6 in a model where one observes a variable U, with U having the law
. Now if we have n independent variables U; with the same law w, the Fisher’s
information associated with the observation of OU; fori =1, ..., nis of course
nL; if instead one observes only (U, + --- + U,), one gets a smaller Fisher’s
information £, < nL. In other words, we have

2
]},((u)) u<nfl.

Taking advantage of the fact that u, has a density, for all kK > 1, we can
rewrite y\’(k, x) as (using further an integration by parts when i = 3 and the

fact that each f; satisfies (4.5))

1 — yoAlVA
(F20)  y{(k,x)= 5/hﬁ(y)fk<xy+> dy,

1 [ — yoAlP
(F21)  yQ(k,x) = E/hﬁ(y)fk(w> dy,

(F19) L, :=

0

1 L (X — yoAl/8
€2) Akn= [ hmﬁ(%) dy.

Since the f;’s satisty (4.5) uniformly in k, we readily deduce that

(F23) k=>1,i=123 = |y x|=<C,

i) =)
(F24) v,’(1,x)— Of Ik L (1, x) — A

Let us start with the lower bound. Since y{"(0, x) = (1/0cAYP)hy(x/ocAVP),
we deduce from (2.2), (F.23), and (F4) that

|C|1+B _f( )

as soon as x # 0, and with the convention ¢, = 0. In a similar way, we deduce

1
(F25)  £ps(n)—>
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from (F23) and (F.6) that

1 Ay
(26)  $oupa(x) > == (%)

Then plugging (F.25) and (F.26) into the last equation in (A.6), we conclude by
Fatou’s lemma and after a change of variable that

10(-) )\2 / f(X)2

liminf A >
imin Af(X) + CpoB /6B x|+

A—0 A - 02

It remains to prove (4.8) and the upper bound in (4.9) (including when
B =2). By the Cauchy-Schwarz inequality, we get (using successively the two
equivalent versions for y\”(k, x))

1 ~
v (kyx)? < ;yg“(k, X) / pi(du)hg((x — Ou)/oAVP),

— AUB)/Q)Z
Yk, x)? < —y\(k, x) B(J’) Fo((x— yoA 1) 0)
Then it follows from (F.11) and (F.19) that
@ e k! 3) eMkk!
(F27) L0 = oo T8, 17k, k)—QZ(AA)k

We also need an estimate for I,”(0, 1). By (E1), (F2), and (F4) we obtain
pa(x) = e hy(x/cAYE)/aAYE and v (0, x) = hg(x/cAYE)/a2AYE, Then

use (F22) and the definition (E7) to get
o x — yaAl/P
(=2

ilB X
h_ﬁ(oAl/B) “
iz X o x —yo AP

where the last inequality comes from the facts that ilﬁ / hg is bounded and that
f is integrable (due to (4.5)).

At this stage we use (E.9) together with (F.12) and (F.13), and the fact that
2|xy| < ax* + y*/a for all a > 0. Taking arbitrary constants a;; > 0, we deduce
from (F27) that

w L (AA)k - ()\A)"“( kk! Il )'/2
=gt (k_1 ZZZ kI \(AA)F (AL

k=1 I=k+1

1
(E28) [I,"(0,1)| = —
o 6?

dy

dx

<C,
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L =\ e (AA)'k e (AR
fﬁ(AMZZ k3 s (8 _>

k=1 I=k+1 k=1 I=k+1

Then if we take a;; = (AA)*/2 for | > k, a simple computation shows that
indeed

L
I < Z (A +CA%)

for some constant C, and thus we get the upper bound in (4.9). In a similar
way, replacing £/6° above by the supremum between L£/6* and Z(8)/0d?, we
see that in (F.12) the sum of the absolute values of all summands except the
one for k =0 and / = 1 is smaller than a constant times AA. Finally, the same
holds for the term for k =0 and / = 1, because of (F.28), and this proves (4.8).

G. Proof of Theorem 7
G.1. Preliminaries

In the setting of Theorem 7, the measure G, admits the density y
h,(y/AY*) /A« For simplicity, we set

(G.1)  u=AV~s

(so u — 0 as A — 0), and a change of variable allows to write (A.1) as

1 X oy
pa(xlo, B,6,G) = NG /hB<O-A1/B B y>ha<%> ay.

Therefore,

1 X v [OY
39PA(X|0'7 B? 0’ G) = _ezAl/a / hB(g—A]/B _y>ha<ﬁ) dy

and another change of variable in (A.6) leads to

020172”20(
66 __
(G2 I'= = Jus
where
R, (x)?
G3 J, = ;
(G3) / Sux)

o 1+a . oy
Ru(x)z <%> /hﬁ(x_y)ha<%> dy
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(oY _ybu;
— (91/[) /hﬁ(x p )ha(y)dy7
Ou
S.(x)=— /hﬁ(x V)h, ( >dy /h,;(x—%)ha(y)dy.

Below, we denote by K a constant and by ¢ a continuous function on R,
with ¢(0) =0, both of them changing from line to line and possibly depending
on the parameters «, B3, o, 0; if they depend on another parameter 7, we write
them as K, or ¢,. Recalling (2.2), we have, as |x| — oo,

Co
(G4 (v~ i, / .
{lyl>1xl}

aC, an

- P ilat( )d ~ = .
x| /HWH P e

Another application of (2.2) when B < 2 and of the explicit form of 4, gives

alx|*’

Ra(x) ~

Khg(x), if B<2,

G.S5 <1l — |h(x-— )fﬁ(x):z{
(G3) I (== g K(1+x¥e ™5, ifB=2.

We will now introduce an auxiliary function

(G.6) D,(x) =/

{lyl>n}

1
hg(x — y)| i dy,

which will help us control the behavior of R, and S, as stated in the following
lemma.

LEMMA 1: We have

(G.7) S, (x)—(hﬁ(x)—l-c O p (x ))

< (hg(x) +u*D;i(x))$p(u) + Kuhg(x),
Ru(x) - ca(Zhj;ix) - aDn<x>>‘

( i’( L) (x))qb () + KTy (o)

with

1
(G8) D,(x)~—— as |x|— oo.

|x|1+a
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PROOF: We split the first two integrals in R, and S, into sums of integrals
on the two domains {|y| < n} and {|y| > n} for some 7 € (0, 1] to be chosen
later. We have |hg(x —y) — hg(x) + h/B(x)y| < hg(x)y* as soon as |y| <1, so
the fact that both f = h., and f = h, are even functions gives

/ hB(x—y)f< )dy hg(x) f((;—y) dy‘
{lyl<m) {lyl<m} u

ay
()

On the one hand we have with f = h, or f = h,, and in view of (G.4),

o 0*u’
/ % (l)’dyz . / 2|f(2)|dz < Ku'*“n*.
{lyl<m) Ou 0 Jzi<on/ou)

On the other hand, the integrability of 4, and h., and the fact that
[ h.(y)dy =0yield

< hg(x) Y

{Iyl=m}

/ h, ( )d _%/ ha(z)dz:%(l+¢(u)),
Iyl<1) fu T Jiz1<o/6u) o

. 0 .
/ h(ﬂ) dy="2 ho(2) dz
{lyl<m) Ou T J{jzi=on/6u)

0 .
__ h.(z)dz
T J{izI>on/6u)

(au)1+a

0—1+a a

=2C

(1 + ¢y (w)).

Putting all these facts together yields

(G.9) / hg(x —y)h, ( > dy — —hB(x)
{lyl=1}
<udpWhg(x) + Ku*hg(x)
and
o oy (0 )l+a
(G.10) /{ysn} hB(x—y)ha(E) dy — 2c, pr ———hp(x )'

1+a< d) ( ) 2— a)



SAMPLED LEVY PROCESSES 755

For the integrals on {|y| > 1} we observe that by (G.4) we have
|ha(oy/0u) — co(Ou/alyD)'™| < (Ou/ay) ¢ (u),

and the same for iza except that ¢, is substituted with —ac,. Given the defini-
tion of D,, we readily get

0 14+a
G |[ - y)h( )d— O b (o)
{Iyl>1} o't
<Di(x)u'"¢p(u),

1+«
| hate= i, ( )dy+aa(0 D " p )‘
{lyl>n} Ou

< D,(x)u" ¢ (u),

and if we put together (G.9) and (G.11), we obtain (G.7).

Finally, we prove (G.8). We split the integral in (G.6) into the sum of the
integrals, say D\’ and D', over the two domains {|y| > n, |y — x| < |x|”} and
{lyl >m,|y—x| > |x|"},where y=4/5if B=2and ye (1 + a)/(1+ B), 1) if
B < 2. On the one hand, D(nz) (x) < K, hg(]x|"), so with our choice of y we obvi-
ously have |x|"**D{?(x) — 0. On the other hand, |x|"**D{"(x) is clearly equiv-
alent, as |x| — oo, to f”y_xquly} hg(x — y)dy, which equals f”2|<|xm hg(z)dz,
which in turn goes to 1. Hence we get (G.8) for all > 0. This concludes the
proof of the lemma. Q.E.D.

Using the lemma, we can now obtain the behavior of R, and S, as
u — 0. First, an application of (G.4) to the last formula in (G.3) and Lebesgue’s
theorem readily give

(G.12)  LimS, (x) = hy(x).

Also, by (G.4), (G.5), (G.7), and (G.8), we get

c
- ifg <2,
G13) S, 0= LT )
7x2/2 u : _
C(e +71+|x|1+“)’ if B=2,

for some C > 0 depending on the parameters and all u small enough. In the
same way, we see that u*R,(x) — 0, but this not enough. However, if r, =
2hg/n* — aD,, we deduce from (G.7) that for all n € (0, 1],

(G.14)  limsup |R,(x) — cary(x)| < Khg(x)n* ™.

u—0
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A simple computation and the second order Taylor expansion with integral
remainder for Az yield

h —h —
rn(x):a/ p(x) 1/3(36 y) dy
{yl>n} Ly[t+e

1
= —a/ Ly dyf (1 —v)hjy(x — yv) dv.
{Iyl>m) 0

By Lebesgue’s theorem, r, converges pointwise as 7 — 0 to the function r
given by

1
r(x) = —a/ ly|'™ dy/ (1 —v)hj(x — yv) dv.
R 0

Then, taking into account (G.14) and using once more (G.7) together with
(G.4), (G.5), and (G.8), and also a < B, we get

(G.15) luiir(l)Ru(x):car(x), |Ru(x)|SW-

G.2. The Case (b) in Theorem 7

We are now in a position to prove (4.12), where 8 < 2 and « > /2 (and
of course a < B). Since a > B/2, we see that (G.12), (G.13), and (G.15)
allow us to apply Lebesgue’s theorem in the definition (G.3) to get that
Ju = [ dx(c,r(x))*/ hg(x): this is (4.12) (obviously |r(x)| < K/(1 + |x['*),
while ig(x) > C/(1+ |x|'*#) for some C > 0; hence the integral in (4.12) con-
verges).

G.3. The Other Cases

The other cases are a bit more involved, because Lebesgue’s theorem does
not apply and we will see that J,, goes to infinity. First, we introduce the func-
tions

Cp c 0u” .
if B<2
® ac, g |x|l+B 0—a|x|1+a’ 5
=g =) e gege
o .
5 + ppTEE if B=2.

Below we denote by ¢(u, I') for u € (0, 1]and I" > 1 the sum ¢'(u) + ¢"(1/1")
for any two functions ¢’ and ¢”, changing from line to line, that are continuous
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on R, with ¢'(0) = ¢”(0) = 0. We deduce from (G.4), (G.5), (G.7) for n =1,
and (G.8) that
(G.16) |x|>T
K
= R0+ R(0)] < d(u, DR (x) + { E
Kx*e ™5, if B=2.

if B<2,

In a similar way, we get

x| > T
P(u, IS, (x), if B <2,

= [S.(x) =8 (x) < i
| ( ) ( )| {¢(u’ F)S;(x)+K0uax26—x2/3, ]fB:z;

where K| is some constant. Then for any ¢ > 0, we denote by I, the smallest
number bigger than 1, such that Kyx?e=/3 < ¢ U,;"‘;‘ffw for all |x| > I,. The last

estimate above for 8 =2 reads as |S, — S| < S/ (¢ (u, I') + ¢), so in all cases
we have, for some fixed function ¢, as above,

(G.17)  Su(x) =S, (1)1 + pu(x)),

where

iﬁo(u,[‘), ifB<2,|X|>F,

lpu(X)] = .
bo(u, N+, ifB=2,|x|>IT>1I.
At this stage, we set
R'(x)?

G.18) J, ~=/ dx
(GA8) - Ju =y S, (%)

Observe that J, =J,r+ 3+ ,J -, where

2
I = / R
{

|x|<T} Su(x)
R,(x) + R'(x))*
o= / ( dx,
wr {lx|>T) S.(x) *
15,3}——2/ R'(x)(R,(x) + R'(x)) dx,
’ {|x|>1I"} Su(x)

/ 2 / 2
J,(f)r:/ R(x) dx—/ R dx
’ (x> Su(X) =1y Sy (%)
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In light of (G.13), (G.15), and (G.16), we get, for some u, > 0,

sup Ji <00, wue(0,u

ue(0,up]
= TS KA g, DS+ Tur).

The Cauchy-Schwarz inequality yields
i =205 0+ 1)

Finally, (G.13) and (G.17), and the definition of R’ yield (with ¢, as in (G.17))

< {2(1[’0(1’[) F)]u,F7 lfB <2, lrllﬂ(u? F) < 1/23
o 2(¢0(M,F)+¢)Ju,r7 lfB=27F>F<p,lp0(u7F)+qD<1/2

Therefore, we get

Ju

K
J - +¢(uar)+2(¢0(”,r)+¢’)

u, I’

-1

=

assoon as Yo(u, I') + ¢ <1/2 and I' > I, and with the convention that ¢ =0
and Iy =1 when B < 2. Then, remembering that lim,_¢limr_ . ¢(u, I') =0,
and the same for ¢, and that ¢ =0 when B8 < 2 and ¢ is arbitrarily small when
B =2, we readily deduce the following fact: suppose that for some function
u — y(u) going to +oo as u — 0 and independent of I" we have proved that

(G19) J,r~vy(u) as u—0VI>1.
Then J, ~ y(u) and, therefore, by (G.2) we get

02a—2 uZa,y( l/l)

O-Za

(G20) I~

G.3.1. The Case (d) in Theorem 7: Now let B <2 and a < /2. The change
of variables z = xu®/#*~ in (G.18) yields

1
G21) J,r= 2c2/
(G2 Jur=ee, (xl>1) Clx|"T27F + ¢, 00u | x|t /o«

a?c? /‘ 1 J
= " " z
U B20) /) f i) cal2] P ¢, 00 2] fo



SAMPLED LEVY PROCESSES 759

and we have (G.19) with

(G22)  y(u) ik / !
. u)=
Y u(a(B—2a))/(B—a) C'B|Z|1+2a73 + Ca0a|z|1+a/0-a

So if we combine this with (G.20), we get (4.14).

G.3.2. The Case (c) in Theorem 7: Suppose now that 2a = 8 < 2. Then

o 1
(G23) J.r= 2a2c§/
r x(cg+ c0°u*x*/o*)

For v > 0 we let H, be the unique point x > 0 such that c¢,0%v*x*/0* = cg, SO
in fact H, = p/v for some p > 0. We have

2 2.2 Hy 1 K oo 1 2 2.2 1
Jur < aca/ —dx+—/ dx < & C log(—)—l—K.
F u

g x us Jy, x0T cp u

On the other hand, if u >0 and I' < x < H,,, we have ¢z + ¢, 0°u*x*/0* <
cg(1+1/u”), hence

202c? [Hue 1 20c? 1 1
Jur > @ / dx > @G log<—> -K,.
¢ Jr xA+1/po) cg 1+1/u “\u

Putting together these two estimates and choosing u big gives (G.19) with

2a°c? 1
y(u) = log( —
CB u

and we readily deduce (4.13).

G.3.3. The Case (a) in Theorem 7: Finally, consider the case B8 = 2. We
have
(G24) J,.r=2dc fw ! dx.
> a r xl+a(xl+ae—x2/2/ /27T+Ca6aua/o-a)

Suppose that I" is large enough for x > x2>*2@¢=*"/2 to be decreasing on
[I', 00). For v > 0 small enough, there is a unique number H, = x > I" such
that ¢,6v*/o* = x'**¢=**/2/\/27, so in fact H, ~ \/2alog(1/v) when v — 0.
Then

Hy ,x2/2 2 2 a S |
(G25) J.r<K / S P / dx
4 r x2+2a Oy H, x1+oc
K 2ac, 0 2ac,0*

= 1 .
= He T gourHz = Grur 2oy (og(juyr o o)
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On the other hand, if u > 1 and x > H,,, we have xtee=x*2 )2 +
Cc,0u“ /o < +c,0°u*(1+ pn*)/ o, hence,

2 2 . a Hyp 1
(G.26) Jup > 2L /

——dx
Oy xl+a(1 + Ma)
20c, 0

= rue(2a) > (log(1L/u) (1 + )

(1+o0(1)).
So again we see, by choosing u close to 1, that the desired result holds
with

2ac, 0
6 us (2a)*2(log(1/u))*2

and we deduce (4.11).
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