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Abstract

We propose a simple stochastic volatility model which is analytically tractable, very
easy to simulate, and which captures some relevant stylized facts of financial assets,
including scaling properties. In particular, the model displays a crossover in the log-
return distribution from power-law tails (small time) to a Gaussian behavior (large time),
slow decay in the volatility autocorrelation, and multiscaling of moments. Despite its
few parameters, the model is able to fit several key features of the time series of financial
indexes, such as the Dow Jones Industrial Average, with remarkable accuracy.
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1. Introduction

1.1. Modeling financial assets

Recent developments in stochastic modeling of time series have been strongly influenced
by the analysis of financial assets, such as exchange rates, stocks, and market indexes. The
basic model, which has given rise to the celebrated Black—Scholes formula [24], [25], assumes
that the logarithm X; of the price of the asset, after subtracting the trend, evolves through the
simple equation

dX; = o dB;, (1)

where o (the volatility) is a constant and (B;);>¢ is a standard Brownian motion. It has been
well known for a long time that, despite its success, this model is not consistent with a number
of stylized facts that are empirically detected in many real-time series, e.g.

e the volatility is not constant and may exhibit high peaks, which may be interpreted as
shocks in the market;
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e the empirical distribution of the increments X;;; — X; of the logarithm of the price—
called log-returns—is non-Gaussian, displaying power-law tails (see Figure 4(b) below),
especially for small values of the time span &, while a Gaussian shape is approximately
recovered for large values of #;

e log-returns corresponding to a disjoint time interval are uncorrelated, but not independent:
in fact, the correlation between the absolute values | X; 5 — X;| and | X5 — Xs|—called
volatility autocorrelation—is positive (clustering of volatility) and has a slow decay in
|t — s| (long memory), at least up to moderate values for |t — s| (cf. Figure 3(b)—(c)
below).

In order to account for these facts, a very popular choice in the literature of mathematical
finance and financial economics has been to upgrade the basic model (1), allowing o = oy to
vary with ¢ and to be itself a stochastic process. This produces a wide class of processes, known
as stochastic volatility models, determined by the process (o;);>0, which are able to capture (at
least some of) the abovementioned stylized facts; cf. [7], [29], and the references therein.

More recently, other stylized facts have been pointed out concerning the scaling properties
of the empirical distribution of the log-returns. Given a daily time series (s;)1<;<7 Over a
period of T >> 1 days, denote by pj, the empirical distribution of the (detrended) log-returns
corresponding to an interval of & days:

T—h
1 _
pir() == m SXH»h—Xi(')s x; = log(s;) — d;. )
i=1
Here d; is the local rate of linear growth of log(s;) (see Section 7 for details) and dy (-) denotes
the Dirac measure at x € R. The statistical analysis of various financial series, such as the Dow
Jones Industrial Average (DJIA) or the Nikkei 225, shows that, for small values of &, pj obeys
approximately a diffusive scaling relation (cf. Figure 1(a)):

1 r
dr) >~ —g| — | dr. 3
pr(dr) ﬁg<ﬂ>r (3

Here g is a probability density with power-law tails. Considering the gth empirical moment
mg(h), defined by

T—h
1
ma(h) = g 2 e il = [ 1 pucan. @

from relation (3), it is natural to guess that m, (k) should scale as h4/%. This is indeed what
one observes for moments of small order, g < g (with ¢ >~ 3 for the DJIA). However, for
moments of higher order, ¢ > ¢, the different scaling relation hA@  with A(q) < gq/2,holds;
cf. Figure 1(b). This is the so-called multiscaling of moments; cf. [18], [22], [23], and [32].
An interesting class of models that are able to reproduce the multiscaling of moments—as
well as many other features, notably the persistence of volatility on different time scales—are
the so-called multifractal models, such as the MMAR (multifractal model of asset returns;
cf. [14], [15], and [20]) and the MSM (Markov-switching multifractal; cf. [13]). These models
describe the evolution of the detrended log-price (X;);>0 as a random time change of Brownian
motion, i.e. X; = Wy, where the time change (/ (¢));>0 is a continuous and increasing process,
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(a) Diffusive scaling of log-returns (b) Multiscaling of moments

FIGURE 1: Scaling properties of the DJIA time series (opening prices 1935-2009). (a) The empirical

densities of the log-returns over 1, 2, 5, 10, and 25 days show a remarkable overlap under diffusive

scaling. (b) The scaling exponent A(g) as a function of ¢, defined by the relation m, (h) ~ hAD (cf. (4)),

bends down from the Gaussian behavior g /2 (solid line) for g > g ~ 3. The quantity A(g) is evaluated

empirically through a linear interpolation of (logmg (h)) versus (logh) for h € {1, ..., 5} (see Section 7
for more details).

sometimes called the trading time, which displays multifractal features and is usually taken to
be independent of the Brownian motion (W;);>0 (see [12] for more details).

Modeling financial series through a random time change of Brownian motion is a classical
topic, dating back to Clark [16], and reflects the natural idea that external information influences
the speed at which exchanges take place in a market. It should be stressed that, under the
mild regularity assumption that the time change (/(¢));>0 has absolutely continuous paths
almost surely (a.s.), any random time change of Brownian motion X; = W/ can be written as
a stochastic volatility model dX; = o;dB;, and vice versa. More precisely, ‘independent
random time changes of Brownian motion with absolutely continuous time change’—that
is, processes (X;);>o such that X; — Xo = W), where (W;);>¢ is a Brownian motion and
(1 (t))s>0 1s an independent process with increasing and absolutely continuous paths a.s.—
and ‘stochastic volatility models with independent volatility’—that is, processes (X;);>0 such
that dX; = o;dB;, where (B;);>0 is a Brownian motion and (o;);>0 is an independent
process with paths in leoc(R) a.s.—are the same class of processes; cf. [7] and [29]. The
link between the two representations dX; = o0;dB; and X; — Xo = W is given by
o, =/T(0) and B, = [y (I'(s))/2dW, () = fol’(l/(l‘l(v)))‘l/deu. However, a key
feature of multifractal models is precisely that their trading time (I (¢));>0 has nonabsolutely
continuous paths a.s.; hence, they cannot be expressed as stochastic volatility models. This
makes their analysis harder, as the standard tools available for Itd diffusions cannot be applied.

The purpose of this paper is to define a simple stochastic volatility model—or, equivalently,
an independent random time change of Brownian motion, where the time-change process
has absolutely continuous paths—which agrees with all the abovementioned stylized facts,
displaying in particular a crossover in the log-return distribution from a power-law to a Gaussian
behavior, slow decay in the volatility autocorrelation, diffusive scaling, and multiscaling of
moments. In its most basic version, the model contains only three real parameters and is defined
as a simple, deterministic function of a Brownian motion and an independent Poisson process.
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This makes the process analytically tractable and very easy to simulate. Despite its few degrees
of freedom, the model is able to fit remarkably well several key features of the time series of
the main financial indexes, such as the DJIA, S&P 500, FTSE 100, and Nikkei 225. In this
paper we present a detailed numerical analysis on the DJIA.

Let us mention that there are subtler stylized facts that are not properly accounted for by
our model, such as the multiscale intermittency of the volatility profile, the possible skewness
of the log-return distribution, and the so-called leverage effect (negative correlation between
log-returns and future volatilities); cf. [17]. As we discuss in Section 3, such features—which
are relevant in the analysis of particular assets—can be incorporated into our model in a natural
way. Generalizations in this sense are currently under investigation, as are the performances
of our model in financial problems, such as the pricing of options (see [2]). In this paper we
focus for simplicity on the most basic formulation.

Finally, although we work in the framework of stochastic volatility models, we point out
that an important alternative class of models in discrete time, widely used in the econometric
literature, is given by autoregressive processes such as ARCH, GARCH, FIGARCH, and their
generalizations; cf. [5], [8], [9], and [19]. More recently, continuous-time versions have been
studied as well; cf. [26] and [27]. With no aim for completeness, let us mention that GARCH
and FIGARCH do not display multiscaling of moments; cf. [12, Section 8.1.4]. We have also
tested the model recently proposed in [10], which fits the statistics of the empirical volatility
very accurately, and does exhibit multiscaling of moments. However, the model requires the
calibration of more than 30 parameters.

We conclude by noting that long-memory effects in autoregressive models are obtained
through a suitable dependence on the past in the equation for the volatility, while large price
variations are usually controlled by specific features of the driving noise. In our model, we
propose a single mechanism, modeling the reaction of the market to shocks, which is the source
of all the mentioned stylized facts.

1.2. Content of the paper
The paper is organized as follows.

e In Section 2 we give the definition of our model, we state its main properties and we
discuss its ability to fit the DJIA time series in the period 1935-2009.

e In Section 3 we discuss some key features and limitations of our model, point out possible
generalizations, and compare it with other models.

e Sections 4, 5, and 6 contain the proofs of the main results, plus some additional material.

e In Section 7 we discuss in more detail the numerical comparison between our model and
the DJIA time series.

e Finally, Appendix A contains the proofs of some technical results, while Appendix B
is devoted to a brief discussion of the model introduced by Baldovin and Stella in [6]
and [31], which has partially inspired the construction of our model.

1.3. Notation

Throughout the paper, the indexes s, ¢, u, x, and A run over real numbers, while i, k, m, and
n run over integers, so t > 0 means ¢t € [0, 00) while n > O means n € {0, 1,2,...}. The
notation ‘~’ denotes asymptotic equivalence for positive sequences (a, ~ b, if and only if
an/b, — 1 asn — o0) and also equality in law for random variables, e.g. W1 ~ N (0, 1).

https://doi.org/10.1239/aap/1354716588 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1354716588

1022 A. ANDREOLI ET AL.

Given two real functions f(x) and g(x), we write f = O(g) as x — xg if there exists
M > 0 such that | f(x)] < M|g(x)| for x in a neighborhood of xg, and we write f = o(g) if
f(x)/g(x) — 0as x — xoq; in particular, O (1) is a bounded quantity and o(1) is a vanishing
quantity. The standard exponential and Poisson laws are denoted by Exp(}) and Po(A) for
A > 0: X ~ Exp(A) means that P(X < x) = (1 —e ™) 10,00y (x) for all x € R, while
Y ~ Po()\) means that P(Y = n) = e_k)»”/n! foralln € {0, 1, 2,...}. We sometimes write
‘(constant)’ to denote a positive constant, whose value may change from place to place.

2. The model and the main results

We introduce our model as an independent random time change of a Brownian motion, in
the spirit of, e.g. [4] and [16]. An alternative and equivalent definition, as a stochastic volatility
model, is illustrated in Section 2.2.

2.1. Definition of the model

In its basic version, our model contains only three real parameters:
e ) € (0, +00) is the inverse of the average waiting time between ‘shocks’ in the market;

e D e (0, %] determines the sublinear time change ¢ +— 2D which expresses the ‘trading
time’ after shocks;

e 0 € (0, 400) is proportional to the average volatility.

In order to have more flexibility, we actually let o be a random parameter, i.e. a positive random
variable whose distribution v becomes the relevant parameter:

e Vv is a probability on (0, 00), connected to the volatility distribution.

Remark 1. When the model is calibrated to the main financial indexes (DJIA, S&P 500,
FTSE 100, Nikkei 225), the best fit turns out to be obtained for a nearly constant o. In
any case, we stress that the main properties of the model are only marginally dependent on
the law v of o: in particular, the first two moments of v, i.e. E(o) and E(o?), are enough to
determine the features of our model that are relevant for real-world times series; see Remark 5
below. Therefore, roughly speaking, we could say that in the general case of random o our
model has four ‘effective’ real parameters.

Beyond the parameters A, D, and v, we need the following three sources of randomness:
e a standard Brownian motion W = (W;);>0;
e a Poisson point process 7 = (7;,),cz on R with intensity A;

e a sequence ¥ = (0y),>0 of independent and identically distributed positive random
variables with law v (so that o;, ~ v for all n); for conciseness, we denote by ¢ a variable
with the same law v.

We assume that W, 77, and X are defined on some probability space (€2, ¥, P) and that they are
independent. By convention, we label the points of 7 sothat 7p < 0 < 7. We will actually need
only the points (7,),>0, and we recall that the random variables (—1¢), 71, and (t,4+1 — Th)n>1
are independent and identically distributed with marginal laws Exp(}). In particular, 1/A is the
mean distance between the points in 7, except for 79 and 71, whose average distance is 2/A.
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FIGURE 2: A sample trajectory of the process (/;);>0.

Although some of our results would hold for more general distributions of 7, we focus for
simplicity on the (rather natural) choice of a Poisson process.

For t > 0, we define
i(t) :=sup{n = 0: 1, <t} =#{T N(QO,1]}, 5

so that ;) is the location of the last point in 7 before ¢. Clearly, i(t) ~ Po(At). Then we
introduce the basic process I = (I;);>0 defined by

i(t)
I =1(t) =0/ (t —1i)*” + > _ o (w — w-1)*P = 03 (—10)*”, ©6)
k=1

with the agreement that the sum on the right-hand side is 0 if i (#) = 0. More explicitly, (/;);>0
is a continuous process with Ip =0 and I, 4, — I, = (anz) WD for0<h < (Th+1 — Tn). We
note that the derivative (d/;/dt);>¢ is a stationary regenerative process; cf. [3]. See Figure 2
for a sample trajectory of (I;);>0 when D < %

We then define our model X = (X;);>0 by setting

Xt = W[[.

In words, our model is a random time change of the Brownian motion (W;),>0 through the time-
change process (/;);>0. Note that [ is a strictly increasing process with absolutely continuous
paths, and it is independent of W.

When D = % and o is constant, we have I, = o2t and the model reduces to the Black—
Scholes model with volatility o. On the other hand, when D < %, the paths of / are singular
(nondifferentiable) at the points in 7; cf. Figure 2. This suggests a possible financial interpre-
tation of the instants in 7 as the epochs at which big shocks arrive in the market, making the
volatility jump to infinity. This will be more apparent in the next subsection, where we give a
stochastic volatility formulation of the model. We point out that the singularity is produced by
the sublinear time change ¢ + >, which was first suggested by Baldovin and Stella in [6]
and [31] (their model is described in Appendix B).
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2.2. Basic properties

Let us state some basic properties of our model that will be proved in Section 6.
(P1) The process X has stationary increments.

(P2) The following relation between moments of X; and ¢ holds: for any ¢ > 0,
E(|X:|?) < oo for some (hence any) t >0 <<= E(c?%) < . @)
(P3) The process X can be represented as a stochastic volatility model, i.e.
dX; = v dB, ®)

where (B;);>0 is a standard Brownian motion and (v;);>¢ is an independent process,
defined by (denoting I'(s) := dI(s)/ds)

t 1 Iy 1
B::f—dw,‘= — W,
T hvre Y T Sty ©)
v = 1'(t) = V2Doj((t — 1) P V2.

Note that, whenever D < %, the volatility v, has singularities at the random times t,,.

(P4) The process X is a zero-mean, square-integrable martingale (provided E(o2) < 00).

Remark 2. If we look at the process X for a fixed realization of the variables 7 and X,
averaging only on W—that is, if we work under the conditional probability P(- | 7, ¥)—the
increments of X are no longer stationary, but properties (P3) and (P4) continue to hold (of
course, the condition E(62) < oo in (P4) is not required under P(- | 7, ¥)).

Remark 3. It follows from (7) that if o is chosen as a deterministic constant then X; admits
moments of all orders (actually, even exponential moments; cf. Proposition 1 in Section 6).
This seems to indicate that to see power-law tails in the distribution of (X,y; — X;)—one
of the basic stylized facts mentioned in the introduction—requires taking o with power-law
tails. This, however, is not true, and is one of the surprising features of the simple model we
propose: for typical choices of the parameters of our model, the distribution of (X;y, — X;)
displays a power-law tail behavior up to several standard deviations from the mean, irrespective
of the law of o. Thus, the eventually light tails are ‘invisible’ for all practical purposes and real
heavy-tailed distributions appear to be unnecessary to fit data. We discuss this issue below in
Remark 4, after having stated some results; see also Subsection 2.4 and Figure 4(b) below for
a graphical comparison with the DJIA time series.

Another important property of the process X is that its increments are mixing, as we show
in Section 6. This entails in particular that, for every § > 0, k € N, and every choice of the

intervals (ai, by), ..., (ax, br) < (0, 00) and of the measurable function F': RF — R, we
have, a.s.,
' 1 N-—1
ngnoo N ; F(Xn8+h1 Xn8+a1 s e X118+hk XnS—i—ak)
=E(F(Xp, — Xay»---» X, — Xgp)), (10)
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provided the expectation appearing on the right-hand side is well defined. In words, the
empirical average of a function of the increments of the process over a long time period is
close to its expected value.

Thanks to this property, our main results concerning the distribution of the increments of
the process X, which we state in the next subsection, are of direct relevance for the comparison
of our model with real data series. Some care is needed, however, because the accessible time
length N in (10) may not be large enough to ensure that the empirical averages are close to
their limit. We elaborate more on this issue in Section 7, where we compare our model with
the DJIA data from a numerical viewpoint.

2.3. The main results

We now state the main results for our model X, which correspond to the basic stylized facts
mentioned in the introduction: diffusive scaling and crossover of the log-return distribution
(Theorem 1), multiscaling of moments (Theorem 2 and Corollary 1), and clustering of the
volatility (Theorem 3 and Corollary 2).

Our first result, proved in Section 4, shows that the increments (X;y+; — X;) have an
approximate diffusive scaling both when 4 | 0, with a heavy-tailed limit distribution (in
agreement with (3)), and when & 1 oo, with a normal limit distribution. This is a precise
mathematical formulation of a crossover phenomenon in the log-return distribution, from
approximately heavy-tailed (for small time) to approximately Gaussian (for large time).

Theorem 1. (Diffusive scaling.) The following convergences in distribution hold for any choice
of the parameters D and ). and of the law v of o.

o Small-time diffusive scaling:

Xein — X
(Lﬁ’) 20 ) dx = law of (W2DAV* D)o SP=12 W, (11)

where o ~ v, § ~ Exp(l), and Wi ~ N (0, 1) are independent random variables.
The density f is thus a mixture of centered Gaussian densities and, when D < %, has
power-law tails: more precisely, if E(c?) < oo for all g > 0,

1
/'-x'qf(-x)d-x < 400 <~ q <q* = 1/2——D (12)

e Large-time diffusive scaling: if E(6?) < oo,

(Xt+h - X)) o e—x2/(202)

- ——dx = N(0, c? ,
NG e — = ©.< (13)

2 =A2PEGHT 2D + 1),
where I' () 1= fooo x®~le™ dx denotes Euler’s gamma function.

Remark 4. We have already observed that, when ¢ has finite moments of all orders, for z > 0,
the increment (X, 45 — X;) has finite moments of all orders too, cf. (7), so there are no heavy tails
in the strict sense. However, for small 4, the heavy-tailed density f(x) is, by (11), an excellent
approximation for the true distribution of (X;1, — X;)/ Vh up to a certain distance from the
mean, which can be quite large. For instance, when the parameters of our model are calibrated
to the DJIA time series, these ‘apparent power-law tails’ are clearly visible for 7 = 1 (daily
log-returns) up to a distance of about six standard deviations from the mean; cf. Subsection 2.4
and Figure 4(b) below.
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We also note that the moment condition (12) follows immediately from (11): in fact, when
o has finite moments of all orders,

o0
flxl‘ff(x)dx <400 = E(S‘D*1/2)4)=/ sP=1/24e=5 45 < 400,
0

which clearly happens if and only if ¢ < ¢* := (% — D)~!'. This also shows that the heavy
tails of f depend on the fact that the density of the random variable S, which represents (up
to a constant) the distance between points in 7, is strictly positive around 0, and not on other
details of the exponential distribution.

The power-law tails of f have striking consequences on the scaling behavior of the moments
of the increments of our model. If we set, for g € (0, 00),

mg(h) := E(| Xr4n — Xi1D), (14)

the natural scaling m4 (h) ~ h4/% as h | 0, which one would naively guess from (11), breaks
down for g > g%, for which the faster scaling m (h) ~ hPa+1 holds instead, the reason being
precisely the fact that the g-moment of f is infinite for ¢ > g*. More precisely, we have the
following result, which we prove in Section 4.

Theorem 2. (Multiscaling of moments.) Let g > 0, and assume that E(c?) < +o0o. The
quantity mg(h) in (14) is finite and has the following asymptotic behavior as h |, 0:

Cqhd/? ifq <4q*,
1 1
my(h) ~ { C,h?/? log<z) ifq=q*, where q*:= 12-D
thDq-H lfq > q*,
The constant C, € (0, 00) is given by
q qy34/9* q/2 4 ; *
E(Wi ") E(e®)A"? (2D) F<1——*) ifqg <q”,
C, = {E(W1|) E(c9)r(2D)4/? ifg=q* (15
x
E(Wi|9) E(@D)a / (1422 —x?P)02 dx + ifq > g,
0 Dg+1
where I' () 1= fooo x%~le™* dx denotes Euler’s gamma function.
Corollary 1. The following relation holds:
logmy(m) _ [£ ifg =g, I
A(g) :=lim —4—— =12 T where q* = ———.  (16)
hl0  logh Dg+1 ifg>q* 1/2—-D

The explicit form of the multiplicative constant C; in (15) will be used in Section 7 for the
estimation of the parameters of our model on the DJIA time series.

Our last theoretical result, proved in Section 5, concerns the correlations of the absolute
value of two increments, usually called the volatility autocorrelation. We start by determining
the behavior of the covariance.
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Theorem 3. Assume that E(c%) < 0o. The following relation holds as h |, 0 forall s,t > 0:
4D | op ai—s|
cov(|Xsin — Xsls | Xepn — XeD) = 7)» e (@At —sDh +o(h)).  (17)
Here
$(x) := cov(o SP12 o (S 4+ x)P~1/?%) (18)
and S ~ Exp(1) is independent of o.
We recall that p(Y, Z) := cov(Y, Z)/+/var(Y) var(Z) is the correlation coefficient of two
random variables Y and Z. As Theorem 2 yields

1
lim o var(Xen — Xi) = D)1 2P var (| Wy |SP~1/?),

where S ~ Exp(1) is independent of o and Wy, we easily obtain the following result.

Corollary 2. (Volatility autocorrelation.) Assume that E(c2) < oo. The following relation
holdsash | O forall s, t > O:

lim 0(Xs 4 = Xol, [Xion = Xi) = p(t =)

2
" 7 var(o|W|SP-1/2)

e M Slpr —sp. (19

Here ¢ (-) is defined in (18) and o ~ v, S ~ Exp(1), and Wi ~ N (0, 1) are independent
random variables.

This shows that the volatility autocorrelation of our process decays exponentially fast for
time scales larger than the mean distance 1/A between the epochs t;. However, for shorter time
scales, the relevant contribution is given by the function ¢ (-). By (18) we can write

¢ (x) = var(o) E(SP~V2(S + x)P~1/2) + E(0)? cov(SP~12 (S + x)P~1/2), (20)
where S ~ Exp(1). When D < %, as x — 00, the two terms on the right-hand side decay as

E(SD—I/Z(S +X)D_1/2) ~ ClxD—l/Z’

(21)
cov(SPV2, (S 4 x)P=1/2) ~ ) D32,

where c¢] and c; are positive constants; hence, ¢ (x) has a power-law behavior as x — oo. For
x = O(1), which is the relevant regime, the decay of ¢ (x) is, roughly speaking, slower than
exponential but faster than polynomial (see Figure 3(b) and (c)).

2.4. Fitting the DJIA time series

We now consider some aspects of our model from a numerical viewpoint. More precisely,
we have compared the theoretical predictions and the simulated data of our model with the time
series of some of the main financial indexes (DJIA, S&P 500, FTSE 100, and Nikkei 225),
finding very good agreement. Here we describe in detail the case of the DJIA time series over
a period of 75 years: we have considered the DJIA opening prices from 2 January 1935 to
31 December 2009 for a total of 18 849 daily data.

The four real parameters D, A, E(o), and E(o2) of our model have been chosen to optimize
the fitting of the scaling function A(g) of the moments (see Corollary 1), which depends
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FIGURE 3: Multiscaling of moments and the volatility autocorrelation in the DJIA time series (1935-2009)

compared with our model. (a) The DJIA empirical scaling exponent Z(q) (circles) and the theoretical

scaling exponent A(q) (solid line) as a function of g. (b) Log plot for the DJIA empirical one-day volatility

autocorrelation pj (r) (circles) and the theoretical prediction p(¢) (solid line), as functions of ¢ (days). For

clarity, only the data for even values of ¢ are plotted. (c) Same as (b), but a log-log plot instead of a log
plot. For clarity, for ¢ > 50, only the data for even values of ¢ are plotted.

only on D and the curve p(¢) of the volatility autocorrelation (see Corollary 2), which depends
on D, A, E(0), and E(o%) (more details on the parameter estimation are illustrated in Section 7).
We have obtained the following numerical estimates:

D~0.16, A2~000097, E(o)~0.108, E(o2)~0.0117 ~ (E(0))>. (22)
Note that the estimated standard deviation of o is negligible, so o is ‘nearly constant’. We
point out that the same is true for the other financial indexes that we have tested. In particular,

in these cases there is no need to specify other details of the distribution v of o and our model
is completely determined by the numerical values in (22).
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FIGURE 4: Distribution of daily log-returns in the DJIA time series (1935-2009) compared with our model

(see Subsection 7.3 for details). (a) The density of the DJTA log-return empirical distribution p (+) (circles)

and the theoretical prediction pj (-) (solid line). The plot ranges from O to about three standard deviations

(s ~ 0.0095) from the mean. (b) Log-log plot of the right and left integrated tails of the DJIA log-return

empirical distribution p (+) (circles and triangles) and of the theoretical prediction p1(-) (solid line). The

plot ranges from 1 to about twelve standard deviations from the mean. Also plotted is the asymptotic
density f(-) (dashed line) defined in (11).

As we show in Figure 3, there is an excellent fitting of the theoretical predictions to the
observed data. We find it remarkable that a rather simple mechanism of (relatively rare)
volatility shocks can account for the nontrivial profile of both the multiscaling exponent A(g)
(cf. Figure 3(a)) and the volatility autocorrelation p(t) (cf. Figure 3(b)—(c)).

Last but not least, we have considered the distribution of daily log-returns: in Figure 4 we
compare both the density and the integrated tails of the log-return empirical distribution, cf. (2),
with the theoretical predictions of our model, i.e. the law of X . The agreement is remarkable,
especially because the empirical distributions of log-returns was not used for the calibration
the model. This accuracy can therefore be regarded as a structural property of the model.

In Figure 4(b) we have plotted the density of X, represented by the solid line, and the
asymptotic limiting density f appearing in (11), represented by the dashed line. The two
functions are practically indistinguishable up to six standard deviations from the mean, and still
very close in the whole plotted range. We stress that f is a rather explicit function; see (11).
Also, note that the log-log plot in Figure 4(b) shows a clear power-law decay, as one would
expect from f (the eventually light tails of X are invisible).

—

Remark 5. We point out that, even if we had found var(c) := E(c2) — (E/(U\))2 > 0 (as could
happen for different assets), detailed properties of the distribution of ¢ are not expected to be
detectable from data—nor are they relevant. Indeed, the estimated mean distance between the
successive epochs (7, ),>0 of the Poisson process 7 is 1 //): ~ 1031 days; cf. (22). Therefore, in
a time period of the length of the DJIA time series we are considering, only 18 849/1031 ~ 18
variables o} are expected to be sampled, which is certainly not enough to allow more than a
rough estimation of the distribution of . This should be viewed more as a robustness than
a limitation of our model: even when o is nonconstant, its first two moments contain the
information that is relevant for application to real data.
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3. Discussion and further developments

Having stated the main properties of the model, we can discuss in more depth its strength
as well as its limitations, and consider possible generalizations.

3.1. On the role of parameters

A key feature of our model is its rigid structure. Let us focus for simplicity on the case in
which o is a constant (which, as we have discussed, is relevant for financial indexes). Not
only is the model characterized by just three real parameters, D, XA, and o, the roles of A and ¢
are reduced to simple scale factors. In fact, if we change the values of A and o in our process
(X1)s>0, keeping D fixed, the new process has the same distribution as (a Xp,);>0 for suitable
a and b (depending on A and o), as is clear from the definition of (/;);>¢ given in (6). This
means that D is the only parameter that truly changes the shape (beyond simple scale factors)
of the relevant quantities of our model, as is also clear from the explicit expressions we have
derived for the small-time and large-time asymptotic distributions (Theorem 1), multiscaling
of moments (Theorem 2), and volatility autocorrelation (Theorem 3).

More concretely, the structure of our model imposes strict relations between different
quantities: for instance, the moment ¢* = (% — D)~ ! beyond which one observes anomalous
scaling (see (16)) coincides with the power-law tail exponent of the (approximate) log-return
distribution for small time (see (12)), and is also linked (through D) to the slow decay of the
volatility autocorrelation from short to moderate time (see (20) and (21)). The fact that these
quantitative constraints are indeed observed on the DJIA time series (see Figures 3 and 4) is
not obvious a priori and is therefore particularly noteworthy.

3.2. On the comparison with multifractal models

As noted in the introduction, the multiscaling of moments is a key feature of multifractal
models. These models are random time changes of Brownian motion, X; = Wj,, as does our
model, with the important difference that the time-change process (I;);>¢ is rather singular,
having nonabsolutely continuous paths. Since in our case the time-change process is quite
regular and explicit, our model can be analyzed with more standard and elementary tools and
is very easy to simulate.

A key property of multifractal models, which is at the origin of their multiscaling features,
is that the law of X; has power-law tails for every t > 0. However, as already discussed,
the law of X; in our model has finite moments of all orders—at least when E(0?) < oo for
every g > 0, which is the typical case. In a sense, the source of multiscaling in our model is
analogous because (approximate) power-law tails appear in the distribution of X, in the limit
t | 0, but what is important to note is that ‘true’ power-law tails in the distribution of X, are
not necessary to have multiscaling properties.

We remark that the multiscaling exponent A(g) of our model is piecewise linear with two
different slopes, thus describing a biscaling phenomenon. Multifractal models are very flexible
in this respect, allowing for a much wider class of behavior of A(g). It appears however that a
biscaling exponent is compatible with the time series of financial indexes (see also Remark 7
below).

We conclude with a semiheuristic argument, which illustrates how heavy tails and
multiscaling arise in our model. On the event {(—19) < h, T > h} we can write, by (6),
Iy = o3{(h — 10)?P — (—10)*} = h?P and, therefore, | X,| = |Wy,| ~ /To|Wi| = hP. Con-
sequently, we obtain the bound

P(|Xn| 2 hP) > P((—w) <h, 11 > h) > h, (23)
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which allows us to draw a couple of interesting consequences.

e Relation (23) yields the lower bound E(|X,|7) > hP1P(1X;| = hP) > hP4+! on the
moments of our process. Since Dg+ 1 < g/2forq > g* = (% — D)™, this shows that
the usual scaling E(| X |7) =~ h?/2 cannot hold for g > g*.

e Relation (23) can be rewritten as P(|Xy|/vh P e t=4", where t = h—(1/2-D) and
q* = (% — D)~ Sincet — +ooash | 0, when D < %, this provides a glimpse of the
appearance of power-law tails in the distribution of X as 4 | 0 (see (11) and (12)) with
the correct tail exponent g*.

3.3. On the stochastic volatility model representation

We recall that our process (X;);>0 can be written as a stochastic volatility model dX; =
v, dB;; cf. (8). It is interesting to note that the squared volatility (v;)? is the stationary solution
of the stochastic differential equation

d(w?) = —a; (v7)7 dr + oo di(r), (24)

where we recall that (i (¢));>0 is an ordinary Poisson process, while y is a constant and «; is a
piecewise-constant function, defined by

oy, 2D
Y )

1-2D 1

o 1= — — >
(2D)l/(1 2D) Uiz({)(l 2D)

> 2,

0.

We stress that (v,)? is a pathwise solution of (24), i.e. it solves the equation for any fixed
realization of the stochastic processes i(¢#) and «;. The infinite coefficient of the driving
Poisson noise is no problem: in fact, thanks to the superlinear drift term —a; (v,z)V, the solution
starting from infinity becomes instantaneously finite (note that the ordinary differential equation
dx(r) = —ax(r)” dt with x(0) = oo has the explicit solution x(r) = ¢t~ /¥~ where
c=clay) = (a(y — ) Vo=h)

The volatility representation (24) is also useful to understand the limitations of our model and
to design possible generalizations. For instance, according to (24), the volatility has the rather
unrealistic feature of being deterministic between jumps. This limitation could be weakened in
various ways, e.g. by replacing i (¢) in (24) with a more general Lévy subordinator, and/or adding
to the volatility a continuous random component. Such addition should allow a more accurate
description of the intermittent structure of the volatility profile, in the spirit of multifractal
models.

In a sense, the model we have presented describes only the relatively rare big jumps of
the volatility, ignoring the smaller random fluctuations that are present on smaller time scales.
Besides obvious simplicity considerations, one of our aims is to point out that these big jumps,
together with a nonlinear drift term as in (24), are sufficient to explain in a rather accurate way
the several stylized facts we have discussed.

3.4. On the skewness and leverage effect

Our model predicts an even distribution for X,, but it is known that several financial assets
data exhibit a nonzero skewness. A reasonable way to introduce skewness is through the
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so-called leverage effect. This can be achieved, e.g. by modifying the stochastic volatility
representation, given in (8) and (24), to be

dX, = v, dB, — Bdi(r),  dv? = —a;(v})? dr + codi(1),

where § > 0. In other words, when the volatility jumps (upward), the price jumps downward
by an amount y. The effect of this extension of the model is currently under investigation.

3.5. On further developments

A bivariate version ((X;, ¥;));>0 of our model, where the two components are driven by
possibly correlated Poisson point processes 7% and 7Y, has been investigated by Pigato [28].
The model has been numerically calibrated on the joint time series of the DJIA and FTSE 100
indexes, finding in particular very good agreement for the volatility cross-correlation between
the two indexes: for this quantity, the model predicts the same decay profile as for the individual
volatility autocorrelations, a fact which is not obvious a priori and is indeed observed on the
real data.

We point out that an important ingredient in the numerical analysis on the bivariate model is
a clever algorithm for finding the location of the relevant big jumps in the volatility (a concept
which is of course not trivially defined). Such an algorithm has been devised by Bonino [11],
which deals with portfolio optimization problems in the framework of our model.

4. Scaling and multiscaling: proofs of Theorems 1 and 2

We observe that, for all fixed 7, 1 > 0, we have the equality in law X,y — X; ~ ST Wy,
which follows from the definition of our model, (X;);>0 = (W}, );>0. We also observe that
i(h) = #{T N (0, h]} ~ Po(Ah), which follows from (5) and the properties of the Poisson
process.

4.1. Proof of Theorem 1
Since P(i(h) > 1) =1 —e ™™ — 0ash | 0, we may focus on the event {i(h) = 0} =
{7 N (0, h] = @}, on which we have I;, = o ((h — 10)*P — (—79)*P), with —79 ~ Exp(}).

In particular,

. Iy _
Eféﬁ =1'(0) = 2D)o3 (—1)*P~! as.

Since X;14 — X; ~ /I, Wy, the convergence in distribution (11) follows:
Xitn — X;

N

Next we focus on the case & 1 oco. Under the assumption that E(6?) < oo, the random
variables {O’kz_l (tx — T%1)?P }k>1 are independent and identically distributed with finite mean;
hence, by the strong law of large numbers,

2 V2Doo(—t0)P~V2W, ash | 0.

1 n
lim — Zakz_l(rk — - 1)?P = E@)E((1)*?) = E@HA’T2D + 1) as.
n—-oon P

Clearly, limy—, yo0 i (h)/h = A a.s., by the strong law of large numbers applied to the random
variables {7t }r>1. Recalling (6), it easily follows that

I(h
lim n) _ E@)HA'?P’r@D+1) as.
htoo h
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Since X;4+n, — X ~ /I, W1, we obtain the convergence in distribution

X t+h — X;
vh
which coincides with (13).

4.2. Proof of Theorem 2
Since X;4n — X: ~ /T, W1, we can write

2 VE@)AM-2PT 2D + )W,  ash 1 oo,

E(IX:1n — X;|9) = E(U4 |7 |W117) = EQW1 1) E(11317?) = ¢, E(117%),  (25)

where we have set ¢, := E(|W|?). We therefore focus on E(|/; |9/2), which we write as the
sum of three terms that will be analyzed separately:

E(11417%) = B "> 1iay=0p) + B 17> 1iy=1)) + E 1% 1imy>2))- (26)

For the first term on the right-hand side of (26), we note that P(i(h) = 0) = e M 5 1 as
h | Oand that I, = o ((h — 79)*P — (—10)*P) on the event {i (h) = 0}. Setting —79 =: A~'S
with § ~ Exp(1), we obtain, as & | 0,

E(1]7"* 1(imy=0)) = E(@ DA PIE((S + 11)*P — §2P)1/2)(1 + o(1)). 27)

(p=3)s

As 8 | 0, we have 871 ((S + 8)?P — 52P) 4 2DS?P~! and we note that E(S(P~1/24) =
(1 —¢q/q*) is finite if and only if (D — %)q > —1, thatis, ¢ < ¢*. Therefore, the monotone
convergence theorem yields, for g < ¢*,

Recalling that g* := (% — D)~!, we have

*

1Zq" = Dg+1 < -1

NSRS
AV
AV

. E(((S + Ah)?P — §2Pya/2)
lim
70 A4/2pa/?

_ (20)4/21“(1 - %) € (0, 00). (28)
q
Next observe that, by the change of variable s = (Ah)x, we can write
o0
E(((S + 2h)?P — §2Pya/2y = / ((s + 2h)2P — §2P)4/2e75 (s
0
o0
= (Ah)Pat! f (14 x)2P — x2Pyal2e=4x g (29)
0

Note that ((1 4 x)2P — x2P)4/2 ~ (2D)4/2x(P=1/24 a5 x — +00 and that (D — 1)g < —1

if and only if ¢ > g*. Therefore, again by the monotone convergence theorem, we obtain, for
q>4q",

. E(((S + Ah)?D — §2D)4/2)
lim

o0
_ 2D _2D\q/2
lim DD _/0 (1 +x)2P — x20y4/24x € (0, 00).  (30)

Finally, in the case ¢ = ¢™ we have ((1 + x)2P — x2Dya* /2 ~ (2D)4"/2x ! as x — 400 and
we want to study the integral in the second line of (29). Fix an arbitrary (large) M > 0, and
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note that, integrating by parts and performing a change of variable, as i | 0, we have

[ee) e—khx o)
/ dx = —log Me M + )Lh/ (logx)e_””‘ dx
M

M X
*© y
=0() +f log(—)e‘y dy
AhM Ah

= 0(1) —i—/ 10g<—>ey dy —i—log(—) / eV dy
AhM A h) Janm
1
= 10g<z>(1 +o(1)).
From this, it is easy to see that, as 4 | O,
o0 * * 1
/ (1 4 x)2P — x2PY0"2e=2hx gy ~ (2D)7"/? log<z>.
0

From (29), noting that Dg + 1 = ¢q/2 for g = ¢*, it follows that

E(((S + h)?P — §2P)a"/2)

m § = @2D)7/2, 31
o 2D ha 2 log(1/ h) D) G

Recalling (25) and (27), relations (28), (30), and (31) show that the first term on the right-hand
side of (26) has the same asymptotic behavior as in the statement of the theorem, except for the
regime ¢ > g™ where the constant does not match (the missing contribution will be obtained
in a moment).

We now focus on the second term on the right-hand side of (26). Note that, conditionally
on the event {i(h) = 1} = {r1 < h, 17p > h}, we have

I = of(h — )*P + o5 (11 — 10)* = (=10)*")

S 2D S 2D
~ o2(h — hU)?P +002<<hU + X) = (K) )

where S ~ Exp(1) and U ~ U(0, 1) (uniformly distributed on the interval (0, 1)) are
independent of o and o1. Since P(i(h) = 1) = Ah + o(h) as h | 0, we obtain

§\2P § \2D\a/2

Since (u + x)?? — x?P — 0as x — oo for every u > 0, by the dominated convergence
theorem we have (for every g € (0, 00))

E(|1197% 1¢i ()=
lim (1p] {i(h=1})

I
o hDatl = LE(e{) E((1 — U)*1) = AE(o]) ——— (32)

Dg+1

This shows that the second term on the right-hand side of (26) gives a contribution of the order
hP4+1l as b | 0. This is relevant only for ¢ > ¢* because, for ¢ < g*, the first term gives
a much bigger contribution of the order 19/ 2 (see (28) and (31)). Recalling (25), it follows
from (32) and (30) that the contribution of the first and the second terms on the right-hand side
of (26) matches the statement of the theorem (including the constant).
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It only remains to show that the third term on the right-hand side of (26) gives a negligible
contribution. We begin by deriving a simple upper bound for /. Since (a +b)*P —b*P < a?P
for all a, b > 0 (we recall that 2D < 1), when i(h) > 1,i.e. 7| < h, we can write

i(h)
Iy = U,-z(;,)(h — 5P + Z o (i — u-1)?P + odl(t1 — 10)*P = (—10)*P]
k=2
ih)
< o= i) + > o (i — u-1)*P + o5 1P, (33)
k=2

with the convention that the sum over k is 0 if i(h) = 1. Since 7 < h for all k < i(h), by the
definition of i (k) given in (5), relation (33) yields the bound ;, < h2P Z;((iz) O’kz, which clearly
also holds when i () = 0. In conclusion, we have shown that, for all 4, g > 0,

i(h) q/2
141972 < WP (Z a;?) : (34)

k=0

Consider first the case ¢ > 2. By Jensen’s inequality we have

i(h) q/2 1 i(h) q/2 i(h)
(fozf) =(i(h)+1)‘1/2(l.(h)+120,3) <G+ DS 0l (35)

k=0 k=0 k=0
By (34) and (35), we obtain
E(41* 1imy>2)) < hPTE@) E((G(h) + D! Liny=2))- (36)

A corresponding inequality for ¢ < 2 is derived from (34): since (3_pc, x)1/% < Yoo, x,f/ 2

for every nonnegative sequence (x,),eN, We obtain
i(h)
B9 Ligy=2) < thE(Z o 1{i(h)>2}) < WPTE@DE(R) + 1) Lim=2). (B7)
k=0
For any fixed a > 0, by the Holder inequality with p = 3 and p’ = %, we can write, forh < 1,
E(((h) + D* 1imy=2) < EG(h) + 1) P(h) = 2)*7
<E() 4+ D)1 — e — e Man)*3
< (constant)h*/3, (38)

because E((i(1) + 1)3*) < oo (recall that i (h) ~ Po(x)) and (1 — e ™" — e=*1Ah) ~ 1 (1h)?
as i | 0. Then it follows from (36), (37), and (38) that

E(|1117* 1;y=2)) < (constant!)pP4+4/3,

This shows that the contribution of the third term on the right-hand side of (26) is always
negligible with respect to the contribution of the second term (recall (32)).
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5. Decay of correlations: proof of Theorem 3

Given a Borel set I € R, we let §; denote the o-algebra generated by the family of random
variables (tx 1{z,ery, 0k Lizier))k=0. Informally, §; may be viewed as the o-algebra generated
by the variables t; and oy for the values of k such that t; € I. From the basic property of the
Poisson process and from the fact that the variables (0% )x>0 are independent, it follows that, for
disjoint Borel sets I and I’, the o-algebras §; and G,/ are independent. We write § := Gg for
short, which is by definition the o-algebra generated by all the variables (tx)«>0 and (0% )k>0,
which coincides with the o-algebra generated by the process (1;);>0.

We have to prove (17). Clearly, by translation invariance we can set s = 0 without loss of
generality. We also assume that 7 < f. We start by writing

cov(| Xpl, | Xe4n — Xt])
= cov(E(IXn| | §). E(Xi4n — Xi| | §)) + ECcov(IXal, [ Xipn — Xil 1 §)). (39)

We recall that X; = W, and that the process (I;);>0 is $-measurable and independent
of the process (W;);>o. It follows that, conditionally on (/;);>0, the process (X;);>0 has
independent increments; hence, the second term on the right-hand side of (39) vanishes, because
cov(|Xpl, | Xi4n — X¢1 | §) = 0 as. For fixed h, from the equality in law X, = W, ~
VI, Wy, it follows that E(|Xy| | §) = c1+/I, where ¢; = E(|W;|) = /2/7. Analogously
E(X/4h — Xi| | §) = ~2/7/Tisn — I and (39) reduces to

2
oV Xnl, [Xesn = Xil) = = cov /T, v/ Tren = 1. (40)

Recall the definitions of the variables i (f) and /; given in (5) and (6). We now claim that we
can replace v/Ii1n — I by /Ii4i — It 1{7n(h.11=2) in (40). In fact, from (6) we can write

i(t+h)
Liyp—1 = ,~2(,+h)(t + = Tigan) P + Z 01(2,1(Tk — 1P - 0,2(,)(! — 5P,
k=i (1)+1

with the convention that the sum on the right-hand side is 0 if i (¢ + &) = i(¢). This shows
that (l;4, — I;) is a function of the variables t; and oy with index i(t) < k < i(t + h).

Since {7 N (h,t] # D} = {zi¢y > h}, then /Iyp — I Li7n@n,n22) 18 $(h,r+n)-measurable
and, hence, independent of T, which is clearly §(—oo,n-measurable. This shows that

cov(v/In, NTrvn — It Y7 nni1£2)) = 0; therefore, from (40) we can write

2
cov(| Xal, | Xivn — Xi) = = cov(v In, V1tvn — It Lignh,n=2))-
Now we decompose this last covariance as follows:

cov(y/In: Irgn = I Yz nai=2))
= E((VIn = ENT)VTi+n — I Yignnn=2))
= E((/In — BWIO)WTren — I Lirn@.4m1=2))
+ BT — EN Itk — I L gagn=o) L7 nqo.mua.r+an#£2))- (41)

We deal with the two terms on the right-hand side of (41) separately. The first gives the dominant
contribution. To see this, observe that, on {7 N (0, t + k] = &},

Iy = og[(h — 10)*P — (—=1)*P]
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and
Lyn — I = 021t + h — 10)*P — (t — 10)*P].

Since both o3 [(h — 10)?P — (—79)?P] and o[ (t + h — 10)*P — (¢t — 19)?P] are independent
of {T'N (0,7 + h] = &}, we have

El(/In — BTV Tien — 1r Li7n,r+h=2}]
= E((o0v/(h — 10)*P — (—10)22 — E(/I))
x 0o/ (1 +h — 10)2P — (t — )22 Li7n0.1-+h1=2))
= e M E((0ov/(h — 10)2P — (=10)2P — E(/Th))
x oo/ (t +h — 10)2 — (t — 19)2P)
= e MM cov(ogV/ (h — 10)2P — (—10)2P, 00v/(t + h — 0)*P — (t — 19)2P)
+ [E(00v/(h — 10)2P — (=10)?P) — E(/I)]
x E(oo/(t +h — 10)2P — (1 — 10)2P)). 42)

Since §71((8 + x)?P — x?P) 1 2Dx?P~1 as § | 0, by monotone convergence we obtain

1
Jim — cov(ooy/(h — 70)2P = (=10)*P, o0/ (¢ + h — 70)*P = (t — 0)?P)

= 2D cov(og(—10) P2, o9t — 10)P 1%
=2DA'72P cov(opSPV2, o (at + $)P1/?)
=2DA'""2Py (), (43)

with § := A(—7p) ~ Exp(1) and ¢ defined as in (18). Similarly,

lim ih E(oov/ (1 +h — 10)20 — (1 — 1)?P) = V2D E(0p(t — 10)P7V?) < +00.  (44)

\/_
Therefore, if we show that

lim E(@) = V2D E(oo(—10)P"1?) (45)

using (42), (43), and (44), we have

1 _
AL‘%EE[(\/’_ — BTV Tith — I Yignusn=o)] = 2DA "o ). (46)

To complete the proof of (46), it remains to show (45). But, this is a nearly immediate
consequence of Theorem 2: indeed, using (15) and the fact that g* > 1,

1

EW/In) = WE(IXM)
= E|W1|ﬁ+0(ﬁ)

= V2D E(0o(=10)?V)VE + o(vVh).
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The proof is now completed by showing that the second term in (41) is negligible, i.e. o(h).
By the Cauchy—Schwarz inequality and the simple fact that (/T, — E(+/Tp))? < I, + E(I},),

E(Ir — ET) e — 1 Lirnm,n=2) L7 n(©.nu@ 1) £2))
< E(WIn — EWID)*Ursn — 1) PT N (0, h]U (¢, 1 + h]) # @)/
< (E(Un +EU)Urn — ID)P(T N (0, kU (¢, 1 + h]) # @))'/2
< QEUHPT N0, h]1U (¢t t +h]) # @)/
= QEU})'2V2h.

By Theorem 2, E(Iz) is of order h? if 4 < ¢*, and of order K*P*1 if 4 > ¢*, with a logarithmic
correction for ¢* = 4. In both cases (E(/}, 2))1/ 2/2xh = o(h), and the proof is completed.

6. Basic properties of the model

In this section we start by proving properties (P1)—(P4) stated in Section 2.2. We then provide
some connections between the tails of o and those of X;, also beyond the equivalence stated
in (7). Finally, we establish a mixing property that yields relation (10). One of the proofs is

postponed to Appendix A.
We denote by § the o-field generated by the whole process (1;);>0, which coincides with
the o-field generated by the sequences 7 = {7k }x>0 and £ = {oy }x>0.

Proof of property (P1). We first focus on the process (It)s>0 defined in (6) For h > 0, let
7" := 7 — h and denote the points in 7" by r = 1x — h. As before, let ! (o) be the largest
point of 7" smaller than 1, i.e. zh(t) = i(t + h). Recalling definition (6), we can write

i"()
Il+h - Ih = Gizin(t) (t - Tl'};l(t))ZD + Z O—kz—l(Tlgl - T/ﬁlfl)ZD - Giziz(o)(_ri]}u(o))ZD
k=i"(0)+1

with the convention that the sum on the right-hand side is O if ¢ h(t) = i"(0). This relation
shows that (/;4+, — In)s>0 and (I;);>0 can be expressed as the same function applied to the
two random sets 7" and 7, respectively. Since 7" and 7~ have the same distribution (both are
Poisson point processes on R with intensity 1), the processes (/;4+5 — In)s>0 and (I;);>0 have
the same distribution too.

We recall that § is the o-field generated by the whole process (/;);>0. From the definition
X; = W, and the fact that Brownian motion has independent, stationary increments, it follows
that, for every Borel subset A € RI0-+%0),

P(Xpy. — Xp € A)=E®PW;,, — W, €A]|3)=P(W;, € A)=P(X. € A),
where we have used the stationarity property of the process . Thus, the processes (X;);>0 and
(Xh+t — Xn)r>0 have the same distribution, which implies stationarity of the increments.

Proof of property (P2). Note that E(|X,|7) = E(|W;,|9) = E(|1,|9/?)E(|W;|9), by the
independence of W and I and the scaling properties of Brownian motion. It therefore remains
to show that

E(L]|7?) <00 <= E(0?) < .
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The implication ‘=’ is easy: by the definition of the process I given in (6) we can write
E(117%) = E(LI7 Li=0) = E(0g) B(I(t = 10)*” — (=10)*P 1) P(i(1) = 0);

therefore, if E(69) = oo then E(|1;|7/%) = oo also.
The implication ‘<=’ follows immediately from bounds (36) and (37), which also hold
without the indicator 1¢;;)>2).

Proof of property (P3). Observe first that I] := df;/ds > 0 a.s. and for Lebesgue almost
everywhere s > 0. By a change of variable, we can rewrite the process (B;);>0 defined in (9) as

I; 1 t 1 t 1
b JraTwy b T o VI '

which shows that relation (8) holds. It remains to show that (B;);>o is indeed a standard
Brownian motion. Note that

1;
B = / T @) dW,.
0

Therefore, conditionally on § (the o -field generated by (1;);>0), (B;)s>0 is a centered Gaussian
process—it is a Wiener integral—with conditional covariance given by

min{/,1;}
cov(Bs, B: | §) =f (I""Y(u) du = min{s, t}.
0

This shows that, conditionally on §, (B;);>0 is a Brownian motion. Therefore, it is a fortiori a
Brownian motion without conditioning.

Proof of property (P4). The assumption that E(oz) < o0 ensures that E(| X; |2) < oo for all
t > 0, as we have already shown. Let us now denote by ?}X = o0(Xg, s <t) the natural
filtration of the process X. We recall that § denotes the o-field generated by the whole
process (I;);>0 and we denote by ?’lx V G the smallest o-field containing }”,X and §. Since
EWp,,, — Wy, | ?—'ZX Vv §) =0 for all h > 0, by the basic properties of Brownian motion,
recalling that X, = W;, we obtain

E(X4n | FXVG) =X, +EW,,,, — Wi, | FX v ) =X,.

Taking the conditional expectation with respect to ?}X on both sides, we obtain the martingale
property for (X;);>o.

Let us state a proposition, proved in Appendix A, that relates the exponential moments of
o to those of X;. We recall that, when our model is calibrated to real-time series, such as the
DIJIA, the ‘observable tails’ of X; are quite insensitive to the details of the distribution of o; see
Remarks 3 and 4.

Proposition 1. Regardless of the distribution of o, for every g > (1 — D)™, we have
E(exp(y|X|9)) =00 forallt > 0andy > 0. @7
On the other hand, for all g < (1 — D)_1 andt > 0, we have

E(exp(y|X|9) < 0o forally >0 <= E(exp(ac/?> D)) <00 foralla >0,
(48)
and the same relation holds for ¢ = (1 — D)~ provided D < %
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Note that (1 — D)~! e (1, 2], because D € (0, %], so, for D < %, the distribution of X;
always has tails heavier than Gaussian.

We finally show a mixing property for the increments of our process. In what follows, for
an interval I C [0, +00), we let

371“@ =o0(X; — Xs:s5,tel)
denote the o-field generated by the increments in / of the process X.
Proposition 2. Let [ = [a,b) and J = [c,d) with0 < a < b < ¢ < d. Then, for every
AeFPand B € ¥,
IP(AN B) — P(A)P(B)| < e D). (49)

As a consequence, (10) holds a.s. and in L' for every measurable function F : R¥ — R such
that E(|F (Xp, — Xays -+ s Xy — X)) < 400.

Proof. Werecall that 7 denotes the set {t : k € Z} and, for I C R, §; denotes the o -algebra
generated by the family of random variables (ti 1{z, ¢}, 0k Lz e1)) k>0, Where (ox)>0 is the
sequence of volatilities. We introduce the §;,)-measurable event

[:={TN[b c)#£ o).

(We recall that the o-field §; was defined at the beginning of Section 5.) We claim that, for
Ae 5;11) and B € ?Ji),wehave

P(ANBNT)=PA)P(BNT). (50)
The key to seeing this is in the following two remarks.

o F I‘D and ¥ j@ are independent conditionally on § = §Rr. This follows immediately from
the independence of W and (I;). As a consequence,

P(ANB|§ =PA|$HPB |G as.

e Conditionally on §, the family of random variables (X; — X)s t¢[¢,¢) 15 @ Gaussian
process whose covariances are measurable with respect to the o-field generated by the
random variables {I; — I.: t € (c, d)}. In particular, P(B | §) is measurable with respect
to this o-field. The same holds for [a, b) in place of [c, d). Note also that the increment
I; — I, is a measurable function of the random variables

{(tk Lgeny, ok Yieny) 1 k = 0} U {(0i(e), Tie)}-

It follows that the random variable (P(B | §) Ir) is §(»,4)-measurable, and is therefore
independent of P(A | ), which is §(—eo,»]-measurable.

Thus, we have
P(ANBNT)=E®PANB | $)1r) =EPA | $PB | 1r) =PA)P(BNT),
where the two remarks above have been used. Thus, (50) is established. Finally,

[P(AN B) — P(A)P(B)|
—P(ANBNT)+P(ANBNTS) —P(A)P(BNT) —P(A)P(B NI
= |P(AN BNT®) —P(A)P(BNT®)]

https://doi.org/10.1239/aap/1354716588 Published online by Cambridge University Press


https://doi.org/10.1239/aap/1354716588

Scaling and multiscaling in financial series 1041

—[P(ANB | T¢) —P(A | T)P(B | [%)|P(T)
<P(I°)
— o Me=b)

We finally show that (10) holds a.s. and in L' for every measurable function F : R¥ — Rsuch
that E(|F (Xp, — X4y, ..., Xp, — Xg)]) < +00. Consider the R¥-valued stochastic process
& = (§)nen defined by

é:n = (Xn6+b1 - Xn6+a1 yee s Xn5+bk - Xn5+ak)

for fixed § > 0, k € N, and (ay, by), ..., (ak, by) < (0,00). The process £ is stationary,
because we have proven in Section 6 that X has stationary increments. Moreover, inequality (49)
implies that & is mixing, and, therefore, ergodic (see, e.g. [30, Chapter 5, Section 2, Definition 4
and Theorem 2]). The existence of the limit in (10), both a.s. and in L', is then a consequence
of the classical ergodic theorem (see, e.g. [30, Chapter 5, Section 3, Theorems 1 and 2]).

7. Estimation and data analysis

In this section we present the main steps that led to the calibration of the model to the DJIA
over a period of 75 years; the essential results have been sketched in Section 2.4. We point out
that the agreement with the S&P 500, FTSE 100, and Nikkei 225 indexes is very good as well.
A systematic treatment of other time series, beyond financial indexes, still has to be done, but
some preliminary analysis of single stocks shows that our model fits well some but not all of
them. It would be interesting to understand which of the properties we have mentioned are
linked to aggregation of several stock prices, as in the DJIA.

The data analysis, the simulations, and the plots have been obtained with the software R (see
http://www.R-project.org). The code we have used is publicly available online at http://www.
matapp.unimib.it/~fcaraven/c.html.

7.1. Overview

For the numerical comparison of our process (X;);>o with the DJIA time series, we have
decided to focus on the following quantities.

(a) The multiscaling of moments; see Corollary 1.

(b) The volatility autocorrelation decay; see Corollary 2.

Roughly speaking, the idea is to empirically compute these quantities on the DJIA time series
and then to compare the results with the theoretical predictions of our model. This is justified
by the ergodic properties of the increments of our process (X;);>0; cf. (10).

The first problem that one faces is the estimation of the parameters of our model: the two
scalars A € (0, 00) and D € (0, %] and the distribution v of ¢. This in principle belongs to
an infinite-dimensional space, but as a first step we focus on the moments E(o) and E(c?).
In order to estimate (D, A, E(o), E(c2)), we take into account four significant quantities that
depend only on these parameters:

o the multiscaling coefficients C; and C> (see (15));
o the multiscaling exponent A(q) (see (16));

o the volatility autocorrelation function p(¢) (see (19)).
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We consider a natural loss functional £ = £L(D, A, E(0), E(6%)) which measures the distance
between these theoretical quantities and the corresponding empirical ones, evaluated on the
DJIA time series; see (51) below. We then define the estimator for (D, A, E(o), E(62)) as the
point at which £ attains its overall minimum, subject to the constraint E(c?) > (E(0)).

It turns out that the estimated values are such that E(c2) ~ (E(0))?, that is, o is nearly
constant and the estimated parameters completely specify the model. (The constraint E(c?) >
(E(0))? does not play a relevant role: the unconstrained minimum nearly coincides with the
constrained one.) Thus, the problem of determining the distribution of o beyond its moments
E(o) and g,\) does not appear in the case of the DJIA. More generally, even we found
var(o) := E(02) — (E(a))2 > 0 and, hence, o is not constant; fine details of its distribution v
beyond the first two moments give a negligible contribution to the properties that are relevant
for application to real data series, as we observed in Remark 5.

7.2. Estimation of the parameters D, A, E(o), and E(02)

Let us fix some notation. The DJIA time series will be denoted by (s;)o<i<n (Where N =
18 848) and the corresponding detrended log-DJIA time series will be denoted by (x;)o<i<n.
where

= log(s;) —d(i)

andd(i) := 250 Z k=i—250 log(s;) is the mean log-DJIA price on the previous 250 days. (Other
reasonable choices for d (i) affect the analysis only in a minor way.)

The theoretical scaling exponent A(g) is defined in (16), while the multiscaling constants
C and Cz are given in (15) for ¢ = 1 and ¢ = 2. Since ¢* = (1 D)~ ! > 2 (we recall that
0<D< 2) we can write more explicitly

24/DI'(1/2 + D)E(o)A1/2~P
ved ’
Defining the corresponding empirical quantities requires some care, because the DJIA data

are in discrete time and, therefore, no 4 | 0 limit is possible. We first evaluate the empirical
g-moment i, (h) of the DJIA log-returns over & days, namely,

C = C, = 2DT'(2D)E(c?)A! 2P,

g (h) == N+1 Z i —xil9.

By Theorem 2, the relation log n’iq (h) ~ A(g)(ogh) + log(C,) should hold for small 2. By
plotting log 1, (h) versus logh we indeed find an approximate linear behavior for moderate
values of 4 and when g is not too large (¢ < 5). By a standard linear regression of log i, (h)
versus logh forh = 1,2, 3, 4, 5 days we thggefore det/grmine the empirical values of A(g) and
C, on the DJIA time series, which we call A(g) and C,.

As for the theoretical volatility autocorrelation, Corollary 2 and the stationarity of the
increments of our process (X;);>0 yield

e Mp(nr),

t) = lim p(| Xy, | X — X)) =

where S ~ Exp(1) is independent of o and W and the function ¢ (-) is given by
¢(x) = var(o) E(SD_I/z(S + x)D_l/z) + E(O’)2 COV(SD_1/2, S+ x)D_l/z);

cf. (20). Note that although ¢ (-) does not admit an explicit expression it can be easily evaluated
numerically. For the analogous empirical quantity, we define the empirical DJIA volatility
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autocorrelation py, (z) over h days as the sample correlation coefficient of the two sequences
(Ixi+n — xiDo<i<N—h—r and (|X;j4p4+r — Xi4¢|)o<i<N—h—¢. Since no A | O limit can be taken
on discrete data, we are going to compare p(t) with oy, (¢) for h = 1 day.

We can then define a loss functional L as

C 2 C 2 1 Alk/4 2
£L(D, 1, E(0),E(0?)) = {(C_i - 1) + (C_j - 1) }+ 20 Z(Aikjﬁli 1)

400 e—n/T —~ 2
p1(n) )

-1, 51

+n§(24°° —’"/T>(p(n) G

m=1¢

where the constant 7" controls a discount factor in long-range correlations. Of course, different
weights for the four terms appearing in the functional could be assigned. We fix T' = 40 (days),
and we define the estimator (D k E(U) E(o2)) of the parameters of our model as the point
where the functional £ attains its overall minimum, that is,

(D, %, E(0), E(0?)) := argmin {£L(D, 1, E(0), E(c))),
De(0,1/2], »,E(5),E(c2)€(0,00)
such that E(62)>(E(0))2

where the constraint E(az) > (E(U))2 is due to var(o) = E(Uz) — (E(a))2 > 0. We expect
that such an estimator has good properties, such as asymptotic consistency and normality (we
omit a proof of these properties, as it goes beyond the spirit of this paper).

The numerical study of the functional &£, which appears to be quite regular, was carried out
using MATHEMATICA®, yielding the estimates for the parameters given in (22), i.e.

D~016, %~000097. E(0)~0.108, E(c2)~0.0117~ (E(0))>.

7.3. Graphical comparison

Having found that E(02) ~ (E/(a\))z, the estimated variance of o is equal to 0, that is, o is a
constant. In particular, the model is completely specified and we can compare some quantities,
as predicted by our model, with the corresponding numerical ones evaluated for the DJIA time
series. The graphical results have already been described in Section 2.4 and show very good
agreement; see Figure 3 for the multiscaling of moments and the volatility autocorrelation, and
Figure 4 for the log-return distribution.

Let us give some details about Figure 4. The theoretical distribution p,(:) := P(X; € ) =
P(X; — X¢ € -) of our model, for which we do not have an analytic expression, can be easily
evaluated numerically via Monte Carlo simulations. The analogous quantity evaluated for the
DIJIA time series is the empirical distribution p; () of the sequence (x;j4+; — Xi)o<i<N—t:

pi() = N+1 st,ﬂ_x,()

In Figure 4(a) we plotted the bulk of the distributions p; (-) and p; (-) for ¢ = 1 (daily log-returns)
or, more precisely, the corresponding densities, in the range [—3§, +35], where § >~ 0.0095
is the standard deviation of p1(-) (i.e. the empirical standard deviation of the daily log-returns
evaluated for the DJIA time series). In Figure 4(b) we plotted the tail of pj(-), that is, the
function z — P(X| > z) = P(X1 < —2z) (note that X; ~ —X; for our model) and the right
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(a) Multiscaling exponent in subperiods (b) Volatility autocorrelation in subperiods
of 30 years: simulated data of 30 years: simulated data
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FIGURE 5: Variability of estimators in subperiods of 30 years. Empirical evaluation of the observables
A(g) and P (¢) in subperiods of 30 years for a 75-year-long time series, sampled from our model (X;);>0
((a) and (b)) and from the DJIA time series ((c) and (d)).

and left empirical tails R(z) and L(z) of p;(-), defined for z > 0 by
HI<i<N:xi—xi1 <-z} ~ HI<i<N:xi—xi1>7}
N ) R(z) := N >

L(z) =

in the range z € [s, 125].

7.4. Variability of estimators

In this paper we have identified relatively rare but dramatic shocks in the volatility as the
main common source of various stylized facts such as multiscaling, autocorrelations, and heavy
tails. As observed in Remark 5, the expected number of shocks in a period of 75 years is about
18, which is a rather low number; this means that empirical averages may not be very close to
their ergodic limit or, in other words, estimators should have nonnegligible variance. A way to
detect this is to simulate data from our model for 75 years, and then compute estimators using
data in different subperiods, which we have chosen to be 30 years. Figure 5(a) and (b) indeed
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show a considerable variability of the values of the estimators for the multiscaling exponent and
the volatility autocorrelations, when computed in different subperiods. We repeated the same
computations on the DJIA time series (see Figure 5(c) and (d)), observing a similar variability.
We regard this as a significant test for this model.

Remark 6. We point out that, among the different quantities that we have considered, the
scaling exponent A(q) appears to be the most sensitive. For instance, if instead of the opening
prices one took the closing prices of the DJIA time series (over the same time period 1935—
2009), one would obtain a different (though qualitatively similar) graph of Al (q)-

Remark 7. The multiscaling of empirical moments has been observed in several financial
indexes in [18], where it is claimed that data provide solid arguments against models with
linear or piecewise-linear scaling exponents. Note that the theoretical scaling exponent A(g) of
our model is indeed piecewise linear; see (16). However, Figure 5(a) shows that the empirical
scaling exponent Al (g) evaluated on data simulated from our model ‘smooths out’ the change
of slope, yielding graphs that are analogous to those obtained for the DJIA time series; see
Figure 5(c). This shows that the objection against models with piecewise linear A(g), raised
in [18], cannot apply to the model we have proposed.

Appendix A. Proof of Proposition 1
We first need two simple technical lemmas.

Lemma 1. For 0 < g < 2, consider the function ¢, : [0, +00) — [0, +00) defined by
+00 x2
wih)i= [ exp[mxw - 7} d.
—o0
Then there are constants C1, Cy > 0 that depend on q such that, for all § > 0,
C1exp[C187 7] < 94 (B) < CrexplC257/29)). (52)

Proof. We begin by observing that it is enough to establish the bounds %n (52) for large
enough B. Consider the function of positive real variable f(r) :=ef"™"~""/2. 1t is easily
checked that f is increasing for 0 < r < (8¢)'/?~9). Thus,

(Bg)/ =D
0a(B) = / £y dr
(5(1)1/(2—11)/2
= 3BV f (3B 7
— %(ng)l/(Z*f{) exp[c(q)ﬁz/(zfq)],

with | |
e q4/C=q) _ _ 2/2—q)
c(q) = TR g4 > 0.
The lower bound in (52) easily follows for large 8.

For the upper bound, by direct computation we observe that f(r) < e /4 for r >
4B)1/2=9  We have

2
wb) < | Fixpac [ g
lx|<@p)l/C-o Ix|>@p)l/@-a)

1/2—q) T e
<2(4p) Dl flloo + e dx.

—00
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Since || flloo = f((Bg)/* D) = exp[C(q) B> >~P] for a suitable C(g), the upper bound also
follows for large .

Lemma 2. Let X1, X3, ..., X, be independent random variables uniformly distributed in
[0,1], and let Uy < Uy < --- < U, be the associated order statistics. For n > 2 and
k=2,...,n, set& := Uy — Ug—_1. Then, for every ¢ > 0,

: 1 1—¢
HETOOP(er{z,...,n}.sk > WH >n )_1.

Proof. This is a consequence of the following stronger result: for every x > 0, asn — o0,
we have the convergence in probability

—3ke{2,...,n}: & > —¢t| > e
n n

see [33] for a proof.
Proof of Proposition 1. Since X; = Wy, and /T, Wi have the same law, we can write
E(e”*1") = E(exply //*| W1 %))
We begin with the proof of (48); hence, we work in the regime ¢ < (1 — D)™}, org =

(1—-D)'and D < %; in any case, g < 2. We start with the ‘<=’ implication. Since I; and W
are independent, it follows from Lemma 1 that

E(exply I/*|W11]) < C E(expls1//*~")) (53)
for some C, § > 0. For the moment, we work on the event {i (#) > 1}. It follows from the basic
bound (33) that

i(t)
I <Y &P}, (54)
k=0
where we set
7] fork =0,
§ki=yTkg1 —w forl <k <i(r)—1,

I — T fork =i(1).

Note that Z;((QO & = t. By applying Holder’s inequality to (54) with exponents p = 1/2D
and p’ = 1/(1 — 2D), we obtain

it

2a-apy\ 2P
I < t2D<ZGk/( - ))

k=0

By assumption, g < 1/(1 — D), which is the same as (1 —2D)q /(2 — g) < 1. Thus,

) i(1) 52D (1-2D)q/(2—q) i(1) .
Itq/( -q) < t2Dq/(2_q) (Z O—k/( - )> < t2Dq/(2—t]) ZO—kQ/( _(1). (55)
k=0 k=0
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Now observe that if i () = 0 we have I; = 002[(t — )% — (=P < 002t2D; hence, (55)
also holds when i (t) = 0. Therefore, by (53),

i(t)
E(CV‘X’Iq) < CE<eXp|:8t2Dq/(2—q) ZO,]{ZQ/(zq)iI) — CE(,Oi(t)Jrl), (56)
k=0

where we have set
— _ 2q/(2—
o = p; := E(exp[8:2P4/C ")aoq/( D).

Therefore, if p < oo, the right-hand side of (56) is finite, because i () ~ Po(Xit) has finite
exponential moments of all orders. This proves the ‘<=’ implication in (48).
The ‘=’ implication in (48) is simpler. By the lower bound in Lemma 1 we have

E(e? X1y = E(exply I/*|W119]) = C E(expls1/*~ ")) (57)
for suitable C, § > 0. We note that
E(exp[81//®™"1) = Eexpls 1!/ 1 14i)0))
= B(exp[8[(1 — 10)*P — (—10)?P 19/ @Dy CD) P(i (1) = 0). (58)
Under the condition
E[exp(aa2q/(2_q))] =400 foralla >0,

the last expectation in (58) is infinite, since [(t—10)*P —(—10)*P] > Oa.s., whichis independent
of 09. Looking back at (57), we have proved the ‘=" implication in (48).

Next we prove (47); hence, we assume that ¢ > (1 — D)L, Consider first the case q <2
(which may happen only for D < %). By (57),

E@e”¥!!") > CE(exp[s17/*™9)).
We note that, by the definition of /; given in (5), we can write

i(1)

2 2D

L= o (e —u-1)*”,
k=2

with the convention that the sum is 0 if i (#) < 2. For n > 0, we let P,, denote the conditional
probability P(- | i(t) = n) and we let E, be the corresponding expectation. Note that, under
P,, the random variables (7 — Tk—1)2=2 have the same law as the random variables (Sk)zzz in
Lemma 2 for n > 2. Consider the events

1
Ay i={of >aforallk =2,...,n}, B, :={Hk=2,...,n:€k> . ” an_g},
nlte

where @ > 0 is such that v([a, +00)) =: p > 0 and ¢ > 0 will be chosen later. Note that
P,(A,) = ,o”’l while P,(B,) — 1 asn — 400 by Lemma 2. In particular, there exists a
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¢ > 0 such that P,(B,) > c for every n. Clearly, A, and B,, are independent under P,. We
have

¥ (n) = Ep(expls17/ %97
> Eu(expl 1/ * 114,15,

| \2Pa/C—a)
> cp"! exp[éa"/(z_") <—]+8)
n

— C,o"_l exp[8aq/(2_q)n(1_2D_8(1+2D))q/(2_q)]. (59)

n(l—a)q/a—q)}

Note that ¢ > 1/(1 — D) is equivalent to (1 — 2D)q /(2 — q) > 1; therefore, ¢ can be chosen
small enough so thatb := (1 —2D —e(1+2D))q/(2 — g) > 1. It then follows from (59) that
Yn) >d exp[dnb] for every n € N and a suitable d > 0. Therefore,

E(expl817/ %) = E(y(i (1)) = +o0,

because i (t) ~ Po(At) and, hence, E(exp[di(t)b]) =ooforalld >0and b > 1.
Next we consider the case g > 2. Note that

E(e”'X1") = E(exply /%1 W119)); (60)

hence, if ¢ > 2, we have E(e?”X11") = 0o because E(exp[c|W1|?]) = oo for every ¢ > O,
I; > 0 as., and I; is independent of Wj. On the other hand, if ¢ = 2, we must have D < %
(recall that we are in the regime ¢ > (1 — D)~ 1) and the steps leading to (59) have shown that
in this case I; is unbounded. It then follows again from (60) that E(eV|Xf|2) = 00.

Appendix B. The model of Baldovin and Stella

Let us briefly discuss the model proposed by Baldovin and Stella [6] and [31], motivated
by renormalization group arguments from statistical physics. They first introduced a process
(Y:):>0 which satisfies the scaling relation (3) for a given function g, which is assumed to
be even, so that its Fourier transform g(u) := fR elux g(x) dx is real (and even). The process
(Y1)s>o0 is defined by specifying its finite-dimensional laws: for ¢ < # < --- < 1, the joint
density of Y;,, Yy, ..., Y;, is given by

Pt Xa, 10; . X r)—h( Sl x"_x”‘l) ©1)
) 3 3 y sy Ansitn) — — EECIEIIE) 3
\/E Vi — 1 Vin —th—1

where / is the function whose Fourier transform / is given by

h(ui,uz, ... up) = §(Jud + -+ u). (62)

Note that if g is the standard Gaussian density then (Y;);> is the ordinary Brownian motion.
For a non-Gaussian g, the expression in (62) is not necessarily the Fourier transform of a
probability on R”, so some care is needed (we come back to this point in a moment). However,
it is clear from (61) that the increments of the process (Y;);>0 corresponding to time intervals
of the same length (that is, for fixed #; 11 — ¢;) have a permutation invariant distribution and,
therefore, cannot exhibit any decay of correlations.

For this reason, Baldovin and Stella introduced what is probably the most interesting
ingredient of their construction, namely, a special form of time inhomogeneity. They defined
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it in terms of finite-dimensional distributions, but it is simpler to give a pathwise construction:
given a sequence of (possibly random) times 0 < 711 < 70 < --- < 1, 1 400 and a fixed
0<D< % they introduced a new process (X;);>o defined by

X;:=Ypp fort €0, 1), (63)
and, more generally,

X; = Y(t_fn)zu+zz:l(Tk_rkil)zu fort € [1y, Tht1). (64)

For D = % we clearly have X; = Y;, while, for D < % the process (X;)>0 is obtained from

(Y1)r=0 by a nonlinear time change, which is ‘refreshed’ at each time t,,. This transformation
has the effect of amplifying the increments of the process for  immediately after the times
(tn)n>1, while the increments tend to become small for larger ¢.

Let us shed some light on the implicit relations (61)—-(62). If a stochastic process (¥;);>0 is
to satisfy these relations, it must necessarily have exchangeable increments: by this we mean
(see [21, p. 1210]) that, setting AY(4,p) := Y, — Y, for short, the distribution of the random
vector (AYy 4y, ..., AYp 4y, )—where the ;s are intervals and the y;s are real numbers—
does not depend on y1, ..., y,, as long as the intervals y; + I, ..., y, + I, are disjoint. If
we make the (very mild) assumption that (¥;);>0 has no fixed point of discontinuity then a
continuous-time version of the celebrated de Finetti theorem ensures that (¥;);>¢ is a mixture
of Lévy processes; see Theorem 3 of [21] (see also [1]). Actually, more can be said: since,
by (3), the distribution of the increments of (¥;);>0 is isotropic, i.e. it has spherical symmetry
in R", by Theorem 4 of [21], the process (¥;);>¢ is necessarily a mixture of Brownian motions.
This means that we have the representation

Y[:GW[, (65)

where (W;);>0 is a standard Brownian motion and o is an independent real random variable (a
random, but time-independent, volatility). If a process (¥;),>¢ satisfies (65) then, denoting by
v the law of o, it is easy to check that relations (61)—(62) hold with

(x) = / L o227 40) (66)
& N R A/ 270 ’

or, equivalently,

su) = / e~ /2y (o).
R

This shows that the functions g for which (61)—(62) provide a consistent family of finite-
dimensional distributions are exactly those that may be expressed as in (66) for some probability
v on (0, +00).

Note that a path of (65) is obtained by sampling independently o from v and (W;);>o from
the Wiener measure; hence, this path cannot be distinguished from the path of a Brownian
motion with constant volatility. In particular, the (possible) correlation of the increments of
the process (Y;);>0 cannot be detected empirically, and the same observation applies to the
time-inhomogeneous process (X;);>( obtained by (¥;);>o through (63)—(64). In other words,
the processes obtained through this construction have nonergodic increments.

Nevertheless, Baldovin and Stella claimed to measure nonzero correlations from their
samples: after estimating the function g and the parameters #9 and D on the DJIA time
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series, their simulated trajectories showed good agreement with the clustering of volatility,
as well as with the basic scaling (3) and the multiscaling of moments. The explanation of
this apparent contradiction is that Baldovin and Stella did not simulate the process (X;);>0
defined through the above construction, but rather an autoregressive approximation of it. In
fact, besides making a periodic choice of the times 7, := nty, they fixed a small time step  and
a natural number N and they first simulated x5, x25, . . ., x5 according to the true distribution
of (Xs, X25,..., Xns). Then they computed the conditional distribution of X(y41)5 given
X5 = x25, X35 = X35, - . ., XNs = xns—thus, neglecting xs—and sampled x(y11)s from this
distribution. Similarly, x(y+2)s is sampled from the conditional distribution of X y42)5 given
X35 = X35, ..., XN§ = XNS§, X(N+1)5 = X(N+1)$>» neglecting both x5 and x5, and so on. It is
plausible that such an autoregressive procedure may produce an ergodic process.
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