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Stationary Gaussian Markov Processes As
Limits of Stationary Autoregressive Time
Series

Lawrence D. Brown, Philip A. Ernst, Larry Shepp,
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August 27, 2015

Abstract

We consider the class, C), of all zero mean stationary Gaussian
processes, Y;,t € (—00,00) with p derivatives, for which the vector
valued process

0 1
<}/;( )7}/;( )77}/;(17)) ,tZO

is a p + 1-vector Markov process, where (Yt(o) = Y(t)). We provide a
rigorous description and treatment of these stationary Gaussian pro-
cesses as limits of stationary AR(p) time series.

MSC 2010 Primary: 60G10, Secondary: 60G15
Keywords: Continuous autoregressive processes, stationary Gaussian
Markovian processes, stochastic differential. equations

1 Introduction

In many data-driven applications in both the natural sciences and in finance,
time series data are often discretized prior to analysis and are then formu-
lated using autoregressive models. The theoretical and applied properties



of the convergence of discrete autoregressive (“AR”) processes to their con-
tinuous analogs (continuous autoregressive or “CAR” processes) has been
well studied by many mathematicians, statisticians, and economists. See, for
example, the works of [3], [4], [2], and [5].

A special class of autoregressive processes are the discrete-time zero-mean
stationary Gaussian Markovian processes on the line (—o0, 00). The contin-
uous time analogs of these processes are documented in [9] (ch.10) and [10]
(pp. 207-212). For processes in this class, the sample paths possess p — 1
derivatives at each value of ¢, and the evolution of the process following ¢
depends only on the values of these derivatives at t. Notationally, we term
such a process as a member of the class C,. For convenience, we will use
the notation CAR(p)=C),. The standard Ornstein-Uhlenbeck processes is of
course a member of Cq, and hence CAR(p) processes can be described as a
generalization of the Ornstein-Uhlenbeck process.

It is well understood that the Ornstein-Uhlenbeck process is related to the
usual Gaussian AR(1) process on a discrete-time index, and that an Ornstein-
Uhlenbeck process can be described as a limit of appropriately chosen AR(1)
processes (see [7]). In an analogous fashion we show that processes in C, are
related to AR(p) processes and can be described as limits of an appropriately
chosen sequence of AR(p) processes.

Section 2 begins by reviewing the literature on CAR(p) processes, recall-
ing three equivalent definitions of the processes in C,. Section 3 discusses
how to correctly approximate C), by discrete AR(p) processes. This con-
struction is, to the best of our knowledge, novel.

2 Equivalent Descriptions of the Class C,

We give here three distinct descriptions of processes comprising the class
C,, which are documented in [I0] (p. 212), but in different notation. [10]
prove (p.211-212) that these descriptions are equivalent ways of describing
the same class of processes. The first description matches the heuristic de-
scription given in the introduction. The remaining descriptions provide more
explicit descriptions that can be useful in construction and interpretation of
these processes. In all the descriptions Y = {Y'(¢)} symbolizes a zero-mean
Gaussian process on t € [0, 00).



2.1 Three Definitions

(I) Y is stationary. The sample paths are continuous and are p — 1 times
differentiable, a.e., at each t € [0,00) (The derivatives at ¢t = 0 are defined
only from the right. At all other values of ¢, the derivatives can be computed
from either the left or the right, and both right and left derivatives are equal).
We denote the derivatives at t by Y@ (t),i = 1,...,p— 1. At any ¢, € (0, 00),
the conditional evolution of the process given Y (t),t € [0,ty] depends only
on the values of Y (ty),i = 0,...,p — 1. The above can be formalized as

follows: let Y,;(O), Y;(l), e ,Y;(p - ,t > 0 denote the values of a mean zero

It6 vector diffusion process defined by the system of equations

a7V =y9dqt, t>0, i=12...,p—1
p—! A 2.1
dy,"™V = Z a1 Y, dt + odW, 2
i=0
for all t > 0, where ¢ > 0 and the coefficients {a;} satisfy conditions ([2.3)
and |) below. Then let Y (t) = VA

(II) Each Y € C,, is given uniquely by a certain polynomial P(z) via the
covariance of any such Y as follows:

E[YY:] = R(s,t)
=r(t—s)
oo i(t—s)z
e
= —dz.
/_oo [P (2)[?
P(z) is a complex polynomial of degree p 4+ 1. It has positive leading
coefficients and all complex roots ¢; = p; +i0j,7 = 0,...,p with o; > 0, and
p; real. We impose the following constraint on the roots of P(z): whenever
p;j # 0, then there is another ¢} = —(7 which is the negative conjugate of ;.
This definition of P(z) ensures that |P(z)|* is an even function. Finally, it
can easily be shown that, for all ¢, r(¢) automatically has 2p derivatives. The
conditions in equations (2.3) and (2.4)) below link equations (2.2)) and ({2.1])

and characterize which processes satisfying (2.1)) are stationary.
The coefficients a; are the unique solution of the equations:

(2.2)
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3

pHHD (Oh) = Zajr("“)(O),i =0,1,...,p— 1. (2.3)
=0

Note that the left and right derivatives of () are equal except for j = 2p.

The diffusion coefficient, o, is given by

7t = 3 a0~ 4 (1), (24)

J=0

The stationarity of the process in ([2.1)) can also be determined via the char-
acterization in Section 2.2.

(III) Equivalently, it is necessary and sufficient that Y € C, has the repre-
sentation via Wiener integrals with a standard Brownian motion, W,

;= / " gl — wydW(w), (2.5)

—00

where ¢ has the L? Fourier transform

o1
g(z) = —\P(z)| (2.6)

By well-known results from both Fourier analysis and stochastic integration,
a full treatment of which is given in [0], and jointly are equivalent
to construction (IT). Further, by [6], an equivalent construction to that given
jointly by equations and is the following: given a pair of indepen-
dent standard Brownian motions, W; and W5, Y has the following spectral
representation:

Y, :/ costzgdW(z) —|—/ sintzg dWs(z). (2.7)

With regard to initial conditions for (2.1), we note that the process in
(2.2) has a stationary distribution. If we use that distribution as the initial
distribution for ([2.1)), and check that equations (2.3)) and (2.4)) hold, we arrive
at a stationary process.



2.2 Characterization of Stationarity via (2.1

The system in is linear. Stationary of vector-valued processes described
in such a way has been studied elsewhere. See in particular ([7], p. 357,
Theorem 5.6.7). The coefficients in that yield stationarity can be char-
acterized via the characteristic polynomial of the matrix A, where |A — /|
is:

N — g NP7t — L — g\ —a; = 0. (2.8)

The process is stationary if and only if all the roots of equation have
strictly negative real parts.

In order to discover whether the coefficients in yield a stationary
process it is thus necessary and sufficient to check whether all the roots
of equation have strictly negative real parts. In the case of C5 the
condition for stationarity is quite simple, namely that aq, as should lie in the
quadrant a; < 0,7 = 1, 2. The covariance functions for C5 can be found in [9]
(p. 326). For higher order order processes the conditions for stationarity are
not so easily described. Indeed, for C3 it is necessary that a; < 0,7 = 1,2, 3,
but the set of values for which stationarity holds is not the entire octant. For
larger p one needs to study the solutions of the higher order polynomial in
equation ([2.8]).

3 Weak Convergence of the h-AR(2) Process
to CAR(2) Process

3.1 Discrete Time Analogs of the CAR Processes

We now turn our focus to describing the discrete time analogs of the CAR
processes and the expression of the CAR processes as limits of these discrete
time processes. In this section, we discuss the situation for p = 2. Define the
h-AR(2) processes on the discrete time domain domain {0, h, 2h, ...} via

X, =X, ) 00X o+ "2, (3.1)
Z; ~1ID N(0,1), t = 2h,3h, ...

The goal is to establish conditions on the coefficients b, b and ¢" so that
these AR(2) processes converge to the continuous time CAR(2) process as in

5



the system of equations given in . We then discuss some further features
of these processes.

To see the similarity of the h-AR(2) process in (3.1]) with the CAR(2) pro-
cess of , we introduce the corresponding h-VAR(2) processes {Af,, AL}
defined via

Ag;t - A(})L;tfh = h’A;L;tJ
A?;t - Aib;tfh = [C?Ag;tfh + CSA?;tfh} h + tht' (32>
Z, ~1ID N(0,1), t=h,2h,..

From (3.2)) we see that
Ag;t - Ag;t—h + hA}ll;t
= Aly_p+hAY L+ [+ AL, B+ Rz,
= [2+ cR* + SR ALy, — [1+ AR Ay _on + "R 2,

This shows that the h-AR(2) process of (3.1]) is equivalent to the h-VAR(2)
in (3.2)) with

eI+ h+2, WA —dh—1,  ad P2 (33)
or, equivalently,

Aeneie-1], R -d]L ad € 2ngy

From above, the h-AR(2) process of (3.1)) with coefficients given by (3.3 is
equivalent to the h-VAR(2) in equations (3.2)).

Theorem 3.1. Consider a sequence of h-AR(2) processes of with co-
efficients given by , where ¢! — a;, j = 1,2, and "/Nh — o ash 0.
This sequence converges in distribution to the CAR(2) process of .

Proof. It suffices to show that the h-VAR(2) process of (3.2)) converges to
the SDE system of

dY, = Y,dt, t>0
aY, = [aY; + apYi]dt +odW,, t>0. (3.5)

6



We employ the framework of Theorems 2.1 and 2.2 of [8]. Let M, be the
o-algebra generated by

h h h h
A0;07 AO;h’ A0;2h’ sy AO;t—h

and

A?;Ov A?;h? A?ﬂh? () A;L;t
fort = h,2h,.... The h-VAR(2) process of is clearly Markovian of order
1, since to construct {Af,, Al } from {Af, ,, Al,_,} one needs to use the
second equation of to construct Aﬁt and then use the first equation to

construct Af, as well. This establishes that A, is M, adapted. Thus, the
corresponding drifts per unit of time conditioned on information at time ¢

are given by:
Mt] - ]E

Mt] :]E

_ AR h A h

E A(})L;t - Ag;t—h
h

Ag;t—h + h A?;t - Ag;t—h

h M

and
h h
Al;t+h - A1;15
h

(C?Ag;t + CQLA?;IS) h + tht-i-h
h

Mt] (3.7)

Furthermore, the variances and covariances per unit of time are given by

Ah AR h AR
g |86 - SN VA LU O h“) Mt] =h(Al)" (38)
and
2
E (Alyn — A’f;t)2 M] =E [ (c1AG, + 3AL) b+ thHh] ’
h o h !
h 2
[l + hALT R+ 2 (AL, + dAL] €B (i) + E B[22,
h 2
= [hAh, + A h+ % (3.9)



where the last equality assumes that ¢, ~ IID N(0,1). By the same logic,
(Ag;t B Ag;tfh) (Alll;wh - A}ll;t) M]
h t

DAY (¢ + ) b+ €2,
) M, (3.10)
h
L [l + L)
The relationships in (3.8) - (3.10) become
Al — Al )
( 0;t - O,t—h) Mt] =o(1), (3.11)
Al — Al 2 h)?
( Lit+h Lt) Mt] _ (5) +0o(1), (3.12)
h h
and
Al Al Ab Al
E ( 0t o,t—h)h( Lit+h Lt) Mt] = o(1). (3.13)

The o(1) terms vanish uniformly on compact sets. We may additionally show
by brute force that the limits of

E I (Ag;t _hAg;t—h)4 Mt_
and
o[- 80",

exist and converge to zero as h | 0.
We proceed to define the continuous time version of the h-VAR(2) process

of (B2) by



h A Ah h A AhQ
AO;t - AO;lch and Al;t - Al;kh

for kh < t < (k+ 1)h. Then, according to the Theorem 2.2 in [§], the
relationships (3.6)), (3.7) and (3.11)) - (3.13]) provide the weak (in distribution)

limit diffusion

;| |0 1 Y, 0 0 0
3=l e [ 2]l |
where W;, t > 0, is a Brownian motion. This is the linear SDE system of

(3.5) and it has a unique solution. O]

Remark 3.1. [§] Theorems 2.1 and 2.2 are explicitly stated for real-valued
processes but apply to vector valued processes as well. One only needs to
explicitly allow the processes to be vector valued, and to write the regularity
conditions to allow for the full cross-covariance of the vector valued obser-
vations, rather than just ordinary covariance functions. Our processes are
much better behaved than the most general type of process [§] considers since
our error variance is constant (depending only on h) and our distributions
are Gaussian, and hence very light tailed. Thus both of Theorems 2.1 and
2.2 in [8] apply.

3.2 Stationarity of AR(2)-VAR(2) process

In this section we present necessary and sufficient conditions for stationarity
of the AR(2) process and its equivalent VAR(2) process and connect this to
the stationary condition for CAR(2). First, we invoke the following propo-
sition, which is easily proved using well-known results from the time series
literature (see [1]).

Proposition 3.1. The AR(2) process
Xt = letfl + bQXt,Q + S Zt7 Zt ~ [[D N(O, 1) (314)

1s stationary if and only if
—2<b < 2, bo — b1 <1 and b +by< 1, (315)

which require (bl, bg) to lie in the interior of the triangle with vertices (-2,-1),
(0,1) and (2,-1). Its stationary variance is given by

§2

2 2 :
-2, (g + b2>

Yo = (3.16)




Because of the relations in (3.3) and (3.4)), it follows that we have the
following corollary to Proposition (3.1

Corollary 3.1. The VAR(2) process
AO;t - AO;t—l = A1;757
Ay — Ay = a1Do—1 + oAy + E4,
Z, ~IID N(0,1), t=1,2,..,

is equivalent to the AR(2) process of for
by =c; +co+2 by = —cy — 1 and ¢ =¢.

Furthermore, the VAR(2) process is stationary if and only if
4<e <0 and —2—%<02<0. (3.17)

is equivalent to the condition that (c1,ca) lies in the interior of the
triangle with vertices (-4,0), (0,0) and (0,-2).

3.3 Stationary Variance of h-VAR(2) Process

In this section we investigate the stationarity of a special version of the h-
VAR(2) process in Theorem 5.1.1, which converges to the CAR(2) process of
(3.5) as A | 0, through the stationarity of its equivalent h-AR(2) process.

Proposition 3.2. The h-VAR(2) process of for ¢ = ay, cf = ay and
" = ov/h is stationary as h | 0 if and only if a; < 0, j = 1,2. Then its
stationary variance satisfies
o2
limq) = (3.18)

no % 2aias

Proof. From (3.3), the h-VAR(2) process of the hypothesis is equivalent to
the h-AR(2) process of equation (3.1) with coefficients given by

W= ah® +ash+2,  W=—-ah—-1 and " =0(Vh)’ (3.19)

From condition (3.15]) of Proposition , this h-AR(2) process is stationary
if and only if the following conditions hold:

o M+ <1 & ah®+ah+2—ah—1<1 & a <0,

10



e V<2 & e+ ah+2<2 & ay<-—-ath™ ay, <0,

e 2<b & 2<ahlftah+2 & ahf+tah+4>0 & 0<

h < —ag—\/a%—IGal

2a1 ’

° bg—bill<1 =4 —agh—l—alhz—agh—2<1 =4 a1h2+2a2h+4>

0 & 0<h< 2Voin

ay )

where the last two conditions hold as h | 0.

Finally, from equation (3.16)) and (3.19)) we can compute the stationary vari-
ance as follows:

(")

% =
1_@_17’21[(1)}11) +b}21

1-bl 1-bk

0?(2 + azh) o _ O
CL1(L2(4 + a1h2 + 2&2]1) - N 2&1@2 ’

This concludes the proof. O

3.4 Stationarity of CAR(2) Process

This section provides a new derivation of the necessary and sufficient condi-
tions for the stationarity of a CAR(2) process. It also gives the stationary

covariance function of the vector (Yt(o), Yt(l)) .

Theorem 3.2. The CAR(2) process given by the SDEs system

1 _,[Y 0
d[z_-_A{E]dt+2d{WQ}, t >0, (3.20)

where

A= 1} and 2:{00},

a; ag 0 o

11



is stationary if and only if a; <0, j = 1,2. Then its solution [Y, YT, t>0,
s a zero-mean 2-dimensional Gaussian process with covariance

1= / Moy Te dt (3.21)
0

#(15: ) o)

DAY <t <5< oo
Velt=AT 0 < s <t < 0.

and covariance function

(>

p(s,t)

Proof. According to Theorem 6.7 in Chapter 5 of [7], the assertion of the the-
orem holds if all the eigenvalues of matrix A have negative real parts. Hence,
we compute the eigenvalues of matrix A. We calculate the characteristic
polynomial as

—-A 1
¢(A):|A—)\]|: :)\Q—ag)\—al,

aq CLQ—/\

which is of quadratic order with a discriminant equal to D = a2 + 4a;. We
then consider the following cases:

H D=0 < % = —ay, the characteristic polynomial has the double
root

)\172 = 5

(V1)

i) IfD>0 & =
real roots

> —ay, the characteristic polynomial has the two

|

a9 + CL% + 4CL1
5 .

2
(i) If D < 0 ¢ 2 < —ay, the characteristic polynomial has the two

complex roots
\ as + iv/4a; + a3
12 = .
’ 2

In every case we need to impose conditions on the coefficients of the
characteristic polynomial so as the real part of all eigenvalues is negative.

Ao =

12



Indeed, in case (i) the double real root of the characteristic polynomial is
negative if and only if as < 0, which through the discriminant condition
implies also that a; < 0. In case (ii) we need to impose that both real
eigenvalues are negative; i.e.,

as — /a3 + 4day
A1 < 0,

- 2

as + /a3 + 4a;
)\2: 5 <0

az<0 2 2
257 ay +4dar < a;

Note that the latter condition implies both that a; < 0 for j = 1,2. Then
the former condition holds as well. In case (iii) the common real part of the
two complex eigenvalues is negative if and only if ay < 0, which through the
discriminant condition also implies that a; < 0. Consequently, in all cases
the real part of both eigenvalues of matrix A is negative if and only if a; < 0,
j=12. O

We now compute the stationary variance V' of the CAR(2) process of
(3.20)), as given in (3.21)), beginning with the computation of the matrix e,

t > 0. In particular, we are looking for f(A), where f(\) = e*. From

standard matrix theory, this can be computed via a polynomial expression of
order 1, and thus f(A) = 6o I 4+ d; A. Hence, it suffices to set g(\) = dg+ 01 A
and to demand that f(A) and g(\) to be equal on the spectrum of A. Then
we will have that f(A) = g(A).

The roots (one double or two real/complex) Aj, Ay of the characteristic
polynomial ¢(\) of A satisfy the relationships:

)\1 + )\2 = a2 and )\1)\2 = —aj. (322)

Since the polynomials f()\) = e* and g(\) = &y + 61 A must be equal on the
spectrum of A, we have that

f()\l) = g()\l) = 6>\1t — (50 + (51)\1,

f()\Q) = g<>‘2) & eMi= do + 01 As.

13



Then,

5o o
M= f(A)=g(A) =8I +6 A=
a101 0o + agdy

From (3.21]), we compute the stationary variance

V = OoetAEZTetATdt:o*z ooetA 00 (etA)Tdt
0 0 0 1 '

For any a < 0 we have that

/OO (a+bi)t 74 _ elatbit
e dt = -
0 (a + bi)

> 1

0 T a+bi

Using the equalities in (3.22)), we can rewrite the covariance function as:

2 Agerl (5=t) _ ) er2 (s—1) 9 er2 (s—t) _pAy (s—t)
2a1a2(A2—A1) -0 W
_ . 0<t<s<oo.
2eM2 (s—t) _gA1 (s—t) 2 /\26>‘2 (sft)_/\le)\l (s—t)
T 2a9(Ae-N1) 2a2(A2—A1)

3.5 Weak Convergence of h-AR(p) process to CAR(p)
process

We now consider the AR(p) process on the discrete time domain {0, h, 2h, ...},
given as

X = b;tthh + b}QLthZh +-+ b?thih + -+ bZthph + thta (3.23)
Zy ~1ID N(0,1), t = ph,(p+ 1)h, ...,
and show that subject to suitable conditions on the coefficients b%, b3, ... bg

and ¢", this converges as h | 0 to its continuous time CAR(p) process of the
form

p—1
Y;(p) = Z aiJrl}/;(z) + O'Wt, t> O, (324)

1=0

14



for a; #0,7=1,2,...,p, and 0 > 0.
Define the coefficients {c? :j=1,...,p} and ¢" through the equations

B2 (—1) { (];) + i (1;::11) hp—'f“cz}, and  (3.25)

§h L hp—lé—h )

The following theorem, which is relegated to the Appendix, can be proven:

Theorem 3.3. The h-AR(p) process of with coefficients given by
, where c;? —aj, j=1,2,...,p, and &"/\/h — & as h | 0, converges in
distribution to the CAR(p) process of )

It is of interest to note the scaling for the Gaussian variable Z; in (3.23)).
In order to have the desired convergence, one must have (* — ov/h and via
(3.25) this entails ¢* — oh?~1/2,

APPENDIX

The Appendix proves Theorem 5.3. To do so, we first study the similarity
of the h-AR(p) process in (3.23)) with the CAR(p) process (3.24]). We begin
by introducing the corresponding h-VAR(p) process

h h _ h
AO;t - AO;tfh - hAl;t?
h h _ h
A1;t - A1;t7h - hAZ;t?

;)

h h _ h
Ai—l;t - Az'—l;t—h = hA;

h h _ h
Ap72;t - Ap72;tfh = hA

p—1;t»
p—1
h h _ h h h
AP—l;t - Ap—l;t—h =h § :Ci—HAi;t—h +§ Z,
=0

Zy ~1ID N(0,1), t=h,2h,...
The process of (A.1) immediately yields:
zi hA}ll;t—h = Ag;t—h - Ag;t—2h

15



_ ((1))(_1)%3;” + G)(—l)lA'&tzh,

g hQAg;t—h =h [A}ll;t—h - A]11;15—2h}
= [Ag;t—h - Ag;t—Qh] - [Ag;t—Zh - A}11;75—3h:|

_ Al h h
- AO;t—h - 2A0;t—2h + AO;t—3h

_ (3) (—1)°AL, , + G)(—l)lﬁé‘;t—zh + (Z)(—l)%&t—%'

The process of ((A.1)) generalizes as follows:

i+1 .
i v -
pal =30 (1) 0 8k, (A2)

k=1

fort=1,2,....,p—1.

We prove (A.2) via mathematical induction. (i) For ¢ = 1 the relationship
A.2)) holds trivially. (ii) Let (A.2)) hold for i = m. (iii) We shall show that
A.2)) also holds for 7 = m + 1.

m+1 A h (@A) for i=m41 5 0y ah m Ah
h Am-l—l;t—h h Am;t—h_h Am;t—Qh

m+1

(id) m _
> (7)o
k=1
m—+1
m _
> (") 0 A

k=1

d i m+1 m
2nd sum: l=k+1 _1\k—1Ah
s (7 N sy

m+2 m
> (") s

=2
m—+2
m+1 _
= Z (k _ 1) (_1>k lAg;tfkh'
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Furthermore, we have that

n (A1) for i=1 h h
Ay === Dgypn + hAY,

A1) for i=2
Ag;tfh + h [A;L;tfh + h’Ag,t] - Ag;tfh + hAiL;tfh + thg;t

[\

.
=S HAL AL,

7

Il
o

ED Z“
by the last equation of (A.1) iAh p—1 h
h Ai;t—h + h Ap—l;t—h+

=0
p—1

h Z CURVAC ghzt}

=0

p—

1 i+1 :

(A-2) i 7 _ _

[1 + h? C?+1} E (k _ 1) (1) AGypy + PP Z,
0 k=1

i=

. . p p_l ) .
by interchanging the sums Z<_1)k71 { Z (k i 1) [1 + hpilci'l-i-l] }

k=1 i—k—1
h p—1¢h
AVSRIPVAE S L A

p P .
elescopic sum -1 i
telescop Z(_l)kq { (Z) 4 <Z: B 1> hszrlCZh} Ag;t—kh+
k=1 i=k

hpfltht’ -

which, when compared with the h-AR(p) process of (3.23)), yields the rela-

tionships

b

) 5 (’j - 11) hp_k“cZ} . and (A3

k=i

(>
|
=
=
—
——
T

§h L hp—lgh
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for all i = 1,2...,p. From above, the h-AR(p) process of with coeffi-
cients given by is equivalent to the h-VAR(p) of . We conclude
with a statement of Theorem 5.3, the proof and supporting details of which
are in the Appendix.

We shall next find the coefficients ¢, i = 1,2, ..., p, in terms of the coef-
ficients b, i = 1,2, ..., p. In particular, we have that, from (3.25)),

< g ()0 ]
= =t (p: Dbﬁ -]

and

Proposition A.1. This gives the general formula

P
, . k—1
h — p—pti—-1 _1)i—1 h -
¢ =h [( 1) E (z B l)bk 1] , 1=1,2...p. (A.4)

k=i

Proof. We prove Proposition by backward induction. (i) For i = p the

relationship (A.4]) holds trivially. (ii) Let (A.4) hold for every i =p — 1,p —
2,...,m+ 1. (iii) We shall show that (A.4]) also holds for i = m.

p .
i=m 1h __ m—1 p 1 —1 —i+1 h
() {(m)+z<m_1)hp }

> (oo (o) 2 60

i=m+1 i=m+1
Hence, interchanging the order of summation in the double sum, the former
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index bounds ¢ < k < p and m+1 < i < p have now become m+1 <7<k
and m+ 1<k <p. We further have:

2 (e £

SD S )ty

k=m+1 1=m+1

> (Eh) Sy (")

k=m+1 J=1

o 2 () [

J

Sl A VR ] )| SRS

k=m+1

S (70)

k=m+1

~—

as well as

i:miﬂ (7;_—11) - iéﬂ [(T;) - (Z;1>] elescopie sum. (i) 1

The last relationship yields
-1
_1ymlph — p pp—m+1 h bh
= (1) + Z

[(z)—@

& k—1
hp—m+1 h —(—1 m—1 bh -1
= Cm ( ) Z k m—1 9

k=m
concluding part (iii) and thus the proof. O
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Finally, for t > 0 we know that:
vy, =yt

1 2
Ay =y @ g

ay " =yYat, (A.5)

d}/t(P—Q) _ ift(p_l)dt
and from (3.24)) we have also that

dY;(pil) = |:CL1Y;5 + ag}/;(l) +--+ aiY;(iil) +
+a, Y7 4 ath(p_l)] dt + odW;.
(A.6)

Thus the CAR(p) process of ([3.24) is equivalent from (A.5)) and (A.6]) to the
system of stochastic differential equations in (2.1)).

Theorem 5.3 The h-AR(p) process of (3.23) with coefficients given by
3.25), where c? — aj, j=1,2,..,p, and "/v/h — o as h | 0, converges in
distribution to the CAR(p) process of ([3.24).

Proof. We generalize Theorem by proving that it suffices to show
that the h-VAR(p) process of converges to the SDEs system of .
As in Theorem 5.1.1, we employ the framework of Theorems 2.1 and 2.2
of [8]. Let M, be the o-algebra generated by Al A%, AL, AL, 0=
0,1,....p — 2, and A} Al AL ALy, for & = h,2h, ... The
h-VAR(p) process of is clearly Markovian of order 1, since we may
construct Af, Al AL AN from AR AL, L AL AN L, by
constructing first AZ—I;t from the last equation of 1) A’;_Zt from for
1 = p — 1, and so forth, and then finally Ag;t from 1} for ¢ = 1. This also
establishes that AZt, 1=20,1,...,p—2is M, adapted. Thus the corresponding
drifts per unit of time conditioned on information at time ¢ are given by:

A?—l;t - Ai’lfl;tfh A'?fl;tfh +h A?,t - A?fl;tfh M]
h h !

E

20



= A, i=1,2,....p—1, (A7)

and
(AP AP
E p—1;t+h p—1;t Mt
h
by the last equation of E hZf 01 Z—lA it +§ Zt+h M] (A 8)
h t '
_ClAgt+CgA?t hAZ Lt

Furthermore, the variances and covariances per unit of time are given by

2
<A§L. N ._h> (hA?
E 1t 13t ‘Mt IE —t’M
h
2
:h(AZt> . i=1,2,..p—1, (A9
and
—<Ah Lit+h AL 1vt>2
E - i ' t

h

t

2
p—1 h h h
by the last equation of E [h Zz 0 2-1—1A )h + 5 Zt+h]
h

()"

= [dfAG, + AL + -+ DAL lt} h+ >

(A.10)

where the last equality assumes that Z,,, ~ IID N(0,1). By the same logic:

(A= A1) (A = ALy )
M,

E
h
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K1) (hAZJ(hA??f)‘Mt
I

- hAZt A?;ta ij = ]-727"'7p_ ]-7 [ 7&]7

and
E (A?fl;t - A?—l;t—h) (Az—l;t—i-h - Azfl;t)
h t
g | [Pk AL gAY+ € 2

h

— hAL [ AL, + Al 4k Al ) =12, 1,

Therefore, the relationships of (A.9) - (A.12)) become

2
h h
(Aifl;t - Ai—l;t—h)

E
h

and

[ (st ) (s oap )

h Mt - 0(1)7

22

‘Mt =o(1), 1=1,2,...,p—1,

(A.11)

(A.12)

(A.13)

(A.14)

(A.15)

(A.16)



i=1,2,...,p—1,

where the o(1) terms vanish uniformly on compact sets.

We may also show by brute force that the limits of

(A=A, )
h

E

4
‘Mt . i=1,2,...p—1

and

t

E (AZhHhh— Az—l;t>4 ‘

exist and converge to zero as h | 0. We can then define the continuous time

version of the h-VAR(p) process of (A.1]) by
Ah A Ah
it T —iskh

for kh <t < (k+1)handi=0,1,...,p— 1. Thus, according to Theorem 2.2
in [8], the relationships (A.7)), and (A.13)) - (A.16) provide the weak
(in distribution) limit diffusion. This is precisely the linear SDE system of
and it has a unique solution.

References

[1] ANDERSON, T. The Statistical Analysis of Time Series. Wiley-
Interscience, 1994.

[2] BROCKWELL, P. J., FERRAZZANO, V., AND KLUPPELBERG, C. High-
frequency sampling and kernel estimation for continuous-time moving
average processes. J. Time Series Anal. 34, 3 (2013), 385-404.

[3] BROCKWELL, P. J., AND LINDNER, A. Existence and uniqueness of

stationary Lévy-driven CARMA processes. Stochastic Process. Appl.
119, 8 (2009), 2660-2681.

[4] BROCKWELL, P. J., AND LINDNER, A. Strictly stationary solutions
of autoregressive moving average equations. Biometrika 97, 3 (2010),

765-772.

23



BRrROCKWELL, P. DAvIS, R., AND YANG, Y. Continuous-time Gaussian
autoregression. Statistica Sinica 17, 1 (2007), 63.

DywMm, H., AND McKEAN, H. Gaussian Processes, Function Theory,
an the Inverse Spectral Problem. Academic Press, 1976.

KARATZAS, 1., AND SHREVE, S. Brownian Motion and Stochastic
Calculus. Springer, 1991.

NELsoN, D. ARCH models as diffusion approximations. Journal of
Econometrics 45, 1 (1990), 7-38.

PaprouLis, A. Probability, Random Variables, Stochastic Processes. Mc-
Graw Hill, 1991.

RASMUSSEN, C., AND WILLIAMS, C. The Statistical Analysis of Time
Series. MIT Press, 2006.

24



	University of Pennsylvania
	ScholarlyCommons
	3-2017

	Stationary Gaussian Markov Processes as Limits of Stationary Autoregressive Time Series
	Philip A. Ernst
	Lawrence D. Brown
	Larry Shepp
	Robert L. Wolpert
	Recommended Citation

	Stationary Gaussian Markov Processes as Limits of Stationary Autoregressive Time Series
	Abstract
	Keywords
	Disciplines


	Introduction
	Equivalent Descriptions of the Class Cp
	Three Definitions
	Characterization of Stationarity via (2.1)

	Weak Convergence of the h-AR(2) Process to CAR(2) Process
	Discrete Time Analogs of the CAR Processes
	Stationarity of AR(2)-VAR(2) process
	Stationary Variance of h-VAR(2) Process
	Stationarity of CAR(2) Process
	Weak Convergence of h-AR(p) process to CAR(p) process 


