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Chapter 1

Introduction

This thesis is concerned with identifiability analysis and estimation of multivariate linear dynamic models. A particular
emphasis is given firstly to models with strictly fewer inputs than outputs, secondly to the case of mixed frequency
data, and lastly to linear multivariate rational expectations models which exhibit some interesting features.

In multivariate linear dynamic models, identifiability analysis plays an important role for the whole estimation pro-
cedure. The estimation problem is separated into two subproblems. First, the problem of estimating the external
characteristics (e.g. second moments or spectral density of the observations) of the model from data is of purely
statistical nature. Second, the problem of attaching the external characteristics to the internal characteristics of the
system, i.e. the identifiability problem, is of purely algebraic nature. To be more precise, identifiability is defined in
Deistler and Seifert| [1978] as the existence of an identifying function attaching external characteristics of a system
(e.g. the second moments or spectral density of the observations) to internal characteristics of a system (e.g. the
parameters in the econometric model). As soon as we know that the external characteristics are almost everywhere
exactly estimable and that the econometric model is almost everywhere identifiable, then the internal characteristics
are almost everywhere consistently estimable, compare |Deistler and Seifert [1978] Theorem 5. Many applications
of this idea of separating the estimation problem into these two subproblems can be found in [Hannan and Deistler
[2012]. This approach is used in a stochastically singular model in Chapter [3) where a (continuous) identifying func-
tion is constructed which attaches the second moments of the observations generated from a singular AR model to
the parameters of the model. In Chapter [4} this paradigm is applied to mixed frequency population second moments
and an underlying high frequency AR model. A similar approach is conceivable for structural singular ARMA models
which play an important role for modeling the solutions of stochastically singular multivariate rational expectations
models.

1.1 Spectral Factorization of Singular Spectral Densities

Chapter deals with spectral factorization, i.e. obtaining a transfer function k(z) (relating the inputs to the outputs
of the system) from the spectral density f()), of singular spectral densities. It is included in this thesis for various
reasons.

First, spectral factorization is the logical starting point for identifiability analysis in stationary linear models because
the information of the second moments of a stochastic process is contained in the spectral density. Structural
features of economic models as, e.g., imposing through a non-miniphase condition that agents in an economy have
more information than an observer as in |Leeper et al.| [2013] have obtained recent attention and are likely to become
more important. In the same way, non-causal models have attracted recent interest, see, e.g., |Lanne and Saikkonen
[2013] which treats non-causal multivariate AR models. It is important to realize that there are in general multiple
transfer functions (e.g. miniphase and non-miniphase transfer functions) which can be attached to a single spectral
density and that only in the case of an unrestricted parameter space the miniphase and causality assumptions amount
to normalizations. It seems thus important to comment on these recent developments.

Second, the proof in|Rozanov|[1967] which is the usual reference in time series analysis regarding spectral factorization
is in error. Although this was corrected in Hannan| [1970], the case of singular spectral densities does not receive
sufficient attention there.
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1.2 AR Systems and AR Processes: The Singular Case

Chapter [3] deals with the identifiability problem for singular AR models, shows that the identifiability problem in this
case is very similar to the one for usual multivariate ARMA models, and introduces a canonical form, i.e. a member
of the class of observational equivalence with respect to the same transfer function, with nice properties. It is based
on |Deistler et al.|[2011], co-authored with Manfred Deistler and Alexander Filler. The paper was written in a process
of continuous discussion and no distinct individual contribution can be attributed to any of the authors, each of
whom made a significant contribution.

Singular AR models represent the most important model class for latent variables in generalized dynamic factor
models [Forni et al.| [2000], |[Forni and Lippi| [2001], Deistler et al.| [2010]. As already mentioned above, AR models are
typical in the singular case given that for “almost all” rational transfer functions there exists an AR realization, i.e.
no MA part is necessary in the modeling process. However, the identifiabilty analysis in the singular AR case is more
difficult than in the usual AR case (where the innovation covariance matrix has full rank and identifiability analysis
is trivial).

After analyzing both linearly regular and linearly singular solutions of these systems, we discuss the well-known Yule-
Walker equations which will be used to derive the main result: The canonical form we derive has two advantages
over the previously used minimum norm solution of the Yule-Walker equations, see [Chen et al.|[2011]. First, the
obtained system is always coprime (which is not necessarily the case for the minimum norm solution of the Yule-
Walker equations) and second, the system obtained by estimating our canonical form is independent of the number
of lags r > p (where p is the true AR order) included in obtaining the Yule-Walker equations (which is in general not
the case for the minimum norm solution).

1.3 Multivariate AR Systems and Mixed Frequency Data: Identifia-
bility and Estimation

Chapter [4] deals with identifiability from mixed frequency data in the sense that we want to obtain the underlying
high frequency AR model from (mixed frequency) population second moments which can be observed in principle.
The case of singular and as well as the case of non-singular innovation covariance matrix is treated. The chapter is
based on joint work with Manfred Deistler, Brian D. O. Anderson, Elisabeth Felsenstein, and Mohsen Zamani. The
paper was written in a process of continuous discussion and no distinct individual contribution can be attributed to
any of the authors, each of whom contributed significantly contribution.

The chapter is a seminal contribution to the time series literature concerned with mixed frequency data. Other
approaches either discard data and estimate the model on the lowest frequency or use mixed frequency data without
specifying an underlying high-frequency model generating the data. We assume a high frequency, multivariate
autoregressive model generating the outputs. Some outputs are not observed at the highest frequency but instead
at an integer multiple of the highest frequency, thus leading to MF data. The final aim of the analysis considered
here is to directly estimate the parameters of the underlying high frequency model from the available MF data. Once
these parameters are available, then also all variances and covariances of the high frequency process are available
and, based on those second moments, linear least squares approximation problems like interpolation, nowcasting, and
forecasting can be solved.

The analysis is focused on identifiability of the parameters of the underlying high frequency model from the second
moments of the observations. The main result is that “typically” (for instance generically) identifiability can be
ensured using second moments. Our results are “constructive” in the sense that we present “realization algorithms”,
i.e. algorithms which give the parameters from the second moments which can be observed in principle.

1.4 Stochastic Singularity in Rational Expectations Models

Chapter [5] is concerned with stochastic singularity in multivariate linear rational expectations models. It provides
important preliminary work for treating identifiability analysis and estimation of structural singular ARMA models. In
the singular case (with unrestricted parameter space), AR models are typical in the sense that for “almost all” rational
transfer functions there exists an AR realization, see |Anderson and Deistler| [2008| 2009]. Thus, if the parameter
space is unrestricted, modeling processes with easy-to-use AR models instead of ARMA models does not represent
any problem from a modeling perspective. This result suggests that treating singular ARMA models in the case of an
unrestricted parameter space might not be worth anyone's while. However, in structural models no such genericity
result holds and thus treating structural singular ARMA models is of importance. Structural singular ARMA models
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are essential for, e.g., dynamic stochastic general equilibrium (DSGE) models, i.e. rational expectations model with
parameter restrictions derived from a dynamic optimization problem.

The main result of Chapter [5] is the derivation of the number of free parameters in the reduced form of a rational
expectations model in the stochastically singular case. The result holds under very general restrictions on the
parameter space such that state-of-the-art macroeconomic models as |Smets and Wouters [2003, [2007] can be
analyzed.

1.5 Analysis of Indeterminate Equilibria in Linear Multivariate Ratio-
nal Expectations Models

Chapter [0] extends the analysis of indeterminate equilibria of rational expectations models in [Lubik and Schorfheide
[2003]. It is shown that there are certain parameter constellations that lead to models which are deemed to have an
indeterminate solution according to the analysis given in [Lubik and Schorfheide| [2003] even though the solution is
actually unique.
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Chapter 2

Spectral Factorization of Singular
Spectral Densities

This chapter deals with the non-uniqueness of the transfer function obtained from the spectral factorization of a
singular rational spectral density. It contributes and improves on previous results in the sense that firstly the proof
of spectral factorization in [Rozanov, [1967| is in error, that secondly the proof in [Hannan| [1970] is scattered and
not given for the singular case, and that lastly it provides a greatest common divisor for this thesis by putting all
subsequent results as well as recent contributions to the literature in context.

First, we prove the spectral factorization result given in [Rozanov| [1967] Theorem 10.1 on page 47, amended in
Hannan| [1970] Theorem 10’ on page 66 and Theorem 1 on page 129. Rozanov does not consider zeros and poles on
the unit circle and treats uniqueness only in the guise of maximal matrix functions (on pages 60-63). Hannan takes
zeros on the unit circle into account but only proves (in less detail than Rozanov) the non-singular case and traces
the singular case back to the non-singular case. Second, a unique representative is defined in two different ways,
namely either by prescribing a certain set of rows of the coefficient matrix kg to be the g-dimensional identity matrix
or by requiring firstly that the innovation covariance matrix is the identity matrix I, and secondly that ky = R,
where R € R**7 is obtained from the generalized R() decomposition defined below. Last, we discuss the so-called
“normalized factorization” used in [Deistler and Potscher| [1984] on page 844.

2.1 Some definitions and preliminaries

Finite zeros and poles. In order to define finite zeros and poles of a rational matrix function we introduce the
Smith-McMillan form of a rational matrix function, see e.g. [Hannan and Deistler| [2012] page 53.

Lemma 2.1. Every (s X n) rational matrix h(z) of rank r can be written as

h(z) = u(z)A(2)v(2), (2.1)

Ai(z) 0 - 0 0
0 . .
A= . o
0 - 0 M2 0
0 T 0 O(S—T)X(’I’L—'I‘)
with A\;(z) = ZT((ZZ)) where 1;(z) and e;(z) are relatively prime monic polynomials, €;(z) divides €;1(2),1 €

{1,...,7 — 1}, and ¥, 1(2) divides 1;(2), i € {1,...,7 — 1}.

As in|Hannan and Deistler [2012] on page 54, who refer to [Kailath|[1980] and |Rosenbrock| [1970], we define the finite
zeros of a (s x m)-dimensioanl rational matrix function h(z) of rank r as the zeros of the numerator polynomials
gi(z), i € {1,...,r}, and the finite poles as the zeros of the denominator polynomials ¢;(z), i € {1,...,r} in the
Smith-McMillan form.

11
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An (s x s)-dimensional rational matrix function f(z) of rank g corresponds to a spectral density f, (A) = f (e’“‘)
if and only if f(z) is integrable (component wise) on the unit circle and, i.e. ["_f(e™™)d\ < oo, and f (e=*) >
0, A € [—m, 7], almost everywhere, compare Rozanov Theorem 5.2 on page 22 or |Deistler and Scherren [1994]
page 32. Since we consider only spectral densities with real coefficients, it follows from f (e’“‘) being a.e. positive

semi-definite that f (=) = [f (e="")]" or equivalently f, (\) = f, (=\)".

Some remarks on notation. We use a subscript f, (A\) = f (¢e7**) to indicate that f(z) is evaluated on the unit
circle and corresponds to the spectral density corresponding to the process (y;),.;. In order to forestall confusion, we
mention here that an asterix before parentheses, e.g. k* (1), means that the coefficients of k(z) = Z;io K;z9 are

transposed and conjugated such that k* (1) = Z;OIOKif (%)J An asterix after parentheses, e.g. k (¢’)”, means

. _

that the whole function is transposed and conjugated, i.e. k (e*)" = Yo Kj(ew) =300 K (e=™)’. Thus,
k (eiw)* — k* (efiw)’
The spectral factorization theorem is sometimes, see e.g. |Rozanov|[1967] Theorem 10.1 page 47, stated for a spectral
density f (e’”‘) whereas sometimes it is stated for a spectral density f (e”‘) as, e.g., in [Hannan| [1970] Theorem
10’ on page 66 or [Hannan and Deistler [2012] Theorem 1.3.3 on page 27. They correspond, however, to the same
object. This can be seen by the way the isomorphism between linear operators on the Hilbert space H, generated by
the stationary stochastic process (1), and the Hilbert space £ (f,), where f,(X) = f (e7**) is the corresponding
spectral density, of all vector functions ¢()) for which [™_o(X\)* f,(A)@(A)dA < co. Indeed, in [Rozanov| [1967] the
spectral representation of the j-th component takes the form

ngk) — / ei)xtq)k(d)\)7

—T

where @ (d\) is the spectral measure corresponding to yt(k). On the other hand, in|Hannan|[1970] this representation
takes the form i
y = / e~ MOy (dN).

It follows that the random variable ygk) € H, corresponds in |[Rozanov| [1967] to e'** € L2 (f,) whereas in Hannan
[1970] it corresponds to e'* € L2 (f,).

In [Rozanov| [1967], the autocovariance function F%’l)(h) of the k-th and I-th component of (y;),. is defined by the

first equation below, and their cross spectral density fﬁ'él)(/\) is defined by the last equation below, i.e.

—T
k,l k) (1
T )(h)ZE(yf+)hy§) )

ca((f o) ([ o)

= [ e (anavm@n”) = [ e o

—T —T

In [Hannan| [1970], however, the autocovariance function Fg’l)(h) as well as the cross spectral density fé%)()\) the
k-th and I-th component of (y;),., are defined slightly differently:

—T
k,l k) (1
() =E <y§ )yt(th )

o[ ) ([

- / " eE (@ (B ) = /_ "D ()

—T

The Fourier series of f;ﬁ’é)()\) and fszcj{l)()\) are

1 1 Kl i
Tl W =52 30 TV (e ™

h=—o00

— fn (64,\)
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and
k1 R K, i
AUCVE =D B S GO
h=—00
_ fH (ei)\)

From these representations it is obvious that fg (e=**) = f (e"*). Here, we will follow the conventions in |Rozanov,

T
[1967], i.e. in particular T**:) () = E (yt(ﬁ)hyt(” ) and fFP () = £ 3050 TRD(R)e=M = fp (7).

2.2 The Theorem

Theorem 2.2. A rational (s x s) matrix function f(z) with real coefficients having constant rank ¢ < s almost
everywhere on S = {z € C||z| = 1} and corresponding to a spectral density matrix f,(\) = f(e™**) may be
factorized as
/1
f(z) =w(z)w <Z> (2.2)
where the (s x q)-dimensional rational matrix function w(z) is analytic within a circle containing the closed unit disk,
and has no zeros within the unit circle, i.e. rk(w(z)) =¢q, Vz€ D ={z € C| |z| < 1}.

Proof. We start by proving the scalar case.

The scalar case.

Step 1: Represent f,(\) as a fraction of two trigonometric polynomials. We start by writing the spectral
density f, () and the corresponding matrix function as

_ fy,l ()‘)
fy,2(/\)

f1(2)
fa(z)’

fy(N) and f(z) =

where fi(z) = 37, a;27 and fa(2) = 37, ;27 are non-negative trigonometric polynomials and a;,b; € R.
These trigonometric polynomials can obviously be chosen not to have common zeros. Moreover, f, (e’”‘) is strictly
positive because there are no poles on the unit circle S.

Step 2: Show that if z; is a zero of f(z), then also z, ' is a zero of f(z).  First, we note that f,()\) (and

thus f,1())) is an even real function because f (e=*) = f (e~**) holds by assumption. This implies that a; = a_;

because
n n

fi (e_i’\) =fi (") = Z aje” M = Z aje?*,

k=—n k=—n

It is obvious that fi(z) cannot have a zero at zy = 0 because otherwise fi(z) would be identically zero (a; = 0 for
J < 0 which implies that a; = 0 for j > 0).

Moreover, if f1(z9) = 0 for zg # 0, then

n

n
——1 =i —j _
hz') = Z a;jZy’ = Z a_; Zy = f1(Zo) = f1(20) =0
j=-n j=—n 27
and thus Z5 ! is a zero of fi(z) as well. We also note the obvious fact that all non-real zeros occur in complex

conjugate pairs since the coefficients of f1(z) and fa(z) are real.
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Step 3: Factorize f,1(\) = b(e7™)b(e™) = b(e™™)b(e~**). We factorize fi(2) in linear factors such that
there are r zeros z; with |z;| > 1 and 2s = 2n — 2r zeros on the unit circle. The zeros on the unit circle occur in
with multiplicity two because otherwise it would contradict the non-negativity of fi,(\) on the unit circle, i.e. the
derivative of fi ,(A) at A = A; must be zero. The zeros on the unit circle have indices j € {r+1,...,n}

1
fi(z) = apz™" (a [a,,,zZ" tan_ 122" a2 ag a2 4 a2+ a_n]>
n
T S

:anz_"H(z—zj) (2—5]71) H (z — ™)

j=1 j=r+1

or equivalently

n

fy,l()‘) — fl (e—i)\) _ anein)\ H (e—iA _ Zj) (e—iA —E;l) H (eiw _ eiwj) ) (23)
j=1

j=r+1

Substituting (e=™ —z;71) = 7z (77 — ) = (—1)e Pz e ™ — z;) in (2.3)) we obtain

r n
fi (eiw) _ anefinw H (efi)\ . Zj) (_1)67i>\z—jflm H (670\ _ ei)\j) (_l)efi)\ez)\j (6_7;)\ — ei/\i)
j=1 j=rtl

r r
— ane—inw (_1)re—ir>\ Hz—j—l H (e—iA _ Zj) (6_7;)\ _ Zj) N
j=1

j=1
n n
x4 )it n | T e | T (e - ™) e —em)
j=r+1 Jj=r+1
T n T n
——1 X —iX T o —ix _ i | TS oy
=, (0" ][5 IT &2 ([T —2) e =2y | § I (e -] e =e™)
j=1 ]=T+1:Z*1 j=1 j=r+1 =z;
n n ]
= la.(-D)" ||z (e7™ = z) (7™ — 2;)

it follows from the non-negativity of f, 1()\) that (—1)"a, []\—, " must be non-negative and thus

b = (e IT5 ] T -2)
j=1 j=1

is a polynomial having no zeros inside the unit circle satisfying f1(z) = b(2)b (). Again, the coefficients of the
polynomial b(z) are real because all zeros occur in conjugate pairs..

Step 5: Conclude. Using the same construction for fo proves the theorem for s = 1.

Multivariate case:

Consider now the case s > 1, s > g > 1. Since f, (e‘”‘) has a principal minor of order ¢ which is non-zero for almost
all A € [—m, 7], there is a (constant) permutation matrix such that the upper left (¢ x ¢)-dimensional sub-matrix is
non-singular for almost all A € [—, 7]. We may thus assume without loss of generality that the first principal minors
M (z),...,My(z) of orders one till ¢ are non-zero for almost all A € [—m, 7.

Step 1: Diagonalisation of f,()\) : We construct a rational matrix H(z) so that H (¢=) f,(\)H (e=i*)" is
diagonal.
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Step 1.1: Make the first column and first row of f,(\) zero except for the (1,1)-entry. Let H;(z) have zero

entries everywhere except in the main diagonal, where it has units, and in the first column, where it has _;ﬁg; as

the (j,1) entry, j € {2,...,s}, i.e

1
prolk
Hi(z) = : 0
T |
o0

It follows that Hy(z)f(z) has zeros in its first column except for the (1,1) entry, e.g. the j-th entry of the first
column of Hy(2)f(2) is

f11(2)
f21(2)

=j-th row of Hy(z)

(—% 0 - 01 0 - 0) f};i’(lgf) Z—;igz;fn(z)Jrfjl(z):O-

fit11(2)

fui(2)
—_———

=first column of f(z)

Since fy(A\) = f,(=\)T , it is immediate that the first row of f,(\) (H; (e*“‘))* has only zero entries save for the
(1,1) entry, e.g. the j-th entry of the first row of f,(\) (H; (e_M))* is
fjl(ei)\)

_ fu(e?)
0

( i (e_i’\) J12 (e_i’\) o fi- (€_i’\) J1j (e_u) J1+1 (@_i/\) o fis (6_1’\) ) 0 =

O =

0
B I (e™)
f11(e™)

0

=( fu(e™) far(e?) -+ fima(€?) fin(€?) fipa (€)oo fa(eP)) 0 =0

| =

0
— an (e“‘) + fin (e’)‘) =0.

Step 1.1: Make the remaining columns and rows of f,(\) zero except for the diagonal entries. Note that

fu(e™ o - 0
0

Hy () fy(WHy (e7)" = ‘
: g®@ (e=)
0
and thus the same procedure as above applies to the (s — 1) x (s — 1) sub-matrix g'® (e=*}) in the bottom right
corner. The elements in g (e*i’\) - whose element in the upper left corner has because of notational convenience
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the index (2,2) - are of the form

—i —1 —1 i~
g7 (€7™) = Hipoay (e7) £ (e7™) Hyjayy (€?)
_fl1(€“‘)
f11(€“)
0

e~ —1 .
:(,% 0 -~ 01 0 - ()>f(e ) 0

frr (e77) fu (e7)
i (6*”\)

= fu (™) —

Left-multiplying (note that gg)(z) = M>(z), i.e. the second principal minor of f(z), is not identically zero because

the first (¢ x ¢)-dimensional minor M,(z) of f(z) is by assumption almost everywhere non-zero)

1
0 1
92 ®)
Hy(z) = 952 (2)
: 0 1
(2)
0 LD (=) . 0 1
953 ()
leads in the same way as before to
f11 (e_i’\) 0 0 0
2) (,—i
| | 0 9% (e=™) | 0 0
Hy (e7™) Hy (e7™) fy(NHi (e=) Ha (=)' = 0 0
: : g® (e=)
0 0
Continuing in the same way, the elements in g(/) (e*”‘) are of the form
(9) (,—i —i j— —i inT
g1 (¢7) = Hy—v ey (7) 9970 (67) Hyo oy ()
0
0
_ 91(17‘7—11)(‘@)
9¥ 501 (e)
={0 0 gij;ji(pim) 0 1 0 (J=1) (o= 0
— (o ... ~ sl 0 0] guTY (e
j—1,5-1
0
1
0
0

(G=1) (,—i (G=1) (,—i
= gu~b (™) - i1 (™) g0 (e7)

— —
9]('11,;71 (e7™)
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The result now follows by induction such that H(z) = Hs_1(2)--- H1(z) and that

Hy-1 (e7) - Hy (e7™) fy(NHy (e7)" -+ Hyoy (em)" =
fin (™) 0 o 0 01x (s—q)
0 gg) (eﬂ',\) :
— . . 0
0 0 gég) ( ﬂ,\> :
O(s—q) : O(s—q)x(s—q)
where
) M;(2)
17 = ) € 1u 9
9j5 \# (2) = M,_1(z) jed }

and M;(z) denotes that j-th principal minor of f(z).

Step 2: Invert the matrlx H(z) and reduce it to the relevant columns.
is H(z)™1 z)~t. From Hj(z)™!

Theinverse of H(z) = Hy_1(2 ) - Hy(2)

= Hy(2)7! —1( = madj (H;(2)) it is easy to see that H;(z)! is pre-
cisely of the same form as H (2) xcept for the sign of the non-zero below dlagonal elements. Moreover, the below
diagonal elements of, say, H ( )~1 are not altered by right-multiplying H;1(2)~! such that
1
0 1
1 1
f21(2) 1 0 1
fi1(2) (2)
1 . ‘132)( z) 1
H(Z) = 95 (Z) gfqu ()
1 0 94301 (2)
fsl(Z) 0 1 0 qg)( )
fia(2) 953 (2) gt~ 1)(2) ’
0 Lt 00
9g—1,q-1(2)
1
f21(2)
Mol
D 9R(®)
gé?(z)
1
(q 1)
= 1(2)
‘1 (11 1
gt(]q 1 ; 1(2)
0 1
: 1
fr(2) (2’(z> )
f11(2) <2)(z) g((lq 11; 1(2) 0 1
Obviously, only the first g columns of H(z)™! are relevant. Thus, we define L(z) = [H(z) ] (o 10 and obtain
fuz) 0 -0
9 .
0 g§;< )

0 0 giP(z)

Step 3: Construct a spectral factor A(z) = [L(z)d(z)] V(z) which is analytic within the unit circle. (Get
rid of the poles inside the unit circle of the elements of L(z).) = We multiply each column of L(z) by the
polynomial d;(z), 7 € {1,...,q}, whose zeros coincide with the zeros inside of the denominator polynomials in
the j-th column of L(z) occurring as many times as their maximum multiplicity. It follows that L(z)d(z), where
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the (¢ x g)-dimensional diagonal matrix d(z) has diagonal elements d;(z), j € {1,...,q}, does not have any poles
inside and on the unit circle and we may write

_fulz)
di(2) = (D) 0 0
0 gég)(z)l .. :
f(z) = | L(2) d;(z) . da(2)d2 (L) N
. t. . 0
989 (2)
da(2) 0 dy(2)dg (1)
di (3)
1 1\"
x d; (3) L{-
dy (3)
_Ju(z)
di(2)d1 (1) 0 0
0 9;'22)(2)1 . :
Factorizing each element in the diagonal matrix d2()da (1) as in the univariate
. . 0
(a)
94y ()
0 dq(z)dq(%)
case, we obtain that
f11(2)
di(2)d1 (1) 0 0
(2)
935 (2) T
0 da(2)d2(1) =V (2)V <1>
0 z
959 (2)
0 0 dz(z)dz(%)

where V (z) is a diagonal matrix whose entries are rational functions in z and do not have any zeros inside the unit
circle and poles inside and on the unit circle.

Step 4: Mirror the zeros of A(z) which are inside the unit circle at the unit circle, i.e. construct A(z) so
that det (A(z)) #0, |z| < 1.

Step 4.1: Use Blaschke factor. If det (A(z1)) = 0 for |z| < 1 and the rank of A (z1) is equal to s — 71, there is
a constant unitary matrix Q; so that A(z1)@Q1 has ry zero columns, such that

A(2)Q1 = A(2) <I I,z — 21)>

where det ( A(z1)) # 0 . In order to mirror the zeros at the unit circle, we multiply the last r; columns of A(2)Q,

by the Blaschke facto 1};—5;12 which is of unit modulus on the unit circle because

|1 — Zleiwf B (1 — Zlei‘“) (1 — zle_i‘“)
leiv — 27 (e —z1) (e7w — 2)

(1 — Zlei“) (1 — zle’i“’)

T ew (1 —zie7w) e~ (1 — z1e™) =5
INote that sometimes the Blaschke factor is defined as
zz1—1 z1
z— 21 H
The constant ‘z—h ensures, that for z = 0 the Blaschke factor is positive and real. Indeed, for z; = re’® we have thatli—h = ¢e'? and
zizl 21 = Leit = % This is, however, irrelevant in our case since we will consider normalization and uniqueness of spectral

z—z1 |21l |, 21
factorization separately.
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and replaces the zero at z; by one at z7~!. Post-multiplying A(z) with the rational matrix function

Is v,
Ri(z) = @1 < I, (1;2;12))

L L . < N —1 .
which is unitary on the unit circle, i.e. Ry ()" = Ry (¢**) ", we obtain a new spectral factor A;(z) = A(2)Ri(z)
which has zero at z = Z7 ! outside the unit circle instead of a zero at z = z; inside the unit circle.

Step 4.2: Apply the same procedure to the remaining zeros. Eventually, we obtain a rational matrix function
R(z) such that w(z) = A(2)R(z), where R(z) is unitary on the unit circle. The (s x ¢)-dimensional rational matrix
function w(z) is holomorphic within an open set containing the unit circle and has no zero inside the unit circle. [

2.3 Analyzing Non-Uniqueness of the Spectral Factorization

In this subsection, we start by describing the set of all spectral factors w(z) in that are analytic on an open
set containing the closed unit disk and have no zeros inside the unit disk. It turns out that in both cases (full rank
spectral density and singular spectral density) the equivalence class is described by the set of all (¢ x ¢)-dimensional
orthogonal matrices which have (since we consider spectral densities with real coefficients) determinant 1 or —1.
Subsequently, we discuss different normalizations, especially for the case where s > ¢. Finally, we remark that also
cases where the spectral factors is not analytic within the unit circle or has zeros within the unit circles are of great
interest to economic theory.

Proposition 2.3. If A(z) and B(z) are two (s X q)-dimensional spectral factors satisfying the requirements in
Theorem i.e. they are analytic on an open set containing the closed unit disk and have no zeros inside the unit
disk, then they are related by a constant orthogonal matrix U with determinant +1 or —1 such that A(z) = B(z)U.
Moreover, A(z) is unique if we require a non-singular (q X q)-dimensional sub-matrix of A(0) to be symmetric and
positive definite.

Proof. We follow [Hannan| [1970] page 66.

Step 1: Define the rational matrix relating two spectral factors (which will turn out to be constant).
Starting from

where A(z) and B(z) are two (s X g)-dimensional spectral factors from above, we have

o)

A(2)Tu(2)~t and B(2) = u(2)A(z)v(z) is the Smith-McMillan form, com-

[B(z) " A(2)] =1

where B(z)™! = v(z)* (A(Z)TA(Z))_l

pare Lemma and we define
U(z) = B(z) 7' A(2).

Step 2: The determinant of U(z) is constant and equal to +1 or —1. The determinant det (U(z)) of the
rational matrix function U(z)

e is analytic within the unit circle (because B(z) does not have zeros and A(z) does not have poles inside the
unit circle),

o i]+1or—1forz=0

2 This follows from the fact that det (U(z)U* (1)) = det (U(2))det (U* (1)) = 1 which is equivalent to det (U(z))"' =

z

det (U~ (%)) Now we know that det (U(0)) is finite because det (U(z)) is analytic within the unit circle, thus if cg is the coeffi-

cient of det (U(z)) corresponding to the constant, % = Co must hold. Since the coefficients of A(z) and B(z) are real, it follows that
co = *1.
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o is either +1 or —1 on the unit circle because we know that firstly U (e ") U (e=*)" = U (=) U (e—i/\)T =
I, and thus det (U (e U (e*i’\)*> = det (U (e7™)) det (U (e=**)) = 1 holds and that secondly the

coefficients of A(z) and B(z) are real matrices.

Since by the maximum modulus principle, see |(Conway| [1978] page 128, a non-constant analytic function does not
have an extremum within its domain, it follows that det (U(z)) is constant and equal to 1 or —1. Hence, U(z) is an
orthogonal matrix on the unit circle and has there determinant +1 or —1.

Step 3: U(z) is constant as well, and thus A(z) = B(z)U. Since U(z) is holomorphic within the circle,
all coefficient matrices corresponding to negative powers of U(z) in (e~**) are zero. Likewise, since U (67“\)71 =

madj (U (e*”‘)) =U (e ™) is analyti as well, the coefficient matrices corresponding to positive powers

of U(2) in (e7™) are zero. Thus U(z) = Uy is a constant (g x q)-dimensional orthogonal matrix and A(z) = B(z)Uj.

Step 4: Restricting a (¢ x ¢)- dimensional sub-matrix of A(0) to be symmetric and positive definite entails
uniqueness. Every non-singular (¢ x ¢)-dimensional matrix A has a polar representation A = SQ@Q, where Q is
a uniquely determined orthogonal matrix and S is a uniquely determined symmetric and positive definite matrix,
compare |Gantmacher| [1959] Theorem 9 on page 286. O

2.3.1 Factorization pertaining to reduced form and to one-step-ahead forecast error
and innovation covariance matrix.

Non-singular spectral density case

A slightly different way to factorize f(z) consists in representing it as the product

f(z) = ik(z)sz (1) (2.4)

Cor z

, where k(2) is analytic on an open set containing the closed unit disk, has no zeros inside the unit circle, and
k(z) = I, holds and X is symmetric and positive semi-definite. In the case of f(z) being of full rank, i.e. s = ¢ holds,
the transfer functio as well as the symmetric and positive definite matri 33 € R%*# are unique. This factorization
is obtained by defining k(z) = A(2)A(0)~! and £ = ;L A(0)A(0)* where A(2) is a spectral factor as in Theorem
and A(0) denotes the A(z) evaluated at z = 0. Obviously, any other spectral factor B(z) = A(z)U, where U is
an orthogonal matrix, entails the same factorization (k(z),X).

Remark 2.4. It is important to realize that even normalizations, i.e. requiring the diagonal elements of k(0) = I, to
be positive, may have consequences for statistical inference of impulse responses, see Waggoner and Zha| [2003] and
Hamilton et al.|[2007].

Singular spectral density case

In the singular case, i.e. the rank of f(2) is strictly smaller than s, one may still define a so-called normalized
factorization, see |Deistler and Potschen [1984] page 844 and page 861, such that (k(z),X) satisfy the properties
listed above. Whereas X of rank g is still uniquely determined (see Lemma A.1 (iv) on page 861 in |Deistler and
Potscher| [1984]), the rational matrix function k(z) is not. Deistler and P&tscher indicate that this factorization
has the advantage over other factorizations that the inverse k(z)~! relates the observations to the one-step-ahead
forecast errors. The normalized factorization is obtained in the following way. Starting from a factorization f(z) =
A(z)AT (1) as in Theorem , we can find a unimodular polynomial matrix V'(z) such that

0= o)

3The determinant det (U (e‘“‘)) is constant and the elements of adj (U (e_i’\)) are (as products of analytic functions inside the
unit circle) analytic inside the unit circle as well.

41t relates the one-step-ahead forecast errors of the stochastic process (yt)¢ey corresponding to the spectral density to the outputs.

527 is the covariance matrix of the one-step-ahead forecast errors of the process (yt) ey corresponding to the spectral density.



2.3. ANALYZING NON-UNIQUENESS OF THE SPECTRAL FACTORIZATION 21

where the (¢ x ¢)-dimensional rational matrix function A;(z) is analytic on an open set containing the closed unit
disk and has no zeros inside the unit circle. We define

and

Obtaining a unique spectral factorization with a tall transfer function by choosing the first basis of the row
space of w(0)  Without loss of generality| we assume that the first ¢ rows of w(0) obtained from Theorem
are linearly independent.

We start from spectral factorization 27 f(z) = w(z)w” (1) and post-multiply w(z) with S71S, where S is the

(¢ % g)-dimensional matrix consisting of the first ¢ rows of w(0), i.e.

z z
=

= k(2)ZkT (i) .

If we choose the first ¢ rows of w(0) which form a non-singular matrix to be equal to the g-dimensional identity

matrix, the spectral factorization’| (k(z),X) obtained in this way is unique and k(0) = ( Iy _1). Thus,
1 w(0)[g11:5,0)5

instead of imposing that the innovations (whose covariance matrix is of rank ¢) correspond to the one-step-ahead

forecast errors of all s components, we impose here that only ¢ of the innovations correspond to the one-step-ahead

forecast errors.

6We may also choose any non-singular (g x g)-dimensional sub-matrix Sy, where v = (i1, ...,1iq) is a multi-index and 1 < i1 < ip <
s <ig—1 < iq < s, of w(0) consisting of rows i1, ...,iq of w(0), i.e.
w(0)iy1 -+ w(0)igq
Sy = w((])ijl s w(O)ijq € RI%4,
w(0)igr -+ w(0)igg

Furthermore, let ' = (z’l, .. .i’niq> where 1 <4} <y <--- <if_, < s besuch that the elements of the tuples v and ' give a full

set indices, i.e. {i1,...iq} U {1’1, e l;,q} ={1,...,s} and define the corresponding matrix S, selecting rows v of ko as
S’Y/ = w(o)z’ 1 w(o)z']q e R579%q,
w(o)igﬂﬂ w(o)i’siqq
Defining the permutation matrix Py € R**® which permutes row i; with row j for j € {1,...,q} and row z; with row j + ¢ for

j€{1,...,s—q} we obtain

P = ()

v
whose first g rows are linearly independent.

"The number of free parameters in (k(0),X) is
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2.3.2 Unique Spectral Factors through A Priori Restrictions
Non-singular spectral density case: Regular AR models

Rubio-Ramirez, Waggoner, and Zha address in |Rubio-Ramirez et al.| [2010] uniqueness of spectral factorization
for regular AR models in the guise of (linear and certain non-linear) identifying restrictions on the structural form
parameters. To be more precise, they restrict themselves to a certain model class strictly smaller than rational transfer
functions (transfer functions corresponding to vector autoregressive systems have by definition no spectral zeros),
abstract from normalizatiorﬁ, but analyze non-injectivity of the mapping from structural form parameters to reduced
form parameters in more detail than just imposing restrictions on w(0) from Theorem

Singular spectral density case: Singular AR models

In Chapter [3| we consider also model class which is strictly smaller than the set of all rational transfer functions of
dimension (s x ¢). However, in this case it has been shown in |Anderson and Deistler| [2008] (see also |Anderson and
Deistler| [2009] for a treatment regarding zeros of a singular spectral density) that in a rational setting the AR case
is generic, i.e. tall rational transfer function have zeros only in degenerate cases. It follows, thus, that analyzing
restricting rational transfer functions not to have zeros is not as strong an assumption in the singular spectral density
case as it is in the case of a full rank rational spectral densities.

However, the emphasis in Chapter [3] is given to a different feature in identifiability analysis than in [Rubio-Ramirez
et al|[2010]. We impose that the coefficient matrix pertaining to the zero power coefficient of the AR matrix
polynomial is the identity matrix in order to focus on deriving a canonical form in the case where the Yule-Walker
equation do not have a unique solution. Thus, the treatment is closer to the one in |Deistler| [1983] where the same
kind of identifiability issues are treated in the ARMA case for innovations with non-singular covariance matrix.

Singular spectral density case and a priori zero restrictions on w(0)

We again start with the spectral factorization 2 f(z) = w(z)w” (1) obtained from Theorem Assuming we are
given @ zero restrictions on the matrix w(0) such that after premultiplying a permutation matrix P the matrix
obtained from the first ¢ rows of Pw(0) is lower triangular and has positive diagonal elements. It obviouslyﬂ follows

that such a decomposition is unique.

Remark 2.5. A factorization where the first basis of the row space of w(0) is required to be lower triangular with
positive diagonal elements may also be used as canonical form. Assuming without loss of generalitﬂ that the first ¢
rows of w(0) form a non-singular matrix S, we perform an R decomposition such that S = RQ where R € R?*4 is
a lower triangular matrix with positive elements on its diagonal and @ is an orthogonal matrix of dimension (g x q).
Note that the pair (R, @) is unique. Since for an orthogonal matrix U € R7*4

o () oo ()

R
w(o)[q+1:s,o]QT
w(z)w? (%) obtained from Theorem is uniqu

holds, it is obvious that imposing w(0) = < > ensures that w(z) in the spectral factorization 27 f(z) =

2.3.3 Discussion

In the same way as structural restrictions may be imposed on the coefficient matrix pertaining to the zero power in
w(z), we may also require that some zeros or poles of w(z) be mirrored at the unit circle. Since this does not change

8Compare the definition of a normalization rule on page 671 in |Rubio-Ramirez et al.|[2010]. Requiring A(0) to be positive definite as
we did in Theorem or requiring the diagonal elements of k(0) to be positive are examples for normalization rules.

9The RQ composition of a non-singular square matrix with positive diagonal elements is unique, compare |Golub and Van Loan| [2013]
Theorem 5.2.3 on page 248.

10Compare footnote @ on page
1 The number of free parameters in (w(0), I,) is

-1 2
[sq—%}—i—Ozsq—%-&-g

and thus coincides with the number of parameters obtained in the spectral factorization pertaining to the reduced form.
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the spectral density, we need to require that the process corresponding to this spectral density be Non-Gaussian;
otherwise one could not distinguish processes obtained from systems entailing the same spectral density but zeros
or poles mirrored at the unit circle. Note that flipping zeros in a normalized factorization (k(z),¥)changes the
covariance matrix X (which is no longer the covariance matrix pertaining to the innovation of the process pertaining
to the spectral density and has a smaller trace than the latter).

A general treatment of the univariate case is given in|Rosenblatt| [1970]. Rosenblatt defines on page 10 for univariate
ARMA systems a(z)y: = b(z)e; to the following. An ARMA system is called causal if a(z) has no zeros inside and
on the unit circle, otherwise it is called non-causal. An ARMA system is called invertible if b(z) has no zeros inside
and on the unit circle, otherwise it is called non-causal. An ARMA system is called miniphase if it is both causal and
invertible. Note that "miniphase” pertains in |[Hannan and Deistler| [2012] to matrix polynomials of the MA part of
multivariate ARMA systems which do not have zeros inside the unit circle (but may have zeros on the unit circle);
however, the “strict miniphase” condition inHannan and Deistler| [2012] requires that there are also no zeros on the
unit circle.

The concept of a fundamental process, introduced in[Rozanov| [1967] on page 56f., is closely related to the concept of
invertibility. An uncorrelated stochastic process (g¢),.; is fundamental for a stationary stochastic process (y:),c, if
the Hilbert space spanned by the past and contemporaneous components of (&), ., coincides with the Hilbert space
spanned by the past and contemporaneous components of (y;),.,. In Theorem 4.2 on page 60, Rozanov proves that
the matrix function w(z) in a factorization of f(z), where f,()) is the corresponding spectral density pertaining to
(Yt)sez, which relates the fundamental process (£¢),.; to (y¢),cz is maximal among all other matrix functions W (z)
of factorizations of f(z) in the sense that w(0)w*(0) > W (0)W*(0) holds for all such W(z). In Remark 3 on page
63 in |Rozanov| [1967] it is then shown that a matrix function is maximal if and only if it has no zeros inside the unit
circle.

Remark 2.6. As already mentioned, a zero zy of the transfer function k(z) in a normalized factorization (k(z),0?)

outside the unit circle can be mirrored inside the unit circle using the Blaschke factor d(z) = iff;]l roop- Its repre-

sentation as a power series gives (where zy = re'?)

702 — 1 1 Z2—1., 1 > J
WETSA L S BET e 1z [ (2
z2—20 |20] —201—2% r = \*0

20

which is convergent in an open set containing the unit disk and satisfies d(0) = 1. The factor % reduces the variance

2

in the factorization 27 f(2) = [k(2)d(2)r] % [d (1) k (1) r]. Note that k(z)d(z)r evaluated at z = 0 is equal to
unity.

A pole z, may be flipped inside the unit circle in the same way by post-multiplying p(z) = 22— -

Treatments of the multivariate case and some applications. Hannan notes on page 66 in |Hannan| [1970] that
starting from a spectral factor w(z) as in Theorem all other factorizations are of the form

F ) =w (e U (e7™) [w (™) U (e7™)]",

where U (e7**) is unitary on the unit circle and holomorphic within it. Thus U(z) = U1A1(z) - - - U, Ay (z), where the
U, are constant orthogonal (¢ X ¢)-dimensional matrices and the A;(z) diagonal matrices with either ones or factors
of the form =2 where z; is not necessarily a zero of w(z). Similar remarks can be found in Hansen and Sargent
[1991b] on page 58 in the context of rational expectations econometrics. In|Lippi and Reichlin| [1994] non-invertibility
is treated further by arguing what kind of Blaschke factors are likely to appear economically interesting cases. To
be more precise, they argue that only Blaschke factors which actually cancel zeros of the object corresponding to
the spectral factor w(z) from Theorem appear. An application regarding the information flow in fiscal foresight
models is given in the recent paper |Leeper et al.| [2013].

In the recent paper |Lanne and Saikkonen|[2013] multivariate non-causal autoregressive models are considered. Lanne
and Saikkonen argue that these models are important for economic applications and may improve forecasting perfor-
mance. Moreover, they provide a method for distinguishing between causal and non-causal autoregressive models.
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Chapter 3

AR Systems and AR Processes: The
Singular Case.

This chapter is devoted to singular multivariate AR systems and the corresponding AR processes. An AR system is
called singular if the variance of the white noise input is singular. AR processes are the stationary solutions of AR
systems. In the singular case, AR processes consist of a linearly regular and a linearly singular component. Singular
AR systems naturally arise as models for latent variables in dynamic factor analysis and as models for the exogenous
“driving process” in linear rational expectations models.

The corresponding Yule-Walker equations and in particular the possible non-uniqueness of their solutions are discussed.
We contribute to the literature by introducing a particular canonical form, i.e. a unique member of the class
of observational equivalence characterized by integer valued parameters, for singular AR systems. Estimating this
canonical form has two important advantages over, e.g., the minimum norm solution introduced in Chen et al.|[2011]:
First, the obtained system is always coprime (which is not necessarily the case for the minimum norm solution of
the Yule-Walker equations) and second, the system obtained by estimating our canonical form is independent of the
number of lags r > p (where p is the true AR order) included in obtaining the Yule-Walker equations (which is in
general not the case for the minimum norm solution).

This chapter is based on joint work with Manfred Deistler and Alexander Filler, see Deistler et al.| [2011].

3.1 Introduction

Autoregressive (AR) systems and autoregressive systems with exogenous variables (ARX) are perhaps the most widely
used model classes in time series analysis. Here we deal with the multivariate AR case. Whereas it is usually assumed
that the one-step-ahead prediction error variance is non-singular, the focus of this paper is on the case where this
variance is singular. This singular case has been discussed in detail in [Inouye| [1983], |Chen et al|[2011], |Filler [2010],
Anderson et al.|[2012a].

3.1.1 Model assumptions.

We consider AR systems
a(2)y: = vt (3.1)
where y, are observed s-dimensional outputs, z is a complex variable as well as the backward-shift on the integers

Z,ie. z (l/t)tez = (yt—l)teZ'
a(z) =1 —a1z—...—apzP, a; eR¥*

and (v¢),¢z is an unobserved s-dimensional stochastic process. Throughout we assume that
(A1) ag is non-singular
(A2) v, is white noise, i.e.

- E (l/t) =0

- X =E (ny]) , where the superscript T' denotes transposition, does not depend on ¢

25
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- E(vs1f) =0, s #t and that
(A3) v, are the one-step-ahead forecast errors, i.e. E (y,v]) =0 for s < t.

To be more explicit, here we do not consider solutions of with general white noise inputs, but construct the inputs
from the outputs as their one-step-ahead forecast errors. In this way, we consider only causal stationary solutions of
and are thus restricting the model class characterized by the AR polynomial a(z) and the innovation covariance
matrix ¥ by assumption (A3).

3.1.2 Regular and singular AR systems.

We call an AR system regular if ¥ > 0 holds, otherwise an AR system is called singular. We can write
¥ = bb" (3.2)

where b € R**", rk(X) = r and where b is unique up to post-multiplication by orthogonal matrices. Accordingly,

(3.1) can be written as
G/(Z)yt = bgta be RSXT‘ (33)

where (g¢) is white noise with E (g4ef ) = I,.

3.1.3 Where singular AR systems occur
Generalized Dynamic Factor Models.

Singular AR systems naturally occur in linear dynamic factor models|Stock and Watson|[2002], [Forni et al.| [2000],An-
derson and Deistler| [2009], |Deistler et al.| [2010], |Filler| [2010]. Linear dynamic factor models are used to compress
information contained in high-dimensional time series both in time and cross-sectional dimension. In such models
the observations are split into one part called latent variables, representing the co-movements between the observed
variables, and into a noise part representing the individual movements. The latent variables result from a linear
dynamic transformation of a lower dimensional dynamic factor process, which can be chosen as white noise. Thus,
the latent variables have a singular spectral density showing that co-movements between the variables exist. Under
suitable assumptions the latent variables may also be obtained from a linear static transformation of a static factor
process. In general the dimension of the static factor process will be larger or equal to the dynamic factor process,
but of smaller dimension than the latent variables. As can be shown, a static factor process has the same dynamics
as the latent variables, see Deistler et al.|[2010].

Moreover, it can be shown, |Anderson and Deistler| [2008], that in an appropriate rational setting the AR case is
generic, i.e. the stable mini-phase factor of the spectral density of the latent variables has generically no zeros.

Rational expectations models.

Singular AR systems are important for modeling the “driving processes” for rational expectations models, see e.g.
Sargent| [1989)], |Ingram et al.| [1994], [Ireland| [2004], |Bierens| [2007] and [Hansen and Sargent| [1980) (1981} |1991alb|.

3.1.4 Organization of the paper.

The chapter is organized as follows. In section [3.2 we discuss stationary (causal) solutions of AR systems, which in
general consist of a linearly singular and a linearly regular part. In section[3.3|we deal with the Yule-Walker equations,
which may have non-unique solutions. In section we choose a canonical representative as a particular unique
solution of the Yule-Walker equations.

3.2 Solutions of AR systems

In this section, we first define what a solution of an AR system is and discuss the implications of our assumptions
on the set of solutions for a given AR system (a(z),b). Second, we discuss a particular solution (depending only
on the transfer function k(z) = a(z)~'b of the system. In particular, it is clarified what (possibly non-coprime) AR
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systems (a(z),b) imply the same transfer function k(z) as a given AR system (a(z),b). Moreover, the existence of
a causal stationary solution is related to the zeros of the det (a(z)) obtained from a coprime pair (a(z),b) which
is observationally equivalent to (a(z),b). Last, general stationary solutions, comprising a linearly regular and an
orthogonal linearly singular part, of the equation a(z)y; = be; are discussed. The particular solution depending only
on the transfer function is shown to be identical to the linearly regular part obtained from Wold decomposition.
Then, stationary solutions of the homogenous equation, so-called harmonic processes, are discussed.

3.2.1 Solution set of vector difference equations (VDE).

A solution of (on Z) is a stochastic process (), satisfying for given (a(z),b) and (g¢),cy - It is well
known and easy to see that the set of all solutions of consists of one particular solution plus the set of all
solutions of the homogeneous equation

a(z)y: = 0. (3.4)

A special particular solution, depending only on the transfer function a=*(2)b and (€¢) 4z wWill be discussed below.
Normalization condition does not change the solutions set.

Clearly, the solution set is not changed by premultiplying (3.3]) by a constant non-singular matrix. In this sense, the
normalization

(A4) ag = 1

is no restriction of generality and will be used throughout the paper. Also note, that, due to (Al), for any initial
conditions y_1, ..., y_p, a forward solution on Ny = {0, 1,2, ...} can be calculated by iteration.

There are no redundant equations due to (Al).

(A1) implies, but is not equivalent to det (a(z)) # 0; the latter is equivalent to stating that there are no redundant

equations in (3.3)).

Excluding non-causal stationary solutions with assumption (A3).
It should be emphasized, that the transfer function a=!(2)b as a C**" valued function of z € C, without any further

assumption does not define a weighting pattern and thus not a solution (see |Deistler [1975]). If we in addition impose
causality, then, by (A1), the inverse of a(z) can be expressed by a power series

al(z) = Z hjzl
7=0

in a neighborhood of zero, leading to a weighting pattern (h;b|j € Ny).

Without imposing (A3), stationary non-causal solutions may occur. However, this is ruled out by (A3).

3.2.2 A causal stationary solution which depends only on the transfer function.

If the stability condition
det (a(2)) #0, [2| <1

holds, then a=!(z) can be expanded into a power series converging in a disc containing the unit circle, i.e.
o0
al(z) = Z hjz’ (3.5)
§=0

in a certain annulus containing the unit circle.

This is easily seen as follows. First, we write the inverse of a(z) as

a™!(2) = [det (a(2))] " adj (a(z)),
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where adj (a(z)) denotes the adjoint of a(z). We may represent (since z; # 0) the determinant as

det (a(2)) = ﬁ <1 - j) ,

i=1
where z;, i € {1,...,n} are the zeros of det (a(z)). Now
-1 o0 7
(1 - Z) = (Z) , for |zl <1
Zi ; Zi
7=0
and

Note that (3.5)), defined in this way, gives a causal and stationary solution

yi = kieij. (3.6)
j=0

A note on the transfer function and the coprimeness of singular AR systems.

To be more general, note that the pair (a(z),b) is always left co-prime for regular AR systems, but not necessarily so
for singular AR systems. However, (see |Deistler et al|[1978] Theorem 1, page 362; Deistler et al.| [2010] page 222f.;
Anderson et al.|[2012a], Theorem 1, page 2844) there always exist left co-prime (a(z), b) such that a=!(2)b = a=1(2)b
holds and the degree of a(z) is smaller than or equal to the degree of a(z). The zeros of a(z), i.e. the zeros of

det (a(z)), are the poles of the transfer function a=!(2)b = Y k;z’. From the discussion above it is clear that if
Jj=

det (a(2)) £ 0, |2] <1

holds, then a stationary solution ([3.6]) exists and this solution is causal. Note that det (a(z)) is independent of the
special choice of the left co-prime pair (a(z),b) and that det (a(z)) divides det (a(z)).

Weakly stationary solutions with spectral density (AR processes) of an AR system.

We call a (weakly) stationary solution of an AR system an AR process. Note that the solution ([3.6]) has a rational
spectral density

*

1 > N © N 1 N o
F(N) =5 Y kTN > ket | = %a_l (e7™I) bt [a™! (e7™)] (3.7)
j=0 j=0

where * denotes the conjugate transpose. The spectral density f, () is non-singular if the AR system is regular and
singular if the AR system is singular.

Note that the spectral density (3.7)) of the solution (3.6 has constant rank r for all A. Thus, if we commence from
the spectral density f,()), it can be factorized (see Chapter [2| or |Rozanov| [1967] Theorem 10.1, pages 47f. and
Hannan| [1970] Theorem 10', page 66) as

FoN) =k (=) [k ()]
where -
k(z) = k2, kj € R
=0
is rational, has no poles for |z| < 1, and has no finite zeros at all. Thus the solution process corresponds to

Wold representation. In particular, this shows that (y;),c; is linearly regular. In addition, for given f,()), k(z) is
unique up to right multiplication by a constant orthogonal matrix.

Proposition 3.1. A regular AR system (a(z),b) has a stationary solution (which is causal with respect to the inputs
satisfying (A3)) if and only if det (a(z)) # 0, |z| < 1. If a stationary solution exists, it is unique and linearly regular.

Proof. The proof is divided into several steps.
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Step 1: If the stability condition on a(z) holds, there is a stationary solution which is moreover unique.
If det (a(z)) # 0, |z| < 1, then a solution is given by (3.6]). In this case, the homogeneous solutions consist only
of exponential decays (for ¢ — o0) or increasing parts (for t — —oc) thus a non trivial stationary solution of the
homogeneous equation does not exist.

Step 2.a: If the stability condition does not hold because of a zero with unit modulus, the assumption
that a stationary solution exist leads to a contradiction via a spectral density argument. Now assume that
det (a(z)) has a zero of unit modulus. Assume that there exists a stationary solution (y;),.; consisting of a linearly
regular part (y;),c;, and linearly singular part (y7),c,. Applying a(z) from the left on y;, we obtain a(2)y; = a(z)y;
because the right hand side of is linearly regular and a(z)y; is linearly singular. In addition, the spectral density
of a(z)y; would decrease in rank at the frequencies corresponding to the zeros on the unit circle, whereas the spectral
density of ¢, is non-singular for all frequencies. This is a contradiction.

Step 2.b: If the stability condition does not hold because of a zero inside the unit circle, there is no causal
stationary solution. |If det (a(z)) has a zero inside the unit circle then a=!(z) has no convergent power series
expansion containing the unit circle and thus (A3) is not satisfied, i.e. there is no causal stationary solution y;. O

Proposition 3.2. A singular AR system (a(z),b) has a stationary solution (which is causal with respect to the inputs
satisfying (A3)) if and only if
det (a(2)) £ 0, | <1

where a=(2)b = a~'(2)b and (a(z),b) is left co-prime.

Proof. The proof is divided into several steps.

Step 1: If the stability condition on a(z) (from a coprime and observationally equivalent pair (a(z),b)) holds,

a stationary solution exists. (Note however, that it need not be unique since there may be a nontrivial

solution of the homogeneous equation.) If det (a(z)) # 0, |z] < 1 then there exists the stationary solution
—1

yy = a"'(2)bey.

Step 2.a: If the AR system (a(z),b) has a stationary solution, the Lyapunov equation holds and we obtain
an equation containing the eigenvalues and eigenvectors of the transpose of the companion matrix A. |If
(a(2),b) has a stationary solution, y; say, then

1 ag ap—1 Qp b

" I 0o ... - 0 Yi1 0

Yt—p+1 S Yt—p 0
0 -~ 0 I N

=B

=A
holds and thus, since x; is stationary too, the Lyapunov-equation
E (z2f) =T, = AT, A" + BB" (3.9)

holds. Multiplying a (right) eigenvector v of A~ T from the right and left-multiplying v7" gives

(1= |A?)v"Tov =0"BB v, (3.10)

Step 2.b: If A is not stable, the system (a(z),b) is not left-coprime. Assume that A is not stable, i.e. it has
at least one eigenvalue ) is not inside the unit circle. If |[A| > 1 were true then for the equation to hold vTT v
has to be zero and hence v BBTv as well. Accordingly, if |A| = 1, it is trivial that v BBT v is zero. Therefore,
v’ B = 0 must hold for |A| > 1.

Therefore, (I — AN, B) is not of full rank or equivalently (a (/\’1) ,b) is not of full rank and thus not left co-prime
and a common non-unimodular factor can be extracted.
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Step 2.c: After extracting a greatest common left divisor (GCLD), the resulting a(z) has no zeros inside
or on the unit circle. Let u(z) be a (polynomial) greatest common left divisor of (a(z),b) such that (a(z),b) =
u(z) (@(2),b(z)), with (a(z),b(z)) left co-prime, then b(z) is of full column rank for all z € C since a™*(2)b =
a~1(2)b(z). Thus we find a left co-prime pair (a(z),b) (see Deistler et al|[1978] Theorem 1, page 362) with

a ' (2)b=a"'(2)b(z) = a~(2)b.
O

3.2.3 General stationary solutions of (3.3).

Now let us consider general (stationary) solutions of equation (compare to Deistler and Pd&tscher| [1984]).
Remember that every stationary process (y;),.; has, according to Wold decomposition, a uniquely defined linearly
regular part (y;""),., as well as a uniquely defined linearly singular part (y;""),c;. where (y;""),c5 and (y7),cy
are stationary, mutually uncorrelated and obtained by linear causal transformations of (y;),c.-

Theorem 3.3. Consider a general (stationary) solution of equation (3.3 of the form y; = a(z)™tbe; + yl, where

yl is an arbitrary solution of the homogeneous equation (3.4). Then the right hand side corresponds necessarily to

Wold decomposition, i.e. a(z) tbe; =y, and y = y;".

Proof. As it is immediate to see, the one-step-ahead prediction errors of (y;),., and (a(z) 'be;), ., are the same,

tez
as the homogeneous solution can be predicted without error. Thus &; in (y;""),c; and in (a(,z)_lbst)tEZ can be
chosen to be the same. Let y;"" = "% jwje;—; and a(2) ~'bey = 3272 kjer—j, then, as koe, is the one-step-ahead
. . 71
prediction error for (a(z)~"bet), ,

Considering the two-step-ahead prediction errors we obtain w; = k1, and so on. Thus y;"" = a(2)1be;. O

and woe is the one-step-ahead prediction error for (y;""),.,, we have wy = k.

Remark 3.4. Note that we have not assumed a priori that the homogeneous solution (y/),_, is stationary. By the

tez
proposition above however this solution has to be stationary and orthogonal to (a(z)’lbst)

stationary.

1z, Whenever (y;), . is

Stationary solutions of the homogeneous equation.

Now we consider stationary solutions of the homogeneous equation , see e.g. [Hannan| [1970] Theorem 4’ on page
14 and its proof on pages 29ff. The homogeneous equation has (non trivial) stationary solutions if and only if
det (a(z)) = 0 for some z with |z| = 1. From the formula for the transformation of spectral measures corresponding
to linear transformations of the underlying processes (see e.g. Rozanov| [1967]), we obtain

0 = a(e™™)F,(d\)a(e™)*, (3.11)

where F,(d)) denotes the spectral measure of a homogeneous solution. From this it is immediate to see that a
stationary solution must have a spectral distribution function which can only have jumps at frequencies \; corre-
sponding to the zeros of det (a(z)) = 0 on the unit circle and is constant elsewhere. Thus the solution must be a so
called harmonic process (see |Rozanov| [1967] Examples 1.1, 1.3, 1.4 on pages 1-3 or Deistler and Scherrer| [1994]).

Harmonic processes.

A real-valued (weakly) stationary harmonic process is of the form

h
v =S e, 612)
§=0
for C**! valued random values w; satisfying
]E(w;‘wj) < o0, j=1,..,h; (3.13)
0 A #0
E(w) = 0 . 97 (314)
E (yt) ) >\_] =0
A= i (3.15)
wj; = Wh—j 3.16)

Such a process here in addition satisfies a(z;)w; = 0 with z; = e~*%, compare theorem Thus we have shown

the following.
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Proposition 3.5. For the given system (3.3)) the set of all weakly stationary real valued homogeneous solutions is
the set of all harmonic processes of the form ([3.12)) such that a(z;)w; = 0, Vz; with det (a(z;)) =0, |z;| = 1.

Harmonic processes (as linearly singular processes) can be forecast without error. From (3.12) we directly

obtain ) _
ys et et wo

yffh e—i)\o(t—h)IS e—i)\h(t—h)ls wh,

=VT
where VT is non-singular as the transposed of a Vandermonde matrix. Thus we obtain

Wo (A
N
Wh Yip

and therefore every y; ,, k € Z, can be expressed as a linear combination of the elements of y/,...y7 ;. This
means in particular that a harmonic process has a noise free AR representation.

3.3 The Yule-Walker Equations

Here we commence from an AR process, which in general consists of a linearly regular and an orthogonal linearly
singular part corresponding to Wold decomposition

Yt =y +Y;
where E (y{ (yf)T) =0, Vs,t holds.
3.3.1 The Yule-Walker equations.
The Yule-Walker equations are of the form
(a1 - a)Tp=(n - ) (3.17)
Yo Yo Um—1
"o :
where v; = E (y¢4;5{ ) and 'y, = ! 0 =17 +T%,, where I'" corresponds to the linearly
’yzr—;fl PR ... ’YO
regular part and I'?, to the linearly singular part respectively, and
¥, = bbT (3.18)
af
:fyof(al ce . ap)Fp :
ap
Y-1
oo )|
V—p

The Yule-Walker equations give the projection coefficients for representing the components of y; in a basis
spanned by the components of y;,_1,...,y;—,. E.g., the first row of (a1 ap) gives the coefficients of the

projection of ygl), i.e. the first element of y;, on the space spanned by the entries of y;_1,...,y:—, in the Hilbert
space of square integrable random variables and X, is the variance of the one-step-ahead forecasting error, i.e. of
Yt—1

Vt:yt_(al ap) N

ytfp
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The linear dependence of the components of y;_1,...,y;—, is equivalent to the singularity of I,.  Clearly
(a1 -+ ap) is uniquely determined from (v -+ 7) if and only if T, is non-singular (or equivalently if all
components of y;,_1,...,y;—p are linearly independent). In the case of singular systems, I',, may be singular; then,
for every row of (a1 e ap)the solution set is one particular solution plus the kernel of I',,. Thus, the components
of y4—1,...,yi—p do not constitute a linearly independent set of elements in the Hilbert space of square integrable
random variables and thus the dimension of the space spanned by these components is strictly smaller than np.
Obviously, there is a multitude of ways to select a basis for this subspace, each of which corresponds to different
projection coefficients (aq,...,a,) or equivalently to a different solution of the Yule-Walker equations.

Uniqueness of projection and perpendiculars. On the other hand, v;, whose components are the perpendiculars
of orthogonal projections, and thus ¥, are always unique and b is unique up to post-multiplication by constant
orthogonal matrices. Note that v, is orthogonal to all y5, s <t (and not only to y—1,...,%—p). For sure, also the
projection ¢;;_1 of y; on the space spanned by the components of y;_1,...,y:—, is unique, only the representation
of the projection in terms of these components is non-unique.

3.3.2 Solution of the Yule-Walker equations.

A matrix (a1, ...,ap,b) satisfying (3.17) and (3.18) (for given (7o,...,7p)) is called a solution of the Yule-Walker
equations. Note that the word solution used in this chapter has two meanings, namely a solution of an AR system,

which is a stationary process and a solution of the Yule-Walker equations which gives an AR system.

The following proposition is a reiteration of the fact that the projection ;1 of y; on the space spanned by the

components of y;_1,...,Y:—p IS unique irrespective of the representation of this projection.
Proposition 3.6. Let the given sequence of covariances (7o, . - . ,7p) correspond to a solution of a singular AR system.
Any solution (a1, ...,ap,b) of the Yule-Walker equations gives the same (true) sequence ~y;, j € 7.

Proof. Let j > p-+1, then

Y =E(yyi—;) =E[(@yi—1 + - + apyi—p + 1)y ]
=K [(a1yt—1 + ...+ apyt—p) ytTfj]

which is the same for all solutions of the Yule-Walker equations. As «y; = 'yTj holds, the result follows. O

Uniqueness of transfer function (in spite of non-uniqueness of the solution of the Yule-Walker equations).
As has been stated, if I, is singular, the solutions of the Yule-Walker equations are not unique. The following
proposition shows that all solutions of the Yule-Walker equations result in the same transfer function. In terms of
the Hilbert space of square integrable random variables, this can be interpreted as the fact that the projections of
y; on the space spanned by the components of its contemporaneous and past forecast-errors coincide irrespective of
the representation of y; in terms of components of y;_1,...,yi—p.

Proposition 3.7. For given (yi)tcz and for any two solutions (a(z),b), (a(z),b) of the Yule-Walker equations, the
transfer functions a(z)~'b and a(z)~'b coincide.

Proof. Let (a(z),b) and (a(z),b) denote two solutions of the Yule-Walker equations, then the original process (y:)iez
is a solution of both systems. By theorem [3.3/a(2)~tbe; = a(2)~1be; and thus a(z)~'b = a(z)~!b holds.

O
3.4 A Canonical Form for Singular AR Systems
In this last section, the problem of selecting a unique representative among the solutions (ai,...,a,,b) of the
Yule-Walker equations, i.e. choosing a basis for the space spanned by the components of y;_1,...,y:—p, will be

discussed.
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Comment on relation between AR systems, their solutions, and the generated Yule-Walker equations
(autocovariances). In general for a given system its solution is not unique, in the sense that the linearly regular
part is uniquely determined by the transfer function and the inputs ¢;, but the linearly singular part in general depends
on the choice of initial values. On the other hand, a given process (y;),., does not yield a unique AR system if ',
is singular.

For given covariances (7o, ..., p), we consider the class of all AR systems (a(z),b) for which initial values exist such
that the corresponding solution of the AR system yields again the same covariances.

3.4.1 The companion form

We commence from an AR system
Yt = a1yi—1 + -+ apyi—p + bey
where be; are the one-step-ahead prediction errors. The vector
Yt—1
Tp—1 = :
ytfp
is a (possibly non-minimal) state for the state space system
Ty — Al't_l + B{-:t (319)
ye = Cwy_q + bey

b
ar - ap—1  Qp Os><r
I, 0 ... 0 ,
where A = ) ) .|, B= : and C = (a1, ...,ap). Since (y;),cy is stationary by assumption,
0 I 0
OSXT

the state process (), is stationary as well.

3.4.2 Step 1 of state dimension reduction: Choosing the first basis of the row space

of I',
In the first step, we select the first basis consisting of elements nyJ (where yt(’_)] denotes the i-th element of the vector
y¢—j) for the space spanned by the components of z;_; in the Hilbert space of square integrable one dimensional
random variables. This corresponds to selecting the first basis rows in terms of rows of I',, for the row space of T',.
Note that this step is not necessary for regular AR processes, because T, is positive definite for all w € Nj.

Due to stationarity, there are “no holes”. Such a selection is “nice” in the sense that if yt(?j_l is contained in
such a selection then also yt(l_)] i.e. there are no “holes”. This can be seen as follows. Suppose that yt(l_)] can be

expressed as a linear combination of preceding basis elements, then yii_)(ﬁl) can be expressed by the same linear

combination of the corresponding shifted elements and thus also by its preceding basis elements.

A uniquely defined solution of the Yule-Walker equations. Let S; be a selector matrix such that Sjz;_1 forms
the basis described above. Using the corresponding rows in I',, a unique solution of the Yule-Walker equations,
say (ai,...,ap) is obtained, where the columns of a; not corresponding to basis rows are set equal to zero. The
corresponding a(z) is uniquely defined in this way, because the elements of Syz;_; are linearly independent.

3.4.3 Step 2 of state dimension reduction: Discard all components which are not
needed for any predictor.

We may still reduce the dimension of Syx; 1 because some of its elements may not be used in expressing any
predictor, no matter what prediction horizorﬂ The state obtained by omitting these never used elements from the
basis is denoted by Sxz;_1.

10nly prediction horizons from 1 to p have to be checked.



34 CHAPTER 3. AR SYSTEMS AND AR PROCESSES: THE SINGULAR CASE.

The “no holes” argument for the second step.  Consider

a1Yt—1 + -+ apYi—p

Utlt—1
Yet1|t—1 1Ygt—1 + a2ye—1 + -+ ApYr—(p—1)
Yeralt—1 1 Yty1)t—1 T G2Yje—1 + - -+ ApYir—(p—2)
Ut4p—1)t—1 a1Ypqp—2ft—1 T 2t yp—3jt—1 +* + Ap_1Gst—1 + AQpYt—1
(al, ey ap)
aq a9 s ap—1 QAp

I, 0 - .. 0
(al,...,ap) 0 I :

2
a1 as tee ap—1 Qp
Is 0 . 0 Yt—1
Yt—2
(ah ,ap) 0 I .
0 0 I 0
ytprrl
yt—p
. -
ay az ap—1  Qp
I, 0 0

o --- 0 I 0

where g, jj;—1 denotes the predictor of y;;; from 4;_1,9; 2,..., i.e. the projection of y;,; on the space spanned

by the components of y;_1,y:_2,.... To fix ideas, consider the case where, e.g., yt(l_)l is not an element of Sxz;_1

and observe that
e the j-th column of a; has to be zero and

® Jir1je—1 = (af + a2)y—1 + -+ and thus the j-th column of a? + ay has to be zero, i.e. the j-th column of

ao has to be zero and yt(% is not an element of Sz;_; either.

Integer valued parameters defining a state

Now we define indices ny, ..., ns such that the selected state consists of the elements (reordered)

1 1
yt(f)lv'~'vyt(f)nlv"~7y£i)17~"ay§i)nsv

i.e. n; is the degree of the i-th column of a(z). Note that the corresponding a(z) is not changed by the second
step, because only the fact that certain coefficients are zero is taken into account. For future reference, the AR
system defined above will be denoted by (a(z),b), where a(z) is unique and b is unique up to post-multiplication by

orthogonal matrices

3.4.4 Properties of the reduced system

This selection procedure with state
Lft = Sl’t



3.4. A CANONICAL FORM FOR SINGULAR AR SYSTEMS 35

leads to a “quasi companion form” A obtained from (3.19)) by deleting the corresponding rows and columns which
corresponds to the system

Ty = Ajt_1 + B€t (320)
yr = CTy_1 + bey

Note that by the definition of Z; we have
I'; =E(z,2]) > 0. (3.21)

We have the following result for the system ([3.20).

Theorem 3.8. The system ([3.20) is stable and reachable if and only if the Yule-Walker equations contain a stable
solution.

Proof. The proof is divided into several steps.

Step 1: If there is a stable solution of the Yule-Walker equations, it follows from the regularity of the
associated Toeplitz matrix that the system is reachable. If the Yule-Walker equations contain a stable solution,
the corresponding AR process must be linearly regular and thus I', must be equal to I'). Thus also Z; is a linearly
regular process and thus

;= (B,AB,...) (B,AB,...)"
and therefore by ([3.21)) the system ([3.20) must be reachable.

Step 2: If there is no stable solution of the Yule-Walker equations, the associated system matrix is not
reachable. On the other hand, if there is no stable solution of the Yule-Walker equations then the special solution
a(z) is not stable and thus A has an eigenvalue of modulus larger than or equal to one. From ([3.20]) we get

Let v' be a left-eigenvector of A corresponding to the eigenvalue ), then
(1= |A?)v"Tzv =o' BB v, (3.22)

It follows from |A| > 1 that v" B = 0 and thus (Al — A, B) does not have full rank for a A € C which is equivalent
to it not being reachable.

O

Note that for a left-eigenvector o of A corresponding to |\ = 1, vTT; need not be zero, whereas for a left-
eigenvector v of A corresponding to |A| > 1, vTT; is necessarily zero.

Corollary 3.9. The system (a(z),b) is stable, left co-prime, and (a,,b) is of full (row) rank if and only if the
Yule-Walker equations contain a stable solution.

Proof. The proof follows from the fact that the eigenvalues of A, i.e. the zeros of det (21 — A), correspond to
the zeros of 2™ det (a (1)) = 2" (co + c127 4 -+ - + copz ™) , where (a@(2),b) is a left co-prime matrix fraction
description of the transfer function a~!(2)b. In particular, the zeros at zero of det (21 — A) correspond to the zeros
at zero of (coz”p Fez™PTl 4 Cnp—1% + cnp). Thus, it follows from reachability of (A, B), i.e. (z[ — A, B)
is of full rank for all z € C, that (a(z),b) is coprime, i.e. (a(z),b) is of full rank for all z € C (for z = 0, this follows
trivially from the assumption that a(0) and thus a(0) is the identity matrix) ; to ensure the reverse implication, we
have to require in addition to (a(z),b) being of full rank for all z € C that the end matrix (a,,b) is of full rank such

that (21 — A, B) is of full (row) rank for z = 0. O

Comparison with the minimum norm solution

The procedure described above results in the same a(z) for any I',,,, w sufficiently large. This is an advantage over
the minimum norm solution introduced in [Chen et al|[2011]. For the minimum norm solution, which is defined by
(a1,...,ap) = TJ (7,...,7p) where '} is the Moore-Penrose pseudo inverse of I',, we obtain in general different
solutions (a1(2),b), (a2(z2),b), where degree (a1(z)) = wy > p and degree (az(z)) = we > wy > p, if we consider
the Yule-Walker equations with Toeplitz matrices I',, and I'y,, respectively. Moreover, these solutions are not
necessarily coprime, see |Filler| [2010] Example 4.4.1, page 58f.
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A note on non-minimality of the quasi companion form

The state space system ([3.20)) is not necessarily minimal. This is true for two reasons.

1. The usual notion of minimality of state space systems is related to observational equivalence via transfer
functions and does not take into account the linearly singular component of the observed process. For example,
if y¢ is purely linearly singular (and non-trivial) our corresponding state space system would necessarily have
state dimension larger than zero but can never be reachable and thus not minimal.

2. Even if y; is purely linearly regular, the case in which the system ([3.20)) is reachable by Theorem then the
system ((3.20)) is still not necessarily observable since in our construction we have only removed zero columns
from the observability matrix.

The second point can be seen from the following example.

Example 3.10. Consider the solution (y;),c,, of the stable regular AR(2) system

Ver 11 11
Yyt = ( b ) = (‘f ?) Yt—1 + <§ %) Yt—2 + €,
Yt,2 3 5 8 8

where ¥ = E (e4¢}) is regular. This system can be represented in companion form as

Ty = Al‘t_l + B€t (323)
Yy = Cwpq + & (3.24)
where
11 1 1 1 0
R G 0 1 1101 1
_|3 5 8 3% _ _
A=t om0 o] o-(i 1)
0 1 0 O 0 O

Y1
Ty = Yt,2
Yt—1,1
Yt—1,2
0
. . 0 .. .
It is easy to see that the system (3.23)) (3.24)) is reachable, but not observable as 1 is in the right kernel of
-1
C
CA

C A2 |- Since (y:),cz is a regular AR(2) process, Iy is regular and thus the step 1 is irrelevant. A minimal system

would be

1 1 1 1 0 1 1 1
a=(s b Ha=fo 1) e=(1 1 1)
110 00 o
Yt,1
Ty = Yt,2

Ye—1,1 + Yt—1,2



Chapter 4

Multivariate AR Systems and Mixed
Frequency Data: ldentifiability and
Estimation

This chapter, co-authored with Brian D. O. Anderson, Manfred Deistler, Elisabeth Felsenstein and Mohsen Zamani
and based on [Anderson et al., 2012b] and |Anderson et al.| [2014], is concerned with the problem of identifiability
of the parameters of a high frequency multivariate autoregressive model from mixed frequency time series data. It
is a seminal contribution in the time series literature concerned with mixed frequency data. Other works in this
literature circumvent the problem of identifiability with unnatural assumptions and are rather problem formulations
than problem solutions.

We demonstrate identifiability for generic parameter values using the population second moments corresponding to
the observations. In addition we display a constructive algorithm for the parameter values and establish the continuity
of the mapping attaching the high frequency parameters to these population second moments.The cases of stock
and flow variables, as well as of general linear transformations of high frequency data are treated. Finally, we shortly
discuss how our constructive identifiability results can be used for parameter estimation based on the sample second
moments.

solutions.

4.1 Introduction

Motivation in terms of economic applications. In many applications involving multivariate time series data, we
encounter mixed frequency (MF) data, i.e. data where the univariate component time series are available at different
sampling frequencies. This is particularly true for economic applications, where for instance unemployment data may
be available monthly, whereas GNP data are available quarterly. To give a more general example, usually, financial
data are observed more frequently than real data. Clearly, the higher the dimensionality of the time series in an
applications context, the more likely are mixed frequency data to occur.

Two basic approaches to estimation with MF data. Given the frequent occurrence of MF data and the desire
to use as much or indeed all the information contained in these data as possible, it is not surprising that a number
of different approaches to MF problems such as parameter estimation have been developed (see e.g. |Harvey and
Pierse| [1984], [Nijman| [1985], [Kohn and Ansley| [1986], [Zadrozny| [1990a], [Bernanke et al.|[1997], |Chen and Zadrozny
[1998], Marcellino| [1998], Mariano and Murasawa| [2003], /Aruoba et al.| [2007], \Wohlrabe| [2008], |Ghysels and Wright
[2009], Marcellino and Schumacher| [2010], |Ghysels| [2012], |Schorfheide and Song| [2014]). These approaches differ
regarding their final aims, the model classes considered and the estimation procedures developed are concerned.

Single frequency methods applied to MF problems. Most of the traditional procedures for model parameter
estimation in multivariate time series assume that the individual components of the time series are available at a
single frequency. This motivates one of the two basic approaches to treat MF data: Transform the data to a single
frequency before parameter estimation.

37
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Single frequency approach 1: Transform to lowest frequency and apply single frequency methods (under
information loss). As far as the first approach is concerned, a simple method to deal with MF data is to transform
all data to the lowest sampling frequency, for instance by taking all observations at the lowest frequency, and then
to estimate a model. Of course, this is straightforward but leads to loss of information.

Single frequency approach 2: Interpolate missing low frequency data (without model parameters). Another
possibility to apply estimation methods for single frequency data is to (directly) interpolate the low frequency data
(see e.g. |Friedman| [1962]), so that after such a transformation high frequency “data” are available for parameter
estimation. However, exactly how one should interpolate is not clear, the more so when such interpolation is required
before the model parameters have been estimated.

Direct use of MF data for estimation. As far as the second basic approach, namely direct estimation from mixed
frequency data, is concerned, again several different procedures, which require some form of new or less familiar
methodology, have been developed

MF approach 1: Estimate a continuous time model.  One way is to estimate a continuous-time model from
discrete-time data (see e.g. |Phillips| [1973, [1976], Hansen and Sargent| [1983]). Of course, once a continuous-time
model is available, discrete-time data can be generated at arbitrary sampling frequencies. However, there are problems
with this approach. Firstly, in a “non-parametric” stationary context the spectral density of a single frequency discrete-
time process is obtained by the so-called aliasing formula from the continuous-time spectral density (see e.g. [Hannan
[1970]) and the function attaching the discrete-time spectrum to the continuous-time spectrum is not injective. Hence
restrictions to the continuous-time system have to be imposed in order to guarantee uniqueness from discrete-time
data. Secondly, there is no easy relation between model classes of related discrete-time and continuous-time systems.
This observation is sometimes called the embedding problem, see [Brockwell| [1995]; for instance some discrete-time
AR(1) systems correspond to continuous-time AR(1) systems, other to continuous-time ARMA(2,1) systems. An
approach for estimating a continuous-time system from MF data has been developed in |Zadrozny| [1988].

MF approach 2: MIDAS. The most frequent approaches to direct model estimation from MF data are MIDAS
regression, where we have a mixed frequency model (see e.g. |Ghysels et al.|[2006] |2007]), and the use of Kalman
filtering for missing observations (see e.g. |[Zadrozny| [1990b|, |Mariano and Murasawa| [2003]). Of course, the use of
an optimal Kalman filter for reconstructing missing observations requires knowledge of the underlying parameters; so
there is some circularity in the logic of this approach, which can be dealt with through an iterative loop.

MF approach in this chapter. In this chapter we consider the following setting: We assume a high frequency,
multivariate autoregressive model generating the outputs. Some outputs are not observed at the highest frequency
but instead at an integer sub-multiple of the highest frequency or more general a linear transformation of these
outputs is available, thus leading to MF data. Our main focus is on the discussion of the case of stock variables.
No a priori restrictions except for those concerning the order of the system, stability and the rank of the innovation
variance are imposed.

Goal of the analysis here and its advantages over other approaches. The final aim of the analysis considered
here is to directly estimate the parameters of the underlying high frequency model from the available MF data.
Clearly, once these parameters are available, then also all variances and covariances of the high frequency process
are available and, based on those second moments, linear least squares approximation problems like interpolation,
nowcasting, and forecasting can be solved. The analysis given here is focused on identifiability of the parameters of
the underlying high frequency model from the second moments of the observations. The main result given in the
chapter is that “typically” (for instance generically) identifiability can be ensured using second moments. Our results
are “constructive’ in the sense that we present “realization algorithms”, i.e. algorithms which give the parameters
from the second moments which can be observed in principle. In addition it is shown that the problem is well-posed in
the sense that the parameters depend continuously on these second moments. Thus, when these population second
moments are replaced by their sample counterparts, this leads to consistent estimation procedures. We consider that
identifiability and well-posedness are fundamental for understanding certain estimation problems, as has been argued
in detail in Hannan and Deistler| [2012]. A more abstract analysis is presented in [Deistler and Seifert| [1978].
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Organization of this chapter. The techniques we use in the chapter draw heavily from |Chen and Zadrozny
[1998], [Anderson et al.|[2012b]. The chapter is organized as follows: In Section [4.2] the setting and the problem are
described. Section deals with the special case of AR(1) models for the high frequency process where the focus is
on the bivariate case. This case is simpler than the general case, since here missing observations do not change the
autoregressive structure and since here an explicit description of the (generic) set of all identifiable parameters can be
derived. Section deals with general AR(p) systems. Here we have not been able to give the explicit description
mentioned above. However, as a “second best” result we do show generic identifiability, which we consider still
a strong result. Whereas in most parts of the chapter only the case of stock variables has been considered, the
genericity results are extended to general (linear) aggregation schemes, covering flow and stock variables, in Section
In Sections the results are based on extended Yule-Walker equations. Section provides an outlook
and a conclusion.

4.2 High Frequency AR Systems and Mixed Frequency Data

The underlying high frequency model. We consider the case where the high frequency system, i.e. the system
generating all outputs at the highest frequency, is a vector autoregression of order p. Let

Yy =AYy 1+ o+ Ay p t t €L (4.1)
where y; is n-dimensional, A; € R"*™ and (v | t € Z) is n-dimensional white noise.
Throughout we assume that the high frequency system (|4.1)) is stable, i.e. that
det (a(z)) #0 |z < 1. (4.2)
where a(z) =1 — Ayz —--- — A,zP. Here z is used for the complex variable as well as for the backward shift on the
integers 7Z.

We restrict ourselves to the steady state and thus causal and stationary solution.

Note on singular AR models. We consider the case where the innovation variance ¥, = E (Vtz/tT) is non-singular
as well as the case where this variance is singular. Then the corresponding autoregressive systems are called regular
and singular, respectively.

Singular autoregressive systems are important as models for latent variables and the corresponding static factors in
generalized dynamic factor models (GDFMs) (see |Forni et al.|[2000], |Stock and Watson| [2002], Doz et al|[2011]).
The innovations of such autoregressive systems are dynamic factors. Singular AR systems occur if the dimension of
the minimal static factors is larger than the dimension of the minimal dynamic factors, see Deistler et al.| [2010]. The
case where singularity is caused by definitional equations is discussed in |Phillips| [1974].

The parameter space. We assume the lag order p and the rank ¢ of X, with 1 < ¢ < n to be specified. The
parameter space for the high frequency models considered is:

O ={(A1,...,4,)| det (a(z)) #0, |z] <1} x {EV |2, = EZ,ZV >0,rk(2,) = q}

Note that the corresponding set of system parameters
S={(Ar,..., 4p) [ det (a(2)) # 0, 2| <1}
is open in R™"*™P_ Also note that we have no additional a priori restrictions, unless the contrary is stated explicitly.

If 33, is of rank ¢ < n, we can write ¥, as 3, = bbT where b is an (n x q) matrix. Accordingly, v; = bs;, where
E (stsf) = I,;. For given ¥,, b is unique up to post-multiplication by an orthogonal matrix. For a particular unique
choice of b see [Filler| [2010], Proposition 3.1.2.

Companion form of the underlying high frequency model. System (4.1]) can be written in companion form as

Ay - A, A b
Yt Inl Pt P Yt—1 0

| = . 3 RS (4.3)
Yt—p+1 . Yt— i
+ I, 0 wp_} 0
=Tt41 A =Tt -5

Yt = (Al e Ap) Tt 4+ bEt. (44)

—_————
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The solution of (4.3)), (4.4)) is of the form

g =al2)"bey = (C(I— A2) 7 Bz +b) e, (4.5)

where k(z) = a(z)"'b = C (I — Az)"" Bz + b is the transfer function from (¢;) to (y;). The Lyapunov equation,
where T', = E (z,2] ), for the system (4.3) is

r, — AT, A" = BB, (4.6)

Under the stability assumption (4.2) the system (4.3)) has a unique solution, for given (A, B), and the variance of x;

can be expressed as
o0

T, => ABB" (A"). (4.7)
=0
Note that this is true also for the singular case, because we have restricted ourselves to stable systems and stationary
solutions.

Some notions from system theory. Of course the system (4.3)), (4.4) is a state space system with x; being a
state. For results concerning state space systems and basic system theory needed for this chapter see [Kailath| [1980]
Chapter 6, and |[Hannan and Deistler| [2012] Chapter 1 and 2. A state space system is called controllable if

rk (B, AB,..., A" 'B) =np

(compare [Hannan and Deistler| [2012], Chapter 2, where this is called reachable). As can be easily seen from (4.7)),
using the Cayley-Hamilton Theorem, the system (4.3, (4.4) is controllable if and only if ', is non-singular. A system
is called observable if

C
CA

rk = np.

CAT’L[)—].
Thus the system (4.3), (4.4) is observable if and only if A, is non-singular.

A system is both controllable and observable if and only if it is minimal, i.e. the state dimension np is minimal among
all systems with given transfer function k(z).

A subset of the parameter space O is called generic if it contains a subset that is open and dense in ©. Clearly, the
state space system (/4.3)), (4.4) corresponding to a regular AR system is always controllable. For the singular AR case,
as is well known, see e.g. |Lee and Markus| [1967], the corresponding state space systems are generically controllable.

It is immediate that systems (4.3)), (4.4)) are generically observable. Thus systems (4.3)), (4.4)) are generically minimal.

MF data. Except for Section we consider the case where there are stock variables only. Let

f
_ (Y
y =
' (yt )
where the n -dimensional, say, fast (or to be more precise high frequency) component yf is observed at the highest

frequency t € Z and the n,-dimensional slow (or to be more precise low frequency) component y; is observed only
fort € NZ (N being an integer N > 1), i.e. for every N-th time point. Throughout we assume ny > 1.

A= <aff(i) afs(l_')) s, = <Uff Ufs)

asf(i) Ass (Z) Osf Oss

The matrices

are partitioned accordingly.

Identifiability from MF data. The central problem considered in this chapter is identifiability, i.e. whether, for
given O, the parameters A; and %5, of the high frequency system are uniquely determined by those population second
moments which can be observed in principle. In the case of stock variables these population second moments are of
the form
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¥ (h)

E(yf_HL (y{)T), h ez
10 = (it (o)) nez

() = E (v @)"). he NL (4.8)

Reconstructing the missing moments and implications. Note that if identifiability holds and if in addition there
is an algorithm for obtaining the parameters of the high frequency system from the population second moments which

can be observed in principle, we can reconstruct the missing moments v**(h) = E (nyI (yf)T) , he NZ—3j, j¢€

{1,...,N =1} and thus all v(h) = E (ysny/). h € Z. Then linear least squares methods for forecasting,
nowcasting, and interpolation of non-observed output variables can be applied. If such an algorithm defines a
continuous function and thus the problem is well-posed, the algorithm may be applied to sample second moments,
in order to yield consistent estimators of the system and noise parameters of the underlying high frequency system
and thus of missing second moments. In other words, identifiability and well-posedness are important in obtaining
consistent estimators of the system and noise parameters, A; and X, respectively.

Some problems not requiring identifiability. Note however that there are problems which do not require identifi-
ability of all high frequency parameters. As has been shown in [Bai et al.|[2013] this may be important for forecasting
and as has been shown in |Ghysels et al.|[2013], also analysis of Granger causality does not require identifiability of
all high frequency parameters.

4.3 Identifiability for AR(1) Systems

In this section we consider a special case. This is done for two reasons. First, it gives an example illustrating the
problem. Second, as will be shown below, this analysis yields special results; in particular the subset, ©; say, of O,
where identifiability is obtained (without imposing additional restrictions), can be described explicitly. We show that
the complement of this set is a so-called semi-algebraic set, see Bochnak et al.| [1998] page 24, Definition 2.1.4, i.e. a
set of (multivariate) polynomial zeros where in addition inequalities are imposed, and so we conclude that for generic
parameter values identifiability is obtained.

Here, we restrict the analysis of identifiability for mixed frequency data to the case p = 1. In addition, we restrict
ourselves to the case N =2, ny = n, = 1. Furthermore, we assume throughout this section that the AR(1) system
is regular. This case has been described in detail in |Anderson et al.|[2012b].

Case of diagonal covariance matrix serving as motivation. We first consider the case where in addition X, is
diagonal. Using a self-evident notation, we can write

(yif> _ (aff afS) (y{—l) + (Vif> ) (4.9)
i Asf  Gss) \Yi—1 vy
—_———
A

Now, the one-step-ahead predictor for y{_l, t — 1 odd, based on observed outputs is obtained from the following
equation:
yl = apryl o +agyi o+l

and the two-step-ahead predictor of y;, t even, is obtained from
yr = A%ys_o + Ave_ 1 + g
Combining both equations gives a three-dimensional system on 2Z:

y); o ./42 O y{_Q + A]/t71 + Vi (4 10)
7o) Vagy e 0) (U2 vl '

f
Yt Yi—3 —_—
A vt
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Note that (4.10) is an AR(1) system on 2Z whose outputs §j; are the observed variables and thus may serve as a
model for the MF data.

As the components of §;_» are linearly independent by the regularity assumption, A and &5 = E (ﬁtﬁtT) are uniquely
determined from the second moments of (§j; |t € 2Z) which can be observed in principle; however not all entries in

A, ¥; are free, as
a?-f +ayrsasy apfars +apsass 0

A= Asfaff + QssQsy asfafs—i—ags 0 (4.11)
aff Afs 0
Off 0 0 afrf Gfs 0 1
So={ 0 o Of+ [asy as (Uéf . ) (Zf S 0) (4.12)
0 0 0 1 0 ss fs ss

hold.

Here the high frequency system has 6 free parameters, whereas a general AR(1) system for n = 3 has 15 free
parameters. In order to analyze identifiability we solve (4.11)), for given A, 35 for the high frequency parameters
A and X,. We see that if ays and a,f are both zero, then only a2, is unique, otherwise A and ¥, are unique and
thus we have non-identifiability if and only if a¢s = asy = 0 and a5 # 0 hold.

It is interesting to note that here we have identifiability whenever the two component processes (y‘tf |t e Z) and
(y |t € Z) are not orthogonal.

If we drop the assumption o,y = 0 we obtain

Theorem 4.1. Assume that p = 1, ny = n, = 1, ¥, > 0 and N = 2. The system and noise parameters

<Z£; Z’:) off, 0sf and o, are not identifiable if and only if they satisfy the equations

Qfs =0
asf+ﬂ(ass—aff):0 (4.13)
orf
ass 7 0.

The complement of the set of solutions of (4.13)) contains an open and dense subset of ©.

Proof. If o5 is not necessarily equal to zero then ({4.11)) does not depend on whether or not o,y is zero and remains
unaffected. Only (4.12) is changed to

ory osy 0 agf afs\ /oo o are acr 1
Yp=|0sr 0ss O]+ |asy ass (Uff Usf) (aff asf O> . (4.14)
0 0 0 1 0 sf ss fs ss

Thus ays, ays and oy are unique for given A, Y.

We are left with the problem to uniquely solve equation systems (4.11)) and (4.14)) in the variables asy, ass, o5y, and
0ss. Thereto we distinguish two cases, namely the case ays = 0 and the case afs # 0, considering that we already
know a .

We start with the case a¢s # 0. It is easy to see that the missing parameters as¢, ass, 05 can be recovered using
(4.11)) and (4.14)). Subsequently o4 can be recovered using equation (4.14).

In the event that a5 = 0, then A% is lower triangular, with (2,2) entry a?,. First, observe that the (2,3) and (2,1)
entries of ¥y are respectively oy rass+0srass and aypy (0fpasy + 0spass)+0ss. Itis immediate that o, is available.
is
is

Next, if ass = 0, something which is immediately known from the (2,2) entry of 42, then the (2,3) entry of 3;
simply o¢fasy and since oy is obviously nonzero, the value of as¢ can be obtained. Also, the (2,2) entry of ¥
asp(Oprasy + 0spass) + 0ss and one immediately has 0.

It therefore remains to consider the situation where a5 # 0. The following quantities o and 3, corresponding to the
(2,1) entry of A% and the (2, 3) entry of ¥, are known:

sfaff + QssQsf =

OffQsf +Usfass = ﬁ
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By eliminating a,¢, we obtain
—a2.0sf + (B = agposy) ass + apsB = aoyy

Using this equation and the value for a2, available from A?, it follows that as; is uniquely determined if and only if

ﬁ —QffOsf 75 0
Introducing the expression above for 3, this yields:

AsfOff + AssOsf — QffOsf 75 0

To sum up, identification is possible except for parameters satisfying

afs = 0
ass # 0
AsfOff + QssOsp —aff0sp =0

The set of non-identifiable points as described by equations is a so-called semi-algebraic set, see |Bochnak
et al.| [1998] page 24, Definition 2.1.4, i.e. a set of (multivariate) polynomial zeros where in addition inequalities are
imposed. Here, in particular, the set of all identifiable parameters, which is a complement of the semi-algebraic set
above, contains a generic subset of the parameter space, viz. the complement of the set defined by the zeros of the
polynomial equalities alone. O

Remark 4.2. An interesting interpretation of Theorem is the following. The parameters of the underlying high
frequency model cannot be obtained if and only if there is a static linear transformation such that the transformed
model has a diagonal innovation variance and the transformed system matrix is diagonal with nonzero (2,2) entry.

. 1
Note that such a transformation must be of the form T = 1

0

705f0;f 1

of non-identifiability arising are exactly the same as in (4.13). Thus, identifiability for systems with non-diagonal
innovation covariance can be traced back to identifiability for systems with diagonal innovation covariance.

and that for given T' the conditions

Generalizations for n = ¢ > 2 possible but tedious. Note that equations (4.11)), may also be used for
identifiability analysis for n = ¢ > 2 though dealing with the various special cases is more intricate since scalars are
replaced by matrices. We repeat that the advantage of the analysis given above is that the subset of identifiable
parameters is explicitly given, and that the genericity property stands out clearly.

Generalizations of this method to p > 1 not possible. On the other hand, the analysis above cannot be extended
to the case p > 1 since the blocked process (g:) is no longer AR but ARMA in general. This can be seen from a two
dimensional AR(2) example of the form

yr = Asyp 2+ 1y tEZL

where As is non-diagonal. Note that the fact that AR systems are not closed under marginalization is well known,
see e.g. Amemiya and Wu| [1972], Tiao| [1972].

4.4 Generic ldentifiability Results Using Extended Yule-Walker Equa-
tions

As has been mentioned above, the analysis given in the previous section cannot be generalized to the case of order
p > 1. The reason is that, in general, the blocked process (| t € 2Z) will not be AR, or to put it in more general
terms, AR processes are not closed under marginalization.

In the analysis given below we will not be able to give an explicit characterization (i.e. explicit restrictions on the
system and noise parameters) of the subset ©; of all identifiable systems of ©. As a “second best” result, we will
show that ©; is generic which means that identifiability holds in typical cases. To repeat a subset of the parameter
space O is called generic if it contains a subset that is open and dense in ©.

The approach to obtain a result on generic identifiability based on extended Yule-Walker equations (see (Chen and
Zadrozny| [1998]) presented in this section is constructive, i.e. based on algorithms for actually calculating the
(unique) parameters 6 € © from the second moments (4.8)) which can be observed in principle.
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4.4.1 Derivation of the extended Yule-Walker equations for mixed frequency data

By post-multiplying equation (4.1]) by ytTfj, j > 0 and forming expectations, we obtain extended Yule-Walker
equations. The problem with these equations is that matrices on both the left and right hand side contain unobserved

T
second moments. In order to overcome this problem, we post-multiply equation (4.1)) by (ytfﬂ-) , 7 >0 and form
expectations. Thereby we obtain extended Yule-Walker equations (XYW, see |Chen and Zadrozny| [1998]) as

Yt—1
E(y (0" 6l o)) = A B [ (6D 6l ) | @19)
Yt—p
Let fyf;((gg .
Yt— v° o
K:=E (:ct (ytf_l)T) =E : 1 (y{_l)T - : =T, (:) . (4.16)
Yi-p Y (=p+1) 0
v (=p+1)

From equation (4.3)), i.e. 2441 = Azy+Be;, we have that z, = Y ;2 A'Bey—;—1 and 445 = Asxt+Zf:_01 A'Begys i 1.
The block columns of the second matrix on the right hand side of (4.15)) are of the form E (zt <y.tfij71)T> =

(e (W) ") =B (W + D2 ABersio0) () ) = 0 (w0 (o)) = 0K 5 2 0

Thus the rightmost matrix in the extended Yule-Walker equations can be written as (K, AK, A%K,...). From
the Cayley-Hamilton Theorem and since A € R™P*"P  we see that the second matrix on the right hand side of
has full row rank if and only if the matrix consisting of the first np blocks has full row rank. In this way we have
obtained our XYW which are of the form

Yt—1
Bl (007 )] = A B || [ (W07 0l)T) | D)
Yt—p
=z
The crucial point is that the matrix Z can be written as
7 = (K,AK, A’K, ..., A" K), (4.18)

and therefore has the structure of a controllability matrix.

Clearly, the system parameters (Aj,...,A,) of (4.1) are identifiable if Z has full row rank np, or equivalently,
and in the language of linear system theory, the pair (A, K) is controllable. Note, however, that contrary to
usual controllability matrices, here K depends on A, which makes the task of verifying generic controllability more
demanding.

Remark 4.3. Consider again the two-dimensional AR(1) process of Section In this case the matrix Z in equation
is rank deficient for ags = 0, asy = 0 even if ays # 0 which shows that the condition that rk(Z) = np
hold, is not necessary for identifiability. For the example discussed in the previous section, where for the case
osf = afs = asy = 0 the classes of observationally equivalent parameters consist of two points (corresponding to
the two choices for the square root of a2,), the solution set of the XYW is a nontrivial affine subset. This shows that
the XYW do not use the full information contained in the second moments which are in principle observed.

Remark 4.4. The advantage of commencing from the XYW equations is that they immediately give linear and
consistent estimators.

4.4.2 Generic identifiability of system and noise parameters

The parameter space in this section is the set © of all ((A1,...,4,),%,) where (41,...,4,) € S and £, has rank
q. In particular, we assume that there are no cross restrictions between system and noise parameters. We analyze
identifiability of system parameters first.

The next theorem, which is a central result of this chapter, shows that the matrix Z in equation (4.17) is generically
of full row rank and thus we have generic identifiability for (A;,...,Ay). Note that this holds both for regular and
singular AR systems, for all sampling frequency ratios N, and all nf > 1.
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Theorem 4.5. The matrix Z in the extended Yule-Walker equations (4.17)) has full row rank np on a generic subset
of the parameter space ©, and thus the system parameters are generically identifiable.

Proof. The proof uses the following well known result, see e.g. |Lee and Markus [1967], Wonham| [1985], |[Bochnak
et al|[1998]:

Let f: © — R be a polynomial function. If there exists a 6* € © such that f(6*) # 0, then the set of zeros of f is
a proper algebraic set and in particular its complement in © is generic.

In a first step, we have to show that Z is a rational function of 6 € O. It follows immediately that Z is rational if
we can show that K is a rational function of # € ©. Vectorizing the Lyapunov equation (4.6]) we obtain

vec (I') = (A® A) vec (T,,) + vecBBT

and thus
vee () = (I — (A® A)) ™" vec (BBT). (4.19)

Note that the absolute value of all eigenvalues A; of A is smaller than one by the stability assumption (4.2)). Therefore
the same holds for the eigenvalues of (A ® A) since the eigenvalues of (A® A) are \;A; 4,5 =1,...,np and thus
(I(np)z - (.A®.A)) is non-singular. This implies that vecI', is a rational function in ((Ai,...,4,),%,) having
no poles in ©. Thus K and A’K and subsequently Z are rational in ((Ai,...,4,),%,) on ©. Without loss
of generality we may restrict ourselves to the case where K is a vector and thus Z is square. Multiplying Z by
det (I(np)2 — (A® A)) we obtain a polynomial in the entries of ((A1,...,A,),%,) since det (I(np)2 — (A® A))
has no zeros. Thus the set of zeros of the determinant of the polynomial matrix det (I(np)2 — (A ® A)) Z is the
same as the set of zeros of the determinant of Z and thus is an algebraic set in ©, compare |Bochnak et al.| [1998]
page 23.

Now consider a point 6* in © given by

0 0 pC 1
I, 0
A - . ) B = 51 = . ) (420)
I, 0 0
where p € (0,1) and
0 0 0 1
1 0 0
C=10 1
o -~ 0 1 0

is a so-called circulant matrix and define e; € R", where the first component is one and all others are zero. We will
show that for this point in the parameter space, det (Z) # 0 holds.

Note that for an AR(p) process w; of a system with parameters 6* the covariances v(jp), j € Z are diagonal and all
other covariances are zero which is easily seen by looking at the Wold decomposition w, = E;io pCleie_jp. Ob-

viously, 7(0) = 372 p* Cleref (Cj)T is non-singular. Thus I', > 0 holds and this implies that (B, AB, A?B,...)
is of full row rank, see (4.7)).

Now it is immediate that Z is of full row rank since, as T, is diagonal, Z = (I‘p&,AI‘p&, ATLE, .. ) is a multiple
of (B, AB, A?B,...). Thus det (Z) # 0 holds.

Thus the set of zeros of det (Z) is a proper algebraic set, i.e., an algebraic set of dimension smaller than the dimension
of ©. Therefore its complement in the parameter space, which corresponds to all controllable pairs, is the complement
of a proper algebraic set and hence is open and dense in the parameter space. O

Let vec denote column-wise vectorization and let us define G = (1,,,0,...,0).

Theorem 4.6. The noise parameters X5, are generically identifiable in © from

vecS, = ((g 2G) (Inpy2 — (A2 A) " (GT ® gT)) e 0). (4.21)
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We commence from identifiable system parameters (Aq,..., A,).

Proof. Let us defineG = (I,,0,...,0). Through column-wise vectorization of
7(0) = E(yyi ) = GTG"

we obtain
vecy(0) = (G ® G)vecl',,.

This together with ([4.19) gives

vecy(0) = (G © G) (Iinp)2 — (A® A) " (GT ® GT)vecS,. (4.22)
where we used that BBT = G%,G7.
Note that (/(;,,)2 — (A ® A)) is non-singular. For A; = --- = A, =0, the matrix ([(,,p)2 — (A ® A))*1 is triangular

with ones on its diagonal. Thus, in view of the particular form of G, (G ® G) (I(np)2 — (.A®A))_1 GT & gh)
is a principal sub-matrix of (I(np)z - (.A®A))71 with the same property and is therefore non-singular. (G ®
G) (Iinpy2 — (A® A))fl (GT ® G™') is a function rational in (Ay, ..., Ap) having no poles. Thus the set of zeros of

this function is a proper algebraic set on © not depending on X,,. On the complement of this proper algebraic set

we have 1

veeT, = (6 G) (I — (A2 A) T (G7©GT))  veey(0). (4.23)

O

Remark 4.7. From Theorems and we see that the system and noise parameters are generically identifiable,
i.e. identifiable on the intersection of the set described in the proofs of Theorem and Theorem Note that
the results shown in the proofs above are stronger than the genericity results, because the set where Z has not full
row rank np is a proper algebraic set (see Wonham|[1985] page 28) and the same statement holds for the case of
noise parameters.

Note that the property that Z has full row rank np depends on (As, ..., A,) as well as on X, whereas the uniqueness
of ¥, obtained via (4.21)) depends only on (A,..., Ay). The first assertion is easy to see by considering the AR(1)

case of the previous section: Consider the special cases afs # ass, both nonzero, ays = a5y = 0. If £, is diagonal
Z has rank 1 otherwise Z has rank 2.

Remark 4.8. We have not been able to give an explicit description of those elements in © which are not identifiable
or those parameters where Z is not of full row rank np.

If the system (4.3)), (4.4) is not controllable, i.e. if I, is singular, then clearly we have non-identifiability even for high
frequency data, as the Yule-Walker equations then have no unique solution. Note however, that, as will be shown in
Section in such a situation identifiability might be obtained by suitably prescribing the column degrees in a(z).

4.5 Generic identifiability for prescribed column degrees

In this section we are interested in identifiability of mixed frequency AR systems for the case that the column degrees

of a(z) rather than the degree of a(z) are prescribed. Let pi,...,p, denote these prescribed column degrees. Let
O(ps,....p,) denote the subspace of © where the highest degree of the respective i-th column of a(z) is bounded by
p; and let (A;,...,A,) denote all columns of (Ay,...,A,) which are not prescribed to be zero.

Motivation for prescribing column degrees: Possible non-identifiability in singular AR models. Prescribing
column degrees may be essential in obtaining identifiability for at least two reasons. First, consider the high frequency
case only. Note that for the regular AR case, I',, is always non-singular and thus no identifiability issues occur. In the
case of singular AR systems, however, I, might be singular and thus even from high frequency data we might not
have identifiability. If this occurs, identifiability (from high frequency data) can be obtained by suitably prescribing
column degrees, see Chapter[3] Second, let us consider the mixed frequency case. For singular AR systems where in
addition I',, is singular, of course, Z cannot be of full row rank. Appropriately prescribing column degrees leads to
a modification of the matrix Z, as described below, which generically entails identifiability of the parameters of the
high frequency system. As has been mentioned above, singular AR systems serve as models for latent variables or
for static factors in dynamic factor models, see |Deistler et al.[[2010] and they occur in case of definitional equations,
see |Phillips| [1974].
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Selecting a basis of the row space in case of singular I';,, p; > 0. In the high frequency case, if ', is singular,
identifiability can be obtained by selecting a basis for the row space of I, consisting of the first basis rows. Let ST,
denote the matrix formed by these basis rows where S is a > p; x np selector matrix, for more details see Chapter
Thus, in the high frequency case, by prescribing appropriate column degrees we can always obtain identifiability.
Clearly, for T'), singular, the system (4.3), is not controllable and thus not minimal. A controllable system,
however, is obtained as follows: We shall first consider the case p; >0,i=1,...,n.

The quasi-companion form and implications. Let us define
.f't+1 == A.’ft + B_Et (424)

where 7, = Sz, A= SAST, B = SB. Equation (4.24) has been called the quasi-companion form in Chapter [3|

It immediately follows that

Yt = (Al, ey Ap) Ty + b&'t (425)

Note that in the case of nonzero column degrees only “structural” zeros and ones, i.e. elements of A and BB independent
of the parameters (Ay,..., A,) and X, are deleted in A and B. Thus, in this case of prescribed column degrees,
identifiability of (41,...,A,) and ¥, is equivalent to the identifiability of (Ay,...,4,) = (41,...,A4,) 57 and 3,

Modified extended Yule-Walker equations. Completely analogously to Section we can derive the modified
extended Yule-Walker equations for our reduced equation ((4.25)

E (e (w07 0o )™)) = Ar ) E (2 ()T 0y )T))
= (Ay,...,A) (K, AR, B2K,... A""—*~1K) (4.26)
=z
where s is the number of prescribed zero columns in (4,..., A,) and A € R("P=#)*(n"P=5) and where ', = E (2,27 )
and K =T, (Inf)_
0
Now obviously the parameter matrices (/L, cee flp) are identifiable if the matrix Z has full row rank.
In an analogous way as in the two preceding sections we obtain
Theorem 4.9. For prescribed nonzero column degrees p1,...,p, the system parameters (Ay,..., A,) and the noise

parameters X, are identifiable on a generic subset of the parameter space ©,, .. ;.. Moreover this statement remains
true for more general aggregation schemes (4.31)).

Proof. The proof is along the same lines as the proof of Theorem A point 0" € O, .. p,) Where Z has full row
rank is constructed as follows: Let

ai(z) = e —[A1] ;2 — ... = [Ap] ; #¥

i

denote the i-th column of a(z) and let

o = (A1 4],
be the so-called column-end matrix of a(z). Then we take
Cg=pC, pe(0,1)
where C'is the circulant defined in the proof of Theorem and
(A, =0, 0<k<psi=1,...,n

and b = e;. Then again, I', = ST,,S7 can be shown to be diagonal and non-singular and thus det (Z) # 0 holds.
Once the system parameters are unique, X, is obtained in the same way as in the proof of Theorem O
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Zero column degrees. \We now consider the case where there is at least one i such that p; = 0. In this case we

define two sub-processes of (y;): Let y; contain all components yt(i) of y; with p; > 0, such that y] = Syy, and let

y; contain all components yt(l) with p; = 0, such that y; = Soy;. It is easy to see that y] is again an AR process.

We obtain the following theorem:

Theorem 4.10. For prescribed column degrees pi, .. .,p, the system parameters (Ai, ..., A,) and the noise pa-
rameters ¥, are identifiable on a generic subset of the parameter space O, . if (yi) contains at least one fast
component. Moreover this statement remains true for more general aggregation schemes (4.31)).

Proof. We first consider the AR process (y;) with parameters not prescribed zero ([1’1“, . ,fl;) =951 ([11, cee flp).
Let us define Zj as the state of a quasi-companion form of y;. Obviously, using Theorem we have generic
identifiability of (Af,..., A") since

14

7 = B(a (T "))

(R A" (AT K7 (AT R,

_ _ I _
where K" =17 < ("6)f> and I') = E (:?’I (fg)T), is generically of full column rank.

Thus we are left to show generic identifiability of the remaining rows (A’f, e ,fl;) =5 ([11, cee flp), which is easily

done since y7 = (A7, ..., AZ) T} + b7, where b are the rows of b corresponding to y7, and thus

E (v (0207 0 2uped)™)) = (A A E (a7 (01507 0 )T) ) -

=Zzr

Therefore (Ay,..., Ay) is identifiable if Z" has full row rank which is generic.

Once the system parameters are unique, X, is obtained in the same way as in the proof of Theorem O

4.6 Flow Variables and More General Aggregation Schemes

In the previous sections only stock variables have been considered. Here we deal with the case where the process
(yi | t € Z) consists of flow variables or variables aggregated by more general schemes.

Flow variables as transformation of an underlying process. For flow variables the aggregation to the corre-
sponding observed process, (w; | t € NZ) say, is of the form

W=y Ay Yy = Lz + 2Ny te NZ, (4.27)

where z denotes, as already mentioned, the backward shift on Z. Note that the second moments required in

T
the extended Yule-Walker equations are the autocovariances E (ythrh (yf) ) , h € Z and the cross covariances
AT
E(yf+h (%) > h € Z.

Retrieving the required second moments of the underlying process from the observations. We now show
AT
how these cross covariances can be retrieved from the cross covariances E <wt+h (yf) > , h € Z of the observations.

Assume for the moment that w; is available for all ¢ € Z and that the inverse of the linear transformation (4.27)

exists for all t € Z, i.e.
M
yi = Lim. Y hfw . hM e R ez (4.28)
—00
j=0
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where Li.m. denotes the limit in mean squares. It follows that

T M T
Ysp(h) =E (yf+h (ytf ) ) = lim Y h"ME (wt+h—j (ytf ) ) ~ (4.29)
=0

M—oc0 <
=

Yyt (h—3)

For our purposes the inverse of the linear transformation (|4.28) only has to exist for the special input (w;). In order
to show the existence of the inverse transformation (4.28)), it is more convenient to use the frequency domain rather
than the time domain, see |Rozanov| [1967], [Hannan| [1970]. Let

Fyys (A) = (2m) ! Z Yos(h)e
h=—o00
and
fw'w()\) = (271')_1 Z E (wt+h (wt)T) e*i)\h
h=—o00

denote the spectral density of (y; |t € Z) and (w; | t € Z), respectively.

As is well known, the spectral density fu.,(\) of (w; |t € Z) satisfies
Fow(A) = (1 Fe P p 4 e*“N*l)*) L. fyeys (N, (1 fer 4ot e“N*l)A)
and thus
. . -1 . ) -1
/(14—@_“ +.__+e—z(N—1)A) L fuw (N, (1—1—@“ +.__+62(N—1)A) A\ —

- /f,ysys (A)dA < .

It follows that each row of (1+e~™ + ...+ e’i(N’l)A)_l I, is an element of the frequency domain Ly (fuwd))
of fuw and by the isomorphism between the frequency and the time domain the inverse transformation (4.28) is
therefore well defined. From ((4.29) we then obtain

> 4 A , -1
Frgr V) =@2m) 7" Y7 yep(h)e M = (1+671A+...+671<N*1>A) I, fuyr (V) (4.30)

h=—o00

and thus vs¢(h), h € Z. In this way, we get all covariances in the extended Yule-Walker equations. Whereas for the
case of stock variables these covariances can be directly observed in principle, in the case considered here, they have
to be reconstructed as described above.

More general aggregation schemes. A completely analogous derivation holds if we replace (4.27) by the more
general aggregation scheme

wy = koyy +k1y; 1 + -+ kN_1Yi_ N1, ko non-singular. (4.31)
Thus, taking into account that generically Z has row rank equal to np, we obtain

Theorem 4.11. Given the aggregation scheme (4.31)) for the slow variables (w; |t € NZ), the system and noise
parameters of the high frequency system (4.1)) are generically identifiable from ~¢¢(h) and 7, (h), h € Z.

Note that if we set kg =1 and k; =0, j =1,..., N — 1, we have the case of stock variables. Thus Theorems
and [4.6] are special cases of Theorem [4.11]

As is immediately seen, Theorem also covers the case where the slow variables are formed by a mixture of stock
and flow variables.



50 CHAPTER 4. IDENTIFIABILITY FROM MIXED FREQUENCY DATA
4.7 Qutlook and Conclusions

This chapter deals with identifiability of system and noise parameters of a multivariate (high frequency) AR system
when only mixed frequency observations are available. No a priori assumptions are imposed on the high frequency
system except for its degree, stability and the rank of the innovation variance. The main result is that identifiability
holds, (possibly) except for the parameters in a “thin" set, which is the union of two proper algebraic sets (which are
lower dimensional). Thus “typically” we have identifiability and in particular we have identifiability on a set containing
an open and dense subset of the parameter space. This holds for all “aggregation intervals” N for the slow component
of the observations and whenever there is at least one fast component in the observations.

Our approach is different from the well known MIDAS approach |Ghysels [2012] and we also do not use a relation to
time continuous systems and more generally, let us repeat, we do not impose a priori restrictions in addition to the
general ones mentioned above.

Despite the fact that for most parts of the chapter we discuss the case of stock variables, we show that the central
results hold for very general (linear) aggregation schemes for the slow variables, including stock and flow variables as
special cases.

The final aim of identifiability analysis is to obtain estimators. Note that, as has been pointed out above, the
identifiability analysis given in the previous sections is “constructive”, i.e. it not only ensures uniqueness of the AR-
parameters for given population second moments , but also provides an algorithm for actually calculating these
parameters from the population second moments (in system theory, according to Kalman, such an algorithm is called
a realization algorithm). Continuity of these algorithms leads to consistent estimators. This immediately suggest an
estimation algorithms based on the extended Yule-Walker equations as suggested in |Chen and Zadrozny|[1998]. This
algorithm may also be used for obtaining initial estimators for numerically maximizing a Gaussian likelihood.



Chapter 5

Implications of Stochastic Singularity
in Linear Multivariate Rational
Expectations Models

This chapter deals with the number of free parameters in the structural difference equation obtained from a linear
multivariate rational expectations model. We show that in the case of stochastic singularity, i.e. when there are fewer
(white noise) inputs than outputs in the rational expectations model, the number of free parameters is different to
the case where the number of inputs and outputs coincide. This result is the basis for identifiability analysis of all
solutions of a linear multivariate rational expectations model with general restrictions, derived from, e. g., dynamic
stochastic general equilibrium (DSGE) models.

5.1 Introduction

We investigate structural difference equations obtained from a stochastically singular rational expectations (RE)
model whose parameters are rational functions of deep parameters. Here, stochastically singular means that the
number of endogenous variables is larger than the number of white noise inputs of the exogenous process driving the
economy. The structural difference equation obtained from a rational expectations (RE) model distinguishes itself
from a usual structural difference equation in the following way. For every fixed parameter value in the model class
describing the system involving rational expectations, we obtain a structural difference equation with additional free
parameters. This is a consequence of the presence of expectations today of future endogenous variables in the RE
model.

Dynamic stochastic general equilibrium (DSGE) models are a special kind of RE models of particular interest in
economics. They are obtained from optimizing behaviour of economic agents and imply cross-equation restrictions
on the model parameters, see [Hansen and Sargent| [1980]. (Log)-linearizing the (stochastic) first order conditions of
the dynamic stochastic optimization problem around the (non-stochastic) steady state (see, e.g., [DeJong and Dave
[2011] Chapter 2) gives a system of equations involving rational expectations which is linear in the variables and in
general non-linear in the parameters. In our analysis we assume that any non-stochastic trend has been removed
prior to analysis.

It is of interest whether there exists a unique solution under additional assumptions on the solution set. Usually, it is
required that the solution (y;),., of a RE model be non-explosive and causal. Additionally, some model specifications
require that some endogenous variables, so-called predetermined variables, have a trivial one-step-ahead forecast error.
Non-explosive behaviour can be justified by the transversality condition which is a necessary condition for optimality
in a dynamic optimization problem. Causality is often imposed implicitly (see Sims [2001], page 10) by requiring
that for a solution (y;),., of a RE model, the condition E; (y;) = y; holds for an appropriately chosen conditioning
set. In analogy to deterministic difference equations, where the notion of predeterminedness is uncontroversial, the
seminal paper by [Blanchard and Kahn|[1980] analyzed a system where a subset of endogenous variables have a trivial
one-step-ahead forecast error. These variables are then called predetermined. All these assumptions can be imposed
transparently in the framework of the model described in this chapter.

The case where multiple solutions satisfy all restrictions imposed by the modeler attracted some attention as well. For
example, [Lubik and Schorfheide [2003] analyzes the case of indeterminate equilibria, where it is not possible to get
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rid of all additional free parameters by imposing non-explosiveness and causality. Treating indeterminate equilibria is
of great interest for monetary policy analysis, see, e.g., [Clarida et al.|[1999].

The contribution of this chapter is twofold. First, we present a transparent approach for obtaining (stochastically
singular) solutions of RE models, i.e. stochastic processes solving the RE equation. Especially, restrictions such as
non-explosiveness, causality and predeterminedness on these solutions are imposed transparently. Second, it is an
important motivation and justification for future research on singular structural ARMA models regarding identifiability
and estimation along the lines of Deistler] [1975| 1976) [1978], |Deistler and Schrader| [1979], Deistler| [1983)], |Deistler,
and Wang| [1989].

We will discuss now the importance of the stochastically singular case and strategies for circumventing this difficulty.
Commonly, the problem of stochastic singularity in DSGE models is put aside by adding measurement noise (see,
e.g., |Sargent|[1989], |Altug [1989], (Ireland| [2004]), adding structural shocks (see, e.g., |Leeper and Sims| [1994], [Smets
and Wouters| [2003]), or choosing a subset of variables such that the number of structural shocks and observables
coincide. This approach simplifies the problem of estimation to the usual (non-singular) case. However, all of these
estimation strategies have obvious disadvantages since they distort the actual estimation problem. An estimation
procedure like adding measurement errors should rather be interpreted as a regularization strategy. It should be a
concern for economists that the model obtained by adding measurement noise or by adding additional structural
shock is not necessarily related to economic theory and that there is in general no reason why the identifiability
properties of the distorted models should be similar to the undistorted, stochastically singular model. Also, we forfeit
information and estimation efficiency by only using a subset of observable variables. Last and most importantly, we
argue that there is a clean alternative: estimation of singular ARMA models.

We will now discuss the importance of identifiability analysis for the estimation problem. To this end, we focus
on the separation of the estimation problem of the internal characteristics (e.g. the parameters in the econometric
model) of the structural difference equation obtained by manipulating the RE model in two separate problems. The
problem of estimating the external characteristics (e.g. second moments or spectral density of the observations) of
the RE model is of a purely statistical nature. The problem of attaching the external characteristics to the internal
characteristics of the system, i.e. the identifiability problem, is of a purely algebraic nature.

Identifiability is defined in |Deistler and Seifert| [1978] as the existence of an identifying function attaching external
characteristics of a system to internal characteristics of a system . As soon as we know that the external charac-
teristics are consistently estimable and that the econometric model is identifiable, then the internal characteristics
are consistently estimable, compare |Deistler and Seifert| [1978] Theorem 5. Applications of this idea of separating
the estimation problem into these two sub-problems can be found in [Hannan and Deistler| [2012]. For an example
of using this approach in stochastically singular models see Deistler et al.| [2011], where a (continuous) identifying
function is constructed which attaches the second moments of the observations generated from a singular AR model
to the parameters of the model. A similar approach is conceivable for structural singular ARMA models.

We will now compare the identifiability analysis for structural singular ARMA models to the one for structural state
space models. This chapter is inspired by the identifiability analysis for DSGE models in a state space setting
in [Komunjer and Ng| [2011]. They assume, however, that the considered state space models have a full rank
controllability and observability matrix even though the system matrices depend on deep parameters and are thus
restricted, compare Assumption 4-S and Assumption 5-NS on page 2002 and page 2007 in [Komunjer and Ng| [2011]
respectively. This assumption is quite strong for structural models. For example, it is shown in|Anderson et al.| [1996]
that there are non-pathological examples where the dimension of the state is minimal among all state space models
satisfying the structural restrictions (in their case non-negativity of the system matrices), but the corresponding
controllability and observability matrices do not have full rank. Treating the identifiability problem for non-minimal
structural state space models is considerably more difficulﬂ than the corresponding problem of non—coprimeE] (non-
singular) structural ARMA models as was done in |Deistler and Schrader| [1979] for the non-singular ARMA case.
Identifiability analysis of singular structural ARMA models is part of a future research project.

We will now discuss non-causal and non-miniphase systems, which can be more easily modeled in an singular ARMA
setting than in a state space setting. There is some recent interest in AR(MA) models whose AR part or MA part
has zeros inside the unit circle. It can be argued that imposing restrictions on zero (or pole) locations is easier in an
ARMA than in a state space setting. This constitutes another advantage of the singular ARMA approach taken here
compared to the state space approach.

Non-causal AR systems, i.e. the determinant of the polynomial matrix corresponding to the AR part has at least
one zero inside the unit circle, have been treated in |Lanne and Saikkonen| [2013]. Intuitively, these models relate to

1Compare |Glover and Willems| [1974] for identifiability analysis in the minimal structural state space setting and |Glover| [1973] for
examples as to why identifiability analysis in the non-minimal case is considerably more difficult.

2Two univariate polynomials are called coprime if they do not have any non-trivial common factor. Two polynomial matrices are called
coprime if their only common factors are unimodular matrices, i.e. polynomial with constant non-zero determinant.
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“missing variables models” and have some very promising properties, e.g., for financial time series, compare |Lanne
and Saikkonen| [2013], page 58, last paragraph.

Non-miniphase ARMA systems, often called non-fundamental or non-invertible ARMA systemsE], received attention in
[Leeper et al. 2013] where information flows in fiscal (structural) models are analyzed. Only for Wold representation,
the space spanned by present and past components of the errors is also contained in the space spanned by present
and past components of the observations. If the transfer function has zeros inside the unit circle, the error term
cannot be reconstructed from present and past observations. In this case, the space spanned by present and past
components of the errors is in general strictly larger than the space spanned by present and past components of the
observations, see [Rozanov, 1967] page 59ff . The non-miniphase property is very useful to model that economic
agents have more information than the econometrician, see |Lippi and Reichlin| [1994].

Note that for a Gaussian process which is a solution of the ARMA systenﬂ a(z)y: = b(z)ey, the stability assumption
a(z) # 0, |z| < 1 and miniphase assumption b(z) # 0, |z| < 1 (compare |[Hannan and Deistler, 2012] page 10,
equation (1.2.3) and page 25, equation (1.3.15)) are mere normalizations. It is not a property of the resulting ARMA
process whether the zeros (or poles) of its transfer function are inside or outside the unit circle. In other words, if a
zero (or a pole) outside the unit circle of the corresponding transfer function is mirrored (with a Blaschke product)
inside the unit circle, the second moments are the same. It cannot be inferred from higher moments on which side
of the unit circle the zeros and poles are located. It can be shown that if the process is non-Gaussian, it might be
possible to conclude on the location of the zeros (and poles) of the transfer function by using higher order moments
(|[Rosenblatt, 1970, |[Lanne and Saikkonen| [2013, |Gourieroux and Monfort, 2014]).

We will now discuss generic properties of singular AR(MA) models when the parameter space is unrestricted in order
to emphasize that it is not always obvious what “typical” means with regard to a certain model class. In this chapter
we are dealing with structural models, where the restrictions on the parameter space are, e.g., derived from economic
theory. However, we would like to comment on the structure of transfer functions, i.e. the z-transform of the impulse
response function, when there are fewer inputs than outputs.

It has been shown in [Anderson and Deistler, 2008, 2009] (using state space arguments) that the AR case is typical
when we place ourselves in the framework of rational transfer functions with fewer inputs than outputs. As an example
1—az

1_bs) %€ C, and note that the column rank of k() is equal to one unless

consider the transfer function k(z) = (

l1—a

1-b

a =b. Also, it is possible to extend k(z) = ( 1—bs 1—ds

j) to U(z) = (1 —az 1 CZ) such that the determinant of

U(z) is a non-zero constant. In this way, we obtain an AR(1) representation of k(z) = (i B Zj = (U(z)_l)_1 (é

More generally, for “most” parameters in the parameter space describing transfer functions of “bounded dynamics”,
there is an AR realization of this transfer function. Thus, in the stochastically singular case the MA part in an ARMA
realization of a transfer function can generically be chosen as constant. In other words, there are generically no
transfer function zero and hence the AR case is typical when the parameter space is unrestricted.

The result that the AR case is typical in unrestricted stochastically singular models cast some doubt as to whether
it is important to consider singular ARMA models at all. However, given that the structural difference equations
obtained from an RE model with restrictions derived from economic theory are singular ARMA models with non-trivial
MA part (and might have structural zeros inside the unit circle in order to model that the economic agents have
more information than the econometrician), it is useful to invest time in developing strategies for identifiability and
estimation of structural singular ARMA models. Contrary to the case of an unrestricted parameter space, we cannot
say much about generic properties of (stochastically singular) ARMA models without taking their special structure,
imposed by the modeler, into account. In this chapter we allow for rational restrictions, meaning that the “linear”
parameters of the model depend in a rational way on underlying deep parameters.

Finally, we turn to the main result of this chapter. We analyze the implications of stochastic singularity on the number
of free parameters in the the structural difference equation obtained from a rational expectations model with general
parameter restrictions. The main result is Theorem 5.9 on page [64] which states that the number of free parameters
in the structural difference equation obtained from a RE model with rational parameter restrictions depends on the
number of endogenous variables, the number of inputs, and the number of zeros of a certain polynomial matrix. It
serves as a basis for identifiability analysis and gaining insight into the structure of the model.

Note that the (implicit) assumption in [Broze et al|[1995] that the innovation covariance matrix of the exogenous
process is non-singular excludes models as, e.g., the basic New Keynesian monetary model analyzed in |Lubik and
Schorfheide, [2003]. The analysis of |Broze et al.|[1995] is, in addition to permitting for stochastic singularity, extended

3The definitions differ sometimes with respect to zeros on the unit circle. We ignore these differences in this discussion.
4For ease of presentation we restrict ourselves to univariate processes in this paragraph.
5For 2 = 2o which is not a pole of the transfer function, zeros are defined as a drop in the rank of k(z) at z = zo.
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to allowing for more general parameter restrictions than zero restrictions in order to render the developed theory useful
for the analysis of macroeconomic models as, e.g., |Smets and Wouters| [2007]. This will enable us to conduct an
identifiability analysis of dynamic stochastic general equilibrium (DSGE) models without imposing, as was done in
Komunjer and Ng| [2011], a minimality assumption which is very restrictive for structural models.

5.2 Model

We heavily draw on the methods developed in |Broze and Szafarz|[1985], |Broze et al.|[1985), [1990], |Broze and Szafarz
[1991], Broze et al.|[1995]. In particular, we consider the rational expectations model

K H
Z Z ApnBi—k Yegn—k) = —ug  (5.1)
k=0 h—0
Ao Aor -+ Aon - Aom Eq (y2)
Ao Bt (y141)
— (I, I,z I,2¢ LX) | : —
( ) Ako Akh AkH E, (ytJrh) K
Ao Agi - Ary) \Et Wevn)

where z denotes the backward shift operator, i.e. 2 (yt),cz = (Y¢—1)scz, Et (Ye4n) denotes the projectiorﬂ of Yy 0N
closure of the Iineal{Z] space spanned by the present and the past of the components of {us,u¢—1, ...} of the exogenous

process (uy),.y, denoted by H,(t) = span {u,(f_)s lseN, ie{l,..., s}} where the superscript (i) denotes the i-

th component. To avoid confusion, we will sometimes write more explicitly E (y4|H,(t)) for the same objectf]
Furthermore, we assume that there are no redundant equations, i.e. the determinant of the matrix polynomial 7(2)
defined in equation ((5.2)) on page [56| depending on the matrices Agp, k € {0,...,K} and h € {0,...,H}, is not
identically zero, and that there exists an h € {0,...,H} such that Ak, # 0 and a k € {0,..., K} such that
Arg # 0. In this way K and H are well defined. The indices k& and h in Ay, refer to the h-period-ahead forecast
of the endogenous variables, k periods ago, i.e. y;_ is forecast h periods ahead with the informatiorﬂ available in
period ¢t — k.

We assume that the linearly regular stationary s-dimensional exogenous process (uy),.; has a (finite) covariance
matrix E (ututT) where the superscript 1" denotes transposition, of rank r smaller than or equal to s.

A solution of the rational expectations model (5.1)) is a stochastic process

(Yt) ez € Hu = span {u?) |[ie{l,...,s}, t€ Z},

i.e. the closure of the span of future, present, and past components of (u),.;, such that for given exogenous driving
process (u;),c; and given parameters Ay, k € {0,..., K}, he€{0,...,H}, (y),c; satisfies equation (5.1) for all
t € Z. Note that (y),s is a deterministic function of (u¢),.;, i.e. there are no additional error terms involved.

Remark 5.1. Note that some authors, e.g. |Blanchard and Kahn|[1980], King and Watson| [1998], |Sims| [2001], study
only solutions on the natural numbers N. There are at least two reasons in favor of examining solutions on Z. First,
there is an asymmetry between past and future when only solutions on N are considered. Second, a solution starting
from the infinite past can be interpreted as a solution approximating unknown initial values in a reasonable sense. In
the stationary state, we do not know initial values, hence a solution starting from the infinite past should be preferred
to a solution on N.

Moreover, theorems on spectral representations of stationary processes and spectral decomposition of their spectral
distribution function do not always hold true for stochastic processes with N as index set, compare [Doob| [1953] page
481 and 486. Also, Anderson and Moore| [2005] use the term “covariance factorization” (page 233) for processes

6Compare |Doob| [1953| page 155, where he defines the conditional in the wide sense as the projection on a linear manifold.

"Note that if all random variables in the conditioning set are Gaussian, the conditional expectation coincides with the linear projection
outlined here. For more details on conditional expectations see |Billingsley| |[1995| page 445ff.

8Some authors, e.g. |Gourieroux, Laffont, and Monfort [1982] on page 410, condition on a larger set of variables comprising variables
which are independent to the exogenous process. These variables are called “sunspots” by the authors.

9We will refer to the space Hy,(t) on which the endogenous variables are projected as “the information at time ¢".
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with finite initial time and reserve “spectral factorization” for stationary processes with index set Z. They show on
pages 242-243 that their so-called “innovations model” (which is closely related to the spectral factorization) is not
time invariant (but only asymptotically time invariant) for stationary processes with finite initial time, compare also
Hannan and Deistler| [2012] pages 19-20.

Remark 5.2 (Consequences of a larger conditioning set). Following |Gourieroux et al.| [1982] page 411, we consider
the univariate model
Yr = ao1 By (Yes1) + ws.

However, a process (y;),c; for which the equation above holds for all ¢ € Z is not required to be contained in H,,
but only in H, ¢ (in obvious notation) where ({;),c, is a p-dimensional stochastic process orthogonal to (u;),c;. If
the conditional expectation is taken with respect to H, ¢(t) a larger solution set might be obtained. Otherwise, the
terms E (y:41|Hy(t)) and u; only depend on elements in H,(t), implying that also y; is a function of elements in
H,(t).

The following superposition principle holds: If (y),_, is a particular solution of

teZ
anE (i1 [Hu(t) = v +w

in the sense that it solves the equation above for given (u;),., for every time point and (ytz)
solution of

ez 1S @ particular

anE (yi1|He (1) = yi + G
then (by orthogonality of (u;),c, and ({;),c;) we obtain that

a1 E ((yis1 +vivs) [Huc(t) = (Uier +viv1) + e + G

In particular, allowing for a larger conditioning set entails that the set of solutions of

Yr = ao1 B¢ (ypy1|Hu,c (1)) + uq

is enlarged (compared to the set of solutions of y; = ap1E; (ye+1|Hu(t)) + u) by the solutions of the homogeneous
equation
ao1E (ye+1He (1) = yr.

5.3 A (constrained) system equivalent to a rational expectations model

Here, we start with deriving (in analogy to|Broze et al|[1995]) from the rational expectations model (5.1)) a recursive
equation in terms of the components of leads and lags of the endogenous process by writing the conditional expectation
E;_i (y¢+n) as sum of the endogenous variable y,j, and its (h + k)-step-ahead prediction error viip ptk = Yitn —

E:—k (yt4+n). Secondly, constraints implied by the rational expectations model on the revision processes si_j =

E:—j (yt) — E¢t—j+1 (y¢) are derived in section Subsequently, we show in section that a process (y:),c,
for which the recursive equation holds and whose revision processes 5{_]- = Ei—; (ye) — Es—jy1 (y¢) satisfy the

constraints implied by the rational expectations model also solves the rational expectations model (in the sense
that equation holds for all points in time). Thus, the problem of finding solutions (y:),., of the rational
expectations model is reduced to the problem of finding processes (y;),., (which are restricted by the fact that
its revision processes Ei_j =E;—; (y+) — Et—j4+1 (y+) have to satisfy certain constraints) solving a vector difference
equation (for given exogenous process).

In section we generalize{icl Property 5 on page 245 in [Broze et al.|[1995] with respect to the number of “arbitrary
martingale differences” to the case in which the exogenous process has a singular spectral density and correct their
count of “auxiliary parameters”, i.e. the dimension of the solution set, on page 247 below their formula (4.1) which
is only correct if the exogenous process has a spectral density of full rank.

Up to this point, there is no assumption as to whether a process for which the rational expectations equation ([5.1)
holds for every t € Z also has to be contained in H,(t) at time ¢ or as to whether it has to satisfy a non-explosiveness
condition. Imposing non-explosiveness conditions as general as in [Sims [2001] and imposing that y; € H,(t), t € Z,
for a process (y;),c, for which the rational expectations equation holds for every ¢t € Z is straightforward after
having obtained the recursive equation together with the constraints on the revision processes. The latter fact and its
suitability for identifiability analysis are the major advantages of model relative to the other approaches (which
do not take different timing into account).

1ONote, however, that we impose (wide sense) stationarity on the exogenous process, whereas [Broze et al|[1995] do not impose any
assumption on the exogenous process. As soon as they do impose “stationary (finite or infinite) moving average structure” (compare |Broze
et al.|[1995] page 246 line 27) on the exogenous process, however, they require that the inputs be independent while we only assume that
they are uncorrelated (compare |[Doob|[1953] page 92 for more detail on the relation between uncorrelated processes, martingale difference
sequences, and independent processes).
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5.3.1 Recursive equation

We obtain from the rational expectations model (5.1)) (by substituting for conditional expectations the variables
themselves and the associated prediction errors) that

(Z Ajz” ) ye = 7(2) (5? + 5%71 +- 1+ Efl:j}ﬂ) + C—g, — Ut—, (5.2)
i=Jo
=n(z)
where
Aij = Z Ak‘,k+’i,
k:(k, ) eg
J={(k,h—k)|ke{0,...,K},he{0,...,H}},
Jo = argmin; {i | A} # 0}, J1 = argmax; {i | A} # 0},
and
K H-1 ‘
= Z ZAkhz U=Mel and €] =By (yets) — Bt (Yety)
k=0 j=0 h=0
as follows.

First, note that
Vtph—kh = Yerh—k — Bt (Yerh—k)
= (yt+h—k - Et+(h—k)71 (yt+h—k)) + (Etjt(hfk)fl (Ytrh—t) — IEt+(h—k)—2 (yt+h—k)) +ee
+ (Bt (h—t)=(h=1) Werh—k) — Ber(hi)—h Witn—k))
=elinptEiphopor ot 5?:13+1
and thus equation is transformed to

—Agoyr = ZZAkhEt k (Yern—rk +2Akoyt kg

k=0 h=1

_ZZAkh Ytrh—k — Zst+h k—j +ZAk()yt K+ ug (5.3)

k=0 h=1

which is equivalent to

(Z Az~ )yt_z ZZAkhZEtJrh o—j — Ut | - (5.4)

k=0 h=1 7=0

where the parameter matrices A} feature the forecasting horizon i more prominently, i.e. the matrices A}, i €
{-K,...,0,...,H}, are obtained by summing over the diagonals of the big matrix in containing the matrices
Agn, k € {0,...,K}, h € {0,...,H}, as elements. Reordering the sum 27 Zk th 12:] 0 Y App 2k (i)
appearing on the right hand side of equation (5.4) leads to

JlZZAkhZ‘EHh k=j = JI;Z Z Al
=0

k=0 h=1 0 h=j+1

K H-1/ H j

_ N J

. E E E :Akh5t+h k—j E :Akh€t+h—k—j
k=0 j=0 h=0

H-1
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Remark 5.3 (Perfect foresight solution). For arbitrary processes (sz)tez, the solutions (y;),., of (5.2) are not

necessarily solutions of the rational expectations model (5.1). In particular, the perfect foresight solution for which
(€¢);cy is assumed to be identically zero, may not be a solution of the rational expectations model (5.1), compare
Broze et al.| [1985] page 350.

Remark 5.4 (No redundant equations). The assumption Agy = —Is, imposed in |Broze et al.| [1995], does not
necessarily imply that det (7(z)) # 0 holds (consider, e.g., Ago = —Is = —Axpy ) and, hence, does not exclude
systems having redundant equations.

Example 5.5. As an example consider the univariate model with K = H =2, i.e.

Yi = ao1lEs (ye41) +ap2Et (yi42)
+aroyi—1  +a1Ei—1 (y) +a12Ei—1 (yi41)
+azoyi—2 +aa1BEi_o (yi—1) FaEi_o (y) + us.

Replacing the conditional expectations by the variables themselves and the associated endogenous forecast errors
leads to
—up = —Yt +ao1 (yt+1 - 5?+1) +ao2 (yt+2 —efp — 5%+1)
+a10Yt—1 +ai (yt - 5?) +aiz (yt+1 — ey — 5%)
+a20yi—2 +a2 (yt—l - 5?_1) +ag2 (yt —ef — Etl_l) .
By subtracting and adding forecast errors in a way that in each column above terms of the same kind appear we
obtain
—Zy = aqgo (yt —e) —ef_;+ed+ 5%—1) +ao1 (yrr1 —efyy — et + 5%) +a02 (Yir2 —€fyp — 5t1+1)
Faro (Ye—1 —ef_1 — el o+ ep g +efo) Han (ye—ef —efy +eiy) Fas (Yer1 — 0y — 1)
taz (Y2 —e) o —ef_s+el o+elg) +an (yi1—e) —efo+el o) +an (v —ef —efy)

which leads to the recursive equation

as Yir2+  al Y + ag v+ aly Y1+ alo Yoo
~— ~— ~— ~— ~—~

=ao2 =ai12+ao1 =—14ai1+az22 =aip+az1 =az0
= (agz*Q+angl+ci3+a*_1241ra1222) (&(‘)%)+€%_1)17~~ ) . X X
- — {agoe? + agost_y + aoier  — {ar0ef_1 + arogi_o +arief_y } — {a0e)_y +azei_z +anelpf — -
o — Zt
which in turn is equivalent to

-2 —1 2 -2 -1 2\ (0 .1
(abz+ajz"' +af+a 2+ a .27y = (a32 2+ alz" " +af + a2z +a%,2°%) (6 +ei_y) + ¢ — 2

5.3.2 Constraints on the revision process

In this subsection, the constraints for the revision processes &7 = By (y;4;) — Es_1 (y14,) are derived by taking condi-
tional expectations of the recursive equation (5.2) with respect to different information sets, and taking subsequently
differences.

We follow Broze et al.| [1995], page 244ff. We start from equation (5.2), i.e.

J1
. (Z Aizl) yr=7(2) () +ei1+-- + 5571{1+1) + Gy — Uiy
i=Jo

=7(z)

where Jy = argmin; {i| Af # 0}, J; = argmaz; {i| AF # 0}, ¢ = ZkK:o Zf;ol iL:O Apn2*t0-med and & =
E¢ (y¢+;) — Et—1 (y++;) and write the Smith canonical form of 7(2) as
m(2) = P(2)a(2)®(2)Q(2),
a1 (2)
where P(z) and Q(z) are unimodulaf'!| matrices of dimension (s x s), and a(z) = and

as(z)
$1(2)

O(z) = are diagonal polynomial matrices whose i-th diagonal element divides the (i 4+ 1)-th
¢s(2)

1A unimodular matrix is a matrix whose elements are polynomials but its determinant is a non-zero constant. For further background
on polynomial and rational matrices see |Gantmacher| [1959] Chapter VI, |[Kailath| [1980] Chapter 6, |Gohberg et al.| [2006} [2009], and
Hannan and Deistler| [2012] Chapter 2.
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diagonal elementE-l Moreover, the entries of «(z) have only zeros at zero. Thus, we will work with the equation
P(2)a(2)®(2)Q(2)y: = P(2)a(2)®(2)Q(2) (67 + i1 + - +&f 1) + oy — e, (5.5)

Theorem 5.6. Assume that (y),,, is a solution of the rational expectations model (5.1). Then, H revision processes
of dimension s satisfy the conditions

E;_; (oz(z)_lP(z)_1 [Ct—y — ut,Jl]) = Ei_(i+1) (a(z)_lP(z)_1 [Ciey — ut,Jl]) , 1€{0,....,H—-1}
or equivalently

Ei_; (a(z)flP(z)flct_Jl) —Ei(i+1) (a(z)flP(z)flct_Jl) = (5.6)
== [Ermi (a(2) " P(2) e y) = By—(igr) ((z) 7' P(2) tuy—gy)], i€{0,...,H —1}.

Proof. The proof is divided into several steps.

Step 1: Apply (P(z)oz(z))_1 to the recursive equation (5.5) (which was derived from (5.1)). The equation
we will work with is

D(2)Q(2) ye = P(2)Q(2) (] + g1 + -+ 1) +a(2)  P(2) 7 (Gooy — wiy) - (5.7)
=Q(z) =0(2)

Step 2: Take conditional expectations of (z)y; with respect to the information at time (¢t —1i), i €
{0,...,H}, and subtract equation (i + 1) from equation i for i« € {0,...,H —1}. Note that lags of y;
appearing in Q(2)y; = wWoys + wWiYs—1 + -+ Wils—i + Wit 1Ye—(i+1) T+ Wdeg(Q(2)) Yt—deg((z)) that are larger
than 4, have the same conditional expectation with respect to information sets up to time (¢ —4) and up to time
(t — (i+1)). Thus, we obtain for the left hand side of equation ({5.7))

Ei—i (Q(2)yt) = Ei—ip1) (Q2)yr) =

=E; i (woys +wiys—1 + - +wiye—i) — By g1y (woye +w1ye—1 + -+ + wilye—i) (5.8)
=wo [Etﬂ' (ye) — Ee—(ig1) (yt)} +Fw [Etﬂ' (Ye—i) — Ev—(i1) (ytfi)]
= woei_i + wlei:} + -+ wieg_i. (59)

Step 3: Take the conditional expectation of Q(z) (0 +ef_, + -+ ¢/ ;}.,) with respect to the information
at time (t—i), i € {0,...,H}, and subtract equation (i + 1) from equation i for i € {0,...,H —1}.
Considering the term Q(2)e/_;, we note that lags larger than (i — j) are contained in both information sets which
contain information up to time (¢t — ¢) and up to time (¢ — (i + 1)). Thus, we obtain for i > j

Ei; (Q(z)e{_j) —Ei_(iy1) (Q(Z)E{—]) =

j i

- wed
t—j—(—j—1) " Tt—j—(i—])
~—_——

=t—(i—1) =t—i

_ J J
= Etfi OJOEt_j + wlat_j_l +-- 4+ Wi—j—1¢€

J J J J
s — Et,(iJrl) (woatfj + wletfjfl s wi,j,lst_(i_l) + wi,jetﬂ-)

=0 because j<i<i+1 <= t—j>t—i>t—(i+1)
= Wi—j&_;
such that
0 1 H-1 0 1 H-1 _
B (U2) (e + e+ + e 1)) =B () (6 + e+ 6 01)) =
= wig_i T wis1g_; o+ wig) ] +woei_

which is equal to (5.9), i.e. E;—; (2(2)y:) — Ey—i1) (2(2)yz), from above.

12) et ¢;(2) and ¢;+1(2) denote the i-th and (i + 1)-th diagonal element. If ¢;(2) divides ¢;11(z), there exists a polynomial p(z) such
that ¢i+1(2) = p(2)¢pi(z).
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Step 4: Conclude. On the right hand side of equation (5.7) remains thus

Eii (a(z) ' P(2) 7 [Goay — wiey]) = Beeign) (a(2) " P(2) 7 [Cmay — we—y])

from which the theorem follows. O

5.3.3 Constrained solutions of the recursive equation

In this subsection, we characterize the solutions of rational expectations model (5.1). They comprise all solutions of

the recursive equation ([5.2]) where the uncorrelated processes (sﬁ) satisfy the constraints (5.6]). We follow [Broze
tezZ

et al.| [1995] page 244ff. and prove

Theorem 5.7. Assume that the process (y;),., satisfies the equation

m(2) yr = 7(2) (5? def g+t Ef_}}ﬂ) + gy — Uy,
~—
=P(2)a(2)®(2)Q(2)

where H (arbitrary) martingale difference processes (ei ) - j€{0,...,H -1}, with respect to the information
te

sets H,(t), i.e. E; (5{) —¢l and By, (#) = 0, of dimension s satisfy the conditions

Eii (a(2) ' P(2) 7 [Gmgy — wmy]) = Eripny (a(2) ' P(2) 7 [Gogy —we—y]), 1€40,...,H—1}

or equivalently

Ei—i (a(2) 7' P(2) "' Gms) — Bo—(is) (a(2) " P(2) M Gmy) =
= — [Ermi (a(2) ' P(2) e yy) — B (i) (@(z) ' P(2) tug—y,)], i€{0,...,H —1}.

It follows that the process (y;),., is also a solution of the rational expectations model (5.1)), i.e.

Ao Aot - Aon -+ Aom E, (y;)
A B¢ (ye41)
1 z 2k 2K E ’ = —uy.
( ) Ako Agn Arrr || Be Ween) t
Ao Ay --- Arcrr) \Et (yesr)
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Remark 5.8. Note the similar structure of the proof of Theorem While we assumed in Theorem that the
martingale difference processes are derived from the solutions of the rational expectations model, we prove here that
for arbitrary martingale difference sequences with respect to information sets H, (t) satisfying the constraints, the
solutions of the recursive equation are also solutions of the rational expectations model.
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5.4 Number of free parameters in the reduced form with general re-
strictions

In this section, we generalize Property 5 on page 245 in |Broze et al.| [L995] describing the dimension of the solution

set of the rational expectations model (5.1)) to the case where the exogenous process is linearly regular and has a
singular innovation covariance matrix.

Moving average structure of exogenous process. We consider the case where the exogenous linearly regular
process has Wold decomposition

o
up = Zwist_i = w(z)es
i=0

where 37 w;w] < oo (component wise), and rank (E (e,67)) = ¢ < s and search for solutions y, = 372 kjer—;
such that Z;i_oo kijT < 0o (component wise).
Note that the revision process &/ satisfies
el =B (ye) — By(jr1) (o) = kjee—j,  J >0,
where k; € R%*4.
Assumptions on the parameter space. We assume that there exists an h € {0,..., H} such that Ax, # 0 and

ake{0,...,K} such that Ay # 0, and that

.]1
= <Z Afz_i> = G2 A 2T e A e AT A,
’i:J[]

has determinant not identically zerd™] We will consider two different kinds of parameter restrictions, namely zero
restrictions, i.e. the entries of the matrices Ay, k € {0,...,K} and h € {0,...,H}, may only be constrained to
P;,J,L(91,~-~,9p)
. . qijh (61,...,6p)
qy, are polynomials in (61,...,6,) and g7, is not identically zero. Both of these restrictions guarantee that J; and
G1 (the number of zeros at zero of 7(z)) are well defined on the parameter space in the sense that both are constant
on the complement of a subset (of the parameter space) of lower dimension. Furthermore, we assume that there is
a point in the parameter space such that the matrix on page has full row ranl«fﬂ

Remember that

be zero, and rational restrictions, i.e. we require that their entries are of the form A%, = where piJ and

a1(2)

where P(z) and Q(z) are unimodular matrices of dimension (s X s), and a(z) = and ®(z) =

¢1(2)

are diagonal polynomial matrices whose i-th diagonal element divides the (i + 1)-th diagonal

s(2)

element. Moreover, the entries of a(z) have only zeros at zero.

Theorem 5.9. We consider the rational expectations model (5.1)), i.e.

Ao Aor - Aon 0 Aom E, (:)
Ay B¢ (ye41)
I, Iz I.2* LX) | ' = —u
( ) Axo Agn Arm Et (Ye+n) t
Ago Ax1 - Axp) \Et (Yern)

and assume that

I3Note that the non-singularity of Agp does not imply that det (7(z)) Z 0, compare remark on page
141n |Broze et al.| [1995] it is assumed that Agg = —I and (implicitly by only allowing for zero restrictions) that the point for which all
(unrestricted) matrices are zero is contained in the parameter space. If we allow for rational restrictions this has to be assumed explicitly.
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o det (m(z)) #0
e Jh€{0,...,H} such that Ak, #0 and 3k € {0, ..., K} such that Apg # 0

e the entries of the parameter matrices above are of the form AZJA = % where p?cjh and q}?}L are
polynomials in (01, ...,0,) and q,ljh is not identically zero, and that ’
e the matrix
e A = e I 610
where -
oo Ak fori=j
Mij = 020 Aimi—ijo1-1 fori>j
Z:é A1y o1 forj>i
and

i—1
ngj = E Air— L H-J+(-1)—1
1=0

has full row row rank for a point in the parameter space,

e the linearly regular stationary exogenous process (ut),., has Wold decomposition

oo
Up = Zwist,i = w(z)e;
=0

where 2 Jw;w! < oo (component wise), and rank (E (e} )) = q < s.

For any parameter satisfying the restrictions above which is contained in a generic subset of the parameter space,
the structural difference equation

m(2)yr = 7(2) () +ej1 + -+ EfI:I}H) + Gy — Uty

involves (Ji1s — G1) q free parameters, where

e s is the number of equations of the model,
e Jy is such that t 4+ Jy is the largest time index of expected endogenous variables appearing in the model, and

e (31 is the number of zero roots of det (7(2)).
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The following corollaries, (Corollary was proved in |Broze et al., [1995]) are implied by Theorem [5.9

Corollary 5.10. Under the assumptions in Theorem[5.9, except that there are only zero restrictions on the entries of
the parameter matrices and that Aoy = —Is holds (from which it follows that there exists a point in the parameter
space that the matrix has full row rank), it follows that for any parameter satisfying the restrictions above
which is contained in a generic subset of the parameter space, the structural difference equation

(2)ys = 7(2) (5? telg o+ EtH:Hlﬂ) + Gy — U,
involves (Jis — G1) q free parameters.

Corollary 5.11. Assume that in the rational expectations model (5.1)) only zero restrictions are imposed and that
additionally Aoo = —I, and rank (E (g,e])) = s holds.

For any parameter satisfying the restrictions above which is contained in a generic subset of the parameter space,
the structural difference equation involves (J1s — G1) s free parameters.
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5.5 Causal and non-explosive solutions

Up to this point, there is no assumption as to whether a process for which the rational expectations equation ([5.1)
holds for every t € Z also has to be contained in H,(t) at time ¢ or as to whether it has to satisfy a non-explosiveness
condition. Imposing non-explosiveness conditions as general as in [Sims [2001] and imposing that y; € H,(t), t € Z,
for a process (y;),cy for which the rational expectations equation holds for every ¢t € Z is straightforward in
this framework. In the same way, it is obvious how causality can be imposed.

First, we impose causality on the solutions of the recursive equation (5.2) (in which redundant martingale difference
sequences have been replaced) by only considering solutions for which the determinant of 7(z) is developed in terms
of non-negative powers of the backward shift, i.e.

yr = det (m(2)) " adj(w(2))g(e),

where g(g) denotes a polynomial matrix depending on present and past values of the innovations of the exogenous
process. Second, the non-explosiveness conditions, which are given in the form of an (r x s)-dimensional, r < s,
matrix G of full (row) rank, are taken into account by requiring that Gy, does not explode faster than a given rate
of growth £ > 1. If it is possible to cancel roots A of det (7 (z)) (by adjusting free parameters) for which |X| ™" > ¢
a causal, non-explosive solution exists. This solution is unique if there are no remaining free parameters.

To be more precise, after taking into account the restrictions on (ko,...,kg_1) in
m(2)yr = m(2) (koer + krge—1 + - +kg_16—m1) + Gy — w(2)Er—,

and noting that it is always possible (if there are no zeros of 7(z) on the unit circle) to factorize 7(z) as 7(z) =
ms(z)my(2), where the determinants of m4(z) has only roots outside the unit circle and the determinant of 7, (2) has
only roots inside the unit circle, we obtain that

yr = me(2) Ty (2) 7 (Rg(z) — w(z)z‘h) £t

where Ry(z) is a polynomial matrix depending on the deep parameters (61, ...,6,). If it we can tune the parameters
in Rp(z) in a way that Ry(z) = w(2)2”t + m,(2) "1 Ay(2), where Ay(z) is a polynomial matrix, then we obtain

yr = ms(2) "t Ag(2)es.

If there is only one parameter value (61, ...,6,) such that the equation above holds, then the solution is unique.

A comment on Broze et al.[[1995]. |Broze et al.[[1995] claim in their Theorem 4 on page 249 and 250 that, under
the assumption that the exogenous process admits a stationary (finite or infinite) moving-average representation, there
exists a unique solution to the rational expectations model if the number of unstable roots equals the number of
free parameters in the structural difference equation (5.2). This is incorrect because one may only cancel at most as
many unstable roots as there are martingale difference sequences appearing in different equations (as is the case in
Blanchard and Kahn|[1980] under their full rank assumption). Indeed, they argue that their result holds by claiming
that one can cancel an unstable root of a certain polynomial matrix by fixing one of the free parameters. However,
this is in general not correct since the roots to be canceled out have to lie in the same space, taking account of which
requires additional free parameters. |Whiteman| [1983] proves (starting on page 91) a similar result (using similar
methods as above) to Broze et al.| [1995] under more restrictive assumptionﬁ Whiteman's result is correct and
therefore consistent with the result in Blanchard and Kahn|[1980] (compare Propositions 1, 2, and 3 on page 1308
in Blanchard and Kahn| [1980]) but not consistent with the one in Theorem 4 on page 249 and 250 in [Broze et al.
[1995] mentioned above.

Example 5.12. As an example, we analyze the Blanchard and Kahn model

(pre)

Et (yt+1 ) — B ygpM) T Cf teN
E ( hpre)) - (mpre) £ 7
t yt+1 Yi

where E; (yt(Tf)) = Y1, By (yif{”d = Y41 — €041, and (& ),y is an n (—pre)-dimensional white noise process

with uncorrelated components with unit variance. Assuming that the number of non-predetermined variables yt(?l’re)

coincides with the number of unstable roots of the (n x n)-dimensional matrix B, and that a full rank assumption
holds, we show that in general (n (—pre))® = n(u)? free parameters are needed in order to cancel n (u) unstable

18\Whiteman does not allow, e.g., for zeros at infinity.
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roots. We want to find a matrix K of free parameters in equation ((5.16)) below such that (T} —pre K + T, C2) can
be factored as (I,,(4) — Juz) A(z), where A(z) is a polynomial matrix of appropriate dimensions.

y(PTe) y(pre)
y(ﬁpretiH 0 =B y(tﬁprc) +C&, teN

t+1 T Et41 t

Writing the system above as

and premultiplying this equation by a left basis T of the invariant subspace of B = T—! (JS )T, where J,

Ju
contains the Jordan blocks pertaining to unstable roots, we obtain after rearranging

(In(s) - J‘;Z) St _ Tse
((In(u) - Juz) Ut - T.’ﬂprest + T Cli, (5'15)

y(PTe) y(pre)
where uy = Tyo | Loy | and sy = Tso | °L,) | in obvious notation.
Yt Yt
First, note that the endogenous forecast error £ = 3 " _E,_, (yt(ﬁpre)) is a linear function of the white noise

process (§),cn. i-e. we may write &, = K¢&;, where K is of dimension (n (—pre) x n (—pre)).
Consider the “unstable” part of the system (5.15)), i.e.
(Inqwy = Juz) e = (Tupre K + TueC2) & (5.16)
= (Tu,—\preK + Ju (Ju)il Tuocz) gtv

and note that (in accordance to Sims' existence condition, see equation (40) on page 11 in Sims [2001] ) the matrix
polynomial can be factorized in the desired way if span (Ju_lTu.C') C span (Ty, —~pre). In order to fix ideas, we
assume Ty, —pre to be invertible, take

K == (Tupre)”" (Ju) ' TusC,
obtain
(Entu) = u2) s = (~Tourmpre Turmpre) ™ ()7 TuaC + Ju (1) TuaC2)
= (L) — Juz) [~ 'TueCl &,
and thus it follows that

ladj (Inquy = Juz) | (In(u) — Juz)
det (In(u) - Juz)

B det (In(u) — JuZ) In(u)

T det (Iyguy — Ju?)

Uy =

[—J ' T, C) &

[_qulTuoC] gt - _JJITU.Cft.
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Chapter 6

Analysis of Indeterminate Equilibria in
Linear Multivariate Rational
Expectations Models

This chapter deals with an extension of the analysis of indeterminate equilibria in [Lubik and Schorfheide| [2003]. It
is shown that certain parameter constellations lead, according to the analysis given in |Lubik and Schorfheide [2003)],
to an indeterminate solution of the rational expectations model even though the solution is actually unique.

6.1 Model considered

Lubik and Schorfheide| [2003] elaborates on the analysis given in Sims| [2001] and investigates the case of non-
uniqueness in more, but as we will show not sufficient, detail. They demonstrate their findings on a simple New
Keynesian DSGE model.

By imposing stationary structure on the exogenous variables, they consider an extended vector of endogenous variables
and thus consider the case E; (z:4+1) = 0 in Sims’ notation. Lubik and Schorfheide consider the model

Poyt = Tiye—1 + Wer + L (6.1)

where the endogenous variables y; are n-dimensional, the inputs ; are ¢-dimensional and satisfy E; (e;41) = 0, n;
is k-dimensional. They abstract from the constant term C and do not specify an index set which we take as N as
before. Moreover, the non-explosiveness condition (equation (9) on page 5 in [Sims [2001]) applies to all components
of the endogenous variables y, i.e.

]Et (g_hyt-‘rh) }H—OO> 07 E > 17 (62)

holds.

6.2 Conditioning set

The conditioning set at time t is not explicitly specified in|Lubik and Schorfheide] [2003]. We assume it to be H, (),
where ((t),cy is @ p-dimensional stationary process of sunspots orthogonal to (e¢),.y. We remind the reader of the
consequences of a larger conditioning set described in Remark[5.2]on page[55} When Lubik and Schorfheide introduce
“sunspot shocks” (Lubik and Schorfheide| [2003], page 278, line 3) they do not assume that ((;),.y is orthogonal to
(€t);en but require only that E; (C¢41) = 0 hold; in particular, (¢;),cy could be a (linear) function of (e¢),cy. The
proof of their Proposition 1 (Lubik and Schorfheide [2003] page 278), however, would require (&), and (i) ey to
be orthogonal and is thus in error; compare Proposition (and remark for a corrected version.

81
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6.3 Analysis of existence condition

First, |[Lubik and Schorfheide| [2003] analyzes for given e; the solutions of the system of equations Quelln; =
—Que Ve, where QuoIl and and Que¥ are of dimensions (n(U) x k) and (n(U) X q) respectively, pertaining to
Sims’ existence condition

span (QUO\I/) C span (QU.H) :

One obtains the set of all solutions 7; of the equation QueIln: = QueVe; as the sum of one particular solution
n? and the set of all homogenous solutions, i.e. the kernel of QueIl. Lubik and Schorfheide choose as particular
solution the one with minimum Euclidean norm, i.e. they use the Moore-Penrose pseudo-inverse of Q6 (compare
Golub and Van Loan|[2013] page 290).

Assuming that a solution exists and that QueII has rank » < min {n(U), k}, |Lubik and Schorfheide| [2003] considers
an equilibrium to be indeterminate whenever the kernel of Q74II is non-trivial. This is unfortunate because a non-
trivial kernel of QpeIl is necessary but not sufficient for multiple solutions of the rational expectations model. A
necessary and sufficient condition is Sims’ uniqueness condition

SPaNrows (QS-H) C span,ows (QUOH) (63)

or equivalently that there exists a matrix ® of dimension (n(S) x n(U)) such that

Qsell = 2Qu.Il

holds. A more accurate way for describing the dimension of the indeterminacy, and also the dimension of the solution
set of the rational expectations model derived from the dimension of the indeterminacy, will be given in Theorem

on page [85] below.

However, let us first prove the following Proposition from |Lubik and Schorfheide| [2003] page 278, which constructs
the set of all solutions 7; of the existence condition

QUO\I/&% + QU-H% =0 (64)

by using the minimum norm solution as the particular solution and subsequently parametrizing the right-kernel of
Quell in terms of innovations &; and sunspot ;.

The proof uses the singular value decomposition (SVD) of the n(U) x k dimensional matrix (QueII), i.e.

Quall= [V U (Don 8) [g;j (6.5)
= .1D11V1'

where D11 is a square (r x r)-dimensional diagonal matrix with positive diagonal elements, and U = [U.l U.g] and

V= [“f'} are orthogonal matrices. It is well known that (V14)” spans the orthogonal complement (ker (Qu4IT))™
2e

of the kernel of Q.I1, that (‘/2.)T spans the kernel ker (QueII) of Quell, that (Us1) spans the image im (QU.R

of Quell, and that (Usz) spans the orthogonal complement (im (QU.H))l of the image of Qu.ll, see figure
below.

fer (Qpall) = span ((V2o)") (im (QuaTD)* = span (Usy)
dim (ker (QuaIl)) =k —r dim ((\m(Qy.l’[))‘) =n(U)-r
| Quell ‘
(ker (QuaTD)* = span (Vi) ' i im (Qell) = span (Usy)
dim ((ker(()r,ll}'w‘) =r dim (\m (QL.H)) =r

Figure 6.1:

Proposition 6.1. Let (;),.y be a p-dimensional stationary stochastic process which satisfies E; ((;11) = 0 and is
orthogonal to the inputs (¢),y in equation (6.1). Furthermore, assume that n, is a linear function of ¢, and ¢;, and
that the existence condition (6.4]) holds.
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Then, the set of all solutions 1} of the existence condition is
{— (V1.)T Dl_l1 (U.1)T QueVe: + (Vg.)T (Myes + Ma(:) | My € RE=*a pf, € R(k—r)xp}

where the first summand is the minimum norm solution, and M; € R =7)%4 and M, € RF=7")XP parametrize the
kernel of QueIl. A sufficient (but not necessary) condition for obtaining a unique solution is thus k = r.

Proof. The proof is divided into several steps.

Step 1: Transform the existence condition and apply SVD to Qu.II Note that since the existence condition
span (Que¥) C span (QuelIl) holds, there exists a matrix A of dimension (k x ¢) such that

Que¥ = QuaollX.

Thus, the existence condition is equivalent to

0= Que¥e; + Quelln; = Quellle; + Quolln,
= Quel(Aer + 1),

which leads to (using the singular value decomposition of QpeII)

0 =Ue1D11V1e (Aey + m1)
> 0="Vie(Aer + ).

Step 2: Use the functional form 1, = Ae; + A2(; and plug 7; into the existence condition. Assuming the
functional form above for 7;, we obtain

0= ‘/1. ()\Et + [Alé‘t + AQCt])
<— 0=V, ()\ + Al) et + VieAa(;. (66)

Step 3: Conclude from the orthogonality of (c;),.y and ((;),.y on the structure of A,. In order that the
existence condition be satisfied for all possible realizations of the sunspot shock (;, the matrix Ay has to be
equal to (Vas)” Ms, where M is an arbitrary matrix of dimension (r x p). Then, the existence condition is

0="Vie(A A1) e + VieAs(
= 0=Vie (A + A1)t + Vie (Vao) Mo = Vi (A + A1) &1
N——

=0

Step 4: Given A; = VQ.)T M, get an expression A; by representing it as direct sum A; = (Vl.)T VieAi +
(Vg.)T VoeAl = (Vl.)T A+ (Vg.)T M. Substituting the expression above for A; in the existence condition gives

0="Vie (>\ + |:(V10)T A+ (Vzo)T M1D E¢
=Vie (A [(Vie)" Ay + (V)" M) ) = Vi + Ay

It follows that

A = —VieA.

Step 5: Express A; = —Vj,\ in terms of the matrices appearing in the SVD by using the existence condition
Que¥ = QuolIA. Substituting the SVD of (Quell) in the existence condition, we obtain

UzeU = Usy D11 Vieh < —Visd = —D73' (Ua1)” QuaV.



84 CHAPTER 6. INDETERMINATE EQUILIBRIA

Step 6: Obtain a parametrization of the solutions 7; of the existence condition.  Finally, we obtain that

N = Argr + Aa(y

(VIO)T VloAl + (‘/QQ)T ‘/Q.Al E¢ + (%.)T MZCt
N—— ~——
=A1=-VisA=—D1}' (Ue1)T Q24 ¥ M,
= (Vlo)T D;ll (UOI)T QUO\IJEt + (%.)T (le:‘t + M2Ct) .

=Minimum norm solution —parametrization of
kernel of Quell

which proves the proposition. O

To summarize, we first obtain one particular solution of the existence condition —Quelln; = QueWPey, i.e. the
minimum norm solution 7 = — (Vi,)" D (Ua1)" QueWe, obtained through the Moore-Penrose pseudo-inverse
of Quell. Subsequently, the kernel of QuelIl gets parametrized with M; and Ms in order to describe how the
endogenous forecast error 7; might depend on the innovations (&;),y of the exogenous process and on the sunspot

shocks (Ct) e -
Remark 6.2 (Orthogonality assumption). Lubik and Schorfheide write on page 278 line 12 in |Lubik and Schorfheide

[2003] that “[i]n order to satisfy [the existence condition] for all (; it is necessary that A, is orthogonal to {(Vl.)T} :
We assume that with “for all ;" Lubik and Schorfheide mean “for all realizations of ((;),.y" because the process

(Ct)ien is part of the model specification and therefore fixed. If (assuming A to be square and non-singular)
G = 7A2_1 (A + Aq) &4, the existence condition , i.e.

0 = Vl. (/\ + Al) Et + Vl.AQCt7

holds for all realizations of ((¢),c. It is, thus, not necessary but sufficient that Ay = (Vae)™ My for reducing the
existence condition to 0 = Vie (A + A1) & Such an assumption, of course, would be ad hoc. Step 3 in the
proof of Proposition , however, shows that requiring (£¢),c and ((¢),cy to be orthogonal is sufficient to ensure

that Ay = (Vae)” M, holds.

Remark 6.3. Assuming that My = 0, n; is a function of the innovations ¢; of the exogenous variables only. Even
though the minimum-norm solution suggests itself for solving an equation of this form, it is not necessarily a natural
basis for the column space of QeIl. In|Deistler et al.|[2011], a similar ill-posed inverse problem is solved by choosing
the first basis of the row space of a certain matrix, compare section starting on page This approach was
chosen after realizing that the minimum norm solution in [Chen et al.| [2011] may have some inconvenient properties.

Remark 6.4. Even though 7, might depend on sunspot shocks (;, these shocks, of course, do not enter the second

block of rows in
Ass ASU> (wf> (st QSU> (th1> <Qs.> <Qs.)
= + Wz + IT
( Avy ) \wf Quu ) \w?, Que T \Qu.) M
because they are in the right-kernel of QueII. They may, however, appear in the first block of rows if it is not possible
to express the rows of QgeIl in terms of the rows of Qu.Il, i.e. if Sims’ uniqueness condition ((6.3)) does not hold.

6.4 The uniqueness condition, the degree of indeterminacy, and the
dimension of the solution set

The fact that Sims’ uniqueness condition ([6.3]), i.e. there exists a matrix ® of dimension (n(S) x n(U)) such that
Qsell = ®Qy 411 holds, may be satisfied even though the kernel of Q411 is not trivial was not further analyzed in|Lu-
bik and Schorfheide|[2003]. In the same way as the singular value decomposition Q eIl = [U.l U.g] <D011 8) {Kh]

2e
described in equation ([6.5]) on pageallows us to formulate the existence condition ((6.4)) convenientlyﬂ it provides
insights into the non-uniqueness problem regarding solutions of rational expectations models. While the image of the
map Quelll, and its relation to Q. Y, is used to characterize the existence of a solution of the rational expectations
model, the (right) kernel of the map Qu,eIl and its relation to the (right) kernel of Qgell is used to describe the

1Que¥et + Quelln: = 0 has a solution 7} for all possible realizations of ¢ if and only if span (Que¥) C span (Us1).
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(non)-uniqueness problem of solutions of the rational expectations model. Indeed, introducing the singular value
decomposition of Qgell as
2 5 Dii 0\ [Via
.H = . . ) ’
Qs [Ue1 U] ( 0 0) [V2.

Sims’ uniqueness condition (6.3)) is equivalent to rowspan <V1.> C rowspan (V1,), i.e. the orthogonal complement

_\T
(ker (QglID))* = (Vl.) of the kernel of Qg.I1 is contained in the orthogonal complement (ker (QuoI1))™ = (Via)"

of the kernel of Qp,.II, and it is also equivalent to rowspan (Vg.) D rowspan (Va, ), i.e. the kernel of QueIl with

oN\T
basis (Vg.)T is contained in the kernel of QgeII with basis (Vg.) )

We define the dimension of the indeterminacy as the rank of the projection of the row space of QQgeIl on the
orthogonal complement of the row space of Quell, i.e.

rank (Qsall = Proj (QsaI1| Quall)) = rank (QsaI {1 — ((Quall)' (QuaTD) })
= rank (TaDn Ve { I = (Vi) DI (Ua)" U Duvia ) }),
= rank (‘71. {(Vz.)T Vz.})

where AT denotes the Moore-Penrose pseudo-inverse of a matrix A, and Proj (A|B) the projection of the row-

space of A on the row-space of B. Intuitively, everything which is not contained in the kernel of QgeII (the
\T

orthogonal complement (ker (QsoI1))" = (Vl.) of the kernel of Qg.II) is projected on the space through which

indeterminacies appear in the model (the kernel of QulII ).

~ T .
Remark 6.5. Equivalently, the dimension of the indeterminacy could be defined as the rank of <V2. — Vo (‘/2.> Vg.) =
N _N\T -
Vae (Ik — (Vg.) V2.> = Vae ((Vl.) V1.> , i.e. the rank of the projection of the kernel of Q¢II (through which

- \T
indeterminacies appear in the model) on the orthogonal complement (Vl.) of the kernel of Qg4I (everything that

actually affects the variables w;).

For a given conditioning set, we define the dimension of the solution set of the rational expectations model as the
number of free parameters in the parametrization of the indeterminacy 7j; = (Qsell — Proj (Qsell | Quell)) n: when
it is expressed as linear function of the components of stochastic processes in the conditioning set. For example,
when the dimension of the indeterminacy is, say, d, i.e. when there are d linearly independent components in 7;, and
the conditioning set is H.(t) where (g¢),y is the g-dimensional white noise input process (the innovations of the
exogenous process), then the dimension of the solution set is smaller than or equal to d - g.

We will state this as

Theorem 6.6. The degree of indeterminacy of the rational expectations model (6.1)) is equal to rank (Vl. {(VQ.)T Vae }) ,

N L
where (Vl.) is an orthonormal basis of the orthogonal complement of the kernel of QgeIl and (VQ.)T is an or-

thonormal basis of the kernel of Qo Il. Furthermore, for given conditioning set, the dimension of the solution set of
the rational expectations model (6.1)) is smaller than or equal to [rank (ffl. {(‘@.)T V2,})] -q, where q is the rank

of the innovation covariance matrix of the stochastic processes contained in the conditioning set.

1 1 1 1
Example 6.7. Consider Q = I3, ¥ = @ ,andII= |1 1 0] and assume that there are one stable and two
0 0 0 1

. . . .. 1 1 1 . .
unstable eigenvalues. In this case, the existence condition span (O> C span (0 0 (1)> is satisfied and furthermore

the right kernel of (1 L 0) is non-trivial. |Lubik and Schorfheide| [2003] concludes in such a case that there are

0 0 1
multiple solutions. However, the uniqueness condition is satisfied as well because the rowspace of IIj; 4 (the first
row of IT) is contained in the rowspace of IIj5.3 4] (the second and third row of II). Hence, the solution is unique.
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6.5 Analysis of transfer function

We define the reduced sunspot shocksE] ¢; = M>s(; and proceed to analyze the derivatives of the transfer function
relating the innovations &, of the exogenous variables and the reduced sunspot shocks ¢; to the endogenous variables.
This derivation differs from the one in |Lubik and Schorfheide [2003] in two ways. First, Lubik and Schorfheide do
not consider derivatives of the endogenous variables with respect to the innovations and the reduced sunspot shocks
but rather “derivatives of the system'f] compare their equation (18) and (19) on page 279 in [Lubik and Schorfheide
[2003]. Second, Lubik and Schorfheide do not analyze the directions in which the endogenous variables y; (or rather
Toy:) change.

We proceed analogously to [Sims| [2001] page 10ff. First, we obtain a solution for (w?)teN which satisfies the non-
explosiveness condition and is contained in H. ((t) at time t. In the case treated in |Lubik and Schorfheide
[2003], i.e. C' =0 and E; (£¢4+1) = 0, we obtain w{ = 0. Second, in order to obtain a solution (w;’),_,, for a given

solution (w!)

teN
we need n(.S) linear combinations of the whole system

Ass Asu wts) _ (st QSU) (wt 1> (QS-) (QS.)
( AUU> (th B Quu ) \w{, Qu vee Que e

such that the degree of indeterminacy is minimal. This is achieved by premultiplying the system above with

teN’

(Fs) —@sell(@Quam)').

as described in Theorem [6.6] Thus, we obtain

S s
(Ass Asv — QseTl(QuaID)! Auy) (gg) = (255 Q50— QsaT1(Quell) Q) (Ztvl> L

1

— (In(s) ~QseI1(QusT) ) <85.> e

+ (Qsett {1 = ((Qua) (Quan)) }) e

Finally, we obtain by premultiplying

—1 _ _
7 (Ass Asu — Qsell (QueI) A\ _ (Zoss Zov) Ags —Ags (ASU ~ Qs (QuaID)! AUU)
I Inw)

the following:

Yi =

(Zes, Zov) <A§é —Ags (ASU - QS.H(QUOH)TAUU>> <st (QSU — Qslll (QU.H)T QUU)) T

Inw)

4 Z (Asé ~Ass (ASU _QS-H(QUOIDTAUU)) (In(S) —QsaIl (QU. ) (Qs.) Ve, 4 .-

Inw)

— (Asé —Ags (ASU — QsaI1(QuaIL) AUU)) (QS.H {Ik: - ((QU. (Quell) )})

I 0

— Zus | (A540ss A5 (Qsu — Qsall (Qual) Quur) ) 27 |y + -+

=0,
©t+ Zeg (Agé —A55QslIl (QU.H)T) (85:) Wep4-e-
—o.
-+ Zes (AgéQs.H {Ik - ((QU.H)T (QU,H)> }) The-
=0,

2Remember that My € R(k=r)xp,
3Note that, in general, the mapping from the structural form to the final form of a difference equation is not unique.

Yot + o



6.5. ANALYSIS OF TRANSFER FUNCTION 87
Using Proposition [6.1] to substitute for 7, = — (Via)” D1} (Us1)” QueWer + (Vao)” (Mye, + (}), we obtain for the
effects of the white noise inputs &, and the reduced sunspots ¢/

Oyy
¢

= Zus (A5QsaT{ Ik — ((Qua) (QuaD)) }) (V20)”

and

8 [ ]
{TZ = Zes (Agé —AgiQs.ll (QU.H)T) (gi) ...

o= Zos (A58QsaTT { I — (QuaD)' (QuatD) }) (Vie) DI (Ua)" Qua® + -

o+ Zus (A5AQsaT {1 = ((Qual)' (QuaID)) }) (Vao) " 1.

Lubik and Schorfheide plug n; = — (Vl.)T D1_11 (U.l)T QueVes + (Vg.)T (Mies + () into the system
Loy = T1ye—1 + Ve + Iy
=Tyyo1 + Ve, — I (Via)" Dy (Ua))" QueWey + 11 (Vaa)" (Mye, + ¢))
=Tayer+ (1= TG DR Ua)" Qua) Wer + T (Vae) Migy + T (Vaa)" ¢ (6.7)

and obtain thus

Iloy, T Oloy,
=11 (Ve d
acy (Vze)” and =5

= (v -1 (V)" D! (Ua)" Quaw) + T (Vaa)" My

without taking into account that theses equations could be further specialized to

Ol oy;

ac;: = (QS.)T QSH (‘/QO)T (68)

and

Ioy:
8€t

= (v -1 D (Ua)" Quaw) + 1 (Vas) " My
— (- (mar ) (P A wty).

Remark 6.8. If Sims' uniqueness condition Qgell = PQueII holds, it follows in equation that %&ft =0

because
Ol oyq

a¢;

= (Qse)" ®QuaTl (Vo))" = 0.
=0

Under this condition, thus, the sunspots do not appear in system (6.7)).
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Abstract

This thesis is concerned with identifiability analysis and estimation of multivariate linear dynamic models. A particular
emphasis is given firstly to models with strictly fewer inputs than outputs, secondly to the case of mixed frequency
data, and lastly to linear multivariate rational expectations model. Chapter 2 deals with spectral factorization, i.e.
obtaining a transfer function from the spectral density, of singular rational spectral densities. Chapter 3 deals with the
identifiability problem for singular AR models, shows that the identifiability problem in this case is very similar to the
one for usual multivariate ARMA models, and introduces a new canonical form. Chapter 4 deals with identifiability
from mixed frequency data in the sense that we want to obtain the underlying high frequency AR model from (mixed
frequency) population second moments which can be observed in principle. The case of singular and as well as the
case of non-singular innovation covariance matrix is treated. The main result is that “typically” identifiability can
be ensured using second moments. Chapter 5 is concerned with stochastic singularity in multivariate linear rational
expectations models. It provides important preliminary work for treating identifiability analysis and estimation of
structural singular ARMA models. The main result is the derivation of the number of free parameters in the reduced
form of a rational expectations model in the stochastically singular case. It holds under very general restrictions
on the parameter space such that state-of-the-art macroeconomic models can be analyzed. Chapter 6 extends the
analysis of indeterminate equilibria of rational expectations models in (Lubik and Schorfheide, Journal of Economic
Dynamics and Control, 2003). It is shown that there are certain parameter constellations that lead to models which
are deemed to have an indeterminate solution according to the analysis given by Lubik and Schorfheide even though
the solution is actually unique.
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Zusammenfassung

Diese Dissertation behandelt Identifizierbarkeit und Schitzung von multivariaten linearen dynamischen Modellen.
Besondere Beachtung finden in diesem Zusammenhang Modelle mit weniger Inputs als Outputs, Modelle fiir Daten
mit unterschiedler Abtastfrequenz und Modelle mit rationalen Erwartungen.

Kapitel 2 behandelt Spektralfaktorisierung (die Frage wie man die Transferfunktion von der spektralen Dichte erhalt)
von singulidren rationalen spektralen Dichten. In Kapitel 3 wird ldentifizierbarkeit von singuldren AR Modellen behan-
delt. Wahrend ldentifizierbarkeit im reguldren AR Fall trivial ist, zeigt die Identifizierbarkeitsanalyse von singuldren
AR Modellen Parallelen mit jener von reguliren ARMA Modellen. Um dieses l|dentifizierbarkeitsproblem zu 18sen
fiihren wir eine neue kanonische Form mit niitzlichen Eigenschaften ein. Kapitel 4 geht der Frage nach ob man ein
zugrundeliegendes hochfrequentes AR Modell eindeutig von Populationsmomenten die man prinzipiell von Daten mit
unterschiedlicher Abtastfrequenz erhalten kdonnte identifizieren kann. Diese Frage wird fiir eine “groRe” Menge des
Parameterraums positiv beantwortet. Kapitel 5 analysiert Modelle mit rationalen Erwartungen die weniger stochasti-
sche Inputs als endogene Variablen haben. Diese Modelle rechtfertigen eine weiterfiihrende Analyse von strukturellen
singuldren ARMA Modellen. Die Anzahl der freien Parameter in der reduzierten Form eines Modells mit rationalen
Erwartungen unter stochastischer Singularitdt wird abgeleitet. Das Resultat wir unter generellen Restriktionen an den
Parameterraum bewiesen sodass moderne makrodkonomische Modelle damit analysiert werden kdnnen. Das letzte
Kapitel erweitert die Resultate des Artikels (Lubik and Schorfheide, Journal of Economic Dynamics and Control,
2003). Es wird gezeigt dass die Analyse von Lubik und Schorfheide fiir gewisse Parameter falschlicherweise die Nicht-
eindeutigkeit der Losung ableitet obwohl die Lésung des Modells mit rationalen Erwartungen fiir diesen Parameter in
Wirklichkeit eindeutig ist.
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