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Abstract

Three classes of models for time series on acyclic directed graphs are considered. At first a
review of tree-structured models constructed from a nested partitioning of the observation interval
is given. This nested partitioning leads to several resolution scales. The concept of mass balance
allowing to interpret the average over an interval as the sum of averages over the sub-intervals implies
linear restrictions in the tree-structured model. Under a white noise assumption for transition and
observation noise there is an change-of-resolution Kalman filter for linear least squares prediction of
interval averages (Chou 1991). This class of models is generalized by modeling transition noise on
the same scale in linear state space form. The third class deals with models on a more general class
of directed acyclic graphs where nodes are allowed to have two parents. We show that these models
have a linear state space representation with white system and coloured observation noise.

Key words: linear least squares prediction, tree-structured model, mass-balance, acyclic directed graph,

linear state space model, linear Kalman filter, score vector.
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1 Introduction

The main problem considered in this paper is the optimal prediction and smoothing of stochastic pro-
cesses based on irregularly time-spaced observations for large or even huge data sets. Here optimality
means minimal linear least square errors. It is assumed that the data is generated by a continuous time
stochastic process. Distorted observations are made in discrete time points, where the distance between
them may very short compared to the length of the observation interval. It is also allowed that the time
points are irregularly spaced in time. Dacorogna et al. (2001) refer to such time series as irregular time
series. As they point out, most methods in time series analysis rely on homogeneously time spaced time
series. If the data is observed in irregularly spaced time points then a homogeneous time series has to be
constructed from the raw data. For this they propose linear interpolation, previous-value interpolation or
other operators such as the moving average operator. One drawback of these methods is that the length
of the homogeneous intervals between two time points has to be chosen carefully and some information
contained in the data may be lost. After making the time series homogeneous standard time series tech-

nigques can be applied.

We review and introduce models that are formulated by averages over different time horizons, where
we do not need to construct homogeneous time series. The observation interval is divided on several
resolution scales into sub-intervals where these sub-intervals become shorter from resolution scale to
resolution scale. At the finest resolution scale therefore there are only short intervals that contain either
no observation, one or just a few observations. The aim of these models is to allow for fast summaries for
different time resolutions that are estimated by linear least squares prediction and smoothing. Another

matter of interest may be the relationship between the averages for different time resolutions.

Three classes of models are discussed in this paper. At first a review of models of Huang et al. (2002)
is given, which was formulated for spatial data. The spatial region is divided by nested partitioning into
sub-regions on several resolution scales. Corresponding to the nested partitioning they define a tree-
structured autoregressive stochastic process. Due to their application of nested partitioning they need
and introduce the concept of mass balance. In their model they assume the transition and the observation
noise to be independent, serially and mutually. In this case we speak of white noise otherwise the noise
is coloured. They also develop an algorithm for linear least square prediction of the averages over the
sub-regions which is connected to a tree-structure. Their algorithm is based on results of Chou (1991).
Formulation of these models for time series is straightforward. Hence we consider these models as a

starting point for modeling interval averages.

We first generalize these models by modeling transition noise on the same resolution scale in linear



state space form. The observation noise is treated in the same manner. The concept of nested partition-

ing and mass balance was retained.

Due to restrictions implied by mass balance these models imply an artificial structure of the correla-
tion matrix of the given data. So we formulate a third class of models where mass balance is omitted. As
a consequence the concept of nested partitioning is no longer applicable and replaced by an overlapping
interval arrangement. The tree-structure is no longer maintained when overlapping intervals are used so

we formulate models on a more general class of acyclic directed graphs.

Autoregressive stochastic processes on acyclic directed graphs with white transition and observation
noise and a corresponding algorithm are discussed by Huang and Cressie (2001). Again we generalize

these models by allowing a linear state space model for the transition and observation noise.

Since the algorithm proposed by Chou (1991) and Huang and Cressie (2001) is no longer applicable
for models on graphs with coloured noise we show how to find a linear state space representation with
white system noise and coloured observation noise for these models. Therefore we give a brief review
of these linear state space models. A Kalman filter (Chui and Chen 1999) is applicable and an exist-
ing Kalman fixed point smoothing algorithm (Durbin and Koopman 2001) was modified to allow for
coloured transition noise in the state space domain. With regard to maximum likelihood estimation of

the unknown model parameters we derive an analytical representation of the score vector.

2 Linear Least Squares Prediction of Interval Averages in an Additive
Error Model

Huang et al. (2002) consider a continuous time stochastic process X (s) = pu(s) + n(s) over an spatial
region GG. Since we are interested in models for time series we replace the spatial region by the ob-
servation interval I. pu(s) is assumed a deterministic mean process and 7(s) a stochastic process with
finite variance and zero mean. We assume that distorted observations Z () of the process X are made

at discrete time points ¢; which are irregularly spaced in time, i.e.
Z(ti) = X(t:) +e(ts) (ti €1),

where €(t;) is a random error variable with zero mean and finite variance.

As in Huang et al. (2002) we are interested in fast summaries of the process X (s) over sub-intervals

of I with different lengths. For this
i),
Y = — [ n(s)ds
/,"
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is considered as the average value of n over the interval I. Here |I| denotes the length of the interval
1. In particular I is divided on a first scale into several sub-intervals. These sub-intervals are divided
into shorter sub-intervals on following scales. Let j denote the scale. On each scale the sub-intervals are

numbered starting with £ = 1 from the left to the right.

The goal is to find linear least square estimates in terms of the complete data vector Z of

1

1 Yigp ==
Lkl J1, .

n(s)ds.

Let L(Y'|Z) denote the linear least square prediction operator of a random variable Y given data Z and

A" the generalized inverse of the matrix A. Then linear least square estimates are given by
) L(Yj4|Z) = E(Y) + cov(Yj4, 2)S5(Z — E(Z),

where Xz := var(Z). Formula (2) can be found e.g. in Hamilton (1994), Section 4.1.

For application of (2) one has to know the complete covariance-structure of ¥; ; and Z and has to invert
the matrix 3 z. For big or even massive data-sets Z this may be very consuming of computation time.

Thus we introduce in the following sections algorithms for recursive computation.

3 Tree-structured Models with White Noise

Chou (1991) introduces tree-structured models with white system and observation noise. He derives
a tree-structured Kalman filter and smoother for calculation of linear least squares prediction. In this
section we review this model including the notion of mass balance, since we will consider this model
as a first model for interval averages Yj ; defined in (1). Huang et al. (2002) partition the observation
interval I into nested sub-intervals ; ;.. This means, they allow for no overlapping of intervals, and each

sub-interval has just one parent. A precise formulation is given in the following definition

Definition 3.1. (Nested Partitioning (Huang et al. 2002):)
Let a real interval I with length |I| > 0, a natural number J € N and a family of natural numbers

(Nj)J_, with Njyy > Nj (j = 1,...,J) be given. A collection of sub-intervals {I;;, C I : j =



L,...,J, k=1,...,N;} iscalled a nested partitioning on I, if the following conditions hold:

(M |Ij,k|>0(jZl,...,J;k‘Zl,...,Nj),
N;
k=1
N;
(iii) ULk=1G=1,...,7),
k=1
(iv) VI],k (j:2,...,J, kzl,...,Nj)EIk’ € {1,...,Nj_1}

suchthat I; , C I;_1 .
3.1 TheTreestructure

Huang et al. (2002) consider a (univariate or multivariate) random process indexed by the nodes of a tree
(T,E). T denotes the set of the nodes and E the set of the directed edges. For the tree (T,E) we introduce

the following notation:

J @ finest scale.
j: scale,with j =0,...,J.
Nj : number of nodes on the scale j (j =0,...,J).
(4, k) : k' root on the scale 7, counted from the left to the right.
pa(j, k) : parent node of (j, k).
an(i, j, k) : ancestor node on the scale i of the node (4, k).
ng : number of children of the root node.
nj - number of children of the node (j, k).
ch(j, k1) : 1™ child of the node (j, k).
de(i, j, k) : the descendants on the scale 7 of the node (7, k).
Example 1. As an example we show a tree with the finest scale J = 3, andn;, =3 (j = 0,...,J —
I;k=1,...N;) inFigure 1. For example take the node (2, 1). Then the following relations hold:
parent node of (2,1) : pa(2,1) = (1,1),
ancestor node of (2,1) onthescalej =1: an(1,2,1) = (1,1),
first child of (2,1) : ¢ch(2,1,1) = (3,1),
descendants of (2,1) onthescale j = 3 : de(3,2,1) = ((3,1),(3,2),(3,3)).
Together with the nested partitioning from Definition 3.1 we immediately get a tree of intervals, where

the original interval I is assigned to the root. The interval I ; from Definition 3.1(iv) could then be

calledachildof interval I;_, 4 (j =1,2,3;k =1,...,N;).

7
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Figure 1: Tree-structure of Example 1

It is assumed that the process evolves from parents to children in an autoregressive manner. The process
itself is considered as hidden. The corresponding observations are connected with the random variables

on the finest scale by observation equations. Thus Chou (1991) considers the following model:

Definition 3.2. (Univariate Tree-structured Model:)
Let atree (E, T') with thefinest scale J and n; ;. children (j = 0,...,J -1,k =1,...,N;) begiven. A

tree-structured stochastic process can then be defined as follows:

Root: Yo,
(3) Transition equation: Yike = Yoaie) T Wik G=1,....J; k=1,...,Nj),
4 Observation equation: Zp =Y +Qr (k=1,...,Ny).

We restrict ourselves to the special case where observations 7, are available only at the finest scale J.

Then we can index themwith a single index k. W ;. is called transition noise and (), observation noise.

Let X 1 Y denote that random variables X and Y are uncorrelated. If normal joint distribution of
the random variables is assumed this is equivalent to independence. Chou (1991) makes the following
white noise assumptions:
E(Yy) =0, B(Y?) < oo,
E(Wjk) = 070]2',k = E(W]‘Z,k) < 00,
(5) E(Qx) = 0,73 := B(Q}) < o0,
Wi L Yo, Wi L Wiy (5 # 1),

Wik L Qi Qr LY.

Further assumptions necessary for the transition and observation noise will be given in the following

subsection.



3.2 The Concept of Mass Balance

The concept of mass balance was introduced by Huang et al. (2002). In (1) the average value of 7(s)

was defined by

1

Yjri=5— n(s)ds.

It is natural to assume that the average value of the process 7(s) over the interval L ;. is the sum of the

average values of 7)(s) over the sub-intervals L., ! = 1,...,n;. Thatis, it is assumed that
n]-,k

(6) ik = > Yonik)
=1

holds for j =0,...,J—1,k =1,..., N;. This assumption was denoted by Huang et al. (2002) as mass
balance. This is equivalent to requiring

TL]k
/ 5)ds —Z/
Ijk ch(]kl)

It can easily be shown that mass balance in (6) can be characterized by

Tj.k

) Z |Ich(j,k,l)|Wch(j,k,z) =0, or
I=1

nj k
(8) var <Z [ e Wen(jk l)> =0

forj=0,...,J-Lk=1,...,N;,l =1,...,mn;, We can solve Equation (7) for a chosen W, r.»):

njk
1 Js
Weniirn = =1 > Men(e | Wen(ian
9) ch(G,k) N5

AL
(Gj=0,....,J =1 k=1,...,N;, l=1,...,n;4).

1 L)l = Hengen] (0 =1,...,m5), i.e. for (I =1,...,n;) the sub-intervals have equal length
Equation (9) simplifies to

’n]k

(10) Wen(j k) ZWch (k)

/\;él
3.3 Vectorized Tree-structured M odels

Since the mass balance of a particular node involves conditions on all children of this node, it is con-
venient to combine these children in a vector. Together with Definition 3.2 this yields the following

vectorization (see Huang et al. (2002), Subsection 3.2):



Definition 3.3. Given a tree-structured model asin Definition 3.2. For j =0,...,J -1, k=1,...

Huang et al. (2002) define

(11) Y (k) = (Yen(ik,)s Yen(ik,2)s - -0 Yen(ikoms ) s

(12) W enik) = Weni,1)s WenGk2)s - - s Wen(ioking 1)

(13) Zy = (Zeh(pa(sk), 1) Zeh(pa(dik),2)s - - - » Leh(pa(dk)rsz))
(14) Q. = (Qen(pa(s.k),1)» Qenipa(ik).2)s - - - » Qenipa(ik)rs i) -

(Gj=0,....,J —1L;k=1,...,N;).
We introduce some additional notation:

K; : Number of nodes on the scale j in the vectorized tree-structured model.

ik : Number of elements in the random vector Y, (j=1,...,J; k=1,...,Kj).
With this notation the following relations hold
K] :Nj,1 (] = 17"'7‘])7
Tk :npa(jyk) (j = 1,...,]; k= 1,...,Kj),

Winegk=Weair G=2,...,J -1 k=1,...,N;).
We illustrate this vectorization by the following Example:

Example 2. For thetreein Figure 1 we define

Y1 Wi

=L Yi1:= (Yo Wii=|Wip
Yi3 Wiz

Yo Wa 1

=2 Yoi:= (Yoo Woyi = | Wap
Yo 3 Was

Yo, Wau

Yoo :=|Yos Woo = | Ways

Yo Wage

Yo7 Wa.z

Yo3:= | Yog Woy = | Wag

Yo Wag

Y31 W31

J:3: Y3,1 = Y372 W371 = Wg,g
Y33 W33

Y305 W3.95

Ys39:= Y32 Wi3g:= | W36

Y397 W3 27

10
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Figure 2: Tree for vectorized nodes in Example 2

This vectorized treeis shown in Figure 2.

We now consider the variance matrix of W, 5 = 1,...,J, kK = 1,..., N;, under mass balance. For
this let
EW g = 0ar(Weni )
E(Wczh(j,k,l)) EWenGeyWenGik2) -+ EWenrnyWenGikin i)
B EWene2)Wen(ik,1)) (th@ k2) o BEWenk2)Wen(ikng i)
EWen(kin; ) Wen(i k1) EWenGikn; ) Wenik2)) - EW k)

(G=0,....,0 =1, k=1,...,K;).

Using Equation (9) the elements [ = 1,...,n;; — 1 of the last column of Zyy , . have to satisfy:

njk—1

E(Wch(j,k,z)Wch(j,k,nj,k)):E(Wch(j,k,l) Z _|I )
=1 ch(jkm; 1)

[ Len(j e n
_LQ_HWWMN)

(15)

njr—1

ch(j,k,\) h kl” h(j,k,A
|[ch]k ) Z | (J, | C(] )YV ch(j ))

and the last element of the last column is E(th(j ki k)
Ty,

of EW i is simply the transponse of the last column of 2w ;.- Huang et al. (2002) proposed a

). Since Ty, ., is symmetric, the last row

simple method for constructing positive semi-definite matrices satisfying mass balance which are used

as variance matrices Xy, , (j =1,...,J, k=1,..., K;). They assume that the condition
. 2 2 2 2 2 2
mm{|Ich(j,k,1)| Och(j k1)’ |Ich(j,k,2)| Och(jk,2)r " |Ich (G enj, k)| O ch(jk,m; 1) } >
(16) <X

U
ngkn]k_l E Len(ih) h(j.k,l)

11



is satisfied. Recall that aJZ.,k =wvar(Wjy) forj=1,...,J,k=1,...,N;. Further they define

1 /
Fonry = g — 1 (ndn;, —1p,;, ]'"j,k)’
1 !
!
rCh(jrk) = (|ICh(.]7k’1)|27 Tt |ICh(j’k7nch(j,k))|2) ’
2 2 2 2 /
aCh(jzk) = (|ICh(j7k:1)| UCh(j,k,1)7 Tt |ICh’(j:k7nch(j,k))| O—Ch(j,k,nch(j’k))) ?
L —1
Cen(ik) = GopjmTen(ik)
then the matrix defined by
. -1 . . —1
17D Bwgu = (diag(ragr)) Fengpdiag(Cone) F ey (diag(rengip))

is semi positive-definite and can be used as variance matrix. If for a node (4, k) in a univariate tree-

structured model Ugh(jk = afh(jk by (=2, myp) and |[Lepj k) = [Lengjp,1] holds, (17) reduces
to
) 9 1 1 , )
EWengp = TG+ In, + ﬁfnj - ﬁlnjlnj) (j=1,...,J = 1).

Transition Equation (3) and Observation Equation (4) can be rewritten for the vectorized model given by

Definition 3.3 as follows:

(18) Transition equation: Yo =10, Yie + Wiiis,

(19) Observation equation: Zy =Y, +Qp (k=1,...,K).

The white noise assumptions (5) for the univariate model imply for j =1,...,J,k=1,..., K
(20) Wir LYy, Qp LY,

and {W;,j=1,....,J,k=1...,K;} and {Q;,k = 1,..., K} are families of mutually and seri-

ally orthogonal random vectors.

Chou (1991) introduced an efficient tree-structured Kalman filter and smoother for these models. The
algorithm has the advantage that, in case of a huge number of observations Z, it can be easily performed
in parallel problems of smaller dimensions. Estimation of unknown variance parameters of the transition
noise can be done by an EM algorithm, as formulated in Huang et al. (2002). They assumed the variance
of the observation noise to be known, for instance by information available for the measuring device or

from independent experiments.

The most severe drawback of this setup in our opinion is the fact, that the model given by (18) and

12



(19) implies an artificial block structure of the correlation matrix of Z. In Appendix A we give an Ex-
ample that demonstrates this behavior. It is not possible to generate a stationary correlation function for
Z. As a possible solution Huang et al. (2002) suggested to compute the estimates as an average over a
number of mass balanced, tree-structured models with different tree branches. They also pointed out, that
the estimation variances and covariances will be considerably more complicated and the computational

complexity will increase with the number of trees used.

4 Tree-structured Modelswith Coloured Transition and Observation Noise

In order to smooth the block structure of the implied correlation of Z we relax the white noise assumption
while maintaining the orthogonality of transition noise on different scales and the orthogonality on the

observation noise, i.e.
Wi LW, forj#iand W;;, L Q,forj=1,....J, k,l=1,...,Kj.

But we now allow for correlation of the transition noise on the same scale. For this we note that there is
only one node on the first scale of the vectorized tree. Further we assume for a given scale j = 2,...,.J
andk =1,..., K; — 1 the vectorized transition noise to be a vector AR(1)-process (see for example Wei
(1990), Section 14.3) given by

(21) Wiki1=BjiWr+ Vg,

where V'; . is a zero-mean random variable and all of its components have finite variance. Furthermore

we assume V', L Wjand Vi, LV, for k # . This implies

LW, p1|Wii,....,Wji) = LW p41|W i) = coo(W 41, ijk)E;Vj’k Wik
Therefore, B j, = E(ijkHW}’k)E;Vj’k.
Let w; ;. be a realization of the random vector W} ;. The Mass Balance Equation (9), which is still

assumed to hold, states that a single element in wj . is uniquely determined by the other elements. This

implies a restriction on the covariance matrix E(W; ;1 W7 ;). More precisely, from Equation (8) it

follows that for A = 1,...,m;x — 1
_ 1 " k17!

(22) E(Wch(j,k+1,nj,k+1)WCh(j’k’/\)) ——W 121 Hen (k1.0 EWen (k1,0 Wen(ik,n) )
— 1 "okt

(23) E(Wch(j,kH,A)Wch(ﬁk,nj,k)) —fm il \Ich(j,k,t)|E(Wch(j,k+1,A)Wch(j,k,nj,k)):

1
(24)  EWenGrtimg ) WerGokm; ) = enG kM) EWen Gkt 1) Wenk.n))-

_ 1 Zn]}k
‘ICh(jak+1,nj,k+1)| A=l

Note that E(Wen(jk+1.; 1) Wen(ikn) TOr A =1,...,n;y is computed in Equation (22).

13



T
Lt Woenii

(24) EWen(jk+ 1.0 4010) Wen(iokn; i) 18 @ Weighted sum of all of the elements in the matrix E(WLC+1

denote the vector W, (; ») without its last element Wen(jkn; ). AS seen from Equation
“.I
w j,k).

Since |cov(X1, X2)| < \/var(Xi)var(X2) holds for two random variables X;, X,
(25)
n]‘,k—l

1
|I . | ‘ Z |I0h(.7’k7)‘)|E(W0h(1’k+1zn],k+l)WCh(]rk’)‘))‘ S O-Ch(j’k+1znj,k+1)O-Ch(j’kznj,k‘)
ch(jk+1mj k1)l N4

has to hold. In simulations with several covariance matrices E(W'j,kHWlk) Condition (25) turned out

to be just a necessary but not a sufficient condition to obtain a positive semidefinite matrix

!
var(ijk) = UaT(Wj7k+1 — Bj,ij,lc) = 2W',k~+1 — Bj,kEWj,kBj,k'

J

Since Bjj = E(W ;11 W)y, holds, the matrix var(V'; ;) depends on E(W 41 W7 ;). Thus
one problem of this model is to find sufficient conditions for the matrix E(m7k+1W§,k) to obtain a

positive semidefinite matrix var(V; ;) such that mass balance is satisfied.

For the observation noise we proceed in a similar manner:

Qi1 = DiQy + Uy,

with E(Uy) =0, Uy L Q, and U, L U,. Since we do not require mass balance for the observations,

the problems discussed for the transition noise don’t occur here.

Since the derivation of the tree-structured Kalman filter and smoother mentioned in the previous sec-
tion make distinct use of the orthogonality of the noise it doesn’t apply to Model (18),(19) and (21).
But this model has a state space representation with white system noise and coloured observation noise.
This state space representation will be derived in Section 6 for more general models defined on acyclic
directed graphs which allow several parents of a node. Chui and Chen (1999) derived a Kalman filter
for such state space models. A Kalman smoothing algorithm, as in Durbin and Koopman (2001) can be
modified for such state space models. Estimation of the unknown parameters can again be carried out by

an EM-Algorithm.

For cor(Z) the vector AR(1)-structure of the observation noise seems to have no great effect. The major
effect is brought in by the vector AR(1)-structure of the transition noise. The structure of cor(Z) depends
on the specification of the covariance matrices E(Wj7k+1W},k) forj=2,...,Jandk =1,...,K;—1.

But stationarity of the correlation function of Z was still not obtained. The correlation matrix of Z now
depends also on specification of E(WJ-,HIW}’,C) or Bj , respectively. Example 6 given in Appendix
A illustrates this. On the other side we have to specify E(Wj,k+1W;'7k) carefully and therefore have

more parameters to estimate than in the tree-structured model with white noise. Thus it is questionable,

14



whether the model with coloured noise is really an improvement for the desired inference of time series
data. It seems that these problems are the result from using the concept of mass balance. In the next

section we therefore introduce a model, where no mass balance is assumed.

5 Extensionsof White Noise Linear State Space Models

In the next section we will derive a linear state space representation for an autoregressive stochastic
process indexed by the nodes of an acyclic directed graph. For this reason we give in this section a
short review about extensions of linear state space models. For a detailed discussion see e.g. Chui
and Chen (1999). This section is arranged into several subsections. At first, we discuss linear state
space models with coloured observation noise which are needed in Section 6 for autoregressive models
on acyclic directed graphs. Then we give a brief summary of the Kalman filter and Kalman one step
predictor for these state space models. These two subsections refer to Chui and Chen (1999). In the
next subsections we state smoothing algorithms, where we follow the approach in Durbin and Koopman
(2001) for white noise linear state space models. Since we consider linear state space models with
white system and coloured observation noise some modifications have to be made. Then we discuss
the treatment of missing observations, which are necessary to consider for the models in Section 6. For
maximum likelihood estimation of model parameters we then derive an analytical representation of the

score statistic in the last subsection where we assume additionally normal distribution.

5.1 Linear State Space Model with White System Noise and Coloured Observation Noise

Chui and Chen (1999), Chapter 5, considered the following class of linear state space models with white

system noise and coloured observation noise:

(26) Transition equation: X1 = Ap Xy +Th€,,
(27) Observation equation: Zy = Cr X\, +ng,
where X, € R, ¢, € R™, Z € R™ . Therefore i, € R™ , A), € R™s+17mk T\ € RMk+1 XM}

= Z - . . . . .
and C € R™x *™k T, is assumed to be either a selection matrix, i.e. only some diagonal elements are

equal to one, as all the other elements are equal to zero, or to be a matrix of the form

block 1
Fk = s
block p
where p € N and block m is a selection matrix, m € {1,...,p}, and blockl = 0forl =1,...,m —

1,m + 1,...,p. In the latter case we say that T is a block selection matrix. For the transition noise
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{€,,k > 1} and the observation noise {n;, k > 1} Chui and Chen (1999) assume
E(&) =0, var(&) < oo, E(ny) = 0, var(ny) < oo,

€ L Xi & LE (K#1), & Ly (k1 >1),m, L Xy (k1 >1).

For the observation noise n),, they additionally assume

(28)

(29) M = Ni1mp_y +, (B> 2), withy, L g, v, Ly (k#1).

Ny qisam? x mf | real matrix. If Ny_; = 0 Chui and Chen (1999) speak of white observation
noise, and if on the other hand IN,_; # 0 they say that the observation noise is coloured. Of course
all their derivations and our derivations given below hold for both cases. So we can regard the case of

coloured observation noise as a more general case than white observation noise.

The state vectors X, are assumed to be unobserved. Thus they have to be estimated from the data.

For this we denote for k > 1

Yz, :=var(Zy),

k
Zk = (Z17Z27-"7Zk)la

Xy := L(X x| Z5).

The estimation error is defined by
Xy = Xp — X

The Kalman filter is a recursion for calculating the linear least square estimates X k(% and the correspond-

ing mean square error matrix Sy, := var (X yx).
Kalman one step prediction deals with the computation of
Xk+1|k = L(Xk+1|Z’“),

S = var(Xp ),
where XH”,C = Xgi1 — X‘,H”k denotes the one step prediction error for & > 1.
Let NV denote the number of state vectors X,..., X y. Further define ZV .= (Z1,...,Zy)". The
Kalman fixed point smoother is a recursion algorithm for the computation of

X = L(Xk|Z"),

fJk\N = UW(XMN)a

where Xk|N =X — ch|N denotes the estimation error of X}, in terms of Z™ fork =1,..., N.
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Kalman filtering, prediction and fixed point smoothing rely on decomposition of the data vector Z into

so called innovations @ which are defined for & > 2 as linear least squares prediction errors
(30) O = Zy — L(Z| 2" ),

where Z*~! denotes the vector (Z1, ..., Z;_,)". With Schneider (1986) (Satz (2-15)) the relation 6, L
Z*=! holds and thus {Ok,k > 2} is serially orthogonal. Similarly to Chui and Chen (1999) we can
derive two representations for 6. Using the Observation Equation (27) and the Transition Equation (26)

wegetfork=1,...,N

Zy=CyXp+my =CiXp + Npo1mp 1+
= Cr(Ap—1 Xp1 +Tpo1€1) + Nio1(Zo1 — Cro1 X o) + 94
= (CrA1 — N 1Cr )X 1+ N1 Zp  + CrhTp1bp 1 + s
(31) =H, 1 Xy 1+ Ny 1Zy 1+ CpTp_ 1€y + g, With

(32) Hj_1:=CA;_1 — Ny_1Cjy.

Since &, L X and &, L ~,, we conclude that E(€,Z%) = 0 and thus L(&,|Z*) = 0. From Assump-
tion (29) it follows that L(+,|Z* ') = 0. Substitution of (31) into (30) yields

) 0r =2y — L(Hp1 X1+ Ng1Zp—1+ CrTho1& 1+, 257
=Zy — kalxlc—uk—l — Ny 1Zy_,.
Further substitution leads to
0r =H, 1 X1+ Ny 1Zp 1 +CrTro1€p  +v, — Hi 1 X1 — N1 2y

(34) . _
=Hp 1(Xp1— Xp qpp1) + Culr—1&1 + 74

Note that X, ; is a linear function of X, and Z*~'. Therefore E(X, , ,£,_;) = 0 and
E(Xj 15 17)) = 0holds for k =2,...,N. Thus

(35) Ay :i=var(6y) = Hp 1Sy po1 Hi_ + ChTy yvar(§y,_1)T_, C), + var (yy).

5.2 Kalman Filter and One Step Predictor for State Space Models with White System
and Coloured Observation Noise

In Chui and Chen (1999) the Kalman filter is initialized by
Xy = B(X1) —var(X1)C 2, C1(BE(X1) - Z1),

(36) - _ _
Y = var(Xy) — var(Xl)CIIEZC’lvar(Xl).
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Then the following recursion formulas hold for the Model (26), (27) with & > 2 (Chui and Chen (1999),
(5.21), page 73):

(37) G = (A1 Zy g 1 Hj_y + Tpgvar(€,_)Tp Ch) - AL

(38) Fi:= A, — G.Hj 4,
(39) Sik = FiSp_ijp—1Ar_1 + (I, — GrC)Ti_1var(€, )Th_y,
Xy = A1 X g 151 + Giby.

In Equation (39) the Representation (33) is used. Note that the Representation (34) contains unobserved

components. These are the filtering equations. With Transition Equation (26) we get for the one step

predictions for £ > 1

X1 = A X gpr,
(40) ) o
Shiik = ArBpg1p Ak

since L(&,| Z%) = 0.

To obtain Xkuv and f)k‘N fork =1,..., N we have to apply a Kalman fixed point smoothing algorithm.
Since the algorithm makes use of the innovations 6y, rather than of the data vectors Z;, we can replace
Z . by 0y, successively to save memory space. The matrices A,;l and G, have to be stored. It may be
the case, that these matrices are not different for all & but A;l = Al‘l holds for somel = 2,..., N
and Gy, = G,, for some m = 2,..., N. Then only the different matrices have to be stored, together
with the information to which indices they correspond. The matrices {Fk,k =2,... ,N} need not
to be stored, if sufficient memory space is a problem. It may be the case, that there are as well only
a relative small number of different matrices Fj. On the other hand, they could be computed in the
smoothing step again. In our applications A, and C}, k = 1,..., N — 1 happen to be sparse matrices
of simple structure, where matrices IN;, have relatively small dimensions and may be only a small num-
ber of different N, for k = 1,...,N — 1. Thus A, C}, and N}, need not much memory space and
computation of F, and H, can be done without much effort. Matrices C, are needed anyway for the
computation ofék‘N and var(ékw). Matrices {T';,k = 1,..., N —1} are also needed in the smoothing
step. {I‘k, k=1,...,N — 1} are sparse selection matrices. For smoothing we need also the matrices
{var(yy),k = 2,...,N} and {var(&;),k = 1,...,N — 1}. Again, there may be only a relatively

small number of different var (-, ) and var(€},).
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5.3 Kalman Fixed Point Smoother for Linear State Space Models with White System
and Coloured Observation Noise

Similarly to Durbin and Koopman (2001) (4.25) and (4.30) we define recursively for k = N,...,2

(41) Py :=H, A 'Hy_| + FP,F},
(42) Ry 1 :=H)_A;'0) + F}Ry,
where Py = 0and Ry = 0. Ifindex kK = N — 1,...,1is interpreted as a time index then Py is a

linear function of the inverse variance matrices of innovations occurring after time &, and R; is a linear
function of innovations occurring after time k. Then we compute for K = N —1,...,1 using Xj;, and
Sk from the Kalman filtering (36) - (39)

Xy =Xk + SppRe,
(43) . . . -
YN = Vg — Vg P ek

Note that XN|N and SN‘N were already computed by the filtering step (36) - (39). The derivation of
(43) is given in Appendix B.

For the derivation of the score vector we need the smoothed disturbances 4y := L(vi|ZN), k =
N,...,2 and émw = L(gm‘N|ZN), m = N —1,...,1. The corresponding smoothed estimation

errors are denoted by

Y =1k — Lyl ZV),
£m|N =&, — L(€m|N|ZN)

The mean squared error matrices var () and var(fm‘ ) are also needed for the derivation of the
score vector. Computation of the smoothed disturbances and the corresponding mean squared error
matrices can be done using the following recursion formulas:
” Apn = var(vy) (A, 0k — GLRy),
var (3 ) = var(vy) — var(ve) (Ay" — GLPyGr)var(v,),
Exv = var (€T, Cl ALl 041 +var (&) (T, — Gry1Crit) Ri,
(49) Ua?"(ékw) = var(&;) — var (€,)T4Ch 1AL CrraTrvar(€y)
—var(§,)(Tk — Gr41Cht1) Pry1 (T — Gy Crpr Jvar ().
In Appendix C the derivation of the equations for 4, and ék‘N and in Appendix D the derivation of

the equations for var (4, y) and var(ékw) are given.
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5.4 Missing Observations

In our applications of Kalman filter and smoother algorithms for linear state space models with white
system and coloured observation noise we might have to allow for missing observations, that is there is
no observation connected with the state vector X, for some k = 1, ..., N. In this case we define C}, to

be a zero matrix of appropriate dimension and we re-define (27), (29) and (32) more generally as:

7. . C_;'ka—i-’l’]k ,for()’k;«éo
ke Z_ ,fOI'C_'kZO,
Nk_ 1+ , for C_'k #0
(46) e ::{ Meg—1 7T Yk s
Mk—1 ,for Cj, =0,
CrAp_1— Ny_1Cy_y ,forCp #0
Hk,1 = _
,forC. = 0.

For C), = 0 (46) implies N, = I and «, = 0. There is no new information related to Z;, and the
innovation 8, = Z; — L(Zk|Zk_1) is a zero vector with variance matrix A, = 0. But derivations of
Kalman filter and smoother algorithms hold also for the case, when the inverse variance matrices that
occur are replaced by their generalized inverse (see e.g. Hamilton (1994), Section 4.1). For &, = 0
the generalized inverse matrix is A;, = 0, implying for (37) and (38) G, = 0 and F, = A;_;. The
filtering and the smoothing equations can then be applied in both cases when observations connected to

a specific state vector are observed or not.

5.5 Derivation of the Score Statistic

Since often model parameters are unknown in practice they have to be estimated. For linear state space
models maximum likelihood estimation is commonly used, see e.g. Durbin and Koopman (2001) and
Harvey (1987). Here the score statistic becomes important for the application of an EM algorithm or for
numerical maximization. For this reason we give in this section a derivation of an analytic representation
of the score statistic for linear state space models with white transition noise and coloured observation

noise.

Let 7» denote the vector of the unknown parameters in a parameter space €2. The parameter vector
1) might consist of unknown variance and covariance parameters and some nonnegative weights. There-
fore we assume that 2 C R’ xR" with ¢, » € N. The likelihood function of ¢ formed from the observed
data is given by

L(p; ZV) = p(Z"; ),

where p(Z";+») denotes the probability density function of Z in terms of the parameters . Similarly

the likelihood function of v formed from the complete set of the unobserved state vectors X :=
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(X1,...,X )" and the observed data Z" is given by
L(y; XN, Z7) i= p(XN, ZN; 4p),

where p(X%, ZN: ) is the joint density of XV and Z*" in terms of the parameters 1.

As in McLachlan and Krishnan (1997) we define the score statistic based on the observed data Z"

as
N
S(ZN ;) = %j’z), and corresponding to the complete data (X, Z™V) by
47 N N
SN, 2% = PO LTI

Under regularity conditions like continuity, the interchange of integration and differentiation is valid. For
this case McLachlan and Krishnan (1997) show that for a fixed valuet € Q S(Z% ;) can be written

as

— 0
(48) S(ZN; ) = %EJ, [509 L(y; XN, ZN)] ‘¢:1ﬁ

We use (48) for the derivation of the analytic representation. For this we assume that XV and Z" are
jointly normally distributed in addition to assumption (28). Further, var(&,) and var(xy,,) are either
non-singular or zero matrices, k = 0,...,N —1,m = 1,..., N. In the latter case the terms var(&,) ™",

var(~,)~! in equations below have to be replaced by 0.

We will need the following result (see e.g. Kailath et al. (2000), Appendix 3.C): Let U,V be two

jointly normally distributed random vectors. Then

LU|V) = EU|V),
(49)
var[U — L(U|V)]| = var(U|V),
where E(U|V') denotes the conditional expectation and var (U |V') the conditional variance of U given
V. Furthermore, the random vector U|V conditioned on V' is normally distributed with mean E(U|V')
and variance matrix var(U|V').

Applying Bayes Theorem yields
(50) p(XN,ZN ) =p(X V;9p)p(ZN | X N i9p) =p(X 13%) [Tj—o P(X 1| X1, Xk 159).

Using (26), (28) and (49) we get

6D L(X kX1, Xpy1) = Xk Xpo1) = B(Xg| X 1) = Ap1 X1,
var(X | Xg_1) = var[ Xy — B(X | Xg_1)] = Tr_1var(&,_)T)_;.
In addition we have

N N

52)  p(XNi9p) =p(X 1) [[ Xkl X1, Xpmi39) = p(X159) [ [ (X k] X i—159),
k=2 k=2
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where p(X 1| X x_1; ) is a multivariate normal density with mean A;_; X ;_; and variance matrix

Ty_jvar(&, ,)T,_,. Using again Bayes Theorem we have

N

p(ZN XN ) = p(Z1| XV ) [[ p(2k1 251, X5 9p).
k=2

Applying (27) and (28) together with (49) it follows
E(Z1|X1) = C_'lE(X1|X1) + E(’I’]1|X1) = C_'l.Xl,
var(Z1|X1) =var|Z, — E(Z,|X1)] = var(n,),
E(Zy| 2" XN) = CLE(X |28, XY) + E(my| 21, X)

(53) - k-1 wN k=1 N
=CLE(X | X )+ N 1 E(mp_| 27, X7) + E(y| 2", X)
= C'kE(Xk|Xk) + Nk_lE(’I’]k71|Zk_1,Xk_1) +0
=E(ZyZy 1, X1, Xk),

sincen;, | = Zp_; — C_1X,_, is a linear function of Z,_; and X;_y, and v, L Z¥~1, X This

yields

E(Zy|ZF 1, XN)=Cr X+ Np_1m4_1,
&9 var(Zy| Z¥ 1, XN) = var[Zy, — E(Zi| 2571, X)] = var(y,,).
We define

Since T, is a selection matrix or a block selection matrix the relation I}, 'y, = I holds and it follows that
€ =TT, = Ty (X1 — T Xyp).

The complete log likelihood can now be calculated as follows

(55)
log L(yp; XN ,ZN) =log p(XN,ZN yp)=log p(X ") +log p(ZN | XN ;1)

=log p(X 1;9%)+ 3 1y log p(X | X x—159)+log p(Z1| X 159)+ 3 h_s log P(Zk|Z—1,X =1, X 13%)

=const.— 5 | log(|var (&o))+&yvar(§o) ™" §o+log(Jvar(y1) )+ var(v1) ™'y

+ N, [log(jvar (€, 1))+€,_ var(€_y)~ &5y +log(lvar (v )+, var(ve) = vk
= const.f% Ziv=1 [109(\U‘ZT(§1¢71)|)+l09(\U‘W(’Yk)|)+5'k_1”‘“"(5k71)_15k71+’7kva7"(’7k)_1’7k~

Since for a random vector V' of size n and M € R**" symmetric

(56) E(V'MV) = tr[Mvar(V) + E(V)E(V)']
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(Seber (1977), Theorem 1.7) holds we have for ¢ =)

(57)

S(Z" ah)=g5 o [tog Llwix V. ZV)]|

=12 >N {1og(var(g, 1)) Hog(jvar (i) )+ E g [€,_yvar (€, 1) &, 112N |+ B [vjvar(v,) 1y, |2V }
=12 5N [1og(jvar (€ — 1)) +Hog(lvar(yi))+tr (€ yyn Elm s v Hoar (€ —y) ~ var(€,_1|Z™))

+tr (;YklN;?,k‘N—l—va’T(FYk)_1UG’T(FYIC|ZN))]
Pp=1

Note that B(£),_1|Z") = €,_1 |y and E(v4| Z") = 4y . Since &,y y, var(&,_1|Z") = var (€, y)
and v, var(v,|ZV) = var (Y ) Were computed in (44) and (45), respectively, under the assump-
tion +p = 1) these terms do not vary with 4. Thus in (57) only the terms in var(¢) and var(~) require

differentiation with respect to .

In the case of missing observations in the state space model the humber of state vectors Nx is greater
than the number of observations INz. We have augmented the original data vector Z"Z by some vec-
tors Z, = Z;_, when there was no observation connected with the state vector X, £ = 1,..., Nx.
Let ZVx denote the augmented data vector Z"2. Then for the likelihood L(v; X%, ZzNx) =
L(vp; XNx ZNz) holds. Thus we can skip the corresponding terms in Equation (57) when Z, = Z._;.

Therefore we write Equation (57) as

(58)
- 10 Nx ~ o
S(ZN7 ;) = 209 Z[ZOQ(WW(&A”) +tr (€1 oty T var(€y_1) " var (€11 ZV7))]
k=
Nz 1
+ Z [Log(var (vk)|[Nz) + tr (Fkn, Tiiny, + var(yy) tvar(vg| ZV7)||
k=1 P=1

6 Autoregressive Models on Acyclic Directed Graphs

6.1 Introduction

Huang and Cressie (2001) relaxed the tree-structure and allowed for structures on more general acyclic
directed graphs. As Huang et al. (2002) they assume white system and observation noise. For these
models they derive so-called junction trees. The tree-structured Kalman filter and smoother work now
on these junction trees. We took these models as a starting point to formulate a model for time series,
omitting mass balance. For this we drop the assumption of nested partitioning and use an overlapping
arrangement of sub-intervals instead. We will now define directed acyclic graphs and required additional
notation. Finally we define stochastic processes, indexed by nodes of a specific class of acyclic directed
graphs. System noise and observation noise are then modeled in linear state space form where we do not

require white noise but can allow for coloured noise.
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6.2 Overlapping Interval Arrangement and Acyclic Directed Graphs

Definition 6.1. Overlapping Interval Arrangement
Let interval I C R with length |I| > 0, a natural number J € N and a family of natural numbers

(Nj)J_, with Njy1 > Nj (j = 1,...,J) be given. A collection of sub-intervals {I;;, C I : j =

1,...,J, k=1,...,N;} iscalled an overlapping interval arrangement on I, if the following conditions
hold:
(i) ikl >0 (7=1,...,J; k=1,...,Nj),
(i) Ij,kﬂlj,k+17é®(jzl,...,J;kZl,...,Nj—l),
Nj
(iii) ULk=IG=1....0),
k=1

We consider the indices of these sub-intervals as nodes in a directed acyclic graph, which is defined in

graph theory as follows:

Definition 6.2. Let afinite set of nodes 7" and a set of edges £ € V x V begiven. If for al (v,d) € E it
follows that (v',v) ¢ E, then the pair (T, V') is called an acyclic graph. A path of length & > 1 from«
to v, € T isa sequence of nodes v, vy, . . ., v, such that (v;, v;+1) isanedgefor eachi =0,...,k — 1.
Acycleof length £ > 1 isapath vy, v1,...,v; suchthat vy = v;. Anacyclic directed graph isa directed
graph that has no cyclesin it. For a directed edge (v, /), vissaid to be a parent of +/, and " is said to
be a child of v. A node v of a directed graph is said to be a root, if it has no parent, and it is called a

terminal node, if it has no children.

These definitions were used by Huang and Cressie (2001). Note that with this definition a graph can have
more than one root. For the models we consider we make additional definitions:

We say that a node v is on scale ;7 = 1 if a root is the parent of v. Roots are then nodes on scale j; = 0.
The further scales are defined recursively: We say that a node is on scale 5 + 1 if its parent or parents are
on scale 5. We call the scale J with only terminal nodes on it the finest scale. The number of nodes on a
scale j = 0,...,J isdenoted by /V;. The numbering of nodes on ascale j starts with 1 at the left and pro-

ceeds to the right up to N;. Thus the k£th node on the scale j = 0,. .., J can be denoted by the pair (j, k).

The nodes are allowed to have up to two parents:

A node (4, k) is called a left parent of the node (5 + 1,K) if (j, k) is the only parent or if (j,k) is a
parent of (j + 1, &') and if there is a node (4, k£ + 1) that is also a parent of (5 + 1, ¥). We denote the left
parent of (j + 1, ") by Ipa(j + 1,k"). Anode (j, k) is called a right parent of (j + 1, ), if (5, k) is the
only parent or if (4, k) is a parent of (5 + 1, ) and if there is a node (4, k — 1) that is also a parent of
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(7 + 1, k"). We denote the right parent of (5 + 1, ) by rpa(j + 1,%').

A path from the root to the terminal node (J, k) is called the left path from the root to (J, k) if only
(J, k) and left parents of nodes of the path are on the path. A path from the root to the terminal node
(J, k) is called the right path from the root to (.J, k) if only (J, k) and right parents of nodes of the path

are on the path.

Let P; denote the number of nodes on scale j that are left parents for j = 0,...,J — 1 and N, the
number of nodes on scale j, j = 0,...,J. Forj =1,...,J we can specify K; € N, Pj_; < K; < N;
and 1,7 € Nwith 1;, < rj, for k = 1,..., K; such that the nodes (j,/; ), ..., (j,7;x) have the

same left parent. We set v; , :== {(4, k), (j, ;%) } and denote the cardinal number of v; , by n .

For the models discussed below we will consider only acyclic directed graphs with one root and where
all the terminal nodes are on the finest scale J only. Furthermore we assume that the nodes of scale
j = 2,...,J have up to two parents. For easier reference we call such graphs two-parent-terminal

graphs.

The whole observation interval and the sub-intervals obtained by overlapping interval arrangement can

now be indexed by the nodes of an acyclic directed graph.

Example 3. To illustrate these notations we give an example with J = 2 and three sub-intervals on the

scale j = 1 and six sub-intervals on the scale j = 2, see Figure 3.

0 =0 /’\

1y 12 (1.3)
1) 1.2) 3 o

2.1 23 25
£y 22) 23 @4 — 9 (2.6) =2

21 (22 (23) (24 (25 (2.6)

@) (b)

Figure 3: Overlapping Interval Arrangement (a) and Corresponding Acyclic Directed Graph (b) for
Example 3

Since we have no nested partitioning as in Definition 3.1 but overlapping sub-intervals we don’t have to
pay attention to the linearity of the integral and thus no mass balance is needed. One possible acyclic
directed graph, corresponding to this overlapping interval arrangement is given in Figure 3(b). The nodes
on j = 1 have only one parent, the root, while each node on 57 = 2,...,J has a left parent [p and a right

parent rp.
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Following Huang and Cressie (2001) we define a stochastic process Y := {YO,YM, {j,k} € T} in-

dexed by the nodes T' of a two-parent-terminal graph, starting with Y at the root:

(59) TransitionEq. j =1: Yip=Yo+Wi (k=1,...,N).

(60) TransitionEq. j =2,...,J: Yik = e Yipiik) + BikYepig) + Wik (K =1,...,Nj).
(61) Observation Eq.: Zy = cp Yy + Qr,

where c;is a real number and @, a random variable for £ = 1,..., N;. We also say that Y} ;. is a child
of Yipa(jk) and Yypa(jk) @nd that Yipa iy, Yepajk) are parents of vy forj =2,..., J, k= 1,..., K.
Note that if we set ;. = 0V 7,k and consider e. g. right parents as the only parents in the graph, we

are back to trees discussed in Chapter 4.

In this model observations again are only associated with the finest scale J. Further assumptions are:
Yo, Wj i, Qy are zero mean random variables with finite variance, o, 8, € Ry == {z € R: 2 > 0}
with Qjk + ﬁj,k =1, Wj,k 1 Yy, Wj,k 1 Ql’ Ql 1 Yyand Wj,k 1 Wi,la (_] #* ’L)

For j fixed, the transition noise {W; s,k = 1,...n;} is modeled in linear state space form:
(62) Wj,k+1 :Bj,ij,k+Vj,k7 k= 1,...,Kj -1

where the elements of the random vector W, . are the elements of the set { W, , : (j,A) € v}, and
Bj ) € R%Wk+12"k and V ;. is a zero mean random vector with n; ;.1 elements. Further we assume
{Vjrk=1,...,K;} to be a family of uncorrelated random vectors, also uncorrelated to W ;. The

state space representation (62) implies
(63) LW ik1lWia, .o, Wik) = LW g1 [Wjip).

Kailath et al. (2000) call this weak Markov property, since in general the Markov property is defined by

conditional independence rather then by covariance.

The observation noise {Qm, m=1,... ,NJ} is modeled in a similar manner with
(64) Qi1 =DyQ,+Uy, k=1,... K;—1

where the elements of the random vector @, are the elements of the set {QA (SN € yJik}, D €

Rr7.k+1 %10k and Uy, a zero mean random vector with Uy, L Q, and Uy, L U, for k # 1.

6.3 Linear State Space Representation for Models on Acyclic Directed Graphs

We explain how to find a linear state space representation with white system and coloured observation

noise by a simple example.
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Figure 4: Two-parent-terminal Graph for Example 4

Example 4. Consider the graph shown in Figure 4. On the finest scale J = 3 the nodes (3, 1) and (3, 2)
have both parents in common. Thuswe set 15 ; := {(3,1),(3,2)}, Y31 := (Y3,1,Y32) and W3 :=
(W3,1,Ws2)'. Proceeding in the same manner on scale 3 we get random vectors Y3 1, ..., Y 35 and

Wsi1,..., W3 . Observations Z,,,, m = 1,...,10, are similarly compounded into vectors:
Zy = (Zla ZQ)Ia LR Z5 = (Z97 ZIO)Ia
Ql = (Qla Q?)Iu RN Q5 = (Qg? Qlo)l'

On scale j = 2 we get the random vectors Wy | := (Wo,1, Wa2)', Wao 1= (Wa3, Wa4)', Wa 3 :=
(Was, Wag) and Yo := (Y21,Y22), Yoo := (Yo3,Y24), Yo 3 := (Yo,5,Y26)". The nodes on scale
j = 1 have the root as parent. Therefore we define Wy, == (Wi, Wi2), Wig = (Wis, Wia)
and Y = (Y1,1,Y12), Yi2 := (Y13,Y14). Using Transition Equations (59) and (60) yields the
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transition equations for the vectorized model:

Y11 Yo+Wi1 1
Y1 = = =Yy +
Yi,2 Yo+Wi,2 1

=

1

EE

,2

Vi, Yo+W1, 1\ (w

Y1, = 13\ _ 0+Wi3 —v, . 1,3
Yi,4 Yo+Wi.4 1 Wi,4

S You )  foeeaYiit+B21Y12+Wan

2,1 = =

Yoo a2,2Y1,1+B2,2Y1,2+Wa 2 2,2 P22
Ya 3 a2,3Y12+B2,3Y1,3+Wa 3 0 B2,3 0

Yoo = = = Yi1+ Yi20+Wop
Yo,4 a2,4Y1,24+B2,4Y1,3+Wa 4 0 B2,4 0O

1 B2
= ( )Y1,1+W2,1:A2,1Y1,1+W2,1,

a2,5Y1,3+82,5Y1,4+Wa 5 B2,5
= 5 Yi20+Wo3=:1As3Y 1 2+Wo> 3,
2,6

Vo — Yos
2,3 =
(65) Yo.6 a2,6Y1,3+82,6Y1,4+Wae

a3,1Y2,1+63,1Y2,2+Ws3 1
Ys1 =

a3 2Y2 1+832Y22+Ws 2 3,2

=AY, Y1 1+A Y12+ W,

a1 Bsa
= < Yo 1+W31=:A431Y21+W3 1,
asz,2

Y3,3 0 53,3 0 ! ”
= Yo+ Yo24+W30=1A4; ,Y21+A5 Y22+ W3 o,
Y3,4 0 B34 0

Y32 = <
Y35 ,33 5
Y33 = = Y22+ W3 3=:1A33Y22+W3 3,
Y36
Y37 Bs,z 0
Y34 = = Yoo+ Y2,3+W3,4=2A§,,4Y2,2+A§,4Y2,3+W3,4,
X Bz7 0O

Y39 39 B39
Y35 = = Y2 3+W35=:A35Y23+W35.
Y3,10 az,10 B30

For the observation equations in the vectorized model we get with Equation (61):

Al Y§1+-Q1>
Z = = (¢ = (: l 5
1 <Z2> ( ! ) <Y32+Q2 1 3,1+Q1

(66)

Zy Y39+ Q9
Z5 = <Z10> = (09 010) <Y3,10 + Q10 = C5Y3,5 + Q5.

Thisis a model on a new directed acyclic graph shown in Figure 5.

Transition noise vectors on the same scale are modeled as a vector AR(1) model, i.e.
Wia=B11Wi1+ Vi,
Wsoo=By Wy +Vay,
W3z =BysWoo+ Voo,

(67)
W39 =B3 W31+ Vs,

W35 =B3,W34+ Vsa.
Modeling the observation noise vectors as vector AR(1) model yields
Q,=D.Q, +U,y,
(68)
Q; =D4Q,+ Uy
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Figure 5: Graph for Vectorized Nodes for Example 4

To put the vectorized model (65)-(68) into linear state space form we specify theinitial state vector such
that Y, and all Y'; ; and W ; ; indexed by nodes (j,1), j = 1,...,J, on the left path from the root to

(J, 1) of the vectorized graph are elements of X;. In our example
X1 =0,Y11,Y21,Y3:,,Wi1,Wo1,Wi3,).

We will denote the observations in (26) and (27) by Z,, to distinguish them from the observations in the

acyclic graph model. The first observation equation can therefore be written as
Z,=C X +mn,

with p, := Q, and C; := (025 Ci 0y5), where 0, , denotes a zero (p x ¢) matrix and I, the

identity matrix of dimension p. Smilarly, let 0, denote the zero matrix of dimension p x p.

In model (65)-(68) the data vector Z, is connected with Y ;5 by (66). SnceY ;2 ¢ X theY
and W ; ;. indexed by the nodes on the right path from the root to (J, 2) have to be successively inte-
grated into state vectors. Snce Y » = Yyl,, + W 2, where 1, denotes a column vector of p ones,
the first step is to update from W ; to W in X, using (67). Generally, before integrating Y ,,,
i=1,...,J,m = 1,..., K;, into a state vector we have to integrate W, ,,, into the state vector. All
Wini=1,...,J,k=1,...,Kj, inthe actual state vector that are not needed for the integration of
W . into the next state vector are retained in the next state vector aslongask < K, j = 1,...,J.
TheY ; in the actual state vector are retained in the next state vector as long as not all their children
are either in the actual state vector, have been in previous state vectors or will be in the next state vector.
Y ;1 has no child and therefore “ all children of Y;;” arein X, implying Y ;; is not needed in X,.
The transition matrix

block(1,1) ...  block(1,en)
A = : : :
block(em+1,1) ... block(emt1,em)
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consists of block matrices denoted by block(r,c), r = 1,...,ent1, ¢ = 1,..., ey, Where e, denotes
the number of sub-vectorsin X,,,, m > 1. Inour examplee; = 7. W ; isthefifth sub-vector of X in
our example and W » will be the fourth sub-vector of X,. Thusin A, we have block(4, 5) defined to
be B, ;. If the n;th sub-vector of X; will be the nyth sub-vector of X, we define block(n2, n1) to be

the identity matrix of appropriate dimension. In our example we get

Yy I 012 012 012 012 012 099
Yi: 027 I, 0 02 02 02 O 05
Yo 027, 0y I, 0y 02 0 O ’ T
Xy = ’ = ’ X I =: A1 X{+T&,.
2 W 01 0, 05 0, By, 0, 0 1+ . 2 | Via 1 X141
Waa 027 02 02 0y Oy Io O 42
Wi 027 02 02 02 02 0 Ip

No observation is connected with state vector X5 since there is no terminal node element of X,.
We interprete this as a case of missing observation and defineCy := 0211, Z3 := Z, = Z; and

Ny =1, = Q. Likein (46) thisimplies Ny = I and v, = 02;.

Now we can integrate Y'; » into X3 using (65). For this we note that Y; is the first sub-vector and
W 5 is the fourth sub-vector in X,. Y will be the third sub-vector in X3. Thusin A, we set
block(3,1) := 15, and block(3,4) := I, where 1, , isa (p x ¢) matrix of ones. We further update
fromW,; to W, ,. Sncethereisno W 3 wecan skip W » in X 3. The other sub-vectors of X, are

retained in X5.

Yy I 012 012 01 012 093
Yi: 021 I, 02 Oy 02 0o 0y
| Yi2 | 121 02 02 I, 0, 09 ’ oz
X3:= Yoo | |02 00 I, 0, 0, 0 X+ gz Vi =: As Xy +T9¢,,
Wao 027 02 0y 02 By; 0
Wi 021 02 02 02 02 Ip

Again there is no observation connected with X; and thuswe set Cs := 04,11, Z3 := Z5 = Z; and

N3 =1y = Q,, implying that Ny = Iy and v = 03 ;.

Going down the right path from the root to (., 2) the next step is done by integrating Y5 into X .
Using (65) we note that Y’ ; isthe second sub-vector, Y’ » is the third sub-vector and W 5 isthefifth
sub-vector of X3. Y59 will be the third sub-vector in X4. Thusin A4 we define block(3,2) = Alm,
block(3,3) := Ajyand block(3,5) := I,. Wefurther update from W ; to W34, Yoand Y ; areno
longer needed in the state vector since all their children are, already have been or will be in the state

vectors X ; to X 4.

Yio 021 0, I, 0y 02 O

Yo 02; 02 02 Ip 02 0o 0 _
Xy=|Ya | =|01 Aby AL, 0, I, 0 | X3+ ( ;2> Vi1 = A3X3+ToE,.

Wao 021 02 02 0y Io 09 ?

Wi 021 02 0y 0y 02 B,

El
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Again this is treated as a case of missing observations, settingCy := 095, Z4 := Z3 = Z; and

N, :=n3 = Q. Thisimpliess N3 = I, and v, = 02;.

Now we can easily put Y3 » into X5, noting that Y3 » has the parents Y, ; and Y, » which are sub-
vectors of X 4. Then all the children of Y, ; are, already have been or will be in the state vectors X to
X 5 and thuswe can omit Yo ; in X'5. Wealso update from W3 » to W3 3. In Equation (66) observation

Z  is connected with Y3 5 and thus connected with X5. In particular we have

Yio I, 0, 02 Oy O

Yoo 0, 0, I, 0 O 0 B
Xs:=|Yso|=]0 A, A}, 0 I, | X5+ ( 18’2> Vo =1 AsX 4 +Tu&y.

W272 02 02 02 IQ 02 ’

Wss 0, 09 0, 0, B372

The corresponding observation equation is given by
Zs:=Zy= (024 Cy 034) X5+ Q5=:C5X5+n;,

and we set for the observation noise N, := Dy and v := U}.

In the next state vector we integrate Y3 3 and update from W o to W 3. Y 3 5 is omitted in X since

it has no child. Therefore we define

Yio I, 0y 03 02 09

Yoo 0, I, 02 02 09 06,2 _
Xe:=|Y33 | =02 Az3 02 02 Ip| X5+ | Io | Voo =: A5 X5+ I'5;5,

W3 02 02 02 Byo 09 02

Wiss 0 02 02 02 Iy

together with the observation equation
ZG =243 = (02,4 C; 0274) X+ Q3 =: C_'GXG + ng-

For the observation noise we set N'5 := D5 and 4 := Us.

Now we have to integrate Y, 3 into the state vector since Y, 3 istheright parent of Y3 4. Weomit Yy »
because all of its children are or already have been or will be in the state vector. e update from W 3

to W3 4. Snce thereisno W, 4 we do not need W, 3 in the state vector any more. This gives

Yoo 0, I, 0 0 O Os _
X7 = Y273 = A273 0, 0y I, 05 X¢ + < I; ) V3,3 =: Ag X + F6§6-
W3 4 02 02 02 02 B3,3
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Again we have a case of missing observation and setCr := 0y, Z7 := Z = Z3 andn; := 1 = Q5.

It follows that N'¢ = I, and v; = 02 1.

Now we put Y3 4 into the next state vector Xs. Y 9 o is not needed any longer. Therefore we have

Y273 02 12 02 04 9 _
Xgi=|VYsa | = |4}, Af, I |X7+ (1; ) Via =t A1 X7+ r&r.
W375 0, 0 BS,4

Zs:=2Z, = (02 Cy 02) X + g,

whereng := Q,, N7 := D3 andv4 := Us.

The last state vector X issimply given by

Xg = Y375 = (A375 02 Ig) Xg =: Ang.

Zy:=Z5=C9Xg+mny,

where ég = C5, Ng := Q5, Ng := D3 and Y9 = Uy,.

Let NX denote the number of state vectors Xj. Form = 1,...,NX we have ¢,, = O or thereisa j €
{1,...,J}andak € {1,...,K;} suchthat§,, = V; ;. From§,, =V, it follows that W . € X ,,.
Since V', L W, we get &, L X,,. Furthermore, since {V;;,j =1,...,J, k=1,...,K;}isa
family of uncorrelated random vectors {gm, m=1... ,NX} is also a family of uncorrelated random
vectors. Similarly, form = 1..., NX wehave setn,, = Q, withk € {1,...,K;}andk < m. N, 1
was then defined either by N, | := I or N,,, 1 := Dj_, and «,, was defined by ~,, := 0 or~,, :=
Ug_1. Since {Uy,k = 1,..., K} is a family of uncorrelated random vectors {~,,,m = 1...,NX}
is also a family of uncorrelated random vectors. With U, L Q,, k = 1,..., K it also follows that
Ym L m,,_1. Therefore we have a state space representation such that model equations (26), (28) and
(29) are satisfied. Though the state vectors have relatively big dimension the system matricesAy, T'j, and
have a block structure such that calculation can be done efficiently. For the initialization of the Kalman
filter we have to derive var(X). This will be done element wise. Recall that W;, L W;;, (5 # 1).
At first we note cov(Yo, W;x) = 0 and cov (Y, W) =0forj =1,...,J -1,i=j5+1,...,J,
k,l =1,2. Using (59) and (60) yields for j = 1,2, 3:

(69) cov(Yj 1, Wij1) = var(Wj), cov(Yj2, Wj1) = cov(Wj2, Wj1),
(70) cov(Yj1, Wjo) = cov(Wj1, Wia),  cov(Yj2, Wj2) = var(Wja).
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For 7 = 1,2 we get

cov(Yjt1,1, Wi1) = cov[(ej11,1Y51 + B2 + Wiii1), WAl
= ajy1,1var (W) + Bjy1,1c00(Wia2, Wii),

cov(Yji1,1, Wj2) = ajy11c00(Wj1, Wyo) + Bjt1,var (W) 2),

cov(Yji1,2, Wja) = covl(aj12Yj1 + Bjt1,1Yj2 + Wiji,2), W]
= aji120ar(Wii) + Bjt1,2c00(Wj2, Wj1),

cov(Yji1,.2, Wj2) = ajy12c00(Wj 1, Wjo) + Bj12var(Wj2).

For j = 1 we get recursively

cov(Y3 1, Wi1) = covl(az1Ya1 + B31Yo0 + W31), Wii]

= agcov(Ya1, Wi1) + Bs1cov(Ya 2, Wi),
cov(Y3 1, Wi 2) = agicov(Ya1, Wi2) + B3 1cov(Ya 2, Wi 2),
cov(Y3 2, Wi 1) = cov[(az2Ya1 + B32Y00 + W32), Wi 1]

= azgcov(Yo 1, Wi 1) + B3 ocov(Yi2, Wi),

cov (Yo, Wi2) = ajra2c00(Yjp11, Wia) + Bjrz2c00(Yj1,2, Wia)-

Finally the quantities var(Yj ;) and cov(Yj1,Y}2) can be computed recursively using (59) and (60)

starting at the root or at the first scale, respectively. In particular we obtain at the first scale for £ = 1,2

var (Y1 ) = var(Yy) +var(Wy ),

COU(YLl, Yl,z) = COU[(YO + WLl)’ (Y() + Wl,z)] = Ua’I“(Y()) + COU(W1,1, WLQ).
Forj =2,3and k = 1,2 we get

ikvar(Yj_l,l) + ﬁikvar(Yj_l,z) + 20 105 kcov (Y11, Yj—1,2) + var(Wj ),

var(Yjr) = «
cov(Yj,1,Yj2)=cov([a1Yj—1,1+85,1Yj— 1,1+ W 1l[e,2Yi—1,2+85,2Yj—1,2+ W 2])

=aj105,2var(Yj—1,1)+B5,18j,2var(Yj—1,2)+ (1 8j,2F,285,1)cov(Yj—1,1,Yj—1,2)

+cov(W;.1,W; 2).
7 Discussion

We reviewed and presented three classes of models on acyclic directed graphs. The first class, introduced
by Chou (1991) and Huang et al. (2002) applies nested partitioning that makes the assumption of mass
balance necessary. The restrictions implied by mass balance together with the white noise assumption

for transition and observation noise imply an artificial block structure of the correlation matrix of the data
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Z and thus it is not possible to obtain a stationary autocorrelation function for Z. Huang et al. (2002)
suggest as a possible solution of this problem to compute the predictions as an average over a number of
mass balanced, tree-structured models with different tree branches that represent children shifted to have
different parents. As they point out, the prediction variances and covariances will be more complicated
and the computational complexity will increase with the number of trees used. The models imply that
all average values Y; ;. have the same mean. The advantage of their models is that computation can be
done efficiently by a change-of-resolution Kalman filter in such a way that computations can be easily
performed in parallel problems of smaller dimensions. Furthermore, the number of parameters to be

estimated is smaller then in the models defined in Sections 4 and 6.

We generalized their models by modeling the transition noise on a same scale in linear state space form.
Mass-balance implies restrictions to the covariance matrix E(Wj ;. W', ) that are, at least so far, not
easy to deal with. They also imply an artificial structure of the correlation matrix of Z such that a sta-
tionary autocorrelation of Z cannot be obtained. Here there are not only variance parameters but also
covariance parameters to estimate. It is questionable if this way of modeling is an improvement to the
models by Chou (1991) and Huang et al. (2002).

The third class of models requires no mass balance. The observation interval is divided into sub-intervals
by overlapping interval arrangement. The stochastic process is indexed by the nodes of a directed acyclic
graph which allows the nodes to have up to two parents. Thus weighting parameters are additionally
needed, which also have to be estimated. These models on acyclic directed graphs have a linear state
space representation with white system and coloured observation noise. The linear least squares predic-
tion of interval averages was done by a Kalman filter and Kalman fixed point smoother. The advantage
of this model is that now dynamic structures in transition and in observation noise can be modeled, that

may be a matter of interest in themselves. Thus the zero mean assumption for the ¥; . can be relaxed.

Further topics for future research are incorporation of explanatory variables and terms to capture sea-
sonality and trend in the data. The score vector needed for parameter estimation depends on the value
of the initial state vector X; which will often be unknown in practice. The approach in Koopman and
Durbin (2001) using so called diffuse initial state vector for linear state space models with white system
and observation noise should also work for state space models with coloured observation noise. A further
important topic is to find concepts to reduce the number of variance, covariance and weighting parame-
ters. For some applications one could model the observation noise process for itself and then integrate
this model into a model on an acyclic directed graph. Then the variance and covariance parameters of the
observation noise are not required to be estimated within the model on acyclic directed graphs. Finally,

we aim on applying these models to high frequency financial data.
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A Examplesfor Correlation Matrix of Z

Here we give examples of possible structures of cor(Z) implied by tree structured models described in

Section 4.

Example 5. Figure 6 shows the correlation of the observed data vector Z arising from the following
tree-structured model: The finest scale is J = 3. The root has ny = 4 children. Each nodeon j = 1
has n;;, = 6 children, £ = 1,...,4 and each node on the second scale has also m, ;, = 6 children,
k=1,...,24. Thevariance of the univariate transition noiseis g = o3, = 1, E(W 411 W ;) = 0,
j=1,2,3,k=1,...,N;. Thevariance of the observation noiseis given by 72, = 1 with E(Q,Qn,) =
0,m,l=1,...,144, m # .

Example6. Figure 7 showsthe correlation of the observed data vector Z arising fromthetree-structured
model withfinest scale J = 3. Theroot hasny = 4 children. Each node onthethefirst scalehasn j, = 6
children, £ = 1,...,4 and each node on the second scale has also m ;, = 6 children, k = 1,...,24.

Forj=1,2,3andk = 1,..., N; we have chosen var(Wj ) := o, = 1 and

1 1 1 1 1
—039 5 -3 § 1 3
1 1 1 1 1
09— 6 w 6 1
, —0.13 1 _1 1 _1 1
. — : 14 12 10 8 6
EW kWi = 009 L 1 1 1 1
° 16 14 12 10 8
1 1 1 1 1
—0.08 g -1 T "1z 10
031  —0.08 0.0 —0.13 0.19 —0.39

Furthermore, var(Qy,) = 72, = 1and Qi1 = 0.5Qu + Up,m = 1,...,144.

B Kalman Fixed Point Smoothing for Linear State Space Models with
White System and Coloured Observation Noise

Considering the model defined by (26), (28) and (29) we can modify the algorithm and the derivation
given in Durbin and Koopman (2001) for linear state space models with white system and white obser-
vation noise, using Lemma 2.13 in Durbin and Koopman (2001) where it is assumed that X, Z, 6 are

jointly distributed random vectors of arbitrary order with E(6) = 0 and E(Z#) = 0. Defining

XZG =X - L(X|Z,0),

Xz:=X - L(X|2)

then their Lemma 2.13 states that the following equations hold:

L(X|Z,0) = L(X|Z) + E(X,0)var(6) 0,
(71) .

var(X z¢) = var(X z) — E(X,0)var(0) ' E(0, X).
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Figure 6: Cor(Z) of Example 5
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Figure 7: Cor(Z) of Example 6

For N € N fixed and with Z" := (Z,,..., Z")" we can use Equation (71) together with (30) and (35)

to getfork =1,

.,N

N
(72) Xy = L(X|ZV) = L(X4| 2", 011, ...,08) = X+ > E(X10) A0,

I=k+1
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Note that £(60y) = 0 for k = 2,..., N. Further we compute using (34)
- E(X:0) = E[Xk(fl_lfclm +CiT_i€ 1 +7)']
= E(chXl—ul—l)HLr
Forl=k+1,...,N E(XkX';_”l_l) can be obtained recursively, starting with [ = £ + 1:

B[X (X — Xppp)] = B(X X)) — BX(B(X:2")2 1 Z")]

(74) = var(X;) — B(X;Z¥)2 L B(Z" X)) = Sy
Using Equation (74) together with (26), (39) and (34) we get

E[X p(X pi1411)'] = BIX p(Ap X +Tiéy — ApX gy — Gry10511)']
= E[X p(Ap Xy — Grga[He X s, + Cror Ty + vi41))']
~ | — ~ |
= E(XkaUc)A;c — B(Xp X ) H, Gl

= E(XkX;dk)(Ak — Gy Hy)',
since B(X;€),) = 0and E(Xv},,) = 0. With (38) we can write
E[Xk()zk+l\k+l)l] = E(XkX;dk)F;ﬁ-&-l = 2k|kF;c+17
75) BIX (X piak42)] = ZpFly1 Frpo,
E[X (X yn_1n-1)] = SppFhyy - Fy_y.

For the computation of the smoothed state space vector X kv We will now substitute (74) and (75) into

(72), using (42):
(76) Xy = Xk + SppRe

For computation of the mean squared error matrices f)k| ~ We proceed in a similar way. The starting
point is again Equation (72). Since the innovations are serially orthogonal we get using (71)

N
(77) Sin =Zip— Y B(Xk0)A] E(0,X}).
I=k+1

Using (74), (75) and (41) Equation (77) can be written as
(78) Sy = Skk — S PrSeg

C Disturbance Smoother for Linear State Space Models with Coloured
Observation Noise

The so called disturbance smoother (Durbin and Koopman (2001)) computes 4,y := L(v.|2Z") and

ékw = L(&,]Z"). We follow their approach for linear state space models with white system and
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coloured observation noise and modify it where needed. At first we need a recursive representation for
the state estimation errors. Using Equations (39) and (34) for the innovations gives:
Xprppr = Xpr1 — Xppaper
= ApXp +Tpéy — A X g — Gry10p11
= Ap Xy + Tiéy — Grn Hi Xy — Gri1CriaTrly, — Gror Vi
(79) = Fr X + Tk — Grs1Cri1)€r — Gt Vst

where F';, was defined in (38). With (71) we have
N

Ay = Ly ZY) = L(vg| 257, 0k, ..., 0x) = L, | Z*71) + ) E(v,0) A, 16,
1=k

Since v, L Z¥"'and E(v,) = 0 we have L(v,|Z* ') = 0. Thus

N

(80) Ye|N = ZE('YkO;)A;lel-
I=k

Using Equation (34) we yield

E(v40}) = Elvp(Hy 1 Xy 151+ Culi1&,y +11)']-
Since X ,_y;_; is a linear function of Z*~ and X_, it follows that E('YkX;f—l\k—l) = 0. With
E(v4€}) = 0 we get

(81) E(7,,0},) = var(vy).
Noting that £/(+,;) = 0 holds we getfori =k +1,..., N:
(82) E(v,0) = Elyp(Hi 1 X 11+ CiT 1&g +v)] = E(’Yk)z;quq) -1
Here we have used Equation (33). The recursion for the state estimation errors (79) yields
Xpp=FpXp s 1+ (Tho1 — GuCr)€_y — Gy

Since X ;_jj4_1 L vz and &, | L v, we get
(83) E(0is1) = BOuX ) Hy, = Elvp(~Gieyy) 1H), = —var () G}, Hj.
Further lags are now computed recursively:

E(7k0;c+2) = E('YkX;c-s-l\kH)H;cH = E(7kX.;€‘k)F;C+1H;C+1

= _UW(’Yk)G;g ;H—IH;H—D

~/ ~ 1/
E(7k0;c+3) = E(7ka+2\k+2)H;c+2 = E(7ka+1\k+l)F;c+2H;c+2

o ! 1 /
= —UGT(’Yk)Gk k+1Fk+2Hk+27

~ 1 ~_/
E('ka’N) = E('YkXNfl\Nfl)Hlel = E('YkXNfZ\NfQ) INAHINA
= —var(V;)GFpyy .. Fy Hy_y.
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Substitution into (80) yields
Yin = var(vg) Ay 10 — var(v,) Gy (Hp AL Ok + Froy [ Hi AL L0k 0+ ..
Using (42) we can write

(84) Apn = var(v,) Ay 0y — var(v,,) Gy Ry = var(v,) (A, 0 — G Ry,)

Similarly it follows for £, y that

N
Exn = L& ZY) = L(&12"%,0ps1.....0n8) = L& ZF) + D E(£,0)A;'0,
l=k+1
N
(85) = > E(&0)A 6,
l=k+1

since &, 1 Z" and E(¢,) = 0fork = 1,..., N — 1, which is a consequence of the assumptions (28).

Using Equation (34) we can write

E(£40)11) = Bl&,(H Xy, + Crii Ty + 1)1
X, is a linear function of X, and Z* and thus E(¢, X)) = 0. Since E(£;y]) = 0 for k =
1,...,.N—=1,1=2,...,N this gives
(86) E(£,011) = E[€,(Cri1T1&;)'] = var (€,)T;Cl 1.
(34) yields
E(€40)15) = Bl&,(Hp1 X g1k + CryoTri1€rsr + Y1)
Since &, L &, for k # [ and using (79) this leads to
E(£40)12) = E[&(Hp1 Xy 151)'] = El€p(Frr Xy + (T — Gry1Cri1)€r)']

= var(€;)(Tx — Grs1Cry1) Hipy .
Proceeding recursively we get

E(£40)13) = E[&(H 2 Xy o10)] = Bl (FryoX 1) 1 Hpo

= var (&) Tk — Gpy1Cht1) Fi o H .

(87)

(88)
E(EkelN) = E[Sk(HN—lXNfl\Nfl)l] = E[gk(FN—IXmeNf?)I]Hlel

=var(€;)(Tk — Gr11Cri1) Flopo ... Fiy | Hy .
Substitution into (85) yields

~ o 1 ~! —1
v = var(§p)TLCL 1 A0k
+var(€)(Th—Gri1Crat) (Hyy A L0sot Fl  HYy AL 00+ Fly o Fly_ Hly_ A0y ).

Using Equation (42) we get

(89) £k|N = Uar(gk)r;cé;c-i—lA];jqek—l—l + var (&) (T — Gr+1Ckt1) Ryt

39



D Smoothed Disturbance Variance Matricesfor Linear State Space M od-
elswith Coloured Observation Noise

Defining
Yk|N =Yk — Yy and £k|N =& — £k|N7

we want to derive an algorithm for recursive computation of var (%, ) and var(ékw) for £ > 1.
These are also needed for maximum likelihood parameter estimation. For the derivation of this al-
gorithm we can again follow Durbin and Koopman (2001), where the derivation for a linear state
space model with white system is shown. Using (2) we consider at first var (1) = var(y;) —
E(v,2% V)var(Z2¥ )T E(ZY 'y)), where Fy, ) i= ), — L(v,|Z* ) for k = 2,...,N. Since
v, L Z* it follows that var (), ;) = var (). Thus Equation (71) yields

N

(90) var(Jy ) = var(yy) — > B(vp0) A7 E(0v})
1=k

By (81)-(84) we get

var(Fyn) = var(yy) — (var(y,) Ay toar ()
—var(v;) Gy [Hy A HiGroar(vy) + F Hy AL H o Fry Groar () +
+Fpyy .. . Fly_Hy_ AV HN_1Fy_1...Fr1Grvar(y;)])
= var(vy) — var(v,) Ay lvar(v) + var () G, [chAk+1
+ FZHH;cHA/;kaHFkH +...+Fi .. . Fy_ Hy Ay Hy 1Fy_i...Fj ]

Grvar(yy).

Using (41) we can write

var(Fyn) = var(yy) — var(yp) Ay tvar(vy) + var(v,,) G, PyGroar ()
(91) = var(yy) —var(y,) (A, = GLPyGy)var ().

We derive fuar(ékw) analogously, starting by using again (71), recalling that & L Z* and thus var(ék‘k) =
var(€,):

n

(92) var(€yy) = var(€,) — Z E(£,0)A, 'E(0,€},).

I=k+1

Substitution of (86)-(88) into (92) yields

UW(Ek\N) = var (&) — Uar(ﬁk)rké;cﬂA;;ilc_'kﬂrkva?"(ﬁk) —var (&) (T — Gr1Crir)"
. ( ;g-‘,-lA];_A'l_ZHk-‘rl + F;C+QH;€+2A];_|1_3H]€+2F]€+2 + ...

+ F;C+2 e IN_lHIN_lA;VlHN_lFN_l e Fk+2) (Fk — GkHC_’kH)var(ﬁk).
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Using Definition (41) we get

Uar(ék\N) = var (&) — Ua‘r(gk)I‘;cc_’;f—&-lA];ilC_’k-l-lrkvar(ék)

—var(&)(Tk — Gr+1Ck41) Pr1 (Th — Gr1Crpr)var(€y).

(93)
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