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§1. Introduction.

Let X=(X(n); nZ) be a d-dimensional weakly stationary time series on
a probability space (2, 8, P) with expectation vector 0 and covariance matrix

function R. Wiener and Masani ([16], [17], [3]) have developed a theory of
the linear prediction problem for the time series X. By the innovation method,
they have introduced an innovation process e,=(e.(n); n€Z) by

1.1) e.(n) = X(")—PMﬁ;‘(X)X(n) ’

where Pyr-1.x, stands for the projection operator on the past subspace M2:'(X)
of L¥*(Q, &, P) defined by

(1.2) M*;'(X) = the closed subspace generated by {X;();I<n—1,1<j7<d}.
We denote by V.eM(d; R) the prediction error matrix :
1.3) V., = E(e;(0)e.(0)).

The process X is said to be purely nondeterministic if and only if
NrezM?(X)=0 and to be of full rank if and only if the rank of the matrix
V. is d. It has been in [[16] characterized that X is purely nondeterministic
and of full rank if and only if it has a spectral density matrix function 4 such
that

(1.4) log (det(d)) € L¥(—=, )
and then proved that
1 ¢z
(1.5) detV, = exp [%S_zlog (det(A(ﬁ)))de] .
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Furthermore in [17] and they have derived a generating function which,
in the one-dimensional case, corresponds to the outer function of the spectral
density function: the main purpose of was to obtain certain algorithms
computing the generating function, the linear predictor and the prediction error
matrix in terms of the spectral density matrix function under the conditions
that X is purely nondeterministic and of full rank and the eigenvalues of the
spectral density matrix function are essentially bounded above and away from
zero; the latter condition has been weakened in [3]. For that purpose, they
have used the theorem of alternating projections due to von Neuman [14].
However, it seems that they have not succeeded in obtaining the computable
algorithm which is fit for the application to other science.

Differently from Wiener-Masani’s method in [16], and [3], we shall
apply the theory of KM,0-Langevin equations to the linear prediction problem
for the process X which is purely nondeterministic and of full rank and to
solve some unsettled problems in and [3]. We shall find that, in addition
to the forward innovation process e, and the forward prediction error matrix
V., the backward innovation process e_=(¢_(n); n=%) and the backward pre-
diction error matrix V_eM(d; R) will be indispensable to obtain certain com-
putable algorithm for the linear predictor which is fit for the application to
other science:

(1.6) e-(n) = X(n)—Py>_ 0y X(n);

n+1

1.7 V_=E(_(0)<c_(0).

By using the so-called innovation method, we have in [7] constructed the
theory of KM,0O-Langevin equations with finite delay drift term for the multi-
dimensional weakly stationary time series. Some relations which hold between
both the delay and fluctuation coefficients in KM,O-Langevin equations play
important roles in this theory. In the field of systems, control and information
engineerings, they have been known as LD-algorithm for the one-dimensional
case and LWWR-algorithm for the multi-dimensional case in the model fitting
of AR-Langevin equations with finite degree ([2], [1], [15], [18]). A funda-
mental feature of the theory of KM,0O-Langevin equations lies in a comprehen-
sion that such algorithms can be understood as a kind of fluctuation-dissipation
theorem ([7]). As the application of the theory of KM,0O-Langevin equations to
data analysis, we are going to develop a new project of the stationary, causal
and prediction analysis ([I1], [10], [13]).

Now we shall explain the contents of this paper. In §2 we shall recall and
rearrange a part of the Wiener-Masani’s theory in [[16]. The theory of KM,O-
Langevin equations will be introduced in §3 according to [7]. In particular,
we shall rearrange the KM,O-Langevin data associated with the process X
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which consists of the triplet of the forward and backward KM,0O-Langevin delay
functions, the forward and backward KM,O-Langevin partial correlation func-
tions, and the forward and backward KM,0O-Langevin fluctuation functions. By
taking certain scaling limit of the forward (resp. backward) KM,O-Langevin
equation, we shall in §4 derive a forward (resp. backward) AR(co)-Langevin
equation which governs the time evolution of the time series X. §5 treats the
global behaviour of the KM,0O-Langevin partial correlation (resp. delay) functions
by using the algorithms mentioned above. We shall in §6 obtain two kinds of
prediction formulae for the linear predictor in terms of the innovation process
e. and the process X, respectively. In the final §7, we shall give a concrete
representation theorem for the generating function in the Wiener-Masani’s theory
((17] and [3]) which, according to the nomenclature in the one-dimensional
time series, will be called in this paper an outer matrix function of the spectral
density matrix function 4 of the time series X.

This paper has been announced in [8]. The method used in this paper can
be effectively applied to the non-linear prediction problem for one-dimensional
strictly stationary time series in order to resolve the open problem in Masani
and Wiener ([4]) which will be appeared in the future ([12]). Furthermore in
[13] we shall develop the prediction analysis based upon non-linear causal
analysis in the part (Ill) of our new project.

§2. The Wiener-Masani’s theory.

Let X=(X(n); neZ) be a d-dimensional weakly stationary time series on
a probability space (2, 8, P) with expectation vector 0 and covariance matrix
function R:

2.1 EX(n) =0 (ne?);
2.2) EX(m)X(n)) = Rm—n) (m, neZ).

We introduce a notation which will be often used in this paper. For any
d-dimensional square-integrable stochastic process Y= ,(n), Yy(n), ---, Ya(n));
neZ) defined on the probability space (2, 8, P), we define, for any m, n, —
<n<m<oco, a real closed subspace M%(Y) of L¥Q, &, P) by

(2.3) M7 (Y) = the closed linear hull of {Y,(k); k€Z, n<k<m, 1<7<d}.

Furthermore PM'Z"(Y) denotes the projection operator on the closed subspace
M™(Y).

We shall recall and rearrange a part of the Wiener-Masani’s theory for the
linear prediction problem of the time series X ([16]). By the innovation method,
they have introduced an innovation process e.=(¢.(n); nEZ) by
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2.4) e+(n) = X(n)—Pyrtx,X(n)
and defined the prediction error matrix V,eM(d; R) by
(25) V.= E(5+(0)t5+(0)) .

It is easy to see that the time series e. is a white noise with covariance matrix
function V., that is, for any m, n€Z,

(2.6) E(e.(im)te.(n) =0nsV ..
The process X is said to be purely nondeterministic if and only if
2.7) NrezM2a(X) =0

and Wiener and Masani have proved

THEOREM 2.1 ([161). The condition (2.7) is equivalent to the following causal
condition:

2.8) M (X)=M'(e.) (neZ).

Furthermore, X is said to be of full rank if and only if the rank of the
matrix V., is d. Wiener and Masani have proved

THEOREM 2.2 ([16]). The time series X is purely nondeterministic and of
Sfull rank if and only if it has a spectral density matrix function 4 such that

2.9 log (det(d)) € L¥(—m=, 7).
Then the following formula holds:
1 (=
2.10) det V., = exp [-Q?S_ﬂlog (det(Aw)))do] .

We call the time series e, and the matrix V, the forward innovation pro-
cess and the forward prediction error matrix, respectively. For further study,
we need to introduce the backward innovation process e.=(¢_.(n); n€Z) and
the backward prediction error matrix V_ by

2.11) e-(n) = X(n)—PM‘;;’H(mX(n)
and
2.12) V_=E(_(0)_(0)).

Similarly for e,, the time series e_ is a white noise with covariance matrix
function V_:

2.13) E(e_(m)te_(n)) = 0pn, V- (m, n€Z).
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COROLLARY 2.1. We assume that the time series X is purely nondeterministic
and of full rank. Then the following hold :

(2.14) M7(X)=Ms5eE.) (n€Z);
2.15) det V. = exp [%g log (det(A(O)))dﬁ] .

PROOF. We consider the d-dimensional weakly stationary time series X_=
(X(—n); n=Z). When we use the notation that e.(X) (resp. &.(X.)) stands
for the backward (resp. forward) innovation process associated with the time
series X (resp. X_.), it can be seen that MH(X)=M-2%(X_) and e_(X)(n)=
e.(X_)(—n). Furthermore it follows that the spectral density matrix function
of X_ becomes *4(f) and det (4(8))=det(!4(#)). Therefore we can prove Corol-
lary 2.1 from Theorems and 2.2, Q.E.D.

§3. The theory of KM,0-Langevin equations.

We shall recall the theory of KM,O-Langevin equations from [7]. Let X=
(X(n); nZ) be the same time series as in §2. In this section, we treat the
case where the covariance function R has a spectral density matrix function 4
defined on [—=, 7):

@3.1) R(n) = S

e 0 A(0)d o (neZ).

Then we define, for each neN, two block Toeplitz matrices T3, The
M(nd; R) by

RO R - R(:(n—1)
52.) | RGED RO) - R((n—2)
RF(—1) REF(@—2) ~ RO
It is to be noted ([7]) that
(3.3 tR(n) = R(—n) (ne?),
3.4) T4 Tne GL(nd; R) (neN), and
(3.5) Tt=T71=R(®0).

According to the method of innovation, we introduce the d-dimensional
forward (resp. backward) KM,0-Langevin force v,=(.(n); n=N*) (resp. v.=
(w_(l); l=e—N%*)) as follows:

(3.6+) vo(n) = X(n)—Pyn-1cX(n)  (neN¥);
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(3.6.) v_() = X([)—Pyo

l+1

X (@) (le —=N%*),

where N*={0, 1, 2, ---}, —N*={0, —1, —2, -}, and M;}X)=M}X)={0}.

For each neN*, let V.(n) (resp. V_(n)) be the covariance matrix of v.(n)
(resp. v_-(—n)). We call the function V,(-) (resp. V_(-)) the forward (resp.
backward) KM,O-Langevin fluctuation function. The following causal relation
holds among X, v, and v_:

Causal relation ([7]).

3.7 v.(0) =v_(0) = X(0).

(3.8,) Ea(+m)ys(2n) = 3uaVo(n)  (m, neN¥).
3.9,) MHX)= M2(v,) (neN*) .,

3.90) ML (X)=M2,(v.) (ne IN¥) ,

Let the system {r.(n, &), v_(n, k), 6.(m), 6_(m), V.()), V_(); IeN*, m, neN,
1<k <n} of M(d; R) be the KM,O-Langevin data associated with the process
X. We know that X satisfies the forward (resp. backward) KM,0O-Langevin
equation (3.10,) (resp. (3.10.)):

KM,O-Langevin equations ([7]).
(.10  X(=m) = — 57.(1, DX(ED—8.MXO)+vu(n)  (EN),

We call the function 7.(-, *) (resp. 7-(-, *)) the forward (resp. backward)
KM,0-Langevin delay function associated with the process X. The function
0.(-) (resp. 0_(+)) is said to be the forward (resp. backward) KM,O-Langevin
partial correlation function associated with the process X.

REMARK 3.1. The forward KM,O-Langevin equation (3.10,) is a discrete
analogue to the (a, B, 7, 0)-Langevin equation derived by T. Miyoshi ([5], [6]).

Concerning the relation between the Toeplitz matrices and the KM,O-
Langevin fluctuation functions, we can use the KM,O-Langevin equations to
see that

3.11.) detT: = TTdetV.(k) (neN).
k=0

If follows from and (3.11.) that
(3.12) V.n), V.)€ GLd: R)  (n=N%).
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The fluctuation-dissipation theorem (FDT) we have stated in §1 is the fol-
lowing :

FDT ([2], [1], [15], [18], [7]). For any n, kEN, n>k,

3.13.) 7e(n, b) =7.(n—1, k—=1)+0.(n)zr(n—1, n—k—1);
(3.14.) Vi(n) = (I—0.(n)d=(m)V .(n—1);

(3.15) o0-(m)V . (n—-1)y=V_(n—1),(n);

(3.16) o0-(m)Vi(n) =V _(n)o.(n),

where we put
(3.17) v.(m, 0) =0,(m) and 7-(m, 0)=20_(m) (m=N).

FDT implies that both the KM,O-Langevin delay and fluctuation functions
can be recursively calculated from the KM,O-Langevin partial correlation func-
tions. On the other hand, the latter can be obtained from the correlation func-
tion R by the following formulae :

KM,0-Langevin partial correlation functions ([2], [1], [15], [18], [7]-
(3.18,)  0.(n) = —(R(+ n)+:§)ri(n~1, RR(+(+1)))V.(n—1)" (neN).

For any m, neN*, m=n, we define P,(m, n), P_(m, n) and e.(m, n), e_(m, n)
by

(3.19.) P.(m, n) = E[X(m)'v.(£n)]V o(n)1/*
and
(3.20,) e.(m, n) = E[(X(m)— Py X(m) (X(m)— Py, X(m))] ,

(3.20.) e_(m, n) = E[(X("‘771)“"PMgn(X)X('_m))t(X(_—m)—PMgn(X)X(—Wl))]-

We call the function P.(-, %) (resp. P-(-, %)) the forward (resp. backward) pre-
diction function and the function e.(-, %) (resp. e_(-, %)) the forward (resp. back-
ward) prediction error function. Then we know

Prediction formulae ([7]). (1) For any m, neN*, m=n,

(3.21.) PugcnX(m) = 3 P.(m, BV (k) o (8)

(3.21) Pyt ycoX(=m) = 33 P-(m, D)V (&) v (— ).
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(i) For any m, neN*, m>n,
(3.22.) PugcnX(m) = 33Qum, n; DX(R)

(3.22.) Pyt coX(=m) = 3 Q(m, n; BX(—F).

Herethe M (d; R)-valued prediction functions P.(-, ) and Q.(-, *; %) can be
determined by the following algorithms:

Prediction algorithms ([7]). (i) For any m, kREN*, m=p,
V.(k)'? if m=*k
(3.23*) Pi(my k) =
=205 (m, DP.(, k) if mzk+1.
(@) For any m, n, kReN*, m>n=k,
—7:(n+1, k) if m=n+1
20l e(m, DQ:U, ny R)—7(m, k) if m=n+2.

Finally the prediction error functions can be calculated by the following
formulae :

(.24 Qulm, n; k) z{

Prediction error formulae ([7]). (i) For any m, nN*, m>n,
(3.25.) eutm, )= 31 P.(m, R)'P.(m, B).

(i) In particular, for any neN*,
(3.26.) e.(n+1, n) = (U—-0.(n+1)0=(n+1) --- I—0.1)d-(1))R(0).

§4. AR(co)-Langevin equations.

In the sequel, we shall assume that the time series X is purely nondeter-
ministic and of full rank. Hence we remark from [Theorem 22 that X has
the spectral density matrix function 4 satisfying the regularity condition [2.9).

Let N be any fixed natural number. Using the unitary discrete group
(U(n); n=2Z) on the Hilbert space M=.(X) defined by

@.1) Un)X;m)) = X;m+n)  (m, n€Z, 1<j<d),

we define two d-dimensional weakly stationary processes e} =(¢f(n); ncs2)
and ey —(ey (n); n=Z) by

4.2,) e (n) =UnTN)y.(£N).
Then the forward (resp. backward) KM,0-Langevin equation (3.10,) (resp. (3.10.))
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can be transformed into the following generalized forward (resp. backward)
AR(N)-Langevin equation (4.3.,) (resp. (4¢.3.)):

4.3.) X(n) = — élTJr(N, N—R)X(n—Fk)+ek (n) (neZ);
4.3.) X(n) = —ér-(N, N—BXn+b)+es(m) (neZ).

ReEMARK 4.1. The AR-Langevin equations with finite degree can be charac-
terized in the framework of the generalized AR-Langevin equations ([10]).

According to the definition of the KM,0O-Langevin forces and (4.2.), we have
4.4 ey (n) = X(n)—Pyn-1,cX(n)  (n€Z);
4.4.) ex(n) = X(n)——PMgiivch(n) (neZ).
Hence, by noting and [2.11), we can let N—co in (4.4.) to obtain the fol-
lowing

THEOREM 4.1.

4.5.) liim.e§ (n) = e.(n) for any neZ .

N oo

Concerning the global behaviour of the KM,0-Langevin fluctuation functions,
we have

THEOREM 4.2.
(4.6.) ImV.(n)=V..

n—oo

PROOF. According to the definition of the forward KM,O-Langevin force,
it follows from the weak stationarity of the process X that, for any n=N,

Vin+1) = E[(X0)—Py-1_ x> XO0) (X0O0)—Py-t _ x,X0))].

-n-1 -n-1

Therefore, letting n—c in the above, we find from [2.4), [2.5), [2.11) and [2.12)
that (4.6.) holds. In the same way, we can prove (4.6.). Q.E.D.

By virtue of [Theorem 2.2, the matrices V. are non-singular and so we can
define two d-dimensional time series &.=(£.(n); n=Z) by

4.7.) E.(n) =V, (n).

It at once follows from (2.6) and [2.13) that two time series &. are standard
white noises:

4.8.) EE.(m)'6.(n) = 0nnl.
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Immediately from [2.8), and (4.7.), we have

THEOREM 4.3. There exist the following causal relations among X and &.:
4.9.) M2 (X)=M:(8,) (neZ);
4.9.) M3(X)=M3(§.) (neZ).

Moreover, by letting N—co in the generalized AR(N)-Langevin equations
4.3.), we find from Theorems and that

THEOREM 4.4. The time series X satisfies the following two kinds of

stochastic difference equations:

4.10,) X(n) = — Lim. SS7.(N, N- ) X(n—b)+VV%.(n)  (n€Z);

Noow k=1

4.10.) X(n) = — Lim. SS7_(N, N- )X (n+B)+VI%_(n) (n=Z).

Noow k=1

DEFINITION 4.1. We call equation (4.10,) (resp. (4.10.)) the forward (resp.
backward) AR(co)-Langevin equation associated with the time series X.

We remark that equations (4.10.) give the concrete representations for the
inclusion D in the causal relations (4.9.).

§5. The global behaviour of KM,0-Langevin partial correlation
(resp. delay) functions.

In order to obtain the concrete form of the limit of coefficients in AR(co)-
Langevin equations (4.10.), we shall study the global behaviour for both the
KM,0O-Langevin partial correlation functions and the KM,O-Langevin delay
functions.

LEMMA 5.1. :
limo.(n)=0.

Proor. We claim that '
6.1 the sequence (0.(n); n=N) is bounded.
By virtue of (3.14.) and in FDT,
(5.2.) Vin+1)—V.(n) = —0.(n+1)V.(m)'d.(n+1)
and so, for any x<R¢,

(V.(n+D)=V . (m)x, x) = V. (n)d,.(n+1x, *0.(n+1Dx):
= (Vi(0)0,(n+Dx, 9,.(n+1Dx).
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Hence, there exists a positive constant ¢ such that, for any neN,

[*0.(n+Dx| < cllxll,
which yields (5.1).
Let D.eM(d; R) be any limit point of the sequence (0.(n); n=N) along a
subsequence (n,; keN) converging to oo, Letting k—oo in (5.2,) along the
subsequence above, we find that :

D.V.D,=0

and so the non-singularity of the matrix V., implies that D,=0, which com-
pletes the forward part. The backward part can be proved in like manner.
Q.E.D.

LEMMA 5.2.

limy.(n, &)=0  for any fixed k&N .

L—00

PrROOF. We show only the forward part, because the backward part can
be similarly proved. We claim that there exists a positive constant ¢, such that

(5.3) lrs(n, n—R)|| < ¢, for any n=*%.

By multiplying ‘v.(n—m) (1<m=<k) in the forward KM,O-Langevin equation
(3.10,) from the right, we have o o

(5.4) EX(n)'v.(n—m))
= _12117*("’ n—DE[X(n—Dtv.(n—m)]—7.(n, n—m)V .(n—m).
Since if follows from (3.8.) and that, for any /[€2Z,
IEX O v (n—m)| < ROV (n—m)]| < RO,

we can apply this and [Theorem 4.2 to |(5.4) to observe that [0.3) can be proved
by mathematical induction.

Therefore, we can conclude from (3.13,) in FDT, and that
the forward part holds by mathematical induction. Q.E.D.

We are now in a position to state the main theorem for the global be-
haviour of the KM,0O-Langevin delay functipns 7:(e, %), 7_(+, %),

THEOREM 5.1. The limits 7.(k)=lim,..7:(n, n—Fk) exist for any ke N*
and they satisfy the following recursive relations: o

(k) = — {ELXO/(F B — 3 1. OBLX O (F (k=) V ..
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PROOF. We prove only the forward part. According to the definition of
the forward KM,0O-Langevin force, for any [, neN*, 0<I<k—1<n,
EX(n—Dv.(n—k) = E(XO)eh_(—Fk)).

Substituting these relations into with m=£k, we have, for any neN, n=k,
EX0)eh-o(—k) = — fgh(n, n—DE[X0)et-r((—R)]—7:(n,n—R)V .(n—R).

Therefore, we can apply [Theorem 4.1l to the equations above to observe that
the forward part holds by mathematical induction. Q.E.D.

§6. The prediction formulae.

We shall show that the d-dimensional white noises &, and &_ in
4.1 play the same role as those in the canonical representation theorem for one-
dimensional purely nondeterministic weakly stationary processes and give some
prediction formulae.

At first we shall study the global behaviour of the prediction functions
P i('y *).

THEOREM 6.1. (1) For any keN*, the limits P.(k)=lim,.. P.(n, n—k)
exist and they are represented in terms of the white noises:

(6.1.) P.(k) = E(X(0).(5 k).

(i) They satisfy the following estimates:
(6.2.) S P.(B)P.R) Z C.

with two positive definite matrices C,, C_.€GL(d; R).

(i) Moreover, they satisfy the following recursive relations:
P.O) =V, 2
(6.3.)
P.(k) = —34z§ r(k—DP.(0) (keN).

PRrROOF. Only the forward part is proved. By (3.19,) and (4.2,), for any
n, keN* n=k,

P.(n, n—k) = E[X0)’e{(—k)IV . (n—k)12,
which, combined with Theorems and [£.2, implies that (i) holds. Further-
more, if follows from (3.25,) that, for any n, keN*, n=k,

6.4) e.(n, n—Fk) = é P.(n, n—k+0)'Pu(n, n—k-+1).
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On the other hand, we can see from (3.20.) that there exists a positive
definite matrix C,eGL(d; R) satisfying
(6.5) e.(n,n—k)Z C, .

Therefore, by virtue of (i), we can let n—oo in to observe that (ii) holds
from ((6.5).
Finally it follows from (3.23.) that, for any n, kN,

{ P.(n, n) =V.(m)'"
P.(n, n—k)= =254 7:(n, n—k+0)P.(n—k+1, n—k).

Therefore, letting n—o in the equations above, we find that (iii) follows from
(i), Theorems and B.1I. Q.E.D.

REMARK 6.1. The recursive relations in [Theorem 5.1, together with (6.1.),
are the same as the relations (6.3.) in [Theorem 6.1

Concerning the concrete representations for the inclusion < in (4.9.), we
shall show

THEOREM 6.2. The time series X can be represented in terms of the standard
white noises &.:

(6.6.) Xm) = 33 Pn—RR.(b)  (n€Z);
6.6.) X(m)= RP-(k—mE-(B)  (neZ).

PROOF. Note that each component of the right-hand sides of (6.6.) con-
verges in the space L%, 8, P) by (ii) in [Theorem 6.1. For any fixed n<Z,
put

Y = X(n)-k:nujmﬂ(n— RYE.(B).

It follows from (4.9,) that YeM?2.(&,). On the other hand, we see from (4.9.)
and (6.1.) that, for any meZ, m<n,

EY*.(m)) = E(X(0)*§.(m—n))—P,(n—m) =0
and so Y =0, giving (6.6,). In the same way, (6.6_) can be proved. Q.E.D.

By virtue of Theorems and (6.2, the predictor based upon the past (resp.
the future) can be concretely represented in terms of white noises &, and &._.
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- THEOREM 6.3.

6.7.) PyrcoX(m)= 3 Pn—0E())  (neN).
(6.7-) PuzcoX(=m) = [ P-(k+mE-(h)  (neN).

On the other hand, we shall obtain another formulae of the predictors in
terms of the time series X itself.

THEOREM 6.4,

N

(6.8.) Pyo_cxyX(n) = Ig-m. 2 Q.(N+n, Ny N=k)X(—k) (neN).

k=0
68)  PyzcoX(—m) = Lim. T Q.(N+n, N; N-kX() (neN).
PRrOOF. We prove only (6.8,), because (6.8.) can be proved in a similar

way. According to the prediction formula (3.22,) with m=N-+n and n=N, for
any N, n= N, we have

N
Pyy o, X(n+N) = 2 Q:(n+N, N; R)X (k).
By operating the shift operator U(—N) to the equation above,
N
PMEN(X)X(n"f‘N) = §0Q+(7’1+N, N; N—=R)X(—Fk).

Hence, letting N—co in this equation, we obtain (6.8,). Q.E.D.

In order to obtain the concrete form of the limit of coefficients in the pre-
diction formulae (6.8.), we shall study the global behaviour of the prediction
functions @Q.(-, *; %).

THEOREM 6.5. The limits Q.(n, k)=limy.. Q.(n+N, N; N—k) exist for
any nEN, k=N* and they satisfy the following recursive relations:

6.9, { Q.(1, k) = —7.(k+1)
‘ Q.(n, B) = D 1:(n—DQ.(U, B)—7-(n+k)  (n=2).
ProoFr. By (3.24,),
Q:(1+N, N; N—Fk) = —r.(N+1, N—k).

Hence, it follows from that (6.9.) holds for n=1. When n=2,
furthermore, by using (3.24,) again,

Q.(n+N,N: N—k) = :glrt(n+N,l+N)Qi(N+l, N: N—B)—7.(n+N, N—k).
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Therefore, by virtue of [Theorem 5.1, we can let N—co in the above to observe
that the limits Q.(n, k)=limy... Q.(n+N, N; N—F) exist and they satisfy (6.9.),
by mathematical induction. Q. E.D.

§7. Outer matrix functions for the process X.

We determine two M (d; R)-valued functions E,, E_ defined on Z by
(7.1.) E.(n) = V21l 1, (£ n)P.(+n)
and then denote by H., H_ their Fourier inverse transform :
(7.2.) H.=E..

Immediately from [Theorem 6.2, we have

7.3.) X()=—s=Ext.tn)  (neZ);
ver

(7.3.) X(n)z—,—é———— #E.(n)  (nEZ).
Vol

It can be seen from (7.3.) that
(7.4,) A6) = H.(O)H.(0)* a.e. 0s[—=x, 7m);
(74.) 40)= H_(0)H_(0)* a.e. 9[—n=n, wn).

In particular, it is to be noted from [2.9)] and (7.4.) that H.(f) belong to
GL(d; R) for almost all #<[—=, 7). The function H, is named by the gener-
ating function in [16], and [3]. By taking account of (4.9.), (7.3.) and
(7.4.), according to the nomenclature in the one-dimensional case, we shall
give the following

DEFINITION 7.1. We call the matrix function H, (resp. H_) the forward
(resp. backward) outer matrix function of the spectral density matrix function
4 or the process X.

The aim of this section is to obtain a concrete representation for the outer
matrix functions H,, H.. Let (E@); 8=[—=, n)) be the resolution of the
identity associated with the unitary discrete group (U(n); n=Z) acting on the
Hilbert space M=.(X):

(7.5) X(n) = S:e‘i”“’dE(ﬁ)X(O).

It’is to be noted that the spectral density matrix function 4 can be represented
as
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(7.6) 4(0)d0 = d(E(6)X(0), X(0)).

LeMMA 7.1.
E.(m) = = S e H (0 E@XO)  (neZ).

PRrROOF. By [Theorem 4.3, we can find two M(d; C)-valued functions F.=
(F7)isj r<a defined on [—=, ) satisfying

(7.72) Fie LX[—nr, n), 4::(0)d0) (<7, k<d);
7.8 £.0 =\ FOWEOXO).
However, since it follows from [2.4), and (4.7.) that
(7.9:) Un)é.(0) = &.(n) for any neZ,
we can see that
(7.10.) e.n=\" cROUEOXO)  ne2).
By substituting (7.10.) into (7.3.), we have
X(n) = vz | e EOF0)dE@X©)  for any neZ.

Therefore, by virtue of the uniqueness of Fourier transform, it follows from

(7.2:) and that

F.= «/2 HZ,

which, together with (7.10.), completes the proof of Lemma 7.1. Q.E.D.

For each neN, two M (d ; R)-valued functions F, F; are definedon [—, 7) :
n-1 .
(7.11.) F3(0) = I+ 2 7=, n—{)e*’ .
We are now in a position to prove the main theorem of this section.

THEOREM 7.1. () The following limits exist in L¥—rx, w):

Lim. P3fhs = Ve

(i) There exists a subsequence (n,)s-, converging to oo such that

Np—1

H.(0) = 27V .(co)~1/2 11m Z (I+7.(ny, np—0De*% a.e. 0c[—=, 7).
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PRrROOF. (ii) immediately follows from (i). Put
n-1
Y(n) = XO0)+ E}Ih(n, n—DX(—=0)—V .(e0)'?£,(0).

According to [Theorem 4.4,
(7.12) lim E (n)!Y(n)) =0.

On the other hand, by virtue of [Lemma 7.1|, it follows from the spectral repre-
sentation [(7.5) and (7.11.) that

g + 1 1/2 ~1
vy =" {Fs0— 5=V (.0} E@XO.

Hence, we find from (7.4,) that
EY (n)'Y (n))

={ . {ruo- vz +<°°)1/2H*(0)_1}A(0){F;(0)_:/ézﬂV+(°°)"2H+(0)‘1}*d0

=" {Faorm.0)- \/2 V(e PO H.0) 7;__; Vol an.

Therefore, combining this with [(7.12), we have the forward part of (i). The
backward part can be similarly proved. Q.E.D.
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