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a b s t r a c t

We showcase the derivation of the optimal (minimum error variance) estimator, when one part of the
stochastic LTI system outputs is not measured but is able to be predicted from the measured system
outputs.

© 2023 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).

1. Introduction

In system identification it is often assumed that the joint pro-
cess (y,w) has a realisation by an autonomous stochastic linear
time invariant state space system (LTI-ss) driven by white noise.
It is then natural to ask the question how to construct a minimal
stochastic LTI-ss realisation of y with input w, from an LTI-ss
realisation of the joint process (y,w), instead of computing a re-
alisation of y using oblique projections as described in Katayama
(2005) and Lindquist and Picci (2015).

This paper presents an explicit construction of a minimal
stochastic LTI-ss representation of y in innovation form with an
exogenous input w from an autonomous stochastic LTI-ss repre-
sentation of the joint process (y,w). The construction assumes
that (y,w) is a stationary, zero-mean, jointly Gaussian stochastic
process, and there is no feedback from y to w. It uses the re-
sult of Jozsa, Petreczky, and Camlibel (2018) stating that there
exists a minimal LTI-ss realisation of (y,w) with matrices which
admit an upper-triangular form. This allows us to separate out
part of the innovation noise of (y,w), which purely drives w,
thus allowing us to formulate this construction. Note that LTI-ss
representation of y in innovation form with input w can naturally
be identified with the best (smallest variance) linear estimator
of y(t) given past (s < t) and present (s = t) measurements

✩ The material in this paper was not presented at any conference. This paper
was recommended for publication in revised form by Associate Editor Sandip
Roy under the direction of Editor André L. Tits.
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of w(s) (Katayama, 2005; Lindquist & Picci, 2015). In turn, the
problem of finding such a predictor can also be thought of as
trying to estimate non-measurable quantities of a system from
measurable quantities.

Our motivation for developing an explicit construction of an
LTI-ss realisation of y with input w from a LTI-ss realisation
of (y,w) was that this construction is useful for constructing
parametrisations of LTI-ss predictors of y which are driven by
w. Such parametrisations are then useful for formulating system
identification algorithms and for developing PAC-Bayesian type
error bounds (Alquier, Ridgway, & Chopin, 2016) for LTI-ss sys-
tems (Eringis, Leth, Tan, Wisniewski, Esfahan et al., 2021; Eringis,
Leth, Tan, Wisniewski, & Petreczky, 2022). In particular, the con-
struction of the paper leads to alternative system identification
algorithms.

As it was pointed out above, stochastic realisation theory with
inputs is a mature topic with several publications, see the mono-
graphs (Caines, 1988; Katayama, 2005; Lindquist & Picci, 2015)
and the references therein. However, we have not found in the
literature an explicit procedure for constructing a stochastic LTI-
ss realisation in innovation form of y with input w from the joint
stochastic LTI-ss realisation of (y,w). The current note is intended
to fill this gap. In frequency domain one can use causal real
rational transfer function matrices to describe processes y and
w, and analysing these processes with feedback free assumption,
yields a straightforward construction of estimator of y given w,
see Caines and Chan (1975) and Gevers and Anderson (1982). In
this paper we study this problem in time domain, using LTI-ss
representations. Note that the problem considered in this paper
is superficially similar to that of Wiener-filtering (van Schuppen,
2021). However, the details of the Wiener-filtering problem are
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0005-1098/© 2023 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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different, and the existing results do not seem to be directly ap-
plicable to problem studied in the paper. An extended version of
this paper is available in the report (Eringis, Leth, Tan, Wisniewski
and Petreczky, 2021).

This paper is organised as follows. We start by defining the
notation and terminology used in this paper. In Section 2 we
state the main assumptions of the paper. In Section 3 we present
the main result of the paper, in Section 4 we present its proof.
Finally, in Section 5 we discuss potential applications and present
a number of examples.

Notation and terminology Let F denote a σ -algebra on the set
Ω and P be a probability measure on F. Unless otherwise stated
all probabilistic considerations will be with respect to the prob-
ability space (Ω, F, P). In this paragraph let E denote some eu-
clidean space. We associate with E the topology generated by the
2-norm ∥ · ∥2, and the Borel σ -algebra generated by the open
sets of E. The closure of a set M is denoted clM . For S ⊆ N
and stochastic variables y, z1, z2, . . . with values in R we denote
by E(y | {zi}i∈S) the conditional expectation of y with respect to
the σ -algebra σ ({zi}) generated by the family {zi}i∈S . Recall that
E(zx) define an inner product in L2(Ω, F, P) and that E(y | {zi}i∈S)
can be interpreted as the orthogonal projection onto the closed
subspace L2(Ω, σ ({zi}i∈S), P) which also can be identified with
the closure of the subspace generated by {zi}i∈S . Moreover, for a
closed subspace H of L2(Ω, F, P) and a stochastic variable y with
values in E and E(∥y∥2

2) < ∞, we let E(y | H) denote the dim(E)-
dimensional vector with ith coordinate equal to E(yi | H) with yi
denoting the ith coordinate of y.

There are two closed subspaces of particular importance. Fol-
lowing Lindquist and Picci (2015), for a discrete time stochastic
process z(t) with values in E and E(∥z(t)∥2

2) < ∞, we write H−

t (z)
for the closure of the linear subspace in L2(Ω, F, P) generated by
the coordinate functions zi(s) of z(s) for all s < t . We let H+

t (z)
denote the closure of the linear subspace in L2(Ω, F, P) generated
by coordinate functions zi(s) of z(s) for all s ≥ t , and H(z) denote
the closure of the linear subspace in L2(Ω, F, P) generated by
coordinate functions zi(s), s ∈ Z.

Let A, B and C be closed subspaces of L2(Ω, F, P). We then
define A ∨ B = cl{a + b | a ∈ A, b ∈ B}, and say that A and
B are orthogonal given C , denoted A ⊥ B | C , if E

((
a − E(a |

C)
)(
b − E(b | C)

))
= 0, for all a ∈ A and b ∈ B. We use the

following notation, Y = Rp, W = Rq.

2. Assumptions

Suppose we want to construct an estimator of the stochastic
process y(t) : Ω → Y given a sequence of measurements as
inputs obtained from the stochastic process w(t) : Ω → W .
In order to narrow down and formally describe the estimation
problem, we assume that the processes y(t) and w(t) can be
represented as outputs of an LTI system in forward innovation
form:

Assumption 1. The processes y(t) and w(t) can be generated by
a stochastic discrete-time minimal LTI system of the form

x(t + 1) = Agx(t) + Kgeg (t) (1a)[
y(t)
w(t)

]
= Cgx(t) + eg (t), Q = E[eTg (t)eg (t)] (1b)

where Ag ∈ Rn×n, Kg ∈ Rn×m, Cg = [CT
y , CT

w]
T

∈ R(p+q)×n

for n ≥ 0, m, p > 0 and x ∈ Rn, y ∈ Rp, w ∈ Rq

and eg are stationary, square-integrable, zero-mean, and jointly
Gaussian stochastic processes. The processes x and eg are called
state and noise process, respectively. Furthermore, we require

that Ag is stable (all its eigenvalues are inside the open unit
circle) the stationary Gaussian process eg (t) is white noise and
uncorrelated with x(t − k). We identify the system (1) with the
tuple (Ag , Kg , Cg , I, eg ); note that the state process x is uniquely
defined by the infinite sum x(t) =

∑
∞

k=1 A
k−1
g Kgeg (t − k).

Before we can continue we have to consider the relationship
between y and w. For technical reasons we cannot have feedback
from y to w, as w would then be determined by a dynamical
relation involving the past of the process y. As such we have
Assumption 2

Assumption 2. There is no feedback from y to w, following
definition 17.1.1. from Lindquist and Picci (2015), i.e., H−

t (y) ⊥

H+

t (w) | H−

t (w) holds. Furthermore, we assume that the spectral
density of w is a coercive (Lindquist & Picci, 2015, Definition
9.4.1).

The no feedback assumption is equivalent to weak feedback
free assumption (Caines, 1976) or Granger non-causality
(Granger, 1963).

3. Result

Under Assumption 2, from Jozsa et al. (2018) it follows that
there exists a similarity transformation T of (1) such that Āg =

TAgT−1, K̄g = TKg and C̄g = CgT−1 are upper block triangular,
specifically (1) can be represented as

x̄(t) =

[
A1,1 A1,2
0 A2,2

]
x̄(t) +

[
K1,1 K1,2
0 K2,2

][
e1(t)
e2(t)

]
(2a)[

y(t)
w(t)

]
=

[
C1,1 C1,2
0 C2,2

]
x̄(t) +

[
e1(t)
e2(t)

]
(2b)

where [eT1(t) eT2(t)]
T

= eg (t), and such that (A2,2, C2,2) is ob-
servable, and A22 − K22C22 is a stable (Schur-) matrix. Moreover,
Ai,j ∈ Rpi×pj , Ki,j ∈ Rpi×rj , Ci,j ∈ Rri×pj , with r1 = p and r2 = q.

Then y can be represented as the output of the following
stochastic LTI-ss driven by input w:

x̄(t + 1) = Ãx̄(t) + K̃w(t) + K̃ees(t)
y(t) = C̃ x̄(t) − D0w(t) + es(t)

(3)

where

Ã =

[
A1,1 A1,2 − (K1,2 + K1,1D0)C2,2

0 A2,2 − K2,2C2,2

]
,

K̃ =

[
K1,2 + K1,1D0

K2,2

]
, K̃e =

[
K1,1
0

]
C̃ =

[
C1,1 C1,2 − D0C2,2

]
, D0 = Q1,2Q−1

2,2 .

(4)

es(t) = y(t) − E[y(t)|H−

t (y) ∨ H−

t+1(w)]. (5)

with the covariance Q = E[eTg (t)eg (t)] partitioned according to
(2). Here es(t) is the innovation process of y with respect to w,
i.e., it is the difference between y and the best possible prediction
of y(t) based on past values of y and past and present values
of w. Under Assumption 2 from Lindquist and Picci (2015, Ch.
17, Proposition 17.1.3) it follows that

es(t) = ys(t) − E[ys(t)|H−

t (ys) ∨ H(w)]. (6a)

In particular, by using Lindquist and Picci (2015, Chapter 17,
(17.31)), it follows that the LTI-ss (4) in innovation form with
input w gives rise to the following optimal, in the least squared
sense, predictor of y based on {w(s)}s≤t :

x̂(t + 1) = Ãx̂(t) + K̃w(t) (7a)

ŷ(t) = C̃ x̂(t) − D0w(t) (7b)

where, ŷ(t) = E[y(t) | H−

t+1(w)], and x̂(t) = E[x̄(t) | H−

t+1(w)].

2
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4. Proof

Now consider a similarity transformation T of (1) such that
Āg = TAgT−1, K̄g = TKg and C̄g = CgT−1 are upper block
triangular, see (2). From Jozsa et al. (2018) it then follows that
(A2,2, K2,2, C2,2, e2) is a minimal LTI-ss representation of w in
innovation form. Hence e2(t) is the innovation process of w
i.e., e2(t) = w(t) − E[w(t) | H−

t (w)]. But from Lindquist
and Picci (2015, Proposition 2.4.2), Assumption 2 implies that
E[w(t)|H−

t (w) ∨ H−

t (y)] = E[w(t)|H−

t (w)], hence

e2(t) = w(t) − E[w(t) | H−

t (y) ∨ H−

t (w)]. (8)

Moreover, the transformed system (2) induces a relation between
the output y and input w. In detail, from (2b) we also have

e2(t) = w(t) − C2,2x̄2(t). (9)

Hence, substituting (9) in (2) yields the following realisation of y[
x̄1(t + 1)
x̄2(t + 1)

]
=

[
A1,1 A1,2 − K1,2C2,2

0 A2,2 − K2,2C2,2

][
x̄1(t)
x̄2(t)

]
(10a)

+

[
K1,2
K2,2

]
w(t) +

[
K1,1
0

]
e1(t) (10b)

y(t) =
[
C1,1 C1,2

] [
x̄1(t)
x̄2(t)

]
+ e1(t) (10c)

Note that e1(t) is the innovation process of y (with respect to
w), i.e.,

e1(t) = y(t) − E[y(t) | H−

t (y) ∨ H−

t (w)]. (11)

Firstly, we claim that

es(t) = e1(t) − E[y(t)|e2(t)] = e1(t) − D0e2(t) (12)

where1 D0 = (E[y(t)eT2(t)])
T (E[e2(t)eT2(t)])

−1 is the minimum
variance linear estimator of y(t) given e2(t), see Lindquist and
Picci (2015, Proposition 2.2.3.). In order to show (12), we first
demonstrate that

H−

t (y) ∨ H−

t+1(w) = (H−

t (y) ∨ H−

t (w)) ⊕ H(e2(t)) (13)

where H(e2(t)) = {αTe2(t) | α ∈ Rq
}, is the space spanned by

innovation process e2(t), considered only at the time t . But from
(8) it follows that the components of e2(t) belong to H−

t (y) ∨

H−

t+1(w). Hence,

(H−

t (y) ∨ H−

t (w)) ∨ H(e2(t)) = H−

t (y) ∨ H−

t+1(w).

Again from (8) it follows that e2(t) ⊥ (H−

t (w)∨ H−

t (y)), thus (13)
holds. The relation (12) now follows since

E[y(t) | H−

t (y) ∨ H−

t+1(w)]
= E[y(t) | H−

t (y) ∨ H−

t (w)] + E[y(t) | e2(t)]

= E[y(t) | H−

t (y) ∨ H−

t (w)] + D0e2(t), (14)

and therefore, using (11) we can see that

es(t) = e1(t) − D0e2(t)

Now from (12) and (9) we get

e1(t) = es(t) + D0w(t) − D0C2,2x̄2(t),

which can be applied to (10) to obtain the realisation of y de-
scribed in (3). Finally we are in a position to derive a formula

1 In order to numerically compute D0 , we can use (11) to substitute y, and
since e2 ⊥ H−

t (w) ∨ H−

t (y), we get E[E[y(t) | H−

t (y) ∨ H−

t (w)]eT2 ] = 0. Therefore
E[y(t)eT2 (t)] = E[e1(t)eT2 (t)]. Thus, one can compute D0 from the covariance of
innovation noise, i.e. D0 = Q1,2Q−1

2,2 .

for the minimum error variance estimate E[y(t) | H−

t+1(w)]. That
is, a formula for the orthogonal projection of y(t) given past and
present values of w. First define x̂g (t) = E[x̄(t) | H−

t+1(w)], then
from (3) we get

E[y(t) | H−

t+1(w)]

= C̃ x̂g (t) + D0w(t) + E[es(t)|H−

t+1(w)] (15)

= C̃ x̂g (t) + D0w(t) (16)

where (16) follows from (5). Now (3) can be used to derive a
dynamical expression for x̂g as follows

E[x̄(t + 1) | H−

t+2(w)]

= E
[
Ãx̄(t) + K̃w(t) + K̃ees(t)

⏐⏐⏐H−

t+2(w)
]

(17)

Clearly E[w(t)|H−

t+2(w)] = w(t). For the state projection in (17)
we have E[x̄(t)|H−

t+2(w)] = E[x̄(t)|H−

t+1(w)]. Indeed, the state vec-
tor x̄(t) can be expressed as an infinite sum

x̄(t) =

∞∑
i=1

C̃ Ãi−1K̃w(t − i) +

∞∑
i=1

C̃ Ãi−1K̃ees(t − i)

and hence for r = 1, 2

E[x̄(t)|H−

t+r (w)] =

∞∑
i=1

C̃ Ãi−1K̃E[w(t − i)|H−

t+r (w)]

+

∞∑
i=1

C̃ Ãi−1K̃eE[es(t − i)|H−

t+r (w)]

Note that E[w(t− i)|H−

t+r (w)] = w(t− i), r = 1, 2. Moreover, from
(6a) we observe that E[es(t − i)|H−

t+r (w)] = 0, i ≥ 1, r = 1, 2.
Hence,

E[x̄(t)|H−

t+1(w)] =

∞∑
i=1

C̃ Ãi−1K̃w(t − i)

= E[x̄(t)|H−

t+2(w)]

Finally we have obtained (4) the formula for the minimum predic-
tion error variance estimate of y(t) based on H−

t+1(w) (present and
past of process w) by using Lindquist and Picci (2015, (17.13a),
Chapter 17).

5. Potential applications and examples

As it was mentioned before, the contribution of the paper was
motivated by its role in computing parametrisations of LTI-ss pre-
dictors of y using w. In turn, these parametrisations can be useful
for developing system identification algorithms, or for applying
PAC-Bayesian methods to LTI-ss representations. In order to elab-
orate on these applications, we review the basic formulation of
the system identification problem.

Assume that the data used for system identification will be
a sample {y(t) = y(t)(ω), w(t) = w(t)(ω)}Nt=0, ω ∈ Ω of
(y,w). Consider a parameterised set of LTI systems {Σ(θ ) =

(Â(θ ), B̂(θ ), Ĉ(θ ), D̂(θ ),w)}θ∈Θ which serve as predictors, i.e.,
Σ(θ ) generates a prediction ŷθ (t) of output y(t) based on past
values of w as follows

x̂θ (t + 1) = Â(θ )x̂θ (t) + B̂(θ )w(t)

ŷθ (t) = Ĉ(θ )x̂θ (t) + D̂(θ )w(t)

Let us define the prediction error V (θ, y,w) = E[∥ŷθ (t) − y(t)∥2
2].

Informally, system identification algorithms aim at finding a
parameter value θ̂N so that the prediction error V (θ̂N ) is small
enough. Often we have a prior knowledge only on the class of
systems which generated (y,w), but not on the predictors. Hence,

3
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in order to choose a parametrisation of predictors, we need a
transformation from data generators to predictors.

This paper provides such a transformation. More precisely,
assume that we have a parameterised set of models {Σgen(θ ) =

(Ag (θ ), Kg (θ ), Cg (θ ), I, eg,θ )}θ∈Θ which could potentially generate
the signal (y,w) as outputs, i.e. there exists θ0 ∈ Θ , such that
Σgen(θ0) is a realisation of (y,w). We can then use the results
of this paper to transform each system Σgen(θ ) whose output is
(yθ ,wθ ) to an optimal predictor Σ(θ ) which generates the best
prediction ŷθ (t) of yθ (t) based on{wθ (s)}s<t for every t ∈ Z. In
particular, the predictor with the smallest prediction error is Σθ0 ,
i.e., it is the one which arises from the data generating system.

Moreover, if the dependence of the generators on the pa-
rameters is simple the resulting parameterised predictors will
also have a relatively simple dependence on parameters. To
illustrate this point, let us consider the following parametrisation
of generating systems in forward innovation form {Σgen(θ ) =

(Ag (θ ), Kg (θ ), Cg (θ ), I, eg,θ )}θ∈Θ , where Θ ⊆ R20, Q (θ ) =

E[eg,θ (t)eTg,θ (t)], and

Ag (θ ) =

⎡⎣a1(θ ) a3(θ ) θ5

a2(θ ) a4(θ ) θ6

a5(θ ) a6(θ ) a7(θ )

⎤⎦ ,

Kg (θ ) =

⎡⎣ θ7 θ9 θ11

θ8 θ10 θ12

k1(θ ) k2(θ ) k3(θ )

⎤⎦

Cg (θ ) =

[
θ13 + θ17 θ15 + θ17 θ17
θ14 + θ18 θ16 + θ18 θ18

c7 c7 c7

]
,Q (θ ) =

[ q1 q4 θ19
q2 q5 θ20
θ19 θ20 q9

]
where ai(θ ) = θi + θ5, i ∈ {1, 3}, ai(θ ) = θi + θ6, i ∈ {2, 4}
a5 = a7 − θ1 − θ2 − θ5 − θ6, a6 = a7 − θ3 − θ4 − θ5 − θ6,
a7 = a7 − θ5 − θ6, k1(θ ) = θ7 − θ8, k2(θ ) = θ9 − θ10, k3(θ ) =

k7 − θ11 − θ12, and a7, k7, c7, q9 are some constants. We assume
that y(t) takes values in R2 and w(t) in R. The construction of the
paper leads then to the following parametrisation of predictors
{Σ(θ ) = (Ã(θ ), K̃ (θ ), C̃(θ ),D0(θ ),w)}θ∈Θ , where

Ã(θ ) =

⎡⎢⎣θ1 θ3 θ5 − c7 θ11 −
c7 θ7 θ19

q9
−

c7 θ9 θ20
q9

θ2 θ4 θ6 − c7 θ12 −
c7 θ8 θ19

q9
−

c7 θ10 θ20
q9

0 0 a7 − c7 k7

⎤⎥⎦,

K̃ (θ ) =

⎡⎢⎣ θ11 +
θ7 θ19
q9

+
θ9 θ20
q9

θ12 +
θ8 θ19
q9

+
θ10 θ20

q9
k7

⎤⎥⎦,

C̃(θ ) =

[
θ13 θ15 θ17 −

c7 θ19
q9

θ14 θ16 θ18 −
c7 θ20
q9

]
, D0(θ ) =

[
θ19
q9
θ20
q9

]
The dependence of Σ(θ ) on θ is simple. If we use the existing
literature (Gevers & Anderson, 1982), then we have to compute
the transfer function Wθ (z) of the state-space representation
Σg (θ ), use it to compute a transfer function from w to y and then
transform the latter transfer function to a state-space representa-
tion. The entries of Wθ (z) are already polynomials of θ , degree of
which is at least 3. The subsequent transformations increase the
complexity of the dependence on the parameter θ even further.

PAC-Bayesian methods The relative simplicity of the arising
parametrisation of predictors is especially useful for applying
PAC-Bayesian bounds (Alquier, 2021; Eringis, Leth, Tan, Wisniewski,
Esfahan et al., 2021), i.e., probabilistic inequalities of the form

P
(
Ef∼ρ̂V (θ ) ≤ Eθ∼ρ̂VN (θ ) + ΨN (δ)

)
> 1 − δ

where ρ̂ is a probability density on the parameter set Θ which
depends on y and w, Eθ∼ρ̂ is the expectation operator wrt., ρ̂, and

VN (θ ) =
1
N

∑N
t=0 ∥ỹθ (t) − y(t)∥2 is the so called empirical loss.

The term ΨN (δ) is the subject of research efforts on PAC-Bayesian
bounds (Alquier, 2021; Eringis, Leth, Tan, Wisniewski, Esfahan
et al., 2021; Eringis et al., 2022), its precise form is quite involved.
Informally, ρ̂ is the posterior density on the parameter values,
which has been obtained from some prior density using the
observed data and a form of Bayesian inference, i.e., ρ̂ depends
on {y(t),w(t)}Nt=0 and it has been chosen so that the average
empirical loss Eθ∼ρ̂VN (θ ) is small enough. A system identifica-
tion algorithm then corresponds to sampling a random element
from ρ̂, or by taking the maximal likelihood argmaxθ∈Θ ρ̂(θ ),
see Alquier (2021) for a detailed discussion. PAC-Bayesian bounds
provide guarantees for the prediction error for the thus obtained
system identification algorithms.

The usefulness of PAC-Bayesian bounds depends on comput-
ing non-conservative estimates of the term ΨN (δ). The latter
involves computing averages with respect to various densities on
Θ of the matrices of the predictors (Alquier, 2021; Eringis, Leth,
Tan, Wisniewski, Esfahan et al., 2021). Hence, in order to com-
pute the estimates of ΨN (δ), the predictors should be functions
of the parameters which are easy to compute. As the example
above shows, the construction of this paper helps to obtain such
parametrisations. The construction of this paper was in fact used
to compute ΨN (δ) in Eringis et al. (2022).

System identification algorithm The transformation presented
in this paper leads to alternative identification algorithms.
Namely, one can use any of-the-shelf identification algorithm
for identifying an autonomous stochastic LTI system realising
(y,w) and then apply the transformation of the paper to the
identified model in order to obtain a predictor. The descrip-
tion above defines a class of system identification algorithms,
as every choice of the of-the-shelf identification algorithm re-
sults in a different predictor. We expect the consistency analysis
of such algorithms could be easier: while consistency of au-
tonomous stochastic LTI state-space representations is relatively
well-understood (Lindquist & Picci, 2015), the case of systems
with inputs is more involved (Chiuso & Picci, 2004; Katayama,
2005; Lindquist & Picci, 2015).

We evaluated the proposed system identification algorithm
numerically: we generated data using generating systems of di-
mension 10, with output y(t) taking values in R3 and w(t) taking
values in R2. Moreover, we considered two scenarios. In the
first scenario, both the generating system and the predictors
are complete black-boxes. In the second scenario, we know the
subsystem of the generating system which generates w. Hence,
in the parametrisation of the generators the subsystem which
generates w is known. For the sake of fairness, we constructed
the parametrisation of the predictors from that of the generators,
using the method of this paper. Numerical simulations reveal that
the system identification algorithm which uses the construction
of this paper performs similarly to the standard method, and it
may outperform the standard one when the system generating
w is known. The detailed description of the experiments can be
found in Eringis, Leth, Tan, Wisniewski, Petreczky (2021).

6. Conclusion

We have proposed an explicit transformation from a joint LTI-
ss representation of (y,w)T to a stochastic LTI-ss representation
of y in innovation form, driven by w. We also discussed the
potential applications of such a transformation to system iden-
tification. Note that the basic ingredients of the obtained results
were realisation theory and the notion of Granger-causality (weak
feedback free). Hence, the results could potentially be extended
to other system classes for which these ingredients exist, such as
bilinear systems (Jozsa, Petreczky, & Camlibel, 2020).
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