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Abstract

We give an algebraic characterization of observability for
a class of models obtained by coupling recurrent neural
networks with linear systems.

1 Introduction

In a recent series of papers [9, 2, 3, 4, 5, 1] some system
theoretic properties of recurrent neural networks have
been analyzed (see [6] for an introduction on neural com-
putation). Recurrent neural networks, that are used in
many applications such as speech processing and learn-
ing, have the mathematically appealing feature of pro-
viding a class of ’semilinear’ models for which one might
expect that the theory is easier and closer to the one of
linear systems than is the case of general nonlinear mod-
els. In particular, for such systems observability has been
shown to be equivalent to a simple algebraic condition on
the parameters of the network.

In this paper we address the problem of determin-
ing observability conditions for discrete-time systems ob-
tained by ”coupling” a recurrent neural network with a
linear system. More precisely, we deal with systems of
the form:

xl(t + 1) = 5(A11$1 (t) =+ Algl‘g(t) =+ Blu(t))
Ig(t + 1) = AQlIl(t) + AQQ.TQ(t) + Bgu(t) (1)
y(t) = CSC(t) = CllL'l(t) + ngg(t)

where z; € RF, 20 € R, w € R™, y € R? and
Ay, Aq9, Aoy, Agg, By, By, C1,Co are matrices of appro-
priate dimensions. Moreover, for v € ]Rk,

F(v) = (o(v1), ..., 0(vk))

where 0 : R — IR is some assigned nonlinear function.
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These models include interconnections between linear
systems and recurrent neural networks (for the definition
of interconnection of two systems see [8]). As observed
in [7] (Sec. 6.4, where the identification question was
addressed), in many applications it is natural to assume
that some components of the system evolve driven by
linear equations, while the rest of the system is nonlinear,
and modeled by recurrent neural networks. Unlike in [7],
we admit interaction between the linear and the nonlinear
components of the system.

Two states x,z € R" are said to be indistinguishable
(we write x ~ z) if, for every input sequence (u(t));>0, the
solutions of (1) corresponding to initial conditions x(0) =
x and z(0) = z give rise to the same output sequence
(y(t))e>0. When the output sequence is the same up to
time t = d we say that x,z are indistinguishable in d-
steps, and we write z ~% z. A system is said to be
observable if  ~ z implies x = z.

Our aim in this paper is to characterize observability of
systems of type (1) through simple algebraic conditions
on the matrices of the model. Similarly to [4], this will
be done under nonlinearity assumptions on the function
o and nodegenericity conditions on the matrix Bj.

In section 2 we give the precise assumptions on ¢ and
By, and state our main theorem (1), together with some
clarifying examples. Section 3 is devoted to the proof of
this result.

2 Statement of main result

The observability result we give in this paper will be
proved under the following assumptions on the function
o and the matrix Bj.

Definition 2.1 A function ¢ : IR — R is said to satisfy
the independence property (IP ) if for every [ > 0, any
nonzero real numbers by, bo, ..., b; such that b; # £b; for
1 # j, and any real numbers 8y, 32, ..., the functions



of R

13 O—(blg + 51) PR 0—(blé~ + ﬂl)
are linearly independent.

A criterion for showing that a function satisfies the
IP can be found in [5]. In particular, the main ex-
amples in neural networks, i.e. o(x) = tanh(z) and
o(x) = arctan(z), satisfy the IP . In the rest of the pa-
per we denote by S the class of those systems of type (1)
satisfying the following properties:

a) o satisfies the IP ;
b) By € By, where

Mi#0

_ kxm ) )
Bk,m—{MEIR : MZ#:EM]

Vi
Vi, j, i #J
(M? denotes the i-th row of M).
Let e, i = 1,...,k, denote the canonical basis ele-

ments in R®. A subspace V of R* will be called a coor-
dinate subspace if V=0 or V has the form

V = span {e@), ... eli)},
From now on V C R¥, W c R"* denote the mazimal
pair of subspaces satisfying the following properties:

P1. V is a coordinate subspace, V C ker Cy, A1,V C V;
P2. W C ker Cy, AW C W;

P3. AV C W;

P4. AW C V.

Notice that since if (V/, W) and (V”, W") satisfy P1-P4,
then so do (V' + V", W' + W"), such mazimal subspaces
(under the order ”C”) exist.

In what follows we let A; = [A11, A1p] € RF*™ and
As = [Ag1, Ago] € R ®*" " The main result of this
paper is the following theorem.

Theorem 1 Let z,z € R"™ denote two initial states for
a system X € S. Then x ~ z if and only if

x—z€kerC, Aj(x—2) eV, Ay(z—2) e W. (2)

In particular ¥ is observable if and only if
ker CN ATV NA;'W =0
(7-~17 denotes inverse image).

The observability condition in Theorem 1 becomes ef-
fective as soon as one has an algorithm to compute V and
W. Such an algorithm is given in next Section; it will be
the most convenient for proving the Theorem, but not
necessarily the fastest one.

In order to see Theorem 1 ”at work”, we consider some
special cases.

Example 2.2 Assume k = 0. Thus S is the class of the
(n,m, p)-linear systems. Here there is no V, and W is
the largest Aso-invariant subspace of ker Co. The observ-
ability conditions given by Theorem 1 is

ker Cy N A;;W =0
that can be easily shown to be equivalent to
W=0

which is the usual observability condition for linear sys-
tems.

Example 2.3 Assume k£ = n. Then § is the class of
recurrent neural networks studied in [4]. In this case there
is no W, and V is the largest A;i-invariant coordinate
subspace contained in ker C;. The observability condition
given by Theorem 1 is:

ker C; N A'V =0,
which was found in [4].

Example 2.4 Assume that C; has no zero columns.
Then there is no nonzero coordinate subspace contained
in kerCy; so V. = 0. Therefore W is the largest Aos-
invariant subspace contained in ker Cs and ker Aqs.

It follows that = ~ z if and only if x — 2z € ker C1; N
ker A1, and Asx, Asz are indistinguishable for the linear
systems (Agg, Cs), and (Agg, A12).

3 Proof of Theorem 1

For a given matrix D, we denote by Ip the set
Ip = {4]| the i -th column of D is zero }.
In particular, for a coordinate subspace
V = span {e(il), o, eli) 1

V C kerD if and only if all i € Ip. The following
technical fact describes the way the IP of ¢ will be used
in the rest of the proof.

Lemma 3.1 Assume that D € R?*, B, € Bim, ©
satisfies the IP . Then the following two properties are
equivalent for each pair of vectors &, n:

1. & =mnj; forall j & Ip,
2. Do(§ + Biu) = Do(n+ Byu) for all u € R™.

The proof of this lemma can be found in [4].

We now construct an increasing sequence of indexes
Jg, and a decreasing sequence of subspaces V; C R*,
Wy C ]R"_k7 for d > 1, where Vj is a coordinate subspace.

Let:
J1 = {17"'?k}\ICI;
Vi = span{eV)|j & Ji};
Wi = ker(Csy;



and, for d > 1, let:
Jd+1 = J1U{Z|E|] e Js s t. (All)ji 7&0}

U{i]34,30 <1< d—1 such that (CoAbyAsr)’* #0}
VU i35 € J, such that (ApAdy* ' An )i #0}

Va1 = span {e9) |j & Jap1}

Abyw € kerCy for 0<1<d, }

War1 = {w‘ AlgAgQ_SwGVS for 1<s<d

Since the sequence (Vy, Wy) is decreasing, than it be-
comes stationary after a finite number of steps. The
proof of Theorem 1 is an immediate consequence of the
following two facts. Recall that with (V, W) we denote
the maximal pair satisfying the conditions P1-P4 given
in the previous section.

Proposition 3.2 The following identities hold:

V =Na>1Va, W =Ng>1Wy.
Proposition 3.3 The following properties are equiva-
lent:

i) z~7z;

i) e —z€kerC; Ayx — A1z € Vyg; Asx — Asz € W

Proof of Proposition 3.2
Define:

Joo = Na>1da; Voo = Nax>1Va; Weo = Na>1Wy.

Thus V,, = span {eU)|j ¢ Jo}. By using the recursive
definition of Jg4, Vy, and W, and the fact that there exists
d such that Vy = V.o, Wy = W4, for d > d, the following
properties are easily seen:

{i|3j € Joo sothat (A;1)"#0}C Jw.  (3)

{i|34,31 >0 so that (CoALyAs)* 40} C Js. (4)

{i]|37 € Joo, 3 >0 so that (A12AbA91)7" #0} C Ju.
()

}. (6)

We now prove Voo C V and W, C W by showing that
Vo and W, satisfy properties P1-P4 in the definition on
Vv, W.

A122w € kerCy for [ >0,

C
W_{w‘ A12Al22w€VOO for [ >0

P1. The only thing which is not obvious is the Aji-
invariance of V. So let v € V. By (3), we have
v; = 0 if 3j € J such that (A11)?" # 0. Thus, for
J € Joo:
k; ..
(Allv)j = ZA{ZN% =0
i=1

and, therefore, A11v € V.

P2. Let w € W,,. We show that Asow € Wy for every

d > 1. The fact that Ab,(Axw) € ker Cy for 0 <1 <
d follows clearly by (6). Moreover, for 1 < s < d, it
follows from (6) that:

A12A32_S(A22’U)) S Voo - VS

P3. Let v € V. We have to show that Axjv € Wy for

all d > 1. Using the same argument used to get P1,
it is easy to see that from (4) we get:

CyAbyAyiv =0 VI1>0,
and from (5) we have:
App ALy Ay €V CV, Vs> 1.
This implies that Ax1v € Wy for all d, as desired.
P4. This is immediate by equation (6).

To complete the proof, we have to show that V' C Vg,
and W C W, for all d > 1. We do this by induction. For
d =1 this is clear.

Now let e() € V. We show that e € V1, ie. i ¢

Jat1-

e Suppose i is such that there exists j € J; with
(A11)7* # 0. Then we have
(Ane(i))j = (All)ji 75 0 = Alle(i) e Vy.

This is impossible since A1;V C V and, by inductive
assumption, V C Vj.

e Suppose 7 is such that there exist jand 0 <[ < d—1
with (CaAbyAz1)7t # 0. As before, this implies

CyAbyAg1e® #£0

that is impossible, since AV € W and W C
ker (CyAb,) for every [ > 0.

e Suppose i is such that there exist 0 < s < d—1 and
§ € Js with (A12A%° Ay1)7* # 0. This implies

Ag ALy Agre® ¢ V.

This is impossible since AgQ_SAmV CV,ApLWCW
and, by inductive assumption, V C V.

Thus we have shown that e e Viga.
Now let w € W. We show that w € Wyy;.

e The condition Ab,w € ker Cy for 0 < I < d follows
from W C ker Cy and AW C W.

e The condition AlgAggsw C Vi for 1 < s < d follows
from AgW C W, AW C V and the fact that, by
inductive assumption, V C V.



Proof of Proposition 3.3.

First introduce the following notation; for z € IR™ we let

=

We proceed by induction on d. For d = 1:

010'(14133‘ + Blu)
OQ(AQZ‘ + B2u)

Ul N Cx = Cz
Tz Czt(u) = CzM(u) Yu
r—z € kerC
=2 Cla(Alm + Blu) = Cla(Alz + Blu)
CQ(AQJJ + BQU) = CQ(AQZ + Bou).

By Lemma 3.1 this is equivalent to

r—z € kerC
(Alib)l = (Alz)l for ¢ € Icl
Asx — Asz € ker(Ch
r—2z € kerC
& Az —2) € W
Az(ﬂ? - Z) S Wl.

For the inductive step, observe that

Ty e 2t ()~ 2t (u) Yu and Co=Cz

r—z € kerC
- Czt(u) = CzM(u) Yu
Ajzt(u) — Azt (u) € Vg Yu
Asxt(u) — AzzT(u) € Wy Vu
r—2z € kerC
Az —2) € W
<~ Ay (l‘ — Z) e W,
Ajzt(u) — A1zt (u) € Vg Yu
Agzt(u) — Agzt(u) € Wy Yu.

Thus, it is enough to show that for all u

Ajxt(u) — A1zt (u) € Vg
Asz T (u) — Agzt(u) € Wy

Al(x — Z) S Vd+1
AQ(.%‘ — Z) € Wd+1

(7)
The Lh.s. of (7) means:

o Vje Jy
[An10(A1z + Biu) + A12(Aoz + Bou)|; =
[A110(A1z + Biu) + A1a(Az + Bgu)]j.

e VO<I<d—-1

Co ALy [As10(Arz 4 Biu) 4+ Ags(Asz + Bou)| =

= Co ALy [An10(ALz + Biu) + Ago(Asz + Bou)|.
eVjeJ,1<s<d—1

[A1249;° " [Ag10 (A2 + Byu) + Aga(Azx+ Bou)]]; =

= [A12 AL T Ag 0 (A 2+ Biu) + Agy (A2z+Bau)l];.

1]

2]

which is equivalent to, by lemma 3.1,

(A1z); = (A12); if there exists j € J with A% # 0;
Ara(Agx — Agz) € Vy;

(C2Aby Ag1 )7 # 0;

CoASS (A — Ag2) =0V0 <1 <d—1;

(A12); = (A12); 1fE| 1<s<d-1,and 3j € J; with
(A12A3;,° 1 Ag1 )7t #0;

A1p ALy S (Ao — Agz) €V V1< s<d—1.

These conditions are easily shown to be equivalent to:

Aj(x —2) € Vyr1,  As(x—2) € Wy
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