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Abstract

We consider the problem of learning the input—output relation of a dynamical system from noisy data. Our method rests on
the use of a smooth simultaneous estimator which generalizes the standard empirical estimator. In a stationary environment,
our algorithm is shown to select a model which exhibits the Probably Approximately Correct (PAC) property under very

mild conditions.

This contribution should be thought of as a first attempt to extend concepts developed in learning theory to the field of
system identification where, due to the presence of the system dynamics, the typical i.i.d. assumption on the data made in
learning theory is not satisfied. © 1998 Elsevier Science B.V. All rights reserved.
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1. Introduction

Learning theory, as it has developed over the past
15 years, has been by and large focused on mathe-
matical objects of static structure. For example, in the
problem treated by Valiant [14] the goal is to learn
a binary valued function c(x) defined on an arbitrary
set X, given data which are labeled sample points of
the form (x;, ¢(x;)), where the x,’s are drawn indepen-
dently of one another according to an unknown proba-
bility distribution P on X. The framework of learning
binary valued functions has been thoroughly investi-
gated at least in the two extreme cases in which P
is either a fixed known probability (called fixed dis-
tribution learning) or it can be any probability on X
(called distribution free learning).

Extensions to more general learning settings started
to appear in the late 1980s, e.g., [1-5,7,9,10]. In par-
ticular, in [7] Haussler introduced a learning frame-
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work where each datum consists of a point x; and an
outcome y, belonging to an arbitrary space Y called
the outcome space. These data are generated according
to an unknown distribution on X x Y. The statistical
fluctuation of y for a given x describes the noise and,
possibly, extraneous variables affecting the data gen-
eration mechanism. This point of view is also adopted
in the present contribution.

A common feature of all the above referenced pa-
pers is that the points x, are drawn independently of
one another. This rules out the possibility of any mem-
ory and thus dynamics in the data generation mecha-
nism, and therefore the ability to model the problem of
learning dynamic systems, i.e., system identification,
within this framework.

In the learning literature, much work has been de-
voted to the establishment of conditions under which
the so-called empirical estimator estimates simulta-
neously over the considered hypothesis class. This
property, however, is not necessary for learnability,
since one may use estimators other than the empirical
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estimator. In [4,5], among other contributions,
Buescher and Kumar introduce a new canonical esti-
mator and show that it works even in cases in which
the empirical estimator does not.

In this paper our main goal is to study the problem
of identifying dynamical systems in the context of a
learning theoretical framework. We do so by extend-
ing some of the results of [4,5] from an i.i.d. setting
to a stationary environment. Allowing for a stationary
setting is important in that it allows one to venture be-
yond the memoryless case and to enter the world of dy-
namical systems. Our contribution should be thought
of as an attempt to bridge the existing gap between
learning theory and the theory of identification of dy-
namical systems. For other approaches to addressing
dependency we refer the reader to [1,3].

2. Problem description

Consider a single-input-single-output system with
input u,€U and output y,€Y, where U and Y are
totally bounded subsets of R.

We assume that y, is conditionally independent
of u®,y"} and v, given u'  (throughout,
uy = (4, tpy1,...,ug) and Y= (Vs Vrg15-- 25 Vs))-
This condition serves two purposes. First, it ensures
that the system is causal. Second, it also implies that
all the correlation in the y process is generated by the
input process u.

We assume that the system is in a stationary en-
vironment, i.e. that the joint process (u;, y;) is strict-
sense stationary. Moreover, for convenience, we also
assume that it is ergodic (i.e., its invariant o-algebra
is trivial).

Then, we see that the system is completely de-
scribed by the (unknown) time-invariant conditional
distribution of y, given u’ henceforth referred to
as P,.

Alternatively, letting s(u’ )= [}, yPyu(dy,u’ ),
the system can also be supposed to be in the form y, =

u' . )+d;, whered, := y,—s(u’_ ) is conditionally
whlte given the past, i.e., E[d,/u’ ., y" oo] = 0. The
stochastic process d, can be regarded as an additive
disturbance affecting the output y;.

Once the probability distribution of {u,};:°__ has
been specified, P, completely defines a probability
measure P in the space U x Y of doubly infi-
nite sequences (1722, y=%). We assume that P is un-
known but it belongs to some prespecified set 2.

— 002

The learning problem considered here is to deter-
mine a suitable g-dimensional approximation of the
function s, where g is an integer that will be regarded
as predefined and fixed throughout. The approxima-
tion function # is selected from a hypothesis set # of
functions from UY to Y.

Given an estimate (or model) %, one can measure
its accuracy by the error criterion given below.

Definition 1 (Error between P and h). The error be-
tween P and 4 is defined as

+1Z(J/z—

=Ep[(y — h(u{_4:1))*].

Note that the last equality in Definition 1 is a con-
sequence of the ergodicity assumption.

Clearly, err(P, h) is the expected error we make by
using model 4 to predict y,; hence it is sometimes
referred to as the generalization error.

err(P,h) = lim (Uf_gi1))?

Definition 2 (Optimal error). The optimal error is
the minimum error over A€,

opt(P, #):= inf err(P,h).
hex

Suppose that at time ¢ data (u, y1),-..,(us, y;) have
been collected. From this data, one wishes to construct
an estimate 4. This is done by an algorithm, which is
an indexed family of maps a,: (U x Y)' — #; where
t is the index.

Our goal is to construct an algorithm which ap-
proaches the optimal error asymptotically as follows:

Definition 3 (Nonuniformly learning algorithm). An
estimator a, is said to learn (possibly) nonuniformly
over (2, #) if for all €>0,

tlim P{err(P,a,(u}, y})) — opt(P, #)>¢}
=0, VPeZ2.

The reason for the usage of the qualifier “nonuni-
form” is that, as compared to other notions of learn-
ability, in Definition 3 the convergence is not required
to take place uniformly in P€2.

Such an algorithm may or may not exist, and so we
introduce the following definition.

Definition 4 (Nonuniform learnability). (P, ) is
(nonuniformly) learnable if there exists an algorithm
a, which learns nonuniformly.
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Remark 1. In the definition of err(P, #), the second
equality follows from the assumption that process
(uy, y¢) is ergodic. In the nonergodic case, we would
instead have

— 00

i 1 d i
err(P,h) := lim v Z(y,— —h(ul_ 1))’
i=q

= Ep[(y; — h(u;t_q+1))2/f]7

where ¢ is the invariant g-algebra of process (u;, y;).
As a consequence, err(P, &) is itself a random variable.

When (uy, y;) is not ergodic, one should be par-
ticularly careful in the definition of optimal error for
the reason explained below. Since an algorithm se-
lects an hypothesis on the basis of the realization at
hand, in the nonergodic case, it is natural to com-
pare in Definition 3 the quantity err(P, a,(u{, y{)) with
the optimal error obtained by minimizing err(P, %),
when /% is a random element measurable with respect
to the invariant o-algebra #. Correspondingly, the
optimal value in Definition 2 should be defined as
opt(P, #) = inf err(P, h), where inf is taken over the
set of #-measurable elements hc 7.

The optimal error obtained by allowing % to be ran-
dom is in general strictly lower than minimizing over
deterministic hypotheses. A simple example suffices
to make this point clear. Suppose that U =Y ={0,1}
and that y, =u,, Vt. Moreover, assume that with prob-
ability 0.5 the input sequence is 0,0,0,... and, with
probability 0.5, it is 1,1,1,.... Finally, let g=1 and
consider = set of constant functions from U to ¥
(clearly, # has only two elements, 4y =0, h; =1).
Clearly, if 4 is constrained to be deterministic, select-
ing A results in a nonzero error when u;=1,1,... and,
similarly, selecting 4 leads to a nonzero error when
u; = 0,0,.... On the other hand, if % is allowed to be
stochastic, we can take A, in the invariant set where
v =u; =0, V¢ and A in its complement. The corre-
sponding error is obviously zero.

In connection with the discussion above, we also
note that, given a certain dynamical system, it is pos-
sible that a certain hypothesis class is too restricted
when the system operates in an ergodic environment
and yet it can be rich enough to describe one by
one the input—output relations corresponding to dif-
ferent invariant sets in a nonergodic environment.
Therefore, we see that learning in a nonergodic
framework may be easier than learning in an ergodic
setting.

In the present contribution, our attention is focused
on the ergodic setting only for notational convenience,

no particular difficulty being involved in the extension
of our results to the nonergodic case.

The above learnability definition is amenable to
the following obvious interpretation. Set f/(u/_ 1) =
Ep[yi/u{_,.,] and define & :=y, — f(u;_, ). Then,
the system can be written as y, = f(u,’fqﬂ) + &
If fes#, learnability implies the existence of an al-
gorithm g, such that the L?-norm of the difference be-
tween a,(u!, y}) and f tends to zero in probability.
Precisely, for all £>0,

P{Ep[(a(ui, y1) = [)’]1>e} =0, 1—o0.

When f ¢ A, a,(u}, y!) provides an approximation of
f whose L2-error tends in probability to the best one
in the class 7.

A key point for the design of a successful learn-
ing algorithm is the possibility of estimating certain
expected values from data sequences. In a stationary
environment, this calls for some mixing condition on
the involved processes.

Assumption 1. For any positive bounded function
£:U7 x Y — R, it holds that

1
P {

t
m Z (E(ui_gyr1o31)

i=n+q

- EP[é(u;—qula yt)]) ’ >5/unfoos yﬁoo }

<C(€>t_n)’ VPE?}, (1)
where {(-, -)is areal function such that {(¢,t—n) — 0,
as (t —n) — oo.

Remark 2. Some condition on the tail of the proba-
bility distribution of process &(u/_,,,,:) is needed
to cope with large deviation problems. The constraint
assumed in Assumption 1 that £ is deterministi-
cally bounded is particularly strong, but it is met
in our context. Clearly, even though not explicitly
indicated, function { will depend on the bound on
function ¢&.

Remark 3. Suitable expressions for {(e,# — n) in
Assumption 1 can be derived under standard i/-mixing
conditions (see e.g. [8]).
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We recall that the y/-coefficient of two c-algebras
Z) and #, is defined as

W(F1, F2)

= sup
AEF, BEF,, P(A)#0, P(B)A0

P(ANB) |
P(A)P(B)

and that a process o, is Y-mixing if Y/ ¥, <oo,
where Y, := sup, Y(a(a’ ), a(x,)) (o(a)) is the
o-algebra generated by o, 041,...,%;). The sum
>0 is called the y-dependence index of pro-
cess 0.

Now, suppose that process (u;, y;) is Y-mixing
and that ¢ is an upper bound for the corre-
sponding -dependence index, VPEZ. Letting

Ny = é(utt—q+ls Vi) — EP[i(”:_qHa y:)] we want to
show that with Z=upper bound for &,

1 d n n
P{ ErErES PO >5/”—wy—oo}

i=ntq
- 2Xc+q—1)
Se2(t—-n—q+1)

that is,

Ue,t —n) =202 (c+q—1)e*t—n—q+1)

in this case. To prove Eq. (2), recall first that [12], if 5
and f3, are two summable random variables measur-
able with respect to #| and %, respectively, it holds
that

|Ep[f1 2] — Ep[B11EP[f2]]
<Y(F1,72)Ep| B1|1EP[| B2]]- (3)

Consider any set Aco(u” ., y" ) and apply result
(3) with fy = 14n; and 5, =n; where i and j are such
that i=n +¢q, j=i+ g — 1. Then,

(2)

Ep[Lanin;] < Wj—gr1—iEp[[Lani|1Ep[|n;(]
< Yjmgr1-il P(A).
From this, one immediately obtains the estimate
Ep[ninj/o(u” o, " DI <Wj—gi1-id’.

We now use this estimate to bound the conditional
variance of Z;:,H_q ni/(t —n — q + 1) as follows:

2
l t
E _ ; " I
” (t—n—q+li—zn;qn>/a(u o)

<%
(t—n—q+1)

x D

{i,jin+q<i,j<t; j=i}

Ep[nimi/o(u” oo, y" o)1

2
<—
(t—n—q+1)?

i 2

{i,j:in+q<i,j<t; j=i+q—1}

+ > 22

{i,j:int+q<i,j<t;i<j<i+q—1}

lpijJrlfiiz

<2/12(c+q— 1)
St-n—g+1°

Expression (2) now easily follows by using
Chebyshev’s inequality.

Tighter expressions for the rate of convergence of
{(e,t — n) could also be obtained by resorting to in-
equalities of the Hoeffding type.

3. Learning by simultaneous estimation

A very natural and common, even though particu-
lar, way of learning a hypothesis consists in first esti-
mating the error associated with each hypothesis 4 in
A, and then secondly selecting the hypothesis with
the minimal estimated error. For the first step, a widely
used error estimate is the so-called empirical error es-
timate which is given by

1 d ;
eemp(uy, Y13 h) = m Z (vi — h(ui—q+1))2
i=q

(see, e.g. [7]). If the empirical error estimate gets close
to err(P, h) simultaneously over # (that is uniformly
over all /1 in ) as t — oo, then the second step in the
above procedure leads to selecting a hypothesis whose
generalization error is in fact small. This approach has
stimulated a vast literature on the uniform convergence
of empirical estimates of the error (e.g., [6,7,11,13]),
whose origins are in the pioneering work of Vapnik
and Chervonenkis [15,16].

The present contribution generalizes the above pro-
cedure in two respects.
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(1) We allow any smooth simultaneous estimator for
the error, rather than insisting on using just the
empirical error estimate.

Roughly, a simultaneous error estimator is smooth
if it provides similar error estimates for hypothe-
ses which almost agree on the sample input at hand
(h(uj_y )= W (1) i=q,q+1,....0). (This is
made precise in Definition 6 below.) This smoothness
condition is very natural indeed and rules out only
pathological situations. It turns out that the empirical
error estimator is, in fact, smooth (and, therefore,
simultaneous error estimability through the empirical
error estimator implies the existence of a smooth si-
multaneous error estimator, and thus implies smooth
simultaneous error estimability of the model), but
there are many cases in which a smooth simultaneous
error estimator exists and yet the empirical estimator
fails to simultaneously estimate (see Remark 4 below
for an example).

We introduce a learning scheme which works when-
ever smooth simultaneous estimation is possible. The
basic idea is as follows. First, a suitable finite empir-
ical cover for A, i.e., a cover based on the empirical
distance

1 : i i
puy (B, W)= m ; |h(“i—q+l) - h/(”i—qﬂ)‘

is constructed. Its main feature is that its size (i.e.,
the number of elements in the cover) is tailored to the
characteristics of the involved processes and to the
number of available data points, so that a simultane-
ously accurate estimate of the generalization error of
all the cover elements is possible. A key point is that,
by employing a smooth simultaneous error estimator,
the estimated generalization error of a cover element
is a good example of the frue generalization error
of all the hypotheses in a neighborhood of the cover
element (even though it can be a bad example of
their empirical error!). The estimated hypothesis is
then selected by minimizing the estimated error over
the empirical cover. (This will be detailed further
below.)

(2) Learning is performed over a nested family of

hypothesis classes.
We consider the case in which J# has the substructure
H = Uk HE, HFC A and we try to learn over
A by learning as time goes on over progressively in-
creasing classes #%. Using such nested classes helps
avoid overfitting problems by preventing the selec-
tion of hypotheses that agree too well with the noisy

data. A crucial technical point is that the empirical
cover for # is constructed in such a way that it al-
ways contains empirical covers for #%, Vk, formed
solely by elements of #°%. In this way, the true gen-
eralization error of each hypothesis in #* is close to
the empirical error of an element of the cover if each
pair (2, #%) is smoothly simultaneously estimable.
Ultimately, this permits us to prove learnability under
the mild condition that each single pair (2, #*) is
smoothly simultaneously estimable.

We now define precisely the notions of simultane-
ous nonuniform error estimation and smoothness.

Definition 5 (Simultaneous nonuniform error estima-
bility). (2, ) is simultaneously (nonuniformly) er-
ror estimable if there exists an error estimator {e,}
(i.e., an indexed family of maps from (U x Y)' x #
to R) such that for all £ >0,

t—o0o

lim P{ sup |err(P,h) — e (uf, yi; h)| >5}
hes

=0, VPe2.

In Definition 5 and throughout where YP€Z fol-
lows a statement of convergence, it is intended that
the convergence rate may depend upon P€Z.

Definition 6 (Smooth estimators). The error estima-
tor ¢, is smooth if V¥ >0, Jo,(¥) >0 (o,(}) may de-
pend on P€Z) such that

lim P{ sup led(ui, yish)

=0 hh €A st. pu(hh')<a(9)
1

—e,(ul, yi; 1)) >19} =0, VPe2.

Remark 4. It is easily seen that the empirical error
estimator is smooth. On the other hand, smooth si-
multaneous error estimability is more general than in-
sisting that the empirical error estimator be simulta-
neously good, as shown by the following simple, and
somehow pathological, example.

Let U =[0,1] and Y = {0, 1}. Pairs (u, y,) are
drawn independently and such that u, is uniformly
distributed in [0,1] and y, = 1, Vu,. Finally, take
A as the collection of all the indicator functions /4,
where A4 is a finite subset of [0,1]. Given any data
sample (uf, y}) there always exists an hypothesis
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he A that agrees with data, that is eemp(U}, V{; h)=0.
On the other hand, err(P,h) = 1, Vh. Therefore,
P{sup,,c, |err(P,h) — eemp(uj, yi; h)| >} =1, when-
ever ¢ <1, and the empirical estimator fails to si-
multaneously estimate the error well for all 4 in .
On the other hand, e (ul, y{;h) =1, Y(u!, y}), Vh, is
clearly a smooth simultaneous error estimator in the
present situation.

Our goal is to construct an algorithm able to learn
(2, #) whenever a smooth simultaneous error esti-
mator exists for each pair (2, #%), k=1,2,.... With
this objective in mind, we start by introducing the no-
tion of an empirical cover.

Given an input sample u], the associated empirical
distance Pul is a pseudo-metric on . A set #, , C H
is an empirical e-cover based on u] if, for each he 7,
there exists }_teg%”n,u such that pu:l'(h,}_l)<5. Associ-
ated with an empirical e-cover, there is a mapping
My 2 A — Hn,, such that puT(h,mn,u(h)) <e,Vhesd .
Consider now the situation in which J# is given as the
union of nested classes: # = J, #*%, #* C H*1.
In this case, an important concept is that of simple
empirical e-cover: an empirical e-cover is simple if
the associated mapping m,, is such that m,, ,(h)e#*,
for any he #°*, Vk. Roughly, “simple” in this context
means that m, (/) is not allowed to be too complex
with respect to 4. This will play a crucial role in our
learning procedure.

We now show that a simple empirical e-cover for
A of finite cardinality always exists. The proof (bor-
rowed from [5]) is constructive and, therefore, pro-
vides a way to build such a cover. Note first that,
Y C R being totally bounded, for each € >0 there ex-
ists an e/2-cover Y., of Y of finite cardinality N(e/2).
There are N(g/2)"~4*! possible mappings M; from
i€{q,q+1,...,n} to cover elements Mi(D)EYpp, i=
q,q9+1,...,n). The simple empirical e-cover for J# is
recursively constructed as follows. Initially, let €, =0.
For j =1 to N(g/2)"9*!, check whether there exist
hypotheses A€ such that

() =MD <2, i€{q.q+ 1,..on}. (@)

If any, pick an hypothesis 4; satisfying Eq. (4) which
is as simple as possible (h;€#7 and there exists no
he#H", r<j, such that Eq. (4) is satisfied) and set
% = €j—1U{h;}. It is easy to verify that, for each
he ¥, there exists an element h' €@y /ay—on N A*
such that p (4, h)<e. Set Hpy:=Cn(py—an and
my(h)="H.

The learning algorithm

Fix three sequences of real numbers 7, | 0, u, |0,
vy 1 0.

At time ¢ do the following:

Let n be the largest integer such that

- n—q+1
N({—"—~ st —n)<v,.

(soarm) e

Construct a simple empirical (z,/(n — g+ 1))-cover
Hn.y based on the pseudo-metric Pu with cardinality
less than or equal to N(t,/2(n — g + 1))"~7"! and
denote by m,, , the corresponding mapping from ¢ to
Honu-

Select a,(u}, yl) =arg hren/lfn Cemp(yy 1> Vii13 h)-

The following theorem highlights the effectiveness
of the proposed algorithm.

Theorem 1. If (2, #%) is smoothly simultaneously
nonuniformly error estimable for every k, then
(P, #) is nonuniformly learnable through algo-
rithm a;.

Remark 5. Theorem 1 only guarantees that algorithm
a, nonuniformly learns (2, # ). On the other hand, the
assumption that pairs (2, #*) are smoothly simulta-
neously error estimable is very mild indeed. As a mat-
ter of fact, it is not hard to find examples in which #
is a complex class (even with infinite VC-dimension)
and yet a nested family #* exists such that (2, #*)
are smoothly simultaneously nonuniformly error es-
timable.

We also note that, by a slight modification of the
proof of Theorem 1, it is possible to show that uni-
form (i.e. with convergence taking place uniformly
in P in Definition 4) learnability holds for (2, #)
provided that (2, #) is itself smoothly simultane-
ously uniformly (i.e. with convergence uniform in P in
Definitions 5 and 6) error estimable. Details of this
extension are left to the reader.

Proof. Considering that a random hypothesis he %, ,
depends on data up to time n, we have

P{|eemp(”2+1ayé+1§h) —err(P, h)| >, }

1 d :
P{ m Z((J’i*h(”i—qﬂ))z

i=n+q

—Ep
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—Epl(ye — h(uj_g1:1))°])

> /oo, V7 oo H

<Utnst —n), VhEH,,, VPEP,

where the last inequality follows from Assumption 1.
Since

- n—q+1
Hopu| SN | 50— —— )
[ <2(n—q+1)>

this equation immediately gives

- err(P,h)| >:un}

<v,, VPED. 5)

t ro.
P{hgl.f}%u |e€mp(un+l’yn+l’h)

Next, we show that err(P, #) is close to err(P, &) with
probability approaching 1 as ¢ — oo when 4 and A’
range over .# ¥ and are close to each other with respect
to the empirical distance, namely, for all >0,

lim P sup lerr(P, k)
100,710 W €A st py ()< =iy o
—ent(P, 1) > e } —0, VPe?, Vk (6)

(One should note that, condition pu{(h,h’ )<t/(t —
g+ 1) being equivalent to Zf:q h(u]_y ) —
h’(ul’;q+l )| <7, this limit will be the same, no matter
how ¢t T ocand 7 0.)

To prove Eq. (6), note first that, (2, #*) being
smoothly simultaneously error estimable, there ex-
ists an error estimator e, such that the following two
conditions:

0
(1) P{ sup lerr(P, h) — e, (u, yi; )| > E} <-,
heA* 3 2
(mp{ sup e yi: )
m EAK st py (') <o,(e/3)
1

€ 0
—euforfi] > <5

hold true simultaneously for arbitrary 6 >0 and € >0
and for ¢ greater than a suitable 7 (4, ¢, P).
On the other hand, by the expansion

lerr(P, h) — err(P, 1)
< lerr(P, h) — e (uf, yi; h)|
+ led(ui, yish) — eluf, yi; b))
+les(uy, yi; i) — err(P, 1),

it is easily seen that the set {SUp;, ¢ sts1, . (hi')<ou(e/3)
lerr(P, h) — err(P,h")| >¢} is included in

{ sup |err(P,h) —

hex*

€
e (uy, yish)| >§}

U sup le«(ui, yish)

b €A st pa(h i) <oi(e/3)
1

€
—e (ul, yi; 1)) >§ }

Thus, from (1) and (2), the conclusion can be drawn
that

P sup
hh €AF st pe(hh')<o,(g/3)
1

lerr(P, /)

—err(P,h/)>5}<5, for 1>7(0,¢, P).

Setting 7 = (t — g + 1) a:(¢/3), result (6) readily
follows.

The thesis will now be proven by the joint use of
Egs. (5) and (6).

Fix £>0. Select he# such that err(P,h)<
opt(P, #) + ¢ and let k = min{k : R #*}. Consider
the expansion

err(P, a,(uj, yi)) — opt(P, #')
=ert(P, di(ui, ¥1)) — eemp(ty1s Vpr1s @(ui, 1))
+ €emp(Uys 1> Vos 1> AU, ¥1))
- eemp(”ﬁwls yrtwrl; mn,u(}_l))
+ eemp(urt1+l7 y:i-s—] 5 mn,u(il)) —err(P, mnu(il))
+err(P, my, ,(h)) — ert(P, )
+err(P, h) — opt(P, #).

The probability that the first term is greater than g,
tends to zero as t — oo (see Eq. (5)). The second
term is less than or equal to zero by the very defi-
nition of algorithm &;, whereas the third term can be
bounded similarly to the first one. As for the fourth
term, note that both / and mn,u(}_z) belong to #*
and they are at most 7,/(n — ¢ + 1) apart with re-
spect to the empirical distance p,. Therefore, Eq.
(6) implies that the probability that the fourth term
is greater than ¢ approaches zero as ¢ — oo. Finally,
the last term is no greater than e by construction. In
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conclusion, P{err(P, a,(u}, y})) — opt(P, #)>2pu, +
2¢} approaches zero as t — oo for any e. This com-
pletes the proof. [J

4. Concluding remarks

Even though the fields of system identification and
learning theory have many points in common, so far
there have been only sporadic contacts between them.
The reason for this can probably be found in the differ-
ent technical assumptions adopted in these two fields.

In this paper, we have proposed a method to learn
dynamical relations in a stationary framework. This
study is a first attempt to bridge the existing gap
between learning theory and system identification.
An important aspect completely neglected in the
present contribution is the computational effort re-
quired by the learning techniques.
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