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Abstract

One of the main theoretical challenges in learning dynamical systems from data is
providing upper bounds on the generalization error, that is, the difference between the
expected prediction error and the empirical prediction error measured on some finite
sample. In machine learning, a popular class of such bounds are the so-called Probably
Approximately Correct (PAC) bounds. In this paper, we derive a PAC bound for stable
continuous-time linear parameter-varying (LPV) systems. Our bound depends on a
weighted H»-like norm of the chosen class of the LPV systems, but does not depend
on the time interval for which the signals are considered.

Keywords PAC bounds - Rademacher complexity - Learning theory - Dynamical
systems

1 Introduction

LPV [1] systems are a popular class of dynamical systems in control and system
identification, e.g., [1-8]. Generally, LPV systems are linear in state, input and output
signals, but the coefficients of these linear relationships depend on the scheduling
variables. These systems are popular due to their ability to model highly nonlinear
phenomena while allowing much simpler theoretical analysis. In this work, we con-
sider continuous-time LPV systems in state-space form, where the system matrices
are affine functions of the scheduling variables.

< Dadniel Racz

racz.daniel @sztaki.hun-ren.hu

HUN-REN Institute for Computer Science and Control, Budapest, Hungary
Eotvos Lorand University, Budapest, Hungary

Institut de Recherche Technologique SystemX, Palaiseau, France

4 Univ. Lille, CNRS, Centrale Lille, UMR 9189 CRIStAL, F-59000 Lille, France

Research Center of Vehicle Industry, Széchenyi Istvan University, Gyor, Hungary

Published online: 08 April 2026 @ Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s00498-025-00427-7&domain=pdf

Mathematics of Control, Signals, and Systems

Context Our main contribution is a PAC generalization bound for stable LPV sys-
tems. To put our result more into perspective, consider the problem of learning, or the
problem of system identification. The two problems are closely related, in fact, they
often overlap. The difference between them lies in some technical assumptions which
stem from the particular applications which motivate these two fields. Throughout this
paper, these differences are usually not relevant, therefore unless stated otherwise, the
term learning will refer both to machine learning and system identification. However,
whenever the difference between those two fields is relevant, we will discuss them
separately. In order to make the discussion concrete, we will concentrate on LPV
models.

In both disciplines, our starting point is a family of parametrized models and the
goal is to find a member of this family, which predicts the true output sufficiently
accurately for each input and scheduling variable. To this end, we assume that we
have a dataset consisting triplets of signals representing the input, the scheduling
signal and the corresponding output which are consistent with the underlying physical
process we would like to model, all defined on the finite time interval [0, T'], and
measured before learning. Learning algorithms then choose a concrete element of the
parameterized family of LPV systems, for which the prediction error computed on the
dataset that is used for learning, called the training data, is small.

To sum it up, in case of learning we choose a model which predicts the training
data the best according to some appropriate measure. However, for subsequent use our
model should perform well on data which was not used during learning. A widespread
measure for the latter is the true loss, i.e., the expectation of the prediction error,
where the expectation is taken over some distribution of inputs, scheduling signals and
outputs, such that the distribution is consistent with the underlying physical process.

Note that even if the distribution of the inputs and scheduling signals is known, the
distribution of the outputs remains unknown in the absence of an adequate model for
the underlying physical system. That is, the distribution used for computing the true
loss is unknown in general, thus in practice the true loss is also unknown.

However, the true loss can be approximated by the empirical loss, i.e., the average
of prediction errors by a certain model, where the average is taken over the elements
of the dataset. In particular, one could use the empirical loss evaluated over some
validation or test dataset, as a proxy for the true loss. Furthermore, empirical loss can
also be used for learning. In fact, many learning algorithms are based on choosing
a member of the parametrized family which minimizes the empirical loss calculated
over the training dataset. The intuitive explanation for many learning algorithms lies
in the implicit assumption that if the chosen model has a small empirical loss, then its
true loss will also be small and it will predict previously unseen data accurately.

It can be shown formally that the empirical loss converges to the true loss as the
number of data points grow, e.g., [9, 10]. However, for the purpose of evaluating
the true loss based on the empirical loss, it is of interest to have a uniform bound
on the difference between the true loss and the empirical loss, with respect to the
parameterized family.

Such uniform bounds are referred to as PAC bounds in the literature [10, 11] and
they are a standard tool for theoretical analysis of statistical learning algorithms.
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PAC bounds can be used in several ways [10, 11], without claiming completeness
we mention the following applications: (1) to evaluate the performance of identified
models based on their performance on a dataset (the training or the validation set); (2) to
analyze the effect of various quantities appearing in the bound (norms, VC-dimension,
number of data points) on the generalization capability of the learnt models—in par-
ticular, characterizing the amount of data necessary for learning adequate models; (3)
to select parametrizations which minimize the PAC bound and hence are more likely
to allow learning models which generalize well and avoid overfitting.

Contribution In this paper, we derive a particular PAC bound for LPV systems
which is based on the Rademacher complexity of the model family.

The derived bound is of the magnitude O (c/ VN ), where c is a constant that depends
on the parametrization, and N is the cardinality of an arbitrary finite sample used to
evaluate or identify the model. More accurately, the constant ¢ depends on the maximal
H> norm of the elements of the parametrization. In contrast to related results, the
constant ¢, and thus the bound, does not depend on the length of the time interval
[0, T].

Motivation: machine learning There is consensus in the machine learning com-
munity on the usefulness of PAC bounds. Continuous-time dynamical systems, e.g.,
continuous-time Recurrent Neural Networks (RNNs, [12]), Neural Controlled Ordi-
nary Differential Equations (NCDE:s, [13]) or structured State-Space Models (SSMs,
[14]) are becoming increasingly popular in machine learning. Since LPV systems
include bilinear systems [15] as a special case, in principle they could be used as
universal approximators for sufficiently smooth dynamical systems [16], including
important subclasses of RNNs and NCDE:s. Finally, LPV systems include linear state-
space models, which are crucial ingredients of SSMs, and subclasses of RNNs, hence
PAC bounds for LPV systems are expected to be useful for PAC bounds for NCDEs,
RNNs and SSMs.

Motivation: system identification PAC bounds are expected to have the same appli-
cations for system identification as for learning, i.e., they will enable a sharper
theoretical analysis of system identification algorithms, by making explicit relation-
ship between the empirical and true losses as functions of the number of data points
and various properties of the parametrization. In addition, existing theoretical guaran-
tees for learning algorithms of LPV systems from the system identification literature
tend to focus on the discrete-time case and they usually provide asymptotic guarantees
only [9]. To the best of our knowledge, there are no finite-sample bounds for learning
continuous-time LPV systems. The results of this paper represent a first step toward
finite-sample bound for LPV systems, despite they are not directly applicable to many
classical system identification problems.

Indeed, in order to be able to apply classical PAC bounds based on Rademacher com-
plexity [10], we assume that the data come from several independent experiments and
that continuous-time signals are available. While learning from several independently
sampled time signals is not unheard of in system identification literature [17-20], it is
more common to assume that both the training and the validation sets originate from a
single time series, which represents the time sampled version of a single, continuous-
time signal. However, we conjecture that the results of the paper could be extended
to cover both challenges. The main technical contribution of the paper is a bound on
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the Rademacher complexity of LPV models, and there are extension of PAC bounds
to the case of a single time-series sampled from a mixing process [21, 22]. In other
words, our conjecture is that the results of the current paper could be combined with
[21, 22] to extend it beyond the case of multiple independent experiments. In addition,
ideas from [23] using Bernstein polynomials could be used to handle time-sampling.

Related work PAC bounds for discrete-time linear systems were explored in sys-
tem identification in [17, 24], but not for LPV systems in state-space form and
continuous-time. PAC bounds for a class of autoregressive discrete-time systems were
developed using Rademacher complexity in [25], but the derived results do not apply
to continuous-time LPV state-space representations. There are several PAC bounds
available for continuous-time RNNs and nonlinear systems [23, 26-30], but these
are exponential in the integration time and they do not require stability. In [31-33]
bounds for discrete-time RNNs were obtained via estimating the Rademacher com-
plexity, but the bounds grow at least linearly with the number of time-steps. In [28,
29] PAC bounds for NCDEs were derived using Rademacher complexity as well, but
the bounds grow exponentially with the integration interval. The closest result to our
work is [30], which consider input-affine nonlinear systems and propose a PAC bound
based on Rademacher complexity. Again, as stability was not taken into account, the
bound is exponential in the length of the integration interval.

PAC-Bayesian bounds for discrete-time linear and classes of nonlinear systems
were explored in [34-37]. However, these papers consider PAC-Bayesian, as opposed
to PAC bounds, and they do not apply to continuous-time systems. We argue that while
PAC-Bayesian bounds offer more flexibility, their tightness is sensitive to the choice
of a suitable prior, making their application challenging. In contrast, classical PAC
bounds are easier to use, but they tend to be more conservative. We present a more
detailed discussion in Sect. 3.2.

The literature on finite-sample bounds for learning discrete-time dynamical sys-
tems, e.g., [38—42], is somewhat related, but considers different learning problems in
the sense that these handle the matter of learning from a single trajectory. Some papers
dealing with finite-sample bounds, e.g., [18-20], do consider learning from multiple
trajectories. However, the papers [18-20, 38—42] provide risk bounds only for a spe-
cific learning algorithm instead of uniform bounds on the generalization gap. Namely,
those papers provide an upper bound on the true loss of a model learnt using a specific
learning algorithm. In contrast, we provide an upper bound on the difference between
the true loss and the empirical loss, regardless of the origin of the model. Hence, the
results of this paper can be used to bound the generalization gap and therefore the true
loss of the outcome of any learning algorithm. Moreover, the cited papers do not deal
with LPV state-space representations in continuous-time.

Significance and novelty The main novelty of the paper are that (1) our error bound
does not depend on the length of the integration interval T'; (2) it exploits quadratic
stability; (3) it uses a weighted H, norm defined via Volterra-kernels to estimate the
Rademacher complexity. This is in contrast to [23, 28-30] which used Fliess-series
expansions for that purpose. It was precisely the use of Volterra-series and H> norms
which allowed us to formulate bounds independent of 7. The latter is important as
dynamical systems are often used for making long-term predictions.
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Structure of the paper In Sect. 2, we present our notations and definitions of LPV
systems. In Sect. 3, we define the problem of generalization for LPV systems and
present a brief general introduction to PAC bounds. In Sect. 4, we propose the main
technical tools that allow us to exploit stability in the statistical learning setting, as
well as the necessary assumptions needed to prove our theorem. We state our time-
independent bound for the generalization gap in Sect. 5. The proof, presented in
Sect. 6, is based on bounding the Rademacher complexity of the hypothesis set using
the corollary of our stability assumption, namely that the considered LPV systems
have finite H> norms. Finally, in Sect. 7 we consider a concrete system and a dataset
in a numerical example, empirically estimate the elements of the bound and show that
the bound in this case is meaningful.

Notations Scalars, vectors and matrices are denoted by simple lowercase, bold low-
ercase and bold uppercase symbols, respectively. We use round brackets for vectors,
matrices and tuples as well, though the nature of the considered objects are always
clear from the context. For a matrix M, trace(M) refers to its trace, i.e., the sum of
the diagonal elements, while eM denotes the matrix exponential. The " symbol refers
to the partial differential operator w.r.t. the time dimension. The symbol T refers to
the fixed integration time and the symbol £ refers to an arbitrary and fixed set of LPV
systems. We use [n] = {1,...,n}and [n]o = {0, ..., n} for all n € N. The symbol
I, = [np]k denotes the set of multi-indices of length &, thus an element I € I is a
tuple of the form I = (iy,...,i{),1 <i; < n,forl < j < k. By slight abuse of
notation, let Iy be the singleton set {#}. Fort € Rand 7 = (1, ..., 11)] € R* we
use the notation (¢, t) = (¢, %, . .., rl)T € R¥*1 The symbols L? and L refer to
the usual Lebesgue spaces. We denote by L%([0, T, R"in) the space of all measurable
functions f : [0, T] — R”"n such that ”f”i2([0,T],R"in) = fOT ||f(t)||§dt is finite.
The symbol < refers to the Loewner order. For a function f, the symbol f|g denotes
the restriction of f to the set H. For the notations related to probability, see Sect. 3.

2 LPV systems

In this paper, we consider LPV state-space representations with affine dependence on
the parameters (LPV-SSA), i.e., systems of the form

x(1) = A(p(1))x(t) + B(p())u(r)
= {x(0)=0 (1

yz (@) = C(p(1)x(1)

where x(1) € R is the state vector, u(¢) € R"» is the input and yx (#) € R" is the
output of the system for all ¢ € [0, T'], and ny, niy, noyt € N * are the dimensions of the
state, input and outputs spaces, respectively. The vector p(¢) = (pi(?), ..., pn, N’ e
V C R is the scheduling variable for n, € N*. Note, that n, is the number of
scheduling variables in the system, therefore it is an important parameter regarding
the complexity of the system. The matrices of the system X are assumed to depend
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on p(¢) affinely, i.e.,

np

"p
AP®N) =Ao+ Y pi(DA;  B@®) =Bo+ Y pi(0)B;,

i=l1 i=1

p
C(p®) =Co+ Y _ pi()Ci
i=1

for matrices A; € R™>"x B; € R™>*"n and C; € R =0, ..., np, which
do not depend on time or the scheduling signal. We identify the LPV-SSA ¥ with the
tuple = = (A;, B;, C;)/%,.

A solution of X refers to the tuple of functions (u, p, X, yx), all defined on [0, T],
such that x is absolutely continuous, yx, u and p are piecewise continuous and they
satisfy (1). These conditions guarantee existence and uniqueness of a solution of (1)
and they are sufficiently general to cover many practical cases [1]. Note that the output
yx is uniquely determined by u and p, since the initial state x(0) is set to zero. To
emphasize this dependence, we denote yy by yx (u, p). Thus, the scheduling signal
p(#) behaves as an external input, too.

For the sake of compactness, we make a series of simplifications. First, as already
stated, the initial state is set to zero. This is not a real restriction, as we consider stable
systems for which the contribution of the nonzero initial state decays exponentially.
Second, we work with systems with scalar output, i.e., let noy = 1. Therefore, instead
of yx we use the notation yy. Third, we assume that the scheduling variables take
values in V C [—1, 1]"r. The latter is a standard assumption in the literature [1] and
it can always be achieved by an affine transformation, if the scheduling variables take
values in a suitable interval.

3 Learning problem and generalization bounds

We now define the learning problem for LPV systems along the lines of classical
statistical learning theory [10].

3.1 Learning problem

For the purpose of defining the learning problem, below we define the set of inputs,
the set of labels (outputs), the class of models, the elementwise loss function and the
true and empirical losses. To this end, let us fix a time interval [0, 7] and a set £ of
LPV systems of the form (1), both remain fixed during the rest of the paper.

Inputs and outputs Let U, P and ) be sets of piecewise continuous functions
defined on [0, 7] and taking values in R"n, V and R, respectively. These sets
contain the considered input, scheduling and output trajectories. Hereinafter we use
the standard terminology of probability theory [43]. Consider the probability space
U x P x Y, B, D), where B is a suitable o-algebra and D is a probability measure
on . For example, B could be the direct product of the standard cylindrical Borel
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o -algebras defined on the function spaces U/, P and ). Let us denote by DV the N-fold
product measure of D with itself. We use E p, y)~D> Pau.p,y)~D> Es~pr and Pg pn
to denote expectations and probabilities w.r.t. the measures D and DV, respectively.
The notation S ~ DV tacitly assumes that S € (U x P x W)V, i.e., S is made of
N triplets of input, scheduling and output trajectories. Intuitively, we think of S as a
dataset of size N drawn randomly and independently from the distribution D.

Elementwise loss function Consider an elementwise loss function £ : R x R —
[0, 400), which measures the discrepancy between two possible output values. Some
of the widespread choices are £(a, b) = |la — b|| or £(a, b) = |la — b

True and empirical loss, generalization gap The learning objective is to find an
LPV system ¥ € £ such that the true risk at time T (also referred to as true error,
true prediction error or true loss), defined as

L(Z) =Eqpy~D [/[0 - L(ys (u, p)(T), y(r))du(r)]

is as small as possible. Since the distribution D is unknown, minimizing the true risk
is impossible. Therefore, the true risk is approximated by the empirical risk at time T
w.r.t. a dataset S = {(u;, pi, yi)}1<i<n (also referred to as empirical error, empirical
prediction error or empirical loss ), defined as

1 N
L5(2) = 5 ; /[O’T] E(yx (i, pi)(0), yi(0)dpu(x).

In the above definitions, we require the measure p to be o-finite on the Borel sets
generated by [0, T'], and to be normalized such that u ([0, T]) < 1. These definitions
are quite general, however, commonly used loss functions in practical applications
can be recovered by suitable special cases of .

e If i is the Dirac measure at 7, i.e., for any measurable set H C [0, T'] we have
w(H) = 1if T € H, otherwise u(H) = 0, then the true and empirical losses
only depend on yx (u, p)(T) and y(T). This loss function is usually employed for
NeuralODEs [44]. In this case as u({T}) = 1, we have

/[O - L(ys(u, p)(7), y(0)du(r) = £(ys (u, p)(T), y(T))

L(E) =Ewp,y~p [£s @, p)(T), y(T))]

N
1
LX) = 5 D Uys (i, p)(T), yi(T)). )
i=l
o If 1 is a sum of Dirac measures, respectively, at #q, .. ., fx, that puts the weight %

kr

oneach#;, then for any measurableset H C [0, T]wehave u(H) = % > XineH)s
i=1

where x(,en) = 1if t; € H and O otherwise.
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This choice of u recovers the case when the output of the system is discretized in
time and measured only at 0 =71, ..., fx, = T, we have

kr
1
f s, P)(©), y(@)dp(e) = = Y eys @, p) @), y(1)
[0,T] Tio

kr
1
L(Z) = Equp.y~D |:E E L(ys (u, p)(t), )’(ti)):|
i=1

N kr

1
D D sy, @),y (). 3)
iz

j=1"1

1

S = —
Ly(X) = N

e If i is the normalized Lebesgue measure with density %, we recover the following
integral loss function applied in [45] for NeuralODEzs, i.e.,

1 T
/ ﬂ(yz(u,p)(r),y(t))du(t)=7/ L(ys(u, p)(7), y(r))dt
[0,7] 0
1 T
L(Z) = Ew,p,y~D |:F/0 L(ys (u, p)(1), y(r))dr}

1 L1 (T
L =35> = /0 E(yz (u;, pi)(1), yi(0))dr. )
i=1

Note, that for all the cases above, u is o -finite and ([0, T]) = 1.

Remark 1 (Role of scheduling) The discussion above implies that in the learning prob-
lem at hand, the scheduling signal p may depend on u or y, and the data may be
generated by a quasi-LPV system. However, for the models to be learnt the scheduling
signal acts as an input. This is consistent with the assumptions in system identification
for LPV systems [1]. The dependence of p on u and y does not conflict with our proof
technique and highlights the potential future research direction toward extending our
results to Neural ODEs and other similar structures.

Remark 2 (Role of time sampling) The considered definition of LPV systems include
piecewise constant u and p corresponding to the case when the observed data are
measured only in discrete-time points, i.e., it is sampled in time from a continuous
trajectory. The time sampling of the system output is also included, namely in the
form of the loss functions described by Equation (3). As we will later see, our results
do not depend on the choice of the measure p or the presence of piecewise constant
input and scheduling signals. Therefore, the time sampling has no particular effect on
the considered learning framework.
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3.2 Probably approximately correct (PAC) bounds: general introduction

In practice, selecting an appropriate model is done by minimizing the empirical risk
w.r.t. a so-called training dataset, while the trained model is usually evaluated by com-
puting the empirical risk w.r.t. a separate test dataset. In both cases, we need a bound
on the difference between the true and the empirical risks. That is, we need to bound
the generalization gap, defined as supy, . ¢ (L(Z) — EZSV (E)). Probably Approximately
Correct (PAC) [10] bounds are bounds of the form

())
Poopn|VE € £ L(Z )< —1)>1-6, 5
sp< CELE) - Ly(®) = — ®)

where R(§) is a constant which depends on the confidence level § and model family £,
and N is the number of data points used to measure the empirical error. Intuitively, such
a PAC bound says that for any element of the parameterized family, the generalization

gap is smaller than R(I‘il) with the probability 1—4. For several model classes [10], it was

shown that R(8) is O (log (})). In this paper, we will present an analytic expression
for R(§) for a class £ of LPV systems.

Intuitively, the PAC bound (5) implies that for sufficiently large N, the gap between
the empirical loss and the true loss is small. However, this gap increases with the
confidence level 1 — §, as the constant R(8) is a decreasing function of §.

Applications to model validation PAC bounds can be used for validating and learn-
ing models as follows. First of all, if we want to evaluate a certain model ¥ € &, the
PAC bound implies that with probability at least 1 — § over the validation dataset

R()
N

holds. This can be used to estimate the confidence interval of the true loss based on
the empirical loss and to estimate the number of data points which are necessary to
make this confidence interval sufficiently small. Indeed, for any € > 0, by choosing

N > Re(a) L(X) will be in the interval [0, £$ Y (X) + €] with probability 1 — 4.
In particular, if the empirical loss is small and there is enough data points, we can
conclude that the true loss will also be small with high probability.

Applications to learning First of all, learning algorithms can be viewed as a map
sending the training data S to a data-dependent element 3 of the model family £. Then,
a PAC bound implies that with probability at least 1 — § over the training samples S,

L(Z) < LY(D) + —= (6)

R(8)
JN'

That is, we get again a confidence interval for the true loss, based on the empirical loss

R2(8) A0 4. . .
2 then £(X) lies in the interval

L) < L5+ —= (7

during training. That is, for any € > 0, if N >
[0, £3,(2) + €] with probability 1 — §.
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Another important application is to estimate the difference between the true loss
of the model learnt by Empirical Risk Minimization [10] and the smallest possible
true loss. More precisely, let 3 be the model which minimizes the empirical loss for
a given training dataset S, i.e.,

s = arg min E%(E).
Ye€

In the system identification literature, the algorithm returning 3 is sometimes referred
to as Prediction Error Minimization (PEM).

Under suitable assumptions (e.g., bounded loss functions), from the proof of [10,
Theorem 26.5 , Part 3] it follows that

R(8) + Ra2(d)

8
IN ®

L(3) < inf L(Z) +
Ye€

with probability at least 1 — & over all the samples S, where R>(§) is a O(In(g))
constant which depends on the upper bound of the loss function. The inequality (8)
implies that learning algorithms based on minimizing the empirical loss will achieve
the smallest possible true loss with arbitrary accuracy for large enough number of data

points. That is, by choosing N > w it follows that
L(2) < inf L(D) +e€ 9)
zef

with probability at least 1 —§ over the training data S. The latter property implies PAC-
learnability [10], and it is a classical sufficient condition for learning to be feasible.
In other words, PAC bounds allow us to show the feasibility of the learning problem,
see [10] for a more detailed discussion.

PAC bounds versus quality of approximation The PAC bounds (7)—(8), and by
extension the parametrization-dependent term R(§) on their right-hand side, do not
provide an absolute upper bound on how well the learned model approximates the true
system of interest (captured by the true loss). Instead, they provide a relative bound, i.e.,
a bound on the difference between the true loss and some other quantity. This quantity
can be either the empirical loss or the best achievable true loss infy e £(X). The latter
is commonly referred to as the approximation error of the set of parametrizations €
[10, Section 5.2], and it expresses its ability to represent the true system.

The term R(§) provides a lower bound on the number of data points from which
the learning problem can be guaranteed to be well behaved. Informally, this means
that (i) any learning algorithm produces a model with a small generalization gap (see
(5)) and (ii) there exists at least one learning algorithm whose true loss is close to the
approximation error (see (8) and (9)).

Intuitively, R(§) measures how strongly the input—output behavior of models from
£ is determined by their behavior on randomly selected data of a given size. Mathe-
matically, this is formalized by complexity measures such as the Vapnik—Chervonenkis
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dimension, covering numbers and Rademacher complexity [10], and R($) is typically
proportional to these quantities.

Tradeoff between complexity and approximation error There is a well-known trade-
off between the ability of £ to generalize, captured by R(§) via some complexity
measure, and the approximation error infycg £(X) [10, Section 5.2]. For the approx-
imation error to be small, usually £ must contain a large variety of models. However,
in this case R(§) tends to be large, since with richer model classes it becomes easier
to find a model that fits the training data but behaves very differently on unseen data.

Applications to parameter estimation Equation (8) can be used to show that the
learning algorithm based on empirical loss minimization is consistent, if viewed as a
parameter estimation algorithm for system identification. More precisely, (8) implies
that the true loss ﬁ(f)) converges to the optimal loss infycg £(X). Itis well-known in
system identification that this latter property, under suitable regularity conditions ( [9,
Chapter 8]), implies the learnt parameter represented by by converges to the parameter
arg miny,c¢ £(X) that minimizes the true loss. In turn, if the true system corresponds to
acertain element of the considered parametrizations, then the corresponding parameter
is the unique minimizer of £(X), and hence by converges to the parameter of the true
system.

The regularity conditions mentioned have not been worked out for continuous-time
LPV systems, but for discrete-time LTI systems they are known [9, Chapter 8].

PAC-Bayesian bounds An alternative approach for generalization bounds are the
so-called PAC-Bayesian bounds [11]. In contrast to PAC bounds, they do not bound
the worst-case generalization gap, but rather the worst-case mean generalization gap,
where the mean is taken w.r.t. posterior distributions on the model class. The bounds
then typically depend on a chosen prior distribution. Although they might result
in tighter bounds, attaining a well-tuned prior is a very challenging problem both
theoretically and in practice. Therefore, PAC bounds might be a reasonable alterna-
tive for PAC-Bayesian ones whenever well-tuned priors may not be available, e.g.,
discrete-time dynamical systems [46], but we have good estimates of the Rademacher
complexity of the hypothesis class, which is the case for this paper.

4 Technical preliminaries and assumptions
We start by presenting a Volterra-series representation of the output of an LPV system

of the form (1), which plays a central role in formulating and proving the main result.
To this end, we introduce the concept of iterated integrals.

Definition 3 (Iterated integrals [15]) For any positive integer k, let
A} = {(Tk,-..,fl)T ltzn=---=10 ZO] C RF

A/C?O:[(Tk,u-,Tl)TITkZ'“Zrl EO}CRI{

Clearly, A;{ - A,fo for all ¢+ € [0, +00). In addition, we use the following notation
for iterated integrals (for any function f for which the integrals are well defined), for
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t €10, +o00]

t Tk n
/ f(‘t)d‘tE/ / / f(tky ..., ) dry - - - drg.
Al 0 Jo 0

Now we will define the A-weighted LPV Volterra-kernels and the A-weighted
scheduling-input products for a system X of the form (1), for every I € I,
t € [0, 4+00), iy, iy € [nplo, and for every p € P, u € U and 1 > 0. These objects
are the main technical tools that allow us to interpret the stability property of LPV
systems within the framework of statistical learning.

Definition 4 (A-weighted LPV Volterra-kernels) The A-weighted LPV Volterra-kernels
wl.kq’l.hl CAY, R!>%in are defined as follows for A > 0.

Fork =0and I =¥, forany = 71 € A{° = [0, 00), let
wl?;’ir,@(r) = Ciquoleire%“.

Fork > 0,7 = (thy1..... )" € AY and I = (i1, ..., ix) let

wz?;,i,.,l(r) — CiquO(TkJrl*Tk)AikeA()(fk*Tk—l) .. ,AileAOTI Bire%TkJrl.
The Volterra-kernels defined above do not depend on the input or scheduling trajec-
tories, but on the system parameters only. Foreshadowing Definition 7 and Theorem 10,
these objects induce a weighted extension of the H, norm, which will provide a way
to quantize the degree of stability and eventually upper bound the generalization gap
of LPV systems. The effect of input and scheduling variables on the output of the
considered systems is captured by the following term.
Definition 5 (A-weighted scheduling-input products) Let py(t) := 1 for T € [0, T]
and p;(7) = Hﬁ':l pi_,.(rj 4+ T — t41) for T = (Thg1, .-, mT e AkTﬂ and
I = (i1, ..., ix). The A-weighted scheduling-input products (pi);,ir,I : A,{TH — Rnin
are defined as follows for A > 0.
Fork=0and I =@, foranyt =11 € AT =10, T, let

_A
@ 5 0 = piy (D) pi, (T = T)W(T — 1) 371,

Fork > 0,7t = (Tk+1,...,T1)T € AZH,andI = (i1, ..., ig) let

_A
6t 110 = piy (1) pi, (T = 1) pr(m(T — e 341,

In both of the definitions above, the value k is always equal to the size of the tuple /.
The respective domains of these functions are made of vectors of size k + 1 (denoted
by 7). The A-weighted LPV Volterra-kernels represent weighted Volterra-kernels of
certain bilinear systems, outputs of which determine the output of (1). The A-weighted
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scheduling-input products capture the polynomial relationship between the outputs of
these bilinear systems and the scheduling and input signals. The exponential weighting
terms were introduced in order to make the series of the L? norms of these products
square summable. The terms belonging to i, and i, are related to the effect of B;, and
Ci, on the output of (1). The following Lemma captures this intuition in a rigorous
way.

Lemma6 For every (u,p) € U x P, . > 0, the output of X at time T admits the
following representation:

np

rap@=3 3% / 1 OO

ig,ir=0k=0I€l}

The proof is based on a Volterra-series expansion [15] and can be found in Appendix A.
The Lemma states that the output of ¥ is an infinite sum of convolutions of the inputs
with iterated integrals of the scheduling signal. This observation allows us to represent
the output of an LPV system as a scalar product in a suitable Hilbert space which turns
out to be the key for the proof of the main result.

Next, we define the A-weighted H> norm, a variant of the classical H> norm, param-
eterized by a constant A > 0.

Definition 7 The A-weighted Hy norm of a system X of the form (1) is defined as
follows for A > 0.

2 = > ZZ/ ] Wi

iq,i;=0 k=0 I€l} k+1

There exist several, non-equivalent definitions of H, norms for LPV systems, see
for instance [47, Section 2.2], [48, Section 7.4]. These definitions are equivalent when
applied to LTI systems, however, even for LTV (Linear Time-Varying) systems they are
not equivalent, see [47, Section 2.2] for an overview. When extending these definitions
to LPV systems, one can choose one of these definitions of H> norms, and then take the
maximum of the H> norms of the corresponding LTV systems, where the maximum is
taken over the scheduling signals (A-blocks). This was done for instance in [49, 50].
The norm || X||; g, is different from these other Hy norms for LPV systems. However,
as it is shown in Lemma 8, under certain stability conditions this norm exists, and
similarly to other H, norms, it is an upper bound on peak output under unit energy
input.

The definition of || ||, g, is similar to the approach in [51], where the average of
Volterra-kernels is taken as the definition of the H> norm. The H, norm in this paper
involves a weighting term, hence it can be considered an extension of the norm used in
[51]. The introduction of the weighting term is motivated by the need to upper bound
the Rademacher complexity of LPV systems. In contrast, the various definitions of the
H; norm used in the literature were motivated by the need to formalize various control
objectives. We point out that the precise relationship between the H norm used in
this paper and the various definitions used in the literature requires further research.
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While the definition of the H norm || X||, g, is different from many other norms
defined in the literature, e.g., [47-50], they do share certain characteristics. In par-
ticular, it can be shown that they all provide an upper bound on the norm of the
input—output operator generated by the system, where the input space is taken to be
L? and the output space L°°, see Lemma 8 in the next section. Moreover, when applied
to LTI systems with A = 0, the above defined norm is the classical H, norm.

Intuitively, the norm |||, g, is finite whenever the Volterra-kernels wlf\q i, are

finite energy signals and the sum of their L2 norms is finite, too. For A = 0, the
definition || X||, g, is a direct extension of the H, norm for bilinear systems [52].

4.1 Assumptions

In order to state the main result of the paper, we state several assumptions.

Assumption 1 (Stability) There exists A > n; such that for any ¥ € &£ of the form (1)
there exists Qyx > 0 such that

Ilp I’lp
AjQs +QsA¢+ Y AlQsA; +) C/Ci < —1Qs. (10)
i=1 i=0

Assumption 2 (Bounded H, norm) We assume that supy ¢ | 21|, g, < cg.

Assumption 3 (Bounded signals) Foranyu € U and y € Y, l[ull ;20,71 rmin) < cu
and |y(T)| < cy.

Assumption 4 (Lipschitzloss function) Theloss function £ is cg-Lipschitz-continuous,

e, [€(y1, ¥)) — £(v2, Y)I < ce(lyr — y2| + ly] — ¥4 forall yi, y2, yi, ¥5 € R, and
£(y,y) =0forall y € R.

(Discussion on the assumptions) Assumption 1 ensures quadratic stability of all LPV
systems in the considered set of parametrizations with a decay rate %, and it ensures
the finiteness of H> norms as per the following Lemma.

Lemma 8 If Assumption 1 holds with .. > n,, then for any ¥ € € and Qyx, > 0 from
Assumption 1, we have

p
IZ17 4, < D trace(B] QsB;,) < +oo.
ir=0
Additionally, for anyu € U, p € P, we have
lys(u, p)(T)| < (np + D) 12015, 1, 0l 220, 77,700 -

The proof can be found in Appendix B. Note that the second part of Lemma 8
implies Bounded Input Bounded Output (BIBO) stability: if u has a bounded L>
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norm on [0, 00), i.e., supy - [lallz2¢0.77.rrn) < +00, then Lemma 8 implies that
supy.g lys(, p)(T)| < (np + D 1215, 1, SUPT=0 ||u||L2([()7T]7R”in) < +o00.

Assumption 1 is not restrictive as it can be translated into inequalities on the
eigenvalues of the system matrices (see Appendix B), which are not too difficult
to ensure by choosing a suitable parametrization. For example, in case of deep state-
space architectures, the matrix A is usually chosen to be diagonal [14]. In general,
stable parametrizations are quite common in learning [9, 53], and there is a rich lit-
erature on stable parametrization of LTI systems, e.g., [S4-58]. In particular, stability
of the parametrizations is usually assumed in LPV system identification, e.g., [1,
59-61]. Moreover, stable LPV systems contain exponentially stable bilinear systems
and it is known that such bilinear systems are universal approximators for nonlinear
input—output systems with fading memory [62]. Intuitively, many forms of stability
constraints on input—output systems satisfy the definition of fading memory. This is a
strong indication that stable LPV systems might be universal approximators for stable
systems.

However, we are not aware of any formal result in the literature. Relevant results
on the topic can be found in [62-65].

Assumption 2 ensures that the A-weighted H, norm of the elements of class £
are bounded by cg. Note, that Assumption 2 does not automatically follow from
Assumption 1. Indeed, Assumption 1 implies that every element of £ has a finite
Hj> norm, but it does not guarantee the existence of a uniform upper bound on the
Hj norms of the elements of £. However, by Lemma 8, Assumption 2 follows from
Assumption 1 for instance, for continuous parametrizations with a bounded compact
parameter set, or when Qy is independent of ¥ and the matrices B; are bounded for
all ¥ € £.

Below we present a sufficient condition for computing an upper bound on the Hj
norms of models from &£.

Lemma 9 Assume that there exist positive real numbers y > 0 and I > 0 such that
y > T +n, and for every ¥ € £ of the form (1)

> sup ||Ai||%np and HeAO’ <e 3l
1<i<n,
hen A jon 1 hold < [ and Qx = 1K) g
Then Assumption 1 holds for anyn, <A <y —TI' and Qs = == s an

1
22 2
cge < (mp+1) KCKBnin(y—k——F)

where Kp = SupOSignP IB; |l and K¢ > Sup()gignp ICill,, Kc > 0,

The proof of Lemma 9 follows from a simple calculation followed by applying
Lemma 8. Using the Linear Matrix Inequality (LMI) of Assumption 1 and Lemma 8,
it is possible to formulate further LMI-based sufficient conditions for Assumption 2 to
hold. However, working out such conditions would go beyond the scope of the paper.

Assumption 3 means that the input signal has finite energy and the output signal is
bounded. The assumption on |y(7)| means the true labels are bounded. By Lemma 8,
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the first two assumptions along with finite energy inputs already imply that the outputs
of the systems from &£ are bounded uniformly by a suitable constant. In practice,
considering finite energy inputs and bounded outputs is often natural.

Assumption 4 is standard in machine learning, it is satisfied for £(y, y') = |y — y'|,
and even for the square loss, if the latter is restricted to bounded labels.

5 Main result

We are ready to state our main contribution, which is a PAC bound of the type (5).

Theorem 10 (Main result) Ler

¢ 1= 2c¢ max{cy (np, + Dcg, cy}

R() = ¢ (2 142 10g(4/3)> .

Under Assumptions 1-4 , for any § € (0, 1), we have
Pgpn <v2 €& LE) - LY (D) < ﬁ) >1-3.
VN

Application of PAC to learning and system identification As it was already men-
tioned in Sect. 1, system identification and learning theory have similar objectives,
hence we will use the term learning for both in the discussion below and discuss them
separately, whenever the difference is relevant.

Again, as it was mentioned in Sect. 3.2, PAC bounds can be used to bound the true
loss of the learned model using its empirical loss on the validation or training data,
see Equations (6) and (7). That is, any learning algorithm maps a dataset S to a model
3 = 3(S). As a PAC bound holds uniformly on all models, with probability at least
1 — & over S, we get the explicit high-probability bound on the true error

L&) = 538 + 2D

VN

This allows us to evaluate the prediction error of the identified model for unseen data.
Moreover, for any accuracy € > 0 we can determine the minimum number of data
points N,, = Rjg” such that if N > N,,, the true loss of any identified model is
smaller than € plus the empirical loss. The integer N,, represents the minimal number
of data points after which we can view the empirical loss as indicative of the true loss.

Moreover, as it was discussed in Sect. 3.2, a PAC bound from Theorem 10 can be
used to relate the true loss of the model learnt by empirical loss minimization and
the best achievable true loss, see Equation (8) More precisely, consider the minimal
prediction error model = argminy, ¢ LS N(E) and the best possible model X, =
arg miny, ¢ £(X), provided they exist. Then using [10, Theorem 26.5] and the upper
bound on the Rademacher complexity of £ from the proof of Theorem 10, we can get
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the following high-probability upper bounds on the difference between the true loss
of the these two models.

Corollary 11 With the notation of Theorem 10 andwith Ry (8) := c (2 +5,/2 10g(8/8)>,
forany § € [0, 5]

>1-6.

~ R> (6
Pg pwv (E(E) < L(Z,) + %)

That is, the bound of Corollary 11 is a version of the bound (9). In particular, we can
determine the minimal number of data points N,,;, = @, such that the difference
between the performance of the minimal prediction error model and that of the best
possible model is below the desired threshold €.

Potential application to parameter estimation As it was mentioned in Sect. 3.2,
bounds of the type (9), for instance, the one of Corollary 11, can be used to show
consistency of the learning algorithm based on empirical risk minimization, if the
latter is viewed as a parameter estimation algorithm. That is, for linear systems it is
known that models with a small prediction error tend to be close to the true one, under
suitable identifiability assumptions [9, Theorem 8.3]. For LPV systems, this problem
requires further research, but we expect similar results.

Comparison of PAC bounds with asymptotic consistency results in system identifi-
cation Classical results in system identification aim at showing that for large enough
N, an identification algorithm which choose models with a small empirical loss small
will result in models with a small true loss, e.g., [9, Lemma 8.2] for LTT systems. We
are not aware of similar results for continuous-time LPV systems. However, even for
LTI systems, Theorem 10 is different from these classical results, as the latter says
little about how large N should be so that the empirical loss upper bounds the true loss
with a certain accuracy. On the downside, classical results hold for data which origi-
nate from a single time-series, while the present paper assumes presence of multiple
independently sampled time-series.

Limitation of the i.i.d. assumption In contrast to the widespread practice in system
identification, we assume access to several i.i.d. samples of input, output and schedul-
ing signals. While this assumption is somewhat restrictive, it is still applicable in many
scenarios. In particular, the i.i.d. assumption is reasonable when learning Neural ODEs
[13, 23,29, 30] and SSMs [14, 66]. Furthermore, deriving PAC bounds in this setting
is a first step toward PAC bounds for the case of a single long time signal. Indeed,
as it was mentioned before in Sect. 1, it is possible to extend PAC bounds based on
Rademacher complexity to the non i.i.d. setting [21, 22]. We conjecture that it would
be possible to combine the results of the presented paper with those of [21, 22] in
order to extend them to data originating from a single time series.

Sampling, persistence of excitation, etc. Since PAC bounds hold for any identifica-
tion algorithms, we did not make any assumptions on such, otherwise crucial issues,
as persistence of excitation, sampling, etc.

Discussion on the bound: dependence on N and T, and the role of stability The
bound in Theorem 10 tends to zero as N grows to infinity and is also independent of
the integration time 7', a consequence of assuming stability of the models. The latter
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is a significant improvement compared to prior work [23, 28-30]. We conjecture that
some form of stability is also necessary for time-independent bounds, as intuitively
in case of unstable systems small modeling errors may lead to a significant increase
of the prediction error in the long run. The bound grows linearly with the maximal
H, norm of the elements of £, with the maximal possible value of the true outputs,
and with the maximal energy of the inputs. Roughly speaking, as the minimal degree
of stability over £ increases, the maximal A, norm over £ tends to decrease, thus the
more stable the considered system class, the tighter the bound.

Relationship between the quality of approximation and the PAC bounds for LPV
systems As mentioned in Sect. 3.2, there is generally a trade-off between the gener-
alization ability of £, captured by R(§), and the approximation error of £, defined as

ing‘ L(X). In the ideal case, £ is expressive enough to closely approximate the true
Ye

system, yielding énfg L(X) ~ 0, but not so rich as to include models with a very high
€

Hj norm (i.e., cg is not too large). If cg is too small, then the behavior of models on
any concrete dataset used for learning is closer to their behavior on unseen data, so
fewer data points are needed to learn a model whose true loss is close to the empirical
loss or the approximation error of £. However, in this case, the latter — and hence the
quality of approximation provided by any learned model — can itself be large.

An extreme trivial example occurs when the C (p(¢)) matrices of all LPV models
in £ are zero, so that the maximal H, norm c¢ is zero. In this case, the bounding term
R(5) in Theorem 10 becomes zero, and the true loss depends only on the marginal
distribution of the true output y, while the empirical loss E?V(E) forany ¥ € &
depends solely on the true outputs in the dataset S. Here, the behavior of any model
on any concrete dataset fully determines its behavior outside it, since in both cases the
models produce constant zero output.

Conversely, if £ is large enough to contain a good representation of the underlying
distribution D, then c¢ may be large and one may need more data points to avoid a
large generalization gap. As an extreme example, let us assume that the underlying
physical process can be exactly modeled by an LPV system X, which satisfies our
assumptions, and the H, norm of X, is at most c,. Let £ be the class of all LPV
systems satisfying our assumptions, with H, norm at most cg such that ¢, < cg.
However, lacking knowledge of the true system, we may select c¢ to be large. Clearly,
the approximation error satisfies %nfg L(%) = 0 since the true system X, € &, while

€

due to the large number of systems included in &, for any finite sample S we can pick
amodel ¥ e & that behaves very differently outside S than on S. This is reflected by
the large value of cg¢.

In short, our results bound the prediction error of the learned model on new data
relative to either the prediction error on the data used for learning or to the best
prediction error achievable by the given set of parametrizations. These results do not
provide any guarantee about the approximation error. Establishing similar bounds on
the latter is a separate problem, which is beyond the scope of this paper.

Multiple outputs Under suitable assumptions on the loss function, which are satis-
fied for quadratic and 1-norm losses, the results can be extended to multiple outputs by
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applying Theorem 10 separately for each output component, with confidence 1 —nqy6,
see Appendix C for a detailed derivation.

Discretization of the input data According to Remark 2, the bound in Theorem 10
holds for time sampled trajectories of u and p as long as the samples interpreted as
piecewise constant functions are in I/ and P. Furthermore, the loss function described
by Equation (3) ensures the theorem holds for time sampled output trajectories.

The discretization algorithm has no particular effect on the bound. Intuitively, by
its nature Theorem 10 does not say anything about how accurately we learn the
underlying true LPV system. Instead, it gives a bound on the generalization error,
i.e., on the difference between the empirical and true errors as defined in Sect. 3. It
is a consistency theorem in the sense that it ensures that given enough data points,
regardless of the discretization method on the input trajectories (as long as the dataset
remains i.i.d.), the model will behave identically on seen and unseen data with high
probability. That is, our results suggest the learning algorithms for any sampling are
consistent.

An unsatisfactory time-sampling method could cause the following. First, it could
increase the smallest possible true loss that is achievable in the considered learning
setup, namely énfg L(X) in Equations (8) and (9). Second, in our setup, we assume

€

that D is unknown but it is already implicitly given by the physical constraints of the
learning experiment. These physical constraints, including the choice of the sampling
time, may influence the unknown distribution D, for example, by restricting it to inputs
and scheduling signals which are piecewise constants on sampling intervals. In this
case, £(X) will capture the prediction error only for such inputs and scheduling. If
the loss function ¢ evaluates the prediction error only at sampling times, then the true
loss captures the prediction error on unseen data only at sampling times.

Theorem 10 essentially describes what properties of the learning problem influence
the additive bounding terms in Equations (8) and (9). Under concrete circumstances,
analysis of learnability requires analyzing the smallest achievable true loss, the ade-
quacy of the loss function and the additional bounding terms. The statement in
Theorem 10 is about the latter.

Discretized LPV systems It is also possible to discretize the continuous-time LPV
system, resulting in a discrete-time LPV. However, discretizing an affine LPV system
does not generally preserve the affine dependence [67]. Furthermore, the sufficient
condition for stability and the existence of a finite H> norm is different in the discrete-
time case. While stability and the existence of H, norm can be formulated in terms of
LMIs for the discrete-time case and we conjecture that the proof technique could also
be extended, such an extension is out of the scope of the paper. It is worth noting that
the extension of the results of the paper to discrete-time LPV systems would be useful
for the class of deep selective State-Space Models (selective SSMs), in particular, for
the Mamba architecture. These models have recently gained popularity and they have
turned out to be very promising for several text and video processing tasks [14, 68].
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6 Proof of Theorem 10

The proof is of two parts. In the first part, we prove Theorem 10 for the special case
of true and empirical losses described by Equation (2). In the second part, we show
that the general case can be reduced the first part.

First part In this case, the definitions of £(X) and EISV(E) have the forms

L(2) = Eqw,py)~p [tz @, p)(T), y(T))]

1 N
LX) = 5 D s i, p)(T), yi(T)).
i=1

The main component of the proof is the estimation of the Rademacher complexity
of the class of LPV systems.

Recall from [10, Def. 26.1] that the Rademacher complexity of a bounded set
ACR"

is defined as

R(A) = E4 [ sup L Zﬁial},

m
acA i=1

where the random variables o; are i.i.d such that P[o; = 1] = Plo = —1] = 0.5. The
Rademacher complexity of a set of functions F over a set of samples S = {s1...s;,}
is defined as Rs(F) = RU{(f(s1)s--., f(sm)) | f € F}).

Intuitively, Rademacher complexity measures the richness of a set of functions, see
e.g., chapter 26 in [10], and can be used for deriving PAC bounds [10, Theorem 26.5]
for general models. Below we restate this result for LPV systems.

Theorem 12 Let Lo(T) denote the set of functions of the from (u,p,y) >
L(ys(a, p)(T), y(T)) for ¥ € E. Let B(T) be such that the functions from Ly(T)
all take values from the interval [0, B(T)]. Then for any § € (0, 1) we have

Pgpv (vz €E: L) — LY(T) < 2Rs(Lo(T)) + 4B(T),/ w> >1-54.

The proof of Theorem 10 follows from Theorem 12, by first bounding the
Rademacher complexity of Rg(L(7")) and then bounding the constant B(T).
Step 1 We show that

c
Rs(Lo(T —
s(o())iﬁ

Consider the class F of output response functions (u, p) — yx(u, p)(T) for X € £
and the corresponding Rademacher complexity Rs(F). By [10, Lemma 26.9] and
Assumption 4, Rs(Lo(T)) < c¢Rs(F), hence it is enough to bound Rs(F). For the
latter, we need the following Lemma.
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Lemma 13 There exists a Hilbert space H such that for every ¥ € & there exists
X ¢ H and for every (u, p) € U x P there exists o7 %P € H, such that

ye @, p)(T) = (!>, T "P)y
and

|

< 1
Jo7 e = cutmp + 1

7,3
[w™ =], < 1Sl m,
Proof Let V be the vector space consisting of sequences of the form
f= {fiq,ir,l | 1 € Ik, iq» ir € [np]O}/Cgi()

such that fi, i1 : AkTJr] > R1!*7n is measurable. In other words, every element
f € Vis asequence of functions indexed by i, i, and / which depends on k. The
actual ordering of the sequence members is not relevant and is considered the same for
all f € V. Our goal here is to define a suitable mathematical structure that incorporates
the weighted Volterra-kernels as well as the weighted scheduling-input products, for
all possible values of k. As it turns out, we can define an inner product over the
above defined V in a way that the subset of V formed by the vectors of finite norm
gives rise to a Hilbert space H in a way that H contains both the Volterra-kernels and
scheduling-input products.
For any f, g € V let us define the series

Z Z Z/ flq ir, I(T)glq ir, I(T) dt.

iq,i;=0 k=0 I€l}

and for any f € V, let us denote by I £1II> = (f, f). Let H consists of those elements

f € V for which the series || f||? is convergent. Then for any f, g € H, the series

(f, g) is absolutely convergent. Let us denote its limit by ( f, g)7¢. Then H is a Hilbert

space with the scalar product (-, -)77, and we denote by ||-||4, the corresponding norm.
Let A > np be such that Assumption 1 is satisfied. Let

T.% s L
w = {(wiq,ir,1)|AZ+l | I € I; lg,1lr € [”p]o}]?ozo

" = (o}, DT T € I g, iy € nplo}iS.

We show that w’"* € H and ¢7""P € H by proving that ||wT’2 ”3—[ and ||<,0T'“’p||§1
are finite and bounded as claimed in the Lemma.
By the definition of w’-¥ it is clear that

2
T, 2
Hw HH5||2||A,H2<+oo
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due to Assumption 2.
As for ¢T""P_ due to p taking values in [—1, 1],

forany I € Iy, T = (Tk+1,-..,T1) € AkTH, k > 0. Hence, by setting fAfc dt =1 for

A 2 2 —AT
Wi @) = (T = rgpFe

k = 0 and any ¢ > 0, we obtain

. 2
%q,ir,l(f)Hz dt

T,u,p 2 a —
HQD HH='Z ZZ/AT ‘

igoir=0 k=0 Il ¥ B+

T o]
< (np + 1)2/O lu(T —t)||§e—“<ZZ/N dt)dt
k

k=0 Il

For iterated integrals we have the well-known inequality (see [15, Chapter 3.1])
k
t
/ dr =< Ev
AL !
therefore (due to Iy = [n p]k ) we have

T o
(np + 1)2fO ||u(T—t)||§e—“<ZZ/N dt)dt
k

k=0 I€ly

T 00 nktk
< (np+ 1)2/0 la(T — r)||§e—“(z %)dr

k=0
T
= (np + 1)2/ a(T —1)||3 ' "M ds
0
< (rp + D7 [l 3o g 7y < (p + Dy < 400

where the last inequality follows from the choice of A > n, and Assumption 3.
Finally, by Lemma 6, yx (u, p)(T) = (wT"Z, T %P)4,. i

Using Lemma 13 and [10, Lemma 26.10] we have

CECL{(np +1)

Rg(F
s(F) < N

yielding

Rs(Lo(T)) < c¢Rs(F) < ﬁ
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Step 2: Bounding B(T) By Assumption 4, we have

[€(yz (u, p)(T), y(T))| = 2¢¢ max{[ys (w, p)(T)|, [y(T)|} = 2¢c¢ max{cyce. cy} < ¢

The second-to-last inequality follows from applying Lemma 8 and Assumption 3 along
withnp > 1.

Finally, the first part follows from the bounds obtained in Step 1. and Step 2. together
with Theorem 12.

Second part Now we will reduce the general case to the first part. Let Fj be the
set of functions of the form (u, p, y) — f[o,T] L(yx(u, p)(7), y(1))du(r) defined
analogously to Theorem 12. This is a generalization of Ly(7") defined in Theorem 12,
as the image may depend on the whole trajectories ys and y, not just their values at
T. We have

Rs(Fo) = Eq [sup N Zal f[o | Loz, yi)(f)du(f)}

EES

T] ):eé'

<E, [ /[O sup — Zale(yz(u,, Pi), yl)(f)du(f)}

see N

:‘/[;) T]E |:SUP—ZG;€(y>:(ul,p,) yl)(f):| d,lL(T)

<u(0,T]) sup E, |:Sup v Zdzﬁ(yz (u;, pi), yz)(t):|

t€[0,7T] EGS

= u([0,T]) sup Rs(Lo(1))
1€[0,77]

where Lg(?) is defined the same as Lo(7T) from Theorem 12 with T = t.
As we require u to be normalized by T, we have ([0, T]) < 1.

Let B([0, T]) = sup sup £(yx(u,p), y)(t). By Theorem 12 and using the above
tel0,T]w,p,y
proven inequality Rs(Fo) < ([0, T1) sup, (9. 71 Rs(Lo(1)), we have

Ps~pv <VE €€ L)~ LY(D) =2 sup Rs(Lo(1) +4B([0, T]),/—Zl"%\(;‘/‘”)
tel0,T]

>1-94

and we can bound Rs(L¢(?)) for any ¢ € [0, T'] the same way we bound Rs(Ly(T))
in the first part, i.e., Rg(Lo (7)) < \/LN

In other words, we can apply the first part with 7 = ¢ and as the obtained bound is
independent of 7', the bounding term for Rs (L (7)) and hence for sup, (9 77 Rs (Lo (7))

is the same as in the first part (c/ +/N) and the statement of Theorem 10. Furthermore,
the calculation in Step 2. of the first part holds for B([0, T']). This concludes the proof
of the second part and the theorem.
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7 Numerical example

We considered a parameterized family £ of LPV systems X () = (A;(9), B;(9), C;
(0));*, where n, = 1,© C R3, and for all = (61, 6, 63)" € ©,

Ly
Ao(®) = ( o __1>, AI0) = (8 902) Bo(#) = (%3)
01

Bi(®) = (0,0)", Co6)=(0,1), Ci(®) =(0,0)
O={(0eR||ZO) s <ce) 2 =03, =12andcg =2.

We considered the training dataset S = {u;, p;, y,-}tN: |» and the validation dataset
Sval = {w;, pi, yi}f‘il,M = 10* where u;, p;i aresignals definedon [0, T'] = [0, 0.45],
u;, p; are right continuous and they are constant on each interval [kTy, (k + 1)Ty),
k =0,..., ks, with Ty = 0.01 and k, = 45. Moreover, the values p;(kT;) and
w (kTy),i = 1,...,N, k = 1,..., k. were sampled independently from the uni-
form distribution on [0, 3] and [0, 30], respectively, and their means were substracted
to render them zero mean. The signal y; is the output of the system X(6,), where
6. = (0.1 —1.87, —153. IS)T, to which we added a zero mean Gaussian white noise
with variance 0.05. Note, that the data generator X (6,.) does not belong to the set of
parameterizations £.

We apply the following learning algorithm to the parametrized family £. Notice,
that for 6 € © the output yxg)(u, p) satisfies

2

d 2 d 1
@)’2(0)(11, p)) = —aamw)(u, p)(t) — (g - 92) y=©) (u, p)(@) + 6ru(r)
(1D

Indeed, it follows that if x(¢) = (xl(t) )C2(l))T is the state of (@) from the zero
initial state, corresponding to input u and scheduling p, then x5 (¢) = yx)(u, p)(t)
and %yz((;)(u, p)@) = x1(t) — %yg(g)(u, p)(t). By taking the derivative of the
latter equation, using the equation for %xl (t) determined by X(#) and x(f) =

%)’2(0)(“, p)(t) + %yzw)(ll, p)(), (11) follows.
If we apply the first-order Euler approximation scheme, then

d 1
—ys@) W@, p)Oli=k1, ~ ys@) @, p)((k + DTy) — ys6)(u, p)(kTy))

dr T, (

d? 1

@yzw)(u, D))=k, ~ ﬁ(yz(a)(ll, pP)((k+2)T5) — 2ysp)(u, p)((k + DTy)+
S

+ 5@, PKT))
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and therefore, from (11), by standard algebraic manipulations, we obtain the following
approximate input—output representation

vs0)((k +2)T5) ~ ¢, (0)a(d) (12)

or, alternatively,
@) (k +2)T5) = ¢p42(0)a(0) + vk (13)

where the term vy depends on u, p, # and the approximation error % ys@o)(u, p)
=k, — TLr (yz@ (., p)((k + DTy) — ys)(u, p)(kTy)), and

$:10) = (yzo)((k + DTy), yx)(kTy), a(kTy)),

while the function a(@) is defined by
T, T,\2 72 NT
a®) = (201 = ), —(1 = 1% 1262, 6:72)

That is, if the data is generated by an element X (0,) of &, then it should satisfy the
linear regression

Vi(kTs) = ¢; a(0.) +vik, k=2,
where v; x is an error term introduced by Euler discretization and

bk = (i((k = DTy), yi((k = 2)Ty), yi((k = 2)Ty) pi((k = 2)T5), wi ((k —2)Ty)) .

Finally, we compute an estimate 6 of 0, by solving the least squares minimization
problem

ke

N
é:argmm( Z

i=1 k=2

llyi (kTy) — ¢i,ka(0)||%> (14)

fork=1,...,ke,i =1,..., N, k., =45.

Note thatin Equation (14) the arg min should be taken over @ € ®. However, finding
the least square estimate ] together with the constraint @ € O is very difficult. On the
other hand, the problem formulation implies #, € ® and we expect the least squares
estimator @ to be close to 8, due to the formulation of the least squares problem,
implying also 0 € ©. The latter is numerically verified for each N, hence we have
b € o.

We chose § = 0.05 and we computed R(5). We then computed L',]S\,(E(é)) and
E(E(é)) for the case described by Equation (2) in Sect. 3, using the norm as loss
€(y,y) = |ly—y'll1, and by approximating £(X(8)) by the empirical prediction error
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Fig. 1 Difference between the 19 i _Llloss
estimated and the true error. The True error
estimated error is the sum of the 18 1| PAC bound-+empirical error | |
empirical error measured on a 176
finite set with N elements and |
the PAC bound 16} |
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L,Slf‘l = (9)) on the validation dataset. As Figure 1 shows, £L(X (9)) < E%(E (9)) + %
holds, and we can see that the maximum of the true loss is strictly greater, than the
minimum of the bound, as, e.g., the bound for N = 10000 is strictly smaller, than
the true loss £(X (9)) for N = 200. In other words, the bound is non-vacuous. The
MATLAB code of the example can be found at https://github.com/danielracz/lpv_
mcss.

8 Conclusion

In this paper, we examined LPV systems within the confines of statistical learning
theory and derived a PAC bound on the generalization error under stability conditions.
The central element of the proof is the application of Volterra-series expansion in
order to upper bound the Rademacher complexity of LPV systems. Further research is
directed toward extending these methods to more general models, possibly exploiting
the powerful approximation properties of LPV systems.

Appendix A: Proof of Lemma 6

Proof Consider the family of bilinear systems indexed by iy, i, € [np] and a fixed
t € [0, T], defined as

A
P |

p
2+§:mu+T—n&}u)

i=1

$(r) = (Ao +

, (Al)
s(0) = B; u(T — 1)e” 2’

Vil (@ = Ci,s(0).
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From the Volterra-series representation [15] of bilinear systems we have

o

i

y,-sq’fi, (1) = [wiq,i,,@(f) + Z Zfr wi{”’ih,(v)m((t, UT)T)dv]u(T — e 2!
k=11Iel ’ Bk

(A2)

where T € [0, 7], py is as in Sect. 4 and w;\q’fih](v) = wl?;’ihl((r, v, forall I € Iy
and v € Af, k > 0. By [1, Chapter 3.3.1.1] we have

T
vz, p)(T) = / Cp(MN®(T, T —0)B(P(T —t)w(T —1)ds (A3)
0
where ®(r, rp) is the fundamental matrix of the system

z(r) = A(p(r)z(r).

Since the fundamental matrix ®, (r, ro) of a slightly different system, defined as

A
2(r) = (A(p(r) + S Dz(r),

satisfies
s
@, (r,r0) =e2"0®(r, ry),
we have
s(r) =, (T —t+7.T — B (T —1)e” '
—e 1S — 1+ 1. T — OB (T —1). (Ad)

Using the definitions of C(p(7)) and B(p(T — t)) from Sect. 2, we can substitute
Equation (A4) into Equation (A3) and obtain

np

T
yo(u, p)(T) = /0 > by (Dpi (T =033, (1) dr. (AS)

iq,ir=0

Substituting Equation (A2) into Equation (A5) together with {(z,v) |t € [0, T], v €
AL} = A,{H yields the result. |

Appendix B: Proof of Lemma 8 and bounding the H; norms

Proof Let ¥ be a fixed system satisfying Assumption 1 and let Q = Qyx. Then
AIQ+QAy < —1Q, and hence A + 41 is Hurwitz [69]. Let
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"p p
=AJQ+ QAo+ > ATQA; + > CIC; +CJCo+1Q.
i=1 i=1

Then S < 0 and hence S = —VV/7 for some V. Define

- T .
¢= (cg| (e |V) A=Ag+05M N; =A,.i €[npl.

Then
"p
ATQ+QA+) N/QN; +C'C=0
i=1
and hence, by [52, Theorem 6], for any choice of the matrix G = (G ... |an), the

bilinear system

2(t) = Az(t) + ;2 (Niz() pi (1) + Gi pi (1))
S(G) { z(0) = q
y(@) = Cz(r)
has a finite /> norm || S(G) || g, which satisfies || S(G) ||%{2 = trace(G” QG), and which

is defined via Volterra-kernels as follows.
For each i € [np], let

g7y (1) = CeMG;
and forevery I = (i1, ...,ix) € Ix, k > 0, t = (41, - .-, tl)T e RFland r € R let
g8, (t) = CeAmtIN; A% ... APN; A G,
Then
np 0o ’
RO Z Z 3 / a0 at
=T A=0TE G, ooyt
Let G"/ be the matrix of which the ith column is the jth column of B; and all the
other elements are zero, i € [np], j € [nin]. By choosing G = G/, it follows that

the jth column of wi i ;(7) is the (i; + 1)-th row of gl(r;'rl/ (t) where 7 € A;(Xjrl and
t= (Tp1 — Ty ... T2 — T, 7)1, ig, ir € [nplo, I € Ix, k > 0. Hence

> [ of) = 3 [0
j=1 iq=0
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and by applying a change of variables in the iterated integrals,

p  nin "p
Z Z Z/ wh ,(r)H dr < Z Z S(Gr /)H = 3 trace(B] QB;,).
lq ir=0k=01€l} i,=0 ]_ ir=0
In the last step we used the fact that
Nin
> trace((G"/)" QG /) = trace(B] QB;,).
j=1

Finally, from Lemma 13 it follows that yx (u, p)(T) = (w’-¥, TP}, for a suit-
able Hilbert space. From the definition of w’>* and ¢7-"P and the proof of Lemma 13
it follows that

>
lw™ =l = 12, m1

™" Pl < (np + Dllallz20, 7, Rrin)

and hence by the Cauchy-Schwarz inequality the result follows. O

Appendix C: Multi-output case

Let use assume that the elementwise loss functions satisfies the following condition:

Nout

0y §) =Y 6;07,59),

where y/, 3/ denote the jth component of the vectors y, § € R"ou  respectively, and £;
are Lipschitz functions with Lipschitz constant c,. For instance, if £(y, §) = ||y —¥ 1
is the ¢; loss, or £(y,y") = |ly — ¥'ll5 is the classical quadratic loss and y, y’ are
bounded, then this assumption is satisfied.

Forall ¥ € &, let X be the LPV system which arises from X by considering only
the jth output, and let £; be the class of LPV systems formed by all X ;. For every
J € [nout], consider the dataset S; = {(u;, p;, yij)}ls,'SN, which is obtained from the
dataset S by taking only the jth component of the true outputs {y; }lN: I

Then it follows that

L(E) =) L(E).
where

L(Z)) = Ewp,y~D [/[0 - €j(ys; (u, p)(), y/ (1)) dM(f)}

@ Springer



Mathematics of Control, Signals, and Systems

. 1 Y .
= ; /IO’T] £5(vs, (. P)(D). 7 (D)dp(r)

and
Nout S
LY(Z) =) Ly ().
j=1

By applying Theorem 10 to S; and £}, j € [nout], it follows that

S; R;(9)
Pg . VS, €& L(T)—-LU(E) < L )>1_5
S DN( J J J N \&j JN
for all j € [noy].- Then by using the union bound it follows that
Py pn <V] € [noul, VEj €& LX) — L (X)) <

and by using £(X) = Z;":‘l L(Z;)and L3 (T) = Z'}i" E,S\,j (X;) it then follows that

Nout MAX| < j <pgy Rj(8)

VN

Pgpn <v2 €& LX) - LY(Z) < ) > 1 — noud.
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