
 
 

Delft University of Technology

Document Version
Final published version

Licence
Dutch Copyright Act (Article 25fa)

Citation (APA)
Liu, Y., & Guo, M. (2025). Data-driven output regulation of nonlinear systems via incremental passivity. In Proceedings
of the 23rd European Control Conference (ECC 2025) (pp. 2740-2745). IEEE.
https://doi.org/10.23919/ECC65951.2025.11186856

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
In case the licence states “Dutch Copyright Act (Article 25fa)”, this publication was made available Green Open
Access via the TU Delft Institutional Repository pursuant to Dutch Copyright Act (Article 25fa, the Taverne
amendment). This provision does not affect copyright ownership.
Unless copyright is transferred by contract or statute, it remains with the copyright holder.
Sharing and reuse
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without
the consent of the author(s) and/or copyright holder(s), unless the work is under an open content license such as
Creative Commons.
Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.

This work is downloaded from Delft University of Technology.

https://doi.org/10.23919/ECC65951.2025.11186856


Data-driven output regulation of nonlinear systems via incremental
passivity

Yixuan Liu and Meichen Guo

Abstract— This work addresses data-driven output regula-
tion of nonlinear systems with unknown system parameters.
Using incremental passivity, output regulation is achieved by
interconnecting an incrementally passive internal model and
an incrementally passive closed-loop system of the plant. The
controller that makes the closed-loop system incrementally
passive is characterized by linear matrix inequalities using finite
offline data. A numerical example verifies the proposed data-
driven regulator design.

I. INTRODUCTION

Direct data-driven control synthesizes controllers directly
via experimental data collected from an unknown dynamical
system without explicitly identifying an accurate model.
Direct data-driven control can be an efficient alternative
to indirect data-driven control when a sufficiently accurate
model is costly to identify and of little or no interest. Recent
developments of direct data-driven control with stability
guarantees have been utilizing Willems et al.’s fundamental
lemma [1] for characterizing linear and nonlinear controllers
via data, such as can be found in [2]–[6]. It is noted that,
most of these results focus on the stabilization of a known
equilibrium and more complex problems such as tracking of
uncertain trajectories have been less addressed. This work
considers using finite offline data for output regulation, i.e.,
reference tracking and disturbance rejection, of a class of
nonlinear systems.

Related work. The objectives of output regulation include
stabilization of the closed-loop system and asymptotic track-
ing of a reference, despite external disturbances. Seminal
work on linear and nonlinear output regulation includes
[7]–[10]. In output regulation problem formulations, the
reference and disturbance are exogenous signals generated by
an exosystem. The internal model principle is a powerful tool
that regulates the tracking error via feedback and is a neces-
sary condition for robustness against model uncertainties for
linear output regulation [11]. The regulator design consists
of an internal model incorporating the exosystem dynamics
and a stabilizer for the augmented system composed of the
internal model and the plant. As the construction of the
stabilizer depends on the design of the internal model, the
stabilizer needs to be redesigned if the exosystem changes,
and the overall regulator design can be complicated for
nonlinear dynamics. The authors of [12] explored a universal
stabilizer design that is independent of the choice of the
internal model using incremental passivity. In particular,
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a stabilizer is developed to make the plant incrementally
passive. Then, by interconnection of the stabilizer with an
incrementally passive internal model, output regulation is
achieved. This approach decouples the designs of the internal
model and the stabilizer, and thus simplifies the design of the
regulator.

The aforementioned existing work on output regulation
relies on a sufficiently accurate model of the plant. When
such a model is unavailable, data-driven approaches have
also been proposed. For instance, a survey on linear and non-
linear output regulation via adaptive dynamic programming
is found in [13]. Using finite input-state data, [14] established
necessary and sufficient conditions for the informativity of
a given set of data for the algebraic regulator problem.
The result of [14] was extended by the authors of [15] to
linear robust output regulation, and a dynamic data-driven
state feedback regulator was designed. Using data-based
contractivity [16], the authors of [17] proposed data-driven
regulators for nonlinear systems such that the tracking error
of periodic exogenous signals are made arbitrarily small.
Assuming unknown linear plant and disturbance model,
[18] used a Koopman operator for constructing an extended
system and achieved data-driven output regulation.

Contributions. This work proposes a data-driven output
regulator design via incremental passivity for a class of
nonlinear systems, where all the system parameters are un-
known. For a class of known linear exosystems, by designing
a feedback stabilizer that makes the closed-loop system
incrementally passive and then interconnecting the closed-
loop system with an incrementally passive internal model,
output regulation is achieved. Thanks to incremental passiv-
ity, the designs of the stabilizer and the internal model are
independent and substantially simplified. The control gains
are obtained by solving a set of linear matrix inequalities
(LMIs) dependent on finite offline experimental data, which
is computationally efficient. It is noted that this work requires
the dynamics of the exosystem but not the initial condition
of the exogenous signal, and the exogenous signal is not
measured or used for the regulator design.

Outline. The rest of the paper is organized as follows.
Section II formulates the data-driven output regulation prob-
lem, analyzes the exogenous signals, and reviews incremental
passivity. Section III presents the data-driven designs of the
stabilizer, the internal model, and the overall regulator. A
numerical example is illustrated in Section IV for verification
of the proposed approach. Finally, Section V draws the
conclusion.

Notation. Throughout the paper, R denotes the set of
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real numbers and R≥0 denotes the set of non-negative real
numbers. For a symmetric matrix A, A ≻ (⪰)0 indicates
that A is positive (semi-)definite and A ≺ (⪯)0 indicates
that A is negative (semi-)definite. A + (∗)⊤ represents the
sum of a square matrix A and its transpose. All elements of
vector 1n ∈ Rn are ones.

II. PROBLEM FORMULATION AND PRELIMINARIES

This section formulates the data-driven output regulation
problem and presents preliminaries that are essential for the
main result.

A. Data-driven output regulation

Consider the nonlinear system

ẋ = AZ(x) +Bu+ Ew

e = CZ(x) + Fw (1)

with state x ∈ Rn, input u ∈ Rm, and error e ∈ Rm.
The known Z : Rn → RnZ is a vector in x. Specifically,
Z(x) is in the form of Z(x) =

[
x⊤ Q(x)⊤

]⊤
where

Q(x) ∈ R(nZ−n) denotes the nonlinear part of Z. The
uncertain signal w ∈ Rq is generated by the exosystem

ẇ = Sw (2)

where matrix S ∈ Rq×q is known and the unknown initial
condition w(t0) ∈ W ⊂ Rq with W being a compact and
forward-invariant set.

This work aims at designing a control input u such that
the tracking error e converges to 0 asymptotically despite
w. To ensure that the problem has a solution, the following
common assumptions are posed.

Assumption 1: All the eigenvalues of S have zero real
parts.

Assumption 2: For any w(t0) ∈ W, there exist x(w) and
u(w) that are polynomials in w such that x(0) = 0, u(0) =
0, and

∂x

∂w
Sw = AZ(x(w)) +Bu(w) + Ew

0 = CZ(x(w)) + Fw. (3)
Remark 1 (On the assumptions): Under Assumption 1,

exosystem (2) can generate a combination of a step function
with arbitrary amplitude and sinusoidal functions with arbi-
trary amplitudes and initial phases whose frequencies depend
on the eigenvalues of S. Assumption 2 guarantees that
there exist steady-state state and input that solve the output
regulation problem. Equations (3) are commonly known as
regulator equations in the literature on output regulation. It
is noted that the approach proposed in this work does not
require the solution to the regulator equations. Nonetheless,
it is still of our future interest to verify the solvability of (3)
via data.

This work assumes that all the system matrices
in (1) are unknown, and a data set DS :=
{ẋ(tk), x(tk), u(tk), e(tk), k = 0, 1, . . . , T − 1} for
some T > 1 is sampled from one or multiple experiments.

The data-driven output regulation problem is formulated as
follows.

Problem 1 (Data-driven output regulation): For nonlin-
ear systems (1) with unknown system matrices and known
exosystem (2), design a feedback control input u using data
set DS, such that all solutions to the closed-loop system are
bounded and limt→∞ e(t) = 0.

Remark 2 (Unknown nonlinear system): This work as-
sumes that the vector Z(x) consists of known nonlinearities,
but the matrices A, B, C, E, and F are unknown. In most
existing results on data-driven output regulation, such as [14]
and [15], the matrices C, E and F are assumed to be known.
For the approach proposed in this work, knowledge of E and
F is not needed for controller design, and C can be presented
using the error data.

B. Representation of the exogenous signal data

A crucial step of the proposed data-driven control ap-
proach is deriving the data-based representation of the
closed-loop system. A representation of the exogenous signal
data sampled during the experiment(s) is thus needed and
has been presented in [16]. For the completeness of this
paper, we include the derivation of the representation of the
exogenous signal generated by (2) as follows.

Under Assumption 1, one can rearrange the
exosystem such that w and S are partitioned as w =[
w1 w2 · · · w2q1 w2q1+1 w2q1+2 · · · w2q1+q2

]⊤
and

S = blockdiag

([
0 σ1

−σ1 0

]
, . . . ,

[
0 σq1

−σq1 0

]
, 0q2×q2

)
where q1 and q2 are integers such that 2q1 + q2 = q.
As all eigenvalues of S are on the imaginary axis, the
signal w has sinusoidal and constant components. To an-
alyze the sinusoidal component of w, let us denote wi =[
w2i−1 w2i

]⊤ ∈ R2 where i = 1, . . . , q1. Then, we write

ẇi = Siwi with Si =

[
0 σi

−σi 0

]
.

Solving this linear system using the eigenvalues and eigen-
vectors of Si gives

wi(t) =

[
γi2 γi1
−γi1 γi2

]
︸ ︷︷ ︸

:=γi

[
sin(σit)
cos(σit)

]
︸ ︷︷ ︸

:=Mi(t)

= γiM i(t) (4)

with unknown constants γi1 and γi2 depending on the
initial condition wi(t0). Thus, data matrix W0 :=[
w(t0) w(t1) · · · w(tT−1)

]
∈ Rq×T can be written as

W0 = ΓM0 (5)

where the unknown matrix Γ and known matrix M0 are

Γ := diag
(
γ1, . . . , γq1 , w2q1+1(t0), . . . , w2q1+q2(t0)

)
∈ Rq×q,

M(t) :=
[
M1(t)

⊤ · · · Mq1(t)
⊤ 1⊤

q2

]⊤ ∈ Rq×1,

M0 :=
[
M(t0) · · · M(tT−1)

]
∈ Rq×T .
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C. Output regulation via incremental passivity

In what follows, we briefly review the definition of incre-
mental passivity and the condition characterizing incremen-
tally passive systems.

Definition 1 (Incremental passivity [12]): The system

ẋ = f(x, u, t)

y = h(x, t) (6)

with state x ∈ Rn, input u ∈ Rm, and output y ∈ Rp is
incrementally passive if there exists a C1 storage function
V (t, x1, x2) : R≥0 × R2n → R≥0 such that for any two
inputs u1(t) and u2(t) and any two solutions x1(t) and x2(t)
of (6) corresponding to the inputs, the respective outputs
y1 = h(x1, t) and y2 = h(x2, t) satisfy the inequality

V̇ (t, x1, x2) =
∂V

∂t
+

∂V

∂x1
f(x1, u1, t) +

∂V

∂x2
f(x2, u2, t)

≤ (y1 − y2)
⊤(u1 − u2). (7)

Definition 2 (Regular storage function [12]): A storage
function V (t, x1, x2) is called regular if for any sequence
(tk, x1k, x2k), k = 1, 2, . . . , such that x2k is bounded,
tk tends to infinity, and ∥x1k∥ → +∞, it holds that
V (tk, x1k, x2k) → +∞ as k → +∞.

Incremental passivity describes the relationship between
any two input-output trajectories of a system. As shown
in [12], the feedback interconnection of two incrementally
passive systems with regular storage functions is also in-
crementally passive with a regular storage function. This
property lays the foundation for the regulator design. A
simple example of a regular storage function is V (x1, x2) =
(x1 − x2)

⊤P(x1 − x2) with some P ≻ 0.
The following result from [12] gives the condition for

characterizing a class of incrementally passive systems.
Lemma 1 ( [12]): Consider the system

ẋ = f(x,w) +Bu

e = Cx+ h(w) (8)

where x ∈ Rn, u ∈ Rm, and e ∈ Rm. Suppose that f(x,w)
is continuous in w and C1 in x. If there exists P ≻ 0 such
that

P ∂f

∂x
(x,w) +

(
∂f

∂x
(x,w)

)⊤

P ⪯ 0 ∀x ∈ Rn, w ∈ W,

PB = C⊤

then for any continuous w ∈ W, system (8) is incrementally
passive with input u, output e, and a regular storage function.

In the next section, a result similar to Lemma 1 will
be derived for a class of nonlinear systems, which will be
subsequently used to construct a data-driven controller that
makes the closed-loop system incrementally passive.

III. DATA-DRIVEN OUTPUT REGULATOR DESIGN

The data-driven output regulation approach proposed in
this work consists of designing a controller making the
closed-loop system incrementally passive and interconnect-
ing the closed-loop system with an incrementally passive

internal model. This section presents the data-driven control
design for achieving incremental passivity, and then the
overall design for output regulation.

A. Incremental passivation via data
Consider the dynamic controller

ξ̇ = Lξ + e,

u = KZ(x) +Kξ + v (9)

where ξ ∈ Rm is the controller state, v ∈ Rm is a
virtual input, and control gains L, K, and K are to be
designed. Defining ζ =

[
x⊤ ξ⊤

]⊤ ∈ Rn+m and Z̃(ζ) =[
Z(x)⊤ ξ⊤

]⊤ ∈ RnZ+m leads to the closed-loop system

ζ̇ = ÃZ̃(ζ) + B̃v + Ẽw

e = C̃Z̃(ζ) + Fw (10)

where

Ã :=

[
A+BK BK

C L

]
, B̃ :=

[
B

0m×m

]
,

Ẽ :=

[
E
F

]
, C̃ :=

[
C 0m×m

]
.

Using Definition 1 and in a similar manner as Lemma 1,
a characterization of incremental passivity of (10) is derived.

Lemma 2: If there exists a positive definite matrix P ∈
R(n+m)×(n+m) such that

I⊤PÃ+ Ã⊤P I ⪯ 0 (11a)

I⊤PB̃ = C̃⊤ (11b)

where

I :=

[
In 0n×(nZ−n) 0n×m

0m×n 0m×(nZ−n) Im

]
,

then system (10) is incrementally passive with respect to
input v, output e, and a regular storage function.

Proof: Define the regular storage function as
V (ζ1, ζ2) = 1

2 (ζ1 − ζ2)
⊤P(ζ1 − ζ2). The time derivative

of the storage function along the solutions ζ1 and ζ2 corre-
sponding to the inputs v1 and v2 satisfies that

V̇ (ζ1, ζ2)

=
1

2
(ζ1 − ζ2)

⊤P(ζ̇1 − ζ̇2) +
1

2
(ζ̇1 − ζ̇2)

⊤P(ζ1 − ζ2)

=
1

2
(ζ1 − ζ2)

⊤P
(
ÃZ̃(ζ1) + B̃v1 + Ẽw

−ÃZ̃(ζ2)− B̃v2 − Ẽw
)
+ (∗)⊤

=
1

2
(ζ1 − ζ2)

⊤P
(
Ã
(
Z̃(ζ1)− Z̃(ζ2)

)
+ B̃(v1 − v2)

)
+ (∗)⊤.

Recalling Z(x) =
[
x⊤ Q(x)⊤

]⊤
and by the definition of

I, one has that

ζ1 − ζ2

=

[
x1 − x2

ξ1 − ξ2

]
=I

 x1 − x2

Q(x1)−Q(x2)
ξ1 − ξ2

=I
(
Z̃(ζ1)− Z̃(ζ2)

)
.
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Therefore, it holds that

V̇ (ζ1, ζ2)

=
1

2

(
Z̃(ζ1)− Z̃(ζ2)

)⊤ (
I⊤PÃ+ Ã⊤PI

)(
Z̃(ζ1)

−Z̃(ζ2)
)
+
(
Z̃(ζ1)− Z̃(ζ2)

)⊤
I⊤PB̃(v1 − v2).

The difference between the corresponding e1 and e2 can be
found as

e1 − e2

= C̃Z̃(ζ1) + Fw − C̃Z̃(ζ2)− Fw = C̃
(
Z̃(ζ1)− Z̃(ζ2)

)
.

Under conditions (11a) and (11b), one has that

V̇ (ζ1, ζ2) ≤ (e1 − e2)
⊤(v1 − v2).

This proves that system (10) is incrementally passive with
respect to input v, output e, and the regular storage function
V (ζ1, ζ2).

Remark 3: Instead of the LMIs derived in Lemma 2, one
can also directly use Lemma 1 to derive nonlinear state-
dependent conditions characterizing the incremental passivity
of (10). Then, if the nonlinearities satisfy the Lipschitz
property, one can use an approach similar to [16, Theorem
1] to handle the nonlinearities.

Lemma 2 characterizes sufficient conditions for designing
a dynamic controller (9) that renders the closed-loop system
(10) incrementally passive. As the conditions depend on
system matrices A, B, and C, which are unknown in the
setting of this work, data set DS is used to derive a data-
based representation of (10). For this purpose, we first obtain
the following data matrices

Z0 :=
[
Z(x(t0)) Z(x(t1)) · · · Z(x(tT−1))

]
∈ RnZ×T

X1 :=
[
ẋ(t0) ẋ(t1) · · · ẋ(tT−1)

]
∈ Rn×T

E0 :=
[
e(t0) e(t1) · · · e(tT−1)

]
∈ Rm×T

U0 :=
[
u(t0) u(t1) · · · u(tT−1)

]
∈ Rm×T

from DS and the known vector Z(x). The following lemma
represents (10) via the data matrices.

Lemma 3: Consider nonlinear system (1), controller (9)
and data set DS. For any matrices K ∈ Rm×nZ , K ∈
Rm×m, and G =

[
G1 G2 G3

]
∈ RT×(nZ+2m) with

G1 ∈ RT×nZ , G2 ∈ RT×m, and G3 ∈ RT×m satisfying InZ
0nZ×m 0nZ×m

K K Im
0q×nZ

0q×m 0q×m

 =

Z0

U0

M0

G, (12)

the closed-loop system composed of (1) and (9) can be
written as

ζ̇ = ÃdZ̃(ζ) + B̃dv + Ẽw

e = C̃dZ̃(ζ) + Fw (13)

where the data-based system matrices are defined as

Ãd =

[
X1G1 X1G2

E0G1 L

]
, B̃d =

[
X1G3

0m×m

]
,

C̃d =
[
E0G1 0m×m

]
. (14)

Proof: By the dynamics of system (1), the data matrices
satisfy that

X1 = AZ0 +BU0 + EW0, E0 = CZ0 + FW0

where W0 = ΓM0 based on the analysis in Section II-B.
Under (12), it holds that

A+BK=
[
A B EΓ

]InZ

K
0

=
[
A B EΓ

]Z0

U0

M0

G1=X1G1,

BK=
[
A B EΓ

] 0
K
0

=
[
A B EΓ

]Z0

U0

M0

G2=X1G2,

C=
[
C 0 FΓ

]InZ

K
0

=
[
C 0 FΓ

]Z0

U0

M0

G1=E0G1.

Recall the definitions of matrices Ã, B̃, and C̃ in (10), one
can obtain the data-based system matrices given in (14).

Having derived the data-based closed-loop representation
(13), we present the following result for the data-driven
design of controller (9).

Theorem 1: Consider system (1), dynamic controller (9),
and data set DS. If there exist matrices Y1 ∈ RT×nZ , Y2 ∈
RT×m, Y3 ∈ Rm×m, G3 ∈ RT×m, and positive definite
matrix P1 = diag(P11, P12) ∈ RnZ×nZ with P11 ∈ Rn×n

and P12 ∈ R(nZ−n)×(nZ−n), such that[
P1 0nZ×m

0q×nZ
0q×m

]
=

[
Z0

M0

] [
Y1 Y2

]
(15a)0nZ×m

Im
0q×m

 =

Z0

U0

M0

G3 (15b)

I⊤
[
X1Y1 X1Y2

E0Y1 Y3

]
+ (∗)⊤ ⪯ 0 (15c)[

(X1G3)
⊤ 0m×(nZ−n)

]
= E0Y1 (15d)

then controller (9) with L = Y3P
−1
2 , K = U0Y1P

−1
1 , and

K = U0Y2P
−1
2 for any positive definite P2 ∈ Rm×m renders

the closed-loop system incrementally passive with respect to
input v and output e with a regular storage function.

Proof: Let G1 = Y1P
−1
1 and G2 = Y2P

−1
2 , then

conditions (15a) and (15b) guarantee the data-based closed-
loop representation (14).

Left- and right-multiply P̃−1, where P̃ = diag(P1, P2) =
diag(P11, P12, P2), to both sides of inequality (15c) gives

P̃−1I⊤
[
X1Y1 X1Y2

E0Y1 Y3

]
P̃−1 + (∗)⊤

= P̃−1I⊤
[
X1G1P1 X1G2P2

E0G1P1 LP2

] [
P−1
1 0
0 P−1

2

]
+ (∗)⊤

=

P−1
11 0 0
0 P−1

12 0
0 0 P−1

2

 I⊤
[
X1G1 X1G2

E0G1 L

]
+ (∗)⊤

=

P−1
11 0
0 0
0 P−1

2

[
X1G1 X1G2

E0G1 L

]
+ (∗)⊤ ⪯ 0.
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Define the regular storage function as V (ζ1, ζ2) = 1
2 (ζ1 −

ζ2)
⊤P−1(ζ1 − ζ2) where P = diag(P11, P2). By the defini-

tion of I and the data-based representation of Ãd, one has
that

I⊤P−1Ãd =

P−1
11 0
0 0
0 P−1

2

[
X1G1 X1G2

E0G1 L

]
.

Therefore, condition (15c) ensures that (11a) in Lemma 2
holds with P = P−1.

Condition (15d) is equivalent to[
(X1G3)

⊤ 0m×(nZ−n) 0m×m

]
=

[
E0Y1 0m×m

]
,

to the both sides of which we right-multiply P̃−1 and obtain[
(X1G3)

⊤P−1
11 0m×(nZ−n) 0m×m

]
=

[
E0G1 0m×m

]
.

Again, by the definition of I and the data-based representa-
tions of B̃d and C̃d, one has that

I⊤P−1B̃d =
[
(X1G3)

⊤P−1
11 0m×(nZ−n) 0m×m

]⊤
,

C̃d =
[
E0G1 0m×m

]
.

Therefore, condition (15d) ensures that (11b) in Lemma 2
holds. Applying Lemma 2 to (13), the proof is complete.

B. Data-driven output regulation

The previous subsection shows the data-driven dynamic
controller design that makes the closed-loop system incre-
mentally passive. According to [12, Theorem 1], an inter-
connection of the incrementally passive closed-loop system
and an incremental passive internal model renders the overall
system incrementally passive and thus solves the output
regulation problem.

The incrementally passive internal model used in this work
is

η̇ = Sη + αΞẽ

ṽ = Ξ⊤η (16)

where η ∈ Rq , ẽ = −e, and any fixed α > 0. The
corresponding regular storage function is VIM (η1, η2) :=
1
2α∥η1 − η2∥2. The interconnection of closed-loop system
(10) and internal model (16) is illustrated in Figure 1.

Fig. 1. Interconnection of closed-loop system (10) and internal model (16).

Theorem 2: Consider system (1), exosystem (2), and data
set DS. If there exist matrices Y1 ∈ RT×nZ , Y2 ∈ RT×m,

Y3 ∈ Rm×m, G3 ∈ RT×m, and positive definite matrix P1 =
diag(P11, P12) ∈ RnZ×nZ with P11 ∈ Rn×n and P12 ∈
R(nZ−n)×(nZ−n), such that (15) holds, then the controller

η̇ = Sη − αΞe

ξ̇ = Lξ + e (17)

u = KZ(x) +Kξ + Ξ⊤η − K̂e

where L = Y3P
−1
2 , K = U0Y1P

−1
1 , K = U0Y2P

−1
2 , any

α > 0, and any positive definite matrices P2 ∈ Rm×m and
K̂ ∈ Rm×m, solves the output regulation problem.

Proof: By Theorem 1, the designed controller (9)
renders closed-loop system (10) incrementally passive with
input v, output e, and regular storage function V (ζ1, ζ2).
As internal model (16) is also incrementally passive with
input ẽ, output ṽ, and regular storage function VIM (η1, η2),
the interconnection of (10) and (16) is incrementally passive
with input v̂ :=

[
v̂⊤s v̂⊤IM

]⊤
, output ê :=

[
e⊤ ṽ⊤

]⊤
, and

a regular storage function. Close the loop by the feedback

v̂ =

[
v̂s
v̂IM

]
=

[
−K̂ 0m×m

0m×m 0m×m

] [
e
ṽ

]
=

[
−K̂e
0m×1

]
(18)

for any K̂ ≻ 0. Thus, one obtain that v = ṽ+v̂s = Ξ⊤η−K̂e
and the overall regulator (17). Following [12, Theorem 1],
it can be proved that all solutions to the overall closed-loop
system under the feedback (18) are bounded, and

lim
t→+∞

[
e(t)
ṽ(t)

]⊤ [
−K̂ 0m×m

0m×m 0m×m

] [
e(t)
ṽ(t)

]
= 0,

which implies that limt→+∞ e(t)⊤K̂e(t) = 0. As K̂ ≻ 0,
it holds that limt→+∞ e(t) = 0. Thus, the output regulation
problem is solved by (17).

Discussion. In the case where the measured data is subject
to noise, the relation of the data matrices becomes

X1 = AZ0 +BU0 + EW0 +D10

E0 = CZ0 + FW0 +D20

where D10 and D20 represent the influence of all measure-
ment noise. This shows that, if the noise can be represented
by the exogenous signal w, then it can be handled by the
proposed approach. For a more general class of noise, to
handle the resulting uncertainty in the data-based closed-loop
representation, a robust version of passivation conditions (11)
is difficult to derive due to condition (11b). Nevertheless, it is
of importance to investigate how to deal with the uncertainty
caused by noisy data in our future work.

Recall that one major advantage of output regulation
via incremental passivity in the model-based setting is that
the designs of the internal model and the stabilizer are
independent. In particular, if the exosystem changes, only the
internal model needs to be redesigned accordingly, and the
stabilizer remains the same. In this work, since the data-based
closed-loop representation (13) depends on the exogenous
signal data, the design of controller (9) is dependent on
the exosystem, but not on the internal model. This means
that if the exosystem changes, conditions (15) characterizing
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the controller remain the same, but data set DS need to
be recollected to update data-based closed-loop presentation.
Nevertheless, it is still of interest to investigate how to con-
struct a data-driven controller independent of the exosystem
that makes the closed-loop system incrementally passive.

IV. AN EXAMPLE

To verify the proposed data-driven regulator, this section
considers the output regulation of the Van der Pol oscillator,
which has the dynamics

ẋ1 = x2 + w2

ẋ2 = −x1 + (1− x2
1)x2 + u

e = x2 − w1,

where exogenous signal w is generated by the exosystem

ẇ =

[
0 0.1

−0.1 0

]
w.

It is noted that the dynamics of the Van der Pol oscillator is
only used for data collection. One can verify that Assump-
tions 1 and 2 are satisfied.

Let Z(x) =
[
x1 x2 x2

1x2

]⊤
and conduct an experiment

with x(0) = [−0.1 0.1]⊤, w(0) = [0 0.1]⊤, and u = sin(t)
on the time interval [0, 10]. The data set is collected with
sampling period 0.5s and the length of the data matrices is
T = 15. Letting P2 = 1 and solving the condition (15)
in MATLAB using YALMIP [19] with MOSEK [20] gives
K = [−0.0196 − 1.5095 1.0000], K = −1.000, and
L = −0.4971. Setting α = 50, Ξ = [5 0]⊤, and K̂ = 1,
the overall regulator (17) is obtained. Simulation results of
the error e from different initial conditions are illustrated in
Figure 2, which shows that the errors converge to 0 in all
cases.

0 5 10 15 20 25 30
-1.5

-1

-0.5

0

0.5

1

1.5

2

Fig. 2. Error e for different initial conditions.

V. CONCLUSION AND FUTURE WORK

This work proposed a data-driven control design that
achieves output regulation for a class of unknown nonlinear
systems and a known linear exosystem. The design of

the regulator contains two parts: a dynamic controller that
makes the closed-loop system incrementally passive and an
incrementally passive internal model. The dynamic controller
is obtained by solving a set of data-based LMIs and is inde-
pendent of the design of the internal model. Interconnecting
the dynamic controller and the internal model leads to an
effective data-driven output regulator. Future research will
investigate output regulation with noisy data, more general
unknown disturbances, and output feedback controllers.
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