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Data and control

Using data to learn controllers and bypass the lack of “known” models

...through the lenses of control theory

The system is “unknown” but some priors are available

Dataset collected during offline experiments – no online learning

Outcome

Methods that use low-complexity dataset and handle deterministic noise

Aim at simple interpretable “formulas” for control design

“Formulas” = data-dependent Semi Definite Programs SDPs
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Dynamical control systems
We consider systems of the form

ẋ = f(x) +Bu+ Ed

. x ∈ Rn (state) and u ∈ Rm (control)

. d ∈ Rq (disturbance)

. f : Rn → R is an unknown vector field

. B ∈ Rn×m unknown, E ∈ Rn×q known

Focus on continuous-time systems with constant input-vector field (B instead of
g(x)), full-state measurements

Systems with state-dependent input-vector fields, i.e., ẋ = f(x) + g(x)u+ Ed, can
be dealt with by appending a dynamical controller u̇ = v[

ẋ
u̇

]
=

[
f(x) + g(x)u

0

]
+

[
0
I

]
v +

[
E
0

]
d,

with (x, u) the new state and v the new control input.
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Assumption A C1 vector-valued function Z : Rn → Rs is known such that every entry of
f(x) is a linear combination of entries of Z(x), i.e. f(x) = AZ(x)

The system can be written as
ẋ = AZ(x) +Bu+ Ed

where A ∈ Rn×s and A,B are unknown.

. Z(x) may include both linear and nonlinear functions

Z(x) =

[
x

Q(x)

]
. The nonlinearities Q(x) satisfy∂Q

∂x
(x)>

∂Q

∂x
(x) � RQR>Q for any x ∈ X

for some set X ⊆ Rn and known matrix RQ.
Z(x) = x

De Persis, Tesi, “Formulas for data-driven control: Stabilization, optimality, and robustness”,

IEEE Transactions on Automatic Control, 2020

Z(x) polynomial

Guo, De Persis, Tesi, “Data-driven stabilization of nonlinear polynomial systems with noisy
data”, IEEE Transactions on Automatic Control, 2022
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ẋ = AZ(x) +Bu+ Ed

where A ∈ Rn×s and A,B are unknown.

. Z(x) may include both linear and nonlinear functions

Z(x) =

[
x

Q(x)

]
. The nonlinearities Q(x) satisfy∂Q

∂x
(x)>

∂Q

∂x
(x) � RQR>Q for any x ∈ X

for some set X ⊆ Rn and known matrix RQ.
Z(x) = x

De Persis, Tesi, “Formulas for data-driven control: Stabilization, optimality, and robustness”,

IEEE Transactions on Automatic Control, 2020

Z(x) polynomial

Guo, De Persis, Tesi, “Data-driven stabilization of nonlinear polynomial systems with noisy
data”, IEEE Transactions on Automatic Control, 2022

3 / 26



Assumption A C1 vector-valued function Z : Rn → Rs is known such that every entry of
f(x) is a linear combination of entries of Z(x), i.e. f(x) = AZ(x)

The system can be written as
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Assumption A vector-valued function Z : Rn → Rs is known such that any entry of
f(x) is a linear combination of entries of Z(x), i.e. f(x) = AZ(x)

Knowledge of Z(x) might come from the knowledge of the physics of the system

A “dictionary” of functions might be available from some estimation technique

If the dictionary is not complete, i.e. f(x) = AZ(x) + d(x), then an analysis
similar to the one to be presented carries over.
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Information collection

Information about the system’s dynamics is obtained from a T -long dataset of
input/state samples collected during (multiple) experiment(s)

D := {(ẋi, xi, ui)}T−1i=0

where
ẋi := ẋ(ti), xi := x(ti), ui := u(ti)

and
0 ≤ t0 < t1 < . . . < tT−1

are the sampling times.

The samples satisfy

ẋi = AZ(xi) +Bui + Edi, i = 0, . . . , T − 1
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D := {(ẋi, xi, ui)}T−1i=0

where
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A control problem

Problem Based on the dataset D design a state feedback controller

u = KZ(x)

that makes the closed-loop system

ẋ = (A+BK)Z(x) + Ed

exponentially contractive on X .

. The system is exponentially contractive on X with constant P if

∃P � 0, β > 0: ((A+BK)
∂Z

∂x
)>P−1 + P−1(A+BK)

∂Z

∂x
� −βP−1 ∀x ∈ X

. The choice u = KZ(x) allows us to express the closed-loop dynamics in terms
of the dataset D and to reduce the design of K to a convex problem
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Why contraction?

. Contraction is a property for studying the asymptotic convergence of system
trajectories with respect to one another.

. Asymptotic results If X = Rn, then a unique solution x(t) exists, which is defined and
bounded for all t ∈ R and globally exponentially stable. If d(t) = const, then x(t) = x
is a globally exponentially stable equilibrium.

. No priors on feedforward control If one makes ẋ = f(x) = (A+BK)Z(x) + Ed
contractive on X , then one is stabilising x(t) without prior knowledge of the feedforward
control action u(t).

. Regulation If the solution x(t) is not the desired one, then contractivity allows for the
design of a controller that regulates (a certain function of) the state to a desired solution.
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Useful data matrices

Consider the dataset

D := {(ẋi, xi, ui)}T−1i=0 , ẋi = AZ(xi) +Bui + Edi, i = 0, . . . , T − 1

and store the samples into matrices U0, X0, X1, Z0 defined as

U0 :=
[
u0 u1 · · · uT−1

]
X0 :=

[
x0 x1 · · · xT−1

]
X1 :=

[
ẋ0 ẋ1 · · · ẋT−1

]
Z0 :=

[
Z(x0) Z(x1) . . . Z(xT−1)

]
which satisfy the identity[

ẋ0 ẋ1 · · · ẋT−1
]︸ ︷︷ ︸

X1

= A
[
Z(x0) Z(x1) . . . Z(xT−1)

]︸ ︷︷ ︸
Z0

+B
[
u0 u1 · · · uT−1

]︸ ︷︷ ︸
U0

+E
[
d0 d1 · · · dT−1

]︸ ︷︷ ︸
D0

X1 = AZ0 +BU0 + ED0
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ẋ0 ẋ1 · · · ẋT−1
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Relating closed-loop trajectories to data
Consider the matrix [

U0

Z0

]
=

[
u0 u1 · · · uT−1

Z(x0) Z(x1) . . . Z(xT−1)

]

Given a K ∈ Rm×s, suppose there exists a matrix G ∈ RT×s such that[
K
Is

]
=

[
U0

Z0

]
G

. The identity
[
K
Is

]
=
[
U0
Z0

]
G establishes a relation between the to-be-designed K

and data via a proxy G.

. G exists if
[
U0
Z0

]
has full row rank, i.e., data are “sufficiently rich”.

. In the case of linear systems,
[
U0
Z0

]
having full row rank is guaranteed by the

“input”
[
u(t)
d(t)

]
being persistently exciting (Willems et al’s fundamental lemma).
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Data-dependent representations of closed-loop nonlinear systems
Closed-loop nonlinear system ẋ = (A+BK)Z(x) + Ed

Consider any matrices K ∈ Rm×s, G ∈ RT×n such that[
K
Is

]
=

[
U0

Z0

]
G

where

U0 =
[
u0 u1 · · · uT−1

]
Z0 =

[
Z(x0) Z(x1) . . . Z(xT−1)

] and X1 = AZ0 +BU0 + ED0

The matrix A+BK of the closed-loop system ẋ = (A+BK)Z(x) + Ed is arranged as

A + BK

=
[
B A

] [K
Is

]
[
K
Is

]
=

[
U0
Z0

]
G

=
[
B A

] [U0

Z0

]
G

X1=[B A]
[
U0
Z0

]
+ED0

= (X1 − ED0)G
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A + BK

=
[
B A

] [K
Is

]

[
K
Is

]
=

[
U0
Z0

]
G

=
[
B A

] [U0

Z0

]
G

X1=[B A]
[
U0
Z0

]
+ED0

= (X1 − ED0)G

10 / 26



Data-dependent representations of closed-loop nonlinear systems
Closed-loop nonlinear system ẋ = (A+BK)Z(x) + Ed
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Consider any matrices K ∈ Rm×s, G ∈ RT×s such that[
K
Is

]
=

[
U0

Z0

]
G

Then ẋ = (A+BK)Z(x) + Ed = (X1 − ED0)GZ(x) + Ed. Partition G as

G =
[
G1 G2

]
T

n s−n

n dimension of x, s− n dimension of Q(x).

The closed-loop system ẋ = (A+BK)GZ(x) + Ed, where Z(x) =

[
x

Q(x)

]
, results in the

data-dependent representation

ẋ = (X1 − ED0)G1x+ (X1 − ED0)G2Q(x) + Ed

. The representation depends on the data matrices U0, Z0, X1 and design variables G1, G2

. The perturbation matrix D0 is due to the disturbance d affecting the dataset

. D0 is unknown but |d| ≤ δ =⇒ D0 ∈ D := {D ∈ Rn×T : DD> � ∆ with ∆ known}
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Control design from data – recap so far

A dataset
D := {(ẋi, xi, ui)}T−1i=0

is obtained from off-line experiments conducted on the system

ẋ = AZ(x) +Bu+ Ed

and data are organized into matrices U0, X0, X1, Z0 that satisfy

X1 = AZ0 +BU0 + ED0

To design a controller u = KZ(x), we look for G =
[
G1 G2

]
that satisfies[

K
Is

]
=
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U0

Z0

]
G

and makes
ẋ = (X1 − ED0)G1x+ (X1 − ED0)G2Q(x) + Ed

exponentially contractive.

D0 is unknown but D0 ∈ D := {D ∈ Rn×T : DD> � ∆ with ∆ known}
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A formula for enforcing contraction via data[
K
Is

]
=

[
U0

Z0

]
G, ẋ = (X1 −ED0)G1x+ (X1 −ED0)G2Q(x) +Ed,

∂Q

∂x
(x)>

∂Q

∂x
(x) � RQR>Q for every x ∈ X

Consider the decision variables P ∈Sn×n, Y1 ∈ RT×n, G2 ∈ RT×n, α, µ ∈ R>0 and the SDP

P � 0 (1a)

Z0

[
Y1 G2

]
=

[
P 0n×(s−n)

0(s−n)×n Is−n

]
(1b)

X1Y1 + (X1Y1)> + αI + µE∆E> X1G2 PRQ Y >1
? −I 0 G>2
? ? −I 0
? ? ? −µI

 � 0 (1c)

If it is feasible then the control law u = KZ(x) with

K = U0

[
Y1P

−1 G2

]
makes the closed-loop system exponentially contractive on X .
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Constraint (1b) can be equivalently written as

(1b) Z0

[
Y1 G2

]
=

[
P 0n×(s−n)

0(s−n)×n Is−n

]
⇐⇒ Z0

[
Y1P

−1 G2

]
= Is

Perform the change of variable G1 := Y1P
−1, to obtain Z0

[
G1 G2

]
= Is.

By the same change of variable, the control gain K = U0

[
Y1P

−1 G2

]
can be written as

K = U0

[
G1 G2

]
Hence,

[
K
Is

]
=
[
U0

Z0

]
G. This returns the data-dependent representation of the closed-loop

system
ẋ = (A+BK)Z(x) = (X1 − ED0)G1x+ (X1 − ED0)G2Q(x)

Constraint (1c)


X1Y1 + (X1Y1)> + αI + µE∆E> X1G2 PRQ Y>

1

? −I 0 G>
2

? ? −I 0
? ? ? −µI

 � 0 implies

P−1((X1 − ED)G1 + (X1 − ED)G2
∂Q

∂x
) + (?)> � −βP−1 for all D ∈ D

Exponential contractivity on X , i.e., P−1(A+BK)∂Z∂x + ((A+BK)∂Z∂x )>P−1 � −βP−1

follows from (i) (X1 − ED0)G1 + (X1 − ED0)G2
∂Q
∂x (x) = (A+BK)

∂Z

∂x
and (ii) D0 ∈ D
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Discussion

End-to-end design The SDP only depends on data and it is hence implementable. If
feasible, its solution returns a controller that induces contractivity.

Controller aim Constraint (1c)
X1Y1 + (X1Y1)> + αI + µE∆E> X1G2 PRQ Y >1

? −I 0 G>2
? ? −I 0
? ? ? −µI

 � 0

shows that the controller (G1, G2) aims at (i) stabilizing the linear part of the dynamics
and (ii) dominating the growth of the nonlinearity (RQ).

Richness of data The richness of data is embedded in the SDP constraints (1a), (1b). If
the SDP is feasible, then the matrix of data Z0 must satisfy

Z0

[
G1 G2

]
= Is

Asymptotic behaviour If X = Rn, then the designed feedback controller induces the
existence of a unique solution x(t) of ẋ = (A+BK)Z(x) + Ed which is defined and
bounded for all t ∈ R and globally exponentially stable. If d(t) = const, then x(t) = x is a
globally exponentially stable equilibrium.
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Regulation



Steering towards a desired solution
Making the closed-loop system contractive allows the designer to guarantee
asymptotic properties of the solution without knowing x(t), u(t).

The solution x(t) might differ from the desired one though. To overcome this
obstacle, a regulation problem can be formulated.

We endow the system with an output of interest

ẋ = AZ(x) +Bu+ Ed
y = CZ(x)

where C is a known/unknown matrix. We would like to design a controller that
steers the output y ∈ Rp to a prescribed reference r and rejects the disturbance d.
For the sake of simplicity, we consider constant r, d.

We assume to measure the state x and the regulation error

e = r − y
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ẋ = AZ(x) +Bu+ Ed
y = CZ(x)

where C is a known/unknown matrix. We would like to design a controller that
steers the output y ∈ Rp to a prescribed reference r and rejects the disturbance d.
For the sake of simplicity, we consider constant r, d.

We assume to measure the state x and the regulation error

e = r − y

17 / 26



Steering towards a desired solution
Making the closed-loop system contractive allows the designer to guarantee
asymptotic properties of the solution without knowing x(t), u(t).

The solution x(t) might differ from the desired one though. To overcome this
obstacle, a regulation problem can be formulated.

We endow the system with an output of interest
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Given the state x and the regulated error e, we would like to design the controller

ξ̇ = e
u = KZ(x) +Kξξ

that, for the closed-loop system

ẋ = AZ(x) +Bu+ Ed
e = r − CZ(x)

ξ̇ = e
u = KZ(x) +Kξξ,

guarantees
(i) boundedness of the solution (x(t), ξ(t));
(ii) limt→+∞ e(t) = 0.

Here d models a process disturbance to be rejected by the integral action. We
could also have an extra w

ẋ = AZ(x) +Bu+ Ed+ w

modelling genuine noise as before.
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How to do this?

Design the feedback law

u = KZ(x) +Kξξ

that makes the augmented dynamics[
ẋ

ξ̇

]
=

[
A 0
C 0

] [
Z(x)
ξ

]
+

[
B
0

]
u+

[
E 0
0 −I

] [
d
r

]
contractive. The internal model controller ξ̇ = e induces an equilibrium for which e = 0.

We are in the same setup as before: arrange Z(x), ξ as in the vector

Z(x, ξ) :=
[
x> ξ> Q(x)>

]>
and rewrite the augmented dynamics above accordingly, i.e.[

ẋ

ξ̇

]
= AZ(x, ξ) + Bu+ E

[
d
r

]
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ẋ

ξ̇

]
=

[
A 0
C 0
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[
B
0

]
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E 0
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The goal is to design the feedback law

u = KZ(x, ξ)

that makes the augmented dynamics[
ẋ

ξ̇

]
= AZ(x, ξ) + Bu+ E

[
d
r

]
contractive.

We collect the dataset D := {xi, ξi, ui, ẋi, ei}T−1i=0 from the augmented system and arrange
it into the data matrices U0,Z0,Z1,M that satisfy

Z1 = AZ0 + BU0 + ELM︸︷︷︸
D0

whereU0 :=
[
u0 u1 · · · uT−1

]
Z0 :=

 x0 x1 · · · xT−1
ξ0 ξ1 · · · ξT−1

Q(x0) Q(x1) · · · Q(xT−1)

 Z1 :=

[
ẋ0 ẋ1 · · · ẋT−1
e0 e1 · · · eT−1

]

L :=

[
d0
r0

]
, M = 11×T , D0 =

[
d0 d0 . . . d0
r0 r0 . . . r0

]
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Data-dependent representation of the augmented dynamics
Consider any matrices K ∈ Rm×(s+p), G =

[
G1 G2

]
∈ RT×(s+p) such that K

Is+p
01×s+p

 =

U0

Z0

M

 [G1 G2
]

The matrix A+ BK of the closed-loop system plant+controller[
ẋ

ξ̇

]
= (A+ BK)Z(x, ξ) + E

[
w
r

]
satisfies

A+ BK
=

[
B A EL

]  KIs+p
0


 KIs+p

0

=

U0
Z0
M

G
=

[
B A EL

] U0

Z0

M

G
Z1=[B A EL]

U0
Z0
M


= Z1G

The constraint

0 = MG

filters out the perturbation matrix
EL from the closed-loop matrix.
Without it, we would obtain

A+ BK = (Z1 − ED0)G
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Data-dependent representation of the augmented dynamics

Consider any matrices K =
[
Kx Kξ KQ

]
∈ Rm×(s+p), G =

[
G1 G2

]
∈ RT×(s+p)

such that  K
Is+p

01×s+p

 =

U0

Z0

M

 [G1 G2
]

The matrix A+ BK of the closed-loop system plant+controller[
ẋ

ξ̇

]
= (A+ BK)Z(x, ξ) + Bu+ E

[
d
r

]
,

results in [
ẋ

ξ̇

]
= Z1GZ(x, ξ) + E

[
d
r

]
We can then design K (through G) that makes the closed-loop system contractive
and – as a byproduct – returns the controller that regulates e to 0.
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A formula for “tuning” controllers

Consider the decision variables P ∈ Sn+p×n+p, Y1 ∈ RT×n+p, G2 ∈ RT×s−n, α ∈ R>0 and
the SDP

P � 0

Z0

[
Y1 G2

]
=

[
P 0n+p×(s−n)

0(s−n)×n+p Is−n

]
Z1Y1 + (Z1Y1)> + αIn Z1G2 P

[
RQ
0p×r

]
? −Is−n 0s−n×r
? ? −Ir

 � 0

M
[
Y1 G2

]
= 01×s+p

If it is feasible then the control law

u = K
[ x

ξ
Q(x)

]
where K = U0

[
Y1P−1 G2

]
makes the closed-loop system exponentially contractive on X × Rp.
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If X = Rn, then the designed controller

ξ̇ = e
u = KZ(x, ξ)

where K = U0

[
Y1P−1 G2

]
induces an equilibrium (x, ξ ) in the closed-loop system

, i.e.

0 = (A+ BK)Z(x, ξ) + E
[
d
r

]
,

such that

(x, ξ ) is globally exponentially stable boundedness of solutions

0 = e regulation

The designed regulator

{
ξ̇ = e

u = K
[ x

ξ
Q(x)

] is a nonlinear PI controller. The SDP gives a

method to tune offline the parameters of a PI controller for nonlinear systems.

Flexibility The addition of a single constraint to the SDP (M
[
Y1 G2

]
= 0) allows the

designer to filter out a (constant) perturbation
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An example - A flexible robot arm

ẋ1 = x2 + d1, ẋ2 = −Kc

J2
x1 +

Kc

J2Nc
x3 −

mgd

J2
cosx1 + d2

ẋ3 = x4 + d3, ẋ4 =
Kc

J1Nc
x1 −

Kc

J1N2
c

x3 +
1

J1
u+ d4

Experiment

x0 ∈ [−0.1, 0.1]4

u ∈ [−0.1, 0.1]

T = 10

Q(x) = cosx1 RQ = R>Q =


1 0 0 0
0 0 0 0
0 0 0 0
0 0 0 0

 X = R4

y = x1 r = π
3

d =
[
0.1 0.2 0.3 0.4
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ẋ3 = x4 + d3, ẋ4 =
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J2
x1 +

Kc

J2Nc
x3 −

mgd

J2
cosx1 + d2
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Conclusion
. The use of data for control design benefits enormously from control theory

[interpretable results with guarantees]

. The method rests on convex programs whose feasibility depends on the choice of
libraries, quality of data and growth rate of nonlinearities

. Data-based nonlinear control still not mature

Outlook

New ways to establish systems properties and design control from training data

De Persis, Tesi. “Formulas for data-driven control: stabilization, optimality, robustness”. IEEE
Transactions on Automatic Control, 65(3), 909-924, 2020.
De Persis, Rotulo, Tesi. “Learning controllers from data via approximate nonlinearity
cancellation”. IEEE Transactions on Automatic Control, 65 (3), 909-924, 2023.
Hu, De Persis, Tesi. “Enforcing contraction from data”. IEEE Transactions on Automatic
Control, 2025.
Hu, De Persis, Simpson-Porco, Tesi. “Data-driven harmonic output regulation of a class of
nonlinear systems”. Systems & Control Letters, 2025.
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Conclusion
. The use of data for control design benefits enormously from control theory

[interpretable results with guarantees]

. The method rests on convex programs whose feasibility depends on the choice of
libraries, quality of data and growth rate of nonlinearities

. Nonlinear data-based control still not mature

Outlook

New ways to establish systems properties and design control from training data

Thank you!

c.de.persis@rug.nl
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Assumption A vector-valued function Z : Rn → Rs is known such that any entry of
Z?(x) is a linear combination of entries of Z(x)

Knowledge of Z(x) might come from the knowledge of the physics of the system

A “dictionary” of functions might be available from some estimation technique

Kernel-based estimation Suppose each entry fi of f , for i = 1, 2, . . . , n, belongs to
H, the RKHS associated with a positive semidefinite kernel K : X × X → R. Then
one determines the interpolation function AZ(x) such that

f(x) = AZ(x) + d(x),

where
. Z(x) = [K(x, x0) . . .K(x, xT−1)]

> and xi are samples of a dataset {(ẋi, xi)}T−1i=0

. Each entry di(x) of d(x) satisfies |di(x)| ≤ ‖fi‖Hκ(x), where κ(x) is known.

Hu, De Persis, Tesi. “Learning controllers from data via kernel-based interpolation”. 62nd IEEE Conference on Decision
and Control, 8509-8514, 2023.
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The goal is to design the feedback law

u = KZ(x) +Kξξ

that makes the augmented dynamics[
ẋ

ξ̇

]
=

[
A 0
C 0

] [
Z(x)
ξ

]
+

[
B
0

]
u+

[
E 0
0 −I

] [
d
r

]
contractive.

The internal model controller ξ̇ = e induces an equilibrium for which e = 0.

We are in the same setup as before: arrange Z(x), ξ as in the vector[
x> ξ> Q(x)>

]>
and rewrite the augmented dynamics above accordingly, i.e.[

ẋ

ξ̇

]
=

[
A 0 Â

C 0 Ĉ

]
︸ ︷︷ ︸

A

 x
ξ

Q(x)

+

[
B
0

]
︸︷︷︸
B

u+

[
E 0
0 −I

]
︸ ︷︷ ︸

E

[
d
r

]
= AZ(x, ξ) + Bu+ E

[
d
r

]

where we used the partition AZ(x) =
[
A Â

] [ x
Q(x)

]
, CZ(x) =

[
C Ĉ

] [ x
Q(x)

]
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] [ x
Q(x)

]

2 / 26



The goal is to design the feedback law

u = KZ(x) +Kξξ

that makes the augmented dynamics[
ẋ
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C 0 Ĉ
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B
0

]
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B

u+
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F 0
0 −I

]
︸ ︷︷ ︸

E

[
w
r
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contractive.

We collect the dataset D := {xi, ξi, ui, ẋi, ei}T−1i=0 from the augmented system and arrange
it into the data matrices U0,Z0,Z1,M that satisfy

Z1 = AZ0 + BU0 + ELM
where U0 :=

[
u0 u1 · · · uT−1

]
Z0 :=

 x0 x1 · · · xT−1
ξ0 ξ1 · · · ξT−1

Q(x0) Q(x1) · · · Q(xT−1)
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e0 e1 · · · eT−1
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C 0 Ĉ
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Genuine noise
Here d models a process disturbance rejected by the integral action.

We could also
have an extra w

ẋ = AZ(x) +Bu+ Ed+ w

modelling genuine noise as before. A revised version of the previous SDP and the
same controller guarantees contractivity of the closed-loop system even in the
presence of w.

Contractivity of the closed-loop system implies the existence of a unique solution
(xw(t), ξw(t)), defined and bounded for all t ∈ R and globally exponentially stable.
Moreover, (xw(t), ξw(t)) 6= (x, ξ) and

e(t)
t→∞
6−→ 0

Nonetheless, the closed-loop system is ISS with respect to (x, ξ), i.e.

|(xw(t)− x, ξw(t)− ξ)| ≤ β̂(|(x(0)− x∗, ξ(0)− ξ∗)|, t) + γ̂(sup0≤τ≤t |w(τ)|) for t ∈ R≥0.

Hence, the regulation error e(t) degrades as a function of w.
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Discussion – Asymptotic properties

Asymptotic behaviour - Global results If X = Rn, then the designed feedback controller
induces the existence of a unique solution x(t) of

ẋ = (A+BK)Z(x) + Ed

which is defined and bounded for all t ∈ R and globally exponentially stable. If
d(t) = const, then x(t) = x is a globally exponentially stable equilibrium.

State dependent disturbance If X = Rn, d = d(x) (e.g., incomplete dictionaries) and
satisfies

∂d

∂x
(x)>

∂d

∂x
(x) � RDR>D for all x ∈ X ,

then a slightly revised version of the SDP that takes into account the bound RD returns a
feedback controller u = KZ(x) that guarantees contractivity of the closed-loop system.
This enjoys the asymptotic properties of any (autonomous) contractive system.
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Conclusion
. Data-driven control of nonlinear systems expressible via “basis” functions

(+ remainders)

. Design based on enforcing contractivity

. Simple end-to-end criterion (SDP⇒controller)

. Tuning of nonlinear PI control

. Noise filtering technique

Outlook

. Control theory key technology to deal with data and dynamical control systems

. Nonlinear control design from data remains a challenging problem

. Measurement noise, I/O data, complex systems

De Persis, Tesi. “Formulas for data-driven control: stabilization, optimality, robustness”. IEEE
Transactions on Automatic Control, 65(3), 909-924, 2020.
De Persis, Rotulo, Tesi. “Learning controllers from data via approximate nonlinearity cancellation”. IEEE
Transactions on Automatic Control, 65 (3), 909-924, 2023.
Hu, De Persis, Tesi. “Enforcing contraction from data”. IEEE Transactions on Automatic Control, 2025.
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Thank you!

c.de.persis@rug.nl
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