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...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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We consider systems of the form

&= f(z)+ Bu+ Ed
>z € R™ (state) and u € R™ (control)
> d € RY (disturbance)
> f:R™ — R is an unknown vector field
> B € R™™ unknown, F € R"*? known

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

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

- ][

with (x,u) the new state and v the new control input. 226
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Assumption A vector-valued function Z : R™ — R® is known such that any entry of
f(z) is a linear combination of entries of Z(x), i.e. f(z) = 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
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D = { (&4, 24, u;) } o
where

and
0<tog<ti <...<tpr_q

are the sampling times.
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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
t=(A+BK)Z(z)+ Ed
exponentially contractive on X.

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

3P = 0,8>0: (A+ BK)g—i)TP_I + P A+ BK)g—f < —pP 'vrecx

> The choice u = K Z(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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> Contraction is a property for studying the asymptotic convergence of system
trajectories with respect to one another.

> Asymptotic results If X = R™, then a unique solution Z(t) exists, which is defined and
bounded for all ¢ € R and globally exponentially stable. If d(¢) = const, then Z(t) =%
is a globally exponentially stable equilibrium.

> No priors on feedforward control If one makes & = f(z) = (A+ BK)Z(xz) + Ed
contractive on X, then one is stabilising Z(¢) without prior knowledge of the feedforward
control action ().

> Regulation If the solution Z(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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Relating closed-loop trajectories to data

Consider the matrix
[Uo} _ [ (0 up o up—1 }
ZO Z((E()) Z(:Ul) . Z(l’T,l)
Given a K € R™*%, suppose there exists a matrix G € RT** such that

K| Uy
)=l
> The identity [g ] = [gg} G establishes a relation between the to-be-designed K

and data via a proxy G.
> (G exists if [gg} has full row rank, i.e., data are “sufficiently rich”.

> In the case of linear systems, [gg} having full row rank is guaranteed by the

“input” {328} being persistently exciting (Willems et al’s fundamental lemma).
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The closed-loop system & = (A+ BK)GZ(z) + Ed, where Z(z) = [Q 2)

} , results in the

data-dependent representation
T = <X1 — ED())G]_.T aF (Xl — ED())GQQ<.’IJ) + Ed
> The representation depends on the data matrices Uy, Zy, X7 and design variables G1, G2

> The perturbation matrix Dy is due to the disturbance d affecting the dataset

> Dy is unknown but |d| < § = Dy € D :={D € R"*T: DDT < A with A known}
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A formula for enforcing contraction via data

[K} - [UO] G, &= (X1— EDo)Giz+ (X1 — ED)G2Q(x) + Ed, 8—C")(:(,-)T‘z—(°gg(gc) < RqRY for every o € X

IS Z() oz
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[gﬂ G, i=(X1—EDo)Giz+ (X1 — EDo)G2Q(z) + Ed, Z—Q(m)T‘;—Q(I) = RQRY, for every z € X
xXr X

Consider the decision variables P€S"*", Y} € RT*" G5 € RT*" o, u € Ry and the SDP

P>0 (1a)
_ P Onx(s—n)
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If it is feasible then the control law u = K Z(x) with

K =U [1P™! Gy

makes the closed-loop system exponentially contractive on X.

13/26



Constraint (1b) can be equivalently written as

P Onx(s—n)

(1b) Zo [Yl GQ] - O(S—n)xn I

= Zy 1P Go] =1,

14 /26



Constraint (1b) can be equivalently written as

P Onx(s—n)

(1b) Zo [Yl GQ] - O(S—n)xn I

= Zy 1P Go] =1,

14 /26



Constraint (1b) can be equivalently written as

P Opx (s—n)
O(S—n)xn I
Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

(1b) Zo [Y1 Ga] = = Zy [ViP7! Gy| =1,

14 /26



Constraint (1b) can be equivalently written as

P Opx (s—n)
O(S—n)xn I
Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

(1b) ZO [Yl GQ] = — ZO [Ylpil GQ] = Is

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

14 /26



Constraint (1b) can be equivalently written as

P Opx (s—n)
O(S—n)xn I
Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

(1b) ZO [Yl GQ] = — ZO [Ylpil GQ] = Is

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

14 /26



Constraint (1b) can be equivalently written as

P Opx (s—n)
O(S—n)xn I
Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

(1b) ZO [Yl GQ] = — ZO [Ylpil GQ] = Is

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

Hence, [ f( ]

(%6

14 /26



Constraint (1b) can be equivalently written as

P Opx (s—n)
O(S—n)xn I
Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

(1b) ZO [Yl GQ] = — ZO [Ylpil GQ] = Is

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

Hence, [ f( ] = [gﬂ G. This returns the data-dependent representation of the closed-loop

system
i =(A+ BK)Z(z) = (X1 — EDy)G1z + (X1, — EDo)G1Q()

14 /26



Constraint (1b) can be equivalently written as

P Opx (s—n)
O(S—n)xn I
Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

(1b) ZO [Yl GQ] = — ZO [Ylpil GQ] = Is

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

Hence, [ f( ] = [gﬂ G. This returns the data-dependent representation of the closed-loop

system
i =(A+ BK)Z(z) = (X1 — EDy)G1z + (X1, — EDo)G1Q()

X1Y1 +(X1Y1) | +al + kEAE"T  X1G2 PRg Y|

1 T
Constraint (1c) . -1 0o G| <o
* * * —pl

14 /26



Constraint (1b) can be equivalently written as

(1b) Zo [Yl GQ] = P Onx(s—n) — 7 [Y1P71 GQ] =1

O(S—n)xn I

Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

Hence, [ f( ] = [gﬂ G. This returns the data-dependent representation of the closed-loop

system
i =(A+ BK)Z(z) = (X1 — EDy)G1z + (X1, — EDo)G1Q()

X1Y1 +(X1Y1) | +al + kEAE"T  X1G2 PRg Y|

. T . .
Constraint (1¢) . ! ° G| zo implies
* * * —pl

P Y((X, - ED)Gy + (X1 — ED)GQZ—Q) +(x)T = =pP tforall DeD
X

14 /26



Constraint (1b) can be equivalently written as

P Onx(s—n)

= 7, [YiP7! G, =1,
O(S—n)xn I 0 [ ! 2]

(1b) Zo [Y1 Ga] =

Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

Hence, [ f( ] = [gﬂ G. This returns the data-dependent representation of the closed-loop

system
i =(A+ BK)Z(z) = (X1 — EDy)G1z + (X1, — EDo)G1Q()

X1Y1 +(X1Y1) | +al + kEAE"T  X1G2 PRg Y|

. T . .
Constraint (1¢) * ! ° G| zo implies
* —
* * * —pl

P Y((X, - ED)Gy + (X1 — ED)GQZ—Q) +(x)T = =pP tforall DeD
X

Exponential contractivity on X,

14 /26



Constraint (1b) can be equivalently written as

P Onx(s—n)

= 7, [YiP7! G, =1,
O(S—n)xn I 0 [ ! 2]

(1b) Zo [Y1 Ga] =

Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

Hence, [ f( ] = [gﬂ G. This returns the data-dependent representation of the closed-loop

system
i =(A+ BK)Z(z) = (X1 — EDy)G1z + (X1, — EDo)G1Q()

X1Y1 +(X1Y1) | +al + kEAE"T  X1G2 PRg Y|

. T . .
Constraint (1¢) . ! ° G| zo implies
* * * —pl

P Y((X, - ED)Gy + (X1 — ED)GQZ—Q) +(x)T = =pP tforall DeD
X

Exponential contractivity on X, i.e., P71(A+ BK)%% + ((A+ BK)%2)" P~ < —gp~!

14 /26



Constraint (1b) can be equivalently written as

P Onx(s—n)

= 7, [YiP7! G, =1,
O(S—n)xn I 0 [ ! 2]

(1b) Zo [Y1 Ga] =

Perform the change of variable G := Y1 P!, to obtain Z, [Gl Gg] =1I.

By the same change of variable, the control gain K = Uy [YlP_l Gg] can be written as
K = Uo [Gl Gg]

Hence, [ f( ] = [gﬂ G. This returns the data-dependent representation of the closed-loop

system
i =(A+ BK)Z(z) = (X1 — EDy)G1z + (X1, — EDo)G1Q()

X1Y1 +(X1Y1) | +al + kEAE"T  X1G2 PRg Y|

. T . .
Constraint (1¢) * ! ° G| zo implies
* —
* * * —pl

oQ
ox )+

(x
Exponential contractivity on X, i.e., P~1(A4 + BK)%—Z + ((A+ BK)2
follows from (i) (X1 — EDg)G1 + (X1 — EDO)GQ ( )= (A+ BK)

P Y((X; — ED)G, + (X1 — ED)Gy—> y' < —BP tforall DD
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)Tpfl j 7ﬂP71

]
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0
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Z
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shows that the controller (G, G2) aims at (i) stabilizing the linear part of the dynamics
and (ii) dominating the growth of the nonlinearity (Rg).

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 Z; must satisfy

Zo[Gy Gl =1,

Asymptotic behaviour If X = R"™, then the designed feedback controller induces the

existence of a unique solution Z(¢) of & = (A + BK)Z(x) + Ed which is defined and

bounded for all ¢ € R and globally exponentially stable. If d(t) = const, then Z(t) =7 is a
globally exponentially stable equilibrium. 15 /26
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asymptotic properties of the solution without knowing =(t), u(t).

The solution Z(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

t= 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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Given the state z and the regulated error e, we would like to design the controller

E= e
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Given the state z and the regulated error e, we would like to design the controller
- e
u= KZ(x)+ K

that, for the closed-loop system

= AZ(z)+ Bu+ Ed

= r—CZ(x)

€

KZ(x) + K¢,

S Mm.o 8
Il

guarantees
(1) boundedness of the solution (z(t),&(t));

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

t=AZ(x)+ Bu+ Ed+ w

modelling genuine noise as before.
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How to do this? Design the feedback law
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that makes the augmented dynamics

Lo e ) s

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

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

T

Z(x,6):=[z" €& Q)]

and rewrite the augmented dynamics above accordingly, i.e.

[ﬂ — AZ(0,€) + Bu+ € m
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Data-dependent representation of the augmented dynamics
Consider any matrices K € R™*(+p) G = [gl QQ] € RT*(s+P) guch that

K Uy
Is—i—p - ZO [gl g2:|
O1xs4p M
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The constraint

A+ BK K
= [B A &L] |Lp 0= MG

. 0

U,

[zsﬂ,} = {zg} G Uo filters out the perturbation matrix

o LM B A &£] 2|6 EL from the closed-loop matrix.

Uo M Without it, we would obtain

le[B A EE] 1»?

= =2l A+ BK = (2, — £Dy)G
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such that

K Uo
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01 Xs+p M

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

[ﬂ — (A4 BK)Z(2,) + Bu+ € m ,

results in
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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 € S*tPxntr 3, ¢ RTxntpr G, c RTX5=" o € Ry and
the SDP

P =0
P 0 _
Z _ n+px(s n):|
0 [yl 92] 0(3—n)><n+p J/—
T Rq
Z0+(Z20)) +al, 221G P 0
pXT <0
* _Isfn Osfnxr -
* * _I’I’

M [yl g2] = 01><s+p
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A formula for “tuning” controllers

Consider the decision variables P € S*tPxntr 3, ¢ RTxntpr G, c RTX5=" o € Ry and
the SDP

P =0
P 0 _
Zo [y G| = n+px(s n):|
0[ ! 2] 0(8—n)><n+p Iy,
T Rq
ZN+(Z210) +al, 2.6, P 0
pxr
* _Isfn Osfnxr j 0
* * _I’I’

M [yl g2] = 01><s+p

If it is feasible then the control law

u=K[ & ] where K=o 1Pt 6]

makes the closed-loop system exponentially contractive on X x RP.
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If X = R™, then the designed controller

such that

T, £ ) is globally exponentially stable boundedness of solutions

(
0=e¢€ regulation

E= ¢
The designed regulator { u— K [ 4 } is a nonlinear PI controller. The SDP gives a
B Q(x)
method to tune offline the parameters of a PI controller for nonlinear systems.

Flexibility The addition of a single constraint to the SDP (M D/l gg] = 0) allows the
designer to filter out a (constant) perturbation
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An example - A flexible robot arm

K K, d
1 = x2 + dy, $2=—7;$1+J2];C$3—%008$1 + ds
) L . K, K, I 1 d
= = - — = —u
€T3 = T4 3, T4 TN, 1 J1N3 3 T 4
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An example - A flexible robot arm

K K

1 =2 +dy, i‘QZ—J*;m-FJQJ:[st—iJZ cosxy + da

La = +d g = Ke 7£ +i +d

T3 = T4 35 Ty = Jlchl J1N02:C3 Jlu 4
Experiment (1) 8 8 8
z € [-0.1,0.1]* Q@) =cosz1 Ro=RhH= |1 ¢ o ol *=R
we [~0.1,0.1] 000 0
T =10 y=mz17=73%

d=1[01 02 03 04]"
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An example - A flexible robot arm

K. K.

1 =2 +dy, ij:_T;xl_FJQ]ifos_iJQ cosxy + da

. Cda K. K. N 1 i

I3 =1 T4 = T — —=x —u

3 4 3 4 JlNc 1 J]NCQ 3 Jl 4
Experiment (1) 8 8 8
z € [-0.1,0.1]* Q@) =cosz1 Ro=RhH= |1 ¢ o ol *=R
u € [~0.1,0.1] 000 0
T =10 y=a17=7%

d=1[01 02 03 04]"

Results The solution of the SDP returns

K= [—3.6314 —5.9014 —5.1133 —1.0990 —0.9704 —0.0001]

inf=e, u=KZ(z¢)

25 /26



An example - A flexible robot arm

K. K

by = d Py = — ¢ c

T1 =22+ dy, T2 7 x4+ TN,

L +d i Ke K. 4

xr3 = T4 = T — —S

3 4 3 4 JlNc 1 J1N3x3
Experiment
zo € [-0.1,0.1)* Q(z) =coszy Rg =R, =
u € [—0.1,0.1]
T=10 y=x17=7%

d=1[01 02 03 04]"

Results The solution of the SDP returns

K= [—3.6314 —5.9014 —5.1133 —1.0990 —0.9704 —0.0001]

inf=e, u=KZ(z¢)
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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”. TEEE 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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Kernel-based estimation Suppose each entry f; of f, for i = 1,2,...,n, belongs to
‘H, the RKHS associated with a positive semidefinite kernel K: X x X — R. Then
one determines the interpolation function AZ(x) such that

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

where
> Z(x) = [K(z,20) ... K(z,27_1)] " and x; are samples of a dataset {(d,2;)}; o'
> Each entry d;(z) of d(x) satisfies |d;(z)| < || fillr(x), where k(z) 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(z)+ K
that makes the augmented dynamics
|  [A 0| [Z(x) B E 0] |d
=L o P[]+ [5 5]

contractive. The internal model controller 5 = e induces an equilibrium for which e = 0.

We are in the same setup as before: arrange Z(x), £ as in the vector
T
[T €7 Qa)T]

and rewrite the augmented dynamics above accordingly, i.e.

E]: g (0) g Qf +[§]u+[§ _OI} {ﬂ ZAZ(J:,f)—I—Bu—I-E[f]
ey
A

where we used the partition AZ(z) = {Z E} {Qx ] , CZ(x)= [6 a} [Qx }
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The goal is to design the feedback law
u=KZ(x)+ K¢&

that makes the augmented dynamics

e 1 e R s e
3 ¢ 0 C Q(x) \(L 0 —I||r
A B £

contractive.

We collect the dataset D := {x;, &, u;, 24, ei};frz_ol from the augmented system and arrange
it into the data matrices Uy, 2y, Z1, M that satisfy

21 =AZy+BUg+ ELM

where Uy .= [uo Uy - uT_l]
i) X e rr—1 . . .
To ©1 - T
Zo:=| & & o &ra 2z = 68 ei e; 11
Qzo) Qx1) -+ Qar-1) N
L= {do}, M =147
To
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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
(Tw(t), &, (t)), defined and bounded for all ¢ € R and globally exponentially stable.

Moreover, (Zw(t),&,,(t)) # (T,€) and
t—o00

e(t) /— 0

Nonetheless, the closed-loop system is ISS with respect to (7, ), i.e.
|(Zu () = %, (1) — )] < B(I(2(0) — 24,£(0) — &), t) + A(supo<, < [w(r)]) for t € Rxo.

Hence, the regulation error e(t) degrades as a function of w. 4/26
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Asymptotic behaviour - Global results If X = R™, then the designed feedback controller
induces the existence of a unique solution Z(t) of

i = (A+ BK)Z(z) + Ed

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

State dependent disturbance If X = R", d = d(z) (e.g., incomplete dictionaries) and

satisfies 54 Py
o9z ()" 5=
x ox
then a slightly revised version of the SDP that takes into account the bound Rp returns a
feedback controller u = K Z(x) that guarantees contractivity of the closed-loop system.
This enjoys the asymptotic properties of any (autonomous) contractive system.

(z) < RpR], for all z € X,

5/26



Conclusion
> Data-driven control of nonlinear systems expressible via “basis” functions

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 remainders)

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 remainders)

> Design based on enforcing contractivity

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 remainders)

> Design based on enforcing contractivity

> Simple end-to-end criterion (SDP=-controller)

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 remainders)

> Design based on enforcing contractivity
> Simple end-to-end criterion (SDP=-controller)
> Tuning of nonlinear PI control

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 remainders)

> Design based on enforcing contractivity
> Simple end-to-end criterion (SDP=-controller)
> Tuning of nonlinear PI control

> Noise filtering technique

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 remainders)

> Design based on enforcing contractivity
> Simple end-to-end criterion (SDP=-controller)
> Tuning of nonlinear PI control

> Noise filtering technique

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 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

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 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

6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 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

6/26



Conclusion
> Data-driven control of nonlinear systems expressible via “basis” functions
(4 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.
6/26



Conclusion

> Data-driven control of nonlinear systems expressible via “basis” functions
(4 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

Thank you!
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