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Efficient approximation of model predictive control via
neural networks with guarantees
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Approximate MPC with
neural networks
Efficient sampling via
Sobolov Training

Deterministic and
probabilistc guarantees



» Approximate MPC with
neural networks
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Towards complex autonomous systems

Huge Challenges

» Interactions between many subsystems
Scalability

Optimality

Safety & security

vV v Vv Y

Validation & verification



Optimization-based operation and control

Optimization of processes is a major engineering goal

« Improved performance (energy, production volume, emissions)
* Subject to quality, safety and legal requirements
Optimization-based control to achieve this task!

Optimization-based control

~
Task Input
| y

System

-

~

Measurements

One of the major trends in control in the last 30 years



Mathematical formulation of MPC

minimize
Uk

subject to

control goal
N—-1
Z Uk, uk) + Vi(zNn)
k=0

Tpr1 = f(xg,u,) system model

g(iUk,uk) < 0, constraints
Lo = Linit, system state
kel0,N —1]



Considering uncertainties in MPC

. I u 4 :N‘ A
In practice, all models are wrong Y,
« Example: exact parametersofa « 4
. . . " ' : : . p—t—>
model typically not available , /.. %2 > 10 1 2 3 4 Time
C : . A Control o
« Can we make optimal decisions -
that respect constraints % L _,_ _______
despite model errors? —_— |
——2 2 10 1 2 3 4 Tme

* Yes, at the cost of increasing
computational complexity

Proposed in the linear case in [Scokaert et al., 1998], [de la Pefa et al., 2005]
Developed in the nonlinear case mostly in [Lucia et al., JPC, 2013, 2014; SCL 2020]
Many extensions by several groups [D. Krishnamoorthy et al., IEEE CSL 2018, ...]



Solving complex problems reliably in real time

Solving optimization-based control problems in real time is still
challenging:

« Forvery fast systems

* For complex systems

 On simple / standard hardware

Even more challenging if uncertainty is present

» Goal: Development of an approach that simultaneously
* Obtains approximate optimal robust solutions
« Can be computed reliably even on standard industrial devices



Main idea

Most optimization-based decision-making problems are parametric
N—1

minimize g Uz, ug) + Vi(zn)
Uk
k=0

subject to Tr11 = f(Tg, ug)
g(@k, uk) <0,
To = Tinit, | System state
kel0,N —1]

An implicit mapping xinie — w* 1s defined by the optimization
poroblem
* |s it possible to learn this mapping using machine learning technigues?



Using neural networks to approximate MPC

'tis anold idea: already done in 1995
for nonlinear MPC

e What is new?

Common practice until recent
successes in deep learning was:

» Because of universal approximation
theorem:use only 1 layer

[T. Parisini and R. Zoppoli, 1995, Akesson and Toivonen, 2006]

900
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Deep neural networks (DNN)

Neural network with L hidden layers
and M neurons per layer n,

N(az;@,M,L) = fry10grL0o fro---o0g10 fi(z)
» Affine transformation 6, = {W;, b;}
filxi—1) = Wixi—1 + by

* Activation function -
—tanh: gi(fi) = tanh(f;) =

efl _|_6_fl

—RelU: gi(fi) = max(0, fi)




Why deep neural networks to approximate MPC?

* One of the main questions in machine learning

* An intuitition why more hidden layers can help:

* The number of linear regions represented by a

network grows exponentially with the number of
layers [Montufar 2014], [Chen et al, 2018; Karg and
Lucia, 2018]

UMM\ & (L
o= () S0
* [tis also possible to compute the number of

neurons and layers necessary to exactly
represent the solution of an MPC problem

[Karg and Lucia, IEEE Transactions on Cybernetics, 2020]

M M

o o
Q.,zi
°

L

Theorem 1. There always exist parameters 0 ; and 0, ; for

2n,, deep ReLU neural networks with depth r~ ; and ry ; for

t=1,..., 1y, and width M = n, + 1, such that the vector of
neural networks defined by

N (@;0y,1, M,7y,1) = N (; 05,1, M, 775,1)

: (15)

N(x7 H'Yvnu ’ M’ r'Yanu) - N(x’ 97]7"1;7 M’ rnynu)

can exactly represent an explicit MPC law K(z) : [0,1]" —

R+,

0000 :



-Xact representation

't is possible to exactly represent a linear MPC law with a RelLU
neural network

e Divide the PWA function in a difference of two convex PWA
functions with 7~, 7Ty regions

flx) = v(z) = n(x)

« Each convex PWA function can be represented by the difference
of two RelLU network of widthM = n, + 1 and depth r.,

Main problem:in general, still exponential growth of 7,y

[Karg and Lucia, IEEE Transactions on Cybernetics, 2020]



—xact representation: Example

Exact representation via NNs

70rig (III) - norig (LL’)

3 layers each,
3 neurons per layer

X9 11 x

[Karg and Lucia, IEEE Transactions on Cybernetics, 2020]

14



Approximating a complex controller

1: Generate training samples by
solving many MPC problems

2: Offline training of the deep

* neural network
(CL’init, Uo)
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3: High performance control even on
simple hardware

15



Case-study: Industrial polymerization reactor

Monomer A A

©

Heating :

Heating

-
J
!

A

> Product A

[Lucia et al., Journal of Process Control, 2074



An industrial polymerization reactor

.. 8 differential states
my = My f

o D1 K po Mgy 3 control inputs
My =myp —kpiMyr — - 2 uncertain parameters
ges
. P1kr2MawrmMy
mp = kpimy g +
1 Myes
TR = [mFCp,F (Tr —Tg) + AHpkgpimy g — kgA(Tgr — Tg) — mAWTCp,R (Tr — TEK)]
. Cp,RMyes
Ts = 1/(Cp,fm5)[kKA(TR —Ts) — kg A(Ts — Ty)]
Ty = [mM,KWCpW (Tay — Ty) + kxA(Ts — TM)]
CpwMp kw " A
: : P1RR2M oMy rANR
Tgx = MawrCpw (Tr — Tgx) — a(Tex — Tawr) +
Cp,RmAVIiT Mges
TAWT = [mAWT KWCpW( awr — Tawr) — a(Tawr — TEK)]
Cp, WZ,“AWT KW

kr1 = koe RTR (ky1(1 = U) + ky,U)
kra = koe RTEK (ky1(1 =U) + ky,U)



Simulation results for multi-stage NMPC

» Arobust MPC is possible by considering Multi-stage NMPC
different values of critical uncertainty & 92F-— — e

parameters in a simple scenario tree e

1 1 1 1 1 | 1
X, g X, R X, X X, ! X,
o ud) ~N2 uyd, ~2 d ~4 29 gy S 30

Ead P e .e
2 2 2 2 2
22 X, 172 X3 X, X3 12 X3
ud, - uyd; Se d . o Uyt e
.
3 x; " 3 i 3 o s xy
p 3
wd, 2 wd, 5 uyd; X » uldy 30
> e J L >
4 4 4 4 4
4 4 X 454 X 474 X, X 444 X5,
urd, N uyd, ~2 updy 24 o upis Ny
.
5 5 5 5
X, 545 X 545 X 575 X3
2 3 4 30
d uyd, uyd; gl o
e e . .
6 6 6 6
6 76 Xy 6 76 X3 6 76 Xy 6 16 X3
u dy ~o uyd; - uyd gy -
e e . e
47 X, 747 x] W x) x o x]
ud, 2 u,d, 3 7 4 qum ey
8 8 8 8
8 18 X 8 18 X 8 18 X X
2 3 4 30
u,d, 2 udy, 3 udy 4 d O
P P
9 9 9 9
9 19 X 9 19 X 9 19 X30
u,d, 2 uyd, 3 uyd A 3
e —>e

« At the cost of increased computational cost %% T s o ’s

Can we learn such controller?
18



Performance of deep-learning based ms-NMPC

Exact vs. deep vs. shallow multi-stage NMPC Deep-learning based multi-stage NMPC

T
- 8 02 04 06 08 1 12 14 16 1s 25
T 120 — : : :
100l e it il
= T2 02 06 08 1 12 14 16 18 25
= 4 x10%
8. o ]
gol— . A
O 02 04 06 08 1 12 14 16 18 55
multi-stage
gL s " | |
;2350:\,_\\ ,‘ °Z~ 350&_ —
F 300 L L L L L : ! ! _I—2 300 | I I
0 02 04 06 08 1 12 14 16 18 0 05 e 25
Time [hours] Time [hours]
Algorithm  Batch time [h]  Cons. Viol. [°C/h]
Average performance Exact 1.6459 0.0058
over random 100 batches  Shallow 1.7328 0.3087 [Lucia and Karg, NMPC 2018]
Deep 1.6297 0.0549
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A batch polymerization reactor

Enable low-cost emb. implementation
« 32 bit ARM Cortex MO+
» 48 MHz with 32 kB RAM

Approx. robust NMPC:

« Memory footprint: 27 kB

» Evaluation time on a uC: 37 ms

* Trivial code-generation (PLC, uC)

Enable large(r)-scale problems
Problem with 5 uncertainties

« 243 scenarios

« ~115,000 variables and constraints

95

—

01 % Vj:’f;—;;_ = -_f::**::*;*:i;_' = _' _________ |
F 85 |
06 120 T
2100 =
] =
80 ‘
10
g4 ‘
22 M e
L y "
£ 0= I | W ‘
° 0 ! 15 2 25
— 400
S 350 PN
= 300 | | | |
0 0.5 1 15 2 55

Time [hours] 20



Robust nonlinear optimal control In microseconds

Induction heating is currently used in many industrial and domestic applications

O
Pan Vitroceramic
/—
':I‘:?\’;V;-,-,/. \ 0
- - - \
c Lagi g 248 2 o))

Power
electronics

Control switching frequency and duty cycle. Satisfy constraints under uncertainty

21



I Real iImplementation

)

Cursors | Bl Measure |

Approximate robust NMPC in 1 us (on an FPGA

|12 Anslysis | % Uniiies | @ Suppont |

| #* Timebase | P Tigger |G Display | #

iversidad

Un

[S. Lucia et al., IEEE Transactions on Industrial Informatics, 2020]

[P. Guillen et al., IEEE Access, 2022]

Zaragoza
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» Efficient sampling via
Sobolov Training

>
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How difficult Is
It to sample
properly?



Data-Efficient Approximate NMPC

All details in [Luken, Brandner and Lucia, IFAC WC 2023]
* Augmented loss using knowledge * This work

about constraints!’

» Use of parametric NLP sensitivities

e« NLP sensitivities for data * Fitting gradients: Sobolev training
augmentation!? u @ :
'8 | | [mgn Enom.(woauo;@)+|%}(wo)—%(fﬂo,@) ]
 Fitting gradients of linear MPC : 0 F

control law!® |
« Extension of Ideas ofl2:3!

[1] S.Adhau, V. Naik, S. Skogestad, 2021, CDC
[2] D. Krishnamoorthy, 2022, TAC

[3] R. Winqvist, A. Venkitaraman, B. Wahlberg, 2021, IFAC Papers Online



Sobolev Training!"2

e ,S0bolev Spaces™:

* Metric spaces containing
derivatives of function"

 Data

[D — {(wh, i, (Z%)n L. N }

 Predictions

@g = NN(x}; ®) € R A

(o) = ey 1<
N\ ’ /

[1] W. Czarnecki et al., 2017, NeurlPS
[2]J.Cocola and P Hand, 2020, LOD

All details in [LUken, Brandner and Lucia, IFAC WC 2023]

e Sobolev Loss

/ 8u0 \
Lsob (o, uo, 90 ZHUO g3

el

N = ||\ Oz Oxg .

N 7

 Training (via SGD)

8’11,0
SO ) ) @
[m(_)lﬂﬁ b(iBO Uo (9 0 ) }

26



Continuous stirred tank reactor (CSTR)

* Nonlinear dynamics

Fa C:’\,Ua 19R.U

* 4 states (ca,cB,Vr, Uk)
* 2 controlinputs (%)

dc
/8_: =F (ca0—ca) — kica — kach \

aaif = — Fep + kica — kacn
IR P (.0 — 1) + Q’;"Zﬁ% (9% — Ox)
kicAAHRp1 + kocgAHR 2 + kscA AHp 3
N 0Cp r
00k _Q+ kwAr (Ir — Ix)
ot miCp K

b o —E4,
\Z 0P B or 1 273.15) /

[K. Klatt and S. Engell, 1998, Computers & Chemical Engineering]




Sobolev Training with NLP Sensitivities

All details in [LUken, Brandner and Lucia, IFAC WC 2023]

* Hyperparameter : EEmTa

+ Grid search on approx. NMPC 5,302 ™y b= ol ]
with nominal training

« 3 Layers, 100 Neurons W T
« Tanh activation 3 107 . R

« Evaluation on mean 6107 -

absolute error (MAE) 200 L 800 1000
data

* Predictions only:||[ug — ]|
| ess sensitive to outliers
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» Deterministic and
probabilistc guarantees
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Can we trust a
NN controller?



Safe performance with NN controllers

In general, only an approximate solution is obtained and thus there
are no guarantees about constraint satistaction or stability

Many research groups have worked on these issues in recent years

Two main possibilities to achieve guarantees:
* Deterministic guarantees

* Probabilistic guarantees

Deterministic guarantees available mostly for linear systems only



Deterministic guarantees with NN controllers

Linear systems:
* Projection-based methods [Chen et al., 2018, Karg & Lucia, 2020]
* Optimization layers [Maddalena et al., 2020]

» Worst-case approximation errors and Lipschitz constants [Fabiani
and Goulart, TAC 2023], [Schwan, Jones and Kuhn, TAC 2023]

« A-prioriverification via output-range analysis [Karg & Lucia, 2020]



Deterministic guarantees: Projection

* Projection onto a feasible reagion

M M
Ny Uz
20 @ minimize
' ® subject to
‘z

[Chen et al., ACC 2018, Karg and Lucia IEEE Tran. Cyb. 2020 ]

|N (36, M, L) — |3

Cinv(Axinit + B'&) S Cinv
Cyu < Cu s

33



Output-range analysis (via MILPs)

XN
N “ ® - A“‘\»‘A\

)"'» '/

« Compute (an over-approximation u*of) the output set Uirue =N (X)
of a neural network for a given input set &,
« Checkif U* satisfies desired properties,e.g. U* CU



Input constraints

Ay < by, : matximize
Z = [Z(), S ZL]Z subject to
Output of layers
t=|t1,...,t1]:

Activation hidden layers
Uo :

Largest control input in the
direction of the normal of the
hyperplane

xo .

Feasible state leading to
largest control input

M e Rwith M > max z@
le|L+1),i€|ny]

Aq, UQ

Cino < Cin,
20 = L0,
uo = Wry1zp + by,
for all [ € [L] :
21 > Wiz + by,
21 < Wiz + b + M1y,
2 2 0,
2 < M1 —1t),
t; € {0,1}™,

[Karg and Lucia, CDC 2020]



Output-range analysis via MILPs

Az + Bug—1

Tk v

Uut

Control inputs: Control-invariance:  Convergence:
N(Xn) CU Ri(&in) € Ain Ri(Xin) € Xout

Ri(Xin) = fa oo fa(Xn) with fa(xr) = Az + BN (x)

Extended to uncertain systems in [Karg and Lucia, CDC 2022]



Activation pattern

Fach activation pattern defines a region within the state space
with an affine state feedback

X2
A2 A




Activation pattern

Fach activation pattern defines a region within the state space
with an affine state feedback

i) L2




Activation pattern

Fach activation pattern defines a region within the state space
with an affine state feedback

X2
A2 A




I Feedback in the neighborhood of equilibrium
n

 Feedback:
.‘ Req %

> X

» Stability condition:
Feedback: Pz, Toq, L+1) =

Wra(Wrp, rx+0br, 1) +bry1 =
(WriWr,,p)x + (Wriibr, L +br11)

|A— BK]| < 1.

40



I Feedback in the neighborhood of equilibrium

* Feedback: * Feedback:
P, Teq, L+ 1) = uw=—Kz
Wr1(Wr,, Lo +br, ) +bri1

» Stability condition: » Stability condition:
Wisibr,,,. + 0141 =0

A— BK| < 1.
|’A+BWL—|—1WI‘eq,LH <1 H H

» \Which neighborhood guarantees asymptotic stability?

41



Asymptotic stability

Theorem 1 [Karg and Lucia, CDC 2020]

If the neural network controller satisfies
Wiriibr,,,r +bry1 =0,

HA —+ BWL—|—1WI‘eq,LH < 1,
and there existsa k € Nsuch that &} i € Ras,

then the closed-loop system zx+1 = fa(r)is asymptotically
stable for allz € &},.

;out

» N general, neural network controllers do not satisty these conditions!

» But we can modify the last layer without affecting the shape of the

equilibrium region!
42



LQR-optimal adaptation

Theorem 2 [Karg and Lucia, CDC 2020]

The convex optimization problem

Moy N, Ny
minimize Z (W,&fl) — W,&rjl)f + Z(bgﬁl—l - bgll)Q
Wr4+1,bL41 i j=1 i=1
subject to WL+1Wreq = — Kiqr,

WL—l—leeq +br1 =0,

admits a solution which provides weights for the last layer of
the neural network controller, such that it behaves like an LQR
in the neighborhood of the equilibrium.

43



Oscillating mass

Two states:
* Displacement s
* Velocity v

One control input:
e Force u

System matrices:

s 0.5403 —0.8415 B_ —0.4597
~10.8415 0.5403 [’ | 0.8415

State constraints:

X ={reR"™| -5<x<5}

Input constraints:
U={zecR"™| -1<u<1}



Control-invariance and stability

1 A inees RigrMReq SO0 Xou
Xlﬂjout D Ras X Leq
3' I —
/ -
). ) N\, » X, is acontrol-
/ \\ invariant set for neural
1 / network controller
SR / : » Convergence to R
- [ / within 6 steps
-11-{ ! guaranteeing
N N / asymptotic stability
N\ /
D—" /
— 3 ——

45



Asymptotic stability

—— N;at — -A/'Sat,lqr /
I

Convergence to origin

4 G B EESES I mmmm o Emem o o ——

» LQR-optimized
network
converges to
equilibrium

g » Original network
has remaining
= 0 offset error

0.00 025 050 075 100 125  1.50
t [s]
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What if the system Is
nonlinear and uncertain?



Probabilistic guarantees

» Define any measurable performance function ¢(w) : W — R
For example: ¢(w) = [N (w; 8, M, L) — mypc(w)]
w represents a bounded uncertainty with known prob. distribution

What is the probability that a certain performance level is achieved?

Pryy{o(w) < 7}



Probability estimation

Naive approaches when Ni.i.d samples ¢(w'?) are drawn

* Relative frequency
P count(p(w®) < )

N N

How many samples are needed to obtain a reliable estimate?
« Two-level probability: accuracy € with confidence 1 — o

Pry{|Prw{d(w) <~} — Py| <€} > 16



Well known bounds... and great improvements

Bernoulli law of large numbers Chernoff bound
L In (2/6)
N >
~ 426 N = 2¢2

* Independent of the number of uncertainties and distribution

» But it often leads to large number of samples
e=0=0.005 — N =119,830



Well known bounds... and great improvements

Fortunately, Chernoft bound can be improved! [Tempo, Bai, Dabbene, 1997]
e Focus on the worst-case performance

oy = max ¢(w'?)
i=1,...,N 11
It the number of samplesissuchthat [N > — In — [Hertnecketal., L-CSS 2018]

then the following inequality holds: ¢

Pryy{Prw{¢(w) > ¢n} < e} >1-4

use this method to verify optimality using the dual [Zhangetal.,ACC 2019]
e=0=0.005 — N >1,058

Discard the r worst cases to improve performance [Alamo et al., 2018]



A towing kite

Probabilistically safe, embedded robust output-teedback NMPC

J Uy ( tan Oy
kite — 7 (COS YWyje —
L, E
é R
kite — — . SIN YWyite
Ly sin 6.

U .
. a ~
Yiite = L_u + ¢hte COS gkite’
T

* Objective is to maximize thrust e,
_ Erhard and Strauch, 2012

* Two states can be measured, EKF to estimate

« Uncertain aerodynamic coefficients and wind parameters

* Minimum height constraint

[Karg, Alamo and Lucia, /nt. Journal of Robust and Nonlinear Control, 2021]



Probabilistic validation

Define the performance function (with backoffn)

¢(w7 Nsima /fdnn,n) — i:()ma}]%- (hmin — h(ﬂf(j, w)))7

The controller is probabilistically Sa?ce it with probabilityl — §:

PrW(Qb(w; Nsim, denn,n) > 0) < €,

We need the following amount of samples:

e=002,0=1x10%r=4 — N =1388

[Karg, Alamo and Lucia, /nt. Journal of Robust and Nonlinear Control, 2021]



Results

Embedded real-time implementation on an ARM-Cortex M3

* 96 kB memory footprint, 32 ms running time for DNN and 28 ms for EKF

50
exact multi-stage

454 —-—- approximate
. : TN
1 height constraint / \
P 7/ '
401 TN / N !
\ ! RN / X j

, F N

3:’ I \ ./ S Y,

D97 \! .\. ,I '/ ‘‘‘‘‘ 7
! \, i / /
301 W X i / /
\ 7
925 ' -
\, X4
201 X N A //
5

10

Orite [°]

—60 —40 —20 0 20 40 60

50

exact multi-stage

454 —-—- approximate =
1 height constraint /./ A\

10 p—r— AN
/. N, K \'/ ’.
: \ / e |
3: / \ i FARN /

5 \ ' .\' ’ / A /I
i N i / :
30 | A\ i f /
251 \
\.
\ |
20- N

Orire [*]

10 -
—60 —40 —20 0 20 40 60

oy Fue ']
(@n=0m (b)n=4m
controller Kdnn,0 Kdnn,2 Kdnn,4 Kdnn.6
feasible trajectories  660/1388  1380/1388  1385/1388  1387/1388
w(v,4) [m] 1.682 0.273 -0.316 -1.818
Tz (avg.) [kN] 227516 225.997 224.185 222179
probabilistically safe No No Yes Yes
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What about deterministic
guarantees for nonlinear
uncertain systems?



Deterministic case: nonlinear & uncertain

In general a very difficult problem. One possibility:

* Online multi-step predictions of the closed loOp [Hose et al., arXiv:2304.09575, 2023]
1. Simulate online whether the closed-loop leads to a safe set

2. Ifitdoes, apply approximate MPC
3. If not, apply fallback controller

Ty = f(x1,(z1))

« How to compute a fallback controller? How to check safety for uncertain
systems? Exploit system properties! (In this case, monotonicity)
[Coogan, CDC 2020, Heinlein et al.,CDC 2022, Adamek et al. L-CSS 2024]

56



Monotone systems — states and uncertainties

« Here only discrete-time systems: x™ = f(x,u, p)

¢ FOI’xl > X2, P1 = (90
 f(xy,u,p) = f(xy,,u,p),VpeEPVUuEU
e flx,u,p) = f(x,u,p;),Vx€X,VU€EU

* Present in many engineering fields, e.g.
« Temperature control in buildings !
« Biochemical reaction casacades 2
* Traffic control 14!

 Exploited in control settings (reachability analysis) 4

1 P-J.Meyer, A. Girard, and E. Witrant, “Automatica,, 2016.

] C. Kallies, M. Schliemann, R. Findeisen, S. Lucia, and E. Bullinger, /FAC-PapersOnLine, 2016.
] M. Schmitt, C. Ramesh, P. Goulart, and J. Lygeros, ACC 2017

]

[
[
[
[4] S.Coogan, CDC 2022

1
2
3
4



Reachable sets for monotone systems

* This allows an easy computation of reachable sets for
bounded uncertaintiesp € [p~,p"]

* X1 € [f (%0, U0, p7), f (0, o, P)] = [x1, 7]

* The reachable sets can be propagated

_ _ X1
* X2 € [f(xl y Uq, p_):f(xil_lul' p+)] — [xZ ,X;]



Multiple step reachable sets

+
X1 x; sz\?
///
Xo /
% — xy
x;
X2
Ug Uy Un-—1

Details in [Heinlein et al., CDC 2022] and [Adamek, Heinlein, Luken & Lucia, L-CSS 2024]



NN controller with deterministic guarantees

T
Offline computation Online closed-loop controller evaluation
Solve (10) for N-RCI set One-step prediction
l vt = fae, Wag),p)e™ = f(@p, M(zx), p7)
Store subregions and Safety-Filter check
safe inputs ztor 2= ¢ XN-RCL vp € Ny
(uf, ;) '
: True False
Vs € NNS,VZ € Ny_1 &; ¢ ¢
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Details in [Adamek, Heinlein, Luken & Lucia, L-CSS 2024]



Conclusions

* Approximate MPC via NNs is a powerful approach that can
enable (robust) (N)MPC virtually everywhere

* Guarantees are possible!

* Deterministic:
« Many possibilitie in the linear case, often resulting in MILPs / MIQPs

« Difficult in the nonlinear case: assume fallback strategies or exploit system
properties

* Probabilistic:
» Easier for a posterior validation

* Exploit the possibilities of fast closed-loop simulations



Open problems

* Approximate MPC via NNs is nice, but how does it scale?
» Worst-case errors of approximate MPC are sometimes large
« What about distribution shifts in probabilistic validation?

» Can we have a constructive approach that obtains guarantees
for the nonlinear uncertain case”
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This Is the end



