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Data-driven
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Machine learning and control engineering
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MPC and ML = main trends in control R&D in industry !

model predictive control machine learning
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assive set of techniques to extract mathematical models from data

- Ridge classification
- Logistic regression
- Naive Bayes classification Classification

- Linegr PCA

- Autoencoders

- Support vector machines
- K-nearest neighbors
- Decision trees
. - Ensemble methods (bagging,
Unsupervised Machine Supervised bootstrap, random forests)

Leaming Learni ng Learning - !\.I.eural networks

Clustering
Semi-
Supervised
Leaming - Linear regression (least-squares,

- K-means clustering ndge regression, Lasso, elastic-net)

- Density-based spatial clustering (G - Kernel least-squares
Learning - Supportvectorregression_

- Gaussian process regression
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{Machine Learning (ML) _J @

& MR
b gy 7,;?
J”C/_”/'- .1‘;1’. f-adl]

J Good mathematical foundations from artificial intelligence,
statistics, optimization

J Works very well in practice (despite training is most often a
nonconvex optimization problem ...)

] Used in myriads of very diverse application domains

] Availability of excellent open-source software tools also explains
success
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identification)

* Autoencoders, recurrent neural networks (nonlinear models)

* Online learning of feedforward/recurrent neural networks by EKF
* Piecewise affine regression to learn hybrid models

2. Use reinforcement learning to learn the MPC law from data

* Q-learning: learn Q-function defining the MPC law from data

data using stochastic gradient descent

performance
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{MPC design from data } @
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1. Use machine learning to get a prediction model from data (system

. Policy gradient methods: learn optimal policy coefficients directly from

* Global optimization methods: learn MPC parameters (weights, models,

horizon,solver tolerances, ...) by optimizing observed closed-loop

~
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Learning prediction models for MPC \ @

Control-oriented nonlinear models:

* Black-box models: purely data-driven. Use training data to fit a prediction

model that can explain them

/ A PN AT
r 4 .»": VaTa TN T .. Y
} t o \_; N . "_." predlctlon
da ‘ 2 oo
¥ G ,\; 3 Qial model

. Physics—based models: use physical principles to create a prediction model

(e.g.: weather forecast, chemical reaction, mechanical laws, ...)

* Gray-box (or physics-informed) models: mix of the two, can be quite

effective

L y
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LModels for control systems design | @

* Prediction models for model predictive control:

— Complex model = complex controller— model must be as simple as
possible

— Easy to linearize (to get Jacobian matrices for nonlinear optimization)

* Prediction models for state estimation:
— Complex model = complex Kalman filter

— Easy to linearize

* Models for virtual sensing:

— No need to use simple models (except for computational reasons)

e Models for diagnostics:
— Usually a classification problem to solve

— Complexity is also less of an issue

o y
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‘ Models for control systems design \ @

Lingar models Piecewise linear models  Nonlmear linear models

. y -~ basis functions + linear regression
- [imear 1/0 models (ARY, ARMAL, - deciciontrees - rour et :

- tbspace inear SY5-D - neuralnets+ (RalRell - eoesrestaciablbor

- Wermgein - femeans + linear models
(iage, elastic-net, Lasso)
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Nonlinear SYS-ID based on Neural Networks @
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® Neural networks proposed for nonlinear system identification since the ’90s

e NNARX models: use a feedforward neural network to approximate the nonlinear
difference equation 4, ~ N(y;_1,

sy Yt—mg Ut —15- - - )u'f.—’n.b)
® Neural state-space models:
-w/state data: fit a neural network model  z¢ | = N (2, ue), ye = Ny (24)

-I/0 data only: set xt = value of an inner layer of the network, such as an
autoencoder

® Alternative for MPC: learn entire prediction

Yt+k — hk(;l:t,ut, P ,'1,Lt+;._,_]), k= | (R ,N _.

® Recurrent neural networks are more appropriate for accurate open—loop
predictions, but more difficult to train (see later ...)

L y
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NLMPC based on Neural Networks @

B b 4

Approach: use a neural network model for prediction

) neural :
\ prediction . nonlinear :
’\. model :  optimization
wy _/'_‘ ) : algomhm .‘
- /-f‘» oy -

outputs
ut)

collect i T train codegen A__--"-“ "‘§ deploy
—_— F ' | — _— B —~ — : _—
data neural model NLMPC controller




-

o

MPC of Ethylene Oxidation Plant

e

Ig

\ vy

continuously stirred tank reactor (CSTR)

o Hy + 505 — CoH40

B b 4

CoHy + 309 — 2C02 + 2H50
CoH40 + g()g — 20049 + 2H,0

* Nonlinear model (dimensionless variables):

uy (1l — z124)
2 i Ja 1
uy(uz — z2x4) — A1e T4 (z224)2 — Age ™4 (zax4)4
o 1 1 s 1
—u1z374 + A1e T (zax4)2 — Age T (z3x3y4)2
ks ;3 1 o . | 1
wy(1—z)+B e ¥ (zaxy)2 4+ Boe T4 (xaxy )4

s 1 =
Bye T4 (x3x4)2 — By(zy—Tg)
Ty

|

3

x4 = gas density

x = ethylene concentration

x3 = ethylene oxide concentration
x4 = temperature in reactor

u, = feed volumetric flow rate
uz = ethylene concentration in feed

11 = manipulated variables, x5 = controlled output, uo = measured disturbance

* Chemical process= oxidation of ethylene to ethylene oxide in a nonisothermal

/
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Neural Network Mode @

Ethylene Oxidation Plant

e
Train state-space neural-network model x4 (validation data)
Tit1 = N (zk, ur) 0.08 - ——

0.05

0.04

1,000 training samples {u, zx } i
2 layers (6 neurons, 6 neurons) ¥
6 inputs, 4 outputs

sigmoidal activation function

003

— 112 coefficients iy Un

NN model trained by ODYS Deep Learning toolset

(model fitting + Jacobians — neural model in C)

Model validated on 200 samples.

A O A 4 0 =« N w a w

50 100 150 200

(-]

3 k41 reproduced from xy, ug with max 0.4% error .
validation sample

© y
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MPC of Ethylene Oxidation Plant @

s 34

e MPC settings:

sampling time =8 measured disturbance @t=200
prediction horizon N =10

control horizon N.=3
constraints 0.0704 < up < 0.7042

: N — ‘ ‘
cost function Yo (k1 — The1)? + o5 (w1 ke — w1 k—1)?

e We compare 3 different configurations:

- NLMPC based on physical model

- Switched linear MPC based on 3 linear models obtained by linearizing the
nonlinear model at C> H4O = {0.03, 0.04, 0.05}

- NLMPC based on black-box neural network model

o
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L

switched linear MPC |

\

v

i i i
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time (s)

* Neural NLMPC requires no physical model

0.055 |-

00S -

Q045

004 -

0.005 |-
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Yo H 4O concentration

neural NLMPC

i i i
s0 100 150

time (s)

i
200 250

* Neural and model-based NLMPC have similar closed-loop performance
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* Idea: use autoencoders and artificial neural networks to learn a nonlinear

state-space model of desired order from input/output data

Yis 1 Yi-n+1 Yr+1: t Yi-n+2
QOOOOOQ O_OOOOOQ
decoder\ . D v D
0000 é Oopo’
t
rp— 9 — Ly Ty
t O state t
’OOOO\ update 0000
encoder [/ E e ; BER
» 0000000 0000000
Bancder Ye-1: o+os Yor Uy Yxs ---,tyk_n.,.l
..................................... ol i

ANN with hourglass structure

© y
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e Training problem: choose n,, np, n, and solve —— R —
'-\‘ “ ".‘ ‘\-. 'i l-
N-—1 Y y J Rt
. x " , 0000 o 0000
min D> a (31 (Ok,Ok) + &1 (0k+1,0k+1)) Qi —asls
i kl ko ~ .If statema —~ f‘- .
0000, © gelelsle
+ﬁ£2 (T;{ 12Tk 1 ) + 7£3 (Ok'i' 1 o;l 1 ) ¢ . e
0000000 | OO0O00D
s.t. =i =€(1k_1), = R oy AN | |
l}.L Uk ,}
:1‘:;_*_1 = f(2x,ur), k=ko,...,N—1 Ow=lvh ... yh,)
Ok :d(mk), O,: :d(m;), k:ko,...,N P ’ ’ p P
Li.=[y;, ... Ye—nag+1 Yk + - “k—nb+|]

T ——

e Model complexity can be reduced by adding group-LASSO penalties

e Quasi-LPV structure for MPC:set  f(zk,ux) = A(xr,ur) [ F]+ B(zk, ur)ur
(Aij, Bij, Ci; = feedforward NNs) ye = Clar,u) [

¢ Different options for the state-observer:

- use encoder ¢ to map past /O into 2. (deadbeat observer)
- design extended Kalman filter based on obtained model [, d
Q - simultaneously fit state observer 3k +1 = s(2k, Uk, Yx ) With loss €4 (£x41, Tr+1)




. Example: nonlinear two-tank benchmark problem

‘ :El(L +- 1) = :l:l(L) — k171 (L) + kz'lL(L)
0 - xa(t + 1) = 22(t) + ka/x1(t) — kar/z2(t)
L y(t) = x2(t) + u(t)

m.-.;mﬂu Model is totally unknown to learning algorithm

* Artificial neural network (ANN): 3 hidden layers 60 1 ~ - ~ ]
exponential linear unit (ELU) neurons { \/ \ / "'\ / \ /|
* For given number of model parameters, autoencoder " |

approach is superior to NNARX

* Jacobians directly obtained from ANN structure for

" i i
4 ) L 150 200 ol
fima xinps

Kalman filtering & MPC problem construction -
LTV-MPC results

o

/




* Alternative: learn the entire prediction

> 1
Yk = hi(zo,uo, ..., uk—1), k=1,...,N 11 .
To uy Uy UN-1

e LTV-MPC formulation: linearize hj around nominal inputs u;

B B Ohy. B B
Yk = hk(:L‘(),UQ, . ’uk—l) + Jz_: a?LJ ('LO; uo, - - - ,uk—l)(uj - uj)

Example: u. = MPC sequence optimized @k — 1

e Avoid computing Jacobians by fitting k. in the affine form

U —Up
Yk :fk(l"O’ﬁOa"':ﬁk—l)+gk(I0)ﬁO"")ﬁk—l) [ . ]

Upe— 1 — Uk —1

L y
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e Example: apply affine neural predictor to nonlinear Predictionstep  BFR
two-tank benchmark problem 1 0.959
. , 2 0.958
10000 training samples, ANN with 2 layers of 20 RelL U neurons 4 0.948
19 — vl 7 0.915
Best fit rate BFR = max {0, 1-— y—?‘! } 10 0.858
ly — #ll=
e (Closed-loop LTV-MPC results: 20
e Model complexity reduction: 10
add group-LASSO term with penalty A .
A BFR (average # nonzero -
on all prediction steps) weights . o
.01 0.853 328 s AR
0005 0868 363 0 S0 100 150 200 250 0 350
0.001 0.901 556
0.0005 0911 888
0 0917 S000




* Neural prediction models can speed up the MPC design a lot

* Experimental data need to well cover the operating range (as in linear

system identification)

* No need to define linear operating ranges with NN’s, it is a one-shot

model—learning step

. Physical models may better predict unseen situations than black box

models

. Physical modeling can help driving the choice of the nonlinear model

structure to use (gray-box models)

e * NN model can be updated online for adaptive nonlinear MPC
N, P P
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Training feedforward neural networks

e Feedforward neural network model:

D 5
[ vk = A1+ b0 = LN S =0 v
vor, = Azf1(vik) + b2 NORY/ g -®
ot'®
Y = fy(xr,0) = < :
0= (A1,b1,...,AL,bL
vpe = Ar,fr-1(vn-1)k)+0bL (A1, 01 L, bL)
.\ 9% = JSfr(vLrk)
= . — —

E.g.: ) = currentstate &input,or . = (Yk—15-- - s Yk—ny> Uk—1s-- - s Uk—ny )

e Training problem: given a dataset {«o,v0,...,ZN_1,YN_1} SOlve

N-—-1
min r(0) + D Uy, f(xk,0))
k=0

E—— e——

e |tis a nonconvex, unconstrained, nonlinear programming problem that can be
solved by stochastic gradient descent, quasi-Newton methods, ... and EKF !




Training feedforward neural networks by EKF

e Keyidea: treat parameter vector 0 of the feedforward neural network as a
constant state

Ok+1 = Op+m
ye = f(xk,0k) + Ck

and use EKF to estimate 6j. on line from a streaming dataset {«, yx }
e Ratio Var[ne|/ Var[(x] is related to the learning-rate

e Initial matrix (Pp—) ' is related to quadratic regularization on ¢

o




e
-
e Recurrent Neural Network (RNN) model: . 'j.;;,J e
R X
N J.&J i~
tky1 = Jz(ok,uk,0z) oY
Yk - fy(Ik’oy) Vj =A_,-fj_1(vj_l)+b_,-
fz, [y = feedforward neural network
J 0=(A11bl:-"1A’.1bL)
| — |
(e.g.: general RNNs, LSTMs, RESNETS, physics-informed NNs, ...)
e Training problem: given a dataset {ug, yo,-..,uN_1,yN_1} solve
;] Nl
min (20,02, 0y) + — Y U(yk, fy(zk,0y))
Oz, 0y N k=0
o, T1y---, TN
S.l. Tpy1 = f:r:(wk; Uk, 9:!:)
I — — ———

e Mainissue: z;. are hidden states, i.e., are unknowns of the problem

L
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Training RNNs by EKF
e Estimate both hidden states x;. and parameters 0., ,, by EKF based on model
Tk+1 = Ja(Tk, uk,O0zk) + &k Ratio Var[nx]/ Var[Cx] related to
[ Or(k+1) ] [ Ok ] iy learning-rate of training algorithm
= k
Oy (x Oy
By a Inverse of initial matrix Py related to

yre = fy(Tr,Or) + Ck ¢>-penalty on 0., 6,

e RNN and its hidden state x;. can be estimated on line from a streaming dataset
{ur, yr }, and/or offline by processing multiple epochs of a given dataset

e Can handle general smooth strongly convex loss fncs/regularization terms

e Canadd #7;-penalty A “ [g‘: ] I1 to sparsify 6., 8, by changing EKF update into
& (k|k) & (k|k—1) 0

[ez(kw)] = [Om(klk—l)]+M(k)e:(k)—)\1’(ls;|k: =7 [sign(ox(klk—l))]
0, (k|k) 0y, (k|k—1) sign(0, (k|k—1))

-




* Dataset: magneto-rheological fluid damper 3499 170 data

* N =2000 data used for training, 1499 for testing the model

* Same data used in NNARX modeling demo of SYS-ID Toolbox for MATLAB
* RNN model: 4 hidden states, shallow state-update and output functions 6

neurons, atan activation, I/O feedthrough

* Compare with gradient descent (Adam)

10*

e A, AT
— EKF

0 S 10 15 20 0 100 200 300 400 SO
training time [s]) epoch




e Compare BFR! wrt NNARX model (SYS-ID TBX):

EKF=92.82, Adam = 89.12, NNARX(6,2) = 88.18 (training)
EKF = 89.78, Adam = 85.51, NNARX(6,2) = 85.15 (test)

e Repeat training with #;-penalty 7 “ [ 3; ]

U}u‘) '../{‘ 7 ;:«"iazn

|

= Test data: open-loop simulation (on a model instance)

i

. 6 2-85.15%

percentage of zeros

£1-regularization parameter 7

o

Y —wll2

95
90
g F ~—
— %1 ——BFR (test data)
f5 gol{—— BFR (training data)
/M s percentage of zeros in 6, 8,
70 o ul
10® 10° 107

1Best fit rate BFR=100(1 — Y=Yz ). averaged over 20 runs from different initial weights




* Use EKF to train Long Short-Term Memory (LSTM) model

za(k+1) = oc(Wpru(k)+Uszp(k)+bs) © xa(k)
+oc(Wiu(k) + Urzp(k) + br) © oc(Weu(k) + Ucxp(k) + be)
zp(k+1) = oac(Wou(k)+ Uopzp(k)+bo) ® oc(za(k+ 1))
y(k) = [fy(zo(k),u(k),by)

oc(a) = ==, 0c(a) = tanh(a)

* Training results (mean and std over 20 runs):

BFR Adam EKF
RNN training | 89.12(1.83) | 92.82(0.33)
ng = 107 | test 85.51 (2.89) | 89.78 (0.58)
LSTM training | 89.60(1.34) | 92.63(0.43)
ng = 139 | test 85.56 (2.68) | 88.97 (1.31)

* EKF training applicable to arbitrary classes

models!

o

of black/ gray box recurrent

/
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Dataset: 2000 I/O data of linear system with binary outputs

[ 8 2

sk+1) = [0 ‘.;l]m(k)+[fisl]u(k)+g(k) Var[¢; (k)] = o2

.1 —.1 .
(1 if[-21505]x(k)—2+((k) >0

y(k) = o Var[((k)] = o®

0 otherwise

\

N=1000 data used for training, 1000 for testing the model

- . EKF accuracy [%]
Train linear state-space model with 3 states 5 test | training
and sigmoidal output function 5000 1 9802 T 9797

0.001 | 95.33 | 98.66
: —AY[z (k) u(k)]’ —bY
! (y) = 1/(1 + e~ Arl= () u(B)=br) 0.010 | 97.99 | 9852
0.100 | 94.56 | 95.44

o _ 0.200 | 93.71 | 92.22

Training loss: (modified) cross-entropy loss
Ty '
teec(y(k),9) =Y —vi(k)log(e + §:) — (1 — yi(k)) log(1 + € — i)

=1
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Training RNNs by Sequential Least-Squares

e RNN training problem = optimal control problem:

N -1

minoraoysmﬂvzlv"amN—l 1.($0,9I)9y) + § : e(yk"gk)
k=0
s.t. Lk4+1 — f:r:('—"k: wg., 03‘)

Yk = fy(ﬂ:k’"’k,()y)

- 0,04, 1o = manipulated variables, ;. = output, yx = reference, ur = meas. dist.

- r(xo, 0z, 0,) = input penalty, £(yi, Jr ) = output penalty
— N = prediction horizon, control horizon =1

e Linearized model: given a current guess 0| ()"' B :1,{','\',_l , approximate

Axpy
Ay

(V:l:f:r)’AJ:k -+ (Vex fz)’Agz
(Vaz fy) Axr + (Vo, fy) Al

-
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Training RNNs by Sequential Least-Squares

v?\./:,u/f;n}‘}”,ezh
e Linearized dynamicresponse: Az = Mp,Axg + Mpo,  AO,
Mo = I, Mope, =0
h h
M(ki Nz = Vafz(Th,Ur,0;) Mo
M(k{ 1)0., — wax(mzquk)og)ngx +v9xf$(m21"'k)g:';)

e Take 2"9_order expansion of the loss £ and regularization term r

e Solve least-squares problem to get increments Axg, Af,, AG,,

e Update 't gh+1 0!’}"‘1 by applying either a

— line-search (LS) method based on Armijo rule
— or atrust-region method (Levenberg-Marquardt) (LM)

e The resulting training method is a Generalized Gauss-Newton method
_» very good convergence properties

© y
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e Fluid-damper example: (4 states, shallow NNs w/ 4 neurons, /O feedthrough)

"Nl AMSGrad
~—— NAILM
— AMSGrad -
MSE loss on training data,
mean value and range over 20
o] BEE runs from different random
- initial weights
! 1
’ ' ‘ ’ u:s.i.;um ;aé ' ‘ ’ “ u:.sn:ﬁufo(n
BFR training test
NAILS = GNN method with line search NAILS 94.41 (0.27) | 89.35(2.63)
_ ; NAILM 94.07 (0.38) | 89.64 (2.30)
NAILM = GNN method with LM steps - 9141 (0.70) | 87.17 (3.06)
AMSGrad | 84.69 (0.15) | 80.56 (0.18)




Training RNNs by Sequential LS and ADMM @

Sy i

* We also want to handle non-smooth (and non-convex) regularization terms

. N —
g, 0, ,xq "'(1"0} 0z, 9y) T Zk:()l E(ykv fy(icka Oy)) + g(f}z, 9y)
8.t. eyl = falze,up,02)

* Idea: use alternating direction method of multipliers (ADMM) by splitting

- N_
ming, 0, zo vz, T(Z0,0z,0y) + Zk:u] €k fy(xk,0y)) + 9V, vy)
8.t. Tpsr = folTk,ur,0z)

Vr 0.,
Vy] -~ [0,,]




Training RNNs by Sequential LS and ADMM

e
e ADMM + Seq. LS = NAILS algorithm (Nonconvex ADMM lIterations and Sequential LS)
—m:)+l — 0 —vh+wt 2
ot 1 = argming,.e,.0, V(x0,0z,0,) + § ” [0I -4 ,f] | (sequential) LS
| 95F1 | ‘ v Py Ty 12
Ewe _ L1 t pt+1 t "
Lt = proxi,(0z"" + wz, 0, + wy) proximal step
Y P
t41 ] hpgt+l L1
I:zfll — [:Zimf" ::f|1] uPdQ!:Q d.u.od. VArs
v J v vy v

e Fluid-damper example: Lasso regularization g(v,, vy) = 7z||vz||1 + 7|yl

100 - 100 @
2
__ 8o} 480 §
¥ | —BFR (test data) - Te =Ty =T
oy ——— BFR (training data) °
g w-—petoenlagaolzerosindx.a 4 40 _g
2 12 £ (mean results over 20 runs
=9
0 0

phr o= e por- g from different initial weights)

{;-regularization parameter 7




Training RNNs by S

ential LS and ADMM
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e Fluid-damper example: Lasso regularization g(vz, vy) = 0.2||vz|[1 + 0.2]|y |4

training BFR BFR sparsity CPU =

algorithm training test % time epochs — :

NAILS 91.00(1.66) | 87.71(267) | 65.1(6.5) | 11.4s 250 ~2 same fit than
NAILM 91.32(1.19) | 87.80(1.86) | 641(7.4) | 11.7s 250 SGD/EKF but sparser
EKF 89.27(1.48) | 86.67(2.71) | 479(2.1) | 1325 50

AMSGrad | 9104(047) | 8832(080) | 168(7.1) | 640s | 2000  Modelsand faster
Adam 90.47(0.34) | 87.79(044) | 83(35) | 639s | 2000 (CPU: Apple M1 Pro)
DiffGrad | 90.05(0.64) | 87.34(1.14) | 7445) | 639s | 2000

e Fluid-damper example: group-Lasso regularization g(v) = 7, >_0=, |¥7 |2
to zero entire rows and columns and reduce state-dimension automatically

100 . vy S - SE———
= \ good choice: n, = 3
& ™[ —BFR (test dala) 1478 (best fit on test data)
m .| — BFR (lraining dala) -
—— final model order =
m A A aaaasash A A aaaaal A AA A A aas A A A A ASAR A A .l"’
10 10° 102 107! 10° 10!

group-lasso regularization parameter 7,




- I
Training RNNs by Sequential [Sand ADMM @

Sy 2o

e Fluid-damper example: quantization of 6., 8,, for simplifying model arithmetic
+leaky-RelLU activation function

0 if6;
q(0;) = FRy Q Q = multiples of 0.1 between -0.5 and 0.5
+o0o otherwise

- BFR =84.36 (training), 78.43 (test) <— NAILS w/ quantization
- BFR = 17.64 (training), 12.79 (test) <+ no ADMM, just quantize after training
— Training time: = 12 s (w/ quantization), 7/ s (ho ADMM)

* Note: no convergence to a global minimum is guaranteed

e NAILS/LM = flexible & efficient algorithm for training control-oriented RNNs

© y




Trammg RNNs - Silver
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* Silverbox benchmark (Duffin oscillator): 10 traces of ®8600 data used
for training, 40000 for testing

output [V]

u - ‘

ms? « ds + ky

Y=<

(b)

(Schoukens, Ljung, 2019)

test data

sample «10*




Training RNNSs - Silverbox benchmark @

i 34

RNN model: 8 states, 3 layers of 8 neurons, atan activation, no 1/O feedthrough

Initial-state: encode x4 as the output of a NN with atan activation, 2 layers of 4
neurons, receiving 8 past inputs and 8 past outputs

M N-1 i
minOIU ,0..,0, 7'(0:1:0, 0y, oy) + Z Z e(yia 7’/\-12:) .
. . J=1k=0 _ o v=|ul}
st s = fulodyid, 00), 9L = fulal,ul,6,) .
413'(7) = f.?.‘n (Uj’ 0-‘1'30) _“:—8-

e (>-regularization: 7(0z,, 0+, 60,) = “-—g‘(||9$||§ + 164 113) + 0—§l||9m0||%
e Total number of parameters ng, + ng, + ng, =296+225+128=649

e Training: use NAILM over 150 epochs (1 epoch = 77505 training samples)

-




e |dentification results on test data :

identification method RMSE [mV] BFR [96]
ARX (ml) [1] 16.29 [4.40] ©9.22 [73.79]
NLARX (ms) [1] 842 [4.20] 83.67 [92.06]
NLARX (mlc) [1] 1.75[1.70] | 96.67 [96.79]
NLARX (ms8c50) [1] 1.05[0.30] | 98.01[99.43]
Recurrent LSTM model [2] 2.20 95.83

SS encoder [3] (n, = 4) [1.40] [97.35]
NAILM 0.35 99.33

-

e Repeat training with ¢;-regularization:

gg-:.
- 10} o
E o ¢
g 1 = :\AH.M. .r.:'m :
o 1} o ifei ]
N\

&

"’};;{_AJ '../{‘ 7 ;:«"iszu

[1] Ljung, Zhang, Lindskog, Juditski, 2004
[2] Ljung, Andersson, Tiels, Schon, 2020

[3] Beintema, Toth, Schoukens, 2021

e NAILM training time = 400 s (MATLAB+CasADi on Apple M1 Max CPU)

"

10

20

40 80 160 320 640 1280

sumber of model parameters
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Training RNNs

* Computation time (Intel Core i9-10885H CPU (@2.40GHz):

EKF /time step | seq. LS /epoch
language autodiff CPU time CPU time
Python 3.8.1 PyTorch ~30 ms (N/A)
Python 3.8.1 JAX ~ 9 ms ~1.0s
Julia 1.7.1 Flux.jl ~ 2 ms ~08s
MATLAB R2021a | CasADi ~ 0.5ms ~0.1s

ODYS EKF and ODYS Deep Learning libraries)

immediate

models

&

s I b
Rl ¢ Wiy

V-

* Several sparsity patterns can be exploited in EKF updates (supported by
* Note: Extension to gray-box identification + state-estimation is

* Note: RNN training by EKF can be used to generalize output disturbance

models for offset-free set-point tracking to nonlinear /0O disturbance

~




utonomous Driving

Goal: track desired longitudinal speed (v,), lateral
displacement (e,) and orientation (A W)

Inputs: wheel torque 7', and steering angle 6

Constraints: on e, and lateral displacement s (for
obstacle avoidance) and manipulated inputs 1%,,

Sampling time: 100 ms
Model: zray-box bicycle model

kinematics is simple to model (white box)

tire forces harder to model + stiff wheel slip ratio
dynamics (kys, k) = small integration step required

learn a black-box neural-network model !

D "g"’%ﬁlf_’ﬁﬂi&";ﬁj,

i vy COS A — vy, Sin Ay
1 —we,
&y, = v, sin Ay + v, cos Ay é
AY = w — kS




‘ Deep Nonlinear MPC for Autonomous Driving I @
G, ~/» i

e ODYS Deep Learning Toolset used to learn a neural-network with input
(vg, vy, w, kr, ky, Ty, 0) @k and output (v, vy, w, kyr, ky) @k + 1

e Data generated from high-fidelity simulation model with noisy measurements,
sampled @10Hz

¢ Neural network model: 2 hidden layers, 55 neurons each

vehicle body states

e Advantages of black-box (neural network) model:

20

- No physical model required describing 10
tire-road interaction °

- directly learn the model in discrete-time
(Is = 100 ms) o2

aoc

time [s]

-




e Model validation on test data:

one-step ahead prediction on test data

/
l Deep Nonlinear MPC for Autonomous Driving \

i 34

open-loop predictions

sample

Tensorflow -
Keras F automatic
PyTorch C-code gen

OoDN 'S

ODYS-NN training

o

T —
. —e— tue ¥ s e .
g 20
E — E ——
5w =i "‘M |
a o
P - —————=s, PN - r W 2 EW e 2.
7 o3 —— = —_—
£ o —— an E o ——— ann
T 05 'y T = s |
= — — — —_— — = o = -
T a2 —— e EO’ —— Tue
3 ao —— N s ——
- 023 - |
. v - . 0o L«
BV . e A s, ° — . S P P
Q001 b 0 Q00D
- — Ty — —— Tue
v OGooo — v —— N
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00001 0001
-~ SV . . S PN & & & i
- 0023 — TN p— —— Tue
< B.0TS
© 00 — [™ — ann
= 003 i | = ‘
0.000
-} 20 ac «3 80 100 10 13 20 2.3 20

time [s]

* C-code (network+Jacobians) automatically generated for ODYS MPC

E Embedded MPC

D\’S
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Deep Nonlinear MPC for Autonomous Driving

l-’;’\,/r”‘lf‘);l}é»‘;ig}’

* Closed-loop MPC: overtake vehicle #1, keep safety distance from vehicle #2

d |deg] _ T, INm]j tot #QP iterations | SQP iterations

TS e ————— e e e —

o 0 o O 20 0 40 ; O L)

tir:e [s] time [s] tir::e [s]

* Good reference tracking, constraints on ey , vx satisfied, smooth command

action

o y
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Data-driven MPC

UQQA/"’;‘}L;‘;,K}J
optimization
algorithm
set-points outputs
>
A« .
(

T measurements

e Canwe design an MPC controller without first identifying a model of the

open-loop process?

o
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Data-driven direct controller synthesis @

Gyt 7550

—

Collect a set of data {u(t). y(t),.p(t) },t =1,..., N

Specify a desired closed-loop linear model M fromrtoy

Computer,(t) = M¥y(t) from pseudo-inverse model M* of M

Identify linear (LPV) model K, from e, = r, — y (virtual tracking error) to u




o

(,l:o!:all.v knowin 1)

l-’;’\,/r”‘l/‘);l}é»‘;ig}’

e Designalinear MPC (reference governor) to generate the reference r

diction model

p
B gy S ld ’
: u \ O,
70 —3 MPC yo—i  Kp > Y o S
desired T s
reference T M Linear
p v
4
0o — MPC

V[J

*

e MPC designed to handle input/output constraints and improve performance




5.yl
Ch 7 ¢ Wy

e Experimental results: MPC handles soft constraintson u, A u and y

(motor equipment by courtesy of TU Delft)

2] u
4.5 T T T T 5 T T T T
r
with MPC _
al without MPC || Z. 0
=
I | 5_ L 1L 1 1 1
_ 33 5 10 15 20 25 30
g A
= u
® 3 N 05 T
= b S
2.5 ¢ 3 v
| 1 1 1 L 0-5- ‘ I I I ‘
2 5 10 15 20 25 30
5 10 15 20 25 30 Time [s[
Time [s]

desired tracking constraints on Iinput

performance achieved increments satisfied

@ No open-loop process model is identified to design the MPC controller!

/




o Question: How to choose the reference model A 7

= = L B

e Canwe choose M from data so that K, is an optimal controller ?

o y




e ldea: parameterize desired closed-loop model M (#) and optimize

N—1
min J(0) = Z W, (r(t) — yp (0. )" + Wa,Aus(0, £) + Wae(u(t) — u.(6.1))° :
N =
= Ferfurm:r.ur:e adex Ld.enl':tﬁcal:mh error
E— E———

e Evaluating .J(#) requires synthesizing K, (#) from data and simulating the
nominal model and control law

ypl(@, 1) = M(0)r(t) up (@, 1) B)(r(t) —yp(0.1))
Aug(f.1) = up(f, t) — up{ﬂff —1)

e Optimal # obtained by solving a (non-convex) nonlinear programming problem

© y
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Results: linear process

z =4
22 4015z = 0.325

G(z) =

Data-driven controller only 1.3% worse than
model-based LQR (=SYS-1D on same data +
LQR design)

Results: nonlinear (Wiener) process
ye(t) = G(z)ult)
y(t) lyr ()| arctan(y . (£))

The data-driven controller is 24% better than
LQR based on identified open-loop model !

T

i i i i i
] i as ki R i
s

i i i i
iz L] il il 1




o

¢ Plant + environment dynamics (unknown):

- s¢ states of plant & environment
St41 = h'l:-‘it,}-'-'t-. Uhdt}

— e = I+ EX0genoUs signal (e.g., reference)

- 1w, control input

- ; unmeasured disturbances

e Control policy: 7 : E™= " — R« deterministic control policy
Uy = ﬂ-{strpi}
e (Closed-loop performance of an execution is defined as

'-T'J'E[T;: 0. {Ff: df}:;["]] — Z P{-‘FE,PE-_ ﬂ['qf:pf}}
£=i)

.IE[.SE  Pis ﬂ-['gf'- pf}] = stage cost




Gyt 4
e Optimal policy:
™ = argmin, J(7)
j[;‘.i'l'::l = IE:S::_.{P!._-EL'!]* [Jm{jli', 50 {pf, ulif}::l] EIFEC-I:td-. FE'I“‘FD‘I‘I"HE.HEE
[ — |

» Simplifications:

- Finite parameterization: @ = mg (5. p; ) with K = parameters to optimize
L—1

- Finite horizon: 75 (. s0. {P.E.,{I.E}i;ﬂl-} = Z plse, pe,7(se, pe))
=0
e Optimal policy search: use stochastic gradient descent (SGD)

Hf — Hf_]_ —_— {Itﬂ[f{i_l}l \
T —

with D( K;_,) = descent direction




Gyt s

« The descent direction D(K;_, ) is computed by generating:

- N, perturbations sff] around the current state s;
- N. random reference signals rg‘f ! of length L,

- Narandom disturbance signals df,_h] of length L,

Na. Np N, — .{_;'-’-#-:' o
DK = 355 e 0.0 | R
i=1 j=1 k=1 S e
— —

5GD step = mini-batch of site M = N, - N,. - N
o Computing V i 71 requires predicting the effect of m over L future steps

e We use alocal linear model just for computing V i 71, obtained by running
recursive linear system identification

-
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1
2
3.
4

J‘%‘/Z_'J '/..“;~ 7 J"’iz”

+ At eachstept:

. Acquire current s,
. Recursively update the local linear model
Estimate the direction of descent D(K;_,)

. Update policy: Ky «+— K;_; — oy D(K,_4)

¢ |f policy is learned online and needs to be applied to the process:

- Compute the nearest policy K to K that stabilizes the local model

K} = argmin||K — K73

s.t. K stabilizes local linear model Limear makbrix ijiuﬁlunl.l'.f:'j

¢ When policy is learned online, exploration is guaranteed by the reference r;
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Auy = uy —uy_y control input increment

Stagecost: || yesr —1e |5y + Il Aue |7 + | @e2 |12,

Integral actiondynamics g; .1 = q; + (yep1 — 7))

Linear policy parametrization:

Tr(se, 1) = —K" -5 — K7 -1y,

K

H—E
H‘F‘
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—0.669

0.378

0.233

—.288 —0.147 —0.638

—0.337

0.589

0.0:43

oot |

[-1.139 0.319 —0.571] =y

—0.295
—0.325
—0.258

Online tracking performance (no disturbance, d, = 0):

4

1

10000

|

J‘%‘/Z_'J '/..“;~ 7 J"’iz”

model (5 unbkoaow

gy =1
o 3.1
Qg =1
i g i L
k4 ] 20k
Dk 1 Lk
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Evolution of the error || K; — K, ||2:

4 I

— ||Ky — Kope []5 |
2 —
() ’ '
0 10000 20000 30000
Time t
Ksep = [—1.255,0.218, 0.652, 0.895, 0.050, 1.115, —2.186]

K., =[—1.257.0.219,0.653,0.898,0.050,1.141, —2.196]
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Feed
B States
model is unknown
- Cooling Jacket
C
Ci Reaction Feed:
T A—"B

- concentration: 10kg mol/m?
Product

> - temperature: 298.15K

Continuously Stirred Tank Reactor (CSTR)

spmonitor.com

T=T+mnr, Ca=Ca+nc, nr,nc~N(0,0%), o=0.01

-




Online learning

concentration ' 4 and reference ry

temperature T

learning

=W
)
%W 30
20 |-
290
coolant temperature T
=0
00
¥ o
260
0 Som
Tame 1

n; no I
2 3 10

No Ny‘ Nq
50 20 20

Validation phase

Costof Kgap — 4.3 - 103

Costof Kjp — 2.4 - 104

10000 20000

Time t

"’};;{_AJ '../{‘ 7 ;:«"iszu

I nouts

Feed
I C: N States

Cooling Jacket

Reaction
A—*B

Continuously Stirred Tank Reactor (CSTR)

{courtesy: apmonitor.com)

SGD beats SYS-ID + LQR

* Extended to switching-linear and nonlinear policy, and to collaborative
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*The design depends on a vector x of MPC parameters

e Parameters can be many things:

— MPC weights, prediction model coefficients, horizons

— Covariance matrices used in Kalman filters

—Tolerances used in numerical solvers

* Define a performance index f over a closed—loop simulation or real

eXperiment.

For example:

.
F(x) = lly) —r@)|?

(Eracikcing qucd.i.l:-j)

e Auto-tuning = find the best combination of parameters by solving

the global optimization problem

©

In?éll S (x)
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‘ Global optimization algorithms for auto-tuning \

What is a good optimization algorithm to solve min f(x) 7

(which is expensive to evaluate)

o

&

p ey
J,«‘c/r”h/"’.];yu)ﬂ’?,’

* The algorithm should not require the gradient Vf(x) of f(x), in particular if

experiments are involved (derivative-free or black-box optimization )
* The algorithm should not get stuck on local minima (global optimization)

* The algorithm should make the fewest evaluations of the cost function f

~
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{Global optimization algorithms for auto-tuning } @

L Ly gl i ..J:.; »'ul-
J”;,_A'/.. 2174 s?‘s

e Several derivative-free global optimization algorithms exist:

— Lipschitzian—based partitioning techniques:

* DIRECT (Dlvide in RECTangles)
* Multilevel Coordinate Search (MCS)
— Response surface methods
* Kriging , DACE
* Efficient global optimization (EGO)
* Bayesian optimization
— Genetic algorithms (GA)
— Particle swarm optimization (PSO)

e New method: radial basis function surrogates + inverse distance

weighting (GLIS)

© y
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Auto-tuning - GL!

e Goal: solve the global optimization problem

min, f(x)
st. f<r<u
g(x) <0

e Step #0: Get random initial samples zy,...,znN,,,.
(Latin Hypercube Sampling) s & a8 1 & 3

e Step #1: given N samples of f atxq,...,x N, build the surrogate function

¢ = radial basis function

N
f2) = Bid(ellx — xi|2) Example: ¢(ed) = 1oz
i=1 |

(inverse quadratic)

Vector 3 solves f(x;) = f(x;)foralli = 1,..., N (=linear system)

CAVEAT: build and minimize f(:z:.,-) iteratively may easily miss global optimum!
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‘ Auto-—tuning —(y

e Step #2: construct the IDW exploration function

zfx) = %AF tan—! (E‘,N llw,-(:x:))
orOifx € {x1,...,zN}
ol
where w;(x) = T
s — ;

A F' = observed range of [(x;)
e Step #3: optimize the acquisition function

TNy = argmin f(z) — dz(x)
st. £<z<u,g(x)<0

to get new sample N1

e |terate the procedure to get new samples o, . ..

-

o= exploitation vs

exploration tradeoff

? ‘I:Nlrlax




200
100
0

ackley

adjiman

10 20 30 40 50 10 15
branin camelsixhumpes
i
e GLIS
5 10 15 20 F
hartmand

BO
e GLIS

«10*

stepfunction2

e GLIS

5 10 15 20 25

number of lunction evaluations

10 20 30 40 SO 60

number of function evaluations

ptimization

L ‘-ﬁwﬁf}&";ﬂ},
problem n BO [s] GLIS [5]
ackiley P £9.39 313
adjman 7 3.29 0.68
brenin 2 9.60 1.7
camelsixhumps Z 482 0.6
hartman3 3 2027 C e
hartmand 6 548357 8.80
himmelblau 2 7.20 0.90
rosenbrocks 3 63.09 y b
stepfunctionZ 4 I 7 181
styolinski-tang> 5 37.02 e.10

Results computed on 20 runs per test

BO = MATLAB's bayesopt ftn




p
Auto-tuning: MPC example |

e We want to auto-tune the linear MPC controller

s 34

50—1

min Z (Y41 — 7(8))% + (WA (up, — up_1))?
k—0

S.t. ZTp41 = Azi + Bug

Yo = Cxy
=1.9< wp. < 1.5 -
U = UN,, Yk — Nu, e ,N —1 e e NI

e Calibration parameters: = = [log,, W2%, N,]
e Range: -5 <zx; <3and1l < x5 <50

e Closed-loop performance objective:

i
1
flz) = 30 (00— r®)® + 5(ul) —ut — 1) + 2N,

Arack well - 7 swall QU
swmoocth contrel acAion

o




e Result: z* = [—0.2341, 2.3007]

-

—)

Byt i

1 — -1 & best function value
0.5 -
0 = 200
-05
-1 4 180
1_5 I 1 ' 1 1 i 1 'l
0 10 20 30 40 50 60 70 80 90 100 160
140}
120
100 -
80| .
x
60 M L
0 50 100 150

function evaluations

WAr — (0.5833, N,, = 2
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MPC Autotuning Example l @

n gl Syl
b8 7N

e Linear MPC applied to cart—pole system: 14 parameters to tune

— sample time

— weights on outputs and input increments
— prediction and control horizons

— covariance matrices of Kalman filter

— absolute and relative tolerances of QP solve

T
e Closed-loop performance score: .J = / 1p(t) — pres(t)| + 30|p(2)|dt
Jo

* MPC parameters tuned using 500 iterations of GLIS

* Performance tested with simulated cart on two hardware platforms (PC,

Raspberry PI)

-
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MPC optimized for desktop PC

MPC Autotuning Example

S il

=
E‘Or--

s
L+

LR

W0 4

Argle (dng)

Arge (dg)

Fota (N)

effort

o

optimal sample time = 6 ms

MPC optimized for Raspberry PI

Foua (V)
-]

]
—_—
gy

optimal sample time =22 ms

* MPC parameters tuned by GLIS global optimizer (500 fcn evals)
* Auto-calibration can squeeze max performance out of the available hardware

* Bayesian optimization gives similar results, but with larger computation

/
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Auto-tuning: Pros and Cons | @

e Pros:

sy Selection of calibration parameters x: to test is fully automatic

s Applicable to any calibration parameter (weights, horizons, solver tolerances, ...)

o Rather arbitrary performance index () (tracking performance, response time,
worst-case number of flops, ...)

e Cons:

"® Need to quantify an objective function f(z)
"® No room for qualitative assessments of closed-loop performance

i@ Often have multiple objectives, not clear how to blend them in a single one

©




Active preference learning @

v?\./:,u/f;n}‘}”,ezh
e Objective function f(x) is not available (latent function)
e We canonly express a preference between two choices:
| 3 i x1 “better” than x» f(z1) < f(z2)]
w(xy,22) =4 0 if -y “as good as” x5 f(zy) = f(z2)
| 1 ifaxy “better” than x; f(z1) > f(x2)

e We want to find a global optimum z* (=“better” than any other x)
find z* suchthat w(z*,2) <0, Ve € X, { <z < u
e Active preference learning: iteratively propose a new sample to compare

e Keyidea: learn a surrogate of the (latent) objective function from preferences

o




Preference learnlng example

#ﬂﬂ
. Eﬂ

e Realistic image synthesis of material appearance are based on models

with many parameters x1, . . ., xn

* Defining an objective function f (x) is hard, while a human can easily
assess whether an image resembles the target one or not

* Preference gallery tool: at each iteration, the user compares two images

generated with two different parameter instances

L




surrogate function ?{x)
N4 - : “ : f : ,\
exploration function z(x)

0.5

05

0

.- wgw . ¥ A { 3
acquisition function a(x) = f{x)-z(x)

Byt i

e Fitasurrogate f' (z) that respects the preferences expressed by the decision

maker at sampled points (by solving a QP)

e Minimize an acquisition function f(z) — §z(z) to get a new sample z 1

e Compare x4 to the current “best” point and iterate

L




Semi-automatic calibration preference—based learning

Gy 4

e Use preference-based optimization (GLISp) algorithm for semi-automatic

tuning of MPC

¢ Latent function = calibrator’s (unconscious) score
of closed-loop MPC performance

e GLISp proposes a new combination 1 of MPC
parameters to test

* By observing test results, the calibrator expresses a
preference, telling if « 1 is “better”, “similar”, or
“worse” than current best combination

¢ Preference learning algorithm: update the
surrogate f(x) of the latent function, optimize the
acquisition function, ask preference, and iterate

©

testing &
assessment

control preference

parameters

preference-
based learning :
= algorithm !




Preference-based

e Semi-automatic tuning of
x = [log,, WA*, N, ] in linear MPC

50—-1

min = > (Yks1 — (1) + (WA (ug — ur—1))?
k=0

S.t. X411 = Az + Buy
Ye = Cxyp

15 <up <15
ukEUNu,Vk:N",,.-.,N_l

e Same performance index to assess closed-loop quality, but unknown:
only preferences are available

e Result: WA" — ().6888, N,, — 2

o
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Preference-based ing: MPC example @

Gy 3 350

50 quwwww . . Boqnlrcuor!vun .
( 170 ¢

b | 160 |

40+ 150

B 140 &
s} i
8 .
5| 120
g 110
o ol

15+

5 i ] l "

0 Wk | b , U& - s}

z o 0? o° @ ot

10 1 1 — 1 1 1 0 140

tested combinations of MPC params (latent) performance index

L
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e Example: calibration of a simple MPC for lane-keeping (2 inputs, 3 outputs)

o

= wvcos(0+ 6)
vsin(f + 9)
+vsin(d)

Y
0

Multiple control objectives:

» «

“optimal obstacle avoidance”, “pleasant drive”, “CPU time small enough’, ...
» not easy to quantify in a single function

5 MPC parameters to tune:

- sampling time
- prediction and control horizons
- weights on input increments Av, Ad




e Preference query window

©

T,=0332s,N, =16, "p' 17, 109(q,,, ) = 0.06,

log( = 2,021 :0.0867 s
22! comp
——— obstacle

— &7 == vohicle OA
E m—— obstacie OA
S | i
0

1] 50 100 150 200 250
o0 ——Input
Em, ——— Reference
geo
> 50

40

0 50 100 150 200 250
50
—5- .
'?—-o——-/\/\/—_—.
-

25t ]
-50

0 50 100 150 200 250

x, [m)]

T =0.2435, N, =12, N, = 17,109(q,,,) = 0.1,
109(q,,,) = 0.70,1,,,.: 0.0846 5

y, [m]
o w (2]

v [km/hr]
8 883 8

KA Y
B o B 8

3

vehicle

— obstacle
—— vohicie OA

—— obstacle OA

o
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x,[m]
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¥y(m]

v [km/hr]

4 T T hich
3 —— obstacie
2F s vehicle OA
| s obstacle OA
: Ny -
=1 ll A
0 100 150 200 250
75 T T I
or —— Relerence
eo P -
= | A
mk A A
(1] 100 150 200 250
20 ' v
10}
0
10}
0 100 150 200 250

x,[m]

e Extended to handle also unknown constraints

e Convergence after 50 GLISp iterations (=49 queries):

Optimal MPC parameters:

sample time = 85 ms (CPU time = 80.8 ms)
prediction horizon =16

control horizon=5

weighton Av=1.82

weight on Aéd =8.28

* Note: no need to define a closed-loop performance index explicitly!
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Goal: detect undesired simulation scenarios (=corner-cases)

Let - = parameters defining the scenario, Xopp = operational design domain
x € Xopp € R"

critical scenario = vector =* for which the closed-loop behavior is critical

Example:

- a = (initial distance between ego car and obstacle, obstacle acceleration, ...)

— Critical scenario: time-to-collision is too short, excessive jerk of ego car, ...

Key idea: use global optimizer GLIS to generate critical corner-cases

z* € argmin  f(x) f () = riticality of closed-loop simulation (or
r€XoDD experiment) determined by scenario =
it £z u (the smaller f (), the more critical « is)
—_— N
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e Problem: find critical scenarios in automated driving w/ obstacles

e MPC controller for Iane-keeping and obstacle-avoidance based on simple
kinematic bicycle model (7hu, Piga, Bemporad, 2021)

f =vcos(0 + 9)
ws =wvsin(0 + d)
vsin(d)

L

(x5, ws) = front-wheel position

0 —

e Black-box optimization problem: given k obstacles, solve

3 wf o _
3 Z SV, i SV, i @_ :
€I<lelgu d cr1t|ca|( ) & dw; critical ('L) | I‘Iﬁ-‘f" (Tscene: t)
=i =1 | ' i .— -
& | I
s.t. other constraints (i BSVoi(x D!
,1/ scoene- .
—— | If

-
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Teotiision = true if dh st

min dsv'(fl? L) I:dlision

teT, collision

R _
x Jcritical (‘T) - L diai CO"ISIOI’I & Icolhsmn

Z d‘i\?i (1:, t) Ty e

f

min dy} (z,t) I;

T2y e collision

V -
d5 1cntlc.‘aI (T) = § Wy sate i Ic‘ollision&zIc;:;llision
2 dSV v ((B t‘) o l-collision

L€ Tsim

ﬂdﬁsion =true if dt € Timst
V.1 V.1
(@5 (1) < L) & (&5, 1) < W)

Icollision = true

e Cost function terms to minimize: for each obstacle #: define

U}‘;@J '../{* 7 (:«"'Jszu

min time of collision with #i

no collision

d3
Z 5

R E———

i I
,v' (Zacene: )

collision with other #j # #1i
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el 27y v) 27, v, 27q vy

51 15.00 30.00 4414 10.00 49.10 47.39
79 28.09 30.00 70.29 10.00 7479 31.74
40 3430 | 3000 | 6059 | 1000 | 77.80 | 3597

-

. z
iter -'”(}1 v? i

28 1257 | 4694 | 16.75
16 17.53 | 47.48 | 23.65
88 | 4454 | 41.26 | 16.02

red = optimal solution found by GLIS solver

red = optimal solution found by GLIS solver

H'f‘
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e Logical scenario 1: GLIS identifies 64 collision cases within 100 simulations

vl

W roced

Ego car changes lane to avoid #1, but

cannot brake fast enough to avoid #2

e Logical scenario 2: GLIS identifies 9 collision cases within 100 simulations

Ego car changes lane to avoid #1, but cannot decelerate
in time for the sudden lane-change of #1
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. Learning—based MPC is a formidable combination for advanced control:’

— MPC / online optimization is an extremely powertul control
methodology

— ML extremely useful to get control-oriented models and control laws
from data
* Ignoring ML tools would be a mistake (a lot to “learn” from machine
learning)
* ML cannot replace control engineering:

— Black-box modeling can be a failure. Better use gray-box models
when possible

— Approximating the control law can be a failure. Don’t abandon online
optimization

— Pure Al-based reinforcement learning methods can be also a failure
@A wide spectrum of research opportunities and new practices is open !
A,




