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Motivation

Robust MPC paradigm:

d
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@ Uncertain model & disturbances affect performance
o Large effort (time & money) spent on model identification offline



Motivation

Adaptive MPC paradigm:

d
.| Prediction & u | Controlled y
"| Optimization "|  System -
_ Parameter |_
Model X Estimation |

@ Identify (or learn) model (or cost or constraints) online

@ Require: robust constraint satisfaction
closed loop stability & performance guarantees

parameter convergence



Applications
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@ Uncertain parameters, uncertain demand
@ Networks of interacting locally controlled systems



Overview

An idea with a long history: e.g. self-tuning control, DMC, GPC ...
[Clarke, Tuffs, Mohtadi, 1987]

Revisited with new tools:

@ Set membership estimation
[Bai, Cho, Tempo, 1998]

@ Robust tube MPC
[Langson, Chryssochoos, Rakovic, Mayne, 2004]

e Dual adaptive/predictive control
[Lee & Lee, 2009]



Overview

Recent work on MPC with model adaptation

@ Online learning & identification:

— Persistence of excitation constraints
[Marafioti, Bitmead, Hovd, 2014]

— RLS parameter estimation with covariance matrix in cost
[Heirung, Ydstie, Foss, 2017]

— Gaussian process regression, particle filtering
[Klenske, Zeilinger, Scholkopf, Hennig, 2016]
[Bayard & Schumitzky, 2010]

@ Robust constraint satisfaction and performance:

— Constraints based on prior uncertainty set, online update of cost only
[Aswani, Gonzalez, Sastry, Tomlin, 2013]

— Set-based identification, stable FIR plant model
[Tanaskovic, Fagiano, Smith, Morari, 2014]



Overview

This talk:
@ Set membership parameter estimation
@ Polytopic tube robust adaptive MPC
© Persistent excitation

@ Differentiable MPC



Parameter set estimate

Plant model with unknown parameter vector 8* and disturbance w:

Tri1 = A(Q*):Z?k + B(H*)uk + Wi

Assumption 1: model is affine in unknown parameters
Dy = D(xp, u)

= Dp0* +dj, +
e g B { di, = Agzy, + Bouy,

Assumption 2:  stochastic disturbance wy € W
W 3 0 is compact and convex

Unfalsified set:  If 2y, xp_1,ur_1 are known, then 0* € Ay
JAVRES {9 cxp = Dp_ 10 +di_1 +w, w EW}



Minimal parameter set estimate

Minimal parameter set update:
Ok+1

Op11 =0 NAR

Agt1

Assumption 3: W is a "tight’ bound: for all w" € 9V and € > 0
Pr{|wy, —w’|] < €} > pu(e)
where p,,(€) > 0 Ve > 0

Assumption 4:  persistent excitation: 3 «, 5 > 0, N such that
kE+N-1

[Drll <o and Z D[ D; = BI for all k
=k




Minimal parameter set estimate

Unfalsified set:  Agi1 ={0: a1 — Db — di, € W}
— {0: Du(0" — 0) + wy, € W)

normal at w®




Minimal parameter set estimate
Unfalsified set:  Apiq = {0 : 2p31 — Di0 — dj, € W}
={0: DL(6* — 0) + wy, € W}

normal at w®

* 0
For any given 60 € O - Dy (0" —6°)

\

\

11
radius €

@ pick w® € OW so that
Dy.(0* — 6°) is normal to OW
at w®

o let e = [Jwy — wO|

then 69 ¢ Ak+1 if e < ||Dk(9* — QO)H



Minimal parameter set estimate

If Assumptions 1-4 hold, then ©; — {0*} as k — co w.p. 1

This follows from:
@ Forany 8° € Oy, if [|0* — 0% > ¢, then

Pr{0° ¢ A} > pu(ev/B/N)
forall k, alle >0,andsome j € {k+1,...,k+ N}

@ For any 8° € ©g such that [|0° — 0*|| >,

Pr{¢° € ©;} < {1 — puw(ey/B/N)

for all k£ and all € > 0, so

}UC/NJ

Lemma

STPr{® € 04} =0 FrER prigd e (N Or} =0
k=0 k=0



Minimal parameter set estimate

The complexity of O is unbounded in general

e.g. Minimal parameter set O for k = 1,...,6 with polytopic W and ©g
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Fixed complexity polytopic parameter set estimate

o Define O = {6 : Hob < hy} for a fixed matrix Hg

o Update O by solving, for each row i:

h = max Hgl;0
[ k+1]z wWoEW,..., wun_1EW [ 6]1
0€Oy,

subject to

) Okt1
Th-Nt2 = Dip—n10 +dp—ny1 +wo

k
Tpt1 = D +dp + wy_1 jk—n+1 Djt1

@ Then ©;11 C O, C -+ C O,
and O 1 is the minimum volume set such that

k
Ok+1 20, N ﬂ Ajia
J=k—N+1



Fixed complexity polytopic parameter set estimate

If Assumptions 1-4 hold, then ©; — {6*} as k — co w.p. 1

This follows from:
Q If [hk]z — [H@],G* > ¢, then

Pr{{9 i [Helif = [hx]i} N ﬂ Bj1 = @} [ (a]’ifﬂ]v

j=k—N+1

forall 7, k, and all e > 0
@ For any 6° such that [Hg]:(0° — 6*) > € for some row i,

Pr{6° € ©,} < {1 . [pw(;v/i)] } o

for all k£ and all € > 0, so

STPr{° € 04} =0 FrEN prlgd e (@1} =0

Lemma
k=0



Example: fixed complexity parameter set estimate

© set | Volume | Cost*

1 //\ 1 1 \\
] BRI SN SN 100 62.22

O, | 261 |61.13
‘ © | 183 | 61.03
. : . O | 127 | 60.96
3 \“5\“}4/‘;’ - ~;;:\:‘v4/ 7 @25 8.3 60.93
Os | 63 | 6077
Owo | 34 | 5945

| P i Os00 | 07 | 57.04
I L I Os000 | 0.0089 | 53.95
o* - | 5270

Parameter set © at time
k € {0,1,2;10,25,50; 100, 500,5000}  Volume of ©; and Cost* for same x



Inexact disturbance bounds

What if W is not exactly known?
Suppose wy, € W for all k, for known W

w

Assumption 5: W is compact and convex, and W C W CW®pB
for some p >0, and B = {z : ||z| <1}




Inexact disturbance bounds

What if W is not exactly known?
Suppose wy, € W for all k, for known W

w

Assumption 5: W is compact and convex, and W C W CWeapB
for some p >0, and B = {z : ||z| <1}

Replace W with W in the fixed complexity polytopic parameter set update
then 6* € ﬁkﬂ ={0: 2441 =D +dp +w, we 17\7} and

if Assumptions 1-5 hold, then O — {0*} @ p\/N/BB as k — co w.p. 1




Noisy measurements

Let yr = xx + si be an estimate of x,

Assumption 6: i.i.d. noise s € S for all k
where § 5 0 is a compact, convex polytope

Assumption 7:  the noise bound is tight, i.e. for all s° € S and € > 0
Pr{||sk -8 < e} > ps(e)
where ps(€) > 0 for all € > 0

Then S = co{s™), ..., 5™} implies 0* € co{A}) ..., A}, where

AU

k41 — {0 P Yk+1 — D(yk — S(j),uk)e— d(yk —sg),uk) S WEB S}

If Assumptions 1-7 hold, then © — {0*} & p\/N/BB as k — co w.p. 1

)




Parameter point estimate

Define a point estimate 0 of 6
0. defines a nominal predicted performance index
O enforces constraints robustly

Given a parameter estimate ék:
@ Least mean squares (LMS) filter estimate update is
Ons1 = O + uD T (g, up) (21 — Typp)
ékJrl = H@k+1(ék+1)

where
> By = D(l’kauk)(ék)

> pu > 0 satisfies 1/p > sup(, ez [|D(z, u)|?
» Ile(0) = argmingee ||0 — 6]| projects onto ©

@ For u = 0 the update is ék+1 =1e,,, (k)



Parameter point estimate

The LMS filter (i > 0) ensures the [ gain bound:

If supgen ||zx|| < 0o and supy e ||uk|l < oo, then 0}, € Oy, for all k and

T = 2
_ollZ
. ko 17

z T =
TEN,wLEW,00€00 ﬁ||‘90 = 0117 + Xm0 lwll?

where T, = A(0%)xy + B(0*)us, — &1}, is the 1-step prediction error




Control Problem

Consider robust regulation of the system
Tpt1 = A(Q)zk + B(G)uk -+ Wi
with 8 € O, wi € W, subject to the state and control constraints

Fap+Gu,<1=[1 --- 1]

Assumption (Robust stabilizability):
There exists a set X = {z : Va < 1} and feedback gain K such that X is
A-contractive for some A € [0,1), i.e.

Vo(0)r < A1, forallze X, 0 € 0.

where ®(6) = A(0) + B(A)K.




Control Problem

e State sequence predicted at time k: @y, Tk, - - -

e Control sequence predicted at time k: ug|g, Uy, - - -:
Kxi‘k—i-vi‘k iZO,l,...,N—l
Uj|p =
T K i=N,N+1,...

where v = (vg|i, ..., Un|) is a decision variable

Nominal predicted performance index
N—1

TN (@, O, vie) = > (Hiﬂk”ZQ + ||ﬁi\k||§z) + 125l
=0
where Zq, =

Ui = KZqp + vk
Tip1)k = A(Ok)Zir + B(Or)Usk, O = nominal estimate

and P = ®T(0)PP(0) + Q + K" RK for all § € O,




Tube MPC

A sequence of sets (a “tube”) is constructed to bound the predicted state
T;|k, With ith cross section, &y

Xijp = {z: Vo <ayp}

where V' is determined offline and «;;, are online decision variables

(A) For robust satisfaction of x;;, € &jjx, we require
Ve(@)x +VB(0)vp +w < ajpqp forall x € Xy, 0 € Oy
where [@]; = max,ew[V];w
(B) For robust satisfaction of Fa;;, + Gu;j, < 1, we require
(F+GK)x + Gup, <1 forall z € A,

Condition (A) is bilinear in = and 6, but can be expressed in terms of linear
inequalities using a vertex representation of either &, or O



Tube MPC

We generate the vertex representation:
_ 1 m
Xk = co{a:ilk, . xi‘k}

using the fact that {z : [V],o < [a;x],} is a supporting hyperplane of A

Hence each vertex xflk is defined by a fixed set of rows of V, so
2 =Ulq
ilk ilk

where U’ is determined offline from the vertices of X = {x : Vx < 1}

N
[N



Tube MPC

Using the hyperplane and vertex descriptions of X, the robust tube
constraints become

Q@ VOO) Uiy + VBO) v+ < oy, forall 0 € Oy, j=1,...,m
Q@ (F+GK)UWay+Gup <1,j=1,...,m

Now condition (B) is linear and (A) can be equivalently written as linear
constraints using

Polyhedral set inclusion lemma
Let P, = {z: Foo < f;} CR" for i = 1,2. Then Py C Py iff

JA > 0 such that AFy = Fy and Af; < fo




Robust MPC online optimization problem

Summary of constraints in the online MPC optimization at time k:

Vi < agr
AZ|kHe = VD(UjOéi‘k,KUjOéi‘k + Uz\k)

Af|khk < aipp — VAW o, KUY cipp + vigg) — @

Ay 20
(F+ GE)U ayj + Gugp, < 1

J
AN\k

Ho = VD(UjOéN‘k,KUjOlN\k)
Ag\”khk < anpk — Vd(ujozN‘k,KUjaN‘k) —w

Aj

N\kzo

(F+GK)UjOéN|k§1
fori=0,...,N—1,j=1,....,m

Let F(xy,Ok) be the feasible set for the decision variables v, g, Ay

24



Robust adaptive MPC algorithm

Offline: Choose ©g, X, feedback gain K, and compute P

Online, at each time k =1,2,...:
Given zj, update ©f and ék
Compute the solution (v, o, Af) of the QP:
min J(ack,ék,vk)
Vie,og Ay

subject to (vg, o, A) € F(xg, O)

Apply the control law u}, = Kz, + vglk



Robust adaptive MPC algorithm

The MPC algorithm has the following closed loop properties:

If 0* € ©g and F(zg,O) # 0, then for all k > 0:
Q 0*c O,
Q F(zrk,0) #0
Q Fap+Gup <1

If &> 0, then
@ the closed loop system is finite-gain {2-stable, i.e.

T T
D el < collzol® + eallfo — 017 + c2 Y uwn?
k=0

k=0
for some constants cg, c1,co > 0, for all T'> 0




Robust adaptive MPC algorithm

The MPC algorithm has the following closed loop properties

If 0* € ©g and F(zg,O) # 0, then for all k > 0:
Q 0*c O,
Q F(zrk,0) #0
Q Fap+Gup <1

If ©w =0, then
Q the closed loop system is input-to-state stable (ISS)

lzz ]| < n(llzoll, ) + ¢ (1160 — 67|I) + V(o ax_ ) okl

for some KCL-function 7, some K-functions v, ¢ and all k&, T




Regulation example

Linear system with

3
(A(0), B(#)) = (4o, Bo) + Y _(As, Bi)b;
=1
0.5 0.2 0.042 0 0.015 0.019
Ao = |:70'1 0-6j| A= |:0.072 0.03:| Az = |:0,(]09 0.035} Az = 02x2
BO = |:005:| Bl = 02x1 B2 =02x1 33 — [000035997]

> true parameter 0* = [0.8 0.2 —0.5]T, initial set ©g = {0 : [|0] o0 < 1}.
> disturbance uniformly distributed on W = {w € R? : |lwl| < 0.1}

> state and input constraints: [z]s > —0.3, u < 1.

N
N



Regulation example: constraint satisfaction

state [x]2

05 0 05 1 15 2 25 3 35
state [x]1

red:  Closed loop trajectory from initial condition o = (3,6)

blue:  Predicted state tube at time k =0

pink:  Terminal set

28



Tracking example

—— adaptive MPC
robust MPC

2\

time step k

Closed loop setpoint tracking with and without model updates

29



Time-varying parameters

30

Assumption (time-varying parameters)

There exists a constant rg such that the parameter vector 8 satisfies
0r € ©q for all k and ||67, | — 05| <o

Define the dilation operator:
Ri(©)={0: Ho < h+ kryl}
Then the minimal parameter set at k 4+ 1 is

Opt1 = Ri1(Ox N Aky1) N Oy

and Oy is replaced in the tube MPC constraints by
Ok = Ri(O1) N O



Robust adaptive MPC algorithm with time-varying
parameters

Parameter estimate bounds and recursive feasibility properties are unchanged:

Theorem (Closed loop properties)

If6* € ©g and F(xo,0q) # 0, then for all k > 0:
Q 0* € O
Q@ F(xk,01) £0
Q Fup+Gup <1

But the LMS filter has an additional tracking error, which invalidates the
[2-stability properties, i.e. “certainty equivalence” no longer applies

31



Time-varying parameters example

™ O N 0
-1 -1 —1 -1

Parameter set O} at time k& € {0,100, 200, 300,400,500} for time-varying
system with 7y = 0.01

32



Time-varying parameters example

1 1. 1
0 0 | 0
=1 - N
—1 -1 —1
1 1 > 1
Ml Ml Ml
-1 -1 -1 -1 -1 -1

Parameter set Oy, at time k € {0, 5,25, 70,120,500} for time-invariant system
for comparison

32



Persistent excitation

PE condition evaluated over a future horizon is nonconvex in w;, ;|

Np—1
(PE): Z DT (i, wiji) D (@i, wigy) = BI
i=0

33



Persistent excitation

PE condition evaluated over a future horizon is nonconvex in w;, ;|
Np—1
. T
(PE): Z D (), i) D(w), ugpr) = BI
i=0

Linearise:
* let (z,u) = (z,u) + (&, 1) where T, =z and
— = *
Ui = KTy, + 0561



Persistent excitation

Np—1
> A sufficient condition for Z D;UCDWc =Bl is
=0
Np—1
(PE-LMI): > (DdiDi + Dy Diji + Dy Dyji.) = BI.
i=0

> This can be expressed in terms of
Ty € X — {Zap )

Uy € K (X — {Zax}) + {oip} — {061}
using

Dy, € CO{D(Uj%\k = Zik, K(U7 g — Zigge) + vige — U:+1|k—1)}

Hence (PE-LMI) is equivalent to an LMI in variables vy, o, 8



Robust adaptive multiobjective MPC algorithm

Offline: Choose ©¢, X, v, N,,, K, and compute P

Online, at each time £k =1,2,...:

Given z, update set (©;) and point () parameter estimates, and
compute Z;g, Ujjg, 1 =0,..., N —1

Compute the solution (v}, aj, A}) of the semidefinite program
min J(zg, O, vi) — 7
Vi, o, A, B

subject to (vk,ak,Ak) S J—"(‘Tlm@k) and (PE—LMl)

Apply the control law u} = Kzy, + Uglk

How to choose 7  Stability?  Closed loop PE?



Robust adaptive MPC algorithm with PE

Let D(z,Kz)=>"

=1 <I>j[0]jx, where ‘I)j = Aj + BjK j = 1, ..., p
The terminal feedback law © = K« is on average PE if
(a). o([vec(®y) -+ vec(®,)]) = ok >0

(b). E{ww '} = €,I

Here (a) = ||[vec(®1) -+ vec(®,))0| > ok |6l
(b) = E{zxT} = e,l

so that
Np—1
0" Y E{D(x;, Kz;)" D(x;, Kz;)}0 > eyoic]|0]?
i=0
K+Np—1
= Z E{D;Dijx} = €wos V>N

36



Robust adaptive MPC algorithm with PE

Impose PE conditions on predictions in a chain of windows:
K+Np—1
(PE-LMI): > (DD + DD + Dy Dir) = Bunl
fork =—-Np+1,...,0,...,N
past future

Us e = KTjjp + vi|n Kz

F;"E window

T NN NN

prediction time step, ¢
37



Robust adaptive MPC algorithm with PE

Offline: Choose ©g, X, N,, K, and compute P

Online, at each time k =1,2,...:
Given xy, update Oy, 6 and compute Tk, Ujjk, ¢ = 0,..., N + N, —1

Compute B := N 6r{l‘{in max 3 s.t. (PE-LMI) and v;), = U;H‘kflw
A klk—1

fork =—-Np+1,...,0,...,N
Compute the solution (v}, aj, A}, 3) of the semidefinite program
min J(xp, ék, Vi
Vi, o, Mg, B ( )

subject to (Vk,ak,Ak) S ./_‘.((Ek,gk) and (PE—LMl)

Apply the control law uj = Kz, + vglk



Robust adaptive MPC algorithm with PE

Closed loop PE condition

At time t | | By |
oft . N+ N, — 1]t
At time ¢t + 1 ‘ ‘ﬂﬁ—mﬂ‘

ot +1 N+ N, —2[t+1



Robust adaptive MPC algorithm with PE

Closed loop PE condition

At time ¢ ‘ ‘ 5}kv|t ‘
ot o 'N+Np71|t
At time ¢ + 1 ‘ ‘ﬁ«—utﬂ‘
'Olt-il—ll - 'N:-&-Np—2|t+1
At time ¢+ N + N, — 1 | Bini]
ot

Olt+ N+ N, — 1

Bran = ﬁin+1|t+N+Np—1 Ze 2 57\/—1|t+1 2 61*\7\15
4

E{Biyn} > - - > B{By)} > w0



Robust adaptive MPC algorithm with PE

Closed loop properties:

If 0* € ©g and F(zo,O) # 0, then for all k > 0:
Q 0*c O,
0 ]:(Clik,@k) 75 @
Q@ Fap+Gup <1

@ The system zp41 = A(6%)x, + B(0*)uj, + wy, is ISS
Np—1

(5] Z E{D(hti, Uits) D(Thogis pti) } = €woxl
=0

40



Robust adaptive MPC algorithm with PE
Example with N =25, N, =3 [Marafioti, Bitmead, Hovd, 2014]

Mean and range of 3; for 30 disturbance sequences

102 ¢

107}

PE mecasure 3
—
S

(]

-y
S
©

10»10 L

10-12 1
0 10 20 30 40 50
Time step t
blue: with PE constraints
red: without PE constraints

41



Robust adaptive MPC algorithm with PE
Example with N =25, N, =3 [Marafioti, Bitmead, Hovd, 2014]

Mean and range of 3; for 30 disturbance sequences

102 ¢

107}

PE mecasure 3
—
<,

(]

-y
S
©

10710

ll“ll.li) Dt ud ]

100 200 300 400 500
Time step t

blue: with PE constraints
red: without PE constraints

10712

41



Robust adaptive MPC algorithm with PE

Convergence of parameter set estimate, vol(©;)

42

Parameter set volume vol(©,)

10°

107"

1072

107

107

10°®

100

blue:
red:

200 300 400
Time step t

with PE constraints
without PE constraints

500



Robust adaptive MPC algorithm with PE

Convergence and computation for NV =25, N, =3

Volume % Mean 3, CPU time
O19 ©100 Os00 step 2 step 3
with PE 254 267 026 | 49x107° | 0.958 0.073
without PE | 25.3 577 4.22 | 9.0x 10710 | — 0.052

43



Differentiable MPC

o MPC law: uN(xk,ék.,@k) is the solution of a multiparametric
programming problem

o Differentiable MPC uses the gradient V ux(-) to train a neural network
(NN) with weights 0}, via back-propagation

o Update 0, with MPC optimization embedded in a NN layer;
retain parameter set estimate ©y, for safe constraint handling

44



Differentiable MPC: learning model parameters

Linearly parameterised system model:
Try1 = f(xk,uk, 0*) -+ Wi { Dy = D(xk,uk)
f(],‘k, Uk, 0) = D0+ dj dp = d(xk, uk)
Parameter set estimate:
Opt+1 2 O N Apyr
Ak+1 = {9 P Tp1 — D0 —d; € W}

Imitation learning problem: identify 6* by observing an expert controller

45



Differentiable MPC: learning model parameters

Linearly parameterised system model:
Tpt1 = f, uk, 07) + w { Dy = D(xk, u)

f(r,ur, 0) = D0 + dy, dy = d(zg, ug)
Parameter set estimate:
Opt1 2 O N Ak
Ak+1 = {9 P Tp1 — D0 —d; € W}

Imitation learning problem: identify 6* by observing an expert controller

Train 05 to minimize a loss function
k

1 N
= 2 (I = un (e, 0, 0012 + o)
t=k—T+1
where
ur = {us, ... Ui N—1} = observed expert control sequence
un (z¢, 0k, Or) = {uo)t, - - -, un—1} = MPC law for an initial state x;

Wy = Tpp1 — (T, ug, k) = 1-step ahead error

45



Differentiable MPC: learning model parameters

ky
Problem: Regulate (y, ) subject to bounds on y
. . m U
Prior assumptions: 2nd order LTI model =
(&
Y g
N=2 N=4 N=6
L, 1071 102 1 1024
z
= 107 100
2 101 4
Z 1074 10-2
E
= 107 10-4 10-4 4
(') 5(')0 10'00 [‘] 5(')0 10‘00 (') 5[‘]0 10‘00
0.6 0.6 0.6
£ 04+ 0.4 1 0.4 1
-
3
= 02 0.2 0.2
0.0 vL T T 0.0 v\ T T 0.0 v\ T T
0 500 1000 0 500 1000 0 500 1000
Tteration Tteration Tteration
— 1 2 — 3 — 4 — 5 — 6 7

. Training results for varying damping ¢ & horizon N



Differentiable MPC: learning model parameters

Closed-loop responses: expert (solid lines), learned controllers (dots)

Implementation issues:
* nonconvexity and non-uniqueness of optimal parameters
* gradient information can vanish or explode across a prediction horizon

* expert controller may not be persistently exciting

47



Differentiable MPC: learning the MPC performance index

Platoon problem:

oo o — bo

Y1 — 2 — Yn
regulate 1, ...y, a so that ;41 — ¢ — O subject to y;41 —y; >y
a<y; <b

Prior assumptions:

@ System model (§; = u;) is known
°y, a, b are known

Unknown MPC cost to be learnt from observations of an expert controller

48



Differentiable MPC: learning the MPC performance index

o n = 10 vehicles = z € R18 y e R0
o Cost weights @), R initialized as random diagonal matrices

@ 500 training iterations:

X £ 0.02
g 10°1 3
<)
= g
E 10 < 01 —
g S .01
B & S
ERTNE % =
T T O T T
0 500 0 500
Tterations Iterations
N=5 N =10 N =15 N =20

49



Differentiable MPC: learning the MPC performance index

N=5 N =10 N=15 N =20
— —— —— ——
[\ N (3l o™
— — — —
(=g |=—————— g =————————— = | IS |=———————
(IJ 20 0 20 0 20 0 20

State Prediction
Error (m)
o
1
=)

1
7 ~

o
1

[e=]
1

t(s) t(s) t(s) t(s)
Performance of learnt MPC with horizons N = 5,10, 15, 20:

— constraints ;11 —y; >y = 30 m are satisfied

— approximately constrained LQ-optimal for N = 20
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Conclusions

@ Adaptive robust MPC is computationally tractable
@ Set-membership parameter estimation and robust tube MPC

@ Closed loop stability (ISS) and parameter convergence (PE)

Future work
@ Can we relax the assumption of bounded disturbances?
@ How to combine PE conditions and RNN model adaptation?
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Questions?
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