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with Feasibility Guarantees

Samuel Mallick, Azita Dabiri, Bart De Schutter

Abstract— Online model predictive control (MPC) for piece-
wise affine (PWA) systems requires the online solution to an op-
timization problem that implicitly optimizes over the switching
sequence of PWA regions, for which the computational burden
can be prohibitive. Alternatively, the computation can be moved
offline using explicit MPC; however, the online memory require-
ments and the offline computation can then become excessive. In
this work we propose a solution in between online and explicit
MPC, addressing the above issues by partially dividing the
computation between online and offline. To solve the underlying
MPC problem, a policy, learned offline, specifies the sequence of
PWA regions that the dynamics must follow, thus reducing the
complexity of the remaining optimization problem that solves
over only the continuous states and control inputs. We provide a
condition, verifiable during learning, that guarantees feasibility
of the learned policy’s output, such that an optimal continuous
control input can always be found online. Furthermore, a
method for iteratively generating training data offline allows
the feasible policy to be learned efficiently, reducing the offline
computational burden. A numerical experiment demonstrates
the effectiveness of the method compared to both online and
explicit MPC.

I. INTRODUCTION

Traditional online model predictive control (MPC) for
piecewise affine (PWA) systems requires the online solution
to an optimization problem that optimizes over, not only the
continuous states and control actions, but also implicitly over
the sequence of PWA regions. Through the introduction of
auxiliary variables this problem can be reformulated as a
mixed-integer linear/quadratic program (MILP/MIQP) [1].
Unfortunately, MILP/MIQPs are NP-hard problems, and in
the context of MPC the computational burden can grow
exponentially with the size of the system and the length
of the prediction horizon [2], often limiting a real-time
implementation.

Explicit MPC methodology has been proposed to address
this issue, shifting the computational burden offline [3].
Here, a multiparametric MILP/MIQP (mp-MILP/MIQP) is
solved offline, characterizing the optimal control input as a
function of the system state. This solution takes the form
of a partition of the state space, with a PWA control law
associated to each region of the partition, such that the
online computation reduces to a lookup table and a function
evaluation. However, the computational complexity of the
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mp-MILP/MIQP is such that this approach is in general
limited to small-scale systems. Furthermore, the solution’s
partition can be exceedingly complex, requiring significant
online memory space to store the regions.

As an alternative to offline MPC, machine learning meth-
ods have been employed to address the computational burden
of mixed-integer-based MPC. In [4] a learned policy provides
warm-start guesses for an MIQP solver, in order to decrease
the required solution time; however, in the worst case the
computational burden remains exponential in the problem
size. In [5], [6], [7], [8] a policy is learned that selects and
fixes the configuration of integer variables prior to solving
the MPC optimization problem, which is then convex, and far
less demanding to solve. However, these approaches do not
guarantee that the remaining optimization problem is feasible
after the integer variables are chosen.

In light of the above issues, this work presents a learning-
based MPC controller for PWA systems in which the fea-
sibility of the learned policy’s output is guaranteed. We
propose an approach that follows the principle of [5], [6],
[7], [8] in decoupling the selection of discrete components,
i.e., the sequence of PWA regions, and the continuous
components, i.e., the state and control input trajectories, into
a learned policy and a linear MPC optimization problem,
respectively. Leveraging the properties of PWA dynamics, we
formulate a class of classifiers whose output can be verified
for feasibility during learning. Furthermore, we introduce an
iterative procedure for generating training data such that the
feasible policy is learned efficiently.

The contributions of this work are as follows. As only a
linear MPC problem is solved online, relative to the original
online MPC problem the proposed approach has a much
lower online computational burden. Furthermore, the online
memory requirement for the learned policy is significantly
less than that of offline MPC, as learning the sequence
of PWA regions is less complex than learning the optimal
control signal. Finally, in contrast to existing approaches,
the learned policy provably selects a feasible output.

The remainder of this paper is organized as follows. In
Section II the problem setting is defined. In Section III
useful structural properties of the MPC optimization problem
are provided. Section IV introduces our proposed controller,
which is then demonstrated in a numerical example in
Section V. Finally, Section VI concludes the paper.

A. Definitions

We define a polytope as the intersection of a finite number
of (open or closed) halfspaces, which is then convex. A
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collection of sets P,..., P, forms a partition of the set
pif J_,P, = P, P, # 0 for all i, and P, N P; = ()
for all ¢+ # j. If each set P; is a polytope they form a
convex partition of P. For a set X we denote its convex
hull as Conv(X), and its closure as X. The set of vertices
of a polytope P is denoted as Vert(P). Finally, indexing
via subscripts represents closed-loop time steps, e.g., Xk,
while brackets represent time steps within an MPC prediction
horizon, e.g., x(k).

II. PROBLEM SETTING

Consider the discrete-time PWA system with state x &€
X CR”, input u € Y C R™, and affine dynamics over a
convex partition {P;}._, of X with [ polytopes indexed by
i€ L={1,...,1}, referred to as regions,

x(k+1) = A;z(k) + Bu(k) +¢;, z(k) € P,. (1)

The states and inputs are constrained to the sets X’ and U,
respectively.

Assumption 1. The dynamics are assumed to be continuous,
ie., Aix+Bu+c¢ = Ajz+ Bu+cj forall x € PN Pj,
such that the dynamics can be considered over the closures
{P,};c without the need for a set-valued function. The sets
X and U are assumed to be compact polytopes with the
origin in their interior. There exists a terminal set Xy C X
that is a polytope, assumed to contain the origin in its interior,
and to be positive invariant under some linear control laws,
i.e., there exists K; € R™*", for all ¢ such that P, N A # 0,
such that (A; + BK;)x € X; for all z € P, N AL

We consider an MPC controller for the system (1). Define
8 = (6(0),...,8(N)) € ngj]l as a switching sequence
that specifies the PWA regions over a prediction horizon of
N. The control input at state x is then computed via the

following optimization problem:

J(x) = mi% J(x,u) (2a)

s.t. 2(0) ==, (2b)

JJ(]{ + 1) = A(;(k).%‘(k‘) + Bu(k:) + Cs(k) 2¢)
fork=0,...,N—1,

x(k) € ]55(k.) for k=0,...,N, (2d)

(z(k),u(k)) € X xU for k=0,...,N —1, (2e)

CC(N) € X, (2)

where x = (27(0),... ,SCT(N))T and u =

(u'(0),...,u"(N — 1))T In (2d) the closure Psy,
can be used as the dynamics are continuous.

If no solution exists for problem (2), by convention
J(z) = oc. Define the set of feasible states Xy = {z]J(z) <
oo}. Once (2) is solved online numerically, the first of the
optimal control inputs «*(0) is applied to the system, with
the problem resolved again at each time step in a reced-
ing horizon fashion. However, due to optimizing over the
switching sequence &, problem (2) is non-convex, and may
be computationally intensive to solve. We hence introduce
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an alternative MPC controller as a function of both x and 6

J(x,6) = minJ(x,u), s.t.(2b) — (2f), 3)

where again J(x,8) = oo if no solution exists. With §
prespecified, the dynamics (2c) are linear time-varying and,
for convex .J, problem (3) is a convex problem that can be
solved efficiently online. Define the set of feasible states
for a given &, with 6(0) = i, as X5 = {z|J(z,8) <
oo} C P;N Xy. As (3) includes polytopic constraints and
linear dynamics, X s is a polytope [9]. In the following we
address how § is prespecified, and how it is ensured that
J(z,6) < oo if J(z) < oco.

III. STRUCTURE OF J(x, )

In this section we analyze the structure of the optimal
switching sequence 6*(x) = arg ming J(x, d), and provide a
result on the feasibility of choices for 4, i.e., when J(z,d) <
0o, that is useful in the sequel. Note that d*(z) is not
necessarily unique due to the closure Ps in (2d), e.g., when
x € P; N P; then there are at least two valid §*(x) values,
with ¢ and j as the first elements, respectively.

Consider cost functions of the form

N-—-1

Jexw) = Y (|lQu)],, + [Rutk)],, ) + [|P=(V)],,.
k=0

“4)

where p1,p2,p3 € {1,00}, and @, R, and P are of rank
n, m, and n, respectively, such that (2) can be reformulated
as an MILP and (3) as a linear program (LP).

A. Structure of 6*(x)

In [10], the structure of the optimal control law u*(0) for
(2) is proven. Here, we use a similar line of reasoning to
show the structure of §*(z). A graphical illustration of the
following Proposition is given in Figure 1.

Proposition 1. Consider the problem &*(x) €
argming J(x,8) for © € Xy. Define L; = {6 €
ZNH15(0) = z} Then

1) 6*(x) € L; for all x € P;.

2) Fori € L we can define the collection R; 1, ..., Ri g,

as a convex partition of P; N Xo, where 6*(z) = 0 ;
forall x € R; ;.

3) The collection Ry 1,...,R1,Rr,>--
a convex partition of Xj.

'7Rl,17"'7Rl,Rl is

Proof. 1) For = € P; there exists a *(z) for which the first
element must be ¢ by constraints (2b) and (2d) for £ = 0.
Hence, 6*(z) € L; for all x € P;. 2) As states can be
feasible for multiple choices of 4, the sets X s can overlap,
e.g., Figure 1b. An optimal §*(z) for a state x € P; where
multiple switching sequences d,, 8y, - - - € L; are feasible is
found by comparing the values J(x,6,), J(z,d),..., and
taking the minimum. Consider the simple case of two such
sets Xp 5, U Xo,5, # 0. Then 6*(z) = §, for z in

{-Tl/YO,Gu UXO,&;,, J(l‘, (Sa) — J(Z‘, 617) S O} N (X075a \Xoﬁb),
&)
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Xo Xo

Xo. 5

P\ P,

a

Xo, s,
(b) Xy,s for 6 € L.

(a) Partition of PWA dy-
namics.

(c) 6*(x) over P.

Fig. 1: Illustration of the proof of Proposition 1. R{; and
R, are associated with 6*(xz) = d,, R1,3 is associated
with 6*(z) = 0y, and Ry 4 and Ry 5 are associated with
0*(z) = 9.

which, as J(z,d,) and J(x, ) are piecewise-linear func-
tions of x [9], can be represented as the union of a finite
number of polytopes. Generalizing this to many overlap-
ping sets, the region defining where a given sequence is
optimal can be decomposed into a finite number of poly-
topes, i.e., the regions R; ;. with the definition of £; we
have Uscp, Xo5 = P; N Xy, e.g., Figure lc. It follows
that the collection R;1,...,R; g, 1S a convex partition of
P; N Xy. 3) Finally, as (J,. . (P; N &p) = Ap, the collection
Rijs---»Ri,Ris--->Ri1, ..., Ry R, 1s a convex partition of
Xo. O

This result informs us that §*(z) can be characterized by
a convex partition, where each polytope in the partition is
associated with a value for §*(x). Furthermore, as A can
be expressed as a union of polytopes, X \ Xy can also be
expressed as a union of polytopes, such that by learning a
convex partition over X’ we can represent both Xy and §* ()
over Xj.

B. Feasibility of J(x,d)

Proposition 2. For any & and the set of states X C Xy such
that J(x,8) < oo for all x € X, we have J(x,d) < oo for
all x € Conv(X).

Proof. Assume there exists * € Conv(X) such that
J(x,8) = oo. Then the set Xy s is non-convex. This is a
contradiction; hence, J(z, ) < oo for all z € Conv(X). [

Proposition 2 provides a tool for checking the feasibility
of a given § over an infinite number of states by checking
feasibility over a finite number of states, i.e., given a polytope
R C Ay, the feasibility of & for the entire polytope can
be confirmed by confirming that J(z,d) < oo for all z €
Vert(R).
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IV. LEARNING-BASED MPC CONTROLLER

In this section we formulate our learning-based MPC
solution. We propose to learn a policy mp(xz) = & offline
in a supervised-learning manner, where 6 is a vector of pa-
rameters to be learned, and pairs of training data (:v, ) *(:c))
are generated by solving (2). Then, for deployment online,
only the LP (3) must be solved for J(z, my(x)).

A. Classifier

Proposition 1 suggests that my should be a classifier
that can effectively approximate a convex partition, while
Proposition 2 provides a tool to verify feasibility, provided
Ty partitions its outputs into polytopes. In light of this,
we formulate the following structure that defines a class of
suitable classifiers: 79 (z) = ¢g,; (fo,i(x)) for x € P;, with

fgﬁi : Pz — {Riql""’Ri7Ri}
qf)@’i : {Ri,17~ .. 7Ri,Ri} — L; U {—1},

where each collection R; 1,...,R; j, is a convex partition
of P;. The function ¢, maps the polytopes to either a
switching sequence 4, or to —1 representing infeasibility,
i.e., x ¢ Ap. For convenience, denote the codomains of fy ;
and ¢g; as Fp,; and ®;, respectively. Note that the number
of polytopes R; depends on the training data.

Many classifiers can satisfy this structure, e.g., decision
trees, oblique decision trees, neural networks with linear
activation functions, and support vector machines [11]. In
[12] a classifier tailored to learning functions that are PWA
across polytopes is presented, alongside a thorough review
of alternative approaches.

(6)

B. Iterative Training Procedure

Learning 7y in a supervised manner requires the solution
to problem (2) in order to generate training data. As solving
(2) is computationally demanding, it is desirable to train
mp with as little data as possible. Furthermore, given the
structure of §*(x) outlined in Section I, it is clear that some
states are more informative than others. In particular, states
near the boundaries of the polytopes forming the convex
partition are more useful than those in the interiors.

Addressing both these points, Algorithm 1 details the
offline training procedure. In step 3, train(7) is pseudo-code
for a supervised learning algorithm that trains the classifier
given a set of labeled data 7 = {(z(?, 5*(x(7"))) }fvd““‘, and
is specific to the form of mg. Also specific to the form of
my is the presence and degree of classifier misclassification,
i.e., how often my chooses the incorrect switching sequence
for a state in the training data 7, which can aid in finding
a feasible my with a simple partition, i.e., with less poly-
topes, but can increase suboptimality. Beginning from an
initial training set, 7y is trained iteratively, where at each
iteration, all vertices of all learned polytopes are checked
for feasibility. Only vertices that are infeasible are added to
the training set, naturally concentrating the training data in
the areas of high information gain, i.e., at the boundaries of
the polytopes of the partition.
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Algorithm 1 Train 7wy (offline)

1: Inputs: Initial training set 7 C &' x |, ®;
2: while true do

3: 0 <« train(T)

4 feasible < 1

5 Z+{}

6: for i € £ do

7 for R € Fy; do

8 for x € Vert(R) do
9

if (¢97i(R) = —1 and Ji(z) < oo) or
(¢0,i(R) # —1and J(z,m(z)) = oo) then

10: Z <+ ZU{z}
11: feasible < 0

12: end if

13: end for

14: end for

15: end for

16: if feasible = 1 then

17: Return: my

18: else

19: for x € Z do

20: Solve (2) for J(z) and 8*
21: if J(x) < oo then

22: T+ TU{(z,6")}
23: else

24: T+ TU{(z,-1)}
25: end if

26: end for

27: end if

28: end while

Remark 1. Clearly the number of iterations and the amount
of data required for convergence of Algorithm 1 depends on
the underlying structure of §*(x), which in general grows in
complexity with N and /. An analysis of the scalability of
Algorithm 1 with NV and [ is left for future work.

C. Approximating Xy

In order to approximate the feasible region A}, the
boundary of A} is handled as a special case. As the PWA
dynamics are continuous, several switching sequences can
be feasible for a given state, e.g., x € P; N P;, such that
the shared vertices of adjacent polytopes can be feasible for
the switching sequence of each polytope. However, it is not
the case that the shared vertices of polytopes can be used to
verify feasibility and infeasibility, as this would imply both
J(x) < 0o and J(x) = oo at the boundary of Xp. In light
of this, we introduce the tightened version of (2):

Ji(z) = mir(ls J(x,u)

PAed)

st (2b) — (2d)
(z(k),u(k)) € (X0 0) xU
for k=0,...,N—1,
z(N)e X0 0,

where O is an arbitrarily small set containing the origin.
Again, if no solution exists for (7) then Ji(z) = oo. The
feasible set for (7) is contained within Xy, such that on the
boundary of X we have J(z) < oo and Ji(z) = oo. In
Algorithm 1, when verifying that the vertices of a polytope
labeled with —1 are infeasible, in step 9, we then use Ji(z).
The result is that an under-approximation of X} is learned.
However the approximation error can be made arbitrarily
small by reducing O. Define this feasible set, representing
the valid region for 7y, as Xy 9 = {z|mp(x) # —1}.

Proposition 3. For my trained with Algorithm |,
J(w, 7T9($)) <0 for all x € Xy 9.

Proof. For my trained with Algorithm 1 it holds, for all
i € L and for all R € Fy,; such that p(R) # —1, that
J(z,mg(z)) < oo for all # € Vert(R) and hence, by
Proposition (2), for all x € R. As, by the definition (6),
the collection of sets R for all ¢ ;(R) # —1 is a convex
partition of P; N A} g, it holds that J(J:, 779(95)) < 0 for all
T € Xo,g. L]

Remark 2. In Algorithm 1, an MILP is solved only when
generating training data at the infeasible vertices, i.e., step
20. Checking for Ji(z) < oo in step 9 involves checking
for the existence of a feasible solution only, which is much
easier than solving the problem to optimality.

D. Control Law

With my we now define the controller in Algorithm 2.
The check in step 2 is required as &p ¢ can be an under-
approximation of Xjy, such that a feasible trajectory could in
theory pass out of Xj ¢ before entering X;. We now prove
recursive feasibility of the controller.

Proposition 4. For xy € Xy, for the closed-loop system
and with &y chosen as by Algorithm 2, we have J(xy,dy) <
oo for all k > 0.

Proof. Assume that at time step k& we have J(xp,d;) <
oo. Applying u}(0), obtained from (3), will propagate the
system to xp41 = zi(1). If mp(zk41) = —1, then the
shifted solution @y, = (u}(1),...,uf(N — 1), K;z}(N)) is
feasible for problem (3) with the shifted sequence &1 =
(61(1),...,6,(N),i) and with (A; 4+ BK;)z}(N) € P; and
x;(N) € Pj, as A} is forward invariant under the linear con-
trollers. Hence, we have J (241, 0k41) < 00. If mp(z41) #
—1, then ;11 = mg(wr+1) and J(zg41,0k1+1) < 00 by
Proposition 3. Therefore, if J(xzy,dx) < oo at time step k
then we have J(xgy1,0k11) < 0o at time step k + 1. For
xo € Xp,9 we have J(zg,dy) < oo again by Proposition 3,
and by induction J(zy, d;) < oo for all k > 0. O

V. NUMERICAL EXAMPLE

Consider a representative numerical PWA system (1) with
l=2,

1 02 0.5 0.2 0 0.5
Sl e el e K S il

(7
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Algorithm 2 Controller at time step £ (online)

1: Inputs: Current state xy, previous switching sequence

Or—1 (except if &k =0)

2: if k=0 or mp(xy) # —1 then

3: 0 +— Tﬁg(fL’k)

4: else

5: 0 <+ (5k_1(1),...,5k_1(N),i) with (AJ +

BKj)z;_{(N) € P;and zj_,(N) € P;
6: end if
Solve J(z, ;) and apply u*(0)

B=1[01 1], and Py = {z|[I 0]z < (>)1}. The
input and state constraints are ¢/ = {ul|u| < 3} and X =
{z|Dx < E}, respectively, with

-1 -3 02 -1
D_lfll 0 0 -1

E=[15 25 9 6 8 10] .

Consider the MPC controller (2) with cost matrices ) =
P =1, R = 1, and using the l-norm, i.e., p; = ps =
ps = 1. The terminal set is computed as the maximal
constraint admissible set for the system x(k + 1) = (4; +
BK)z, restricted to P;, where K is the optimal LQR
gain controller for (4, B, @, R). The example is simulated
on an 11th Gen Intel laptop with four i7 cores, 3.00GHz
clock speed, and 16Gb of RAM. For fairness, all MILP
and LP optimization problems are solved with Gurobi [13]
without warm-starting, while explicit MPC controllers are
generated with the MPT3 toolbox [14]. Source code is
available at https://github.com/SamuelMallick/
supervised-learning—-pwa-mpc. For my we use an
ensemble of the classifier presented in [12], with one for
each P;, with all tunable hyperparameters for the classifier
available in the source code.

®)

Algorithm 1 is used to train 7y using an initial training set
T ={(@9.8 @)} .2, 0{ (@9, 8" (@)} 7, with 2
and x(9) sampled uniformly from P, and P, respectively.
The tightened MPC problem (7) is implemented with O =
{z|||z|| < 0.1}. Figure 2 demonstrates Algorithm 1 at
iterations 0, 8 and 42, for N = 12. It can be seen that
across the iterations, training data is added around areas of
importance, allowing a feasible my to be learned efficiently.
At the first iteration training data is sampled randomly,
and the partition is poor, with many infeasible vertices.
By the eighth iteration, following Algorithm 1, more points
have been sampled at the infeasible vertices of the previous
iterations, and the partition is significantly improved. Finally,
at iteration 42 the partition is validated to be feasible for all
x € Xp,¢, and the training is terminated.

Table I shows the number of regions in the learned convex
partition of A and the number of iterations required to
guarantee feasibility, as the horizon N increases from 5 to
12. Additionally, the number of training data generated is
reported, normalized by that for NV = 5, indicating how
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’-training data x infeasible vertex ‘

S NG X
b A Tl
i KNS /
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] II )k\’L ./ N //A‘
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lo e O 4 r\/ // O
N fe 3o/ o !
% ——_ e N e
)k-"’k \\\f “e \® e y
| -

oL e

|
[
[
[
|
L{
|

)
P

(c) Iteration 42 (feasible)

(b) Iteration 8

Fig. 2: Training for N = 12. Each color represents a different
6, while the dark gray region represents infeasibility.

TABLE I: Training 7g: Number of training data normalized
by the value for N = 5, with true values in brackets.

N || # regions | # iterations | # training data
5 29 34 1 (377)
6 19 46 1.170  (441)
7 19 56 1.191  (449)
8 26 26 0.801  (302)
9 27 33 0.889  (335)
10 24 52 1.016  (383)
11 25 42 0939 (354)
12 30 42 1.053  (397)

the offline computation scales with N. For comparison, an
explicit MPC controller [3] is computed for each N. This
involves solving an mp-MILP, resulting in a partition of
X that defines the optimal control law. Table II shows the
number of regions required by the explicit MPC approach,
and the computation time required to compute the controller,
again normalized by the time for N 5. For my, both
the number of regions and offline computation are relatively
uncorrelated with N, while for explicit MPC the number of
regions and the offline computation time scale poorly with
N.

To investigate the performance of 7y, the open-loop cost
J(x,7g(x)) is compared against the optimal J(z) with
N = 12. Figure 3 shows the percentage suboptimality:
AJ =100 (J(a:, () — J(a:)) /J(x), for 100709 states
sampled densely from X, ¢. Suboptimality is only introduced
around the boundaries of the convex partition in Figure 2c,
demonstrating that my learns a convex partition close to the
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TABLE II: Explicit MPC: Computation time normalized by
the value for NV = 5, with true values in brackets.

N || # regions comp. time (s)

5 388 1 (25.189)
6 469 5.908 (148.807)
7 520 14.781 (372.299)
8 549 40.761  (1.027-10%)
9 574 150.494 (3.791-10%)
10 600 464.185 (1.169-10%)
11 741 1.307-10%(3.292-10%)
12 2541 6.965-103(1.754-10°)
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Fig. 3: Open-loop suboptimality AJ for N = 12.

optimal one. Furthermore, for all states J(z,m(z)) < oo,
demonstrating Proposition 3.

To investigate the closed-loop performance, Algorithm 2 is
compared against the optimal online MPC controller!, where
(2) is solved, for NV = 12. Simulations are run for 1000 initial
states, sampled uniformly from Xy g, until [|z||2 < 0.01, with
the cumulative closed-loop costs compared. Table III gives
the distribution of the percentage suboptimality, as well as the
computation time for each approach. It can be seen that, as
the proposed approach optimizes for the continuous variables
online, and as § = 7y (x) is suboptimal over only a subset of
the state space (see Figure 3), the closed-loop suboptimality
is limited. Furthermore, the computation time is significantly
improved by Algorithm 2. Finally, for all time steps of all
simulations, J(xy, 8),) < oo, demonstrating Proposition 4.

!'The performance of the optimal online MPC controller is the same as that
of the explicit MPC controller; however, as the memory requirements for
explicit MPC can be unreasonable, we use an online approach and explore
its online computational burden.

TABLE III: Closed-loop comparison N = 12.

mean median min max std
S AT 0.371 0 0 35.970 1.808
Time (2) (s) 0.0323 0.0152 0.00361 0.315 0.0362
Time (3) (s) | 0.00143  0.00125 0.000605 0.0517 0.00231

350

VI. CONCLUSIONS

In this work we have proposed a learning-based MPC con-
troller for PWA systems where the PWA switching sequences
are selected by a learned policy, such that only a linear
optimization problem must be solved online. In contrast to
existing works in this direction, feasibility of the controller
is guaranteed. To this end a class of suitable classifiers has
been formulated, and an efficient training strategy has been
presented. A numerical example has demonstrated the bene-
fits of the proposed approach in terms of offline computation
and online memory with respect to offline MPC, and online
computation with respect to online MPC. Future work will
look at bounding the suboptimality of the proposed approach,
as well as further experimentation on larger systems with
more regions in the PWA dynamics.
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