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Abstract— Receding-horizon games offer a very promising
approach to extend nonzero-sum dynamic feedback games to
handle local and shared constraints on the input variables in
non-cooperative, multi-agent control systems. In this paper, we
consider the multi-agent control of linear, discrete-time, time-
invariant stabilizable systems subject to affine (shared) state
and input constraints. We propose a game-theoretic model
predictive control (MPC) formulation that makes the associated
generalized Nash equilibrium (GNE) problem solvable at all
time steps and the origin an exponentially stable equilibrium
state of the overall closed-loop dynamics. While leveraging well-
established results in solving jointly-convex linear-quadratic
GNE problems, we exploit a polyhedral control Lyapunov func-
tion to enforce stability. The validity of the proposed receding
horizon game scheme is demonstrated through simulations.

I. INTRODUCTION

We address the problem of solving linear discrete-time
dynamic games under linear input and state constraints in
a receding horizon fashion. In this type of game models,
multiple agents control their own subset of the input vector,
in an optimal manner according to their own cost functions,
while respecting local and shared constraints. In the so-called
receding-horizon game (RHG), the agents at each discrete-
time step measure the current state and, based on an available
common model of the entire system dynamics, try to agree on
some input strategies. The agreement means that every agent
acts optimally over its own finite horizon criterion given the
actions of all other agents, or, in other words, that the agents’
strategies constitute a generalized Nash equilibrium (GNE).
Receding-horizon approaches allow the agents to re-negotiate
the decisions given the current state of the system, therefore
achieving a feedback game-theoretic policy in spite of the
fact that the agents solve an open-loop game at every time
step, for numerical tractability reasons [1]. Indeed, receding
horizon solutions have been proposed to dynamic games with
application in autonomous driving [2], autonomous drone
racing [3] and supply chains [4].

In RHGs, at every discrete time step the agents solve a
GNE problem (GNEP) for the input strategies and apply only
the first action of their own strategy to the system. Ensuring
the solvability of the arising problems and convergence
of the closed-loop dynamics to an equilibrium remains a
fundamental challenge. In [5] the authors, under certain
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assumptions about the parameters of the underlying physical
process, dealt with generalized potential games. Addition-
ally, they provided sufficient conditions for the existence
of a practically stable equilibrium point for the closed-loop
system. In [6], the authors viewed the closed-loop system
as a feedback interconnection of two dissipative systems, an
open-loop strictly stable linear time invariant (LTI) system
and a static nonlinearity, mapping the initial states of the
system to the strategies in equilibrium. The stability of
such interconnection was ensured by leveraging elements of
monotone operator theory with the dissipativity property. In a
similar setting, dissipativity-type conditions were also given
in [7]. The authors in [1] observed that the strategies in equi-
librium, in an open-loop information structure, of an infinite-
horizon linear-quadratic (LQ) game coincide with the input
sequences of linear-quadratic regulation (LQR) problems in a
state space of higher dimension. This observation was based
on a note, firstly introduced in [8]. They subsequently used
the explicit expression of the infinite cost-to-go as a terminal
cost in the receding horizon, constrained game and proved
asymptotic convergence of the closed-loop system to an
equilibrium. Game-theoretic MPC laws based on open-loop
predictions under linear constraints and quadratic costs can
be evaluated efficiently as LQ-GNEDPs, see, e.g., [9]; explicit
characterizations of the control law have been investigated
in [10] by exploiting the properties of multi-parametric LQ
games, with similar results obtained in [11].

It is also believed that RHGs are relevant to nonco-
operative, distributed MPC (DMPC) methods [1]. More
specifically, in [12], the authors propose a “feasible co-
operation” DMPC scheme in which the objectives of the
agents, controlling the interconnected sub-systems are re-
placed by a common objective that guarantees some level of
cooperation between the subsystems. At every discrete-time
step, an algorithm solves interdependent quadratic program-
ming problems iteratively, until it reaches a certain level of
agreement between the subsystems and subsequently applies
the initial control inputs. A similar approach was adopted
by the authors in [13], who let the agents communicate
several times while solving their local optimization problems.
Furthermore, in [14] the authors proposed an a-posteriori
verifiable stability condition, which was heavily relying on
the degree of decoupling between the subsystems.

In this work, we consider game-theoretic MPC schemes
for linear systems under linear input and state constraints
based on open-loop predictions. Contrarily to a similar
scheme proposed in [1], in which the infinite-horizon open-
loop cost based on the agent’s objectives is used as a terminal
cost, we propose the use of a polyhedral control Lyapunov



function (PCLF) to ensure closed-loop stability. Imposing
a PCLF for the closed-loop nicely maps into shared linear
constraints, so that, when the agents’ objectives are quadratic,
we do not alter the LQ-nature of the resulting GNEP to solve
at each time step.

The usage of PCLFs for the constrained stabilization of
LTI systems traces back to [15], [16]. As clearly stated
in [17], one of the reasons is that their domain of attraction
(DoA) can approximate with arbitrary precision the maxi-
mal control positive-invariant (MCPI) set of the constrained
LTT system. In linear MPC schemes, and more specifically
in [18], the authors identify an infinity norm as a polyhedral
Lyapunov function, while in [19] the authors apply a similar
core idea in hybrid MPC schemes. Additionally, in [17] two
distinct MPC methods with guarantees about the closed-loop
stability of the origin were proposed, one using a PCLF, with
a proper weight, as a terminal cost, and the other using the
same PCLF to design input-affine contractive constraints. For
a thorough survey on similar topics the interested reader may
refer to [20].

The main contribution of this paper is to analyze the
closed-loop properties of the resulting game-theoretic MPC
scheme, namely the recursive existence of a GNE at every
time step (and, therefore, the well-posedness of the control
law) and the exponential convergence of the closed-loop dy-
namics to the origin from a specific set of initial conditions.
The aforementioned additional shared constraints imposed
in the game explicitly ask for a decrease in the value of
a polyhedral function, which provably acts as a Lyapunov
function for the closed-loop system on its DoA. Due to the
affine nature of the proposed constraints, well-known results
about the existence of GNE solutions [21] can be exploited.

This paper is organized as follows. In Section II we
formalize the RHG the agents participate in. In Section III
we review PCLFs and their corresponding DoA, which will
serve as a basis for the stability analysis of our closed-loop
system presented in Section IV. Section V shows the results
of a numerical simulation of closed-loop game-theoretic
MPC based on the proposed approach, while Section VI
concludes the paper.

Notation: We denote by T the prediction horizon and
by N the number of agents. The set of symmetric, positive
definite (semi-definite), real matrices of dimensions n X n is
denoted as S? the i-th row of a real matrix A € R™*™

(=)0
as A]. Given N vectors by,...,by € R™, col(by,...,by)
denotes the stacked vector [b],... b} ] . given N real ma-
trices A;,--- , Ay € R™™ the block diagonal matrix with

Ay, ..., Ay in the diagonal is denoted by diag(A;, ..., Ay).
The subscript ., indicates a T-step ahead prediction of some
quantity of interest made at time step k.

II. PROBLEM FORMULATION

We consider the following discrete-time stabilizable LTI
system:

N
Ty = Axy + ZBzukz (D

i=1

where x;,, € R" is the state vector u,; € R"i the control
input commanded by agent ¢, ¢ = 1,..., N. The dynamics
are described by A € R"=*"= and matrices B; € R *"ui,
collectively stacked as B = [B,---By] € R™=*™ n, =
S¥  n,,. The state variables and the control input of each
agent are subject to the following polytopic constraints

€ X ={zeR™ | A,z <b,} (2a)
Ug, € Uy = {u; e R™i | A, u; < by} (2b)

with A, € Rroexme b € R"»e, A, € R X" and
bu; € Ri. Let U = [[,.;U; C R™ be the polytope
constraining the collective input uy, = col(ug 1, ..., usn) €
R,

To pose the problem of interest, we make the following
assumption on the system’s dynamics and constraints:

Assumption 1: The pair (A, B) is stabilizable, U; # () and
0Oel;, foralli=1,...,N, X #0,and 0 € X.

Next, we formalize the non-cooperative dynamic Nash
game the agents participate in. Specifically, we consider
a RHG in which u; = col (uojp,is- .., Up_1j,;) € RT™
denotes the sequence of control inputs commanded by
agent ¢ over a finite horizon of length 7" > 1, u is
the collective control sequences of all agents, and u_; =
col(uy,...,u;_1,u;41,...,uy) the collection of all the
agents’ control sequences but the ¢-th one.

At every time step k each agent aims at minimizing its
own cost function:

T—1
Ji(u) mk) = x:‘in,Txﬂk + Z li(xﬂkauﬂk,i) (3)
=0
with respect to u; given u_;, where z., 7 = 0,...,T

denotes the predicted state at time k£ + 7 according to the
dynamics in (1) and the initial condition xo), = x4, with
stage cost [;(z,u) = 27 Q;x+u' R;u defined by the agent’s
weight matrices (); € SI§, and R, € SZ’: , and terminal cost
defined by Q; 1 € S{§. Note that .J; depends on the collective
control sequences u, since all u; concur, in general, to evolve
the state trajectory {z,x}7_, over the prediction interval
[k,...,k + T]. Note that we consider here quadratic stage
costs for computational tractability, although our arguments
remain compatible with any stage cost so that the mapping
from u; to J;(u, ;) is convex for all u_;, .

We summarize the collection of the state constraints x|, €

X, 7=1,...,T, in the following shared linear inequalities

A.u<b, + Cay, 4)

and the input constraints u,; € U;, 7 = 0,...,T — 1,
1=1,..., N in the following local linear inequalities

A,u; <b,,;,, i=1,...,N 5)

Moreover, as we will detail in Section III, we will further
introduce a shared constraint on the first control input gy
of the form

Su € P(xy,) (6)

where P(z;) C R™ is a polytope to be designed as a
function of x;, and S = [I 0 ... 0] € R™*T™u gelects the



u*(xy) T
T41 = Axy, + BSu* (xy,) k

uj (zy) € arg min J;(u, zx)
u;

s.t. Agu < by + Cxy,
Su € P(xy)
Au,ivi < by

u_; = u’ (k)

Fig. 1: The closed-loop scheme, consisting of the LTI system
(1) controlled in feedback by the GNE of the RHG in (7).

first control move ug, from the collective control sequence
u. The design of P(z;) will be crucial for establishing our
main closed-loop stability result.

A. Receding-horizon game

By assuming that each agent has a local copy of the
dynamics in (1) and the measurement of the full state x
at each time k, we define the following linear-quadratic
(LQ) generalized Nash equilibrium problem (GNEP) for the
agents’ control sequences u;, ¢t =1,..., N:

u;(z;) € arg min J;(u, z,) (7a)
st. A,u < b, +Czxy (7b)

Su € P(xy) (7¢)

Au,iui < bu,i (7d)

u_; =u (z). (7e)

In the considered receding horizon framework, at every
time step £k € N the agents compute a solution to the
GNEP (7), yielding a collection of optimal input sequences
u*(zy), and then apply the first element of each uj(x}),
ie., uf,;(zx), to the LTI system in (1). Note that, since
u} () depends on the current state x4, in spite of the open-
loop information structure of the dynamic game, the overall
control strategy is a feedback policy, i.e.,

= Su*(zy). (®)
This results in the closed-loop system illustrated in Fig. 1:

= Az, + BSu*(xy). 9)

LTr+1

Remark 1: The way (distributed, semi-decentralized, or
centralized) the GNE is computed at every iteration k € N
is not in the focus of this paper. We tacitly assume there
is a procedure in place that allows the agents to compute
an equilibrium at every step k. In this paper, we will use
the centralized mixed-integer linear programming (MILP)
formulation to solve LQ-GNEPs described in [9].

Without any further assumption on the formulation of the
RHG in (7), there is no guarantee that the feedback loop (9)
is asymptotically stable. Moreover, we need to guarantee that
a GNE in (7) exists at every time step £ € N. The purpose
of this work is to design the shared constraint (7c) so that
the closed-loop dynamics in (9) converges exponentially to

the origin and at least a GNE u*(z},) is guaranteed to exist
at every k € N; in particular, we want to avoid that an
inaccurate choice of P even leads to the local and shared
constraints defining an empty set. The choice of P will be
based on control-invariant sets, as detailed in the next section.

III. POLYHEDRAL CONTROL LYAPUNOV FUNCTIONS

As a key consequence of Assumption 1, we note that
one can uniquely associate with the pair (A, B) and the
constraints in (2) the so-called MCPI set [22], which is A-
contractive according to the following definition:

Definition 1: Given A € (0,1], a set X* C X is A-
contractive control positive invariant (A-CPI) for the LTI
system (1) if for every x € X* there exists an input u € U
such that ;(Az + Bu) € X,

In the case A = 1, X! is also called control positive in-
variant (CPI). Thus, for a given ), the maximal A-contractive
(A-MCPI) set X2 C X turns out to coincide with the union
of all A-CPI sets for (1). Note that the union of A-CPI sets
is itself a A\-CPI set.

The way we propose to design the set P in (7c) relies
on X2 and the associated contractive property. Computing
the \-MCPI set usually relies on viability-based iterative
procedures—see, e.g., [23], [20], [24]. However, the adopted
scheme is not guaranteed to converge in a finite number
of iterations [22]. To this end, we properly select A and
approximate X = X,jF for some (large enough) kr, where
X,jF is a polytope obtained by the intersection of ny half-
spaces, with the origin in its interior, cf. [17]. With a slight
abuse of notation, from now on we identify the A\-MCPI
for (1) w.r.t. (2) with:

X ={zeR™|Fz<1,,} (10)

where F' € R"**"= and max,_;__,.(F, ) > 0 for all
x € R"=\ {0} since a polytope is a bounded set. A polyhedral
inner approximation as the one in (10) can be obtained,
indeed, in a finite number of iterations and with arbitrary
precision [20, Proposition 5.9]. Note that A is chosen to be
strictly greater than the spectral radius of the uncontrollable
part of the pair (A, B), if such part exists.

In view of its structure in (10), we recall that the set X'
represents the DoA of the following second-order' PCLF:

(1)

Although non-smooth, V3 (+) has been exploited for the stabi-
lization of LTT systems with affine state and input constraints
in various ways. For instance, it can be used (modulo proper
weighting) as terminal cost in the MPC framework for the
stabilization of the origin. In the same context, X; denotes
the DoA of the controller, as well as the terminal set. Unlike
available approaches, in this work we rely on the following
two properties of the PCLF V,(-) in (11):

IThe results of this paper can be immediately replicated for the polyhedral
Lyapunov function V) (z) = max (FTz) as well.
i= ng

,,,,,



Lemma 1 ([17]): Let the A-MCPI set X2 be as in (10)
and the associated PCLF V,(-) as in (11). Then:

(@) Ve e X2, Jueld: 0 <V (Az + Bu) < X*Vy(z),
(#7) Jer, e > 0:cqlz])? < Va(z) < coflz|*

While Lemma 1(7) stems from the contractivity of X2 and
the homogeneity of the corresponding Minkowski function
U(z) = max,—; ., (F, x), the second part follows from
the upper and lower bounds of ¥(-) itself. Such bounds are
based on the state norm ||z||, which can in turn be derived
using ||F|| and the standard definition of the Minkowski
function.

IV. STABILITY ANALYSIS OF THE RHG

In view of the discussion above, for a given A € (0,1)
we then propose to rewrite the set inclusion in (7c) starting
from the condition stated in Lemma 1(3). For any z;, € X2
there indeed exists o), = Su such that:

2 2
(/_{nax (FiT(Axk+BSu))> <\ < max (Ffa:k)> :

Due to the fact that max,—; _,.(F,"z) > 0, for all z €
R"= \ {0}, the inequality above is therefore equivalent to:

max (F(Az, + BSu)) <\ max (Fxz)
i=1,....np i=1,....,np
and thus to:

FBSu < Alnpi_{nax (F'zy) — FAx,. (12)
Before stating and proving our main stability result in-
volving the closed-loop dynamics in (9), let us prove the
following preliminary result.
Lemma 2: Let x), € X2 with (7c) formulated as in (12).
Then, the GNEP in (7) admits at least one GNE.

Proof: Consider the collective feasible set

Q(zx) £ {u: A,u; <b,;,i=1,...,N

FBSu <A1, max (F2),) — FAz,
i=1,..., ng
13)
and the pseudo-gradient mapping F : RT"« — RT™w;
F(u;zy,) = col(Vy, J;(u, xk))fvzl : (14)

Clearly, 2(z},) is convex and compact. To prove that it is also
nonempty, consider the following input sequence u1 generated
as follows:

o= [ady, - a1

Since x,, € X;, by Lemma 1 there exists a oy € U
such that =), = Ax), + By, € AX2 C X2 C X. By
iterating this argument, we can find the remaining values
Uik - - -, Ur—1)5. Thus, the input sequence 0 satisfies all
the constraints in (13), which proves the non-emptiness of

Moreover, F is affine, and hence continuous, in u. Conse-
quently, by the Hartman—Stampacchia theorem, the following
variational inequality problem, VI(F(-; x;), Q(xy)), i.e.,

Find u* € Q(z;) s.t. F(u*;z,) " (u—u*) > 0, Vu € Q(z)
15)
admits at least one solution u*. As every function J; in the
GNEP (7) is convex w.r.t. u; for all u_; and z, by [21,
Theorem 5], every solution to (15) is a GNE of (7). |
Theorem I: Let z, € X2. Then, at every step k € N a
GNE u*(z;) of the RHG in (7) with (12) in place of (7c)
exists and the control strategy (8) exponentially stabilizes the
LTT system in (1) to the origin.

Proof: Since z, € X;, by Lemma 2 we have that
the generalized Nash game in (7) with (12) in place of (7c)
admits a GNE.

Now, assume that the RHG admits at least a GNE at the
generic time step k. Due to the constraints (12) and the
feedback policy (8) one readily obtains:

(F'zpyr) <X max (Flzy) <1

1,..., ng

(16)
i=1,..,np
thereby implying that =, ., € X2. Thus, at time step k +
1 the generalized Nash game at hand meets the conditions
described in Lemma 2 and, hence a GNE exists again. By
induction on k, we can therefore claim the recursive well-
posedness on the control law (8) for all £ € N.

To prove exponential stabilization to the origin, we first
want to show by induction that the following relation holds
true:

V)\(l‘k) < )\QkVX<II}0), VEk > 0. (17)

Indeed, this relation holds for £ = 1, since the coupling
constraints (12) correspond to the condition in Lemma 1(z).
Now, assume that (17) holds true for some k£ > 0.
By the recursive feasibility proved above, a GNE u*(z})
exists and is constrained to satisfy (12), which forces
F 2y < Amax; F 2, Vi. Hence, recalling the definition
of Vy(xk,1) in (11), we obtain:

V/\(xk+1) < )\QVA(zk) < AQ(kH)VA(zo) (18)

which proves the desired induction. The proof then concludes
by the lower bound on V) (z,) and upper bound on V()
from Lemma 1(4%), together with (17):

|zl < Valae) < X Va(ao) < A ealzol|?

Ca
el < A%y = llzoll
C1

and, hence, proves exponential convergence to the origin. W
Note that the stability result in Theorem 1 is independent
of the choice of the cost functions J; in (3) (and, in particular,
of the terminal costs), as long as the resulting mapping
from u; to J;(u,z;) is convex for all u_; and x,. More
specifically, if the cost functions .J; are also defined so that
the resulting pseudo-gradient F in (14) is strongly monotone,
a variational GNE exists and is unique at each time step. This
is an easy condition to check in our quadratic setting (3).

which yields
19)



TABLE I: Model and receding-horizon game parameters

Parameter Value [a.u.]

Mass M, 3

Mass Mo 1

Spring constants ki, k2 0.18

Spring constant k 0.5

Friction coeff. 81 1.5

Friction coeff. B2 1.0

Sampling Time Ts 0.2

Lower bound Zpmin —[1510 15 10] "
Upper bound Zmax —Zmin

Lower bound i, —[100 100}T
Upper bound umaa —Umin

Horizon length T'

Stage cost coeff. Q1 diag[1, 1, 0, 0]
Stage cost coeff. Q2 diag[0, 0, 1, 1]
Stage cost coeff. R1 = Ra 1

Decay rate A 0.8, 0.9, 0.9999
Approximation parameter ¢  0.01

V. NUMERICAL EXPERIMENTS

To corroborate our theoretical findings we run numerical
simulations on the mechanical system illustrated in Fig. 2,
with numerical parameters reported in Tab. I. The latter also
reports all the design choices we made for the experiments.
The approximation parameter € determines both the decay
rate used in the viability-based, iterative process and its
termination condition.

The underlying system consists of two masses M; and
M, connected to walls by two linear springs with identical
constants k; = k,. The masses are additionally connected to
each other by another linear spring with parameter £ and,
due to the interaction with the surface on which they slide
horizontally, are subject to viscous friction with coefficients
(B, and [3,. Each mass is controlled by an agent ¢, applying
its force input f; to set the position y; of the center of gravity
of M, to its origin. All springs are initialized to their natural
lengths.

ki Aiﬁ . ' ks
'7>4\/\/\/V—
! é

4 iﬁ1

——
B4

15

s | B

——
Y2

Fig. 2: Schematic representation of the two-mass system
considered.

For consistency of notation with Section II, we define the
state vector = [y; 41 ¥o o] . the collective input u =

[f1 f»]" and the following LTI system in continuous time:

0 1 0 0 0 0
_ (ktk1) _ B1 kK 0 1
Y — M, My My My
@ 0 0 0 1[0 o™
% e il ~ 0 55
(20)

We obtain a discrete-time prediction model by discretiz-
ing (20) with sampling time 7, and zero-order-hold (ZOH)
on the inputs. The resulting state variables and control input
of each agent are subject to the following box constraints:

(21a)
21b)

T min S Ty S T max

Umin S U S Umax

where Zpin, Tmax € R* and tUpin, Umax € R2.

We approximate the \-MCPI set for the aforementioned
discretized dynamics subject to (21) using the backward
viability iteration described in [20, Proposition 5.9], with
contraction factor 1%5 The iteration is implemented using
the Multi-Parametric Toolbox for MATLAB [25].

To evaluate the behavior of the closed-loop system given
in (9), we simulate it for a sequence of 100 initial conditions
xo on the boundary of the computed A-contractive set, for
A = 0.9. We consider a simulation horizon of 90 time
steps, at each of which, the GNE of the GNEP (7), with
the constraint (7c) replaced by inequality (12), is computed
using the MILP formulation described in [9].

At every single simulated time step k£ we compute the
ratio Hz’g ” We then find the maximum, the minimum and
the mean value of this ratio at each time step & among all
sampled trajectories. Moreover, in view of inequality (19)

we calculate the reference quantity 7, = \* f—j and present

the results in Fig. 3. In the same figure, we also report
the empirical relative frequency of the ratio Hz’SH across all
sampled trajectories at each time step k. More precisely,
for every k, the range between the observed minimum and
maximum values is partitioned into bins, and the relative
frequency associated with each bin is defined as the number
of trajectories whose normalized state norm falls into that
bin at time step k, divided by the largest bin count at the
same time step. As expected, inequality (19) is satisfied for
every initial condition that renders the GNEP well-posed and
at every time step k, without a single exception.

Furthermore, we examine the effect of the decay rate A
on the size of the approximated A\-MCPI set and the closed-
loop performance of the RHG. For each of the three values
of A reported in Table I we compute the set X2 and we
define its relative volume as vy = vol(X2)/vol(X). Sub-
sequently, starting from a common nonzero initial condition
lying strictly inside the intersection of the resulting sets, we
simulate the closed-loop system given in (9) for each value
of \. We approximate each player’s infinite-horizon closed-
loop cost J7 by summing the stage costs along the simulated
trajectory. We denote the resulting approximations by J*
and we summarize the results in Table II.

We observe that increasing A\ enlarges the computed A-
MCEPI set. To some extent, smaller values of A yield both
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Fig. 3: The maximum, the minimum and the mean value and
the relative frequency of the ratio Hi’;”, at fixed time step k,
along the sampled trajectories.

TABLE II: Relative volumes of the computed A-MCPI
sets and approximate infinite-horizon closed-loop costs for
different decay rates.

A % TPlaw] JPlaw] (TP + J5)aa]
0.8 27.26 10189.71 1369.35 11559.05
0.9 89.95 2945.23 568.86 3514.08
0.9999 99.56 935.50 824.79 1760.28

smaller relative volumes v, and larger aggregate infinite-
horizon cost approximations J* + J5°. However, the indi-
vidual cost approximations J;° and J5° do not follow the
same ordering.

VI. CONCLUSION

For LTI discrete-time multi-agent systems subject to poly-
topic state and input constraints, we have proposed a game-
theoretic MPC scheme to stabilize the system at the origin.
Regardless of the choice of the performance indices opti-
mized by the agents and the particular equilibrium selected
in case of multiple GNEs, exponential convergence is guaran-
teed by imposing affine shared constraints on all agents, that
are derived from the use of maximal A—contractive MCPI
sets. Current research is devoted to extending the approach
to handle uncertain dynamics.
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