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A Feedback-Based Distributed Method
for Multiscale Optimal Control of Multi-Agent Systems

Riccardo Brumali, Guido Carnevale, and Giuseppe Notarstefano

Abstract—In this paper, we propose a distributed method
for multiscale optimal control. Namely, we aim to optimize
the macroscopic behavior of nonlinear multi-agent systems by
acting on the microscopic dynamics of each agent using only
local information. More specifically, we consider a finite-horizon
optimal control problem in which the loss function is the sum
of (i) local terms taking into account local inputs of each agent
and (ii) a term depending on a macroscopic model of the
network (e.g., the Kullback-Leibler divergence with respect to
a target distribution). In particular, such a macroscopic model
aggregates local kernels representing a probabilistic feature
of a single agent (e.g., a local sensing model). The proposed
method combines a local feedback-based action to optimize the
macroscopic agents’ behavior with a learning part aimed at
locally reconstructing the macroscopic model for each instant
of the optimal control problem. We theoretically prove that
the proposed method asymptotically converges to the set of
stationary points of the optimal control problem. We achieve
this result by exploiting tools from system theory based on
timescale separation and LaSalle’s invariance principle. We test
the proposed method with numerical simulations.

I. INTRODUCTION

Large-scale systems are gaining attention in many fields,
such as multi-robot systems [1], [2] and smart grids [3].
This trend has led to the emergence of optimal control in
multi-agent contexts, see the surveys [4], [5]. An emerging
approach considers the overall network as a continuum and
describes the macroscopic behavior of the agents via Partial
Differential Equations (PDEs) [6], [7] and the global agents’
interaction via Probability Density Functions (PDFs) [8]—
[12]. This framework has applications ranging from motion
planning [13] to the control of large telescopes [14], and
from sensor placement [15] to self-organization of robotic
swarms [16]-[18]. A problem that has gained particular
attention in the context of multi-agent systems is the so-called
shepherding control problem [19], [20], where the goal is to
act on a small group of agents to guide a larger population
towards a desired region. In these contexts, particularly
in optimal control, centralized approaches where a single
entity has access to all data and controls all the agents, are
often impractical or even infeasible, motivating the need for
distributed strategies that rely on local computations and
communication among neighboring nodes to collaboratively
achieve a common goal. In this direction, authors in [21]
propose a decentralized strategy to tackle the shepherding
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control problem. Further examples of distributed control
schemes include those based on the Alternating Direction
Method of Multipliers [22]-[26], Differential Dynamic Pro-
gramming [27], and distributed Model Predictive Control [28]-
[32]. Among these, the work [33] proposes a distributed
optimal control method based on the concept of feedback
immersion, originally introduced in [34] and later extended
to the discrete-time setting [35].

Our main contribution is the development of the novel al-
gorithm named Distributed methOd for MultIscale Networked
OPTimal control (DOMINOPT). Specifically, DOMINOPT
acts on the microscopic dynamics of each agent of the network
to optimize their emerging macroscopic behavior. We address
optimal control scenarios in which the local agents’ dynamics
are nonlinear, while the cost function depends on both (i) local
terms accounting for the local inputs of each agent and (ii) a
global term depending on a macroscopic model of the overall
network (e.g., the so-called Kullback-Leibler divergence with
respect to a target distribution). We model it as the aggregation
of local kernels, each representing a probabilistic feature of a
single agent. The design of DOMINOPT integrates two main
components. First, it incorporates a feedback-based optimal
control approach [33], [35] into this multiscale optimal
control framework. Second, it integrates a consensus-based
mechanism that enables each agent to locally reconstruct the
macroscopic model. We theoretically prove that DOMINOPT
asymptotically converges to the set of stationary points of the
considered nonconvex optimal control problem. We achieve
this result by analyzing the dynamical system describing the
DOMINOPT evolution with tools from system theory based
on timescale separation and LaSalle’s invariance principle.

We organize the paper as follows. In Section II, we state
the problem setup. In Section III, we present DOMINOPT
and its convergence properties. In Section IV, we analyze the
proposed method and, in Section V, we numerically test it.

Notation: Given N vectors x1,...,2xy, their vertical
stack is denoted by col(xy,...,zn). Given a function

£ R™ x -.. x R — R, we denote its (total) gra-
dient at a given point (Z1,...,Zq) as V&(Z1,...,Tq) =
col(V1(Z1,...,Zq),...,Val(Z1,...,Tq)), where the par-

tial gradient of ¢ with respect to its k-th argument, for all
k =1,...,d is denoted as Vil(Z1,...,Z4) € R™. For
a given T' € N, we denote the discrete-time horizon as
[0,7] = {0,1,2,...,T}. Given x € R™ and X C R",
we define dist(z, X) = inf,cx ||z —y||. 1y denotes the
N-dimensional vector with 1 in each entry, while 1y 4 ==
1y ® I; where the symbol ® denotes the Kronecker product.



II. PROBLEM SETUP AND PRELIMINARIES
A. Network Model

We consider a set Z:={1,...,N} of agents each evolving as

i1 = fil@ig, i), (1

for all 7 € Z, with f; : R™ x R™ — R™, while z; ; € R™
and u,;; € R™¢ are the state and control input of agent 7 at
time t. We stack the states and inputs of all the agents at ¢ as

xp=col(z14,...,xn ) ER™  upi=col(u,...,unys) €ER™,

where n = Zi\; n; and m = Zivzl m;. Given a time
horizon T' € N, for each agent ¢ € 7, x; € R™T and
u; € R™7T denote the stack of the states i, ..., and
inputs u;p, ..., u; 7—1. We denote the stack of all x;, u; as

x:=col(xy,...,xy) R u=col(uy,...,uy)eR™,

The agents’ communication is ruled by a directed graph G =
(Z,E,W), where £ C T x T is the edge set and W € RV
is the weighted adjacency matrix, with 7j-entry denoted as
w;; € R. In detail, w;; > 0 if (j,4) € € and w;; = 0
otherwise. Agent ¢ can receive information from agent j if
and only if j € NV; == {j € {1,...,N} | (j,7) € £}. The
graphs considered in this work are characterized as follows.

Assumption 1. The graph G is strongly connected and the
matrix VW is doubly stochastic. O

B. Multiscale Optimal Control

The agents’ goal is to cooperatively optimize a common
index describing their emergent macroscopic behavior in a
time interval [0,7] and a finite space C C R"7 with n <
min;ez{n;}. For instance, a team of mobile robots may
optimize its position in space to track an ideal macroscopic
distribution. Let p, : R™ x R7 — R be a map associating
the microscopic states x; to their macroscopic representation
in ¢ € C. We formally define the macroscopic performance
index at time ¢ as the function L; : R™ — R defined as

Li(xy) == /Cht (pe(xy, ¢)) dc,

where h; : R4 — R is a performance criterion. For numerical
reasons, we consider a discretized version of L (z;). Given a
discretization interval § > 0, we divide the space into C' € N
cells. Let ¢ : N — R" be the map associating the c-th cell
to the coordinates of its center. We obtain a discretized cost

G (@) = Yoy ha (5 (1))

where pf(z) = p(w, ¥(c)), pe(z) = col(p; (z), ..., pf (x)) €
R, and p(x):=col(pi(z),...,pr(z)) ERT. Agents aim
to minimize the overall cost £ : R™7 x RY” — R given by

((u,p(x)) = L, 6 (wi) + £ (p(x)), @)
in which, ¢ : RYT
p(x) of the network, while each local cost ¢ : R™T
depends only on the local input u,, speciﬁcally

=3 . )= 3 ),

— R depends on the macroscopic model
—R

émlc uz

where each £7% :R™ =R and £3* :RY—R are the microscopic
inputs and macroscopic model cost at time ¢, respectively.
We aim to solve the multiscale optimal control problem

N T-1 T
o, DD i) + 36 () (3a)
u1 SuN =1 t=0 t=1
subj.to ;1 = fi(zis,uiy) t=0,...,7—1 (3b)
50 = Tijnic ¢ =1,..., 1V, (3c)

)

where x; iniy ©R™ represents the initial condition of agent 4.

C. Macroscopic Behaviors via Kernel Density Estimation

We focus on macroscopic models p;(x) being probability
distributions over C depending on all the microscopic states
z;¢. By following the idea of Kernel Density Estimation
(KDE) [36]-[38], we assume that p;(x) can be expressed as
a function of microscopic models p; ; : R™ — RE, namely

Pt l’t = szzt x?,t

for all ¢ € [1,T]. This definition allows us to rewrite p(x) as

1
=N Zpi(xi)»
i=1

,pir(Tir)) € R,

Example 1. Gaussian kernels may be a choice each p; (z; ).
Let 1; : R™ — R" be a projection selecting n components
of ;. We can choose the c-th component of p; (i) as

. e 3 (W(e)=ti(zi.)) ST () —ti(wie))
Pit (xi,t) = )

(2m)" %]

C and a given ¥; € RT*", a

where p;(x;) == col(p; 1(x;1), ...

forallcel,...,
The considered functions satisfy the following assumption.

Assumption 2 (Dynamics and Cost). The functions f;, £},
¢y, and p; are C* for all i € T and t € [0,T). Further,
0(-,p(+)) is radially unbounded. O

III. DISTRIBUTED MULTISCALE OPTIMAL CONTROL

In this section, we present our distributed algorithm to
solve the multiscale optimal control problem (3).

A. Distributed Feedback Policy

Before presenting our strategy, we clarify that we call curve
every state-input sequence (a;, pt;) € R™7T x R™7T hence
a curve (o, p;) does not have to satisfy the constraint (1)
introduced by agent ¢ dynamics. On the other hand, we call
(xi,u;) € R™ x R™ rrajectory for agent 4 if it satisfies
the constraint (1). By following the approach in [33]-[35],
we tackle problem (3) introducing local feedback policies
mapping local state-input curves into trajectories. This is
achieved via the local feedback policy

Wit = i+ HRit(Qit — Tit)

4
= fi(mi,taui,t)v @

Tit+1



for all ¢ € Z, where x;; : R™ — R is a given feedback
policy designed to ensure numerical stability properties. The
controllers (4) leads to the equivalent closed-loop formulation

N T-1 T
d%mzzmm+zwww (52)
i=1,. =1 t=0 t=1
subj.to ;41 = fi(xie,uie) t=0,...,7—1 (5b)
Wi = fi + RKie(QG e — Tig) (5¢)
Z‘i’o = xi,init 1= 1, ey N. (Sd)
B. DOMINOPT

We report the overall description of DOMINOPT in
Algorithm 1 by adopting the definitions

Azt = vlft( Tit 2t>T7 t'— V2fl( Ty U t)T7

agmac(s)

=8

for all ¢ € Z and ¢t € [0,T — 1]. Specifically, for each

vmi,t(aﬁt _‘Tﬁt)—rv gr(s)=

Algorithm 1 DOMINOPT - Agent 4
for k=0,1,2... do

Vpi (@ 1) e
N = TTr) e (P (6 ) ©)
fort=T-1,...,1do

Compute proxy variables based on sﬁ ¢

~ vPi,,(xéﬁ, ) mac
a’?,t = %gt (P+[S7]it]) (7a)
bfy = VI (ufy) (7b)
k k k 7ok \T Kk K kT 1k
Niw = (A7, — B KGy) ANl + a5 — K b7y (T0)
end for
for t =0,. —1do
Update curve w1th bF o = Ve (uf )
k+1 k , k kT
O‘ij =a;;+ VKi,t (_bit Byy Af t+1) ®)
k k k kT \k
y :rl =i+ (_bi,t - B N\ t+1)
Compute new trajectory with ka T4 init
witt = i R - e (%a)
k k k
z;r-&l fZ( 1?1’ z;rl) (9b)
Update trackers
k k
sL=Y wiish AP (@) = P (@F )
JEN;
end for
end for

agent i, we first update the current curve (a, u¥) (cf. (8))
and, then, we recover the corresponding trajectory (x¥,u¥)
(cf. (9)) through the local feedback policy (4). The ratlonale
behind the update mechanism of (¥, u¥) (cf. (8)) is to
approximate a (centralized) gradient update by replacing
the global information (not locally available) with local

proxies s;; € R aimed at locally learning the macroscopic
model p;(z¥) of the network at each time t € [1, T via the
consensus-based scheme ruling the update of each sft We
also note that the proxies s; ; are used through the operator
P[] projecting onto the positive orthant RS. Indeed, we
recall that p,(«¥) is a PDF defined in the space C. Thus, this
projection allows us to replace it with the local estimate sf;t
ensuring by construction that each P [sic ;] > 0forall k € N.
Notice that the data stored by each agent do not grow with
the number of agents, making the algorithm scalable.

C. Algorithm Convergence Result

In this section, we provide the convergence result char-
acterizing Algorithm 1. For the sake of readability, let us
introduce the stack vector s} = col(sf,, ..., sk ).

Theorem 1. Consider Algorithm 1. Let Assumptions 1 and 2
hold. For all initial conditions (x?, uz ,80) € Rt x RmiT
RCT and (a9, uf) € R™T x R™T such that (x9,u?) is a
trajectory and s = p;(x?) for all i € I, there exists 7y > 0
such that, for all v € (0,%), it holds

hm dist ((x u"), = *) =0,

where E* denotes the set of trajectories (x*,u*) satisfying
the first-order necessary conditions for optimality of (3). [J

In Section IV-F, we provide a sketch of the proof of
Theorem 1, while the complete proof will be provided in
a forthcoming document. Specifically, in Section IV, we
pursue a system-theoretical analysis of the dynamical system
describing the evolution of DOMINOPT over the iterations
k. More in detail, our analysis uses timescale separation
to conveniently identify a fast subsystem aimed at locally
learning the macroscopic state, and a slow one driving the
microscopic agent dynamics toward an emerging behavior
that is optimal with respect to problem (3). We remark that
the algorithm is analyzed in a generic nonconvex setting.
Consequently, the solution to problem (3) may not be unique,
and only convergence to points satisfying the first-order
necessary conditions for optimality can be guaranteed.

IV. ALGORITHM ANALYSIS

The analysis of DOMINOPT relies on the following steps.
First, in Section IV-A, the local controllers (9a) allow us to
reformulate (5) as an unconstrained optimization problem.
Second, in Section IV-B, we show that our strategy reads
as an approximation of a gradient descent method interlaced
with the evolution of the proxies for the macroscopic model.
We conveniently analyze this interconnection as a two-time-
scale system, where the fast subsystem describes the proxies’
evolution, while the slow one describes the gradient-based
part. Finally, based on the previous points, in Section IV-F,
we provide a sketch of the proof of Theorem 1.

A. Reduced Reformulation of the Optimal Control Problem

Given an initial condition z;;y € R™, the space of
trajectories Ty it € R™7T x R™iT of agent i is defined as

. e T _
Ti it = {(Xi,ui) € R"% x R™% | &30 = T jinit



T = fi(wi,uie) VEE [O,T]}a

for all + € Z. For each agent ¢, the local policy (4) implements
a (local) feedback-projection operator P; : R™7T x R™T —
T init» which maps (local) state-input curves into trajectories
for agent i. Namely, P; (o, p;) is designed such that for any
(i, ;) € RMT x R™iT and (x;,1;) € T init» it holds

o Xi| ._ P (alau’z)
|:u2:| — |:uz:| T 7) (a17 l’l’z) o |:7)u(a“p'7l):|
where PX(a;, ;) and P*(a, p;) are the state and input

components of P;(a;, ;). Forallt € [0,7—1] and i € Z, we
also use x;; = Pft(ozl b i), Wi = th(ai,h i.+), where

PX, : R™ x R™ 5 R™ and P, : R™ x R™ — R™. We
denote as PX(-,-) and PH(-,") the stack of all >.(-,-) and
PPy(,-) forall t € [0, T—1] and as P*(-, -), P*(:, ) the stack
of PX(-,-), P2(-,-) for all i € Z. Thus, given &, :=(a;, ;)

and &:=col(&,,...,&y), we can reformulate (5) as

N
(min > Ji(&i,p(8) (10)
B i=1
J(€&,p(8))
where J;(&;,p(€)) = €(PF(€;)) + L™ (p(P*(£))) and
1L
= N ; p;(&;)
with p;(&;) = col(pi 1 (P (&;)), - - 7pi,T(Pi),cT(€i)))'

B. Descent Direction and Local Proxies

In this section, we formally show that Algorithm 1 embeds
a numerical routine for the local approximation of the gradient
of the reduced cost J with respect to &,. To properly write this
result, we introduce g7 ROAmT _y RmiT+n:T) defined as

T
J L GJ(ZZ,p(z1,7zN))
Z s
= VEPr&) + g™ (p(€), (D
for all i € Z, where g™ (s) == [gg=(s)" gL}‘“(s)T]T
Lemma 1. Consider a state-input curve € = (a, ). For all
1 € I, the integration backward in time fromt =T —1,...,1
of the closed-loop costate equation reads as
Nt = (Ait — Ki1Bit) " Nipor +ais — KiTtbz',t (12a)
Aip = Vi fil@ig,uig) 'y Biw = Vafi(ziguig) " (12b)
Koy =Vri (i —ai0) (12¢)
_Vpie(Ti) e
i 1= TP o)), b= Ve (), (120)
with \; 7 € R™ and b; o € R™ defined as
Aoy = B g (pr (7)), b0 1= Vg (wi0). (120)

Then, for all © € I, the gradient of the reduced cost
Sunction (10) with respect to ;; and o read as

97 (€)]e =

—bi — Bi i1
KiTtAMi,t

where the operator ||y denotes the t-th block of (11). O

The proof will be provided in a forthcoming document.

Notice that, the evaluation of (12d) and (12e) requires the
local knowledge of the macroscopic model p¢(+). For this
reason, in the computation of /\kT and a¥ '+» the macroscopic
model is approximated via P+ [sz t] (cf. (6) (7a)), namely, Al-

gorithm 1 updates each [¢F], = (a Z,t,um) via y[d; (€F,sF)];,
where d; : ROmT+nT) y RET _y R(miT+n:iT) i5 defined as

di(§;, i) = Vp#(éi)gm(si)’
for all ¢ € Z. Indeed, by comparing the expressions (11)

and (13), we note that if s = p(¢*), then d;(&;, p(€;)) =
g/ (&) is the exact descent direction for all i € Z.

V(P (&) + (13)

C. Algorithm Reformulation as a Two-Time-Scales System

Next, we provide a reformulation of Algorithm 1 used

to prove Theorem 1. Let W = W ® Iop, s* =
col(sf, ..., sx), &° = col(&y,... £N), d(€"s) =
col(dy (€7,8%),...,dn(Ex,sK)), P = col(py,---,PN)s

wk = s* — p(&"), and compactly rewrite Algorithm 1 as

¢ = €F —qd(€", w* + p(g")) (14a)
whtl = Wwk + (W — I)p(gF). (14b)
Now, we introduce the novel variables Wy, := %w, n:=

RTw, where R € RNCTX(N=1(CT) guch that RTR =1,
R"™1 = 0. It is possible to show that whit! = wp, . This
result combined with the choice of the initial conditions

implies wfvg = 0 for all k¥ € N. Hence, from now on, we
will ignore Wavg and rewrite (14) as the restricted system

€ =¢" —qd(¢" Rn" + p(€h) (15a)

= RTWRn* + RT(W — I)p(£"). (15b)

Subsystem (15b) has equilibria parametrized in Ek through

(&) = —R'D(€). (16)

In light of this aspect and since we can arbitrarily tune the
variations of (15a) via -y, we interpret the interconnection (15)
as a two-time-scale system, where (15a) is the slow subsystem,
while subsystem (15b) is the fast one. According to this
interpretation, we now study the so-called boundary layer
and reduced system, namely, two auxiliary schemes associated
to the fast part (15b) and the slow one (15a), respectively.

D. Boundary Layer System

In this section, we study the boundary layer system
associated to the two-time-scale system (15). Namely, we
focus on the fast subsystem (15b) by considering an arbitrarily
fixed slow state £&° = & € R+™T for all k € N and using
the error coordinate 7)* := n* — n°(£), thus obtaining

7+ = RTW R~

7)

Next, we ensure the existence of a Lyapunov function proving
global exponential stability of the origin for (17).



Lemma 2. There exists a continuous function U
RWV=DCET 4 R such that

bi||7))* < U#) < bo||il|* (18a)
U(R"WRn)-U() < —bs|a| (18b)
U@ -U@)| <balln—a'| (I0l+]|7]). (18

for all 7,7’ € RN=DCT and some by, by, bs, by >0. O
The proof will be provided in a forthcoming document.

E. Reduced System

Now we study the reduced system associated to (15). We
focus on the slow part (15a) with n* = n(¢*) for all
k € N. By observing the definitons of 1 (cf. (16)) and the

components d; (cf. (13)) of d, the reduced system reads as

el =¢" —vp(eh),
where J, (&) = J(&,p(€)). Note that system (19) exactly

(19)

recovers the gradient descent method applied to problem (10).

Next, we ensure semi-global attractiveness properties of =* :=
{€ e RFMT | 7], (&) = 0} for the trajectories of (19).

Lemma 3. For every compact set S C RU"H™T  there exists
1 > 0 such that, for all v € (0,71), it holds

To (6= VI (€)= (€) <—7a1 [V ()> (20w
Jp (§+€1)—Jp (§+&5) < a2 [V Ip ()] €1 —&all
+aa (€17 €2]I%) . 20b)
for all £,€,,&5 € S and some ay,a2 > 0. O
The proof will be provided in a forthcoming document.

F. Sketch of the Proof of Theorem 1

Here, we provide a sketch of the proof of Theorem 1, while

the complete one will be provided in a forthcoming document.

Such a proof is based on two main steps. The first step consists
in using the boundary layer (cf. Section IV-D) and reduced
systems analysis (cf. Section IV-E) to invoke the timescale
separation result [39, Th. 3] and ensure the attractiveness of
the set M = {(&,n) € ROHIT x RW-DCT | ¢ c =* 5 =
n°(&)} for system (15). The second step consists in showing
that the trajectory (x*,u*) obtained by projecting £* € =*
satisfies the first-order necessary conditions for optimality in
correspondence of the costate sequence \*.

V. NUMERICAL SIMULATIONS

In this section, we numerically test the effectiveness of
DOMINOPT on a scenario where N = 10 agents navigate in
a 2D space C := [0,100] x [0,100] discretized in C' = 625
cells. The agents are modeled as /N = 10 discrete-time double
integrators with x; ; € R4, Ui € R2, and a sampling time of
At = 0.05. They communicate over an Erdés-Rényi graph
with parameter r» = 0.5. Their macroscopic goal is to follow
a time-varying Gaussian distribution described by

1 3@ T W)

p*,c _
t I2m4/]3

10" 4
10* 4

1074

10723

PAG)

2SI

107% 4

107 4
10% 4

10°°4

T T T T y T T T
0 02 04 06 08 1 0 02 04 06 08 1
& 10 k 10*

@ (b)
Fig. 1: Evolution over k of the (a) reduced gradient squared

norm ||VJ(E, p(.";“))||2 and (b) reduced cost J(&, p(£)).

forallt€[1,T] and c€[1, C], where I'; € R is a normalization

coefficient, ¥ = 80/ is the covariance matrix, and the

sequence {4}, is given by v441 = vy — col(20 cos(6;) +

50, 20sin(6;) + 50), in which 6, varies according to 6; =
3

m — 7. Concerning the cost function, we consider

i 1, T
O (uie) = u;  Ruiy,

2 Y.t
e, CY c Py
er(pf) =aqr »_pilog | 5 |,
ceC Py

where R = 107315 and ¢, = 10, while £7(p§(z;)) is the
Kullback-Leibler divergence between the macroscopic model
and the target distribution, respectively. For each agent 7 € 7,
we select p; () as in Example 1 with ; = 9 and

1 0 0 O
bi(xi,t)z 010 0 Tt

Then, we design the local policies (9a) by solving an LQR
problem problem involving the linearization of each agent
dynamics about the current trajectory (x¥,u¥). The cost
matrices of the LQR are taken as Qﬁt =1, Q;ﬁT = 1015,
Rf,t =10"3I,. For all i € 7 we generate x; jnir by randomly
exctracting it from [§—20, v§ —20] x [ 420, 14 +20] x {0} x
{0} with uniform distribution. Then, for all ¢ € Z, we set
Tt = Timi for all t € [1,T), a; ¢ = @ inic for all ¢ € [0, —
1] and w; 4 = p; ¢ = col(0,0) for all ¢t € [0,T — 1]. Lastly,
we set v = 0.5. Fig. 1 shows the evolution over £ of the
reduced gradient square norm ||V.J (&, p(€))||* and of reduced
cost J(&,p(€)) and confirms that DOMINOPT converges
to a stationary point of the problem. Fig. 2 shows different
snapshots of the agents’ evolution achieved by DOMINOPT
and the one of the mean v, of the target distribution.

VI. CONCLUSIONS

In this paper, we proposed DOMINOPT, a distributed
method for multiscale optimal control of multi-agent sys-
tems. We considered macroscopic behaviors described by
probability distributions over a finite time horizon and an
optimal control problem with the cost function depending
on both this macroscopic behavior and the individual control
inputs of the agents. To address this problem, DOMINOPT
combined a method based on feedback immersion to optimize
the macroscopic behavior and a consensus-based one to
concurrently learn it locally. We analyzed the algorithm with
tools from system theory showing its convergence to the set
of stationary points of the optimal control problem.



Fig. 2:
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(a) Time t = 0. (b) Time ¢t = 50.
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(c) Time ¢t = 80. (d) Time t = 180.

Evolution of the agents’ position (white dots) and of

the target distribution (in background). The agents’ trajectories
are represented by the brown dashed lines, while the red one
represents the trajectory of the mean of the target distribution.
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