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Physics-Informed Multiagent Reinforcement
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Abstract—The networked nature of multirobot systems presents
challenges in the context of multiagent reinforcement learning.
Centralized control policies do not scale with increasing num-
bers of robots, whereas independent control policies do not ex-
ploit the information provided by other robots, exhibiting poor
performance in cooperative-competitive tasks. In this work, we
propose a physics-informed reinforcement learning approach able
to learn distributed multirobot control policies that are both scal-
able and make use of all the available information to each robot.
Our approach has three key characteristics. First, it imposes a
port-Hamiltonian structure on the policy representation, respect-
ing energy conservation properties of physical robot systems and
the networked nature of robot team interactions. Second, it uses
self-attention to ensure a sparse policy representation able to han-
dle time-varying information at each robot from the interaction
graph. Third, we present a soft actor—critic reinforcement learning
algorithm parameterized by our self-attention port-Hamiltonian
control policy, which accounts for the correlation among robots
during training while overcoming the need of value function fac-
torization. Extensive simulations in different multirobot scenarios
demonstrate the success of the proposed approach, surpassing
previous multirobot reinforcement learning solutions in scalability,
while achieving similar or superior performance (with averaged
cumulative reward up to X2 greater than the state-of-the-art with
robot teams X6 larger than the number of robots at training
time). We also validate our approach on multiple real robots in
the Georgia Tech Robotarium under imperfect communication,
demonstrating zero-shot sim-to-real transfer and scalability across
number of robots.
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1. INTRODUCTION

ULTIROBOT systems promise improved efficiency and
M reliability compared to single robots in many applica-
tions, including exploration and mapping [3], [4], agriculture
and herding [5], [6], [7], [8], and search and rescue [9] . However,
the complexity of describing mathematically the objective and
constraints in many of these problems makes the design of ana-
lytical controllers a challenging task. Multiagent reinforcement
learning [10], [11], [12], [13], [14] addresses this issue by only
requiring a high-level mathematical specification of the task (the
reward function), which is commonly available.

A fundamental limitation of existing multiagent reinforce-
ment learning approaches is the poor scalability they offer
against increasing and time-varying numbers of robots. Central-
ized control policies do not scale whereas independent control
policies neglect the information that other robots can offer. How
to design and train control policies based on neural networks
that are distributed and use all the available information is
still an open problem [13], [15], [16]. The approach explored
in this article leverages physical knowledge about the robot
system [17], [18], [19], [20], [21], [22] to make this possible.
Physics-informed neural networks are becoming popular in
different fields, e.g., climate science, quantum mechanics, or
fluid dynamics [23], [24]. They need less data for training and
allow encoding general constraints found in physical systems.
Nonetheless, they have not been used to learn distributed mul-
tirobot control policies in multiagent reinforcement learning.
The main contribution of our work is a novel physics-informed
multiagent reinforcement learning approach suitable for general
multirobot problems (see Section III). The techniques to make
this possible (see Section IV) are summarized as follows.

1) We develop a novel distributed and scalable by de-
sign neural network architecture to describe multirobot
control policies. This is achieved by combining a physics-
informed port-Hamiltonian description of the multirobot
system (see Section IV-A) with self-attention (see Sec-
tion IV-B). The former naturally encodes the distributed
nature of the policy and respects the energy conservation
laws of the individual dynamics of the robots. The latter
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handles the information coming from communication or
perception in time-varying neighborhoods.

2) We integrate the port-Hamiltonian self-attention policy in

a soft actor—critic reinforcement learning algorithm that
exploits the physics-informed description of the robot
team to impose the sparsity pattern from the interaction
graph in the policy function (see Section V). To handle
the networked nature of the multirobot policy and avoid
nonstationarity issues during training, we modify the ac-
quisition of experience to keep track of the correlations
among robots.

Extensive simulations and real experiments in multirobot
scenarios (see Section VI) demonstrate that the combination
of multiagent reinforcement learning techniques and a physics-
informed description of the system achieves scalable control
policies with similar or superior performance as the state-of-
the-art (see Section VII). This article is an extension of our
prior conference paper [19]. The main difference of this work
compared to [19] is that it addresses a multiagent reinforcement
learning problem (where only reward samples are provided),
whereas [19] solves a learning-from-demonstrations problem
(where data from an expert control policy are available). This
leads to a new multiagent reinforcement learning problem for-
mulation and a substantially different approach beyond the pol-
icy parameterization, since our new approach involves modifica-
tions on the parameterization of the actor and the replay buffer
of the actor—critic, besides some particularities in the reward
function design and the critic. The neural networks that model
the control policies are different as well, since the multiagent re-
inforcement learning scenarios are continuous-time, while those
in [19] are discrete-time. Finally, all experiments in this article
are new, including an extensive scalability analysis in a real
multirobot platform involving up to 16 robots in a tight space.

II. RELATED WORK

A. Learning Multirobot Control Policies From Data

The design of multirobot control policies deals with two
challenges.

The first challenge is the mathematical formulation of the
problem, where we must consider the task and the constraints
inherited from the cooperative-competitive nature of the mul-
tirobot team. To address this, recent works exploit machine
learning and focus on learning control policies for optimal
control or reinforcement learning problems [25], [26], [27].
When demonstrated data from an expert are available, inverse
reinforcement learning [28] can be used to learn centralized [29],
[30] or distributed [31], [32] policies from task demonstrations.
However, finding experts for multirobot applications is difficult.
It is also possible to apply supervised learning approaches to
learn multirobot control policies [33], [34], but, again, collecting
labeled trajectories is hard. Therefore, in this work, we use rein-
forcement learning, because a reward function is a high-level de-
scription of the task that is easy to build and is typically available.

The second challenge is that the learning and execution of
control policies for multirobot systems should scale favorably
with an increasing numbers of robots. Learning a joint policy
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Fig. 1. Examples of scenarios addressed by our physics-informed multiagent
reinforcement learning approach. The scenarios cover a wide variety of coop-
erative/competitive behaviors and levels of coordination complexity. (a) Robots
learn to navigate to landmarks (black dots) while avoiding collisions with other
robots (colored trajectories from pink at ¢ = O to blue at ¢ = t ). (b) Robots
cooperate to do active LiDAR (star pattern) sampling (orange areas refer to
regions already sampled) in an unknown environment with regions of low reward
(magenta areas) and high reward (green areas). (c) Robots (blue dots) cooperate
to transport a square box (red) with unknown mass and that follows Newtonian
dynamics toward a desired region (green dot, box turns green when it reaches
the goal). (d) Robots (blue) collect food (green) while avoiding collisions with
attackers (red), since collision with attackers lead to deactivation of the robots.
(e) Joints learn how to coordinate to make the Half-Cheetah robot walk, where
each joint is an independent agent that can only interact with the adjacent agents
(image from [2]). (f) Team of robots learns to navigate and avoid collisions in
a real-world setting characterized by a tight space and high density of robots.
(a) Navigation. (b) Sampling. (c) Transport. (d) Grassland. (e) 6x1-Half Cheetah.
(f) Multi-robot Robotarium [1] navigation.

function is challenging due to the exponential growth of the
state and action space [35]. Attention mechanisms are widely
used in multiagent reinforcement learning problems [36], [37],
[38], [39] to enhance the performance of centralized training
settings where the agents are isolated from each other and do
not consider communication during deployment. Graph neural
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networks [13] have been utilized as a stable [40], scalable
and communication-aware policy representation in path plan-
ning, coverage, exploration, and flocking problems [41], [42],
[43], [44], [45], [46]. These approaches assume discrete robot
dynamics, fixed or known communication topology, or prior
knowledge on the formulation of the control policy. In con-
trast, by using a port-Hamiltonian formulation and self-attention
mechanisms, our approach directly learns control policies that
handle time-varying neighbors, do not constrain the size of the
neighborhoods, and learn constraints such as collision avoidance
without specific mathematical formulation.

B. Multiagent Reinforcement Learning for Robotic Problems

Multiagent reinforcement learning extends reinforcement
learning approaches to problems where multiple agents interact
in the environment [47], [48], [49], [50], [51], [52]. The first
multiagent reinforcement learning approaches considered cen-
tralized policies where the states, actions, and observations of
every agent are globally known by a central unit during deploy-
ment [10]. The complexity of these approaches exponentially
scales with the number of agents, so they are not feasible in
practice. In the absence of a centralized policy, the Markov
game modeling the problem becomes nonstationary [53], [54],
[55]. The task is no longer stationary because the policies of
all the other agents are changing, and so the environment itself.
As a consequence, it is not possible to reach an equilibrium in
training.

To solve the nonstationarity issue, a common approach is
to factorize the value and/or policy functions. The most com-
mon factorization, the so-called centralized-training decentral-
ized execution, departs from centralized-training reinforcement
learning approaches [56], [57], [58] and considers that the
agents act independently. To provide some global information
to the agents, agents learn an approximation of the other agents’
control policies [59], [60], [61]. However, this proxy is only
used during training, and since the resulting control policies only
use the individual observations, the performance deteriorates the
number of robots change. This aspect is partially overcome by
considering heterogeneous agents [62] but scalability is dete-
riorated again in large teams because the agents do not learn
how to exploit neighboring information effectively. Another
option is to provide each agent with a global estimator that
predicts the trajectories of the whole multirobot team [63] or to
implicitly learn to coordinate with other agents through the value
function [55]. In mean field approaches [64], the multiagent
game is reduced to an interaction between an agent and the
average of the other agents, which is not practical. To overcome
these issues, we propose a new formulation of the policy func-
tion that is distributed by design and captures the underlying
interaction graph that describes the multirobot system.

Other works focus on more complex factorizations that ac-
count for local interactions among neighboring agents in the
value function. For instance, the value function can be approxi-
mated as dependent on the neighbors only [65]. Either using an-
alytical [16], [35], [66] or learned [67], [68], [69] factorizations,
the control policies are still restricted to the same team size used
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during training because the policies do not explicitly consider
communication. Closely related to ours, Huang et al. [70] pro-
pose an end-to-end neural network based on attention to achieve
scalability of the control policy in quadrotor swarm navigation
problems. Similarly, by using a port-Hamiltonian description of
the system, our approach avoids factorizing the reward or the
value functions, thus fully exploiting the available information
in the experience while learning scalable distributed control
policies.

C. Physics-Informed Neural Networks for Robotic Problems

While black-box neural networks are widely used for learn-
ing control policies, they do not encode energy conservation
and kinematic constraints satisfied by physical robot systems.
Failing to infer them from data may result in unstable behav-
iors. Moreover, other constraints are present that come from
the perception and communication modules of the robots and
which restrict the information available to the robot. Similar
issues are found in other physical applications [24], leading
to physics-informed neural network [23], neural networks that
use the differential equations that model physical systems as
building blocks. The use of physics-informed machine learning
for robotics and control is very recent [20], [21], [22], [71], [72]
and focuses on centralized controllers. Nevertheless, physics-
informed neural network can also be used to address the learning
of cooperative distributed control policies.

Many dynamical systems—from robots interacting with their
surroundings to large-scale multiphysics systems—involve a
number of interacting subsystems. This compositional property
can be exploited [18] to train neural network submodels from
data generated by simple subsystems, and the dynamics of
more complex composite systems are then predicted without
requiring additional data. The systems are represented as a
port-Hamiltonian neural network [17], a class of neural ordinary
differential equations that uses a port-Hamiltonian dynamics
formulation as inductive bias [73]. A key contribution of our
work is to represent the robot team as a port-Hamiltonian system
and learn distributed control policies by modeling robot interac-
tions as energy exchanges. The use of Hamiltonian mechanics
has been explored for centralized control policies or distributed
but fixed-time known topologies [74], [75], [76]. Meanwhile,
our work achieves scalability with a time-varying topology by
modeling robot interactions using self-attention [77].

III. PROBLEM FORMULATION

Consider a team of robots, indexed by V = {1,...,n}. The
robot team motion is governed by known continuous-time
control-affine stochastic dynamics

x(t) = £(x(t), u(t)) + L(t) (1)

where x(t) = [(x*(t))T,...,(x"(t))"] € X CR™ ™= is the
joint state of the robot team at time t >0, with x%(t)
the state of robot ¢ at time ¢. On the other hand, u=
[(ul(®)", ..., (u™(t))"] € U C R™"u is the joint input, with
u’(t) the input of robot i at time ¢. The term w(t) is white
noise modeling the uncertainty in the robot sensors and actuators
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and = = LL" is the noise diffusion matrix. Let {t,}>°, be a
sequence of discrete time instants such thatt. ., —t, =T, > 0
and assume zero-order hold inputs such that u(t) = u(¢;),
Vt € [t;,tr+1). Then, from (1), we can obtain an Euler dis-
cretization of the dynamics with discrete-time state s, = x(¢, ),
action a, = u(t,), and dynamics

Sr41 = Sr + TTf(ST7 aT) +n, (2)
where n; is zero-mean Gaussian noise with covariance T=. We
will formulate the dynamics f using port-Hamiltonian mechan-
ics as its modularity in terms of energy effectively describes
the networked interactions in a robot team. The multirobot task
and the interactions among the robots are modeled as a Markov
decision process (MDP), defined as a tuple (X,U,p,r,7). In
the tuple, p : X x X x U — R is the probability density of the
next joint state s, conditioned on the current joint state s and
joint action a,, 7 : X X U — [Fmin, "max) i @ reward function
encoding the objectives of the multirobot task, and v € (0, 1) is
the discount factor. Whereas the robot dynamics are formulated
in continuous time, the MDP is formulated in discrete time
based on the zero-order hold discretization in (2). Accordingly,
p(Sr+1|87,a,)isaGaussian density withmeans, + Tf(s,, a,)
and covariance T'=.

The robots interact in a distributed manner, described by a
time-varying undirected graph G, = (V, &), where £, C V X
Visthe setof edges. Anedge (i, j) € &; exists when robots ¢ and
jinteractattime 7. Let A € {0, 1}""" be the adjacency matrix
associated to G, such that [A ;];; = 1if and only if (¢, j) € &;,
and 0 otherwise. The set of k-hop neighbors of robot ¢ at time 7
is NoF = {j € V| [A¥];; # 0}, where A¥ is the kth power of
matrix A,. We remark that V¥ includes robot 4.

The goal of this work is to learn distributed control policies
that solve a given multirobot task, such that they respect the
networked structure of the multirobot team and the MDP model.
We represent the policies as stochastic Markov control policies
that depend on the k-hop neighbors of robot ¢

3

a,.~ Tg <a7_|SNTi,k) .

Here, Sj\fi » = {sl|j € N>F} denotes the states of robot i and its
k-hop neighbors, and 8 denotes the control policy parameters.
The use of a stochastic Markov policy is not only motivated
by the MDP model but also by the fact that distributed con-
trol policies are prone to uncertainty from the communication-
perception modules, control goals, and interaction with the
environment. We assume that the policy in (3) is the same for all
the robots. The joint control policy of all the robots is denoted
by g = g (allsL0), ..., w5 (a2[s™.)] .

Learning a distributed control policy 71:9 that solves a certain
multirobot task is equivalently posed as learning the parameters
0 such that wg maximizes the expected sum of rewards over
time, 1.€.,

mgux Qm, (s,a) =
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Here, the function Qry, (s, a) is known as the action-value (Q)
function associated with the policy IIg [48].

We do not make any assumptions on the reward function
or action-value function, such as a specific factorization [16],
[35]. The purpose of this work is to design a control policy that
maximizes Qr, (s, a) and enforces the distributed factorization
expressed in (3).

IV. PHYSICS-INFORMED MULTIAGENT REINFORCEMENT
LEARNING

In this section, we present a novel physics-informed multia-
gent reinforcement learning approach to find distributed control
policies that solve multirobot tasks as defined in (4), under the
restrictions on the robot dynamics and available information
defined in (3). Our formulation is done in continuous time,
following the continuous-time definition of the robot dynamics
in (1). Later, zero-order hold control is used to utilize a discrete-
time version of the control policies in the reinforcement learning
algorithm.

First, we present a port-Hamiltonian formulation of the mul-
tirobot dynamics and an energy-based distributed control design
that can shape the interactions and the Hamiltonian of the closed-
loop system (see Section IV-A). Given experience from trial-
and-error simulations, we employ a self-attention mechanism
to learn the parameters of the control policy that maximize the
cumulative reward (see Section IV-B). To simplify the notation,
we omit the time dependence of the states x and controls u
in the reminder of this article. To facilitate the exposition, in
Sections IV-A and IV-B, we assume that the robot dynamics
and control policies are deterministic. In Section V, we explain
how to return to the stochastic setting.

A. Port-Hamiltonian Dynamics for Multirobot Energy
Conservation

Port-Hamiltonian mechanics are a general yet interpretable
modeling approach for learning and control. On the one hand,
many physical networked systems can be described as a port-
Hamiltonian system [74] using the same formulation and with
a modular and distributed interpretation. Meanwhile, the port-
Hamiltonian description allows to derive general energy-based
controllers with closed-loop stability guarantees. Since robots
are physical systems that satisfy Hamiltonian mechanics, we
model each robot as a port-Hamiltonian system [73]

i i (i iy OH'(x) i ()i
X:(J(X)—R(x))W—FF(x)u 3
where the skew-symmetric interconnection matrix J*(x*) repre-
sents energy exchange within a robot, the positive-semidefinite
dissipation matrix R’(x") represents energy dissipation, the
Hamiltonian H*(x") represents the total energy, and the matrix
F?(x;) is the input gain.
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The interconnection of port-Hamiltonian systems leads to
another port-Hamiltonian system [78]. Therefore, if the control
and state of each robot are considered as input and output
energy ports, then, due to the modularity of port-Hamiltonian
dynamics, the multirobot system with joint state x also follows
port-Hamiltonian dynamics

%= (06 - RE) T L ppgu @)
where J(x), R(x), and F(x) are block diagonal
J(x) = diag (3" ()., 3" (x)
R(x) = diag (RI(x'), ..., R"(x"))
F(x) = diag (F'(x'), ... ,F"(x")) @)

and H(x) =Y H(x"). It is noteworthy that the expres-
sion in (6) is control-affine and follows the definition of (1),
with f(x,u) = h(x) + g(x)u, h(x) = (J(x) — R(X))agi)(:‘),
g(x) = F(x), and L = 0 since we are considering a determin-
istic setting for now.

Without control, the trajectories of the open-loop system in
(6) would follow the dynamics of the robots in the absence of
interactions with the environment or other robots. The dynamics
need to be controlled by a policy in order to accomplish the
desired task. We propose to design a control policy g (x),
and then, obtain the desired policy in (3). Policy pg(x) is
designed using an interconnection and damping assignment
passivity-based control (IDA-PBC) approach [73], which injects
additional energy in the system through the control input u to
obtain closed-loop dynamics that achieve the desired task

8H9 (X)
= (Jo(x) = Ro(x)) — (8)
with Hamiltonian Hg(x), skew-symmetric interconnection ma-
trix Jo(x), and positive semidefinite dissipation matrix R (x),
which depend on the control policy pg(x). By matching the
terms in (6) and (8), one obtains the joint policy

u=1IIy(x) =

P (300~ Ro(x)) 2o -

~Rex) 25

€))

where Ff(x) = (F' (x)F(x))"'F ' (x) is the pseudoinverse of
F(x).

If the robots are fully actuated, i.e., F(x) is full-rank, then
the input u in (9) exactly transforms the open loop system in (6)
to the closed-loop system in (8). For underactuated systems, the
transformation may not be exact [79]. Being able to maximize
Q11, 1, hence, related to whether the robot configurations that
solve the task are realizable by the class of control policies in (9).
Even if goals of the task are not realizable, the policy parameters
6 may still be optimized to achieve a behavior as good as possible
to solve the task.

Let [Jo(x)];; and [Rg(x)];; denote the n, x n, blocks with
index (i, j), representing the energy exchange between robot 4
and j and the energy dissipation of robot ¢ caused by robot j,
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respectively. Since the input gain F(x) in (7) is block-diagonal,
the individual control policy of robot ¢ is

po(x) = (F)1(x") (Z (Jo(x)]ij — [Re(x)]i) a%;x)
jey J
- (J'(x") - R'(x)) af;;(i")). (10)

Note that the individual control policy g (x) in (10) does not
necessarily respect the hops in the communication network as
desired in (3) because it depends on the structure of Jg(x),
Re(x), and Hg(x). In Section IV-B, we impose conditions
on these terms to ensure that they respect the communication
topology and are skew-symmetric, positive semidefinite and
positive respectively, as required for a valid port-Hamiltonian
system and to find a policy gt that only depends on the k-hop
neighbors.

B. Self-Attention Parameterization to Enforce Communication
Patterns

We seek to learn distributed control policies that follow the
structure of (9) and (10) andscale with the number of robots,
handle time-varying communication, and guarantee the port-
Hamiltonian constraints. To do so, we first derive conditions on
the port-Hamiltonian terms of the controller, Jo(x), Rg(x), and
Hg(x), which are the terms to be learned from the reinforcement
learning experience. Then, we develop a novel architecture
based on self-attention to ensure that the learned control policies
guarantee the desired requirements. We summarize the overall
neural network architecture in Fig. 2.

To respect the robot team topology defined by the graph G,
we first impose Jg(x) and Rg(x) to be block sparse

[Jo(x)]i; = [Ro(x)];; =0 Vj ¢ NVF. (11

From the perspective of robot ¢, this means that the controller
only considers information from its k-hop neighbors. Moreover,
we require that the desired Hamiltonian factorizes over the k-hop
neighborhoods

12)

x) = 3 Hy(xn)
=0

with X, . = {x7|j € N"*}. The factorization in (12) ensures
that each robot 7 can calculate

OHg(x
ai(i): 2

JeENE

OHY (x50
oxt

(13)

by gathering 0 H, g (Xj\/j«k )/0x" from its k-hop neighbors. Then,
the control policy ptg of robot i becomes

JENE
()~ Rie) 2T ) (1
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Fig. 2.

Physics-informed policy parameterization. At each instant, the robot 7 receives state information from its neighbors, typically associated to a perception

or communication range. Then, three self-attention-based modules, each one associated to a component of the desired closed-loop port-Hamiltonian dynamics
([Rog(x)]is» [To(x)]ij, H} (%)), use the information from the neighbors to compute the parameters of an IDA-PBC policy, which is then used to execute the desired

control action.

Imposing the requirements in (11) and (12) is a first step toward
making the control policy in (14) distributed. Note that the terms
[Jo(x)];; and [Rg(x)];; might still depend on the joint state
vector x even though the sum runs over the k-hop neighbors
in N'"F. Next, we discuss how to remove this dependence and
achieve a similar factorization as (12).

First, we model [Jg(x)];;, [Ro(x)]:;, and Hj(x) in (14) with
the parameters 6 shared across the robots so that the team
can handle time-varying communication graphs. Specifically,
we propose a novel architecture based on self-attention [77].
Self-attention layers extract the relationships among the inputs
of a sequence by calculating the importance associated to each
input using an attention map. The length of the sequences can
vary as the number of parameters of the self-attention is constant
with the number of inputs. Our key idea is to consider the self
and neighboring states as the sequence, where each neighbor’s
state is an input. We now detail how to model each of the
port-Hamiltonian terms.

To learn [Rg(x)];;, robot i will use, at instant ¢, the state x”
from all k-hop neighbors j € N“*. The sequence of states is
given by xj‘v,-,k. The proposed architecture is composed by a
sequence of layers, indexed using the subscriptw = 1,..., W.
Following a self-attention mechanism, each layer computes the
operations presented as follows:

Qi = Afx}.., K} = BRx}n., VI = CRxli.

) i Kz T )
1 = x [ softmax ﬂ(Ql)f/\(/(mf)) B(VY)
X{ = ¢(D1'Y}),
Q) = ABX, ;. Ki, = BEXL,, Vi = CBX,
i iNT
Y;:X softmax B(Qw)%(fjr’)) ﬁ(VfU)

Xi, = ¢(DRY}) (15)

where S(), x(+), and 9 (-) are nonlinear activation functions.
In the aforementioned operations, AR, BR CR ¢ R"w*"w and
DR € R for w =1,...,W are matrices to be learned
and shared across robots; and h.,, 7y, d,, > 0, with dy =
n, and hy = n, for valid matrix multiplications. Matrices
AR BR and CR are of fixed size, so they are independent
of the number of robots and neighbors. Thus, the robot 7 can
deal with time-varying neighbors. In particular, AR BR CR
transforms the states to features encoded in the query Qi, key
K¢, and value V{ matrices. Then, [Rg(x)];; is constructed as
a weighted matrix that models the interactions of robot ¢ with
its k-hop neighbors, and a diagonal positive semidefinite matrix
that accounts for the self-interactions

Zf} = diag(xw)
Ro(x)]ij = — (Zi +Z3%) VjeN™

Ro(x)]ii = Zi + > (2 +2Z%)
JENTE

(16)

where xw is the column that corresponds to neighbor j in X,
and diag(+) is the operator that reshapes the n, x 1 vector to
an, X n, diagonal matrix. If the nonlinear activation function
¥(+) is designed such that the elements of the output X, are
positive, then Zf]{- is a diagonal positive semidefinite matrix and
Ro(x) is a diagonally dominant matrix. This way, Rg(x) is
positive semidefinite by design. In fact, note the similarities be-
tween (16) and a weighted Laplacian matrix. More importantly,
each element [Rg(x)];; depends only on the information from
robot ¢ and its neighbor 7, so the computation is distributed.

To learn [Jg(x)];;, we follow the same steps in (15), with
parameters A BJ CJ DY instead of AR, BR CR DR (o0

obtain encodings Z;]j instead of Z%. Due to the reciprocal
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Fig. 3.

Overview of our physics-informed soft actor—critic multiagent reinforcement learning approach. The main differences with respect of other actor—critic

methods are the following. (a) Actor is the multirobot network modeled as a port-Hamiltonian system with a self-attention-based IDA-PBC policy. (b) Replay
buffer not only stores actions, states, and rewards, but also the graph structure of the multirobot network to enforce the desired distributed structure. (c) Reward
is global because the actor is the whole multirobot team and the physics-informed parameterization conditions the policy on the graph structure of the team.
(d) Output of the critic is shared across robots and the policy parameters are the same for all robots, so for the same critic gradient step, n policy gradient steps are

taken. (a) Actor. (b) Environment. (¢) Global Reward. (d) Critic.

communication between robots ¢ and j, we enforce the skew-
symmetry of Jo(x) by

[Jo(x))i; = Z3; —

Since [Jg(x)];; = 0, the interconnection matrix is such that
Jo(x) + Jg(x) = 0, and thus, is skew-symmetric by design.
Again, each element [J¢(x)];; depends only on the information
fromrobot ¢ and its neighbor 7, so the computation is distributed.
Finally, to learn Hy(x), . ), we represent it as follows:

Hy(X)yi0) =

VeC(Xj\/'i,k )TMZG (va'i,k)vec(xj\/i’k) + Ué (X}\/’L,k)

J . ik
Z, Vje N, (17)

(18)

The first term in the right-hand side of (18) is a kinetic-like
energy function and the second terms is a potential energy
function with

M (x4 ) = diag(1"ZM) and Ug(x}qi.) = 17291

The encodings ZM and ZY are calculated using the same steps
in (15), with parameters AM, BM CM DM and AY, BY,
cY, DU respectively. Once we have Hj (X} ), we obtain
M) (x] X, )/0x" from all the neighboring robots and compute
(13) Therefore, since all the operations are only dependent
on the available information in robot 7 and its neighbor j, the
computations involving the Hamiltonian function are distributed
by design.

To deploy the control policy (14), we design a message m®7,
encoding information that robot 7 needs from robot j at time
7 to calculate [Jo(x)];j, [Re(x)]ij, and Hj(x). When there
is no communication among robots, i.e., & = 0, no message is
needed. For k > 1, the robot 7 uses the following communication
protocol.

1) Robot ¢ receives messages m ’Jl = x; from its k-hop
neighbors in NV***. Then, the robot i computes Z} 0 Z;]j,
He, and 8H9/8xj.

2) Robot i receives messages m’”%, = {9} /dx;, 73,77}
fromiits k-hop neighbors in V% k and computes 0Hg / 8xz,
Jolij, [Reli;-

3) Robot 7 receives messages mT h = 0Hg/0x; from its k-
hop neighbors in N'** and computes the control input a;.

In summary, each robot 7 receives a message m}’/ =

J mb mb i icati i
[mT 1M, m 5] in three communication rounds from its

nelghbormg robot 7. We assume negligible delays between com-
munication rounds. If the delay is large, Wang et al. [65] suggest
to learn a function that predicts quantities such as 9 Hg (x) /0%,
Z}]Z, and ZR ,leading to one communication round. We leave this
for future work.

V. PHYSICS-INFORMED MULTIROBOT SOFT ACTOR—CRITIC

The previous section describes how to parameterize the dis-
tributed control policies to be learned. In this section, we present
a soft actor—critic algorithm [80] to train the self-attention port-
Hamiltonian neural network, detailing the main features that
allow the integration of our physics-informed policy representa-
tion. The key components are presented in Fig. 3, namely actor,
environment, reward, and critic.

A. Actor

First, we model the actor with the port-Hamiltonian system
detailed in Section IV-A and we use the IDA-PBC policy in
(14) parameterized by the self-attention architecture proposed in
Section IV-B. The known robot dynamics are typically provided
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by the simulation environments or the hardware specifications
of the robots [81]. Nevertheless, the following two aspects must
be adapted to match the soft actor—critic formulation:

1) the MDP formulation and the stochastic Markov policy

are in discrete time while the robot dynamics and the IDA-
PBC are in continuous-time;

2) the actions in the soft actor—critic method are stochastic

while the port-Hamiltonian formulation is deterministic.

To address the continuous versus discrete time mismatch, we
use the zero-order hold control approach described in Section I1I.
More specifically, u(t) = a, = pgy(x(t;)) for t € [t;,tr41).
This means that we can write the control policy as dependent on
the discrete-time state s, rather than the continuous-time state
x(t;), leading to pg(s,) with the same expression in (14).

To address stochasticity and maintain the desired distributed
structure already derived in Sections IV-A and I'V-B, we model
the distributed control policies as (squashed) Gaussian distribu-
tions, whose mean is given by the IDA-PBC controller in (14),
therefore respecting the distributed policy factorization. Mean-
while, the variance of the policy distribution is provided by a
neural network that is learned during training. Overall, we obtain
a distributed and stochastic Markov control policy of the form

al ~ mo(allsi.) = tanh(pg(si.e) + o p(al. sy )E)

(19)
where g (sj\/k) is the IDA-PBC policy parameterized by
self-attention neural networks under the restrictions imposed
by the networked structure of the robot team. On the other
hand, O'Q(ai,sjvi,k) is a vector of standard deviations given
by a neural network that approximates the variance of the
squashed Gaussian distribution with parameters po. Besides,
& ~N(0,I), so the control policy is a Gaussian distribution
with mean ug(sjv,,k) and diagonal covariance matrix whose

diagonal is equal to (o ,(ay, s} ..x ). The control is constrained

to ai € [—1,1]™ by means of a tanh function [56], [80], [82],
leading to a squashed Gaussian policy. In practice, the control
input can be constrained t0 a% € [amin, Gmax)™ With —0c0 <
Gmin < Gmax < 00 by scaling the output of the tanh function.
It is also important to remark that o ,(a, sjvk) only depends
on the available information at each robot, such that the desired
distributed factorization of the control policy is preserved.
During training, the control inputs are sampled from the Gaus-
sian distribution, as stated in (3). After training, the mean control
input is chosen, i.e., al = tanh(ug(sjw,k)). In the case that an
additional layer of robust, adaptive or active control is desired,
then o ,(a},s}.) can be used as a proxy of the uncertainty
in the control pE)licy, since it only depends on the neighboring
information at the robot i. The design of o ,(al, sjv . ) is free
to choose, but in this work, we opt for the same architecture in

(15).

B. Environment

The second modification over the soft actor—critic algorithm
is in the collection of experiences from the environment. The
environment is determined by the desired task to be solved,
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with examples found in Fig. 1. The main difference with other
multiagent reinforcement learning works is that, to build the
replay buffer that stores the trial and error experience used for
training the control policies, we take into account all the inter-
actions among the robots. Differently from centralized-training
decentralized-deployment approaches, where the experience of
each agent is recorded independently of the other agents, we
record for each experience all the robot states, actions, and
interaction graph together. Thanks to that, we keep track of the
correlation among robots during training. This also allows us
to condition the trained control policies on the available infor-
mation at each robot, therefore only providing the information
robots will have access during deployment.

C. Reward

The reward function can be shared across robots and include
global terms because the actor is the whole multirobot network.
This is important because, from the perspective of the soft
actor—critic algorithm during training, the whole robot network
is a single centralized agent. Other state-of-the-art multiagent
reinforcement learning approaches (see Section II) require a
factorization of the reward function because each agent is
considered as an isolated learning unit that does not exploit
neighboring information during the execution of the control
policy. In contrast, in our approach, the shared distributed control
policy is simultaneously learned at all the robots used in training,
and since the experience records the underlying communication
graph, we can seamlessly associate global rewards with dis-
tributed cooperative control policies through communication. It
is worth to note that, as in any classical soft actor—critic approach,
the maximization objective is changed to include an entropy term
H(IIg(als)) that measures the entropy of the control policy.
This entropy term, weighted by a temperature parameter « > 0,
trades off exploration (high value) and exploitation (low value).
The value of o changes over time according to a gradient descend
law which manages automatically the exploration/exploitation
dichotomy. The details of this automatic temperature adjustment
rule can be found in [80].

D. Critic

Finally, regarding the critic, its main purpose is to learn the
action-value function of the environment, encoded in Qr, (s, a).
This approximation steers the training of the control policy
toward the maximization objective. Nevertheless and impor-
tantly, the critic is only used during training. Thus, it is not
necessary to design it to be distributed and an existing centralized
neural network architecture can be used. In this work, we opt
for a multilayer perceptron (MLP) with parameters 1 to learn
Qw115 (8, @). As with the reward, since, from the perspective of
the soft actor—critic algorithm, the single agent is the whole robot
network described by the port-Hamiltonian dynamics, a single
centralized critic can learn the appropriate action-value function
to condition the training of the distributed control policy.

A shared centralized action value function implies that each
optimization step considers, simultaneously, all the policies
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gathered in the joint policy Ily. Since the policies are homo-
geneous, each optimization step is simultaneously updating the
policy g n times. This is achieved without any particular
specification of the gradients nor factorization of the action
value function. This is one of the key properties and advantages
of our proposed soft actor—critic algorithm compared to other
state-of-the-art algorithms. Typical multiagent reinforcement
learning approaches, by factorizing the policy and/or the value
functions, arrive to a different set of policy parameters, one per
agent used in training. In cooperative tasks where the robots
share the same goal, there should be a single policy that resolves
the task independently on the configuration of the robot. In our
case, by appropriately integrating the modular port-Hamiltonian
description of the multirobot system with the soft actor—critic
algorithm, we train a single distributed control policy that takes
into account the current available information at each robot.
Using the soft actor—critic update rules [56], [80], [82], the
gradients with respect to 6 are, simultaneously for all the robots,
already conditioned on the multirobot communication topology.

In conclusion, in contrast with other solutions, ours explic-
itly considers the exchanges of information among robots by
modeling the multirobot system as a graph. This allows to use
a reinforcement learning algorithm for single-robot problems,
where the single agent is the multirobot network. From the
perspective of the reinforcement learning algorithm, the actor
is centralized. However, by means of a physics-informed self-
attention parameterization of the dynamics and control of the
robots, the learned policies are distributed by design, modeling
the robot team as a modular port-Hamiltonian system.

VI. RESULTS

To assess our physics-informed multiagent reinforcement
learning approach, we present seven multirobot scenarios. The
first three are extracted from the vectorized multiagent simulator
(VMAS) simulator [81]. The next three are adaptations from the
MPE simulator [59], [83] that can be found in [65]. The last
scenario comes from the multiagent MuJoCo benchmark [2].
The overview of the scenarios are detailed in the following.

1) Reverse transport: The robots are randomly spawned in-
side abox that they must push toward a desired landmark in
the arena. The initial position of the box and the landmark
is random. Compared to [81], we decrease the mass of the
box to 1 kg to ensure that the box can be moved even with
a small number of robots. Also, when the box is in the
landmark, the reward is set to 1.

2) Sampling: The robot team is randomly spawned in an
arena with an underlying Gaussian density function com-
posed of three modes. The field is discretized to a grid.
Robots must collect samples of the field such that once a
robot visits a cell its sample is collected without replace-
ment and given as reward to the team. Robots use a LIDAR
to sense each other, and they observe the samples in the
3 x 3 grid around it.

3) Navigation: Each robot has a landmark to reach. The
initial position of the robots and landmarks are ran-
domly spawned in a 2 X 2 m square arena. Robots must
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navigate to reach their corresponding landmarks while
avoiding collisions with other robots. Compared to [81],
we encourage collision avoidance by changing the col-
lision penalty from —1 to —5. Besides, each robot only
observes its desired landmark instead of all the landmarks.

4) Food collection: 1t is a version of the simple spread sce-
nario [59] where a team of robots and food landmarks
is randomly spawned in an arena. There are as many
landmarks as robots. Robots must cooperate to cover as
many food landmarks as possible. Each time arobot covers
a new landmark, the whole team is rewarded.

5) Grassland: A team of robots must collect food resources
that are randomly spawned in an arena, while evading
multiple predators. There are as many robots as predators,
and the former move twice faster than the latter. The
predator team is positively rewarded when some member
captures a robot, whereas the robot team is negatively
rewarded and the robot is deactivated. On the other hand,
the robots receive a positive reward if they reach a food
landmark, which is then spawned again in a new position.

6) Adversarial: Tworobotic teams compete for the same food
landmarks. Both teams have the same number of robots.
When a member of a team reaches a food landmark, the
landmark is randomly spawned and the team is positively
rewarded. When two members of a team collide with one
member of the other team, then the first team is positively
rewarded, while the second team is penalized and the robot
deactivated.

7) 6xI1-Half Cheetah: A robotic cheetah with two legs and
six joints, where each joint is a different agent. The mul-
tiagent team is distributed in the sense that each agent can
communicate only with the adjacent joints, enforced by a
ring graph topology. The task is to make the robot run as
fast as possible. The reward is global and is composed by
a first term that favors forward movements and a second
term that penalizes too large actions.

The first three scenarios are used for ablation studies, where
the main goal is to evaluate how our physics-informed policy
parameterization improves upon existing standard policy param-
eterizations. The second three are used to compare our method
with other state-of-the-art multiagent reinforcement learning
approaches that are not physics-informed. The last scenario is
used to validate our approach in a realistic robotic platform.

All robots have a communication radius 7¢omm > 0, which
allows to exchange information with 1-hop neighbors. The
communication radius and other hyperparameters of the soft
actor—critic algorithm are specified in Appendix B. Each robot
observes its position, velocity, position, and velocity of the land-
marks or objects of interest (e.g., the box in reverse transport).
The particularities of the observation space of each robot can
be found in [59], [65], and [81]. In some scenarios, the robot
observation vector changes its dimension depending on the
number of robots. Specifically, in the food collection, grassland
and adversarial scenarios the number of landmarks changes with
the number of robots. Therefore, to accommodate the proposed
self-attention port-Hamiltonian neural network with an observa-
tion vector that may change its size, we use an additional neural
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TABLE I
AVERAGED TRAINING CONVERGENCE CUMULATIVE REWARD FOR THE FOUR
ABLATED METHODS

Mean and std of R over 10 evaluation episodes

Method
Reverse transport Sampling Navigation
pH-MARL 213 +£21 161 +41 | —53+101
MLP 64 £ 38 73£25 —280 + 98
MSA 57 +£43 82+ 32 —353 + 99
GSA 90 £ 49 89 + 38 —204 + 87

In all the cases, n = 4 robots are used. Bold means best performance.

network to preprocess the observation vector. In particular, we
concatenate a self-attention layer with a dense layer which
receives, as input, the food landmarks’ positions and outputs
a feature vector of constant dimension that is used as part of the
state vector to build S¢. The details can be found in Appendix A.
Supplementary material can be found in our repository! and the
supplementary video.?

A. Ablation Results

We conduct ablation studies using the reverse transport,
sampling, and navigation scenarios. The goal is to evaluate
whether our physics-informed policy parameterization improves
upon existing standard policy parameterizations. We compare
the proposed self-attention port-Hamiltonian neural network
(pH—MARL) with a classical MLP, a modular self-attention-
based neural network ((MSA), and a graph- and attention-based
neural network (GSA). The implementation details can be found
in Appendix A.

The MLP network is an unstructured neural network that
receives, as input, the current states and actions of the robots
and outputs the action vector. The (MSA) network replaces the
dense layers of the MLP network with an architecture based
on self-attention, but has the same input and output. The GSA
network is similar to the (MSA) network but has the adja-
cency matrix as additional input. The three neural networks
constitute a sequential improvement from a standard neural
network to our port-Hamiltonian formulation. It is important
to note that, with the current formulation, it is not possible
to try a port-Hamiltonian neural network, which is not based
on self-attention because each element of the processed input
sequence is employed to compute the port-Hamiltonian terms,
that are also a sequence spanned from ¢ € /\/’Zk This is key for
the scalability of the policy and is a feature that is not provided
by other architectures based on, e.g., MLPs or convolutions.
Finally, we employ the same architecture used in (pH—MARL)
to learn the standard deviation for all the options, along with the
same critic and soft actor—critic algorithm (see Appendix A).

Table I shows the averaged cumulative reward R = %R =
1 Z:“:“B‘_l r(s,,a,) after convergence of the training, where
Tmax 18 the maximum number of steps per episode. For the
three scenarios and the four neural network architectures,

'https://github.com/EduardoSebastianRodriguez/phMARL
Zhttps://youtu.be/pSzP3LBVyZg
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we use n = 4 robots. The table reports the mean of R over ten
evaluation episodes. In all the cases, (pH—MARL) surpasses
the other three architectures, with a particularly significant dif-
ference in the reverse transport and navigation scenarios. Given
the same number of parameters in the four architectures, the
use of a physics-informed formulation of the neural network
leads to a structured learning with efficient sampling in train-
ing. The difference in the reverse transport scenario is due to
the fact that the other networks sometimes fail in reaching
the landmark, despite arriving to a very close position. In the
sampling scenario, (pH—MARL) is the fastest in inspecting
the environment, therefore covering more informative cells. It
is followed, in decreasing order, by GSA, MSA, and MLP,
which is reasonable since the three neural networks are in
decreasing order of architecture complexity in terms of neural
network modules and input information. The navigation scenario
is the simplest among the three. Nevertheless, (pH—MARL)
is still the best because it better learns the collision avoidance
constraint.

To assess the scalability of the different architectures, in Fig. 4,
each trained neural network is evaluated with a different number
of robots, showing the mean and standard deviation of R over
ten episodes. The first conclusion is that (pH—MARL) and GSA
scale well with the number of robots, achieving the same cumu-
lative reward per robot for all team sizes. In contrast, (MSA) and
MLP do not scale because their architectures considers directly
the global observation and action vectors, so their modules are
not ready to process an input vector of different dimension. On
the other hand, (pH — MARL) achieves much better performance
than the other networks in all the scenarios and team sizes,
thus confirming the importance of using physics-informed priors
to ease the learning. The single exception is in the navigation
example, where the performance deteriorates when the number
of robots increases.

Fig. 5 provides some qualitative examples for the three sce-
narios and helps to understand some limitations of our approach.
Beginning with the navigation scenario, we can see that the
size of the arena does not scale with the number of robots, it is
always 2 x 2 m. Hence, taking into account that the robots have
a radius of 15 cm, the space is very small to navigate toward
the landmarks without colliding. According to the reward, the
robots search for safe motions, so they prefer to avoid collisions
rather than moving to their landmarks (Fig. 5, navigation with
eight robots). There are other features that do not scale in the
reverse transport and sampling scenarios: size of the box, weight
of the box, size of the arena, and number of Gaussian modes.
Nonetheless, (pH—MARL) is capable of generalizing, scaling,
and circumventing these issues and achieve the desired tasks. In
the reverse transport scenario, even with 16 robots that are highly
packed inside the box, the robots manage to push the box and
avoid erratic movements caused by the low weight of the box.
In the sampling scenario, robots learn to spread and coordinate
to cover more cells when there are more robots. Interestingly,
when there are a lot of robots (n = 9), some robots move to the
corners because they annoy the others by increasing the potential
number of collisions.
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Fig. 4. Comparison of the performance of the ablated control policies when we scale the number of robots in deployment. In all the scenarios, our proposed
combination of a port-Hamiltonian modeling and self-attention-based neural networks achieves the best cumulative reward without further training the control
policy. Each bar displays the mean and standard deviation of R over 10 evaluation episodes. (a) Reverse transport. (b) Sampling. (c) Navigation.

n = 4 robots n = 8 robots n = 12 robots n = 16 robots
a
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3 f
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Fig. 5. Examples of multirobot scenarios for different initial conditions and numbers of robots. In the reverse transport scenario, the red box turns green when it
reaches the desired goal (green dot), and the robots are depicted as small blue dots. In the sampling scenario, LIDAR measurements are depicted as points forming a
star pattern centered at the position of the robot, and regions already explored are shown in orange. In the navigation scenario, evolution over time of the trajectories
is colored from pink (¢ = 0) to blue (¢ = ), whereas the goals are depicted as black dots. It is interesting to see that some aspects of the environment do not scale
with the team size, e.g., the size and weight of the box in the reverse transport scenario, the number of hot spots in the sampling scenario or the size of the arena in
the navigation scenario. (a) Reverse transport. (b) Sampling. (c) Navigation.

Summing up, the combination of a port-Hamiltonian for- B. Comparative Results
mulation and self-attention mechanisms leads to superior per-
formance and the desired scalability with the number of
robots, learning control policies that are distributed by de-
sign and fully exploit the graph structure of the multirobot
system.

We compare the performance of our proposed physics-
informed multiagent reinforcement learning approach with other
state-of-the-art multiagent reinforcement learning approaches
that are not physics-informed. In particular, we compare with:
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Fig.6. Comparison of our proposed physics-informed multiagent reinforcement learning approach with other state-of-the-art approaches. To measure performance,
. = —1 . . . I
we use the averaged cumulative reward R = 1 R =1 Z:’:Bx r(sr,ar). (pPH—MARL) is only trained with n = 4 robots and deployed with different team

sizes, while the state-of-the-art control policies are trained for each specific number of robots. For team sizes similar to the one used in training, our policy outperforms
the other approaches. For team sizes much larger than the training team size, our policy still outperforms or achieves similar results as the state-of-the-art approaches.

(a) Food collection. (b) Grassland. (c) Adversarial.

Multiagent deep deterministic policy gradient (MADDPG) [59],
mean field actor critic (MFAC) [64], evolutionary population
curriculum (EPC) [84], distributed multiagent reinforcement
learning with one-hop neighbors (DARL1IN) [65], and multi-
agent proximal policy optimization (MAPPO) [60]. The com-
parison results of the first four methods reported in this article
are extracted from [65].

We use the food collection, grassland, and adversarial scenar-
ios for the comparison. Following the same procedure in [65],
for the scenarios with an adversarial team (grassland and adver-
sarial), we first use MADDPG to learn the control policies of
both teams. Then, the adversarial team control policy is frozen
and the policy of the other team is learned using any of the
aforementioned approaches.

Next, we assess the scalability of our proposed approach
in this second series of scenarios. We train the other state-of-
the-art approaches for each specific number of robots, ranging
from 3 to 48 robots. In contrast, we train (pH—MARL) n = 4
robots and evaluate the trained control policies with the other
number of robots, without further training. Fig. 6 demonstrates
that (pH—MARL) achieves better or similar results than the
other approaches without further training the control policies.
When the team size is close to the one used during training
(n = 3,6,12) (pH—MARL) surpasses the other methods in the
three scenarios, proving the accuracy of combining a physics-
informed description of the multirobot team with self-attention
mechanisms. In this sense, MAPPO in the grassland scenario
with n = 6 robots is the only case that obtains better results
than (pH—MARL). When the team size is much greater than
the one used during training (24,48), (pH—MARL) outperforms
(MADDPG, MFAC) or achieves similar results (EPC, DARLIN,
MAPPO) as the state-of-the-art. Notably, (pH —MARL) outper-
forms all the state-of-the-art methods in the adversarial scenario
even when n = 48, which is significant considering that they are
all trained with n = 48 robots except (pH—MARL), which is
trained with n = 4 robots. Regarding MAPPO, despite its strong
performance in some cases (e.g., food collection with n = 3
robots, grassland with n = 6 robots or grassland with n = 48

robots), it generally exhibits poor results when the number of
robots is larger than ten robots. Besides, MAPPO is unable to
learn successful policies that avoid collisions and find the food
resources for any of the teams in the adversarial scenario.

The reason why (pH—MARL) exhibits a slight drop in per-
formance when n = 24, 48 robots is the same discussed in the
ablation experiments. There are some features of the scenarios,
such as the size of the arena, that do not scale with the number
of robots. Robots are not trained to move in configurations that
far from those experienced during training. How to design the
control policy to be invariant to environmental changes is part
of the future work. Qualitative examples can be found in the
repository associated to the article.

Regarding the computational cost, it is worth noting that,
given the same scenario, optimizer and replay buffer hyper-
parameters, the main differences among methods come from
the parameterization of the actor. In this sense, our approach
involves greater training times per sample and robot compared
to other non-physics-informed methods. Specifically, the in-
crease in computational burden comes from the differentiation
of the Hamiltonian 0 Hg (x) /0% at each time step. However, by
restricting the space of admissible policies, we have better
sample efficiency during training compared to non-physics-
informed parameterizations. Therefore, the increase of computa-
tional burden per sample and robot is compensated by the sample
efficiency of the method, leading to similar overall computa-
tional times in robot tasks during training. Besides, as it has been
observed in the scalability results, our approach needs a very
small number of robots to reproduce or even outperform the other
methods when they are trained with larger numbers of robots,
saving additional computation. Importantly, the computational
cost during deployment scales with the number of neighbors
rather than the network size, therefore preserving the desirable
properties coming from a distributed multirobot setting. Alterna-
tively, to improve computational efficiency, one could consider a
neural network estimator that learns to infer 0 Hg (x)/0x; from
X}vk , which bypasses automatic differentiation of Hg(x) and
the three message-passing communication protocol. Avoiding
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Fig. 8. Average episode reward obtained by pH—MARL and other MARL
approaches in the 6x1 — HalfCheetah environment.

automatic differentiation to reduce inference time is an active
area of research [85], and we leave its exploration to optimize
the training time of our method for future work.

C. Sensitivity Analysis

Regarding the evaluation of the training scalability of our
approach, we have conducted a series of experiments using
the same scenarios of Sections VI-A and VI-B. Given those
scenarios, we have trained our pH—MARL with an increasing
number of robots, namely, n = {2,4, 8,12} (see Fig. 7). The
first interesting conclusion is that the increase in number of
robots does not necessarily lead to better performance because
the interactions among robots always happen at the robot neigh-
borhood level. In the reverse transport scenario, more robots
inside the cage implies a greater number of robot contacts with
the cage, and therefore, a drop in averaged cumulative reward.
In the sampling scenario, a greater number of robots leads to
an improvement in performance because, for the same time
horizon, robots can explore the arena faster and localize the
informative regions faster. In the case of the navigation scenario,
due to space constraints, an increase in the number of robots
during training leads to a significant drop in averaged cumulative
reward because the space available to each robot is smaller,
so more collisions happen (specially with n = 12). In all the
scenarios, n = 2 is a too small multirobot team size to capture

depends on constraints of the scenario and the task. Nonetheless,
as a rule of thumb, increasing the number of training robots
toward a large multirobot team only leads to greater sample
complexity, whereas decreasing the number of training robots
does not allow to learn sufficiently varied behaviors to scale with
the number of robots. Henceforth, we conclude that our approach
is best suited for training with a small number of training robots
(relative to the task/scenario) but still sufficiently large to capture
all possible neighborhood interactions.

From a behavioral analysis perspective, the results in Fig. 7
suggest that the learned distributed multirobot policies benefit
from small neighborhoods, irrespective of the network size. In
scenarios with a fixed arena size, an increase in the number of
robots indirectly leads to an increase in neighborhood sizes, with
asubsequent drop in averaged cumulative reward both in training
and evaluation (see Fig. 6). The appropriate number of training
robots depends on the scenario, e.g., in the reverse transport
scenario the best performance is achieved with n = 4 while in
the sampling scenario this is obtained with n = 8. In any case, as
concluded previously, our approach requires a sufficiently large
team size to capture a variety of local interactions. On the other
hand, different from other centralized-training decentralized-
execution approaches, our approach considers a single set of
policy parameters that is invariant to the number of robots in
the team due to its distributed structure. Therefore, behavioral
analysis to understand individual influence in the overall team re-
duces to understanding how different neighborhood sizes affect
overall performance, which is already given by the sensitivity
analysis with respect to the number of training robots for a
fixed environment size, and the scalability tests shown in Figs. 4
and 6.

D. Validation on a Realistic Robot Platform

We further validate (pH—MARL) in a realistic robot setting
using MuJoCo [86]. MuJoCo is a general purpose physics en-
gine that replicates multijoint dynamics with contact, allowing
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Qualitative results of the (pH—MARL) policy for multirobot navigation in the Robotarium simulator. In (a), communication is perfect, whereas (b)—(d)

operate under imperfect communication. In the imperfect communication cases, magenta links denote delays, red links denote packet loss, yellow links denote
disturbances, and green links denote unperturbed links. (a) n = 4. (b) n = 8. (¢c) n = 12. (d) n = 16.

for fast yet realistic physical behaviors. Specifically, we use
the multiagent MuJoCo benchmark [2], where the task is to
learn coordination policies for multijoint robots that make them
walk. Our approach was evaluated using the 6x1 — HalfCheetah
environment [see Fig. 1(e)]. Since our fundamental contribu-
tion is the physics-informed distributed policy parameteriza-
tion, we integrated our policy design in a trust-region policy
optimization (TRPO) reinforcement learning algorithm [87].
This demonstrates the flexibility of the physics-informed pol-
icy parameterization in the sense that it can be integrated in
different reinforcement learning algorithms. The benchmark
provides results from state-of-the-art multiagent reinforcement
learning approaches for comparison, including heterogeneous-
agent TRPO (HATRPO) and heterogeneous-agent proximal
policy optimization (HAPPO) [62], MAPPO, IPPO [66], and
MADDPG. Importantly, in all these state-of-the-art methods,
the policy of each agent/joint depends on the global observation
vector, whereas our policy only depends on the neighboring
information, enforcing a ring topology.

The 6x1 — HalfCheetah model is composed of n = 6 joints,
corresponding to: {back thigh, back shin, back foot, front thigh,
front shin, front foot}. The input to each joint is a torque with
[Nm] units. The local observation of each agent is the angle,
angular velocity, linear velocity, angular acceleration, and linear
acceleration of the joint; and the (x,z)-position, angular velocity,
and (x,z)-linear velocity of front tip. The physical properties of
the joints follow those of the original MuJoCo HalfCheetah [86],
detailed in Table II. Importantly, physical interactions such as
friction of the joints with the armature of the main body are
computed numerically from the stiffness and damping of the
joint. Stiffness is modeled as a spring with equilibrium at the
nominal position of the joint, whereas the damping is modeled
as a force linear in velocity.

TABLE 11
PHYSICAL PROPERTIES OF THE JOINTS OF THE MUJOCO HalfCheetah
Joint Type | Range [rad] |Damping [Ns/m]|Stiffness [N/m]
Back thigh | hinge| [—0.52,1.05] 6 240
Back shin |hinge |[—0.785,0.785] 4.5 180
Back foot |hinge| [—0.4,0.785] 3 120
Front thigh | hinge [-1,0.7] 4.5 180
Front shin |hinge| [—1.2,0.87] 3 120
Front foot |hinge| [—0.5,0.5] 1.5 60

As it can be observed in Fig. 8, our method, although less
informed than the others due to the networked constraints,
improves upon IPPO, MADDPG, and MAPPO in average
episode reward, and obtains a similar final average episode
reward to HAPPO and HATRPO. Besides, by fully exploiting
the physical dynamics of the robots, our method presents better
sample efficiency than MADDPG, IPPO and MAPPO, and
similar sample efficiency than HAPPO and HATRPO. In this
sense, our method leverages the fact that the acceleration of the
joints is available, so in the open-loop feed-forward term x is
known without explicit knowledge on the values of J(x), R(x),
and 0H (x)/0x. This experiment shows that our approach is a
promising method for multijoint dynamical robots. The sample
efficiency achieved by distributing the policy according to the
imposed ring topology is reduced when the connectivity of the
network increases. The ring topology restricts the neighborhood
of joint ¢ to {i — 1 mod 6,4,7 + 1 mod 6}, which implies a
very sparse graph. This serves as a prior for how the other
joints affect joint ¢ that restricts the class of policies that can be
learned, leading to improved sample efficiency. In the extreme
case where the topology is a fully connected graph, our approach
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would recover the centralized topology of the benchmarked
methods. The performance in terms of average episode reward
would, therefore, be at least the same, since more information is
provided to the joints; however, the sample efficiency would be
hampered by computing six centralized policies, one per joint.

E. Real Multirobot Experiments

Finally, we validate the sim-to-real transfer capabilities of
(pH—MARL) using the Georgia Tech Robotarium [1]. The goal
of this validation is twofold. First, in all previous sections,
we assumed perfect communication channels, whereas physical
communication in real settings is subject to packet losses, distur-
bances in the messages and delays, leading to potentially adverse
effects on the control policies. Second, we aim to evaluate how
(pH—MARL) policies trained in an ideal simulated environment
handle the transfer gap to real multirobot settings subject to
imperfect actuation in the differential-drive robot dynamics of
the Robotarium robots. We pose a navigation problem with
collision avoidance akin to the “Navigation” scenario used for
ablations in Section VI-A. The only difference is that, to better
represent the Robotarium arena, we train over a 3.2 X 2 m space
and increase the physical radius of the agents to 11cm to fit
the size of the Robotarium robots. We train a (pH—MARL)
navigation policy with n = 4 as in Section VI-A in VMAS.

After that, we integrate the trained policy in the Robotarium
simulator, designed to be as similar as possible to the Robo-
tarium arena to guarantee that policies submitted to the real
Robotarium platform comply with all requirements. Two set-
tings are evaluated. The first one evaluates the (pH—MARL)
policy with perfect communications with 7¢omm = 0.75 m. The
second evaluates the (pH—MARL) policy with realistic com-
munication, as follows.

1) Packet losses: An existing communication link has prob-

ability 0.1 of being removed from the graph.

2) Communication disturbances: Messages sent through a
communication channel have probability 0.1 of being
distorted by an additive zero-mean Gaussian noise with
variance 0.051.

3) Delays: Messages sent through a communication channel
have probability 0.1 of suffer a delay uniformly distributed
in the range [1,10] sampling times (sampling time is
0.033 s).

Fig. 9 compares the travel distance, travel time and success

rate for the (pH—MARL) policy under perfect and imperfect
communication for different number of robots, averaged over

Fig. 12.  Qualitative results of the (pH—MARL) policy for multirobot navi-
gation in the Robotarium arena under imperfect communication. After training
a navigation policy with n = 4 robots in the VMAS simulator, we directly
deployed it in teams of n = {4,8,12,16} robots. The figures display col-
ored trajectories and circles for each robot and associated goal. The robots
achieve safe navigation with collision avoidance even in tight spaces with teams
4x larger than those seen during training despite the imperfect communications.
(@n=4.b)yn=8.(c)n=12.(d)n = 16.

ten random runs each. The (pH—MARL) policy is able to scale
to teams up to x4 larger than the one used for training, achieving
constant travel distances and almost constant travel times with
respect to n. The success rates are always above 95%, proving
that the (pH—MARL) policy consistently transfers to different
robot dynamics (training is done with a damped second-order
integrator, whereas the Robotarium robots follow first-order
differential-drive dynamics) and environment. Importantly, the
(pH—MARL) policy is robust against imperfect communica-
tion, achieving the same results obtained with perfect commu-
nication. Qualitatively speaking, Fig. 10 shows that the robots
achieve smooth trajectories and they reach their goals avoiding
collisions.

Once we verified that the (pH—MARL) policy is scalable and
robust against communication disturbances in the Robotarium
simulator, we evaluated it in the real Robotarium arena under
imperfect communication. All the parameters are the same,
and every configuration of number of robots is averaged over
three random runs. As shown in Fig. 11, the travel distance
and travel time are consistent across number of robots, even
though the space in the arena becomes increasingly tight with
fleets of 12 and 16 robots. The case of n = 4 is much easier
than the others, and consequently, the travel distance and time
are smaller than in the other configurations. The success rate is
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always 100%, allowing us to conclude that our (pH—MARL)
policy supports zero-shot sim-to-real transfer. This is reinforced
by the qualitative results in Fig. 12, where robots follow smooth
paths and avoid collisions akin to what the (pH—MARL) policy
achieves in the Robotarium simulator.

VII. CONCLUSION

In this article, we proposed a novel reinforcement learning
formulation where the single agent is the multirobot graph.
On the one hand, this allowed to explicitly consider the po-
tential networked interactions among agents, going beyond the
classical assumptions of independent execution found in other
multiagent reinforcement learning approaches. On the other
hand, this allowed to avoid nonstationarity issues found during
training in other multirobot learning setting. In particular, we
designed a soft actor—critic algorithm to manage the networked
and stochastic nature of distributed multirobot policies, learning
simultaneously the homogeneous distributed control policy for
all the robots while respecting the policy k-hop factorization
and the correlation among robots. Besides, the method exploits
the collective knowledge of a centralized critic during train-
ing. To achieve the learning of scalable and distributed control
policies by design, we proposed an interconnection and damp-
ing passivity-based control policy based on a port-Hamiltonian
description of the multirobot dynamics that preserves energy
conservation laws and individual robot dynamics. To parame-
terized the controller, we proposed a set of self-attention-based
neural networks that respects the desired distributed structure
of the control policy and handles the time-varying available
information at each robot.

We conducted ablation studies and simulations in comparison
to state-of-the-art multiagent reinforcement learning approaches
in seven scenarios, covering a wide variety of cooperative and
competitive behaviors such as collision avoidance, navigation,
transport, evasion, and monitoring, and including a validation
experiment in a realistic robotic platform. In all the cases, our
proposed approach exhibits superior performance in terms of
cumulative reward per robot and scalability. Our approach, with-
out further training, scales and achieves the same performance
of other methods that are trained, ad hoc, with a specific number
of robots. Extensive validation in a real multirobot navigation
setting demonstrated that policies trained in an ideal simulator
exhibit great zero-shot sim-to-real transfer capabilities, even
under imperfect communication. Nevertheless, there is still
room for improvement in terms of generalization with respect to
environmental conditions such as stage size. These results lead to
the following conclusion: the combination of physics-informed
neural networks and reinforcement learning techniques is a
promising research line to address multirobot problems.

An important future direction is to utilize the physics-
informed port-Hamiltonian parameterization of the control poli-
cies to provide performance or safety guarantees. For instance,
passivity theory or control barrier functions can be employed
to ensure convergence properties of the control policy or de-
sign safety modules on top of the control policy that provide
collision avoidance guarantees. It also remains to be explored
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how to bypass the three-message passing scheme to compute
O0Hg(x)/0x; and rely only on single-message broadcasting
protocols or perception cues since it is currently a computation
and implementation bottleneck.

APPENDIX A
NETWORK PARAMETERS

The self-attention-based control policy in pH—MARL is pa-
rameterized as follows.

1) [Rglij: W =3, hy = [ng,16,8], 1y = [8,16,8], dy,

[16, 8, 16]; functions 3 = sigmoid, x = ¢ = swish [88].

2) [Jolij: W =3, hy = [ng,16,8], 7, = [8,16,8], dy =
[16, 8, 16]; functions 3 = sigmoid, x = ¢ = swish [88].

3) Hy: W =3 layers, hy = [ng,16,8], r, =[16,8,8],
d, = [16,8,25]; functions [ =sigmoid, y =1 =
swish [88].

For the variance network, we use the same architecture of
[Rg];; but with h; = n, + n, and dyw = 2. The other networks
used in the ablation studies are as follows.

1) MLP: The policy is a single MLP of size [n X n,,n x
Ty, M X n,] with swish hidden activation function and
linear output. For the variance network, we use the same
architecture but with size [n(ng + ny,), 1 X Mgy X Ny,

2) MSA: The policy is a single MLP of size [n X 1z, n X ng]
with linear output followed by a self-attention layer where
query, key, and values are directly the feature vector from
the MLP, and an additional MLP of size [n X n,,n X n,]
with linear output. For the variance network, we use the
same architecture but with size [n(n, + n,,),n x n,] for
the first MLP.

3) GSA: The policy is the same one used to predict [Rg];J
but with dy = 2. For the variance network, we use the
same architecture but h; = n, + n,,.

The Qr,(st,a:) function is always parameterized as an
MLP with layers of size [n(n; + ny), 2n(ng + ny), n(n, +
Ny )y (N + 1), 1] with swish [88] activation functions except
the last layer, that is linear.

The food collection, grassland, and adversarial scenarios use
a neural network to preprocess the observation vector to move
from a time-varying observation size to a fixed state size compat-
ible with the control policies. To do so, the state is a concatena-
tion of the position (2-D vector), velocity (2-D vector), aliveness
(boolean quantity), closest goal relative distance (2-D vector),
and a 2-D feature vector provided by a neural network. The
neural network is composed by an MLP with no hidden layers
of size [n, — 2, 2] and swish activation function, a self-attention
layer of size h,, = 1y = dy = 2, and another MLP with no
hidden layers of size [2, 2] and linear output.

APPENDIX B
SOFT ACTOR—CRITIC HYPERPARAMETERS

The following table details the parameterization of the soft
actor-critic algorithm for the different scenarios.
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TABLE IIT
SOFT ACTOR—CRITIC HYPERPARAMETERS
Parameter Scenario Value
optimizer all Adam [89]
T'comm reverse transport, navigation 0.45m
sampling 0.75m
food (?ollectlon, grassland, ad- 0.15m
versarial
n training reverse. transport, sampling, 4
navigation
food collection, grassland, ad- 8
versarial
# parallel
environ- all 96
ments
shared r all True
maximum |reverse transport, navigation,
steps per |food collection, grassland, ad- 400
episode  |versarial
sampling 1000
replay 1l 2 % 106
buffer size A 8
initial ran- all 103
dom steps
8 all 0.99
Qo all 5
Qmin all 0.1
Omax all 10
P all 0.005
learning all 105
rate o
learning all 10-4
rate
batch size all 1024
4 trainin navigation, reverse transport,
£ sampling, food  collection,| 2 x 10°
steps
grassland
adversarial 6 x 10°
clip
aradients all False
rewa}rd all False
scaling
Omin all 675
O max all 62
landmark |sampling, navigation, food col-
. . default
mass lection, grassland, adversarial
reverse transport 1
f.evaluatlon all 104
interval
#
evaluation
episodes all 10
per
interval

[1]

[2]

[3]

[4]

[5]

[6]
[7]
[8]

[9]

[10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

4515

REFERENCES

D. Pickem et al., “The robotarium: A remotely accessible Swarm robotics
research testbed,” in Proc. IEEE Int. Conf. Robot. Automat., 2017,
pp. 1699-1706.

B. Peng et al., “FACMAC: Factored multi-agent centralised policy
gradients,” Adv. Neural Inf. Process. Syst., vol. 34, pp. 12208-12221,
2021.

N. Atanasov, J. Le Ny, K. Daniilidis, and G. J. Pappas, “Decentralized
active information acquisition: Theory and application to multi-robot
SLAM,” in Proc. IEEE Int. Conf. Robot. Automat., 2015, pp. 4775-4782.
Y. Tian, Y. Chang, F. H. Arias, C. Nieto-Granda, J. P. How, and L. Carlone,
“Kimera-multi: Robust, distributed, dense metric-semantic SLAM for
multi-robot systems,” IEEE Trans. Robot., vol. 38, no. 4, pp. 2022-2038,
Aug. 2022.

X. Kan, T. C. Thayer, S. Carpin, and K. Karydis, “Task planning on
stochastic aisle graphs for precision agriculture,” IEEE Robot. Automat.
Lett., vol. 6, no. 2, pp. 3287-3294, Apr. 2021.

A. Pierson and M. Schwager, “Bio-inspired non-cooperative multi-robot
herding,” in Proc. IEEE Int. Conf. Robot. Automat., 2015, pp. 1843-1849.
E. Sebastian and E. Montijano, “Multi-robot implicit control of herds,” in
Proc. IEEE Int. Conf. Robot. Automat., 2021, pp. 1601-1607.

E. Sebastidn, E. Montijano, and C. Sagii€s, “Adaptive multirobot implicit
control of heterogeneous herds,” IEEE Trans. Robot., vol. 38, no. 6,
pp. 3622-3635, Dec. 2022.

L. Heintzman, A. Hashimoto, N. Abaid, and R. K. Williams, “Anticipatory
planning and dynamic lost person models for human-robot search and
rescue,” in Proc. IEEE Int. Conf. Robot. Automat., 2021, pp. 8252-8258.
M. J. Matari¢, “Reinforcement learning in the multi-robot domain,” Auton.
Robots, vol. 1, no. 4, pp. 73-83, 1997.

L. Matignon, G. J. Laurent, and N. Le Fort-Piat, “Hysteretic g-learning:
An algorithm for decentralized reinforcement learning in cooperative
multi-agent teams,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2007,
pp. 64-69.

L. Matignon, L. Jeanpierre, and A.-1. Mouaddib, “Coordinated multi-robot
exploration under communication constraints using decentralized Markov
decision processes,” in Proc. AAAI Conf. Artif. Intell., vol. 26, 2012,
pp. 2017-2023.

S. Munikoti, D. Agarwal, L. Das, M. Halappanavar, and B. Natarajan,
“Challenges and opportunities in deep reinforcement learning with graph
neural networks: A comprehensive review of algorithms and applications,”
IEEE Trans. Neural Netw. Learn. Syst., vol. 35, no. 11, pp. 15051-15071,
Nov. 2024.

A. Serra-Gémez, H. Zhu, B. Brito, W. Bohmer, and J. Alonso-Mora,
“Learning scalable and efficient communication policies for multi-robot
collision avoidance,” Auton. Robots, vol. 47, no. 8, pp. 1275-1297,
2023.

Y. L. Lo, C. S. de Witt, S. Sokota, J. N. Foerster, and S. Whiteson, “Cheap
talk discovery and utilization in multi-agent reinforcement learning,” in
Proc. Int. Conf. Learn. Representations, 2023, pp. 1-17.

G. Qu, A. Wierman, and N. Li, “Scalable reinforcement learning for multi-
agent networked systems,” Operations Res., vol. 70, no. 6, pp. 3601-3628,
2022.

T. Beckers, T. Z. Jiahao, and G. J. Pappas, “Learning switch-
ing port-Hamiltonian systems with uncertainty quantification,” IFAC-
PapersOnLine, vol. 56, no. 2, pp. 525-532, 2023.

C. Neary and U. Topcu, “Compositional learning of dynamical system
models using port-Hamiltonian neural networks,” in Proc. Learn. Dyn.
Control Conf., 2023, pp. 679-691.

E. Sebastidan, T. Duong, N. Atanasov, E. Montijano, and C. Sagiiés,
“LEMURS: Learning distributed multi-robot interactions,” in Proc. [EEE
Int. Conf. Robot. Automat., 2023, pp. 7713-7719.

T. X. Nghiem et al., “Physics-informed machine learning for modeling
and control of dynamical systems,” in Proc. IEEE Amer. Control Conf.,
2023, pp. 3735-3750.

S. Sanyal and K. Roy, “RAMP-Net: A robust adaptive MPC for quadrotors
via physics-informed neural network,” in Proc. IEEE Int. Conf. Robot.
Automat., 2023, pp. 1019-1025.

C.Rodwell and P. Tallapragada, “Physics-informed reinforcement learning
for motion control of a fish-like swimming robot,” Sci. Rep., vol. 13, no. 1,
2023, Art. no. 10754.

S. Cuomo, V. S. Di Cola, F. Giampaolo, G. Rozza, M. Raissi, and F.
Piccialli, “Scientific machine learning through physics—informed neural
networks: Where we are and what’s next,” J. Sci. Comput., vol. 92, no. 3,
2022, Art. no. 88.



4516

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]
[37]

[38]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Y. Xu, S. Kohtz, J. Boakye, P. Gardoni, and P. Wang, “Physics-informed
machine learning for reliability and systems safety applications: State of
the art and challenges,” Rel. Eng. Syst. Saf., vol.230,2022, Art. no. 108900.
D. Bloembergen, K. Tuyls, D. Hennes, and M. Kaisers, “Evolutionary
dynamics of multi-agent learning: A survey,” J. Artif. Intell. Res., vol. 53,
pp. 659-697, 2015.

P.Long, T. Fan, X. Liao, W. Liu, H. Zhang, and J. Pan, “Towards optimally
decentralized multi-robot collision avoidance via deep reinforcement
learning,” in Proc. IEEE Int. Conf. Robot. Automat., 2018, pp. 6252-6259.
S. H. Semnani, H. Liu, M. Everett, A. De Ruiter, and J. P. How,
“Multi-agent motion planning for dense and dynamic environments via
deep reinforcement learning,” IEEE Robot. Automat. Lett., vol. 5, no. 2,
pp. 3221-3226, Apr. 2020.

A.Y. Ng et al., “Algorithms for inverse reinforcement learning,” in Proc.
Int. Conf. Mach. Learn., vol. 1, 2000, pp. 663-670.

S. Dasari et al., “RoboNet: Large-scale multi-robot learning,” in Proc.
Conf. Robot Learn., 2020, pp. 885-897.

K. Bogert and P. Doshi, “Multi-robot inverse reinforcement learning under
occlusion with estimation of state transitions,” Artif. Intell., vol. 263,
pp. 46-73, 2018.

R. Han, S. Chen, and Q. Hao, “Cooperative multi-robot navigation in
dynamic environment with deep reinforcement learning,” in Proc. IEEE
Int. Conf. Robot. Automat., 2020, pp. 448—454.

I. Gharbi, J. Kuckling, D. G. Ramos, and M. Birattari, “Show me what
you want: Inverse reinforcement learning to automatically design robot
swarms by demonstration,” in Proc. IEEE Int. Conf. Robot. Automat.,
2023, pp. 5063-5070.

H. Zhu, F. M. Claramunt, B. Brito, and J. Alonso-Mora, “Learning
interaction-aware trajectory predictions for decentralized multi-robot mo-
tion planning in dynamic environments,” /EEE Robot. Automat. Lett.,
vol. 6, no. 2, pp. 2256-2263, Apr. 2021.

S. Zhou, M. J. Phielipp, J. A. Sefair, S. I. Walker, and H. B. Amor, “Clone
swarms: Learning to predict and control multi-robot systems by imitation,”
in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2019, pp. 4092-4099.
G. Qu, A. Wierman, and N. Li, “Scalable reinforcement learning of
localized policies for multi-agent networked systems,” in Proc. Learn.
Dyn. Control, 2020, pp. 256-266.

V. Zambaldi et al., “Deep reinforcement learning with relational inductive
biases,” in Proc. Int. Conf. Learn. Representations, 2018, pp. 1-18.

S. Igbal and F. Sha, “Actor-attention-critic for multi-agent reinforcement
learning,” in Proc. Int. Conf. Mach. Learn., 2019, pp. 2961-2970.

G.Li, B. Jiang, H. Zhu, Z. Che, and Y. Liu, “Generative attention networks
for multi-agent behavioral modeling,” in Proc. AAAI Conf. Artif. Intell.,
vol. 34, 2020, pp. 7195-7202.

P. Parnika, R. B. Diddigi, S. K. R. Danda, and S. Bhatnagar, “Attention
actor-critic algorithm for multi-agent constrained co-operative reinforce-
ment learning,” in Proc. Int. Conf. Auton. Agents Multiagent Syst., 2021,
pp. 1-3.

A. Marino, C. Pacchierotti, and P. R. Giordano, “Input state stability of
gated graph neural networks,” IEEE Trans. Control Netw. Syst., pp. 1-12,
2024.

Q. Li, W. Lin, Z. Liu, and A. Prorok, “Message-aware graph attention
networks for large-scale multi-robot path planning,” IEEE Robot. Automat.
Lett., vol. 6, no. 3, pp. 5533-5540, Jul. 2021.

A. Khan, E. Tolstaya, A. Ribeiro, and V. Kumar, “Graph policy gradi-
ents for large scale robot control,” in Proc. Conf. Robot Learn., 2020,
pp. 823-834.

E. Tolstaya, F. Gama, J. Paulos, G. Pappas, V. Kumar, and A. Ribeiro,
“Learning decentralized controllers for robot Swarms with graph neural
networks,” in Proc. Conf. Robot Learn., 2020, pp. 671-682.

E. Tolstaya, J. Paulos, V. Kumar, and A. Ribeiro, “Multi-robot coverage
and exploration using spatial graph neural networks,” in Proc. IEEE/RSJ
Int. Conf. Intell. Robots Syst., 2021, pp. 8944-8950.

F. Yang and N. Matni, “Communication topology co-design in graph
recurrent neural network based distributed control,” in Proc. IEEE Conf.
Decis. Control, 2021, pp. 3619-3626.

F. Gama, Q. Li, E. Tolstaya, A. Prorok, and A. Ribeiro, “Synthesizing de-
centralized controllers with graph neural networks and imitation learning,”
IEEE Trans. Signal Process., vol. 70, pp. 1932-1946, 2022.

L. Kuyer, S. Whiteson, B. Bakker, and N. Vlassis, “Multiagent reinforce-
ment learning for urban traffic control using coordination graphs,” in Proc.
Eur. Conf. Mach. Learn. Knowl. Discov. Databases, 2008, pp. 656-671.
L. Busoniu, R. Babuska, and B. De Schutter, “Multi-agent reinforce-
ment learning: An overview,” in Innovations in Multi-Agent Systems and
Applications-1. Berlin, Germany: Springer, 2010, pp. 183-221.

[49]

[50]

[51]

[52]

[53]

[54]

[55]
[56]
[57]
[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

IEEE TRANSACTIONS ON ROBOTICS, VOL. 41, 2025

O. Vinyalset al., “Starcraft II: A new challenge for reinforcement learning,”
2017, arXiv:1708.04782.

B. Ellis et al., “SMACv2: An improved benchmark for cooperative multi-
agent reinforcement learning,” Adv. Neural Inf. Process. Syst., vol. 36,
2024, pp. 37567-37593.

S. Gronauer and K. Diepold, “Multi-agent deep reinforcement learning:
A survey,” Artif. Intell. Rev., vol. 55, no. 2, pp. 895-943, 2022.

A. Oroojlooy and D. Hajinezhad, “A review of cooperative multi-
agent deep reinforcement learning,” Appl. Intell., vol. 53, no. 11,
pp. 13677-13722, 2023.

L. Matignon, G. J. Laurent, and N. Le Fort-Piat, “Independent rein-
forcement learners in cooperative Markov games: A survey regarding
coordination problems,” Knowl. Eng. Rev., vol. 27, no. 1, pp. 1-31,
2012.

G. Papoudakis, F. Christianos, A. Rahman, and S. V. Albrecht, “Deal-
ing with non-stationarity in multi-agent deep reinforcement learning,”
2019, arXiv:1906.04737.

W. Bohmer, V. Kurin, and S. Whiteson, “Deep coordination graphs,” in
Proc. Int. Conf. Mach. Learn., 2020, pp. 980-991.

T. Haarnoja et al., “Soft actor-critic algorithms and applications,”
2018, arXiv:1812.05905.

T. P. Lillicrap et al., “Continuous control with deep reinforcement learn-
ing,” 2015, arXiv:1509.02971.

J. Schulman, F. Wolski, P. Dhariwal, A. Radford, and O. Klimov, “Proximal
policy optimization algorithms,” 2017, arXiv:1707.06347.

R. Lowe, Y. 1. Wu, A. Tamar, J. Harb, P. Abbeel, and I. Mordatch, “Multi-
agent actor-critic for mixed cooperative-competitive environments,” Adv.
Neural Inf. Process. Syst., vol. 30, 2017, pp. 1-12.

C. Yu et al., “The surprising effectiveness of PPO in cooperative multi-
agent games,” Adv. Neural Inf. Process. Syst., vol. 35, pp. 24611-24624,
2022.

M. Bettini, A. Prorok, and V. Moens, “BenchMARL: Benchmarking multi-
agent reinforcement learning,” J. Mach. Learn. Res., vol. 25, no. 217,
pp. 1-10, 2024.

J. G. Kuba et al., “Trust region policy optimisation in multi-agent
reinforcement learning,” in Proc. Int. Conf. Learn. Representations,
2021, pp. 1-27.

J. Bloom, P. Paliwal, A. Mukherjee, and C. Pinciroli, “Decentralized
multi-agent reinforcement learning with global state prediction,” in Proc.
1IEEE/RSJ Int. Conf. Intell. Robots Syst., 2023, pp. 8854-8861.

Y. Yang, R. Luo, M. Li, M. Zhou, W. Zhang, and J. Wang, “Mean field
multi-agent reinforcement learning,” in Proc. Int. Conf. Mach. Learn.,
2018, pp. 5571-5580.

B. Wang, J. Xie, and N. Atanasov, “DARLIN: Distributed multi-agent
reinforcement learning with one-hop neighbors,” in Proc. IEEE/RSJ Int.
Conf. Intell. Robots Syst., 2022, pp. 9003-9010.

C. S. De Witt et al., “Is independent learning all you need in the starcraft
multi-agent challenge?” 2020, arXiv:2011.09533.

Y. Motokawa and T. Sugawara, “Interpretability for conditional coordi-
nated behavior in multi-agent reinforcement learning,” in Proc. IEEE Int.
Joint Conf. Neural Netw., 2023, pp. 1-8.

R. Kortvelesy and A. Prorok, “QGNN: Value function factorisation with
graph neural networks,” 2022, arXiv:2205.13005.

Y. Hu, J. Fu, and G. Wen, “Graph soft actor-critic reinforcement
learning for large-scale distributed multirobot coordination,” [EEE
Trans. Neural Netw. Learn. Syst., vol. 26, no. 1, pp. 665-676, Jan.
2025.

Z.Huang, Z. Yang, R. Krupani, B. Senbaglar, S. Batra, and G. S. Sukhatme,
“Collision avoidance and navigation for a quadrotor swarm using end-
to-end deep reinforcement learning,” in Proc. IEEE Int. Conf. Robot.
Automat., 2024, pp. 300-306.

P. Zhao and Y. Liu, “Physics informed deep reinforcement learning for
aircraft conflict resolution,” IEEE Trans. Intell. Transp. Syst.,vol.23,n0.7,
pp. 8288-8301, Jul. 2022.

G. Sartoretti, Y. Wu, W. Paivine, T. S. Kumar, S. Koenig, and H. Choset,
“Distributed reinforcement learning for multi-robot decentralized collec-
tive construction,” in Proc. 14th Int. Symp. Distrib. Auton. Robot. Syst.,
2019, pp. 35-49.

A. Van Der Schaft and D. Jeltsema, “Port-Hamiltonian systems theory:
An introductory overview,” Found. Trends Syst. Control, vol. 1, no. 2-3,
pp. 173-378, 2014.

L. Furieri, C. L. Galimberti, M. Zakwan, and G. Ferrari-Trecate, “Dis-
tributed neural network control with dependability guarantees: A compo-
sitional port-Hamiltonian approach,” in Proc. Learn. Dyn. Control Conf.,
2022, pp. 571-583.



SEBASTIAN et al.: PHYSICS-INFORMED MULTIAGENT REINFORCEMENT LEARNING

[75] C.L. Galimberti, L. Furieri, L. Xu, and G. Ferrari-Trecate, “Hamiltonian

deep neural networks guaranteeing nonvanishing gradients by design,”

IEEE Trans. Autom. Control, vol. 68, no. 5, pp. 3155-3162, May 2023.

G. Shi, W. Honig, Y. Yue, and S.-J. Chung, “Neural-swarm: Decentralized

close-proximity multirotor control using learned interactions,” in Proc.

IEEE Int. Conf. Robot. Automat., 2020, pp. 3241-3247.

A. Vaswani et al., “Attention is all you need,” Adv. Neural Inf. Process.

Syst., vol. 30,2017, pp. 1-11.

A. J. van der Schaft, “Port-Hamiltonian systems: Network modeling

and control of nonlinear physical systems,” in Advanced Dynamics and

Control of Structures and Machines. Berlin, Germany: Springer, 2004,

pp. 127-167.

G. Blankenstein, R. Ortega, and A. J. Van Der Schaft, “The matching

conditions of controlled Lagrangians and IDA-passivity based control,”

Int. J. Control, vol. 75, no. 9, pp. 645-665, 2002.

T. Haarnoja, A. Zhou, P. Abbeel, and S. Levine, “Soft actor-critic: Off-

policy maximum entropy deep reinforcement learning with a stochastic

actor,” in Proc. Int. Conf. Mach. Learn., 2018, pp. 1861-1870.

M. Bettini, R. Kortvelesy, J. Blumenkamp, and A. Prorok, “VMAS: A

vectorized multi-agent simulator for collective robot learning,” in Proc.

Int. Symp. Distrib. Auton. Robotic Syst., 2022, pp. 42-56.

T. Haarnoja, S. Ha, A. Zhou, J. Tan, G. Tucker, and S. Levine, “Learning

to walk via deep reinforcement learning,” Robot.: Sci. Syst. XV, 2019.

1. Mordatch and P. Abbeel, “Emergence of grounded compositional lan-

guage in multi-agent populations,” in Proc. AAAI Conf. Artif. Intell.,

vol. 32,2018, pp. 1-8.

Q. Long, Z. Zhou, A. Gupta, F. Fang, Y. Wu, and X. Wang, “Evolutionary

population curriculum for scaling multi-agent reinforcement learning,” in

Proc. Int. Conf. Learn. Representations, 2019, pp. 1-17.

A. G. Baydin, B. A. Pearlmutter, A. A. Radul, and J. M. Siskind, “Auto-

matic differentiation in machine learning: A survey,” J. Mach. Learn. Res.,

vol. 18, no. 153, pp. 1-43, 2018.

E. Todorov, T. Erez, and Y. Tassa, “MuJoCo: A physics engine for model-

based control,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2012,

pp. 5026-5033.

[87] J. Schulman, S. Levine, P. Abbeel, M. Jordan, and P. Moritz, “Trust
region policy optimization,” in Proc. Int. Conf. Mach. Learn., 2015,
pp. 1889-1897.

[76]

(771

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[88] P. Ramachandran, B. Zoph, and Q. V. Le, “Searching for activation
functions,” 2017, arXiv:1710.05941.
[89] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”

in Proc. Int. Conf. Learn. Representations, 2015, pp. 1-15.

Eduardo Sebastidn (Graduate Student Member,
IEEE) received the B.Eng. (Hons.) degree in elec-
tronic and automatic engineering, the M.Eng. (Hons.)
degree in electronics, and the Ph.D. (cum laude)
degree in computer science and systems engineering
from the Universidad de Zaragoza, Zaragoza, Spain,
in 2019, 2020 and 2025, respectively.

He was a Visiting Scholar with the University
of California San Diego, San Diego, CA, USA, in
2022 and 2024. He is currently a Postdoctoral with
the University of Cambridge, Cambridge, U.K. His
research interests include nonlinear control and distributed multirobot systems.

Dr. Sebastidn is a Fulbright Scholar and a DAAD Alnet Fellow.

Thai Duong (Member, IEEE) received the B.S. de-
gree in electronics and telecommunications from the
Hanoi University of Science and Technology, Hanoi,
Vietnam, in 2011, the M.S. degree in electrical and
computer engineering from Oregon State University,
Corvallis, OR, USA, in 2013, and the Ph.D. degree
in electrical and computer engineering from the Uni-
versity of California San Diego, La Jolla, CA, USA,
in 2024.

He is currently a Postdoctoral Researcher in com-
puter science with Rice University, Houston, TX,
USA. His work focuses on efficient robot learning for task planning, motion
planning and control of different robot platforms such as mobile and legged
robots, and manipulators. His research interests include robotics, machine
learning, control theory, and optimization.

4517

Nikolay Atanasov (Senior Member, IEEE) received
the B.S. degree in electrical engineering from Trinity
College, Hartford, CT, USA, in 2008, and the M.S.
and Ph.D. degrees in electrical and systems engineer-
ing from the University of Pennsylvania, Philadel-
phia, PA, USA in 2012 and 2015, respectively.

He is an Associate Professor of electrical and com-
puter engineering with the University of California

San Diego, La Jolla, CA, USA. His research focuses

: lﬁ on robotics, control theory, and machine learning

3 with emphasis on active perception problems for au-

tonomous mobile robots. He works on probabilistic models for simultaneous

localization and mapping (SLAM) and on optimal control and reinforcement
learning algorithms for minimizing probabilistic model uncertainty.

Dr. Atanasov was the recipient of the Joseph and Rosaline Wolf award
for the best Ph.D. dissertation in Electrical and Systems Engineering at the
University of Pennsylvania in 2015, the Best Conference Paper Award at the
IEEE International Conference on Robotics and Automation (ICRA) in 2017,
the NSF CAREER Award in 2021, and the IEEE RAS Early Academic Career
Award in Robotics and Automation in 2023.

Eduardo Montijano (Graduate Student Member,
IEEE) received the M.Sc. degree in computer science
and the Ph.D. degree in robotics and systems engi-
neering from the Universidad de Zaragoza, Zaragoza,
Spain, in 2008 and 2012, respectively.

From 2012 to 2016, he was a faculty member with
Centro Universitario de la Defensa, Zaragoza. He is
currently an Associate Professor with the Departa-
mento de Informadtica e Ingenierfa de Sistemas, Uni-
versidad de Zaragoza. His current research interests
include the design of scene understanding algorithms
for planning and control of multiple robots.

-

Carlos Sagiiés (Senior Member, IEEE) received the
M.Sc. degree in computer science and systems engi-
neering and the Ph.D. degree in industrial engineering
from the University of Zaragoza, Zaragoza, Spain, in
1989 and 1992, respectively.

In 1994, he joined the Departamento de Informat-
ica e Ingenieria de Sistemas, University of Zaragoza,
as an Associate Professor, where he became a Full
Professor in 2009 and also the Head Teacher. He was
involved in research on force and infrared sensors for
robots. His current research interests include control
systems and industry applications, computer vision, visual control, and multi-
vehicle cooperative control.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


