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Abstract

Given a collection of parameterized multi-robot controllers associated with individual behaviors designed for particular
tasks, this paper considers the problem of how to sequence and instantiate the behaviors for the purpose of completing a
more complex, overarching mission. In addition, uncertainties about the environment or even the mission specifications
may require the robots to learn, in a cooperative manner, how best to sequence the behaviors. In this paper, we approach this
problem by using reinforcement learning to approximate the solution to the computationally intractable sequencing problem,
combined with an online gradient descent approach to selecting the individual behavior parameters, while the transitions
among behaviors are triggered automatically when the behaviors have reached a desired performance level relative to a task
performance cost. To illustrate the effectiveness of the proposed method, it is implemented on a team of differential-drive
robots for solving two different missions, namely, convoy protection and object manipulation.

Keywords Multi-robot systems - Reinforcement learning - Distributed control

1 Introduction

In the multi-robot literature, significant contributions have
been made towards the design of distributed controllers
that achieve particular, targeted objectives or tasks in a
coordinated manner, such as meeting at a common loca-
tion, assembling a particular geometry, covering an area, or
patrolling a perimeter, e.g., [1-4]. However, more complex
tasks typically require the robots to be able to execute coor-
dinated motions that go beyond what any one such targeted
controller, or behavior, could achieve, as was illustrated in
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[5] for a complex scenario whereby a team of robots were
asked to search for and subsequently secure a building. To
add to the complication, oftentimes not everything about the
environment (or even the task itself) is fully known a priori.
For example, consider a team of robots tasked with moving
a box between two points without previous knowledge of
the box’s physical properties, such as its mass distribution,
geometry, or ground friction characteristics. Despite that, it
is expected that the robots should be able to push or lift the
box towards its destination through a potentially unknown,
dynamic, and cluttered environment, e.g., [6].

In behavior-based robotics, the idea is to let individual,
dedicated behaviors be responsible for achieving particular
tasks and by combining these behaviors through some arbi-
tration mechanism, more complex missions can be executed,
[7]. Following this general approach, with the arbitration
mechanism being a winner-takes-all policy, [8], where a
single behavior is active at any given time, one can sequen-
tially combine multi-robot task-centric controllers (or behav-
iors); see for example [9, 10] for examples such sequences of
multi-robot behaviors. In addition, to operate successfully in
dynamic and unknown environments, one can envision these
sequences being subject to machine learning in general, and
reinforcement learning in particular, e.g., [11, 12], whereby
the system interacts with the environment in a structured and

& Springer


http://crossmark.crossref.org/dialog/?doi=10.1007/s11768-021-00069-5&domain=pdf

530

P. Pierpaoli et al.

adaptive manner in order to improve the behavior sequenc-
ing over time.

The primary focus of this paper is the problem of select-
ing suitable sequences of coordinated behaviors together
with their parametric instantiations in order to carry out mis-
sions which could not be handled by any individual behav-
ior. In addition, when complete information is unavailable,
the robots must cooperatively learn which behaviors to use
in any given circumstance through their interactions with
the environment. The main contribution of the paper is the
introduction of a novel reinforcement learning-based method
which combines Q-learning with online gradient descent to
select both the appropriate behavior sequences and the opti-
mal parameters associated with the constituent behaviors.
To illustrate the effectiveness of the proposed approach, it
is implemented on a team of differential-drive robots for
solving two different, canonical multi-robot tasks, namely,
convoy protection and simplified object manipulation.

The paper is organized as follows. A general class of
weighted-consensus coordinated behaviors is described in
Sect. 2, followed by a discussion of how to formalize multi-
robot behavior sequences in Sect. 3. The behavior selec-
tion problem is formulated in that section as well, while the
proposed method for solving this problem is presented in
Sect. 4. The paper is concluded through the application of
the method to two canonical multi-robot problems in Sect. 5.

2 Background

In this section, we provide the preliminaries needed to
formulate the problem under consideration, including dis-
cussions of related work and how to produce distributed
controllers by flowing against the gradient to a pairwise
performance cost.

2.1 Related work

The key idea behind behavior-based robotics, e.g., [7], is that
complex behaviors can be produced through combinations
of other behaviors dedicated to solving particular tasks, such
as moving to a goal location or avoiding obstacles. A large
number of different types of “arbitration mechanisms”, or
rules for how to combine behaviors, have been proposed—
ranging from elaborate voting schemes, [8], through schema-
based vector summation, [13], to the idea that more critical
behaviors subsumes or dominates less critical ones, [14].
By following the idea of letting a single behavior be active
at any one point in time, the result is a sequence of behaviors.
Typically, the production of such a sequence is unproblematic
for single robot systems, but not quite straightforward for mul-
tiple robots where individual behaviors may require certain
types of interactions that may or may not be supported by
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the current multi-robot configuration. Proposed techniques for
overcoming such problems through the composition of coordi-
nated controllers include formal methods [15], path planning
[9], finite state machines [16], Petri nets [17], and behavior
trees [18].

Additionally, once an appropriate sequence of controllers
has been chosen by some mechanism, the transitions between
individual controllers must be feasible as well in that the infor-
mation needed to make the transition must be available to the
individual agents. Solutions to this problem include the use of
motion description languages [19], graph process specifica-
tions [20] and control barrier functions [5, 10].

Finally, reinforcement learning offers a paradigm for learn-
ing optimal policies in stochastic control problems based on
simulation [11, 12]. In this context, a robot seeks to find an
optimal policy through interacting with the unknown environ-
ment with the goal of optimizing its long-term future reward.
Motivated by the broad applications of multi-agent systems,
for example, mobile sensor networks [21, 22] and power net-
works [23], there is a growing interest in studying multi-agent
reinforcement learning; see for example [24—26] and the refer-
ences therein.

The goal in this paper is to see how reinforcement learning
can be used to get at the problem of how to select and sequence
behaviors for teams of mobile robots. However, before we can
start that discussion, some background must be provided about
how to actually generate the individual multi-robot behaviors
themselves.

2.2 Multi-robot systems

One common approach when designing multi-robot control-
lers for performing particular tasks is to define local control
rules through the use of a performance cost, as discussed in
[2]. If this cost structurally respects the information flow in the
network, its gradient inherits the same structural properties. As
such, a negative gradient flow solves the task at hand (provided
that the performance cost has been appropriately selected).
Weighted consensus protocols can be generated in this manner.
See for example [2] and references therein. One advantage of
formulating the multi-agent control problem in terms of such
task-specific controllers is that provable performance guaran-
tees can be established in a systematic manner, [27].

To see how this construction works, consider a team of N
robots operating in a 2-dimensional domain, where we denote
by x; € R2 the state of robot i, fori = 1, ..., N. In addition, the
dynamics of the robots are given by single integrators,

X =, 9]

where u; is the controller of robot i, which may be a func-
tion of x; and the states of the robots interacting with robot
i. The pattern of interactions between the robots is presented
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by an undirected graph G = (V,E), where V = {1,...,N}
and E = (V x V) are the index set and the set of pairwise
interactions between the robots, respectively. Moreover, let
N; = {j € V| (i,)) € E} be the neighborhood set of robot i.

For the purpose of this paper, and following the general
construction from [2], we let the controller u; for robot i
be composed of two components; one that only depends
on the robot’s own state and one that captures its interac-
tions with neighboring robots. In particular, the controller
w; » RZF2Nil s R2in (1) is given as

u=-2y ( w(x;, x;, 0)(x; — xj)) +v(x;, @), )

JEN;

where w : R?2 X R? X @ — R, often referred to as an edge
weight function [28], depends on the states of robot i and
its neighbors, and on the parameter § € ©. Additionally,
v : R2x @ — R? is the state-feedback term for robot i,
which depends only on the individual state x; and a param-
eter ¢ € @, representing what robot i would be doing in
the absence of any other robots, which we informally refer
to as its “preference”. Here, @ and @ are the feasible sets
of the parameters 6 and ¢, respectively, belonging to some
linear vector spaces. A concrete example of such a control-
ler together with the associated parameters will be given in
the next section.

As discussed in [2], one can define an appropriate energy
function £ : RN R, with respect to the graph G, where
the controller in (2) can be described as the negative gradi-
entof &, i.e.,

o€

U= Tox, (3)

This particular observation will prove useful for subsequent
developments.

3 Coordinated behaviors
3.1 Behavior sequences

Given a collection of behaviors, the main problem under
consideration in this paper is that of optimally selecting
the sequence of such behaviors that best complete a given
mission.

Definition 1 A coordinated behavior B is defined by the
5-tuple
B=w,0,v,®,0), @)

where @ and @ are feasible sets for the parameters of the
controller in (2). Moreover, G is the graph representing the
interaction structure between the robots.

Given M distinct behaviors we compactly represent them
as a library of behaviors, £

L={B,,....By}, &)

where each behavior B, is defined as in (4), i.e.,
By = Wy, O, v, Dy, G, k=1,..., M. (6)

Here, note that the feasible sets ©® and @, and the
graph G may be different for different behaviors, that
is, in switching between different behaviors the com-
munication graphs of the robots may be time-varying.
Moreover, based on Definition 1, it is important to note
the difference between behavior and controller. The con-
troller (2) executed by the robots for a given behavior is
obtained by selecting a proper pair of parameters (6, ¢)
from the sets @ and @. Indeed, consider a behavior B

T
and let x, = [xft, Xy [] € R?N be the ensemble states
of the robots at time ¢. In addition, let ugz(x,, 8, ¢), where
T
ug = [u?, ,u},] € R2V_ be the controllers of the robots

defined in (2) for a feasible pair of parameters (6, ¢). The
ensemble dynamic of the robots associated with B is then
given as

X, = ug(x,, 0, ). )

To further illustrate the difference between a behavior and its
associated controller, we consider the following formation
control example.

Example 1 Consider the formation control problem over
a network of 4 robots moving in a plane, as illustrated in
Fig. 1, where the desired inter-robot distances are given by a
vectord = {0, ...,05}, with§; € R,. Here, robot 1 acts as a
leader and moves toward the goal ¢ € R2. It should be noted
that the desired inter-robot distances also imply something
about the interaction structure between robots (graph G) in
that sufficient edges must be present in the graph for the
formation to be possible, e.g., [28].

Fig. 1 Example formation for a team of 4 robots and one leader with
a goal location, ¢ (left). The interaction graph G needed to support
the formation (right)
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As the goal of the robots is to maintain the desired forma-
tion while moving to the goal location, one possible choice
of the edge-weight function of the controller (2) is

w=|lx; = x|l — 6 Ve =(.)) EE, )

while the individual robot term is given by v; = 0, i = 2,3, 4,
while the leader term is given by

v =¢—x. )]

In this example, @ is simply a subset of R while O is a
set of geometrically feasible distances. Thus, given the for-
mation control behavior B = (w, @, v, @, G), the controllers
upg(x, 0, @) can be directly derived from (2).

We conclude this section with some additional comments
about the formation control problem described in the previ-
ous example, where one can choose a single behavior B € £
together with a pair of parameters (6, ¢) for solving the prob-
lem, e.g., [28]. This controller, however, is designed under
the assumption that the environment is static and known, i.e.,
the target ¢ in Example 1 is fixed and known by the robots.
Such an assumption is less practical since in many applica-
tions, the robots are often operating in dynamically evolv-
ing and potentially unknown environments; for example,
¢ is time-varying and unknown. On the other hand, while
the formation control problem can be solved using a single
behavior, many practical, complex tasks require the robots to
support more than one behavior [9, 10]. Our interest, there-
fore, is to consider the problem of selecting a sequence of
the behaviors in £, while allowing for the state of the envi-
ronment to be unknown and possibly time-varying.

3.2 Optimal behavior selection problems

In this section, we present the problem of optimal behav-
ior selection over a network of robots, through the lens of
reinforcement learning. In particular, consider a team of N
robots cooperatively operating in an unknown environment
and their goal is to complete a given mission over a time
interval [0, Il

Let x, and ¢, be the states of robots and environment at
time 7 € [0, 7], respectively. At any time ¢, the robots first
observe the state of the environment e,, select a behavior B,
chosen from the library £, compute the pair of parameters
(6,, ¢,) associated with /3,, and execute the resulting control-
ler ug(x,, 0,, ¢,). As a result of the robot actions, as well as
the possibly dynamic nature of the environment, its state
updates to a new value e/ over a short sample time, and the
robots get a reward returned by the environment based on
the selected behavior and tuning parameters.
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We here assume that these rewards are appropriately
designed in that they encode the given mission, which is
motivated by the usual consideration in the literature of rein-
forcement learning [12]. That is, solving the task is equiva-
lent to maximizing the total accumulated rewards received
by the robots. In Sect. 5, we provide a few examples of how
to design such reward functions for particular applications.
It is worth pointing out that designing these reward functions
is itself challenging and requires sufficient knowledge about
the underlying problem, as observed in [12].

One could try to solve the optimal behavior selection
problem using existing reinforcement learning techniques.
However, this problem is in general intractable since the
dimension of state space is infinite, i.e., x, and e, are con-
tinuous variables. Moreover, due to the physical constraint
of the robots, it is infeasible (and certainly impractical) for
the robots to switch to a new behavior at every discrete time
instant. That is, the robots require a finite amount of time to
implement the controller of the selected behavior. Thus, to
circumvent these issues we next consider an alternate ver-
sion of the behavior selection problem.

Inspired by the work in [29], we introduce an interrupt
condition ¢ : £ {0, 1}, where £ is the “energy” in the net-
work, which in turn is a measure of how well the individual
task (not the complex mission) is being performed, as was
the case in (3) when a negative gradient controller was pro-
duced. If &, is the value of £ at time ¢, then the interrupt
condition is given by

EE)=11if £ <e (10)

and £(&,) = 0 otherwise. Here ¢ is a small positive threshold.
In other words, £(&,) represents a binary trigger with value
1 whenever the network energy for a certain behavior at
time ¢ is smaller than a threshold. Or, phrased slightly dif-
ferently, the interrupt condition triggers when the individual
task for which the controller was designed has nearly been
completed. Thus, it is reasonable to insist that the robots
should not switch to a new behavior at time 7 unless £(&,) = 1
for a given e.

Based on this observation, given a desired threshold ¢, let
7, be the switching time associated with behavior B, defined
as

7,.(B,e,t)) = min{r > t, | £, < €}. (1)

Consequently, the mission time interval [0, 7;] is partitioned
into K switching times 7y, ... , 7 satisfying

O=7<7 <S¢ =1, 12)

where each switching time, except 7, and 7, is defined as
in (11). Note that the number of switching times, K, depends
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on the accuracy e. In this paper, we do not consider the prob-
lem of how to select the appropriate threshold, e.

We are now ready to describe, at a high level, how the
behavior selection mechanism should operate. At each
switching time 7;, the robots choose a behavior 3; € L based
on their current states, Xe, and the environment state, €.
Next, they decide on a pair of parameters (6;, ¢;) and imple-
ment the underlying controller u (x,, 6;, ;) fort € [7;, 7, ).
Based on the selected behaviors and parameters, the robots
receive an instantaneous reward R(x, , e, , 53;, ;, ¢,) returned
by the environment as a function of the selection.

Let J be the accumulative reward received by the robots
at the switching times in [0, tf],

K
J= ZR(x,i,eTi,Bi,QTi,@i). 13)
i=0

As mentioned previously, the optimal behavior selection
problem is cast as the problem of finding a sequence of
behaviors { B;} from £ at {7;}, and the associated parameters
{(6;,9;,)} € {O; x D,;} so that the accumulative reward J is
maximized. This optimization problem can be formulated
as follows:

K
maximize Y R(x,,e,,B;,0; ;)

Vi Pi i=0 ! !
such that B; € £, (0;,¢;) € O, X D,, (14)

€1 =Jo(x, €,

i= ug (6,0, ), t € [1,7,),

where f, 1 R? x R? - R? is the unknown dynamic of the
environment. Since f, is unknown, one cannot use dynamic
programming to solve this problem. Thus, in the next sec-
tion we propose a novel method for solving (14), which is
a combination of Q-learning and online gradient descent.
Moreover, by introducing the switching times 7;, computing
the optimal sequence of behaviors using Q-learning is now
a tractable problem.

4 A Q-learning approach to behavior
selection

In this section, we propose a novel reinforcement learn-
ing based method for solving problem (14). The method
is composed of Q-learning and online gradient descent
methods to find an optimal sequence of behaviors {3}
and the associated parameters {(0}, ¢7)}, respectively. In
particular, we maintain a Q-table, whose (i, j) entry is
the state-behavior value estimating the performance of

behavior B; € L given the environment state j € S, where
we, for notational simplicity, have assumed that states of
the environment at the switching times belong to a finite
set S, i.e., e, € S for all i. Thus, one can view the Q-table
as a matrix Q € R where S is the size of S and M is
the number of behaviors in £. The entries of the Q-table
are updated using Q-learning while the controller param-
eters are updated using z continuous-time online gradient
method. These updates are formally presented in the fol-
lowing algorithm.

Algorithm 1 Q-learning algorithm for optimal behav-
ior selection and tuning. The notation ~ (O) is used to
represent variables uniformly selected from a set O

zo ~ UR2N);
Ly ={B1,...,Bm};
Q(s,m) ~UR), Ym=1,...,M, s € S;
formel,...,Mdo
| e’nL ~ u(@7rL)’¢7rL ~ Z/{(@m)a
end
5 €S « Observeer,;
for i = 0 to K do

Select m = argmax Q(s,{);
e=1,...,M

(e_tz (Et) — (e'm’ ¢7VL);
while £ > ¢ do

r= me(wtyétvét);

0 =—Vo Ct(mtyeTﬂgty(bt);

q; = _v¢> Ct(ll?t, eT,,ae_ta (]Et);
end

(e'm’ ¢7n) — (e_ty (Et)y
r; < from environment;
s’ € S < Observe e, ;

Q(s,m) = Q(s, m)—l—e(ri—l—mjax Q(s",7)—Q(s, m));

s« g

end

In the proposed algorithm, at each switching time 7;,
the robots first observe the environment state e, =5€ S,
and then select a behavior 3, with respect to the maximum
entry in the sth row of the Q-table with ties being broken
arbitrarily. Next, the robots implement the distributed con-
troller fz and use online gradient descent to find the best
parameters (0,,, ¢,,) associated with B,,. In order for such a
construction to be meaningful, a cost must be established
against which the gradient can be taken. To that end, we
use the function C, which can be thought of as a represen-
tation of the cost of implementing the controller at time ¢.
This cost can either be chosen in advance (e.g., by equat-
ing it to £ in (3)), or let it be returned by the environment.

Based on the selected behavior and the associated
controller, the robots receive an instantaneous reward, r;,

while the environment transitions to a new state s’ € S.
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Finally, the robots update the (s, m) entry of the Q-table
using the update law associated with the Q-learning
method, [11, 12]. It is worth noting that the Q-learning
step is done in a centralized manner (either by the robots
or a supervisory coordinator) since it depends on the state
of the environment. Similarly, depending on the struc-
ture of the cost functions C,, the online gradient descent
updates can be implemented either in a distributed or in a
centralized manner.

5 Example applications

In this section we describe two applications of the proposed
behavior selection technique. In both examples, we consider
ateam of 5 robots and a library of 5 behaviors given by

1. Static formation:

up = E (llx; = Xj||2 -0 5ij)2)(xj - X)),
JEN;

where §; is the desired separation between robots i and
J, while 8 € R is a shape scaling factor.
2. Formation with leader:

w= Y (llx; _xj||2 - Hl.zj)(xj - X)),
jeN;

up = 3 ((llx, = xj”2 - efpj)(xj —xz)) + (p —xp),
JEN,
where 6,»] and 0 are defined as in the previous controller,
while ¢ € @ C R? is the leader’s goal. The subscript #
denotes the leader agent’s index.
3. Cyclic pursuit:

u; = Z R(g) (X] - xl‘) + (¢ - 'xi)’
JEN;

where 6 = 2r sin Z, r is the radius of the cycle formed
by the robots, and R(8) € SO(2). The point ¢ € @ C R?
is the center of the cycle.

4. Leader-follower:

u; = Z (llx; _)Cj”2 - 92)(xj = X;),
JEN;

up =3 ((llxy = x;l1> = 0*)(x; — x,)) + (& — x,),
JeN,

where 6 is the separation between the agents and
¢ € @ C R?is the leader’s goal.
5) Triangulation coverage:

u; _jezj\/i(HXi xj” 0 )(X] xl), (15)
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where 0 is the separation between the agents in the
triangulation.
For all the behaviors considered above, we assume the fol-
lowing parameter spaces © = [0.05,1.1]and @ = [-1, 1].
In both examples, we construct the state-action value
function by implementing the proposed method using Algo-
rithm 1, on the Robotarium simulator, as described in [30].
What these simulations show is that the proposed Q-learning
method not only outperforms random parameter and behav-
ior sequence selections, which is expected, but also closely
matches the performance of ad-hoc algorithms designed
explicitly for the purpose of solving the particular problem.
As such, simulations show that online learning approaches,
such as reinforcement learning, provide a promising avenue
for optimal behavior sequencing based on real-time col-
lected data in multi-robot systems to achieve complex tasks
in unknown and time-varying environments.

5.1 Convoy protection

First, we consider a convoy protection problem, where a
team of robots must surround a moving target and maintain
a single robot-to-target distance equal to a constant A at all
times. Although this problem can be solved by executing a
single behavior (e.g., cyclic-pursuit), it allows us to compare
the performance of the proposed framework against an ideal
solution. The position of the target is denoted by z, and it is
given by the following dynamics:

z,=v,+o, (16)

where v, is a constant velocity and o is a zero-mean Gaussian
disturbance. In this case, the state of the environment at time
step ¢ is considered to be the separation between the robots’
centroid X = 11\/ Zf\il x; and the target, i.e.,

) ; : : : : : : : :
g -10' :
en

2

)

= -10°

2

0]

5 — Q-learning

B -10°| — Ad-hoc

g — Random

= 0 10 20 30 40 50 0 10 20 30

Iterations

Fig.2 Comparison between accrued reward for 50 different episodes
of the convoy protection example. Rewards from trained model are
compared against a tuned and targeted solution and random behav-
iors/parameters selection. As expected, the trained model outperforms
the random solution but not the ad-hoc solution explicitly designed to
solve the convoy protection problem
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et = ”)_C[ - Z[”, (17)

where || - || denotes the Euclidean norm. The reward provided
by the environment at time ¢ is

) 1Y
ro=—lle, = %|I* - ¥ ;(llxi,, —e |l — 47, (18)

where the first term represents the proximity between cen-
troid and target, while the second term weights the individ-
ual robot-to-target distance. Training is executed over 1000
episodes, with an exponentially decaying greedy policy.

The plot in Fig. 2 shows the collected rewards over a
trial of 50 episodes. The results from the trained model are
compared against an ad-hoc ideal solution, where the cycLic-
PURSUIT behavior is recursively executed with parameters 0
and ¢ being selected so that the resulting cycle has radius
A and is centered on the target’s position. Finally, the figure
also shows the rewards collected when the behaviors and
parameters are selected uniformly at random.

5.2 Object manipulation

In the second example in Fig. 3, we consider a team of
robots tasked with moving an object from two points. Let
e, represent the position of the object at time ¢. In order
not to complicate the focus of the experiment, we assume
somewhat simplified manipulation dynamics. In particular,
the box maintains its position if the closest robot is further
than a certain threshold (i.e., object is not detected by the
robots), otherwise it moves as x. This manipulation dynam-
ics guarantee that the task cannot be solved with a single,
fixed behavior and parameters since it is unknown to the
robots. In this context, the robots get the following reward:

r,=—(k+lle, — e, (19)

where k is a constant used to weight the running time
until completion of an episode and ||e, — €| is the distance
between the box and its final destination e.

0.0 T T T T T T T T T
—0.5
-1.0
-15
-2.0
-2.5
-3.0

Episode reward

— Q-learning
— Random

10 20

30 40 50 10 20
Iterations

30 40 50

Fig.4 Comparison between accrued reward over 50 episodes of the
object manipulation example. Rewards from trained model are com-
pared with random behaviors/parameters selection

In Fig. 3, the robots are executing the learned policy on
the object manipulation task. As can be seen, the robots first
execute a leader-follower behavior in order to explore the
environment and bring the target within detection distance.
After the object is collected, the robots arrange themselves
into a formation and collectively transport the object to the
desired destination (circle) by executing a cyclic pursuit.
Finally, in Fig. 4, we display a comparison between the
cumulative reward accrued by the robots over 50 executions
of the object collection task when following two distinct
policies. In the first case, the robots are following the learned
strategy while, in the second case, the behaviors and corre-
sponding parameters are selected from a uniform distribu-
tion at interval of times selected from a Poisson distribution.
As we can be seen, the learned policy is around two times as
effective as this policy.

6 Conclusions

In this paper, we present a reinforcement learning based
approach for solving the optimal behavior selection problem,
where the robots interact with an unknown environment.
Given a finite library of behaviors, the proposed technique

L} 2 2. 1
| & £
LEN LR
/») ) \

E\
\*3&%14

£
&

Fig.3 Screen shoot from Robotarium simulator during execution of
the simplified object manipulation scenario at three different times.
Executed behaviors are LEADER-FOLLOWER (left), FORMATION WITH

LEADER (center), and CycLic-pURsUIT (right). The square represents the
object which is collectively transported towards the goal (circle)
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exploits rewards collected through interaction with the envi-
ronment to solve a given task that could not be solved by any
single behavior. We furthermore provide numerical experi-
ments on a network of robots to illustrate the effectiveness
of the proposed method.
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