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Abstract

This paper presents \Ibots" (Integrating roBOTS), a
computer experiment in team robotics designed on
an arti�cial mission. Our aim is to understand how
to use reinforcement learning to program automati-
cally a team of robots with a shared mission. More-
over, we are interested in learning real team solutions.
These are programs whose form strongly depends on
the number of robots composing the team, on their
individual skills and limitations, and on any other
mission boundary condition which makes it worth to
prefer \at a team level" certain solutions to others.
The Ibots mission is speci�ed implicitly by means of a
single reinforcement signal which measures the team
performance as a whole. This form of payo� leads to
real team solutions. Bene�ts and drawbacks of using
team reinforcement as opposed to individual robot re-
inforcement are discussed.

Introduction

The use of reinforcement learning to produce self-
programming robots1 is not new in the context of single
robot missions, where a reinforcement signal directly
quali�es the behavior of the single robot in charge of
carrying out a given task (Barto, Sutton, & Watkins
1989; Kaelbling 1993).

A robot credit assignment problem. The picture
changes radically as many robots are acting at the same
time, with little or perhaps no knowledge at all about
teammate activities. In this scenario, if the reinforce-
ment signal reects the whole team performance, each
single robot is faced with the problem of deciding to
what extent its own behavior has contributed to the
overall team's good or bad score: this is the robot credit
assignment problem. Because of the robot credit as-
signment problem, each robot has a noisy perception
of the mission it is asked to accomplish. A single robot

1Throughout the paper, we use the term \robot" as a
synonym for \agent".

can behave identically many times (during di�erent tri-
als of the mission), and nevertheless, it may receive
completely di�erent payo�s. This occurs because it is
not the only actor, and the reinforcement signal just
partially depends on its actions.

Bypassing the robot credit assignment problem.

Instead of addressing the robot credit assignment prob-
lem directly, one can bypass it by reformulating the
team learning problem.

A �rst way is to enable broadcast communication be-
tween teammates. If a robot is aware of other robots'
perceptions and actions, then it is in a position to
make sense out of a global team payo�. It has been
observed that explicit communication makes the team
equivalent to a \big robot" (Matar��c 1995), whose per-
ception and action are the union of perceptions and
actions of all team members, the team payo� being
a measure of the big robot performance. The util-
ity of communication to achieve robot awareness has
been proved experimentally on real robots both in a
simpli�ed hazardous waste cleanup mission (Parker
1995a), and in a box-pushing task (Parker 1994;
Matar��c, Nilsson, & Simsarian 1995). However, com-
munication is not always possible technically, and it
tends to become a bottleneck as the team size increases
(Kube & Zhang 1994). Even when communication
is possible, the big robot <perception, action> space
may be simply too large to be e�ciently explored.
Thus, the explicit communication way is well-suited
to small teams only.

A second way of avoiding the robot credit assign-
ment problem is to measure each robot individual per-
formance instead of team performance. In (Matar��c
1994a; 1996) this idea is applied to training a group of
real robots in a foraging task. The mission is to col-
lect pucks disseminated in the workspace and to bring
them to a home area. Each robot learns through in-
dividual payo� a private policy, which speci�es how
it should behave under various conditions. For exam-



ple, the robot is rewarded whenever it grasps a puck
or if it drops a puck at home. In this framework, a
single robot is by no means interested in the perfor-
mance of its teammates, because it addresses the mis-
sion in an individualistic sense. We see two drawbacks
in this approach. First: its underlying assumption is
that team performance indirectly increases because in-
dividual performance increases. However, if the robots
do not learn the task at a similar pace, it cannot be
guaranteed that each robot will reliably learn and par-
ticipate to the mission. As an example, suppose that
in the foraging task one robot in the team manages
(maybe just by chance) to learn the individually opti-
mal policy after a few trials. This \super-robot" will
collect most of the pucks by itself, thus diminishing the
learning opportunities of its teammates because pucks
are a limited, shared resource. Ideally, to improve this
state of a�airs, the super-robot should behave in a sub-
optimal way (by forgetting part of its optimal policy)
so as to let the other robots take part in the task and
learn. However, there is no reason for the super-robot
to recede from its optimal policy, because it is designed
to be the best possible individual. Let us observe that
the super-robot phenomenon is not as unrealistic as it
appears at �rst glance. It may arise, for instance, in
incremental learning experiments where the team size
is progressively increased: elder, experienced robots
would tend to carry out the mission by themselves,
thus limiting the possibility of novice robots to par-
ticipate and learn. In (Matar��c 1994b), it is argued
that social rules can be learnt by the robots to mini-
mize resource competition and to direct their behavior
away from individual greediness and towards global ef-
�ciency. Though the idea is interesting, the experimen-
tal results reported in (Matar��c 1994b) are preliminary,
and, to the best of our knowledge, no follow-up work
has been produced along this line. The second draw-
back we �nd in the individualistic approach is summa-
rized in the answer to the following question: even if
the super-robot phenomenon does not arise, where are
the policies learnt by the robots expected to converge?
They will converge to the optimal policy for a robot
carrying out the mission by itself (this is con�rmed
by the experiments reported in (Matar��c 1994a)). The
robots will behave as \clones" of a robot designed to
work alone.

Real team solutions. We feel this violates the spirit
of team learning, which should be aimed at producing
e�cient real team solutions. These are policies whose
shape is strongly inuenced by the number of robots
composing the team, by each robot's skills and weak-
nesses, and by any other mission boundary condition

which could be of some relevance for preferring \at a
team level" some solutions to others.

Facing the robot credit assignment problem. To
obtain truly team solutions, one should use team pay-
o�s at the price of dealing with the ambiguity posed
by the robot credit assignment problem. Multi-agent
learning experiments based on a team payo� are il-
lustrated in recent works (Murciano & Mill�an 1996;
Crites & Barto 1996; Schmidhuber 1996).

In (Murciano & Mill�an 1996) a simulated team of
agents learns signaling behaviors to e�ciently solve an
object-gathering task in an unknown and changing en-
vironment. The reinforcement signal is based on the
total time needed by the team to gather all the objects.
Experiments are carried out under several conditions:
with teams of di�erent sizes, with di�erent numbers of
objects, and with di�erent object distributions in the
environment (uniformly scattered or clustered); more-
over, during learning the object distribution is occa-
sionally modi�ed to test the agents ability of traking
environmental changes. Under these heterogeneous ex-
perimental conditions, each agent learns the appropri-
ateness of exhibiting a given signaling behavior. For
example: an agent perceiving an object, is faced with
the problem of deciding whether to activate its \object-
signaling" behavior to attract other agents towards its
position. The agent learns that exhibiting this sig-
naling behavior is, in general, rewarding for the team
when the objects are distributed in clusters: in fact,
in this case, the detection of one object gives a high
chance of �nding other objects in the neighborhood,
and these could be collected by the called agents. On
the contrary, the same signaling behavior is inappro-
priate if the objects are uniformly distributed in the
environment and the agent should refrain from calling
other teammates whenever it �nds an object. Finally,
certain mission boundary conditions require that the
agents acquire di�erent signaling policies: in this case,
they specialize into signallers and harvesters. The au-
thors show by statistical analysis of the results that the
team discovers by trial-and-error a near-to-optimal sig-
naling policy given speci�c mission conditions.

In (Crites & Barto 1996) a team of Q-learning agents
is engaged in the challenging real-world problem of el-
evator dispatching. Each agent is responsible for con-
trolling one elevator car. Two di�erent control archi-
tectures are tested. In the parallel architecture, the
agents share a single neural network which models a
common policy: this allows the agents to learn from
each others experiences but forces them to use iden-
tical policies. In the fully decentralized architecture,
the agents learn their own networks, allowing them to



specialize their control policies. The team receives a
global payo� which is the sum of squared wait times
of passengers. Despite this noisy reinforcement signal
and the inherent stochastic nature of the task, results
obtained in simulation on both architectures surpass
the best known heuristic elevator control algorithm.
Moreover, the authors expect an additional advantage
of reinforcement learning over heuristic controllers in
buildings with heterogeneous arrival rates at each oor,
because Q-learning agents may adapt to each oor traf-
�c pro�le.

In (Schmidhuber 1996) a general method for incre-
mental self-improvement and multi-agent learning in
unrestricted environments is presented. In one of the
implementations, a recurrent neural net is applied to
a non-Markovian maze task. Each connection in the
net is viewed as an agent: the connection's weight rep-
resents the agent's policy. The net learns to guide an
animat to a goal by using a team payo� whose value
turns from 0 to 1 only once the animat hits the goal.
Looking at the net's connections as if they were a team
of agents is an unconventional point of view. But why
not doing so? After all, a neural net is a good exam-
ple of a set of partially independent agents (the net's
weights, or the neurons themselves) which learn to act
well \as a team". Following this view, the structural
credit assignment problem in connectionist reinforce-
ment learning can be regarded as being equivalent to
the robot credit assignment problem described above.

Finally, this paper presents \Ibots" (Integrating
roBOTS), an experiment in collective robotics de-
signed to understand how to use reinforcement learn-
ing to program automatically a team of robots with
a shared mission. As in (Murciano & Mill�an 1996;
Crites & Barto 1996; Schmidhuber 1996), Ibots learn
through a reinforcement signal which measures the
team performance as a whole. In this way, Ibots man-
age to learn real team solutions.

General issues

Before describing the Ibots mission, we summarize the
general issues addressed by the experiment, as well as
the underlying assumptions and design choices.

Team size. In the Ibots experiment, the same mis-
sion is handled with teams of di�erent size. By this,
our aim is to assess whether learnt policies change as
the team size changes.

Team composition. Ibots can be homogeneous or
heterogeneous. When they are homogeneous, they all
have same sensors and same actuators. When they
are heterogeneous, they have di�erent sensors and/or

di�erent actuators. Clearly, when Ibots are heteroge-
neous, they have potentially di�erent skills and weak-
nesses due to physical characteristics. The question
is whether they can learn to specialize their behavior
so as to emphasize skills and minimize the impact of
weaknesses. The same question is addressed in (Parker
1995b).

Mission's boundary conditions. Ibots are con-
fronted with di�erent boundary conditions to the mis-
sion. We are interested in checking whether the strat-
egy learnt by the team to accomplish the mission
changes as the boundary conditions change. (Murciano
& Mill�an 1996) also address this issue by dealing with
di�erent object distributions in their object-gathering
task.

Control programs. Ibots run and learn control
programs which de�ne their behavior in the mission.
The Ibots' control programs may be public or private.
When they are are public, all Ibots share the same pro-
gram; when they are private, each Ibot works with a
di�erent, personal program.

Robots working with private programs instead of
public programs is more general. The public pro-
gram option relies on the assumption that there exists
a shared solution which works for every robot in the
team. This is not case when the robots are heteroge-
neous or when the mission requires that the robots spe-
cialize their behaviors into di�erent typologies. On the
other hand, if the robots are homogeneous and the mis-
sion does not require specialization, it de�netely makes
sense to consider the public option, because it is faster
to learn 1 shared program than n distinct programs,
n being the number of robots in the team. Learning
a shared program is faster for two reasons: �rst, the
search space for the learning algorithm gets reduced,
and, second, the robot credit assignment problem com-
pletely vanishes. Sometimes, even when the mission
requires the robots to specialize their behaviors, it is
possible to de�ne the team learning problem in such a
way that the public program option is still valid. As an
example, we guess that if the agents in (Murciano &
Mill�an 1996) were designed to learn directly the distri-
bution of object-signaling agents over the whole team
(instead of the individual agent's tendency to exhibit
the object-signaling behavior), it would be easier for
the team to learn the correct proportion between sig-
naling and non-signaling agents. Finally, we stress that
learning 1 shared program in a team of n robots is not
the same as learning 1 program with a single robot
and then cloning it n times. A shared program is a
real team solution, while cloned programs are not. The



Ibots experiment illustrates this point clearly.

In our opinion, the possibility of learning a single
shared program instead of several private programs
has been overlooked by most collective robotics works.
This is curious if one considers the recent trend of de-
signing robot teams inspired to Swarms (Deneubourg
et al. 1991). Robot Swarms have shown that an inter-
esting group behavior may emerge from the interaction
between robots running a public control program. Odd
enough, when learning techniques are used to derive
automatically a team behavior, people usually neglect
the possibility of learning a public program.

The only work we are aware of where both public and
private policies have been considered, is the recent pa-
per on elevator dispatching by (Crites & Barto 1996).
Their \parallel" and \decentralized" architectures are
equivalent to our \public" and \private" policies, re-
spectively. In this application, however, it remains un-
clear which are the bene�ts of using the decentralized
architecture in a problem where the elevator cars to be
controlled are homogeneous.

Communication. Ibots do not communicate. By this
we precisely mean that, when Ibots work with private
control programs, they do not tell each other which
these programs are. In this restricted sense, there is
no communication. By this choice we depart from
works in collective robotics where robots are aware of
teammates activities through explicit communication
(Parker 1994; 1995a; 1995b; Matar��c, Nilsson, & Sim-
sarian 1995).

Sharing limited resources. In collective robotics,
robots usually share physical resources (a workspace,
objects to gather, etc). In our experiment, Ibots share
a limited, non-physical resource. However, there is no
a priori, externally imposed rule which decides how
this resource should be shared. We thought that Ibots
should tend to be more or less resource greedy depend-
ing on their control programs. Thus, while Ibots learn
their control programs, they implicitly learn to share
the resource in a way which is convenient for the team.
In particular, when Ibots run public programs, they
exhibit the same degree of greediness, and, on the av-
erage, each Ibot takes the same amount of the total
resource. This is not the case when Ibots run private
programs. In this situation, each Ibot has a di�erent
propensity in consuming the resource, and this fact has
a great impact on the team performance in the mission.

Learning through reinforcement. Ibots learn to
accomplish the mission through trial-and-error. At
each trial, each Ibot receives a reinforcement signal

which measures the team performance as a whole.
Ibots are confronted with their performance as a
group because we want them to learn a team strategy.
This view is shared with (Murciano & Mill�an 1996;
Crites & Barto 1996; Schmidhuber 1996), but it is dif-
ferent from that pursuited in (Matar��c 1994a; 1996), as
discussed in the introductory section.

In the next section, we describe the Ibots experiment
in details.

Ibots

The mission for the Ibots is to guess the integral I
(0 � I � 1) of an arbitrary gray Region drawn on the
white ground of a squared arena (Fig. 1(a),(d)).

How are robots turned into Ibots? For the sake of
clarity, let us �rst consider the case of a team composed
of one Ibot.

One Ibot

The Ibot's dowry is a control program Prog which
lets it explore the arena while sampling the ground
color. By activating Prog, the Ibot performs a trial
run (Fig. 1 (b),(d)).

A trial starts from a random location in the arena.
It is a sequence of Nmax elementary movements sep-
arated by stops. Whenever the Ibot stops, it samples
the ground color. A color reading equal to gray gives
evidence for the sample to be \inside Region", while a
white reading is interpreted as \outside Region". At
the end of the trial, the Ibot returns the number Nin

of samples which happened to be inside Region. Î =
Nin=Nmax is its estimate of I at this trial. E = jI � Î j
is the error in the estimate.

How are elementary movements generated? The
control program Prog depends stochastically on two
parameters (�prog ; �prog) which are �xed during a trial.
�prog is used to generate a rotation instruction for the
Ibot, while �prog induces a translation. The semantics
of �prog and �prog is as follows. First, a number � is
drawn from a uniform distribution in [��prog;+�prog].
This is interpreted as: \Rotate � degrees.". Second,
a number � is drawn from a uniform distribution in
[0; �prog]. The interpretation for � is: \Translate �
units in your current heading direction, calling the
bumping rule if necessary.". The bumping rule is called
when the Ibot meets the arena border before having
covered the whole distance �. In this case, the Ibot
rotates 180� and covers the remaining distance minus
1: bumping against the arena border consumes 1 unit
of translation to prevent the Ibot from bumping for-
ever without consuming �, a rare case which can oc-
cur when the Ibot lies in a corner. The bumping rule



Figure 1: (From left to right) (a) The squared arena and the \half-full" Region: I = 0:49. The arena side is 500
units long. (b) Trajectory of one Ibot running a solitary trial with Nmax = 100 and Prog = (30�; 200). Crosses
indicate sampled points. The result is Nin = 52, Î = 0:52. (c) Trajectories of two Ibots running a shared trial with
Nmax = 100. They started from a scattered con�guration and ran private control programs: Prog1 = (180�; 50)
(gray trace), Prog2 = (20�; 150) (black trace). The result is N1

in = 55, N2

in = 30, Î = 0:85. Ibot 1 took N1

sam = 61
samples, Ibot 2 took N2

sam = 39. (d) Trajectory of one Ibot running a trial on the \chessboard" Region: I = 0:49.
Nmax = 100 and Prog = (10�; 40). The result is Nin = 45, Î = 0:45.

can be called recursively. We decided the bumping
rule should just reverse the Ibot's travelling direction
to minimally a�ect its natural motion angle which al-
ready depends on the parameter �prog.

In our simulation, a rotation instruction is executed
by the Ibot in one time unit whatever the rotation
angle �; while the execution time of a translation in-
struction is directly proportional to the distance �.

Finally, a last remark on �prog and �prog : both pa-
rameters take values in �nite ranges, 0 � �prog � �max

and 0 � �prog � �max.

A Team of Ibots

Each Ibot i (i = 1; : : : ; Nibots) being equipped with a
control program Progi = (�iprog ; �

i
prog), there are sev-

eral ways of generalizing from the single Ibot case to
the team case (Fig. 1 (c)). We have considered both the
cases where the Progis may be public or private. Pub-
lic means that all instances of Progis are constrained
to be the same Prog, while private means that each
Progi may be di�erent.

The Ibots activate these Progis in parallel to run a
shared trial. At the beginning of the trial, the Ibot
locations are chosen at random in the arena, and these
can be either clustered or scattered. In the clustered
con�guration, all Ibots have the same initial position
and orientation; in the scattered con�guration, they
have di�erent positions and orientations. During a
trial, the Ibots are granted a total of Nmax elemen-
tary movements to collect Nmax samples of the ground
color overall: samples are a limited, shared resource.
As a consequence, whenever an Ibot stops to take a
sample, it is allowed to do so only if less than Nmax

samples have been taken by the team so far. Other-
wise, the Ibot gives up the sampling, and the team trial

is terminated. Notice that if the Ibots work with pri-
vate Progis, each Ibot i will collect a di�erent number
of samples N i

sam: Ibots with small �iprogs (travelling
for shorter distances) will take on the average more
samples than Ibots with larger �iprogs. At the end of

the trial, each Ibot i returns the number N i
in of sam-

ples it counted inside Region. These contributions are
summed in Nin =

P
iN

i
in, leading to the team integral

estimate Î = Nin=Nmax, the error being E = jI � Î j.
Finally, Ibots are immaterial, they do not collide

when their trajectories intersect. This may result dis-
appointing to real roboticians who must take into ac-
count the physical interaction between robots. But, in
the context of this paper, this fact is irrelevant. We are
not trying to simulate real robots, and, though a physi-
cal interaction rule could be learnt as well, we preferred
to emphasize the Ibots interaction due to the shared
number of samples.

Programmed Ibots vs. Learning Ibots

How can a team of Ibots learn to provide good esti-
mates Î of the integral I? Referring to the proposed
framework, the goal of learning is to �nd control pro-
grams Progis which lead to estimates Î close to I . As
the behavior of each control program depends on its
parameters �iprog and �iprog , the target of learning is

to discover \good" pairs (�iprog ; �
i
prog). Notice that we

know a general solution, namely:

8i :

�
�iprog = 180�

�iprog = \length of arena diagonal"
(1)

With this choice of parameters, an Ibot may reach
any position in the arena starting from any other po-
sition and orientation in just one elementary move-



ment. Which means, knowing the Ibot's current posi-
tion and orientation, its next position remains highly
unpredictable. An external observer would describe
the points sampled by this Ibot as being uniformly
distributed in the arena. This brings us to the hy-
pothesis of the Monte Carlo method (Hammersley &
Handscomb 1964) for integration. This states that, by
drawing Nmax points from a uniform distribution in
the arena, the error E in the estimate of the integral
is probabilistically bounded by Nmax:

P

�
E � 1p

Nmax

�
� 0:9999 (2)

For example, by drawing 100 points, we are almost
guaranteed that the error in the estimate will not ex-
ceed 0.1, whatever the Region's integral and shape (re-
member that 0 � I � 1). This result quanti�es the
admissible error for the Ibot mission, given Nmax. We
call the control programs de�ned by Eq. 1 the \pro-
grammer solution", because it reects, in our opin-
ion, the way a programmer would address this robot
programming task: by looking for a general solution,
which will work for any Region, whatever the number
of Ibots in the team, independently of their starting
con�guration in the arena. Though appealing, we are
not interested in this a priori solution. Rather, we are
looking for real team solutions established through ex-
perience. These should depend on the speci�c Region,
on the number of Ibots, on their initial con�guration,
and on their speci�c skills when these latter are no
longer homogeneous.

To see why this \adaptation to circumstances"
makes sense, consider the extreme case when Region
coincides with the whole arena (I = 1). In this situ-
ation, it would be unnatural to see the Ibots running
the programmer's solution, as the integral is perfectly
guessable by the more economic \staying in place" pro-
gram:

8i :

�
�iprog = 0�

�iprog = 0

How can real team solutions be derived? In general, ex-
austive search in the multi-dimensional program space
of the Ibots is unfeasible. Suppose the Ibot's contin-
uous program space is discretized so that each Ibot
selects its control program only among a set of Nprogs

di�erent control programs. Then, in a team of size
Nibots, the number of possible distinct program selec-
tions for the team is (Tucker 1995):�

Nibots + Nprogs � 1
Nibots

�
=

(Nibots + Nprogs � 1)!

Nibots!(Nprogs � 1)!

Moreover, each program selection should be tested sev-
eral times to be sure about its quality, because \bad"

control programs have a stochastic performance. As an
alternative to exaustive search, true team solutions can
be derived through learning: by measuring the Ibots
team performance as a whole.

Learning to Be Good Ibots

\Good" Progis are programs which lead repeatedly to
admissible estimates of I . Admissible estimates are
de�ned with respect to Nmax by Eq. 2. Moreover, es-
timates must be repeatable because we are interested
in programs with a stable performance.

The Ibots learn good control programs Progis by
reinforcement through a sequence of trials. Each time
instant t corresponds to a team trial. Let Progi(t) =
(�iprog(t); �iprog(t)) be Ibot i control program at time t.
The following 4 steps are repeated forever.

1. Each Ibot \i" independently generates a new, ten-
tative control program Newi(t) = (�inew(t); �inew(t))
by slightly modifying Progi(t).

Given:

�itemp = �iprog(t) + �irand(t) � �step
�itemp = �iprog(t) + �irand(t) � �step

it is:

�inew(t) =

8<
:

0� if �itemp < 0�

�max if �itemp > �max

�itemp otherwise

�inew(t) =

8<
:

0 if �itemp < 0
�max if �itemp > �max

�itemp otherwise

where:

� �irand(t) and �irand(t) are uniform random num-
bers in [��(t);+�(t)] (see below for the de�nition
of �(t));

� �step and �step are constants.

2. The Ibots collectively carry out a trial with the newly
generated programs Newi(t)s.

At the beginning of the trial, the Ibots are posi-
tioned at a random con�guration (which may be
clustered or scattered). At the end of the trial, each
Ibot returns N i

in(t). The team integral estimate is

Î(t) = Nin(t)=Nmax, with Nin =
P

iN
i
in. The error

E(t) in the estimate is:

E(t) =
jI � Î(t)j

max(I; 1 � I)



3. The team reinforcement signal R(t) is computed and
communicated to each Ibot.

R(t) is de�ned as the di�erence between the team
errors in two successive trials:

R(t) = E(t� 1) �E(t) (3)

E(t � 1) can be thought of as a na��ve predictor of
E(t).

4. Each Ibot \i" independently computes a modi�cation
for its control program and updates it.

Being:

��inew(t) = �inew(t) � �inew(t� 1)

��inew(t) = �inew(t) � �inew(t� 1)

the program modi�cation is:

��iprog(t) = � � R(t) � ��inew(t) (4)

��iprog(t) = � � R(t) � ��inew(t) (5)

where �, a real parameter, is the learning rate.
Given:

�itemp = �iprog(t) + ��iprog(t)

�itemp = �iprog(t) + ��iprog(t)

the updated control programs is:

�iprog(t + 1) =

8<
:

0� if �itemp < 0�

�max if �itemp > �max

�itemp otherwise

�iprog(t + 1) =

8<
:

0 if �itemp < 0
�max if �itemp > �max

�itemp otherwise

The description of the algorithm is completed by the
following remarks and de�nitions.

� When the Ibots work with a public control program,
only one Ibot is allowed to generate the tentative
program Newi(t) at step 1; then, Newi(t) is com-
municated to the other team members.

� About the error measure E(t): by dividing jI� Î(t)j
by max(I; 1 � I), E(t) varies between 0 and 1, no
matter what the value of I . As a consequence, the
reinforcement signal also varies in a �xed interval,
namely [�1;+1].

� E(�1) = E(0). At trial 0, we assume that the ex-
pected error E(�1) is equal to the measured error
E(0). This implies R(0) = 0, so no change is made
to Prog(0).

� �(t) = max(jR(t� 1)j; �c). The amount of variation
in the new control programs is proportional to the re-
inforcement signal received at previous trial. This is
to enhance the tendency of escaping from programs
with unpredictable performance, and, viceversa, to
favor the convergence towards programs with stable
performance. �c is a small positive constant which
maintains a minimal level of exploration in program
space when R(t� 1) = 0.

We conclude this section by placing this experiment
in the reinforcement learning panorama. We have set
the stage for a nonassociative, immediate reward learn-
ing experiment. This experiment quali�es as nonasso-
ciative, because there is no perception-action mapping
to be learned: the only input to the learners is the re-
inforcement signal. Moreover, since this is fed to the
Ibots as soon as the trial is �nished and the trial is
the team's atomic action, this is immediate reinforce-
ment learning. Equation 3 establishes that the payo�
is positive if the Newi(t)s provided a better estimate
of the integral than the Newi(t � 1)s, negative if the
estimate was worse, zero if it was equal (equally good
or equally bad). Thus R(t) decides the direction of
change in the control programs. As an example2, if
�inew(t) is greater than �inew(t � 1), �iprog(t + 1) will

increase or decrease with respect to �iprog(t) depend-
ing on whether R(t) was positive or negative (Eq. 4).
On the contrary, if �inew(t) is less than �inew(t � 1),
�iprog(t + 1) will increase if R(t) is negative, decrease
if R(t) is positive. In all cases the direction of change
in the control programs is meant to increase the prob-
ability of those Progis which proved to be better in
the integral estimate process. Moreover, Progis re-
main unchanged when R = 0. This learning method
is a non-associative version of the basic, connectionist
reinforcement learning algorithm proposed in (Barto,
Sutton, & Brouwer 1981). Overall the learning algo-
rithm is expected to guide the team towards admissible
and stable control programs.

Experiments

On the \half-full" Region (I = 0:49) of Fig. 1(a),
we have run repeated learning experiments with Ibots'
teams of increasing size (Nibots = 1; : : : ; 14), with pub-
lic or private Progis, and starting from clustered or
scattered con�gurations. We have also considered the

2All the following observations made on �
i

new, clearly
hold for �inew too, see Eq. 5.



situation where the Ibots' skills are no longer homoge-
neous because of di�erences in sensing and acting ca-
pabilities. In all experiments we have set: Nmax = 100
(the corresponding admissible error being 0.1), �max =
180� and �max = 500 (length of arena side), �step =
�max=10 and �step = �max=10, �c = 0:1, and, for each
Ibot i, Progi(0) = (�iprog(0); �iprog(0)) = (0�; 0): this
\staying in place" program was chosen to bias the Ibots
towards \economic" programs, i.e. programs requiring
small translations. To examine the form of the learnt
programs, a learning experiment was stopped either
after having obtained 10 consecutive admissible esti-
mates, or after a �xed number of trials, depending on
which of these two events occured �rst. The former
stopping criterion was introduced for convenience, for
not devoting too much time to experiments which did
converge rapidly.

One Ibot

The single Ibot experiment is a point of reference for
comparing results obtained with teams of Ibots. It
requires to discover a pair (�prog ; �prog) which pro-
duces admissible and stable integral estimates. As
the program space searched by the learning algo-
rithm is bidimensional, one can explore it in a sys-
tematic way to test the quality of a signi�cant num-
ber of programs. Thus, before starting the actual
learning experiments, we have run background tri-
als with all combinations of �prog and �prog , with
�prog ranging in f0�; 10�; : : : ; 180�g, and �prog rang-
ing in f0; 25; : : : ; 500g. Each combination program was
tested on 20 di�erent trials to have a sample of esti-
mates fÎk; k = 1; : : : ; 20g. Then, for each program we
computed the mean of errors �prog(E) and the vari-
ance of errors �2prog(E):

�prog(E) =
1

20

X
k

jI � Îk j =
1

20

X
k

Ek

�2prog(E) =
1

20

X
k

(Ek � �prog(E))2

�prog(E) and �2prog(E) describe the suitability of
the corresponding program for the integration task:
�prog(E) gives an indication on the accuracy of the es-
timates, while �2prog(E) measures their stability. Fig-
ure 2 shows the plots in program space of �prog(E)
(left) and of �2prog(E) (right): the program space axes
are indexed by �prog and �prog. On the �prog(E) plot
we have highlighted the contour lines of level 0.1: these
lines identify the space of admissible programs. Notice
that these programs are also stable (see �2prog(E) plot).
Most of them are distant from the \programmer solu-
tion" (180�; 700): admissible and stable solutions start

at (50�; 200). Observe also that large values of �prog
require large values for �prog to be admissible, because
small values of �prog would con�ne the Ibot's motion
to a localized area (as an example, see the gray trace
of Ibot 1 in Fig. 1 (c)). Finally, from the �2prog(E)
plot we remark that not only admissible programs are
stable. For example, all \staying in place" programs
(�prog = 0) have a very predictable performance. This
makes the learning task more di�cult as the Ibot's ini-
tial program Prog(0) = (0�; 0) acts as a local minimum
with respect to the stability criterion.

The results of 20 di�erent learning experiments for
the single Ibot have been overlaid on the left plot of
Fig. 2. The convergence point of each experiment is
indicated by a square. Learning stopped in all cases
before the limit of 1000 trials. All experiments ended
inside the space of admissible and stable programs.

For the sake of comparison, Fig. 3 shows the plots
of �prog(E) (left) and of �2prog(E) (right) for one Ibot
running on the \chessboard" Region (I = 0:49, Fig. 1
(d)). The space of admissible programs is consider-
ably larger than the one for the \half-full" Region,
because the integral of the \chessboard" Region can
be predicted even by a more localized motion. Hence,
the Ibot can a�ord travelling shorter distances to do a
good job (Fig. 1 (d)).

Teams of Ibots

The form of admissible and stable programs changes
radically for teams of Ibots.

Public Control Programs. The �rst case study we
have addressed is that of Ibots equipped with a public
control program. As in the single Ibot case, the pro-
gram space is bidimensional, so we �rst ran background
trials (with no learning) for teams of increasing size,
both for the clustered and the scattered con�guration.
The results for the largest team of 14 Ibots are shown in
Fig. 4. The left plot is the contour plot of �prog(E) for
the clustered con�guration, while the right plot shows
the behavior of �prog(E) for the scattered con�gura-
tion. On the left plot, the bold line delimits the space
of admissible programs; for the scattered con�guration,
all programs result to be admissible (all contour lines
are below level 0.1).

By comparing these results with those of Fig. 2
(left), one observes how the single Ibot's solutions
space \shrinks" or \expands" depending on whether
the Ibots are started in the clustered or in the scat-
tered way. Why?

First, consider the clustered starting condition. As
the Ibots begin a trial from the same position and with
the same orientation, they have to disperse in order to
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Figure 2: One Ibot on the \half-full" Region. (Left) Contour plot of �prog(E) and convergence points for 20
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Figure 4: A team of 14 Ibots with a public control program on the \half-full" Region. Contour plot of �prog(E) and
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Figure 5: A team of 14 Ibots running trials with learnt public control programs. (From left to right) (a) Samples
and (b) trajectories for a team started in the clustered con�guration and running the control program: Prog =
(100�; 450). (c) Samples and (d) trajectories for a team started in the scattered con�guration and running the
control program: Prog = (10�; 50).



explore the arena. Moreover, the quantity of samples
they are allowed to take as individuals decreases as the
number of Ibots increases, because the samples budget
is �xed for the team. Thus, each Ibot is granted fewer
samples and fewer elementary movements to disperse
in the arena. Given this constraint, the only way of
achieving rapid dispersion is through control programs
with large variability both in translation and in rota-
tion. In conclusion, most of the solutions which are
valid for the single Ibot would not work for this team.

Second, consider the opposite case where the Ibots
start a trial from scattered positions. As they are al-
ready uniformly distributed in the arena, any kind of
motion program would lead to admissible estimates.
In principle, the solution which would pro�t the most
from this favorable start would be to perform a very lo-
calized motion around each Ibot's initial position. We
stress that this team solution would not be admissible
for the single Ibot.

Figure 4 also reports the convergence points of
20 learning experiments for both initial con�guration
types. Experiments which converged to admissible and
stable programs within the time limit of 2000 trials are
represented by squares, while non-converging experi-
ments are represented by triangles. Not surprisingly,
all the experiments for the scattered con�guration con-
verged very rapidly (right). On the contrary, for the
clustered con�guration, not all experiments managed
to converge to admissible programs within the prede-
�ned time limit (left). This is due to the fact that the
Ibots are initiated with the shared Progi(0) = (0�; 0),
a bad but very stable program. As a matter of fact,
the stability of this program becomes stronger as the
number of Ibots grows. Therefore, it may take a con-
siderable amount of time for the team to get away from
this inconvenient initial program.

Finally, �gure 5 shows trajectories and samples
taken by a clustered ((a) and (b)) and a scattered team
((c) and (d)) of 14 Ibots running trials with learnt pub-
lic programs.

Private Control Programs. Figure 6 shows a rep-
resentative sample of learning experiments performed
with a team of 14 Ibots working with private control
programs and started from clustered (plots on the �rst
row) or scattered con�gurations (plots on the second
row). Each plot shows the programs learnt by the team
within a time limit of 20000 trials; programs which did
not converge have been represented by triangles (sec-
ond and third plot on the �rst row).

Essentialy, these solutions are similar to those ob-
tained with the public control program. Within the
same category of initial con�guration, Ibots learn the

same typology of programs: clustered Ibots need large
variability in angle and translation, while scattered
Ibots don't. This uniformity in the shape of the so-
lutions is not surprising, because the integration task
does not require any di�erentiation in behavior as long
as the Ibots have homogeneous skills.

From the point of view of learning, the main dif-
ference between dealing with a single public program
or with many private programs is the robot credit as-
signment problem, which clearly arises when the Ibots
learn personal programs. Figure 7 illustrates the robot
credit assignment problem for a team of two Ibots. The
�rst and the second time plot present the evolution of
the Ibots' �iprogs and �iprogs parameters, respectively;
the third time plot shows the error E in the integral
estimate produced by the team. Observe that, around
time 30, Ibot 1 (dashed line) has already acquired an
admissible program, but this does not appear at the
level of team performance because Ibot 2 (solid line)
is still locked to the initial \staying in place" program.
Consider also that Ibot 2's contribution to the team in-
tegral weighs more than Ibot 1's contribution, because
Ibot 2 takes more samples: \bad Ibots count more".
This is also the cause for the two non-converging exper-
iments of Fig. 6, where a minority of Ibots translating
for short distances damage the team performance. To
improve from this state of a�airs, Ibot 1 (Fig. 7), �rst
backtracks from its admissible program, and then it
relearns at a similar pace with Ibot 2.

Private Control Programs for Heterogeneous

Ibots. As a last experiment, we wanted to make the
learnt control programs more specialized. A way of
achieving this is by di�erentiating the Ibots' individ-
ual skills. Figure 8 refers to a learning experiment with
a team of two heterogeneous Ibots. Ibot 1 (dashed line)
translates four times as fast as Ibot 2 (solid line). In
addition to that, Ibot 2 is blind: its ground color sensor
reads \white" whatever its position in the arena.

The strategy discovered by the team to provide ad-
missible and stable estimates is clear from the �iprogs

and �iprogs plots of Fig. 8. The blind Ibot minimizes
its catastrophic contribution to the team integral by
travelling long distances (�2prog = 2000, having set
�max = 2000 for this particular experiment). Observe
that the error E stabilizes to low values only when the
di�erence between �1prog and �2prog is su�ciently large.
Still, Ibot 1 can a�ord a parameter of �2prog = 800 be-
cause it moves very fast.

Table 1 reports the control programs learnt by this
team in 5 repeated experiments. Each Ibot program
assumes di�erent values for �prog and �prog, but Ibot
1 always travels for shorter distances than Ibot 2. In
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�1prog �1

prog �2prog �2

prog �(N1

sam) �(N1

sam)

565 95 1528 179 85.5 1.5
876 95 2000 171 85.9 1.7
361 176 1549 2 88.9 1.3
537 165 1646 102 86.9 2.0
422 75 1061 66 84.1 0.5

Table 1: (Columns 1{4) Programs learnt by the hetero-
geneous team in 5 repeated experiments (one experi-
ment per row). (Columns 5 and 6) Mean and stardard
deviation of the number of samples taken by Ibot 1
over 10 trials.

all experiments, the balance between �1prog and �2prog
is such that Ibot 1 consistently manages to collect at
least 85 samples out of the 100 available to the team.

Finally, �gure 9 shows the behavior of �prog(E) in
program space of Ibot 1, when Ibot 2 works with a �xed
control program. On the left plot, Ibot 2 is running
the program Prog2 = (0�; 2000). This gives Ibot 1
the possibility of chosing its admissible program in a
rather large set of programs: for example, it can easily
run up to �1prog = 1000 because its speed is four times
the speed of the teammate. However, if the blind Ibot
reduces its translations to �2prog = 1000 (right plot), the
fast Ibot is forced to �t its control program to a space
of admissible programs which is considerably reduced.

Conclusions

The overall objective of the Ibots experiment was to
understand how to use reinforcement learning to pro-
gram automatically a team of robots with a common
mission. In addition, we wanted to derive real team
solutions. The key issue is: to optimize team perfor-
mance instead of individual performance.

The \integration" mission of the Ibots is an arti�-
cial task for robots. However, the mission could also
be interpreted as an exploration task, where the Ibots
learn patterns of movement to reliably collect evidences
about the region extension. Interestingly, it has been
pointed to us (Martinoli 1996) that the Ibots resem-
ble networks of patrolling ants engaged in the task of
monitoring events occurring throughout their territory
(Adler & Gordon 1992).

The learning scenario for the Ibots is applicable to
other missions because it relies on very weak assump-
tions. There is a team reinforcement signal which qual-
i�es the behavior of the group as a whole; a single Ibot
has no direct way of assessing its own performance, as
distinct from the performance of its teammates. There
is a limited, common resource which constrains the

Ibots, and there is no a priori rule to decide how this
resource should be shared. When working with private
control programs, the Ibots are unaware of teammate
programs; during learning, each Ibot changes its own
program independently, and has no information on how
teammates are changing theirs.

As a general conclusion, experiments have demon-
strated how di�erent mission conditions require com-
pletely di�erent control programs, and that a very sim-
ple reinforcement learning procedure can �nd them by
using a team payo�.

As far as the speci�c Ibots experiment is concerned,
we cannot claim that the \general pattern" of the solu-
tions discovered through learning were completely un-
expected. However, as robot programmers, we have
only a limited intuition for program parameters tai-
lored to speci�c mission conditions (i.e. for a speci�c
Region, for a given team size, or for a particular set
of robot skills). Sometimes, human programmers are
able to specify \a priori" programs which work for ev-
ery possible mission condition (like those of Eq. 1);
but, in certain mission contexts, these general solu-
tions look unnatural. To write \ad hoc" programs for
a robot team, a programmer will usually need to learn
by trial-and-error himself (Kaelbling 1993). Therefore,
why not consider letting the robots do this, i.e learn by
trial-and-error on their own? Second, a program which
is admissible for a single Ibot, in general is not ammis-
sible for a team of Ibots, and viceversa. This means
that we cannot simply �nd a solution for one Ibot and
clone it n times, n being the number of team mem-
bers. The form of the solution to a problem changes
as the number of \problem solvers" changes. Third,
the space of admissible programs strongly depends on
the number of Ibots involved in the mission and on
their initial con�guration in the arena. In particular,
the admissibility space \shrinks" (and learning requires
more time) when the Ibots are started in the clustered
con�guration and the team size grows. The increasing
di�culty is due to the fact that the number of samples
is shared. On the contrary, the admissibility space \en-
larges" (and learning requires less time) when the Ibots
are started in the scattered con�guration and the team
size grows. The mission becomes easier in this case be-
cause, by initially distributing the Ibots at random in
the arena, we are providing them with a strong bias
towards the solution. Fourth, when the Ibots work
with private control programs, the robot credit assign-
ment problem arises clearly, resulting in longer learn-
ing times. Interestingly, the robot credit assignment
problem forces the Ibots to learn admissible programs
at a similar pace, to prevent \slow" learners to jeop-
ardize the team mission. Fifth, the robot credit as-
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signment problem completely vanishes when the Ibots
learn a shared policy, and the learnt policy is still a
real team solution. The possibility of learning a sin-
gle public program instead of several private programs
should be not overlooked in missions where specializa-
tion of the robots behavior is not required, because the
time necessary for the team to learn a public program
is much shorter. Finally, sixth, the Ibots with their
heterogeneous acting and sensing capabilities manage
to specialize their control programs so as to take ad-
vantage of their skills and to minimize the impact of
their weaknesses.
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