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Abstract—We examine a team of robots with no centralized the complexity of the system by decomposing it into small
control performing a transportation task in which robots fre-  jndependent entities, called eco—agents. The overalctige
quently interfere with each other, thus impairing overall team’s 4t the entire system is satisfied if all of the eco—agentsiwith

performance. It has previously been shown that stereotyped . . . . .
robot—robot competitions, inspired by aggressive displays in ani- the system achieve their goals by interacting with eachrothe

mals, can be used to effectively reduce interference and improve locally. A key advantage of this aggressive display method
system performance for this task. We describe an extension to is that each agent displays its ‘aggression level’ using onl
the previous best—performing ‘aggression function’ to dynamic the sensors and actuators it uses for navigation; no symboli
teams of robots. Experimental results show that the new method o mmynjcation occurs between robots. Therefore, the msyste
provides the best performance yet seen. Further, we examine . .

the effects of interference—reduction methods over a range of IS completely decentralized, perfectly scalablg, and can b
population sizes, and we compare the results to a previously Used in heterogeneous systems and even in human-robot
suggested theoretical model. interaction: humans can easily understand and manipuiate t
behaviour of the ‘aggressive’ robots.

The symmetry—breaking provided by the aggressive compe-
One problem frequently encountered in multi-robot sysition was shown to produce better overall system perfocaan
tems, especially those without centralized control, ierfer- in terms of the number of transportation trips completed,
ence between agents. Interference in general can be chacatapared to an otherwise identical system that lacks the
terized as competition for resources, for example, aca@ssaggression mechanism. Changing the behaviour of the robots

a charging station or use of a shared tool or sensor. Mastthis way does not eliminate interference: in a typical-ene
commonly, robots simply get in each other's way duringn—one competition, the ‘winning’ robot certainly intends
normal navigation about the environment. An acute versianth the immediate progress of the losing robot. Yet as the
of this problem is getting two Pioneer—sized (0.5m) robotsverall system performance is increased, we may say that the
through a standard (0.8m) doorway from opposite directiansoverall destructive interference is reduced.
symmetry—breaking mechanism is required to decide who goesRecently, two principled approaches to selecting an aggres
first. This is a real-world problem for robot applicationglsu sion level were shown to outperform the original random
as mail delivery, factory and warehouse AGVs, and assistedggression function: thglobal investmen{3] and local in-
operator wheelchairs. vestmenf9] methods were motivated by economic principles.
One possible solution seen in nature is to have the agehtsxal investmentwas shown empirically to have the best
fight to determine a winner of the conflict. However, actugderformance, and was demonstrated to work on real robots.
robot combat is costly for the individual agents involved sm Due to the entirely local nature of aggression interactions
the overall system as robots may become damaged. The savhere no agent has global system knowledge, suboptimal
costs also apply in nature, and many species have develoffedm a global system performance point of view) solutions
aggressive display competitions as abstractions of phlysimay be selected. One such suboptimal behaviour is mentioned
combat [1], [7], [6] to solve this problem. (but not solved) in [3] and [9]: that ofvorm-fights i.e. an
Vaughan, et al. [8] demonstrated a stylized aggressigggressive interaction (dight) between two robots, each at the
display in teams of robots performing a transportation ,taskead of a stable queue (aorm) of robots that are moving in
to resolve space conflicts in doorways and narrow corriddise same direction. These worms are spontaneously ocgurrin
in a simulated world similar to that shown in Figure 1structures that can persist for long periods of time. Worms
This approach is best categorized as eco—problem solving,ase beneficial to the overall system performance since the
described by Ferber in [4]. Instead of considering the mplgtt robots in a worm tend not to interfere with each other. In
agent system as a whole, eco—problem solving simplifipsevious methods, includingpcal investmentthe outcome

I. INTRODUCTION
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Fig. 1. The simulatedmall worldused in the experiments. Populations of
up to 24 robots were tested. This example scenario contain®Isots.

of a fight was independent of the existence of worms, and

fights tended, accidentally, to break up worms rather thap area where interference between robots is more likely, fo
preserve them. In this paper we present the ndeaim example, the narrow corridor in the figure. Therefore, it is a
local investmenaggression function, improving upon previougood candidate for selecting the winner whefi > n/m,
methods by enabling robots to wifights such that their or j/k > m/n. On the other hand, if the corridor is short,
dynamic worm/team structure tends to be maintained. Vi k/l is close to 1, and the population size of the system is
experimentally demonstrate that the new strategy prova'ﬂes;arge,m/n is more likely to be much larger thaifk; then,
statistically significant improvement in system perforwen 5 strategy that is based on the internal state of single yobot
compared tdocal investmenover a wide range of populationgych as local investment, becomes ineffective. In such @, cas
SIZes. it may be more efficient to pick the leader of the team that
has more robots to be the winner.

Therefore, we can break the aggression function into two

Consider a system of two teams of robots, Team Black apérts depending on a threshdld We pick T = 3 for this
Team White, working in a narrow corridor as shown in Figurpaper. The winner of dight can be determined by tHecal
2. They have the same task: transporting widgets from logatiinvestmentscheme when neither side of tight has more
A to location B at either end of the corridor. Assume that it ithan 7" robots as it is more likely that eithét/l > n/m
not practical for robots to transfer widgets between thévese or (/k > m/n holds true. Once the number of robots on
Team Black starts at A, and Team White at B. At someither team reache®, we set the aggression of the leader
moment two teams block each other’s progress inside a narrofithat team to the maximum so that the worm wins figét
corridor. Assume the robots have an internal aggressia, lewegardless of what aggression selection strategy its @upias
and can perform a stereotypical behaviour sequence calledsing (unless its opponent also has the maximum aggression)
fight, in which each robot displays its aggression to the other.

If the leader of one team perceives that its rival has a higher I1l. A GGRESSIONFUNCTION MODULE

aggression, it goes into a passive mode and can be pushekh contrast to previous aggressive robot systems [3], @], [
backwards, and consequently the robots that follows ieatr which used range sensors only, we assume the availability of
as well. Thusfightresolves the spatial conflict by allowing thea fiducial tracking sensor facing backwards on the top of each
more aggressive team to push the other team backwards. Frofmot. Such a system can be implemented straightforwardly,
the point of view of system efficiency, which team should band is available as a standard sensor in Player/Stage, the
more aggressive? popular robot control and simulation system [5].

Suppose that Team Black has robots, and Team White The fiducial sensor can determine the range, bearing and
hasn robots. The distances that the leaders of Team Blaokientation of any fiducials (targets) within its field of vie
and Team White have travelled in the corridor are denoted Additionally, the sensor can read an integer value from each
k and! respectively. The work spent on travelling inevitablffiduciual: the fiducial id. We require that each robot display
generates real costs in terms of time, energy and computatifiducial, and that the fiducial id can be dynamically changed.
These are sunk costs which cannot be recovered. If watially, we initialize all of the fiducial ids to 1. Once Witthe
represent sunk cost in terms of distances that robots sped of its fiducial sensor a robot detects that there are sobot
on moving back and forth due to losingfight, the sunk cost behind with the same orientation as its own, it takes a note
caused by Team Black losing thightis & x m x 2, k x m  of the fiducial id of the one that is the closest; then it adds
for the team to back up, and anotherx m for the team 1 to that fiducial id and uses the sum as its own new fiducial
to move back to the point where it previously meets Teaid. Therefore, recursively, the fiducial id of a robot coutite
White. Similarly, the sunk cost of Team White losing fight number of robots behind it. The id of the robot at the head
is [ x n x 2. Local investmentletermines robots’ aggressionof a worm becomes an estimate of the worm length, ie. the
based on the effort that an individual robot put into passingumber of robots in the worm.

Il. RATIONAL AGGRESSION
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Fig. 2. Motivation for theteam local investmerdtrategy. The cost for each robot team to lod&ght is proportional to the sum of the cost for each robot,
or approximately the cost for the head robot multiplied by thenher of robots in the team. Whichever team has more to lose skonlthe fight this is
usually the larger team.
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Fig. 4. The semicircle indicates the largest possible areared by laser
scan. The bottom left region of the semicircle is the left lasene, and -
the bottom right region is the right laser zone. Thus, aftgoleot enters a Enough Space o Maneuver

narrow space, the areas of both of its left laser zone and laghr zone shall
decrease. Fig. 5. Schematic of the robot control program.
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In this paper, we use a recurrent network (RN), as showniiath worlds contain narrow corridors and doorways thawallo
Figure 3, to implement our aggression function. A RN corgtairbnly one robot to pass through at a time, robots constantly
one or more nodes whose output is fed back into the netwapkerfere with other. Besides the obvious size discrepaihey
as input. RNs can be applied to reinforcement learning yajor qualitative difference between two worlds is that the
allowing agents to retain memories of their previous sfales |arge world has two relatively long corridors while the shmal
This model proved very convenient for implementing all th@orld has a short corridor.
aggression functions we have studied. Our network contains ]
two layers, an input-node layer and an output-node layéy. Control Architecture
The input-node layer has three input nodé&ode;, and Each robot runs the same control program. Robots can be in
Node,;, represents the open areas covered by the left lagere of three statedlavigate PanicandFight. Fig. 5 shows the
zone {1z) and right laser zonelg), illustrated in Figure 4, each permitted state transitiondlavigateguides the robot between
of the two nodes has a recurrent edge attached to it, whigbal locations by following walls and avoiding obstacles; i
is necessary for implementing tHecal investmentstrategy is the only goal-achieving behaviouPanic and Fight are
because it enables a robot to memorize the distance it hiEsigned to cope with undesirable interference betweestsob
travelled inside a narrow regionYodefiqucia; binds to the Time spent inPanic andFight is unproductive overhead. Due
fiducial sensor readings. The output value 6bde,,+,,+ iS 1o restricted space, we omit details of the controller whiah
robot’s ‘aggression level'. be found in [3].

IV. TRANSPORTATIONTASK V. EXPERIMENT

For direct comparison with aggression functions previpusf- Procedure

described in the literature, we use the identical experiaden Three sets of experiments are performed in order to fully ex-
design and robot controller used in [3], [9]. The only chaigge amine the performance, flexibility, and scalability of tieam

in the aggression function employed. A team of robots operatocal investmenstrategy relative to other aggression functions.

in two simulated environments, tlsenall world Figure 1, and For each aggression function that we evaluate, we run 21
the large world Figure 6. Robots, which initially start from trials of experiments, and each trial is 7200 seconds long.
a randomly selected location, must repeatedly traverse thethe first set of experiments, we compare two aggression
environment between the shaded areas in both worlds. Sifigections,local investmentand team local investmenusing



2) Experiment Set 2Table Il shows that in the large world
team local investmeragain outperform$ocal investmentThe
T—test result, which is slightly above 0.05, and the hisaogr
Figure 8, show that the difference between the performances
of two aggression functions is not as large as it is in the first
set of experiments because the large world is more spacious
than the small world, so when the number of robots running
in the environment is small, the likelihood for robots to raov
together as a team is low. This is verified by the result of the
next set of experiments, which shows that the difference be-
tween the performances of two aggression functions becomes
more visible as the number of robots increases.

3) Experiment Set 3Figure 9 shows the performance of

three different types of controllergam local investmenibcal

tS'X rob(]zts_and ghf S.m?lrl] w?rld. In thl?j stecgn;j SeF' we Lur:htﬂ%/estmentandno fight(ie. the controller witHight disabled),
tﬁam 0 ItSIX fr(t)hof$ T € grgetwor N de err(;u_ne v(\;ﬁee %nning in the small world as the population size increases.
€ results ot Ine first experiment are reproduced in a " Robots barely interfere with each other when the population

work environment. In the last set, we examine the perfomaang,Ize is less than 3, so the performance of the three consolle

of both aggression functions and a non-fighting control NiBcreases linearly with respect to the population sizethxite

range of popu_latpn SIZ€s, from_one to t_We”ty r(_)bOtS' Aga'Peach their maximum performance when the population size
for each combination of aggression function, environmand| is, 4 robots. As we add more robots, the curves diverge, and

population size we run 21 experiments, each of 7200 secorbqﬁh local investmentand team local investmenbutperform

duration. no fightby a large margin. Between the two aggression based

controllers, the performance curve of local investmentsdip

much faster than the curve tifam local investmenincreasing
Each robot logs the number of trips completed and the ti@pulation size elevates the probability for robots to form

spent in each of its three behaviounsvigate fightandpanic.  worms; thusteam local investmenivhich minimizes the costs
To measure the success of a trial we count the total numbgrrobot teams, becomes more effective tharal investment

Fig. 6. The large world used in the experiments

B. Measurements

of trips performed by all the robots which minimizes the cost of individual robot only. The gap
n between two curves starts reducing at a population size of
Tripsieam = ZTTZ‘psmbon (1) 14, and the two curves converge at 16. The bar chart in
i—1 Figure 10 breaks down the fraction of time that robots spend

This value is easy to obtain and represents an objectljk\?eeaCh behaviour at the corresponding population size for

Pth aggression functions. In population sizes of 6 to 12,
measurement of the performance of the system as a whole; B . . ; S
terms of our resource transportation task, each trip ccnenblero ots “S”T‘geam "?C"’P' investmerspend more t|m_e navigating

' and less time panicking than robots with tleeal investment

by a robot is one unit of resource transported. Note that WE teav. After the population size reaches 14. both asimes
are not trying to improve the number of trips that any singlS ay- pop ! sgne

robot performs, but rather the total number of trips cor‘rmdetﬁ“mcnonS behaviour decompositions are similar. .
by all robots. There are two reasons whgam local investmeribses its

advantage ovelocal investmeniwwhen the number of robots
C. Simulation reaches a certain level. First, as we add more robots, thie wor

) o o becomes too small for every robot to manoeuvre. Eventually
Our experiments are done in simulation in Player/Stage. Tiien robots can not move anywhere without bumping into

simulated robots approximate the Pioneer-3DX at 0.44m loggch other, these solutions become inadequate, as irdlicate
by 0.33m wide, with front and rear sonar rings and a lasgy Figure 9. Second, as the population size increases, the
range finder that approximates the SICK LMS-200. likelihood of fights between two worms consisting more than
3 robots also increase. Since in our implementatiorieaimn
local investmenthe leader of both worms have the maximum
1) Experiment Set 1By T-test, we show that the meanaggression, we see a performance hit becauskgthhetween
total resources transported by two aggression functioes #wo robots with the same level of aggression usually takes
statistically significantly different. Also, Table | revsathat longer to resolve than one between two robots with different
theteam local investmeriiased aggression function performsaggressions.
significantly better thamocal investmentn terms of the total  Figure 11 shows the performance versus population size
number of resources transported per trial. The differenpéots for two aggression functions with the large world. Aga
between two schemes can be seen in the histogram, Figumigally the performance of each type of controller incsea
7. linearly with the population size when there is almost no

D. Results



SET 1 RESULTS SUMMARY OF PERFORMANCE SCORES FROM TWO
AGGRESSION FUNCTIONS BASED ON THE DATA COLLECTED FROM THE
EXPERIMENTAL TRIALS WITH SIX ROBOTS IN THE SMALL WORLD.
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Fig. 7. Set 1 results: Histograms showing distribution off@enance
scores for two different controlleréeam local investmefieft), local invest-
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TrialType Mean Resources o N

Team Local Investmen 285.86 1142 | 21

Local Investment 270.19 1461 | 21
TABLE |

220 230 240 250 260 270 280 290 300 310 220 230 240 250 260 270 280 290 300 310
Total Resources

Total Resources

menfright)
TrialType Mean Resources o N
Team Local Investmen 219.14 2196 | 21
Local Investment 206.57 2035 21
TABLE I

SET 2 RESULTS SUMMARY OF PERFORMANCE SCORES FROM TWO
AGGRESSION FUNCTIONS BASED ON THE DATA COLLECTED FROM THE
EXPERIMENTAL TRIALS WITH SIX ROBOTS IN THE LARGE WORLD
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Fig. 8. Set 2 results: Histograms showing distribution off@enance
scores for two different controllerseam local investmefieft), local invest-

menfright).

350

Performance

1 [

Total Resources

Tttt T T T T T T T T
160 170 180 190 200 210 20 230 260 250 260 20 260 20 0 160 170 180 130 200 210 220 230 260 250 290 20 280 20 W

Total Resources

——Worm Local Investment

—=—Local Investment
—— No Fight

Fig. 9.

Performances Vs. Population (Small World). Each datatp
is the sample meanN=21) of the aggression function's performance a

15 20

Population size

25

30

interference between robotblo fight reaches its maximum
performance when the population size is only 3 while two
aggression based controllers produce much better maximum
performances and are more adaptive to the expansion of
population size. The gap between the curves of two aggressio
functions widens after they both hit the peak, but they coywe

as the population size reaches 14 (at which the error bars of
the two curves overlap). Figure 12 compares the behaviour
decompositions of the two aggression functions.

VI. DISCUSSION
A. Too many cooks revisited

One important contribution of this paper is to compare
the effects of interference reduction techniques on sdalab
ity. To characterize multi-robot system performance, Veauy
proposed a hypothetical performanfeversus populationV
curve (Figure 13 from [8]). We can call this tlw®oks curve
(from the English proverb “Too many cooks spoil the broth”).
Three benefits can be obtained by using an interference
reduction technique:

1) increase the maximum value Bf labelledM in Fig. 13.

2) increase the area bounded by the cooks curve by im-

proving performance” for some values ofV.

3) expanding the range of values Bfthat produce accept-

able values ofP.
These are not exclusive: any combination may be seen. As
shown in the Results section, our empirically obtained esirv
(Figs. 9,11) replicates this hypothetical model.

We can characterize the gain in system performance ob-
tained by using aggressive interference reduction. Letetis s
our minimum acceptable performance level at three times the
performance of one robot working alone. For both aggression
functions, in both worlds, compared to non-aggressive tgbo
we see (i) increased maximum performaride (ii) increased
area under the curve; and (iii) increased wigdtlof the part of
the curve with values of greater than the allowed minimum.

B. Why use more robots than the optimum?

In these experiments, having too many robots reduces
performance, and interference reduction is only usefulrwhe
you have too many robots. Why would you ever have “too
many” robots, with the associated cost? There are three main
reasons. (i)Accident: the optimum number of robots is a
complex function of the world, task, and robot design and
is not necessarily predictable in advance. (iphabitation:
if multiple groups of robots operate in the same environment
the total population size may exceed the optimal population
of any individual team. (iii)Redundancymore robots give
the system extra reliability. If we start our system with esev
robots the performance is about 25% below the peak, but the
system can endure the breakdown of up to three robots before
the performance drops 20%. On the other hand, if we start with
a population of four robots,the optimal population sizeslof
fwo robots will drop performance by 50%. Thus, if preserving

the corresponding population size. Error bars represen®&% confidence the stability of the system performance takes precedenee ov
interval for the mean.

minimizing the operational costs, it will be better to sttre
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system with a reasonably large number of robots even thdugh i
means that the system performance will be sacrificed ihitial

C. Shortcoming of team local investment

The fixed threshold]” = 3, used byteam local investment
loses its effectiveness as population increases and averag
worm length reaches 3. Fight between two worms consisting
of more than 3 robots each have effectively random outcomes.
To solve this issue, we may install another fiducial sensor,
pointing forwards, on the robot; thus, the leaders of both
worms will be able to read the length of the opposite worm.

Jhen the worm that has less number of robots should yield

the way to the longer worm.
VIl. FUTURE WORK

A fightbetween two worms can be resolved more efficiently
by adding another fiducial senor that points forward onto
each robot. We expect this minor modification would give
a significant boost to the performance tehm local invest-
ment Another valuable extension could be to devise adaptive
aggression functions or parameters that optimize the rsyste
dynamically in changing environments.

VIIl. CONCLUSION

We have described a new strategy for selecting robot's
aggression, calletieam local investmenwhich exploits and
maintains the emergence of dynamic teams of robots. We
presented experimental results that demonstrate tiwan
local investmenimproves system performance over the best
previously known method. The results show that utilizing ag
gressive robot technique expands the performance/pagulat
envelope of our multi—robot system: it improves peak perfor
mance and delays the reduction in performance with inctease
population size. These are the characteristics that define a
effective interference—reduction technique.
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