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Abstract— A large group of robots will often be partitioned
into subgroups, eachsubgroup performing a differ ent task. This
paper presentsfour distrib uted algorithms for assigningswarms
of homogenousrobotsto subgroupsto meeta speci�ed global task
distrib ution. Algorithm Random-Choiceselectstasks randomly,
but runs in constant time. Algorithm Extr eme-Comm compiles
a complete inventory of all the robots on every robot, runs
quickly, but uses a great deal of communication. The Card-
Dealer's algorithm assignstasksto individual robotssequentially,
usingminimal communicationsbut a greatdealof time. The Tree-
Recolor algorithm is a compromisebetweenExtr eme-Command
Card-Dealer's, balancing communicationsuseand running time.
The thr eedeterministic algorithms dri ve the systemtowards the
desiredassignmentof subtaskswith high accuracy. Weimplement
the algorithms on a group of 25 iRobot SwarmBots, and collect
and analyze performance data.

I . INTRODUCTION

Thedynamicassignmentof tasksin multi-robotsystemshas
many applications.Whenantsforage,differentworkers must
simultaneouslyscout food sources,lay trails, and transport
prey back to the nest[1]–[3]. In a search-and-rescuemission
of 40 robots,a preferredtaskassignmentmight be 30 robots
to explore the environment, 2 to mark resources,and 8 to
maintainacommunicationsnetwork [4], [6], [7]. Thisdistribu-
tion, (75%; 5%; 20%), shouldbemaintainedasreinforcements
arrive, or robots leave to recharge their batteries.When an
entire subgroup is removed, the remaining robots should
reassignthemselves to preserve the global distribution. The
systemshould also be responsive to new global distribution
inputs from a useror a task-allocationalgorithm.

Thetaskallocationproblemin multi-robotsystemstherefore
has two components:1) deciding how to divide a group
of robots into subgroups,with eachsubgroupperforming a
separatetask; and 2) achieving the desiredsubgroupassign-
ment in a distributed system.The �rst componentconsists
of determininganoptimalnumberof subgroupsinto which to
divide therobotpopulation,andanoptimaldistribution for the
relative sizesof thesesubgroups.The secondconsistsin hav-
ing robotsdetermine,throughlocal interactions,which group
to join to achieve the desiredglobal task distribution. This
paperaddressesthe secondcomponent,assuminga “black-
box” solutionto the�rst. Wedescribefour distributeddynamic
taskassignmentalgorithms,analyzethemmathematically, and
implementthemin a swarm of 25 autonomousmobile robots.

All robotsaregiven the target distribution by a centralized

Fig. 1. The iRobot Swarm is comprisedof over 100 SwarmBots,charging
stations,and navigational beacons.Each SwarmBot measures5” on a side
and hasa suite of sensors,communicationshardware, and humaninterface
devices.Hands-freeoperationis essentialwith this numberof robots,andthe
Swarm supportsremotedownloadingandautonomouscharging.

sourcein the form of a vector of normalizedrelative sub-
group sizes,e.g. the tuple (1=6; 1=3; 1=2) for a systemwith
three subgroups.The algorithmsare designedto work on a
swarm of homogeneousrobots,so any robot canperformany
task. The robots sharelimited information about their state
with their immediateneighborsand switch their taskswhen
needed.The four algorithms span a spectrumof trade-offs
betweentemporalef�ciency, communicationscomplexity, and
accuracy.

Algorithm Random-Choiceis the simplestsolution:robots
choosea given taskwith probability equalto the relative size
of that tasksubgroupin the targetdistribution. This algorithm
requiresno communicationandcompletesimmediately. How-
ever, there is a high probability that it will fail to achieve
the target distribution in small to medium-sizedswarms(10-
50 robots).Algorithm Extr eme-Commis at the oppositeend
of the spectrum.Eachrobot useslocal interactionsto build a
completelist of all otherrobotsin theswarm,andusesthis list
to determineits task.Thoughfastandaccurate,the algorithm
requiresa large amountof inter-robot communications.The
Card-Dealer's algorithm usesminimal communicationsby
sequentializingthe task-assignmentproblem into a seriesof
stages;its �a w, thereby, is its long executiontime. Finally, the
Tree-Recoloralgorithm is a compromisebetweenExtr eme-
Comm and Card-Dealer's, balancing communicationsuse



A :  N u l l  T a s k  A l l o c a t i o n B :  D e s i r e d  T a s k  A l l o c a t i o n C :  I n c o r r e c t  T a s k  A l l o c a t i o n

Fig. 2. Illustration of taskassignmentfor a groupof 12 robots.The desiredtaskassignmentis given in percentagesof red(darkgrey), green(mediumgrey),
and blue(light grey), (1=6; 1=3; 1=2). In the left panel,noneof the robotshave selecteda task. In the right panel,the task assignmentis incorrect.A task
assignmentalgorithmwill drive the systemto the distribution illustratedin the centerpanelwith 2 reds,4 greens,and6 blues.Note that robotswith similar
tasksareplacedneareachother for illustrative purposes- this is neithera resultof nor a requirementfor algorithmexecution.

andrunningtime by usinggradienttrees.All of thealgorithms
are robust to the removal or addition of robots at any time,
which is critical for implementationin any real multi-robot
system.

We implementedthe algorithms on a group of iRobot
SwarmBots(Figure1). Thealgorithmsgenerallyperformedto
predictedlevelsof communicationsusage,temporalef�ciency,
andassignmentaccuracy, but problemsarosedueto bandwidth
limitations in the communicationhardware of the SwarmBot
system.

A. RelatedWork

The �rst stageof the taskallocationproblem– thedetermi-
nationof theoptimalgroupstructureandsizedistribution for a
varietyof distribution problems– hasbeenstudiedextensively
by Mataric and others[8], [9], [11]. The problem we study
here,thatof achieving a targetdistribution,hasbeenaddressed
usingprobabilisticthresholdmodels[12], [3], [13], [14]. But
thesetechniquesdo not provide preciseand variablecontrol
over global task distribution, and provide no guaranteefor
successin small groups. Also, when the number of tasks
exceedsa small number(often 2 or 3), probabilisticthreshold
methodsoften have multiple steady stateswhich can trap
systemsaway from a desiredtask distribution [12]. What is
neededis analgorithmwhich deterministicallydrivesthe task
distribution to the desiredglobal proportions,independentof
othersystemdynamics.

B. ProblemDescription

We model a swarm of n robots f x I D j1 � I D �
M axRobotsg for some large constantM axRobots. Each
robot has a unique hard-codedidenti�cation number, a pro-
cessor, and enough memory to store state proportional to
n. Each robot has a communicationssystemthat enablesit
to communicatewith its neighbors, robots that are within a
circle of some �x ed radius determinedby the communica-
tions hardware. Thesecommunicationneighborhoodsde�ne
a directed graph G whose nodescorrespondto robots and
whose edgescorrespondto communicationslinks between
neighboringrobots.We requirethis graphto be connectedat
all times.Eachrobotselectsan integer taskbetween1 andm,
anda robot canchangetheir taskassignmentat will.

Every robot has a local execution clock which regulates
algorithmexecutionandmessagebroadcast,andevery robot's
executionclock incrementsat thesamerate.This rateis much

slower than the robot's actualprocessorclock, so eventscan
bemodeledasoccurringinstantaneouslyon each“tick” of the
executionclock. Therefore,algorithmswill be executedat the
samerateon eachrobot,even thoughno two robotsarelikely
to executethe sameinstructionsimultaneously. Therefore,the
swarm as a whole has a well-de�ned execution cycle, the
period during which all robots have collectedmessagesand
executedan algorithm exactly once, though different robots
will not be at the samepoint in the cycle at the sametime.
We canthereforemodelthe swarm asa synchronousdynamic
network; i.e., as if therewere one global clock to which all
events synchronize,even when robots enter or depart.The
algorithmsdescribedin this paperdo not dependon global
synchronization,only on thefactthatdurationof theexecution
cycle is the samefor all robots.

At any given momentt, the systempossessesa taskdistri-
bution vector dv(t) = (n1=n; : : : ; nm =n) in which n i is the
numberof robotsin task-groupi .1 Theglobal taskassignment
problem is to �nd a distributed algorithm such that given a
target distribution vector p = (p1; : : : ; pm ), the distribution
dv(t) convergesascloseto p aspossible.That is,

lim
t !1

dv(t) = argmin v fjj v � pjj2 forjvj = ng:

Additionally, we want the algorithmto be insensitive to arbi-
trary changesin the total numberof robotsn, or the topology
of graphG, as long as the network remainsconnected.

I I . FOUR ALGORITHMS

A. TheRandom-ChoiceAlgorithm

In the Random-Choicealgorithm eachrobot draws a ran-
domnumberx 2 [0; 1] uniformly andbinsit with respectto p:
if x 2 [p1 + : : :+ pi � 1; p1 + : : :+ pi ] thentherobotenterstask-
groupi . Its runningtime is O(1), dependingonly on the time
it takesto chooseandbin x. No inter-robot communicationis
required.

Let X i be the random variable de�ned by the relative
percentageof robots in task i after n robotshave chosenas
above,sothatX = (X 1; : : : ; X m ) is a randomm-dimensional
columnvectorwhoseentriessum to 1. The variablen � X is
distributedaccordingto the (m � 1)-dimensionalmultinomial
distributionwith samplesizen andmeanE[X ] = n�p. Hence,
X itself is distributed accordingto a (m � 1)-dimensional

1Sincen =
P C

i =1 n i , the elementsof p sumto unity.



multinomial distribution in which the domain has beennor-
malized by n, the numberof robots.X has expectedvalue
E[X ] = p andcovariancematrix

� p = E[(X � E[X ])(X � E[X ])T ] =
1
n

(D p � p � pT );

wherepT is the transposeof p, a m-dimensionalrow-vector,
andD p is the diagonalmatrix whosei -th diagonalelementis
pi . Hence,accuracy improvesquickly asn increases.However,
in a groupof 40 robots(a largenumberby today's standards),
a task requiring 5% of the total robotsstandsa nearly 13%
chanceof receiving no assignment.If this task is required
for the global application,the entire missionwill fail. Many
practicalsystemsaretoo small for suchprobabilisticmethods
to be reliable.

However, Random-Choice is optimally accurateif inter-
robot communicationis prohibited. One direction for im-
provementis representedby the probabilisticthresholdmod-
els developed Deneubourg et al. and others [3], [12]–[14].
After initializing via the Random-Choice algorithm, each
robot would query its neighors' task states:the further the
local distribution is from optimal, the more likely the robot
would changeits task to rectify the imbalance.This kind
of algorithm will converge to a near-optimal distribution in
most circumstances.However, thesealgorithms still have a
non-trivial probability of failure for distributions with small
relative assignments,or in small-to-mediumsized systems.
The thresholdmodels are not usablein applicationswhere
robotsperformingthe sametaskneedto be neareachother.

B. TheExtreme-CommAlgorithm

In the Extr eme-Commalgorithm,eachrobot constructsa
list of the IDs of all the robots in the network. Each robot
selectsits task basedon its relative position in this list. The
algorithmrunsquickly, but as its namesuggests,it requiresa
large amountof inter-robot communication.

At every executioncycle, eachrobotbroadcastsa RobotID
messageto its neighborscontainingthe tuple (MyID, times-
tamp) of its own ID and its current execution clock value.
During eachcycle, therobot receivesnew RobotID messages
from its neighbors,andcompilestheminto a list. In the next
cycle, it rebroadcaststhis list of messages,along with a new
RobotID messageof its own with an updatedtimestamp.
The algorithm runs continuously, so that RobotID messages
from each robot propagate throughout the network. After
T = D iam(G) cycles, eachrobot will have an accuratelist
of all the robotsin G. A new robot addedto the network will
propagatemessagesasabove, andits presencewill be known
to all other robotsin at mostT cycles.Oncea messageshas
beenrelayed,it is storedon a separatelist for a “refractory
period”P beforebeingdeleted.Therobotdoesnot rebroadcast
messagesfrom this list, or any copiesof themreceived from
neighbors,a secondtime. If a robot is removed, its absence
will be notedwithin T executioncyclesby all robots,sinceit
will no longerbepresentto propagatenew copiesof messages
bearingits ID.

Sinceeachrobot maintainsa list of the IDs of all the other
robotsin the network it candetermineits relative position in
that list. Eachrobotthenselectsa taskby takingits positionin
thelist andbinningit with respectto p, justasin theRandom-
Choicealgorithm.Note that thealgorithmdoesnot requirean
unboundedtimestampin the RobotID messages,andcanuse
one which resetsto 0 after reachingsomemaximum value,
as long as the maximum value is larger than the refractory
periodP. The largestvalueof P requiredis D iam(G), but P
canbemadeasshortas2 cycles,thoughsmallervaluesmake
the algorithm less robust to network topology changes.The
algorithmis self-stabilizingandconvergesdeterministicallyto
the correct task distribution within T cycles of initialization
or T + P cyclesof any perturbation.

The communicationscomplexity per-robot per-cycle scales
as n, since each robot must send one RobotID message
for every robot in the network. The expectedtotal number
of messagessentby all robotsduring convergencescalesas
D iam(G) � n2, which could make this algorithmimpractical
for a swarm with modest communicationbandwidth. The
algorithm is also unattractive aestheticallybecauseit collects
a large aboutof global informationon eachrobot that it does
not useto solve the problem.

C. TheCard-Dealer's Algorithm

The Card-Dealer's algorithm breaksthe task assignment
probleminto aseriesof stages.At eachstage,a robotis “dealt”
a taskasa function of the stagenumber, just asa cardplayer
is dealta cardasa function of her positionarounda gaming
table.Thereareasmany stagesasrobotsin thesystem,andthe
algorithmcompleteseachstagebeforemoving on to the next.
This causesthe algorithmto run slowly. But unlike Extr eme-
Comm, Card-Dealer's never calculatesor storesany global
quantities,therebyminimizing inter-robotcommunicationand
memoryrequirements.

In every stageof theCard-Dealer's algorithm,a “competi-
tive suppression”techniqueis usedto identify the robot in the
network with smallestID. Eachrobotbroadcastsits own ID to
its neighborsrepeatedly, unlessit receivesa similar broadcast
messageindicating that a robot with smaller ID is present.
It then switches to rebroadcastingthis smaller ID, until it
receivesa messageindicatingthata robotwith anevensmaller
ID is present,at which point it switchesto rebroadcasting
that ID instead.This procedurecontinuesuntil, after at most
T = D iam(G) steps,the smallest ID in the network, say
LI D1, haswon out andis known to all robots.After waiting
for T cyclesduringwhichLI D 1 hasremainedstable,therobot
with this smallestID, xLI D 1 , selectsits taskaccordingto the
rule describedbelow. This robotthendeclaresthebeginningof
stage2. This beginsanotherroundof competitive suppression,
which identi�es thesecond-smallestID in thenetwork. During
this periodthe�rst robotrelaysmessagesbut doesnot actively
participatein thecompetitive suppressionprocedure.Oncethe
new minimum ID stabilizes,the selectedrobot xLI D 2 selects
its task, declaresstage3, and setsitself to be inactive. This
procedurecontinuesuntil the robot with highest ID in the



network selectsits task and becomesinactive. When no new
stagehasbeenannouncedfor more than T steps,all robots
resetthe stagecounterand reactivate. The whole procedure
repeats,runningcontinuously, to allocaterobotsthathave been
newly addedto or removed from the network.

The Card-Dealer's algorithmrequireseachrobot to obtain
an estimateof the diameterof the network in order to know
how long to wait at eachstage.This is to ensurethat robots
wait long enoughto identify theuniqueminimal ID at a given
stagebeforemoving on. Descriptionof a diameterestimation
algorithmis given in subsectionII-E.

The orderof taskchoicein the Card-Dealer's algorithmis
basedon the fact that any distribution p 2 Qm possesses
a minimal representation, the sequenceof integers v =
(v1; : : : ; vm ) of minimal sumV =

P
i vi suchthat p = v=V.

The simplestordering would be for the robot at stages to
pick task i if s mod V is betweenv1 + : : : + vi � 1 and
v1 + : : : + vi ; this “bins” s with respect to the minimal
representation.If the size of the populationn is divisible by
V , this achievesoptimalaccuracy. However, if n mod V 6= 0,
the last n mod V robotsare part of an incompleteminimal
representation.Dependingon theorderin which thepreceding
robotshavebeenretasked,theresultingdistributionmaynotbe
a closest-possibleapproximation.Becausethe Card-Dealer's
algorithm never calculatesthe total numberof robots in the
system,it cannotexplicitly take advantageof knowing n, and
thereforen mod V , to compensate.

However, a betterorderingcan be chosen,so that regard-
less of the value of n mod V , the resulting distribution is
optimal. The key fact is that the closestapproximationto
a given p = (p1; : : : ; pn ) by an integer sequenceof length
k, say, (p1;k ; : : : ; pn;k ), is equalto the closestapproximation
generatedfrom (p1;k � 1; : : : ; pn;k � 1) by adding1 robot to one
of the task types.This canbe seenby noting that

min P
i n i = k

nP m
1

�
pi � n i

k

� 2
o

= min j

� �
pj � pj ;k � 1 (k � 1)+1

k

� 2

+
P

i 6= j

�
pi � pi;k � 1 (k � 1)

k

� 2
�

:

If we let

j �
k = argmin j

� �
pj � pj ;k � 1 (k � 1)+1

k

� 2

+
P

i 6= j

�
pi � pi;k � 1 (k � 1)

k

� 2
�

thenthesequencesk = j �
k is theoptimalsequencefor eachk.

Furtheranalysisshows that j � can be evaluatedvia a simple
non-recursive procedure.

The Card-Dealer's algorithm is self-stabilizing under
changesin the robot population.First, considera robot x I D

to be addedin to the systemat time t. This robot will be
active when added.If its ID is smaller than that of any of
the active robots,it will win the competitive suppressionand
selectits taskin that stage.If not, thenit will wait for its turn

as if it hadbeenpresentsincethe beginning. Now considera
robot x I D that is removed from the network. If x I D is still
activeandthereexistsanactive robotx I D 0 in thenetwork with
I D 0 < I D , then the algorithmwill simply skip over the lack
of x I D asif it never werepresentin the �rst place.If x I D has
alreadyselectedits task,thenthegapwill be recti�ed afterall
otherrobotshave selectedtheir tasksandthe stagecounteris
reset.The only casein which caremustbe taken is if x I D is
therobotwith smallestID active in thenetwork at that instant.
In this case,the network might alreadyhave propagatedx I D

asthe lowestactive robot,andotherrobotsin the systemwill
have storedthis as their value for the LI D variable.If x I D

is removed before retaskingand sendingthe signal for the
next stage,then the algorithmwill encountera livenessfault,
becausethe systemwill not know to move on and identify
the robot with the next largestID as a replacementfor x I D .
This problem is solved by adding a liveness-errorcheck. If
the value that a robot storesin LI D doesnot changefor a
longertime thancouldariseif xLI D werepresent,robotsclear
LI D , wait for 2D iam(G) cycles,andreturn to searchingfor
the robot with the lowest ID.

The Card-Dealer's algorithm is as slow as the Extr eme-
Comm algorithm is communications-intensive. The expected
running time scales as O(D iam(G) � n). However, the
per-robot per-cycle communicationscomplexity is constant.
Hence, the total number of messagespassedbetween all
robotsduringconvergencescalesasD iam (G) � n2, just asin
Extr eme-Comm.

D. TheTree-RecolorAlgorithm

The Tree-Recoloralgorithm electsa robot by competitive
suppressionas in the Card-Dealer's algorithm, and uses
gradientsto constructa spanningtree of the network with
that robot as root. By standardtree-summingalgorithms,the
task distribution in eachsubtreeis computedand propagated
up one level, so that the root eventually receives the global
distribution. The root usesthis information to computeand
distribute “retasking” messagesthat causerobots below it
in the tree to switch to the correct task. The Tree-Recolor
algorithmusesgradienttreesto balancecommunicationsusage
andrunning time.

A gradient is a multi-hop messagingprocedureused in
many routing protocolsto �nd optimal routesthroughad hoc
networks [16]. A source robot createsa gradient message
that is broadcastto its neighbors.Each robot rebroadcasts
received gradientmessages,which propagatethroughthe net-
work. Whenever a non-sourcerobot receives several gradient
messagesin the sameexecutioncycle, it relaysthe one with
the lowest hop-count,adding 1 to account for itself. This
constructsa tree on the graph G with the sourcerobot as
root.Otherrobotshave aparentand(possiblyseveral)children
in this tree. The tree is continually rebuilt from the source
outward; if the sourceis removed, the gradientdies out in a
controlledfashion[6]. This dynamicmaintenanceis essential
for applicationsin swarms of mobile robots. Many elegant
algorithmsarede�ned on trees,andby constructingaspanning



tree via gradients,the swarm is able to take advantageof all
thesealgorithms.

In Tree-Recolor, each robot begins as a source for the
gradient.The gradientpropagation algorithm from above is
modi�ed so that a messagefrom a sourcewith a lower ID
is selectedfor rebroadcast,even if it hasa higher hop-count
thana messagefrom anothersource.Messagesfrom thesame
source are evaluated as describedabove. This producesa
competitive suppressionof highersourceIDs (asin theCard-
Dealer's algorithm), and the robot xmin with the minimal
ID in the network eventually wins out as the uniquesource,
becomingthe root of a spanningtree T of G. Leaves, level
1 robots,sendmessagescontainingtheir taskto their parents,
the level 2 robots. The level 2 robots sum thesemessages,
computing the number of children they have in each task.
They then pass this information up the gradient to their
parents,taking careto add1 for their own task.This repeats
on each execution cycle at all levels of the tree, so that
the sourcereceives an accuratepicture of the currentglobal
task distribution, as long as G remains stable for at least
T = 2� Depth(T ) cycles.In addition,eachrobot learnswhat
level it is in the treeby taking the maximumof the levels of
its children,adding1, and passingthis up to its parent.The
sourcethus learnsDepth(T ) aswell.

Whenthevaluesof thedistribution sumsseenby thesource
arestablefor morethanD iam(G) cycles,thesourcecalculates
a “retasking-array”R, a matrix in which the (i; j )-th entry is
thenumberof robotsin task-groupi thatshouldswitchto task-
group j to achieve the goal distribution. The sourcechanges
tasksitself, if appropriate,and then calculatesand transmits
“subtreeretaskingarrays”, R1; : : : ; Rk , one to eachof its k
children. Care is taken to ensurethat each of thesearrays
contain no more retaskingcommandsfor a given task than
robots in that subtree.The children processtheir retasking
arrays,changingtheir own task if necessary, then calculate
and transmit subtreeretaskingarrays to their own children.
The retasking commandsspreadas a wavefront down the
tree. When they reach the leaves, the goal distribution is
achieved. The sourcewaits T cycles before broadcastinga
new retaskingarray, ensuringthat the previous arrayshave
completedtheir propagation andthe new tasksumsre�ecting
thechangeshave accumulatedbackat thesource.Transmitting
new retaskingarraysearlier than this could causethe global
task assignmentto becomeunstable,and goal distribution to
never to be achieved.

Since Depth(T ) � D iam(G), the run time of the Tree-
Recolor algorithm is O(D iam(G)) , comparableto that of
the Extr eme-Comm algorithm. However, the per-robot per-
cycle communicationsusagescalesasO(km), wherek is the
maximumallowed numberof retaskingmessagestransmitted
per cycle, plus one gradient message.This maximum is
determinedby thehardwareimplementation.Communications
usageis signi�cantly betterthan Extr eme-Comm, as m, the
numberof differenttasks,is usuallysmallerthann. The total
numberof messagespassedthroughoutone full run of the
algorithmscalesasO(m � n � D iam(G)) which is onefactor

Fig. 4. The iRobot SwarmBot is designedfor in vivo distributedalgorithm
development.EachSwarmBot has four IR transceivers, one in eachcorner,
allowing nearbyrobotsto communicateanddeterminethebearing,orientation,
andrangeof their neighbors.An omnidirectionalbump skirt providesrobust
low-level obstacleavoidance.The 40 MHz 32-bit microprocessorprovides
more thanenoughprocessingpower for our algorithms.

lessin n than the previous two algorithms.

E. DiameterEstimation

The Card-Dealer's and Tree-Recoloralgorithmsneedto
synchronizerobotstatetransitionsto within a diameterperiod
acrossthe network. To achieve this, they must estimatethe
worst-casetime thata messageneedsto propagatethroughout
the network. This is determinedby the diameterD iam(G),
the maximumdistancebetweenany two nodesin G.

The diametercan be estimatedby startinga gradienttree
from any node a 2 G, and noting that D iam (G) � 2D
whereD is thedepthof thegradienttree.TheCard-Dealer's
algorithmrunsa diameterestimationalgorithmfrom therobot
in thesystemwith smallestID. Maximumdepthestimatesare
propagatedup the tree to the root, which thenbroadcaststhe
global maximum to the rest of the robots via the gradient.2

TheTree-Recoloralgorithmexactly replicatesthis calculation
when it determinesthe treedepthasdescribedabove.

I I I . IMPLEMENTATION

A. Hardware Description

We implementedthe algorithms on a group of iRobot
SwarmBots.EachSwarmBot(Figure4) is mobileandcontains
a suiteof sensors,inter-robotcommunicationandlocalization,
anda microprocessor.

Each robot transmitsits public stateat the end of every
execution cycle. The time for each cycle is the same for
all robots, which ensuresthat each robot will receive only
one set of messagesfrom eachof its neighborsduring any
cycle, enforcing the synchronicity model from section B.
The cycle period is 250 ms, short enoughfor smoothrobot
motioncontrolbasedonneighborpositions,but longenoughto
preserve communicationsbandwidth.The link layer protocol
is similar to the Aloha [17] protocol, in that each robot

2Whenthe algorithminitializes,beforeidentifying LI D 1 , eachrobot uses
M axR obots as its (over-)estimatefor the treediameter.



Algorithm running time PerRobotComm.Rate Total Comm. Error Variance
Random-Choice O(1) 0 0 O(1=n)
Extr eme-Comm O(D iam (G)) O(n) O(n2D iam (G)) 0
Card-Dealer's O(n � D iam (G) O(1) O(n2D iam (G)) 0
Tree-Recolor O(D iam (G)) O(m) O(nmD iam (G)) 0

Fig. 3. Comparisonof the asymptotictheoreticalupperboundson the four algorithms' runningtime, communicationsusage,andaccuracy. The notationn,
m, andG respectively denotethe total numberof robotsin the network, the numberof tasksin the goal distribution, andthe network graph.Runningtime is
de�ned asthe numberof executioncyclesbetweenstabilizationof the robot populationandstabilizationof the �nal taskdistribution. The per-robot per-cycle
communicationsrate is de�ned as the numberof messagessentby a single robot in a single executioncycle. (Thereare four executioncycles per second.)
The total communicationsburdenon the network is de�ned to be the sumover all robotsof the per-cycle per-robot communicationsrateuntil the algorithm
converges.Accuracy is measuredby the varianceof the theoreticalerror distribution between�nal stabilizedstateandactualtarget distribution.

transmitswith minimal 3 checkingto prevent collisions with
a neighboringrobot's transmission.Care must be taken to
not saturatethe communicationschannel,as this can cause
network “crystallization”andcatastrophiccommunicationfail-
ures.With 10 neighbors,eachrobot hassuf�cient bandwidth
to receive about18 messagesper neighborper cycle, a very
tight constraint.

EachSwarmBot is adornedwith large red, green,andblue
“Behavior LEDs” andhasa MIDI audiosystem.We usethese
lights and soundsto monitor the internal stateof the robots.
In particular, the task a robot hasselectedis representedby
illuminating oneof theseLEDs,sowe limited our experiments
to threetaskgroups– red, greenandblue – to allow the use
of a standardvideo camerafor datacollection.

B. Experiments

We conductedthreesetsof experimentsto measureeachal-
gorithm's assignmentaccuracy andconvergencetime, running
time as a function of total numberof robots,and stability to
externaldisturbances.

Convergence and Accuracy: The �rst experiment was
designedto measureconvergencetime andaccuracy. Conver-
genceerroris de�ned asthedistancefrom thecurrentdistribu-
tion vectoranda �x ed goal distribution p = (1=6; 1=3; 1=2):
e = jjdv(t) � pjj2. The resultsare shown in Figure 5. All
threealgorithmswere highly accurate,with Extr eme-Comm
and Card-Dealer's producing�nal assignmentswith no er-
rors. The Extr eme-Comm algorithm converged the fastest,
but Card-Dealer's outperformedTree-Recolor on average,
ignoring the theoretical results that predict otherwise.The
Card-Dealer's algorithmuseslittle communications,andran
exceptionally well on the Swarm. But, even for this small
swarm,theaverageconvergencetime was53 seconds,making
this algorithmimpracticalfor largeswarms.TheTree-Recolor
algorithm relies on gradient trees to propagate partial sums
of the current distribution back to the root robot. Messages
dropped during this processwere common, which caused
incorrectsummations,leadingto an incorrectdistribution ac-
cumulatingat theroot,andthenincorrectretaskingarrayssent
backdown thetree.Someof theexperimentalrunsshowedthe
promiseof the Tree-Recoloralgorithm, with the correctas-
signmentbeingachieved in two retaskingcycles(21 seconds),

3If a robotis receiving amessage,it will wait to transmit,but will not adjust
the transmittime for the next neighborcycle. This ensuressynchronicity, but
cancauserepeatedcollisionswhenthe robotsarestationary.

only twice theminimumrunningtime.Therearetechniquesin
theliteratureto helpstabilizethetreecomputations(takingthe
maxover windows of time, encodingpacket routinghistory to
deal with topology changes[15], etc.), someof which might
bring the convergencetime closerto the theoreticallimits. It
is interestingto note that Extr eme-CommandTree-Recolor
both measurethe current distribution and use feedbackto
convergemonotonicallytowardthegoal,while Card-Dealer's
makesuninformedtaskassignmentsat eachround,causingthe
global error to increasewhile running.

Running Time: The secondexperimentmeasuredthe con-
vergencetime as a function of the numberof robots in the
network. We progressedfrom 4 to 25 robots,which is close
to the bandwidth limit for Extr eme-Comm. We arranged
the robots so that the diameterof the network was known
a priori and the minimum running time could be computed
directly. For eachgroupsize,severalrunsfrom arandominitial
distribution to an assignmentof p = (1=6; 1=3; 1=2) were
timed.Theexecutioncycleof 250msandthealgorithmdesign
wereusedto computea lower boundon the runningtime, but
actual running time dependedon communicationserrors,as
lost messagesimpededperformance.This canbe modeledby
extendingtheexecutioncycleandcalculatingexpectedrunning
times.Theexpectedexecutioncycle is � 37%longerthanthe
minimum [6]. The resultsareshown in Figure6.

The Extr eme-Commalgorithmperformedwell, but as the
communicationsburdenincreased,themeasuredrunningtimes
moved further from the expected running times, possibly
becausethe communicationsusagewas outsideof the usage
patternsusedto characterizethe system.The Card-Dealer's
algorithmranperfectlyeachtime, generatingdatawith almost
no variance.Again, the Tree-Recoloralgorithm ran slower
thanexpected,with a large variancein convergencetime. The
sourceof errors was the sameas the previous experiment-
incorrectsumscausedby fragile gradienttrees.

DisturbanceRejectionand Self-Stabilization:Thethird set
of experimentsmeasuredthe disturbancerejectionproperties
of the threealgorithms.Four disturbanceswere introducedin
sequence:1. Initial transitionfrom p = nul l to p = (1; 0; 0),
2. transition from p = (1; 0; 0) to p = (0; 1=2; 1=2), 3.
transitionfrom n = 24 to n = 12 while keepingp constant,4.
transitionfrom n = 12 to n = 24 while keepingp constant.
A centralizedradio network was usedto broadcastthe new
distribution andpopulationcommandsto a groupof 24 robots.
Figure 7 shows the results,with grey lines indicating when



 

Fig. 5. The convergencepropertieswere measuredby running eachalgorithm 8 times on a group of 18 robots,and measuringthe normalizederror as a
function of time. In all runs, the robotsstartedfrom an randominitial assignment,and converged towardsp = (1=6; 1=3; 1=2). The Extr eme-Command
Card-Dealer's algorithms' temporalperformancewascloseto the theoreticallimits, andboth converged to the correctdistribution in all runswith no error.
TheTree-Recoloralgorithmstruggledwith communicationerrorswhich extendedits runningtime well beyond the theory, but it still convergedto thedesired
distribution.

Fig. 6. The runningtime of all threealgorithmsscalewith the total numberof robotsin the network. This graphshows time plottedagainst the numberof
robotson log-log axes.Con�gurationscontainingbetween4 and25 robotsweretested.Solid lines show the predictedrunningtime with no communications
errors,dashedlines show the expectedrunningtime with typical errors.Dots aredatapoints from individual experiments.The Card-Dealer's andExtr eme-
Comm algorithmsperformancewascloseto theexpectedrunningtime,while theTree-Recoloralgorithmwasfar from expected.This wascausedby incorrect
summationinformationpropagating back to the root of the gradienttree,making the subsequentretaskingcommandsincorrect.

eachof the disturbancesoccurred.

The Extr eme-Commalgorithmshouldhave easilyhandled
all of thesedisturbances.Unfortunately, problemswith the
robots' radioscorruptedmany of the datasets.Attemptswere
madeto separateerrorscausedby theexperimentalsetupfrom
errorscausedby inter-robot communications,but unexplained
variancesare still present.The distribution changeat t = 5
occursvery quickly, becauseeachrobot hasalreadycompiled
thelist of all theotherrobots,andcanselectanew taskin O(1)
time. Removing half of the robotsproduceda plateauin the
error from t = 10 to t = 12:5 becausethe timestampin each
RobotID messagemust becomeinvalid beforethat message
can be removed from a list of robots.This is in contrastto
the next disturbanceat t = 20 when the 12 robotsare turned
back on. The algorithm addsrobotsas new messagesarrive,
quickly driving the error towardszero.

BecausetheCard-Dealer's algorithmdoesnot measurethe

currentdistribution, its worstcaseresponseto eachdisturbance
is the same:2 � n � D iam(G). The initial assignmentand
thedistribution changeshow thatCard-Dealer's only changes
the task of one robot at a time. The small error after the
population changefrom 24 to 12 robots is misleading,as
removing randomrobots did not have a large effect on the
global distribution, but causedCard-Dealer's to changethe
taskson many of the remainingrobots.

The Tree-Recoloralgorithmwashinderedby the sameex-
perimentalsetupasExtr eme-Comm aswell as the gradient-
treesummationerrorsmentionedearlier. As before,therewas
a large varianceon convergencetime, pointing to room for
improvement.

IV. CONCLUSION AND FUTURE WORK

The four solutionspresentedhereexhibit different scaling
propertiesand communicationsrequirements.All four could
�nd a place in the distributed algorithm designer's toolbox



Fig. 7. All of the algorithmsare self-stabilizingwhen subjectto external disturbances.This trio of graphsdisplaysthe recovery of the algorithmswhen
subjectto four differentexternaldisturbances;the initial convergence,a goaldistribution change,removal of half of therobots,andreplacementof theremoved
robots.Normalizederror is plotted against time in all graphs,but the absolutetimes in eachgraphare different. Eight runs of Extr eme-Commproduced
the dataon top. The algorithm performedwell, but the data is partially corruptedby errors in our experimentalsetup.Someof this can be seenafter t =
16, as the error begins to rise, even thoughthereis no disturbance(comparewith Fig. 5). The plot of Card-Dealer's shows the algorithm's steadyprogress.
Multiple runsproducedidentical results,so only oneexampleis shown here.The magnitudeof the error after the �rst populationchangeis small, but many
robotsneededto switch tasks,which canbe very disruptive. The Tree-Recoloralgorithmwashinderedby the sameexperimentalsetupasExtr eme-Comm
aswell as the gradient-treesummationerrorsmentionedin the text. It convergedaccurately, but not rapidly.

for practicaldynamictaskassignment.A usefulenhancement
would be the ability to specify absoluterequirementson the
minimum or maximumnumberof robotsassignedto a task.
One of the most intriguing researchdirectionssuggestedby
thesealgorithmsis explorationof resourcetrade-offs that are
minimizedby the mostef�cient algorithms,andarebounded
below by some “conserved quantity” associatedwith the
dynamictaskassignmentproblem.Anotherimportantquestion
is to understandhow to combineresultsfrom this work with
approachesto locally determiningtheoptimaltaskdistribution.
Futurework could follow up on this theoreticalquestion,in
addition to implementingandoptimizing speci�c solutions.
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