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Abstract— Multi-r obot task allocation is the problem of
determining an ef cient mapping between robots and tasks.
The ef ciency can be measured by various factors such as the
task completion time, solution quality, and the costsof the robot
team. Usually, a task being allocated can be accomplishedby
either a singlerobot with a weakly-cooperative solution or by a
coalition of multiple robotswith a strongly-cooperatie solution,
depending on the specic task requirement and the current
capabilities of the team members.In our approach, robots rst
form coalitions at the lower level to solve a task. Coalitions,
which are composedof multiple robots or a single robot, then
competefor tasks at the higher level. By combining the above
two layers, our approachis exible and adaptable for a broad
range of multi-r obot applicationswith both strongly cooperative
and weakly cooperative solution strategies. In particular, our
approach enablesthe simultaneousallocation of multiple tasks
and thus enhancethe overall ef ciency of the team. However,
determining the winner coalitions soasto optimize the ef ciency
of the teamis NP-hard, which is equivalent to a SetPartitioning
Problem. We propose an anytime algorithm that gradually
improves the quality of task allocation over a period of time
and ultimately nds the optimal solution give enoughtime.

I. INTRODUCTION AND RELATED WORK

Multi-robot task allocationis the problemof determining
an ef cient mappingbetweenrobots and tasks. The taxon-
omy describedin [8] divides the task allocation problem
into different cateyories: (1) basedon the characteristicof
tasksolutions:single-robot(SR) vs. multi-robot (MR) tasks;
and (2) basedon the number of tasks being considered
for allocation: instantaneouglA) vs. time-extended (TA)
assignment.A single-robot task is the one that can be
accomplishedndependentlyby a singlerobot. We call these
task solutionsweakly-coopeative and the pool of tasksare
usually completedsequentially A multi-robot task typically
requiresa stronglycooperatie solution[4], meaningthatthe
taskis not trivially serializable,and cannotbe decomposed
into subtasksthat can be completedby individual robots
operating independently Thus this type of task requires
multiple robotsto actin concertasin a coalition to achie/e
the task objective. The instantaneousssignmentapproach
considersonly onetaskat a time without planningfor future
allocationof tasks.The time-extendedassignmengapproach
consideramultiple tasksconcurrently which meansthat the
allocationprocessnvolvestaskschedulingor planning.This
paperaddresseshe problemof synthesizingboth strongly-
cooperatre and weakly-cooperatie solutionsautonomously

for time-extendedmulti-robot applications.

In pastwork, mosttaskallocationapproachesall into the
SR-IA ([14], [3], [19], [9]) or SR-TA ([5], [24]) cateory.
Typically, a task is decomposednto independentsubtasks
[14], hierarchicaltask trees [24], or roles [19] either by
a generalautonomousplanner or by the human designer
Independensubtasksor roles canbe achiezed concurrently
while subtasksn tasktreesareachievedin orderaccordingo
their precedenceonstraintsThework of [24] alsoaddresses
“tightly-coupled” multi-robot tasks;however, their taskscan
be decomposethto multiple single-robotasksandthusfalls
into the category of weakly-cooperatie tasks.To achieve
time-extendedallocation, an additionallayer of planningis
introducedsuch that robots can opportunisticallyexchange
tasks over time basedon a market economy ([5], [24]).
Somerecentapproache§12], [11], [23], [10]) arebeginning
to deal with the instantaneousassignmentof multi-robot
tasks(MR-IA). The Hoplites approach[11] focuseson the
selectionof anappropriatgoint planfor theteamto execute,
by incorporating joint revenue and cost in the bid. The
work in [10] achieres multi-robot task allocation through
matchingroleswith robot capabilities.The approachin [23]
forms robot coalitions by adaptingthe coalition formation
techniquesusedfor multi-agentsystemg18] to multi-robot
systemsNone of the abore approacheshowever, focus on
autonomougyeneratiorof joint plansfor how robotsshould
work togetherto solve a multi-robot task.In generalrobots
have different sensor effector, and computationalcapabili-
ties. Although a team of resource-boundetbbots may not
possesghe capabilitiesto accomplisha task individually,
they could work with othersas a coalition to sharetheir
information and capabilitiesand thus accomplishthe task.
Our recentwork on ASyMTRe-D [16] generatese xible
techniquedor automatinghe formationof coalitions,which
may involve the sharing of sensory perceptual,and com-
putationalcapabilitiesacrossheterogeneousecammembers.
Thesesolutionsaregeneratean a more ne-grainedschema
level insteadof on the traditonalsensor/taskevel.

Almost no work hasbeendonein allocating multi-robot
tasksin atime-extendedmanney meaningthat multiple tasks
are being allocatedsimultaneouslyand thus both coalition
formation and task schedulingare requiredto achieze an
appropriatemapping.Our mostrecentwork [22] introduced
anapproactthatlayersour ASyMTRe-D coalition-formation



algorithm for autonomoudask solutionswith a traditional
auction-basedanechanisnfor achiezing the sequentialallo-
cation of multiple weakly-cooperatie tasks. However, the
above approachalso falls into the MR-IA cateyory. The
objectve of this paperis to presentan improvement of
the auction-basedmechanismto allow for time-extended
allocationof multiple tasks(thesetaskscanbe either SR-or
MR-tasks)andthusgreatlyimprove the overall teamperfor
mance.When multiple tasksare considered combinatorial
auction ([17], [2]) is often usedfor the robotsto express
their desirability on accomplishingcombination of tasks.
However, thesetasksare often SR-tasksand eachrobot can
win morethanonetaskat a time. Fromthat perspectie, our
problemis equivalentto a combinatorialauctionwhereonly
taskbundleswith sizeoneareconsidered6], but thewinner
determinatiorprocesss morecomplicatedsinceeachwinner
is a coalition (subset)of robots insteadof a single robot.
As aresult,our approachneedsto guaranteahat the winner
coalitionsdo not shareany teammembersBy combiningthe
bene ts of coalition formation and the time-extendedtask
allocation, we believe the resulting approachis a e xible
mechanismfor a broad range of multi-robot applications,
with the ability to generateboth strongly-cooperate and
weakly-cooperatie solution stratgies, as approapriate.

The remainder of the paperis organized as follows.
Section Il describesan application example to motivate
this work. Section Ill describesour approachin details,
particularly the anytime algorithm for time-extendedallo-
cation. Experimentvalidation of the approachis discussed
in SectionlV andwe brie y provide concludingremarksin
SectionV.

Il. MOTIVATING EXAMPLE: THE SITE CLEARING
APPLICATION

To motivate the need for the combinationof strongly-
cooperatre coalitions with task allocation for weakly-
cooperatre tasks,we introducea site clearing application.
This site clearingapplicationis a simpli ed versionof the
site preparationtask [15], which has beenidentied by
NASA as an important prerequisitefor humanmissionsto
Mars. The site clearingapplicationrequiresa speci ¢ areato
be clearedof obstaclesyhich we simplify to be boxeswith
different weights or sizes.The objective of the application
is to clear the site in as little time as possible while
minimizing the costto the robots(e.g.,enegy consumption
or computationalrequirements).For the purposesof this
discussionwe assumehat a mapis availableto enablethe
robotteamto determinethe positionsof the obstaclesn the
area.We assumethat the obstaclego be removed from the
site caneitherbe pushedoutsidethe area,or canbe pushed
to a commoncollectionpoint, asindicatedby a beaconWe
furtherassumehata partial-ordemplannerexiststo determine
the ordering constraintsof remaoving the obstaclesjn case
certainobstaclemeedto be removed beforeother obstacles
can be cleared.For example, one obstaclemay block the
pathto anotherobstacle.

Fig. 1. An exampleof the site clearingtask.

The site clearing application can be decomposednto
a seriesof tasks with ordering constraints.Each task is
aimedat removing oneobstaclefrom the site, which we call
“Remove Obstacle”. Since only some tasks have ordering
constraintsthe systemcan allocatea subsetof the tasksto
the robots for concurrentexecution. Thus, when making a
task allocation decision, robots are consideringmore than
one task at a time. Since obstacles(boxes) have different
weightsor sizes,a “Remove Obstacle"task may requirea
varying numberof robotsto form coalitionsto accomplish
thetaskin a stronglycooperatie mannerthatef ciently uses
the available robot capabilities.Additionally, when multiple
coalitions are available, the systemmust determinewhich
coalitions are the best t to the current set of tasks. An
example of the site clearingtaskis shavn in Figure 1. In
this example, different robot coalitions are requiredto be
formedto pushthe obstacledo the speci ¢ collectionpoints
(ags).

Note that from our perspectie, an individual task cannot
technicallybe catgyorizedin advanceasa multi-robottaskor
a single-robottask. Instead whetheror not the taskrequires
singleor multiple robotsdependaiponthe capabilitiesof the
robotteammembersSomerobotsmay be ableto performa
giventaskon their own (thusmakingthe taska single-robot
task), while other robots may require help from teammates
to accomplishthat sametask (thus making that sametask a
multi-robottask). Our ASyMTRe-D approactfor generating
strongly-coupledask solutionsis ableto nd combinations
of robotcapabilitiesghatcanaccomplishthetaskin eitherthe
single-robotcaseor the multi-robotcase dependingiponthe
teamcapabilities.It is challengingto prede ne solutionsfor
the teamwhenthe team capabilitiesare unknavn at design
time or they changeduring the task execution.

I1l. THE APPROACH: LAYERING COALITION FORMATION
WITH TASK ALLOCATION

The main idea of our approachto allocate multi-robot
tasksto a team of robotsis shovn in Table | and Fig-
ure 2. In general,our approachrst nds a setof tasksT;
from the team-level task T accordingto the partial order
plan. Here, T representsthe set of tasks ftq;ty;:::tg
that satis es the ordering constraintsand the precondition



TABLE |
ALLOCATING MULTI-ROBOT TASKS TO A TEAM OF ROBOTS
Input: (T, R)
1) Find the setof tasksT' , suchthat both the ordering
constraintsand the preconditionsof tasksare satis ed.
2) Con gure solutionsfor eachtaskt; in T' by forming
a setof coalitionsC', basedon t; ‘s objective and the
currentteamcapabilities. _
3) Allocate tasksin T' to coalitionsin C', suchthat:
The task contritution value is maximizedfor T'.
A coalition canwin at mostonetaskat a time. As-
sumingC®  C' is the setof winnerscoalitionsse-
lectedto performthetasksin T', thenthefollowing
condition must be satis ed: 8Ci°;ci°2C°;i 6 :Co\
Cjo =
4) Monitor the execution of tasks. If the entire task is
not complete,start the allocation process(go to step
1) when robots are within  t time to completetheir
currenttasks.Otherwise exit.

Partial-order plan of
the team-level task

High-level task
allocation to robot
coalitions

Low-level coalition
formation through
ASyMTRe-D

Fig. 2. The relationshipshetweentasks,coalitionsand robots.

requirementand thus can be allocatedconcurrently At the
low level, coalitionsf Cy; :::; Cyg from the team of robots
fRy; 1 R, g areformedto addresghe given setof tasksT! .
Each coalition C; may include one to mary robots. These
coalitionsarenot mutually exclusve andmay sharethe same
team members,or could even be identical coalitions. The
coalitions then competefor the assignmenbf tasksusing
anauction-basedaskallocationapproachwith our proposed
arytime algorithm for winner determination.The objective
of the winner determinationstep is to guaranteethat: (1)
the overall task contritution valuefor T' is maximized(we
explain the task contritution later in this section)and (2)
eachcoalition can win at most one task with no winning
coalitionssharingthe sameteammember(s)Oncetherobots
startexecutingthe assignedask,they will inform their status
and becomeavailable for competitionfor the next round of
taskswithin  t time! of thecompletionof their currenttasks.
Thecompleteformalismof the problemcanbefoundat[22].

1t is determinedby the time requiredfor coalition formation and task
allocation.

A. Low-Level Coalition Formation

To better understandhe integrated system,we now de-
scribe our previous work on coalition formation, called
ASyMTRe-D [16]. The ASyMTRe-D approachhas been
developed for addressingthe formation of heterogeneous
robot coalitionsthat solve a single multi-robot task using a
strongly-cooperatee task solution. We sharethe samemoti-
vationbehindcoalitionformationasmentionedn citeshe:95;
that is, robotsin a coalition shouldwork togetherto share
resourcesand cooperateon task executiondueto their deci-
sionthatthey would bene t morefrom working togetherasa
coalition than they would from working individually. More
generally this approachdealswith the issueof organizing
robotsinto subgroupgo form a stronglycooperatre solution
that accomplishesa task collaboratvely basedupon their
individual capabilities.

Thefundamentaldeaof ASyMTRe-Dis to changethe ab-
stractionthatis usedto representobotcompetencefom the
typical “task” abstractiorto a biologically-inspired‘'schema”
abstractionand provide a mechanismfor the automatic
recon guration of theseschemado addresghe multi-robot
taskat hand.To achieve this, we view robot capabilitiesasa
setof ervironmentalsensorghatareavailablefor therobotto
use,aswell asa setof perceptuakchemasmotor schemas,
and communicationschemaghat are pre-programmednto
therobotat designtime. The ASyMTRe-D approachextends
prior work on schematheory [1], [13] by autonomously
connectingschemast run time insteadof usingpre-de ned
connectionsAccordingto the information invariantstheory
[7], the information neededto activate a certain schema
or to accomplisha task remainsthe same regardless of
the way that the robot may obtain or generateit. We can
thereforelabel inputs and outputsof all schemaswith a set
of information types, such as laser range data self global
positioningdata, etc. Two schemaganbe connectedf their
input and output information labels match. Thus, schemas
canbeautonomouslyonnectedvithin or acrosgobotsbased
uponthe o w of informationrequiredto accomplisha task.
With the run time connectioncapabilities task solutionscan
be con gured in mary waysto solve the sametask or can
be recon guredto solve a new task.

We have implementedhe ASyMTRe-D approaclhusinga
distributednegotiationprotocol[21] inspiredby the Contract
Net Protocol[20]. We validatedthis approachthroughsimu-
lation and physical experiments.Theseexperimentalresults
allowed us to conclude that the ASyMTRe-D approach
provides bene cial mechanismdor multiple robotsto: (1)
synthesizestrongly-cooperate task solutions using differ-
ent combinationsof robot sensorsand effectors, (2) share
information acrossdistributed robotsand form coalitionsas
neededo assisteachotherin accomplishinghetask,and(3)
recon gure new task solutionsto accommodatehangesn
team compositionand task speci cation, or to compensate
for faults during task execution. Thus, the ASyMTRe-D
approachcan sene as the low-level solution generatorfor
strongly-cooperatie task solutionsin our approach.



B. High-Level Time-Extendedask Allocation

Although ASyMTRe-D provides the mechanismfor a
heterogeneousobotteamto generatea strongly-cooperatie
task solution by forming coalitions,it canonly handleone
multi-robot task at a time. We therefore use the auction
mechanisnto provide a high-level task allocationapproach
on top of ASyMTRe-D for handling multiple weakly-
cooperatie tasks.By layeringthe auctionmechanismsvith
the ASyMTRe-D approachand the simultaneoudask allo-
cation approach,we are able to achieve the allocation of
both strongly- and weakly-cooperatie tasksin an ef cient
manner The generalauctionprocesss describedbelow.

During the auction process,the auctioneerreceves the
team-leel task T from an human operator and holds a
partial-orderplan for it. It selectsa subsetT' that satis es
the ordering constraintsand makes the auction call for all
tasksin T'. Robotsthat receie T' negotiate with others
through ASyMTRe-D to generateask solutions.Coalitions
areformedbasedon the o w of informationthatis required
to accomplisheach task and are evaluated basedon the
robot cost and successprobability [22]. Eventually the
ASyMTRe-D nggotiationprotocolreturnsthetop ¢ coalitions
for eachgiven task t; (t; 2 T;). A randomly selected
coalition leadersubmitsa bid to the auctioneemith the bid
value representinghow well the coalition can performt; .
The auctioneercontinuescollecting bids until a prede ned
timeout is reached,afer which it determinesthe winning
coalition for eachtask. The auctioneerthen awards each
taskto the leaderof the selectectoalition andeachcoalition
startsexecutingits task. The tasksthat do not nd matching
coalitions are insertedback to T. This processcontinues
until all tasksarecompletedin T. For detailson the general
auctionprocesspleasesee[22].

C. The AnytimeWnner DeterminationAlgorithm

The underlying auction mechanismis similar to other
traditional auction-basedask allocation approachesHow-
ever, our approachis differentin its winner determination
process.This winner determinationprocessstarts after a
prede nedtimeoutis reached Bids are collectedfor tasks
being allocatedin the current round. Each bid contains
information such as the list of coalition membersand the
bid value to performtaskt;. In our currentsetting,the bid
value is a weightedcombinationof both the robot-inheent
cost (suchas sensingand computationalkost) and the task-
speci ¢ cost (such as task completion time and success
probablity). For example, the coalition that can complete
a task with a shortertime, higher succesgrobability and
lower robotcostresultsin a higherbid value.In otherwords,
the bid value representshe contribution that eachcoalition
can bring to the overall task completion. Since robots can
freelyjoin coalitionsin thebiddingprocessit is possiblethat
the coalitions submitting bids in this round sharethe same
team membersor be even identical coalitions. Thus, when
selectingwinner coalitions,the algorithmneedsto guarantee
that the coalitions are mutually exclusive, so that a robot
coalition memberwill not be accidentallyassignednultiple

TABLE 1l
AN EXAMPLE OF THE POSSIBLE BIDS SUBMITTED.
Coalitionssubmitted
t1 fR1;R2;30, fR2;R3;4g andf R3; 59
ty fR1;R2;4g, TR2; 1g andf R3; 3g
t3 fR1;R3;4g andf R,; R3; 49

tasks at the sametime. Table Il shawvs the possible bids
submittedfor asetof tasksf ty; t,; tzg from ateamcomposed
of R1, Ry and Rj3. The last elementin the coalition set
representshe correspondingid value.

In our approach,the goal of the winner determination
processis to nd the setof coalitionsfor achiesing tasks
in T', such that the total contricution from the winner
coalitions is maximized and the membersin the winning
coalitionsdo not overlap. If thereis no coalition available
to accomplisht;, its contritution value would be zero and
t; will be auctionedagain in the next round. The problem
of determiningthe winners is similar to a combinatorial
optimization problem called the Set Partitioning Problem
(SPP). Here, we needto partition the set of robots such
that the overall contrikution of the partitions (coalitions)is
optimized.The SPPproblemhasbeenexaminedthoroughly
in the multi-agentsocietyfor agentcoalition formation[18]
and combinatorialauction [17]. In combinatorialauctions,
multiple items (tasks)are put up for auctionandeachbidder
(agent)can bid on subsetsof items (tasks)and win more
than one subsetIn [17], an optimal algorithmis developed
for determiningthe winnersfor a set of items (single-robot
tasks), where each bidder (agent) can win multiple items
(tasks).To apply the above ideato multi-robot systems,a
potentialproblemarisesbecausaét is possiblethat the more
capablecoalition will receve multiple tasks (becausethey
submita higherbid value)while somelesscapablecoalitions
will beidle. The multiple tasksstill needto be accomplished
in a sequentiamannerby the capablecoalitions,andthusit
doesnotfully utilize the capabilitiesof thewholerobotteam.
In our approachgachcoalition canwin at mostonetaskata
time andno two coalitionssharethe sameteammember(s).
With this approach the set of tasksare distributed among
different coalitions, insteadof being assignedo the single
bestcoalition. Thusthe setof taskscanbe accomplishedn a
moreef cient way. We now introducethe anytime algorithm
for the winner determinationbasedon tree search,inspired
by the optimal algorithm developedin [17].

First, the bids submittedare preprocesseduchthat each
taskt; maintainsa setof coalitionsC' that bids for t;, as
shavn in Table ll. A dummy bid with an empty coalition
and a zero bid value s insertedto eachC!i, corresponding
to the casewhereno coalition canaccomplisht;. Thesebids
aretheninsertedinto a treesuchthateachpathfrom theroot
to a node (interior or leaf) representsxactly one possible
partition of the robots and the nodeswith the samedepth
are composedof bids submittedfor the sametask t;, and
thusfrom the samesetC'i . The contrikution valuefor each
partition is determinedby the sumof the bid valuesof that



TABLE 1lI
THE SEARCH ALGORITHM FOR THE WINNER DETERMINATION PROBLEM.

Thebid treeis initialized to have adummyroot R, which
is pushedonto a queueof unexpandednodes(Q).

— Rdepth = 0, Rgvae = 0, and Ry opots =

— Theoverall teamvalue Gy que IS initialized to be 0.
Assume the set of tasks being considered are
fty;te; itk

3For easydescription,we assumethat the subscripti corresponds
to the depthof the tree,at which the coalitionsfor t; areconsidered.
The orderingdoesnot in uence the optimality of the algorithm.

1) PopanunepandednodeN from Q. d = Ngepn + 1.

2) Inserteachcoalition C; from C'e to be the children of
N aslongasCi\ N;owots = . For eachnodeinserted,
updateits correspondinglepthand gvalue

3) Compareeachgvaluewith Gyaue andstorethe higher
onein Gyae -

4) If d 8 k (k is the total numberof tasks),push all
childrennodesonto Q.

5) Continue the above stepsuntil: (1) the time out is
reachedor (2) Q is empty

6) Thebestpartitionfoundsofarwith a Gyae is returned.

4\

\'R_.IR_. HR_.'R_. |[ReR: |

Fig. 3. The bid tree correspondingo the problemin Tablell.

path.Assumethesetof tasksbeenauctioneds ftq;to;:::; tkg
andthe correspondingoalitionsthathave submittedcbidsare
fCl1; Ct2;:::; Clkg. EachnodeN in the bid tree maintains
the following information: the depth (N geptn ) Of the node,
the accumulatedbid value from the root to the current
node (Ngvaiue), and the set of robots (N;gnots) included
on the path from the root to the current node. Table Ill
shaws the main stepsof our arnytime algorithm for winner
determination.When inserting the bids into the tree, the
algorithm guarantees coalition will not be includedif the
robotsin that coalition have alreadybeenusedon the path.
The accumulatedid value for eachnodeis also calcuated
at insertion, which is then comparedwith the best G, 3 ue
found so far to determinethe best partition. This process
will continueuntil a prede nedtimeoutis reachedThe best
partition found so far is returned.This algorithmreturnsthe
optimal solutionwhen enoughtime is given.

An example of the bid tree correspondingo the prob-

lem describedin Table Il is shovn in Figure 3. In this
example, the coalitions are insertedinto the tree with the
order fty;t,;t3g. The numberabore eachnode represents
the accumulatedgvalue on that path. The path that has
the highest gvalue correspondsto the winning partition.
As shawn in the highlighted path in Figure 3, the optimal
solutionis to assignt; to Rs, to to R; andR», andwith tg
unassignedn the currentround.

The anytime winnerdeterminatioralgorithmdemonstrates
someimportant featuresof our approachto time-extended
allocationof multi-robot tasks:(1) all possiblepartitionsof
robots are consideredinsteadof restricting the size of the
coalition; (2) the algoirthm nds the optimal allocation of
multi-robot tasksto coalitions (given enoughtime); (3) the
sizeof thesearchspaceandthustheruntime of thealgorithm
dependuponthe numberof bids submittedandthe numberof
tasksbeingconsideredand(4) the searchspacds minimized
suchthateachpartitionis characterizedy at mostonepath.
Similar to Proposition3.3in [17], the worst caseof the tree
sizeis analyzedbelov. The maximumdepthof thetreeis the
numberof tasks(k) beenallocated.Let the total numberof
bids (including the dummy bids) be m andn; = jC!ij. The
upperboundon the treesizeis givenby n;  ny i ng
with ny + ny + ::: + ng = m. The maximizationproblem
is solved by n; = n, = i = ng = m=k. Therefore,the
numberof nodesin the treeis no greaterthan (m=k)¥. The
bound shaws that worst casetime/spacecompleity of the
algorithmis polynomialin the numberof bidsif the number
of tasksbeing consideredn the currentroundis x ed.

IV. EXPERIMENTS
A. Simulationsetup

To determinethe efciency of the algorithm, we ran
experimentson a dual-processolaptop(1.73GHzDual Core
Dell Inspiron6400with 2GB of RAM) andimplementedhe
arytime algorithmin Pythonwith 2 differentdistributions:

Random Each task can receve ary number of bids,
where the coalition size in a bid rangesarywhere
betweenone upto the total numberof robots.

Uniform: Similarto the RandomDistribution exceptthat
the coalition sizein eachbid is limited to only a x ed
value (in our case,we useonly threeassumingrobots
working in a non-supeiadditive ervironment[18])).

For eachof the distributions, we useda maximumof 10
robots and then clocked the execution of the algorithm for
increasingbids of tasksizesb, 10, 15 and20. For generating
the bids, we designeda randominput generatorthat was
usedinsteadof ASyMTRe-D for generatingthe input for
the anytime algorithm.

To enablemaximum utilization of the algorithm, we as-
sumethat: (1) the samecoalitioncansubmitbidsfor multiple
tasksand (2) no task receives zero bids. This emphasizes
maximumgrowth in the bid-treeandhencelimits the chance
of the anytime algorithm executingover multiple roundsfor
left-over tasks (tasksthat did not get consideredfrom the
previous round).
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Fig. 4. The bid-treeusingbids startingwith smallesttask size.
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Fig. 5. The bid-treeusingbids startingwith largesttasksize.

Eachbid that getsgeneratecusing the randomgenerator
is a tuple of the setof robot coalitions,the bid valueandthe
task ID that the bid was castedfor (f C'i;b;t;g, whereC!
= robot coalition,b = bid value,t; = thetaskID). Beforethe
tree building processbegins, a preprocessingtep hasbeen
usedwherethebidsare rst groupedby theirrespectre tasks
and then the list of bids are sortedin an increasingorder
basedon the numberof bids submittedper task.So the rst
group of bidsin this sortedlist will belongto the taskwith
thelowestcountof submittedbids andthe lastgroupof bids
will belongto the task with the most numberof submitted
bids. Oncethis sortingoperationis complete the treeis built
by poppingoff bids from this sortedlist.

This preprocessingstep of sorting the bids per task in
an increasingorder is essentialin the tree building process
becauset generatesewer dummynodesandtherefore cuts
down on the execution time. Let us consideran example
wherewe have 2 tasksft;; t,g andthe numberof bids for
both thesetasksare 2 and 4 respectiely. If the bids are
addedin the increasingorder of bids per task,thenwe have
a tree asrepresentedn Figure 4. However, if the orderis
reversed,then we have a tree as representedn Figure 5.
Both treesyield the samesetof solutions.However, the tree
in Figure4 generatefewer dummynodesandsothatreduces
the overall numberof nodesthat are being generatedAs a
result, building the bid-tree startingwith the task with the

smallestbid countis the optimal way of generatinghe tree.

B. ExperimentalResults

Thefollowing experimentsvereperformedo evaluateour
algorithm.Eachdatapoint or the recordedexecutiontime is
an averageover 10 instancedor the samebid countbut for
differentinput sets.

Starting off with the Randomdistribution approachthe
sizeof therobotcoalitionsin eachbid variesfrom oneto the
total numberof robots.In our experimentsa submittedbid
could be from a coalition rangingin size arywherebetween
1 to 10 robots.If the coalition for a certainbid consistsof
mostof the robots(for examplea bid submittedby 8 out of
10 robots)thenthe treeundersucha bid in the bid-treewill
be mostly populatedby dummy nodes.This is becausethe
pathin the tree containingthis bid will representlmostall
therobotsandsofewer bidscanbeaddedunderit aschildren
nodes(2 in 10 chanceof comingacrossan eligible bid that
containsa disjoint coalition of robots). This consequently
resultsin fewer branchesthereforeresultingin a sparsely
populatedbid-tree.

However, in the Uniform Distribution approachthe ran-
dom generatorgeneratesids submittedby coalitionsof no
more than 3 robots. Hence, there is a greater probability
that more children nodeswill be createdfor a certain bid
in the bid-tree,resultingin more branchesn the tree. This
accountdor a greatertree growth (a densemid-tree),which
proportionatelyextendsthe executiontime. As aresult,atree
generatedising the RandomDistribution approachtakes up
lessexecutiontime comparedto a tree generatedusing the
Uniform Distribution approach.To validate this statement,
we ran small testswhere we countedthe numberof bid-
nodes(dummy and non-dummy)generatecby eachof the
distributions. Predictably treesgeneratedising the Random
Distribution approactcreatedfewer bid-nodes,comparedo
the numberof bid-nodescreatedfrom using the Uniform
Distribution approach.Since creating bid-nodesis propor
tional to the executiontime of the algorithm, the Uniform
Distribution approachaccountsfor longer execution time
thanthe RandomDistribution approach.

Figure 6 displaysa graphusingthe RandomDistribution
approach.t has4 plots for the respectie task sizesof 5,
10, 15 and 20 and eachplot is a measureof the execution
time for increasingobids rangingbetweenl0-100.Figure7(a)
and Figure 7(b) are granular views of the Random and
Uniform Distribution approachegespectiely. Eachof these
smallergraphshave similar x andy axes gradientsand so
that helpsus distinguishthe time compleity (rate of climb
in execution) by using the two distribution approachesAs
explainedbeforeand now validatedthroughthese2 graphs,
the Uniform Distribution approachasa higherrateof climb
in time compleity thanthe RandomDistribution approach
andsotakeslongerto executethanthe RandomDistribution
approach.

An interestingfeature that is displayedin the plots of
Figure 7(a) is that there are some uctuations in the exe-
cution times. This uctuation is a result of the randomness
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that is prevalentin the input data, especiallyfor Random
Distribution. Since eachcoalition can comein ary random
size up to the numberof robots, smaller execution periods
are due to treesthat are constructeda lot faster which
meansfewer nodesare being insertedinto the tree. This is
causedby bids submittedby large coalitionsof robotsthat
use up the entire path, thereby preventing ary other bids
from beinginserted.As a result, the bid-treein suchcases
containsa greaterproportionof dummynodesandtherefore
endsup being sparselypopulated.Such treesgenerallydo
not generategood solutions since each path in the tree
addressedewer tasksin one round, thereforeforcing re-
executionof the anytime algorithm over multiple roundsto
accomplishthe seriesof taskspresentedOn the otherhand,

we have muchless uctuationsin executiontime for Uniform
Distribution becausewe have coalitionsof no more than 3
robotssubmittinga bid. As aresult,morebidscanbeinserted
in a path that contain more disjoint setsof robots,thereby
addressingmore tasksin one round. In fact, a series of
small testsrevealedthat the Uniform Distribution approach
addressedhoretasksthanthe RandomDistribution approach
in most cases.As a result, this hasled us to believe that
limiting the coalition size for a bid doesbene t the overall
operationof addressingnoretasksin a single round.
Anotherimportantobsenation that can be madefrom the
graphsdisplayedabove re ects on the designof the anytime
algorithm for searchingsolutions.The curve of the graphs
andtheirincreasingexecutiontimesestablistthefactthatthe



currentversionof the algorithmfor winner determinatioris
non-linear which meansthat for successiely higher bids,
the executiontime non-linearlyincreasesvith respecto the
countof bids.As aresult,it con rms our theoreticalanalysis
that our algoirthmis polynomialin termsof the numberof
bids whenthe tasksizeis x ed.

V. CONCLUSION AND FUTURE WORK

Time-extendedmulti-robot task allocations,where multi-
ple tasksare beingconsiderecdat the sametime, canleadto
more ef cient allocationsthan traditional instaneousalloca-
tions, wheretasksare consideredsequentially We have de-
scribedour approactfor layeringthe low-level ASyMTRe-D
for generatingstrongly-cooperatie multi-robottasksolutions
by forming coalitions,with an auction-basedime-extended
task allocation approachfor assigningtasksto coalitions.
The arnytime algorithm for winner determinationin time-
extendedallocationconsidersall possiblemappingof tasks
to coalitionswithout restrictingthe size of the coalition. The
algorithm generateshe optimal result given enoughtime.

Our ongoing work includes a formal analysis of the
optimality of the winner determinationalgorithm. We also
plan to improve the winner determinationalgorithm where
only relevant partsof the bid-treeare generatedy applying
heuristicsin our tree building processwhich will help gen-
erateonly thosepartsof the treethat hold a high probability
for being the winning partition. Our work also includes
demonstratinghe completeapproachfor generatingmulti-
robot task solutionsusing ASyMTRe-D and time-extended
task allocationwith a setof real-world robot applications.
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