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Abstract—Task allocation is the problem of determining cooperative tasks, let us consider a site clearing task that
an efficient mapping between robots and tasks. Usually, a requires a specific area to be cleared of obstacles. The
complex team-level task can be decomposed into a task tree opiactive of the application is to clear the site in as little

or a series of subtasks with time constraints, such that each . . . e
subtask can either be accomplished by a single robot with time as possible while minimizing the cost to the robots

a weakly-cooperative solution or by a coaliton of multiple (€.9., energy consumption or computational requirements).
robots with a strongly-cooperative solution. Our previously For the purposes of this discussion, we assume that a map is
developed ASyMTRe architecture is able to autonomously available to enable the robot team to determine the positions
generate task solutions for subtasks by forming corresponding ¢ the ghstacles in the area. We further assume that a partial-
coalitions (assuming a coalition can also include only one robot) d | ists to det ine th deri traints of
depending on the specific task requirement and the current oraer Pa””er exists to Qermlne € _Or ering constraints o

capabilities of the robot team members. We have extended the rfeémoving the obstacles, in case certain obstacles need to be
ASYMTRe architecture and developed an allocation algorithm removed before other obstacles can be cleared. For example,
that simultaneously maps multiple subtasks to robot coalitions. one obstacle may block the path to another obstacle. Thus,
To maximize the overall efficiency of the system, one must iis team-level task can be decomposed into a series of

compare different solutions based on various factors such as - . . .
the task completion time, the solution quality and robot costs. subtasks with ordering constraints. Each subtask is aimed

However, this winner determination problem is NP-hard, which @t removing one obstacle from the site. Since only some
is equivalent to a Set Partitioning Problem. We propose an A* subtasks have ordering constraints, the system can allocate a

algorithm to achieve the efficient allocation, prove its optimality  subset of the subtasks to the robots for concurrent execution.
theoretically, and validate the results emperically. Obstacles have different weights or sizes, thus a subtask
of removing one obstacle may require a varying number
of robots to form coalitions to accomplish it in a strongly
The multi-robot task allocation taxonomy described in [8tooperative manner. Additionally, when multiple coalitions
divides the task allocation problem into different categoriesare available, the system must determine which coalitions
(1) based on the characteristics of task solutions: single-robate the winning coalitions to the current set of subtasks to
(SR) vs. multi-robot (MR) tasks; and (2) based on the numbenaximize efficiency of the team as a whole. This is a typical
of tasks being considered for allocation: instantaneous (IAJroblem of simultaneous allocation of multi-robot tasks,
vs. time-extended (TA) assignment. A single-robot task igshich is equivalent to a Set Partitioning Problem, where
the one that can be accomplished independently by a single need to partition the robot team into non-overlapping
robot. We call these task solutiongeakly-cooperativeA  subteams such that each subteam can accomplish a subtask,
multi-robot task typically requires a strongly cooperativawith the task set being accomplished in an optimal manner.
solution [4], meaning that the task is not trivially serial- In prior work [18], Tang and Parker developed an approach
izable, and cannot be decomposed into subtasks that ahat layers our ASyMTRe-D coalition-formation algorithm
be completed by individual robots operating independentlyor autonomous task solutions with a traditional auction-
Thus this type of task requires multiple robots to act ifbased mechanism for achieving the sequential allocation of
concert as in aoalition to achieve the task objective. The multiple weakly-cooperative tasks. Note that from our per-
instantaneous assignment approach considers only one taglkctive, an individual task cannot technically be categorized
at a time without planning for future allocation of tasks.in advance as a MR- or a SR-task. Instead, whether or not
The time-extended assignment approach considers multighee task requires single or multiple robots depends upon the
tasks concurrently, which means that the allocation procesapabilities of the robot team members. Some robots may
involves task scheduling or planning. This paper addressbe able to perform a given task on their own (thus making
the problem of simultaneous allocation of tasks that requittie task a SR-task), while other robots may require help
either strongly-cooperative or weakly-cooperative solutiongrom teammates to accomplish that same task (thus making
which falls into the MR-TA category that subsumes the SRthat same task a MR-task). Our ASyMTRe-D approach for
TA problems. generating strongly-coupled task solutions is able to find
To motivate the need for the combination of strongly-combinations of robot capabilities that can accomplish the
cooperative coalitions with task allocation for weakly-task in either the SR- or MR-case, depending upon the team

I. INTRODUCTION



capabilities. It is challenging to predefine solutions for thei -T :
team when the team capabilities are unknown at design tim: <G——=> Patial-order plan of
. . ; - the team-level task
or they change during the task execution. However, the abov; T

approach also falls into the MR-IA category. ;
Our most recent work [19] developed an approach for
simultaneous allocation with a winner determination algo-
rithm using a breadth-first search. In this continuing work,
our objective is to present an improvement of the auction:

based mechanism to allow for simultaneous allocation o T ovlovel contic
ow-level coalition

|

|
multiple tasks (these tasks can be either SR- or MR-tasks| / {=1  formation through
using an A* search algorithm and thus greatly enhances thi @ @ @ @ @ i ASyMTRe-D
allocation efficiency. When multiple tasks are considered}------------—-----—-———————~ .
combinatorial auction ([15], [2]) is often used for the robots
to express their desirability on accomplishing combination of

tasks. However, these tasks are often SR-tasks and each robot

can win more than one task at a time, which is fundamentallynd (2) each coalition can win at most one subtaskth no

different from our problem, where each coalition can winyinning coalitions sharing the same team member(s). Once
only one SR- or MR-task at a time. In other words, oukhe robots start executing the assigned task, they will inform
problem is equivalent to a combinatorial auction problengeir status and become available for competition for the next

where only task bundles with size one are considered [6]. Thgund of tasks. The complete formalism of the problem can
winner determination process however, is more complicatesk found at [19].

since each winner is a coalition (subset) of robots instead of a . » ) . )
single robot. As a result, our approach needs to guarantee that-ayering Coalition Formation with Auction-Based Task
the winner coalitions do not share the same team membefdlocation
The proposed A* search not only saves the computation To better understand the integrated system, we now de-
time for simultaneous allocation, but also guarantees trseribe our previous work on coalition formation, called
optimality of the final assignment. By combining the benASyMTRe-D [14]. The ASyMTRe-D approach has been
efits of coalition formation and the improved time-extendedleveloped for addressing the formation of heterogeneous
task allocation strategy using A*, the resulting approachobot coalitions that solve a single SR- or MR-task. We share
provides a flexible mechanism for generating both stronglythe same motivation behind coalition formation as mentioned
cooperative and weakly-cooperative solution strategies. in [16]; that is, robots in a coalition should work together to
The remainder of the paper is organized as followsshare resources and cooperate on task execution due to their
Section Il describes our approach in details, with a focus attecision that they would benefit more from working together
the A* algorithm for simultaneous task allocation. Experi-as a coalition than they would from working individually.
ment validation of the approach is discussed in Section lll. The fundamental idea of ASyMTRe-D is to change the ab-
Section IV describes related work. We briefly provide constraction that is used to represent robot competences from the

High-level task
allocation to robot
coalitions

Fig. 1. The relationships between tasks, coalitions and robots.

cluding remarks in Section V. typical “task” abstraction to a biologically-inspired “schema”
abstraction and provide a mechanism for the automatic
Il. THE APPROACH reconfiguration of these schemas to address the multi-robot

The main idea of our approach to task allocation isask at hand. To achieve this, we view robot capabilities as a
illustrated in Figure 1. We assume that there exists a partisét of environmental sensors that are available for the robot to
order planner that finds a set of subta3ksfrom the team- use, as well as a set of perceptual schemas, motor schemas,
level task T according to the partial order plan. HefE) and communication schemas that are pre-programmed into
represents the set of subtaskg,ts,...,tx} that satisfies the robot at design time. The ASyMTRe-D approach extends
the ordering constraints and the precondition requiremerdrior work on schema theory [1], [12] by autonomously
and thus can be allocated concurrently. At the low levekonnecting schemas at run time instead of using pre-defined
coalitions {Cy,...,Cy} from the team of robot§Ry,...,R,}  connections. According to the information invariants theory
are formed by ASyMTRe to address the given set of subtaskg], the information needed to activate a certain schema
Ti. Each coalitionC; may include a varying number of or to accomplish a task remains the same regardless of
robots. These coalitions are not mutually exclusive and mdiie way that the robot may obtain or generate it. We can
share the same team members, or could even be identitaérefore label inputs and outputs of all schemas with a set
coalitions. The coalitions then compete for the assignmenf information types, such asser range dataself global
of subtasks using an auction-based task allocation approgotsitioning data etc. Two schemas can be connected if their
with our proposed A* algorithm for winner determination.input and output information labels match. Thus, schemas
The goal of the winner determination step is to guarantezan be autonomously connected within or across robots based
that: (1) the overall task contribution value fét is maxi- upon the flow of information required to accomplish a task.
mized (we explain the task contribution later in this sectionyVith the run time connection capabilities, task solutions can



TABLE |

be configured in many ways to solve the same task or can
AN EXAMPLE OF THE POSSIBLE BIDS SUBMITTED

be reconfigured to solve a new task. We have implemented

. L - Task | Coalitions (Bids) with Contribution Values
the ASyMTRe-D approach using a distributed negotiation & | {RLR.3), (R, Rs.4} and (Rs, 2]
protocol [14]. It serves as the low-level solution generator t2 | {Ri,Rs,4}, {Rz,5} and{Rs,3}
for strongly-cooperative task solutions in our approach. ts | {Ri,Rs,4}, {Re,Rs,4} and {Rs, 8}

With the autonomous single task solution generation
through the ASyMTRe coalition formation algorithm, we
develop a high-level task allocation approach for handin
multiple tasks. During the auction process, the auctione
receives the team-level task from a human operator and
holds a partial-order plan for it. It selects a sub%étthat e :
satisfies the ordering constraints and makes the auction ¢ s
for all subtasks inT'. Robots that receivel' negofiate « (& () (O
with others through ASyMTRe-D to generate task solutions S S
Eventually, the ASyMTRe-D negotiation protocol returns  / /| /
the top ¢ coalitions for each given subtagg (tj € Ti). & ORIDOO O Rkl e[RRI
A randomly selected coalition leader submits a bid to the
auctioneer that contains information including the list ofig. 2. The bid tree corresponding to the problem in Table I. The dotted
coalition members and the bid value representing how wqi'i1es represent the branches that can be pruned with the A* search. The red

" . . . ines represent the optimal allocation with a total contribution of 13.
the coalition can perfornt;. The bid value is determined
by multiple factors such as the robot-inherent cost (such
as sensing and computational cost) and the task-specific .
cost(such as the task completion time, success probabilitié€veloped in [15].
and priority in the current task set). We map these factors First, the bids submitted are preprocessed such that each
into a numeric value through a weighted linear functiorfubtaski maintains a set of coalitior8" that bids fort;, as
that is domain-specific and determined by the user. ThEhown in Table I. A dummy bid with an empty coalition and
bid value represents the contribution that each coalition céhzero bid value is inserted to each, corresponding to the
bring to the overall task completion. Since robots can freelgase where no coalition can accomplishThese bids are
join coalitions, it is possible that the coalitions submittinghen inserted into a tree such that each path from the root
bids in this round share the same team members or eviha node (interior or leaf) represents exactly one possible
be idential coalitions. The auctioneer continues collectingartition of the robots. The nodes with the same depth are
bids until a predefined timeout is reached, afer which €omposed of bids submitted for the same subtasKhe
determines the winning coalition for each task such th&ontribution value for each partition is determined by the
the overall contribution is maximized foF'. Thus, when Sum of the bid values of that path. A brute forth search
selecting winner coalitions, the algorithm needs to guarant&ée developed previously [19] would build a complete tree
that the winning coalitions are mutually exclusive, so thagnd search for the opitmal solution using either a breadth-
a robot will not be accidentally assigned multiple tasks dirst or a depth-first search. This algorithm is proven to have
the same time. The auctioneer then awards each subtasicomplexity of (m/k)X, where m represents the number
to the leader of the selected coalition and each coalitio®f bids (including the dummy bids) ankl represents the
starts executing its task. The tasks that do not find matchigaximum depth of the tree, which is the number of subtasks
coalitions are inserted back 6. This process continues been allocated. The bound shows that worst case time/space

until all tasks are completed ifi. For details on the general complexity of the algorithm is polynomial in the number of
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auction process, please see [18]. bids if the number of tasks being considered in the current
. o _ round is fixed. A complete task tree corresponding to the
B. Winner Determination with A* setup in Table | is illustrated in Figure 2.

The goal of the winner determination process is to find We can speed up the search process by using a A* search
the set of coalitions for achieving subtasks T, such strategy instead of the breadth-first or depth-first search.
that the total contribution from the winner coalitions isin practice, A* finds the provably optimal solution while
maximized and the members in the winning coalitions dpruning nodes that do not influence the optimality of the
not overlap. With this approach, the set of subtaskgin search. As an example, the dotted lines in Figure 2 represent
are optimally distributed among different coalitions, insteadbranches that can be pruned from the complete search tree
of being assigned to the single best coalition. In this wayy A*. To guarantee the optimality, we apply an admissible
the overall task can be accomplished in a more efficiefiteuristic. Assume is a node, the heuristig(n) is defined as
way since most of the subtasks are executed simultaneousiy sum of the maixmum contribution for eaohassigned
when possible. We now introduce the winner determinatiorobot on the current path of that performs the rest of the
algorithm based on the A* search, inspired by the optimalnallocatedtasks on the same path. Formally speaking, we
winner determination algorithm for combinatorial auctionhave:



TABLE Il
THE A* SEARCH AGLGORITHM FOR WINNER DETERMINATION

h(n) = ContributéR) Q) ] ] o
R dmbid Algorithm A* for Winner Determination
t bide.val Input: A set of bids for a set of tasks
ContributgR) = max (s k- : 2) Output:.A set of winning coalitions that maximizes the sum
R €tj bidc.robotst; . bidy.size of contributions

Where n.bid is the sgt of robots that appear on the 1) R = CreateNode(0{}, 0) //a dummy root
current path oh andContribut€R;) represents the maximum 2) Q = {R} //a queue of unexpanded nodes

potential contribution of a roboR among all unallocated 3) n=pop@)
tasks. To calculateContributgR;), we first find the set of 4) WHILE (True)
unallocated tasks{{/j|t; is unallocated on the current path of a) children = FindChildren()

b) IF (childrenis empty) RETURNN.bid

n.}) that robotR; participates as a coalition member, and then .
} Rp P ¢) Compute f-value (n) = g(n) +h(n) for each child

compute a set of potential contribution values by dividing

of n
the bid value {j.bidg.val) by the number of robots in that d) Push all children nodes ©
coaltion ¢;.bidy.sizg. The highest value in the set represents e) SortQ in a decreasing order of f-values
the maximum potential contribution for a rob&. This f) n=popQ)

heuristic will never underestimate the legitimate contribution
a robot could make on the current partition and thus it is an Algorithm FindChildreng)

admissible heuristic for this search problem. The pseudocoddnput: A noden, where

in Table Il shows how we can apply the A* to the winner  « n.depth is the depth af; any bid for a tasky is always

determination problem. inserted at depth
« n.bid is the set of robots that appear on the path from the
lll. EXPERIMENTS root to the noder .
) ) « n.gval is the culmulative path contribution value from the
A. Simulation Setup root to the noden

Al tests were conducted on a Dell workstation equipped OutPut: A set of children nodes af
with a Pentium 2.66 GHz Dual-core processor and 2GB of 1) d = n.depth
RAM. The A* algorithm |mpleme_ntat|on is in Python anql 2) IF (d == numOfTasks) RETURN}
tests were conducted on the Windows XP SP2 operating 3) m = CreateNode{+1, n.bid, n.gval) //a dummy child

system. For data creation (bid generation) the following three  4) Insertm into children
distributions were used: 5) FOR eachbid submitted for taskgq

a) IF (bid.robotsn n.bid is empty)

« RandoniThis distribution accepts bids of any size up to ) 4 _
i) m = CreateNode(+1, n.bid U bid.robots,

the maximum allowed coalition size, i.e. 10 robots. So, n.gvakbid val)
coalitions ranging from size 1 to size 10 placed bids on i) Iﬁgertm into children
20, 40 and 60 tasks and their respective execution times b) RETURN children
were obtained using the A* algorithm.

« Uniform:This distribution accepts bids of a fixed size,
in our case, 3, 6 and 9 were tested. So bids that

were for only one iteration of the A* algorithm. If there were

were submitted by the above fixed size coalitions wer@ach task that was addressed in the auction - each task would

placed against 20, 40 and 60 tasks and their respectit@ve its own collection of bids. Next, sort the tasks depending
execution times were collected using the A* algorithm©n the size of their bid collection in increasing/ascending
BoundedThis distribution allows bids from coalitions order. So the task with the least number of bids would be

whose size fell within certain bounds. For exampleSitting in front of the list of our data input set and the task

for a bounded distribution of 4-6, bids coming fromWith the maximum number of bids would be sitting at the

coalitions whose sizes ranged from 4 to 6 were teste@nd of our data input set. The objective of such a step is
For different bounds, different bids were collected ando minimize the number of dummy nodes created, without
their respective execution times were obtained for 2@ffecting solution quality. For an in depth explanation with

40 and 60 tasks using the A* algorithm. pictures, please refer to our previous paper.

In all of our data collection, the execution times recorde% Results and Discussion

leftover or unaddressed tasks from the first iteration, we can There are two suites of tests that we conducted to evaluate
reinsert the tasks back to the task queue for the next routlie A* algorithm. The first suite aims at evaluating the
of allocation. performance gain that was achieved from using the A*

Similar to our previous work [19], we did a pre-processingalgorithm against the BFS algorithm [19] with respect to the

step of conditioning the input data which would result inexecution time. The objective was to see how quickly the
minimizing the number of nodes created in the tree. The ide® approach generated solutions with an increasing number
is to first sort the input data (bids submitted) with respect tof bids and tasks, without affecting the solution quality.
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Fig. 3. A* and Regular BFS comparison.

The second approach aims at measuring the effectivenasdividual dots, dashes and solid line textures. As expected
of the A* algorithm alone. This approach therefore utilizesf each graph, for increasing task size, the execution time
the Uniform and Bounded data distributions for isolatingscales up slightly.
any performance quirks that would otherwise be hidden in a For the Uniform data distribution, Figures 4(a), 4(c) and
standard execution of the A* algorithm. 4(e) are the corresponding graphs. For Figure 4(a), only
The first suite of tests resulted in the following graphsids coming from coalitions of size 3 were considered and
displayed in Figure 3. Each graph corresponds to the numbeged for generating the solution tree. Figure 4(c) and 4(e)
of tasks that were used (20, 40 and 60 tasks) and plots for aarrespond to coalition size of 6 and 9 respectively.
increasing number of bids and their corresponding execution For Figure 4(a), notice that the execution time is longer
times. The Random distribution was used to generate the daltan its 2 counterpart graphs: Figures 4(c) and 4(e). This
and create these plots. For each of these graphs, the dastredd can be attributed to the following reason: solution/bid
(red) line is the execution times for the regular algorithmtrees consisting of coalitions of size 3 (Uniform-3) are much
while the solid (blue) line is the execution times of the A*denser than solution trees containing coalitions of size 6
algorithm. As can be observed, the A* algorithm clearlyUniform-6) and 9 (Uniform-9), since we have less number
outperforms the Regular BFS algorithm in all 3 cases. As thef robots populating a certain path from each coalition
number of tasks increase, the Regular BFS algorithm’s rate ¢§maller coalitions result in more nodes being added to a
climb in execution time increases exponentially while the A*certain path, bigger coalitions exhaust the path and prevents
algorithm shows to have a linear increase. Even for 60 tasksther coalitions from being added to the path). If more robots
the A* approach performs extremely well for increasing bidswere being represented by a coalition on a certain path, as in
maximum recorded execution time of A* is approximately 3he case of Uniform-6 and Uniform-9, then we would have
seconds, while the Regular peaks at more than 30 secongparsely populated trees resulting in a lesser execution time.
for approximately 59 submitted bids. When the bid size isathematically, the execution time can then be expressed as
less than 25 - both algorithms perform at about the saming inversely proportional to the coalition size. Therefore,
rate. Performance boosts could therefore be introduced inie can positively confirm that the greater execution time is a
the A* approach if we decide to use a parallel approach in thesult of denser trees created in Uniform-3 (smaller coalition
future. But overall, we have proved with these three graphsize), compared to the lesser execution times created as
that the A* approach is a functional improvement over th@ result of the sparsely populated trees in Uniform-6 and
Regular approach introduced in our previous papetr. Uniform-9 (larger coalition sizes).

The second suite of tests aims at evaluating the A* Another observation that can be made regarding Uniform-
algorithm for different data distributions and observing any (Figure 4(a)) is the fluctuations in the execution time,
performance quirks that may help us evaluate the desigmmpared to its counterparts Uniform-6 (Figure 4(c)) and
of the A* approach. Figure 4 displays the results of using/niform-9 (Figure 4(e)). These fluctuations can be attributed
the Uniform and the Bounded data distributions. We havi the following reason: the random data introduces a certain
excluded the results obtained from the Random distributiotlegree of unpredictability that affects the execution time.
because it did not help us generate any observable trend tiRspending on the data, the solution can be generated faster
could help us evaluate the design of the A* algorithm. As ar slower. We will call this the "degree of randomness”
result, our observations were mostly centered on the Uniforin the data generation. Now, as previously discussed, since
and Bounded distributions. For each of the 6 graphs, wapalition size also affects the execution time of the algo-
plotted the execution times for an increasing number of bidsthm (coalition-size is inversely proportional to the execu-
and increasing task sizes of 20, 40, 60 and 80 tasks. Thesé&agh time), the "degree of randomness” in the input data
separate plots can be seen as different colored lines with th&ctors into this trend, thereby affecting the fluctuations.
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So, mathematically, randomness affects the execution tinigpically, a task is decomposed into independent subtasks
and therefore is directly proportional to it; coalition size ig13], hierarchical task trees [21], or roles [17] either by

inversely proportional to the execution time. This results im general autonomous planner or by the human designer.
the following relationship below: Independent subtasks or roles can be achieved concurrently,
DegreeO f Randomness while subtasks in task trees are achieved in order according to
CoalitionSize their precedence constraints. The work of [21] also addresses
So, as the coalition size increases, the effect on the executi‘gwhtly'coumed" _mulu-robpt ta;ks; however, their tasks can

decomposed into multiple single-robot tasks and thus falls

time by the degree of randomness decreases, and therefB?e

we start to have less fluctuations in the reported executiélﬂtO the category of weakly-cooperative tasks. To achieve

time (Figure 4(c) and Figure 4(e)). If the coalition size iStlme-extended allocation, an additional layer of planning is

small, the degree of randomness has more effect on tH'groduced such that robots can opportunistically exchange

execution time, and hence we will notice higher quctuationgaSkS over time based on a market economy ([5], [21].)' .
(Figure 4(a)) Some recent approaches [11], [20], [10] are beginning

4(d)to deal with the instantaneous assignment of multi-robot

and 4(f) using the Bounded distribution data, we see thg?Sks (MR-IA). In these approaches, bid incorporating joint

the trends are very similar to that of the graphs generatédﬁvenue [11], T“apping tasks to rot.)qt-capabilities [20],_ or
using the Uniform distribution data. Their only difference Irect play script [10] are used to initiate the cooperation

is that the Bounded distribution is slightly more flexible inbetween robots. However, the above approaches only deal

accepting bids from certain coalitions whose size falls Withilwlth instantaneous allocation of these tasks. In other ap-

certain bounds, while the Uniform distribution only accept?r?acge(j’ cor_nbmatotrlal e:]u%lo? |sbbe§|n a?pl;ed lto tllmte-d
bids from coalitions of a specific size. This does not affecpXiénded assignment suc at a bundle ot closely-relate

the overall solution quality however, but does expose so btasks is been allocated together [15], [2]. Here, the tasks

trends that we can observe and make deductions about thg Y aIIocatgd are independent tasks that can be accom-
performance of the algorithm. plished by_smg_le robots._ A robot may also win multiple

Figure 4(b) shows the graph for the Bounded distributimk?undles if its bids are h|gh_[15]. _L|m|ted work h_as be_en
data with coalition sizes ranging from 1 to 3 (Bounded-l-S)‘.jone éodattlalck b_Oth '?S,uehsl Ina s:ngle a;lnprozch. thi time-
This graph is very similar to Uniform-3 but is noisier becausgx,ten eda ocatllop IO tightly-couple kmutl-rg ,Ot taﬁ S- Ind
of the degree of randomness having greater influence (BWS scenario, multiple SR- or MR- tg; S aré being a ocate
the execution time. For example, when bids from Coalition§|multaneously, and_thus both _coalltlon formatlpn and ta_sk
of size 1 are submitted, the degree of randomness ha heduling are required to achieve an approp_rl_ate mapping
full influence on the execution time, which on the grapi‘?o that the task pool can be accomplished efficiently.

Figure 4(b) refers to the high peaks. However, for bids V. CONCLUSION
submitted by coalitions of size 2 or 3, the randomness factor ;.o ovtended multi-robot task allocation can lead to

diminishes in thg exec’utlon time and we start to see C_'°§ﬁore efficient allocations than traditional instantaneous al-
rglevance _to Uniform-3's plot. If we n_Ot'C'? clo_sely, for bld'Iocations. We have described our approach for layering
S'ﬁ_e ﬁf_33 n B(l)unded-ﬁ-s, the execution time I?)%l_secofns e ASyMTRe approach for generating task solutions and
\fN Ic ']? very ¢ ose t%t e_exel_cutlohn tm;]e ubs_(ljng : 'S'Ee 0 ?orming coalitions, with an auction-based time-extended task
or Uniform-3. This then implies that the bid was submitted,,ation approach for assigning tasks to coalitions. The

by a coarl1|t|on of .S|z_|e 3 for BOl:]ndeéj-l-?,d theréafﬁre, thes roposed A* search for winner determination guanrantees
two graphs are similar except that Bounded-1-3 has greatgf,” ,timajity of the current allocation and generates a

vacillation due to the greater influence by the degree Qhininum search tree for efficiency. Our future work includes

randomness from the input data (effect of equation( 3)). d trating th let h with t of real-world
Regarding the rest of the Bounded distribution graphéﬂ?r;;ﬁéggon: complete approach with a Set of real-wor

(Bounded-4-6 and Bounded-7-9) in Figures 4(d) and 4(f),
the traits are predictable based on equation( 3): for large REFERENCES
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