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Abstract Market mechanisms (e.g., auctions) have been widely
applied to software agents in the e-business. Under the

The dynamic nature of many real-world domains (e.g., light conditions, each individual agent tries to maximize
military, emergency first response and hurricane relief, its own profit in the market, which under the right
etc) requires adaptive resource allocation to respond to conditions leads to a globally efficient outcome [4].
changes in the environment that trigger additional Market architectures connect sellers with buyers using
resource requirements. Since the total resources arePrice to provide a means for low-cost communication of
limited, there are often conflicts among various tasks value. There are several market-based implementations
regarding their resource needs. Thus, resources must bdor MAS successfully demonstrated in simulations [4, 15]
reallocated in order to maximize global utility for the and physical robot-based applications [9]. For those
current situation. This problem is further complicated Market-based systems mentioned above, they have a
when scarce resources are owned by distributed teamscommon feature that a centralized auctioneer is used to
each of which needs to allocate resources among task@llocate resources among agents or teams. In contrast, our
assigned to them, because each team has limitecBystem doesn’t have a fixed auctioneer agent but each
information about the other teams’ resources and states.Participating agent can dynamically take the role of
In this paper, we propose a market-based approach thatauctioneer as well as buyer and seller. While the
uses an agent-based auction mechanism to enable team@uctioneer also often serves as a trusted third party, since
to communicate and coordinate their utility information all the agents are cooperative in our system, this aspect is
about possibly competing resource needs. As a result, théOt a concern.
teams can collaboratively assess trade-offs among

competing needs to allocate resources efficiently. There are two different types of agents in a team. One

type is task agents, who are responsible for executing a
) task plan when its preconditions and resource requirement
1. Introduction are met. The other is a coordinator agent, who tries to not
only satisfy the resource requirement of an assigned task
Uncertain, dynamic environments afford challenging for the team it belongs to, but also to maximize the global
domains for multi-agent systems (MAS) applications, utility of scarce resources. One coordinator collaborates
especially when they face the situation with scarce with coordinators in other teams to solve this resource
resources. Although centralized mechanisms to solve thepptimization problem dynamically. Here we use a market-
optimization problem can provide quality-guaranteed pased mechanism to enable coordinator agents to assess
solutions, they are often not scalable and can run into acompeting resource needs and adaptively allocate the
“bottleneck” problem. Distributed solutions can be more needed resources efficiently.
flexible and more reliable; although those benefits are
obtained via extra efforts in coordinating multiple agents.  In this paper, we investigate how an agent coordinator
The coordination problem becomes more challengingleveraged on R-CAST architecture can correctly evaluate
when scarce resources are distributed among differenthe utility of one resource item or a bundle of resources to
teams initially, since each team has limited knowledgeits own plan, and how to reach an agreement on
about the other teams’ resources and states. This papeeallocating scarce resources by sharing the evaluation
presents recent research on designing and implementing aformation with other planners. Background knowledge
market-based mechanism to optimize the reallocation ofon R-CAST agent architecture and the market-based
limited resources dynamically among distributed teams byoptimization are given in Section 2. The resource
making trade-offs among competing resource needs basedptimization mechanism is elaborated in Section 3. The
on exchanging utility-based price information. problem domain, simulation environment and scenario
design are described in Section 4. Some preliminary



experiment results are presented in Section 5, and Sectiothe process manger based on the constraints associated

6 concludes the paper. with the instances and the KB’s current state.
2. Background 2.2. The Market-based Optimization
2.1. The R-CAST Agent Architecture In Section 1, we mentioned some related work in

market-based optimization. Another example is file

The R-CAST agent architecture [5] is built on top of allocation in a distributed computer system [14]. Market-
the concept of shared mental models [2], the theory ofbased approaches enable a natural decomposition of the
proactive information delivery [7], and the recognition- problem, which is well suited for distributed environments.
primed decision (RPD) model [11]. A collaborative RPD Here we briefly review how market mechanisms can be
decision process was implemented in R-CAST with applied to such distributed resource allocation problems.
features such as relevant information sharing, decision Auction mechanisms determine who should get the
process monitoring, and decision adaptation. goods and at what prices. In many auction environments,

The major components of R-CAST are presented initems being traded are complements. For example, a left
Figure 1. The RPD module uses domain knowledge, passhoe and right shoe are complements that have greater
experiences and the current situation awareness tautility acquired together than either acquired individually.
produce a new or adapt an existing decision. Combinatorial auctions [3, 10, 13] allow bidders to bid on
combinations of items, and thus directly express these
synergies. Each bidder can bid on item bundles, and the
auctioneer chooses the set of bids that maximizes the total
value.

Collaborative RPD . L .
| | However, selecting the winning bids, call the general

winner-determination problem (WDP), &IP -complete
Agent for combinatorial auctions [3, 17]. There are two types of
approaches to optimal winner determination in the general
case. The first one is using powerful general-purpose
mathematical programming software. A general optimal
winner determination problem can be formulated as a
mixed integer problem so it can be run directly on
standard highly optimized software packages such as
CPLEX [1]. The second approach is developing search
Figure 1 [4]: The R-CAST agent architecture algorithms  specifically for winner determination,
combining Al search techniques and domain-specific
This study takes advantages of two important modulesheuristics. Recently researchers had made a great deal of
in R-CAST, which are the knowledge base (KB) and the progress in developing algorithms solving WDP
process manager. The knowledge base is a forwardefficiently in this way. For example, the BOB algorithm
chaining rule-based system, which enables the agent td16, 17] can solve auctions involving hundreds of items
maintain what it believes regarding the external world andand thousands of bids within 10 seconds. Since our
the other agents. The unique feature is that it is able toresearch doesn't focus on designing algorithms to solve
reason about missing information relative to the current WDP more efficiently, here we adopt the first approach
tasks, and proactively find ways to satisfy the inferred and use optimization software based on integer
information requirements. Also, it is proof-preserving in programming to optimize the resource allocation. Thus,
the sense that the proof-trace of a query is preserveddifferent agents can place bids on bundles of resource
which is important when information link-analysis is items they need. And the auctioneer decides winners of
needed, and can be very useful in planning for informationthis combinatorial auction to maximize the utility of the
gathering in subsequent activities. The process managetotal resource items.
manages the templates of predefined plans, each of which A great deal of research has been devoted to solving
contains preconditions, termination conditions, effects, the resource allocation problem via auction mechanism
and a process body. In addition, we extend the planexplained above. However, there are some hidden
templates to include resource requirements for this studyassumptions simplifying this problem. First, most of them
which will be described later in Section 3. The process start directly with resource allocation without considering
manger can instantiate plan instances from appropriatealternative options of resources to complete a task.
templates. The execution of plan instances is scheduled byecond, the value of each task’s expected utility function
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only has two values: zero and another number. In other( g}/\g?rghgpa??\gglﬂe; occupi ed/ r eser ved)
. . u val upi \"

wqrds, the expec'ted outcome of a ta§k is either success (plan 2i d) (begi n_action ?ida)(end-

failure and there is no reward for partially completed tasks. "~ acti on ?i db))

Third, resource allocation doesn’'t adapt to changes in the )

situation. Our work addresses those issues and uses a

market-based approach to allocate resources adaptively.

As mentioned in the previous section, a predefined
plan template specifies its requirement for resources. In
order to ensure that the instantiated plan can be executed

uccessfully, this minimum resource requirement must be
ulfilled. In other words, the resource requirement can be
{fewed as a set of constraints just like the preconditions to

3. Resour ce Management

Resource allocation plays an important role in
successful plan execution. Some resources are physica
such as materials, machines or money. Some resources a
more abstract facts I'k? p053|p|I|t|es and availabilities. satisfy. Let’s take a look of the example of a plan template
Different from information, which can be shared by below:
multiple agents at the same time, resources can be '
consumed only by one agent at a time. In this paper, we
focus on scarce resources, which are in limited supply so
that competing needs for them may arise. Many planning( pj an del i ver t o( ?dest ?obj )
systems have integrated the scheduling of resources by (res-requirenment (helicopter 2)(pilot
including some sort of Constraint Satisfaction Problem or 2)

Linear Programming problem solver [6, 12, 13]. In all alternatives (1 (truck 3)(driver 3))
these cases, the “best” or optimal solution may mean (terncondition (current |oc 2dest =))
maximizing profits, minimizing costs, or achieving the (utility 500) -
best possible quality, given scarce resources. (pr oces(s

seq

(1 oad ?0bj)
(rmove_t o ?dest)
(unl oad ?o0bj)

An agent coordinator maintains its belief about the )
status of all known resources in the knowledge base. In )
order to efficiently organize such knowledge, there are
two structures designed for representing resources. The
first is “resource class”, which is used to describe multiple
instances of the same type resources (i.e., instances wit
the same functionality) or uncountable resources which
may be measured (e.g., 5 gallons of gasoline). Also, athe destinatioiX " when the variabl&objis bound to an
resource class hagypefield indicating whether this kind object y (e.g., a pile of sandbags) and the variddest

of resource is consumable or reusable. The second isIS bound to a place’s nare(e 2 leaking levee at New
“resource instance”, which represents an individual P 9. 9

resource item. A resource instance is associated with aOrIeans). The minimum resources required by this plan
re two helicopters and two pilots or three trucks and

class name that it belongs to. It also has a unique id ang?‘}1 dri The first set of ‘s the default
domain-specific attributes. It provides more detailed ree drivers. 1he 1irst Set of resources Is the detau
information such as thewnership its currentstatusand option, while the second one is an alternative to satisfy the

what plans may use it within what time periods. Formats (rjesfoulrtce tr.equ.|remefnt. Itj S eas'i/’ 0 un;]jtfarsian? Véh)ll the
of those two structures are listed below: elauft option IS preterred since Its much taster to defiver

the object to the destination using helicopters than using
trucks, especially when the delivery task is in an urgent

3.1. Resour ce Representation

Iilhis plan template defines a task “deliver the objgcto

situation.
Similar to how information needs are generated in a
(Resourn%e_(/] ass (tc',)ass ?n) CAST agent [8], a coordinator agent built on top of R-
gwpee[?t ?m)un ) CAST can infer missing resources by comparing the
(attributes + val ues) resource requirement defined in the target plan and the

current information on resource states in its knowledge

S base. As soon as the coordinator figures out what

ggtetsfiu[)ﬁfg's”it sgfﬁe(s)d ass ?n) (id ?i) resources are missing to perform a task for its team, it will
send out requests for those missing resources to other



coordinators whose teams may be potential providers, and p T in S) = fundC,R), C denotes conditions
trigger the process of market-based resource optimization. ' .
and R denotes resource status whEnis executed, and

3.2. Market-based Resource Optimization T; ends up int& , then the expected utility oF; is:

3.2.1 Resour ce Auctions : o

EUEY, LTS BT in 9=) (9)x f(GR
The market for agent coordinators to reallocate 8 =

resources is based on auctions for resources that multiple S .

tasks are competing for. When an agent coordinator A S|mpI|f|_ed version of the s';ated problem assumes

detects missing resources for its team to carry out aeach task will only have two pos§|ble cases after executed:

scheduled task, it generates a request for a set of thosducceeded or failed. Suppose in a fhskthere aren

resources denoted By with a maximum price that it is conditions and M resource requirements. For each

willing to pay for getting them and sends the request to thecondition C, , the probability thatC, is satisfied is

auctioneer. The maximum price is calculated based on the RG=turd =P

instantiated task’s estimated utility, which will be further !

explained later. Then, the auctioneer forwards the requestequiremenRj , the probability that Rj is satisfied is

to all other coordinators whose teams may possess the _ _ .

requested resources. Assume each coordinator receivingF( R = ture) = PJ (=1..m).

such a request has a set of its own resourddsaad let So the probability thal will succeed is:

O =A(1B. Each coordinator generates a bid for each

n m
element in its power set &fl except the empty set. The Poee = ( I_J R I_l P ) (- F,). whereF, is the
bid price is decided by estimating how the resource(s) = 1=
affects the coordinator’s own team completing its assignedprobability of exception, and the probability thktwill
task and the task’s expected utility. All bids from all fajl is: 1- Pice:
potential providers are sent to the auctioneer, who . . L
determines the winning bid(s). The role of an auctioneer SUPPOSe the utility of taslt is zero if it fails, and the
can be dynamically assigned to any coordinator based ontility of a successfully executed tadk isU,, thus the
their current work load, since l_JsuaIIy the optimization expected utility of taskl is:
process involves much computational cost.

= 1...n); for each resource

EU(T ): PS XU'[ + (1_ PSUCC)XO

ucc

3.2.2 Bid Estimation
n m
={]R[]PH@R
Given an instantiated task (a plan instarice)there i=1 j=
are two major factors affecting its expected The U, can be determined by combining the base

utility EU(T;) utility value defined in the plan template (eutility
500) )and the variable binding utility rules in the plan
B ) ) ) instance.
* The probability thatT. is fulfilled to certain degree The maximum willing price for missing resources is
(let S denote such a status of the tas]ms.t) primarily calculated based on the expected utility of the
task. However, when a resource coordinator decides the
* The utility of T, at the statu§ : U T(S)] bid price responding a request, it also has to consider the

cost switching resources from its current team to the

The utility of a partially completed task can be easily requesting team.

calculated based the percentage of completing given goals, . . .
p 9 P 99 9 ?3.2.3 Combinatorial Auction
However, the probability that the tadk reaches a status

S depends on many possible factors like conditions, We use combinatorial auctions to handle bids for
resource requirements, or even uncertainty. Let bundled resources. LdB. denote the bundle of missing

U T S)= fundg )t=1...m resources for a task anf, is the bidding price foB, .



Bidders (i.e., resource coordinators who are seeking fora task; third, there is an initial resource allocation so that

missing resources) submil bids as bundle/price pairs different teams have private resources; fourth, there is cost

(B, p,). Given the fact that the auctioneer may accept associated with sharing information about own resources
to other teams; last, information of utilities (both resource

any combination of non-conflicting bids and charge the utility and plan utility) is distributed initially.
a

sum of the associated prices (or called OR bidding), and
decision variablex, LJ{O]1} for each bid @, p,), the
WDP for combinatorial auctions becomes the following
problem:

4.2. A Hurricane Relief Scenario

In this scenario, a Category 5 hurricane hits a Major
Metropolitan Area (MMA). Sustained winds are at 160
mph with a storm surge greater than 20 feet above normal.
] ) . As the storm moves closer to land, massive evacuations
resource items, whereBidg 1) ={iU[L n]| rUB} are required. Certain low-lying escape routes are

) , ) inundated by water anywhere from 5 hours before the eye
: we |mplemented Sandholm’s CA.BOB algorithm [17] - ¢ yhe hurricane reaches land. In addition to the massive
n the auctioneer agept for solving the WDP' The Gestruction caused by the hurricane itself, there are also
auctioneer collects all bids and runs the algorithm to get, < \iithin the MMA and scattered inland areas that
the value of X; for each bid. The optimal allocation to have sustained severe damage from tornadoes that were
those bidders is determined based on the resullt. generated by the storm. Storm surges and heavy rains

In addition, the auction should be done in a timely cause catastrophic flooding to low lying areas. Rainfall
manner, which means there is a deadline associated with §0m the hurricane, in combination with earlier storms,
task’s resource requirement. The task must have alicauses significant flooding in muitiple states along the
required resources before the deadline or it will fail to be coast. We focus on the following three hurricane relief
executed. Since it could be delayed for a resource sellefasks:
to report its bids to the auctioneer, when the deadline is 1) Delivering foods to a large group people who have
approaching, the auctioneer has to make the decision wittheen isolated in a flooded area (priority level: 3, deadline:
incomplete information. Even though such an “optimal” in 24 hours).
solution is not really optimal, it avoids the failure of 2) Transferring sands bags to a specific place in order
executing a task, which may result into significant utility to fix a leaking levee (priority level: 4, deadline: in 10
loss. Since concurrent resource requests usually havéours).
different deadlines, the auction may carry out in an  3) Rescuing a few of persons in a dangerous situation

n
Maximize Z p X subject to in <1 for all

i=1 iOBids(r)

iterative way. or they will be overflooded soon (priority level: 5,
deadline: in 2 hours).
4. Setting Stage for Experiments Each task is associated with priority information and

the deadline that it must complete before. The priority
level contributes to the expected utility of a task and the
deadline determines when the task’s preconditions and
resource requirements must be satisfied. The most critical
resource shared among those tasks is a troop of
4.1. Problem Domain helicopters operated by pilots. One helicopter may switch
from one task to another task dynamically. Such a switch
In a dynamic environment, intelligent agents usually is not arbitrary but really depends on many facts in the
have to face unexpected changes, which will force them tocurrent situation (e.qg., the priority of an emerging task, the
adapt current plans in order to keep the execution fromtask's deadline, and the current location of helicopters,
failure. Since those agents are cooperative, they mayetc).
exchange information and resources in order to maximize The scenario is designed as Figure 2 shows. One
the global utility of those plans under the updated helicopter H1 is in the process of carrying out the task
situation. The problem studied here is how an agentDeliver_Food (dest, food, deadline), which requires the
evaluates the tradeoff so that it can make a correcthelicopter to arrive at the destination with loaded food
decision whether to switch its own resources to its before the predefined deadline. Another helicopter H2 is
teammates or not. The following conditions are typical in engaged in a task named Fix_Levee (loc, bags, deadline),
the domain being studied: first, the total resources arewhich H2 has to transfer sand bags to the specific location
limited; second, there may be multiple options, each ofto fix the broken dam. Meanwhile, there is an emerging
which has different resource requirements, to accomplishtask Rescue_People (dest, safe place, deadline) which

In this section we describe the problem domain and
scenario design used in the experiments.



requires at least one helicopter as the resource to rescue a Table 1: Initial Resource Allocation
group people from a very dangerous place before they will
be flooded at the estimated deadline. More helicopters are | Task: Deliver_Food| Rescue_People|  Fix_Levee
desirable in case that there are too many people to be
rescued. Both coordinators Al and A2, representing tasks
Deliver_Food and Fix_Levee respectively, receive the | Resource |1 r2,r3 re, r7 r3
request from the coordinator A3 of the task Instances
Rescue_People. Each of them needs to decide whether to

switch its own helicopter from itself to the emerging task ~ The simulation starts with the initial configuration.

in order to maximize the global outcomes. In order to There are ten total resource instances [r1, ..., r10]. As the
avoid redundant resource transferring, the resourcetime goes on, emerging tasks are generated randomly and
requester will also make a decision to select the rightraise competing resource requests. The total utility of all
provider in case that there are multiple willing providers. succeeded tasks are calculated after the process terminates.
In this case, supposing A3 places a maximum willing We use the number of total triggered tasks (successful or
price 500 on its request for one helicopter: (?h, 500, unsuccessful) as the control variable to demonstrate how
Rescue_People), and Al generates a bid for its ownour approach performs as it increases comparing to the
helicopter H1 at a price 300: Bid (H1, 300, Deliver_Food) other approach that uses a simple “request and reply” way
and A2 generates a bid for its own helicopter H2 at a priceto handle resource requests.

400: Bid (H2, 400, Fix_Levee), it turns out the bid from

# Instances | 1 1 1

Al will be accepted finally and H1 will be switched from —
the task Deliver_Food to the task Rescue_People. The ., '
expected global utility will be 900, which is more than the 2000 £
previous expected global utility 700 if we don’t consider | .,
the switching cost here. Z om0 ,//://' e e
= Reallocation
E 1500 —8—Simple
) o 4// L
A Planner agents 500
Helicopters 0 L L L L
- 3 4 5 6 7
m Urgir:ugll m number of total tasks
Plan 1Fix_Levee(t1) ’.\ A/ Plan 2: Deliver_Food(2)
o Energency pan n . ) . .
& B = Figure 3: The global utility of different
o & solutions
Levee () From the diagram above, we can see that the global

Shelter (12

utility is significantly enhanced using our solution, while
the case that a resource provider always gives out the
requested resources doesn't fully utilize the limited
resources.

Island (13)

Figure 2: A scenario of hurricane relief
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5. Experimental Results & Analysis
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We tested the proposed approach in a simulation of
hurricane relief scenario. There are three types of tasks
which are described in the previous section. Multiple
instances of each task are triggered randomly in the| o
simulator. The initial resource allocation is configurable

number of comleted tasks

3 4 5 6 7

before starting the run. We are using the following number of total tasks
configuration for initial resource allocation in the
experiment:

Figure 4: The number of completed tasks



However, from the figure 4, we can see that the number[5] X. Fan, S. Sun, M. McNeese, and J. Yen. Extending
of completed tasks may not improve using the resourcethe recognition-primed decision model to support human-
optimization comparing to the strategy of switching agent collaboration. IRAMAS '05: Proceedings of the
resources simply upon requests. It is because some tasfourth international joint conference on Autonomous
instances may have very high expected utilities. So it isagents and multiagent systemsages 945-952. ACM
worthwhile to switch resources from several other tasks ofPress, 2005.
low expected utilities to satisfy such a task’s resource[6] S. A. Wolfman and D. S. Weld. The LPSAT engine
requirement. Thus, even though the total complete numberand its applications to resource planningPhoceedings
of tasks may decrease in some cases, the global utility i®f the sixteen International Joint Conference on Artificial

still maximized. Intelligence (IJCAI-99)San Mateo, CA, Morgan,1999.
[71 X. Fan, J. Yen, and R. A. Volz. A theoretical
6. Conclusion framework on proactive information exchange in agent

teamwork Artificial Intelligence 169:23-97, 2005.

We have introduced a new market-based adaptation fof8] X. Fan, R. Wang, S. Sun, J. Yen, and R. A. Volz.
coordinating distributed tasks to solve their competing Context-Centric Needs Anticipation Using Information
resource needs and make the maximum utilization ofNeeds Graphslournal of Applied IntelligenceVol. 24,
scarce resources. Experimental results in a simulatedNo. 1, 2006.
hurricane relief scenario show that resources can bd9] B. P. Gerkey and M. J. Mataric. Sold!: Auction
reallocated dynamically and efficiently through the methods for multirobot controllEEE Transactions on
auction mechanism and generate an optimal solution in aRobotics and Automation Special Issue on Multi-Robot
timely manner. Systems18(5):758-768, October 2002.

Currently, we are performing further experiments [10] L. Jimsberger and B. Grosz. A combinatorial auction
involving more types of resources in a more complex for collaborative planning. IrProceedings of ICMAS-
environment, which will show the scalability and 2000
robustness of our adaptation mechanism. An interesting11] G. A. Klein. Recognition-primed decisions. In W. B.
issue to be explored is alternative resource reasoningRouse, editor, Advances in man-machine systems
Alternative resources not only make the solution more researchvolume 5, pages 47-92. JAI Press, 1989.
flexible, but also help the coordinator choose the most[12] J. Koehler. Planning under resource constraints. In
suitable option to compete the task not only for its own Proceedings of the Thirteenth European Conference on
sake but also for the global objective. In addition, in order Atrtificial Intelligence (ECAI-98), John Wiley & Sons,
to reduce unnecessary communication costs, we are trying-998.
to enable a coordinator to infer who are most likely to [13] W. Walsh, M. Wellman, and F. Ygge. Combinatorial
possess the needed resources so that it can only serilictions for supply chain formation. ACM Conference on
requests to those agents instead of broadcasting to alElectronic Commerce, 2000.

others. [14] J. F. Kurose and R. Simha. A microeconomic
approach to optimal resource allocation in distributed
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