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Abstract. Inacomputational market, distributed market agentsinteract with oth-
er agentsprimarily through the exchangeof goodsand services. Thanksto awell-
devel oped underlying economic framework, we can draw on arich sourceof ana-
lytic tools and theoretical techniquesfor designingindividual agents and predict-
ing aggregate behavior. For many narrowly scoped static problems, design of a
computational market is relatively straightforward. We consider some issuesthat
arise in attempting to design computational economies for broadly scoped, dy-
namic environments. These issuesinclude how to specify the goods and services
being exchanged, how these market-oriented agentsshoul d set their exchangepol -
icies, and how computational market mechanismsappropriate for idealized envi-
ronments can be adapted to work in alarger class of non-ideal environments.

1 Introduction

Approaches to resource allocation in distributed systems can be bounded by two ex-
tremes. At one end (the “ software engineering” approach), we write a specification of
the required behavior of the system in terms of software assets, architectural know!-
edge, and resource constraints. If our synthesized distributed system is guaranteed to
satisfy these constraints, it is because we have built in a set of resource commitments
that will lead to that result under the specified assumptions. At the other end of the spec-
trum (the “ distributed agent” approach), rather than specify the required behavior under
given resources, we design protocols or mechanisms [20] whereby a set of relatively
autonomous software modules can, through their interaction and run-time all ocation of
resources, achieve some desirable aggregate behavior using available system resources.
This second approach has several advantages. Itis more flexible, allowing for adynam-
ically changing configuration of agents. It promotes modul arity and simplicity of design
since agents must make decisions based only on local, rather than global, information.
Itisalso anatural model when agents are designed, implemented, or owned by different
companies and individuals. However, the distributed agent approach does present addi-
tional challenges, namely how to determine at design time how well the various possible
configurations of agents and available resources will achieve our desired resullts.

One metaphor gainingincreasing currency isthat of acollection of distributed agents
as an economic system [15]. Numerous projects have applied market mechanisms to
particular problems in distributed resource allocation [6]. In our work, we have been
applying the economic metaphor literally, conceiving of the market-price system as an
architecture for multiagent systems. In this approach, agents are participantsin a com-
putational economy, interacting in the market to further their own interests. Behaviors



are described in standard economic terms of production, consumption, bidding, and ex-
change.

The market-oriented approach offers several potential advantages, which we sum-
marize below. Following the description of our basic approach, we consider the issues
of agent design (theories, architectures, languages) peculiar to this approach.

2 Market-Oriented Programming

2.1 Overview

Market price systems constitute one well-studied class of mechanisms for allocating re-
sources among distributed decision makers. By implementing a virtual market system
for computational agents, we can hopeto realize some of the desirabl e propertiesof mar-
kets in the distributed computing context. For example, in some well-defined circum-
stances, one can demonstrate that markets produce efficient allocations with minimal
communication overhead. In that sense, we can sometimes reason about the mechanism
in a principled way to decide whether it is appropriate. Indeed, one of the primary mo-
tivations of this market-oriented programming approach [32, 33] isto exploit the ana-

lytical framework of economic theory as a design tool for multiagent systems.!

The idea of market-oriented programming isto solve a distributed resource alloca-
tion problem by formul ating a computational economy and finding its competitive equi-
librium. To formul ate a problem as a computational economy, we must cast the activities
of interest in terms of production and consumption of goods, and define a set of agents
that choose strategies for production and consumption based on their own capabilities
and preferences and the going market prices.

To act in accord with the theory of competitive behavior, the agents must adhere to
certain rationality conditions. Consumer agents are endowed with an initial quantity of
goodsand engage intradesso asto maximizetheir utility. Producer agents are associated
with atechnology, which specifies an ability to transform some goodsinto other goods.
The sole objective of producersisto choose an activity within their technology so asto
maximize profits. From the agents’ perspective, the state of the world iscompletely de-
scribed by the going prices; that is, the prices determine the maximizing behaviors. This
arrangement isextremely modular, as agents need not expressly consider the preferences
or capabilities of others, and communication consists exclusively of offers to exchange
goods at various prices.

Since these computational economies are instances of general-equilibrium systems,
the analytical toolsand results of general equilibriumtheory are directly applicable [25,
28]. In particular, under certain classical conditions, asimultaneous equilibrium of sup-
ply and demand across all of the goods is guaranteed to exist, be reachable via a dis-
tributed bidding process, and be Pareto optimal (that is, thereis no solution that makes
some agent better off without making some other one worse off). Other theoretical prop-
erties of equilibrium can be used by designersto configure the system so that it achieves

! For more complete and current pointers to work in market-oriented programming, see:
http://ai.eecs.umich.edu/people/wellman/MOP.html.



Fig.1. uMDL environment

are modeled as consumers, the collections and mediators as producers. A variety of spe-
cialized mediator agents help users find and acquire various goods and services, such as
retrieving documents or answering queries. For example, thereis a mediator agent who
can aert userswhen anew paper, in their field of interest, is added to a collection.

One major consideration for an information network is that many of the resources
are limited, including computational resources and network capabilities, aswell as user
fundsand time. Ideally onewould like to allocate these limited resources so that a glob-
ally desirable combination of services and service levels will be provided. However,
this is difficult to ensure in a distributed environment, where relevant information is
dispersed and decision making is decentralized. By setting up markets in the basic re-
sources, we have some hope of allocating these resources to the most valuable activities.

The quality of market solutions, however, depends on many factors, including the
behavior of the agents. In particular, some of the desirable properties of market coor-
dination mechanisms depend on the assumption of competitive behavior. But since the



various agents may have been built by different individualsor companies, itisgenerally

unrealistic to assume that all behave according to such a strategy, or even to require any

standard design process across agents. Here, as in most agent-based architectures, the
specific construction of agents istypically below the abstraction level at which we are
designing the distributed system. Therefore, the best we can do is design market struc-

tures that promote competitive behavior, by providing incentives to agents to act com-

petitively.

2.3 How Valid are Competitive Assumptions?

Competitive market approaches are based on the assumption that agents act as though
their behavior can have no influence on the price. That is, they take prices as given and
assume that their own impact on the market is negligible. Generally speaking, this as-
sumptionisrealistic in markets with many agents, with no single agent unusually large
compared to the others.

In any market with afinite set of agents, there is some nonzero payoff for an agent
to behave strategically, that is, consider the effect of its own behavior on prices. Asthe
number of agentsincreases, the benefit decreases, and there exists some point where the
cost of considering such strategic interactions exceeds the gain of doing so. Therefore,
one approach to promoting competitive behavior is to increase the homogeneity of the
markets, thustending to increase the number of participantsin each. Thiscan be done by
establishing an abstract fundamental unit through which awide variety of related goods
can be traded.

Whereinformation goods are cheap, and the market interactionsare dynamic, it may
not require very many agents to make the cost of considering strategic interactionstoo
expensive to be worthwhile. Thus, increasing dynamism or other sources of uncertainty
will tend to promote competitiveness.

Finally, we may sometimes have sufficient control to directly enforce competitive
behavior among participating agents. In the extreme case, the agents are synthesized to
our standards, and hence we are assured that the competitive assumptions will be fol-
lowed.

Of course, there will inevitably be cases where the competitive mechanism simply
does not apply. Where other mechanisms are more appropriate they should be used. A
more precise characterization of when the competitive mechanism is and is not effec-
tiveisagoal of our research, as isthe development of mechanisms admitting imperfect
competition.

2.4 The WALRASEnvironment

We have developed a testbed environment, called WALRAS, for designing, construct-
ing, and executing computational economies. The main version of WALRAS runsin a
single process, simulating the distributivity of amultiagent system through internal pro-

tocols. The system is written in Common Lisp and CLOS, making substantial use of
class hierarchiesto represent the varioustypes of agents (consumers and producers) and
bid structures (continuous, piecewise, discrete) from which a market specification can
be created. Consumers and producers are further specialized according to agent-specific



properties. For example, consumer agentscan be classified according to theform of their
utility functions, asin the CES-consumer class (constant elasticity of substitution). Part
of the current consumer taxonomy is presented in Figure 2. Note that the class hierar-
chy includes both generic agent types (those on the left branch), and types specific to a
particular problem domain (those on the right), in this case transportation planning.

sp-shipper

direct-shipper

CES-mbid-consumer

CES-single-bid-consumer

CES-random-@
CES-incr-bid-consumer

Fig. 2. Taxonomy of consumer types.

To set up an economy, one determines what the goods (including basic resources,
service performance attributes, or whatever) of the problem are, the agents who will be
doing the trading, and their bidding characteristics. For each good, WALRAS sets up an
auction object to handle bids submitted by agents for that good. Bidsin WALRAS are
actually supply and demand functionswhich, for agiven price, specify how much of that
good an agent would be interested in either buying or selling. Thus each auction can find
its current clearing price (where the latest aggregate supply and demand bid schedules
cross). Once the auction computesitslatest clearing price, it poststhe price ontoa“tote-
board” of current pricesthat any of the agents can access. Consumersand producerskeep
abid agenda of auctions they need to send updated bids. When they calculate a new bid



for a given auction, the demand for the associated good is based on the current prices of
the other goods. Since the prices for those other goods are simultaneously undergoing
price changes themselves, it is clear that the bidding process must be iterative.?

Given afew technical assumptions, the computationa economy will indeed eventu-
ally convergeto an equilibrium [5]. Discussion of these assumptions and computational
properties can be found elsewhere. In this paper we focus on one of these assumptions,
namely that the agents must be rational.

3 Rational Agents

It isinherent in the economic perspective that the participating entities be conceived as
rational agents. Indeed, therationality abstractionisone of the main featuresdistinguish-
ing economics from other social science disciplines. In that sense economics and arti-
ficial intelligence are natural allies, as Al is the branch of computer science that takes
the rationality abstraction (viewing computational systems at the knowledge level [19])
serioudly. Indeed, the quest to build arational agency can be seen as a common thread
throughout the field of Al [21]. In fact, several papers in this volume are based on the
notion of rational agency, including [12, 29, 27].

Why should we be concerned with rational computational agents? In addressing this
question, we start from the most basi c view of what computationisfor. Our fundamental
premise is that much of what computers do and will be called on to do in the future is
best viewed as decision making, and that to effectively control the behavior of these de-
cision machines [34], we require a body of engineering principlesthat expressly relates
the structure and content of a computational system to the nature and value of the deci-
sionsit produces. Bayesian decision theory can provide uswith asuitable general frame-
work (i.e., accounting for uncertainty and graded preferences) to serve as a foundation
for these principles, and thus our challenge is the devel opment of a computational ver-
sion of thistheory, leading to representations and reasoning strategies combining com-
putational plausibility with decision-theoretic accountability. The name for this enter-
priseis decision-theoretic planning [13, 31].

Just as decision theory is an appropriate abstraction for single-agent behavior, eco-
nomics can provideaframework for decentralization of decision making across rational
agents. Thekey ideaisthat agent rationality makes it more convenient to design systems
built of agents. Why should thisbe true? For the same reason that the rational -agent per-
spective (or as Dennett callsit, the intentional stance [9]) is often the simplest and most
accurate way to characterize a complex computational system. Furthermore, getting the
agentsto believe or want particul ar thingsmay be the most direct way to influence their
behavior. Thisisa primary motivation for Shoham'’s agent-oriented programming ap-
proach [24], where the agents interact through speech-act communication. In the eco-
nomic context, it corresponds to the methodology of mechanism design, or achieving
overall objectives by incentive engineering.

2 Unless, of course, there is only one good, in which case no iteration is necessary. Thissimpler
partial-equilibrium version of the problem is actually the one tackled by most computational
market systemsdescribed in the literature.



For example, what kind of incentives are necessary for publishersand service pro-
vidersin adigital library to supply truthful information about their products? If we re-
ward publishers according to the number of accesses (or hits) to their collections, then it
isto their advantage to claim that their products cover more topics than they really do.
Incentive mechanismsto prevent thismight include using user feedback to ratethe value
of the information, and employing fee structures that impose penalties on publishersfor
accesses that are not followed up by the users.

Despite the centrality of decision-theoretic rationality in our view of computational
economies, at present we have little to say (beyond ideas in the current literature [13,
17]) about how to make economic agents rational in the decision-theoretic sense. The
reasonisthat thereisno differencein the problem of achieving computational rationality
in this context compared to any other context. That is, designing rational agents is the
genera Al problem, and we are working on pieces of it just like every other research
group.

Rather, the contribution on which we wish to focus in the present paper istoidentify
some special issues that arise inthe context of computational markets, and how thismay
affect the design of rational market agents. Because the internal decision problem fac-
ing such agentsis completely general, we further focus on the interface to the economic
system, that is, dealing with concepts such as goods, prices, and bids.

4 Tasksof aMarket Agent

Fundamentally, a market agent is no different than any other agent. It has mental state
(beliefs, preferences, intentions), and capabilities (technol ogy, resources), and can com-
municate with other agents. The key distinguishing feature of the market agent is its
interface with the rest of the world. Specificaly, its interactions with other agents are
primarily through the exchange of goods and services, and its communications are pri-
marily devoted to arranging such exchanges.

There are three major tasks specific to the economic environment, which must be
addressed inthe design of market agents. Following brief descriptionshere, we elaborate
each in turnin subsections below. We devote special attentionto thefirst of these, asitis
the major enabling problem for deploying large-scale, open, distributed, computational
markets.

Thefirst task of themarket agent istoidentify thegoodsand services, so that it knows
inwhat termstointeract with other agents. That is, there must be acommonly understood
vocabulary for describing the resourcesto be exchanged or activitiesthat agents can per-
form for each other. Of course, thisis necessary for any type of agent interaction, butin
the market context it has a special structure. Resources, activities, and the like are cast
as goods for which markets exist. Once an agent knows the goods, it knowsthe range of
possibilitiesfor its interactions with other agents.

Second, the agent must solve its own optimization problem. That is, once it knows
the goods and the possibleterms by which they may be exchanged, it needs to determine
itsexchange policy. In doing so it optimizes some criterion—ultility or profits—subject
to feasibility constraints of available resources and capabilitiesfor generating them.



Finally, the market agent must aim to implement its optimal policy through nego-
tiating terms. In a competitive market, this entails managing its bidding activity, deter-
mining how best to arrange itsrequests and commitmentsto other agentsin order to best
further itsinterests.

4.1 ldentify Goodsand Services

For any given computational economy, the first step is to identify what the goods and
services are. Selecting the array of goods and services available strongly constrains the
design space. The more standardized the goods, the simpler are the choices for each
agent, but the less diverse the marketplace is. Thus, depending on design reguirements,
goods may either be decomposed according to various properties such as location, qual -
ity, and timeliness, or else they can be combined to hide relatively unimportant distinc-
tions. For example, consider the goods in a simple network information services econ-
omy [18], which modeled provision of a single service (aweather service, called Blue-
Skies [22]), with a single service level, to several sites. In thismodel, we chose to rep-
resent an amalgamation of network characteristics such as throughput and reliability,
which were not important distinctionsfor this economy, as a single Network Resource
good. On the other hand, location was an important characteristic here: users wanted to
purchase Blue-Skies at their local site only. We represented this by distinguishing be-
tween the service Blue-Skies and Blue-Skies@local-site. The unitsfor this service com-
bined both quantity and quality elements, which could be measured, for example, in
terms of kbytes of service delivered within a certain time period.

When designing small and static computational markets, it is possible to know all
the goods needed ahead of time. However, in the case of large-scale dynamic markets,
the set of goods as well as their important distinctionsmay be expected to change over
time. Also, we may want to bundle two separate goods together, at any given time, to
make a new good. In this environment, specification of all possible goodswill require
the creation of adescription language. See Section 5 for more about the requirements of
such a description language.

4.2 Solve Optimization Problem

Given an economic environment defining the available goods and the pricing terms a-
vailable, the market agent faces an optimization problem. For consumers, the problemis
to maximize utility (or expected utility), subject tothebudget constraint that it be able to
afford its consumption bundle. Specifically, the budget constraint dictates that the value
of its consumption bundle at the going prices not exceed the value of itsendowment, or
initial allocation of resources, at these prices.

The optimization problem facing producers is to maximize profits, subject to tech-
nological feasibility. Profitsare simply revenues (val ue of outputsat going prices) minus
costs (value of inputs at these prices). Technological feasibility simply dictates that the
production of the outputs from the inputsis feasible, according to the producer’stech-
nology, or specification of its capabilities.

We make severa observations about these optimization problems. First, they are
both constrained problems, where the constraints are absol ute restrictions, given by the



agent’s capabilities or the solvency rule of the market. Second, the type of problem is
definitional for the type of agent. Consumers have preferences and endowment but no
technology; producers have a technology but no preferences. This purity enables usto
specialize the agents and allow them to focus on a single criterion (utility or profits). In
avery general setting (i.e., in the absence of production externalities), we can without
loss divide any combined entity into pure consumer and producer agents.

Third, the agent iscompetitive exactly when the prices are taken as given in the opti-
mization problem. Thisissimply the definition of competitionineconomic theory. Com-
petitive behavior simplifiesthe agent’s problem by allowingit to neglect the effect of its
own actions on prices, and frees the agent from having to reason about the capabilities
and preferences of other agents.

Fourth, with or without perfect competition, the focus on the agent’s own optimiza-
tion criterion (consumption or profits) is a strong form of modularity that greatly facili-
tates scalability and distributed design of multiagent systems.

Finally, exactly how the agent goes about sol ving this optimization problemisbelow
the agent abstraction level. That is, the agent can solve algebraic equations, prove the-
orems, follow hand-coded rules, or whatever in service of its objective. The important
thing for understanding this module as its agent is that the solution to the optimization
problem, abstractly specified, be a good approximation to the agent’s actual behavior.
Thisissimply therationality property discussed above.

4.3 Manage Bidding Strategy

Given the solution to its optimization problem, the competitive agents simply transmits
this solution to the entities managing the markets for all of its goods of interest. How-
ever, even thissimplest case is complicated by the fact that multiple agents are submit-
ting bidsfor multiple goods simultaneously and asynchronously. Because the goods are
highly interconnected through joint preferences and technology relations, the price of
one good affects demand for another. Thus, the bidding process must be iterative, with
price changes necessitating recomputing of bids, causing further price changes, and so
on.

Given the continual demand for computation of optimal policies and bids, the agent
faces the problem of which goods to compute bids for, and when. The choices might
depend on how obsolete the agent’s outstanding bids are, how relatively important are
thevarious goods, and other factors. Ultimately, thisisakind of deliberation scheduling
problem, the solution of which may depend on the characteristics of particular market
environments.

Special problems arisein highly dynamic markets, where goods may be exchanged
before a global equilibrium is reached across all goods. In such cases, the agent may
need to consider how close a market is to clearing in weighing the priority of alternate
bid tasks.

A related problem is that of multiple outstanding commitments. Bids actually rep-
resent provisional commitments, which may be withdrawn or modified by subsequent
bids. However, given uncertainty about the resolution of some of an agent’s outstanding
commitments, it may be unsure about the value or even the feasibility of others.



5 Description Language for Goods and Services

Clearly the key component of any marketplace, computational or real, ishow easy itis
for buyersand sellersto transact. Producers need to be able to describe their goods well
enough to interest prospective buyers. Consumers need to be able to describe their wants
well enough to find the appropriate goods. Thus a central representation issue is how to
describe the goods and services being exchanged.

A description language requiresthat a reasonabl e taxonomy be defined for primitive
good types. Language operators, such as abstraction and composition, determine the set
of possiblegoodsthat can be described interms of these primitives. Thisset formsalat-
tice, exemplified by Figure 3. There isa strong correspondence between the description
language and its market implementation, an issue we examine in more detail in Sec-
tion 5.1.

Good

\

Product Service

Document Graphics  Collection  Product_Stream ch %m‘on Distribution
Broadcast \ /

Transcript / S
Session(Blue-Skies, 10 minutes)
NPR_Transcript

~\

none

Fig. 3. Example good lattice.

To show the usefulness of adescription language more concretely, consider a partic-
ular good, NPR_Transcript, a National Public Radio (NPR) transcript. We can tell from
the taxonomy generated from the descriptions that the NPR_Transcript good inherits
characteristics from the more abstract Transcript good. Therefore, assuming polymor-
phism, any code or interfaces that work on Transcripts will also work on NPR_Tran-
scripts, although it may have additional properties.

Abstraction can a so serve as aguidefor consumers. Consumers cannot be expected
to know the precise name of every good they want, but they can often arrive at the good
by using various kinds of abstraction as well as known relationships between types of
goods. For example, they may know about NPR and Broadcast, from which they can
get to NPR_Broadcast. Since one of the possible operations which can be performed on
Broadcasts is to make Transcripts from them, it should be possible to construct a de-
scription for NPR_Transcript even if this particular good had not been expressly speci-
fied in advance.

Parameterization provides a particularily useful kind of abstraction over goods. A



parameterized good description does not have to be fully specified in order to describe
the desired good. For example, NPR_Transcripts may have fields relating to date and
topic. Consumers interested only in acquiring the latest transcript can ignore any fields,
such as topic, which they have no preferences over.

5.1 Technology Specifications

Thereisanatural correspondence between a service description and atechnology which
creates it. In fact, a service description can be considered a partial description of apro-
ducer’stechnology. For example, the service

subscription of NPR_Transcript for 6 months
can aso be thought of as a specification for a producer:

Input: NPR_Transcript@locationl for 6 months, Network_Resources
Output: NPR_Transcript@location2 for 6 months.

Of course, this description only specifies the input/output types, not the quantities of in-
put required to produce agiven amount of output, i.e., not the production sets. By adding
an algebraic specification capability, a full technology specification could be made.

A technology specification can serve as atemplate for creating producer agents. For
example, a designer could use a subscription template, fill in some parameters, and end
up with a custom agent, without having to program it. Even if the designer chooses not
to use the entire default agent, by adhering to the formal interface representation, agents
can be prevented from certain classes of errors such as trying to link up with inappro-
priate markets.

Extending this approach to allow hierarchical specifications, i.e., specifications over
groups of producers, would allow the creation of sub-economies just by fillingin some
input/output parameters. For example, a network-transportation sub-economy was in-
serted into the Blue-Skies economy just by properly initializing the sub-economy pa-
rameters.

In certain restricted circumstances, producer agents could be synthesized automat-
ically to meet dynamically changing technology needs in the environment. In the next
section, we discuss how one might dynamically exploit thisisomorphism between ser-
vices and producers.

5.2 Examples

Dynamic creation of hew goods can be done using description language operators, such
as abstraction, composition, or coercion. The use of these operators may have a direct
reflection in terms of amarket implementation. Below we examine the potential useful -
ness of thisviathree simple examples. Note, these examples are meant to beillustrative
in nature only. Diagrammatic conventions are that producers are represented as ovals,
consumers as circles and markets as squares.



Abstraction One central requirement isto be able to hide unimportant distinctionsbe-
tween goods, while keeping the important ones. This can be achieved by use of abstrac-
tion. More specialized good descriptionsare used when distinctionsare important, more
general ones when they are not.

Consider a NPR daily subscription service which can either buy its transportation
from amarket with aten minute delivery guarantee or aone day guarantee. The one day
guarantee istoo long, so it is forced to buy transportation with a ten minute guarantee,
even though it only needs a guarantee of one hour.

Service Guarantee
10 Minutes

Service Guarantee
1 Day

Transport ]’ Daily_Subscription
L aomin [~ NPR

Network

Resources

Fig. 4. Transport services

The two service guarantee producers in Figure 4 are both instances of a Transport
Service Guarantee template. They were created by filling in a service guarantee and a
broker-to-notify parameter. From that a producer and its associated auction were auto-
matically synthesized. The Transport Broker agent specified by the broker-to-notify pa-
rameter notifies agents which might be interested in thisnew service.

Service Guarantee Transport
10 Minutes wi/i 10min

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

[P
Transport 1
wi/i 1 hour [~

Daily_Subscription
» NPR
RREN Transport
Broker

Fig. 5. Automatic synthesisof new transport service

By monitoring the requests of its users, the ten minute service producer can see that
there would be a market for a one-hour service. It could spawn this service (and itsre-
lated auction), by specifying a one hour service guarantee and the proper Transport Bro-
ker agent to contact in the Transport Service Guarantee template. The ten minute service
producer might also directly notify some of its customers, such as the NPR daily sub-
scription, about this new service.

Composition Composition operatorsallow two or more goodsto be combined, or bun-
dled, into one good. Suppose a query planner agent noticesthat it is often handling re-



quests for local weather and major sports news. It might spawn a producer which per-

Weather Report
by region

Weather & Sports
by region

Sports Articles
and Results

Sports by sport,region

Fig. 6. Automatic Synthesisof Bundling Producer

formsthiscomposition operation by instantiating abundling template with theinput and
output goods:

Input: Weather($region), Sports($region, $sport)
Output: bundle(Weather($region), Sports($region, {basketball,football, baseball })

This description allows the region variable, $region, to remain the same across weather
and sports, while at the same time setting the $sport variable to the major sports of bas-
ketball, football and baseball.

Coercion Inmost programming languages coercion of one type to another would play
aminor role. In market-oriented programming, we expect it to play amuch more promi-
nent one. Goods which are expressed in different terms, either more abstractly or com-
posed in different ways, can be made equivaent by using a coercion operator to link the
two goods. The description language might express this by identity(good1, good2).

The coercion operator has a direct implementation as an arbitrageur agent which
takes asinput goodl, and outputsgood2. One potentially useful application of thisoper-
ator will be coercion between goodsthat differ only in their location. Let's say there are
two markets for comet pictures —one on the east coast, one on the west coast, see Fig-
ure 7. These goods are indistinguishable except for location. Assuming, simplistically,
that the east coast consumers are ‘closer’ to the east coast market, (i.e. network trans-
port costs are lower), one might expect that in the morning the east coast market would
get swamped, being 3 hours ahead, while the west coast market was relatively unbur-
dened, (vice versain the late afternoon). An arbitrageur agent which could take as input
the ‘west coast’ pictures and produce as output the ‘east coast’ picturesin the morning
would, in effect, be distributing the load.



Fig. 7. Arbitrageurs as coercion operators

6 Conclusions

Computational economies present some common as well as some unique challengesfor
the agents that operate withinthem. The specia problems of market agents arise on the
interface, dueto the particular mode of interaction of agentsin amarket. \We expect these
sorts of environmentsto become increasingly common onesfor software agents, if only
because “the market” isthe world-standard default interface for interacting entities. As
we introduceautonomousbits of softwareinto such environments, will clearly need new
ideas about agent theories, architectures, and languages to make them maximally effec-
tive. Inthisshort essay wehave identifiedjust afew special issues that need be addressed
by such theories.
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