


Auton Agent Multi-Agent Syst

1 Introduction

Emerging paradigms for the development and deployment of massively distributed com-
putational systems allow resources to span many locations, organisations and platforms,
connected through the Interné&(]. In such systems, both service providing and service
using nodes may arrive, organise and dissipate, as computational capabilities are formed and
reformed as needed, without reference to a central authority or coordinator.

As the Internet matures, it is predicted that the majority of the interactions it carries
will be carried out by autonomous agents on behalf of their owrg9k [n such distrib-
uted systems, which we consider in the broadest sense, where there exists a distribution of
work or resource about a network of nodes, neither control nor even full knowledge of key
resources may be assumed. There is therefore a need to Pnd novel ways to understand and
autonomically manage and control these large, decentralised and dynamic sykieis [
part of this, there remains the problem of how to allocate such resource amongst the nodes
[35].

From an engineering perspective, any resource allocation problem will have an objective:
a desired allocation or outcome. A common example of this is a balanced load, where that
the task of providing a resource is shared evenly between a group of nodes. More complex
objectives may involve stable, uneven allocations, where account is taken of other factors.
Such factors might include usersO preferences over quality of service issues, underlying costs
to the service provider, or differences in the ability of nodes to provide an equivalent resource.
The ability to allocate resources in a desired conbguration, in a scalable and robust manner,
is essential.

In many systems, nodes are either assumed or designedsadfbsterestedeach wish-
ing, for example, to maximise its allocation. In these cases, the total demand for a resource
may exceed its total supply. The allocation of resources to individuals in such scarcity is the
classic problem studied by economics. In the human world, building on the simple idea of
bilateral exchange, it is often approached using the structure and rules of a market, and its
tool, price.

Externality pricing has been proposed for the provision of computational services, which
are otherwise virtually zero cost per-use. Gupta e23dl.drgue that this approach, where ser-
vice users self-select their quantity based on price, is preferable to the alternative of provider
or regulator enforced quantity limits: service rationing.

Markets can also be used in settings where it is impractical or unwanted to associate mon-
etary payment with the resource allocation process. Indeed, market-based control is a broad
approach to resource allocation in a wide range of real-world applicatiofslp these
scenarios, artibcially created markets and pricing can enable stable, efpcient, self-organ-
ising resource allocation to be achieved. For example, Wolski é&@lldgscribe how market
economies might be used to allocate resources in the computational grid. In this model, appli-
cations treat resources as interchangeable commodities, which may be provided by anyone.
They argue that in this scenario, resource decisions must be self-interested.

However, the market mechanisms employed in these systems to date, though operating in
a distributed manner, often rely upon some form of centralised coordination or control, such
as a central auctioneer, specialist, or some set of super-nbgle¥\e believe that this lack
of full decentralisation leads inevitably to unfulblled potential in terms of both scalability
and robustness to failure.

In this paper, our contribution is twofold. Firstly, we demonstrate the ability of a posted-
offer market to achieve a range of desired resource allocations in a decentralised computa-
tional system where nodes are self-interested, outlining a game theoretic method for outcome
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allocations to be predicted in a given scenario. Secondly, we use the coevolution of sellersO
offers to demonstrate the achievement of the predicted outcomes in simulation. We propose
this as a potential approach to realising self-interested adaptive pricing under the assumption
of private information present in the posted-offer model.

This paper extends our previous work in a number of ways: providing a theoretical under-
pinning for previous experimental resulg], and extending the work on uneven resource
allocations 7] to many-node systems. Throughout, we consider a variety of buyer behav-
iours, including mixed populations, and their effect on the outcomes. Finally, we explore the
scalability of our approach.

The remainder of this paper is structured as follows. In Szate discuss a number of
existing classical and market-based approaches to resource allocation, highlighting why we
believe a new approach is required in systems with no central control or coordination. In Sect.
3 we formulate a problem for study, based on the above scenario. We then describe our fully
decentralised market-based approach and introduce the buyer behaviours we investigate. In
Sect.4 we analyse the expected behaviour of the system in a variety of instances of the
problem, with each buyer type, and in Séoive describe ouevolutionary market agents
Sect6the behaviour is demonstrated experimentally in simulation, where we also investigate
mixed buyer populations and scalability. We conclude the paper, and discuss future prospects
and research directions in Sett.

2 Related work
2.1 Classical approaches to resource allocation

Classically, resource allocation objectives are achieved in a centralised manner, often relying
onasingle node responsible for, say, load balan&hd\{balanced load, though by no means

the only interesting outcome, is often used as an example of a desired resource allocation.
Load balancing is in itself interesting, since it is useful in numerous real-world scenarios,
including telecommunications networks, road networks and electricity and water distribution
networks. In many of these domains, even in very large scale systems, centralisation is the
usual approach takeb][

Resource allocation techniques can be divided into two groups, stateless and state-based
[10]. Perhaps the most widely known and easily understood stateless approach, used to bal-
ance the load on web servers, is round-robin DNS. A more complex example is proportional
share scheduling3p], in which resources are allocated to jobs according to a set of pre-
determined weights. However, stateless approaches such as this are unable to take account
of current server load or availability, leading to no guarantee that the desired outcome is
achieved. Simple state-based extensions permit the usage of information about the resources
being managed, and enable the proximity to the desired allocation to be measured. Examples
of state-based resource allocation approaches include those which make use of geographical
information and previous usage levels in order to determine an appropriate allocation of
resource. A useful review and comparison of these approaches in the web server domain may
be found in Cardellini et al.1[0].

2.2 Decentralised approaches

Centralised resource allocation methods do however have a number of drav2gckeg¢se
include:
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b the requirement that the environment remain static while the central coordinator is cal-
culating the optimal resource allocation,

b that the coordinator has global knowledge of the system and all nodes within it,

b that all coordination messages must route through the central point, counteracting the
benepbt from having resources distributed about the network, reducing scaldpiitd[
creating a fundamentally brittle syste®].|

This brittleness may be mitigated against to a certain degree, with backup coordinator
nodes, however even in these cases the wider system is reliant upon the existence and perfor-
mance of a small number of key nodes. Failure at these key points in the network may well
cripple wider functionality, at bes#p]. These drawbacks lead to the need for a truly decen-
tralised approach to the allocation of resources that does not rely on a central coordinator
[23].

In the Peld of grid computing, examples include the hierarchical agent-based approach
found in Cao et al9], and TURBO []. In the latter, allocations are achieved through the
reliance on altruistic behaviour between cooperating peers, which collaborate in order to
reach a global objective.

Balanced overlay networks are another effective and generic technique for balancing the
load across a decentralised netwosk [n this approach, service providing nodes present
an estimation of their availability to other local nodes to which they are connected. Newly
arriving jobs take a random walk through the network and select the providing node with
the highest availability. Upon accepting and completing a job, a provider node updates its
availability estimate. Here, service users are self-interested within the bounds of the providers
observed within their random walk, though the providers themselves are relied upon both to
provide an honest and accurate account of their availability and to facilitate the random walk
by exposing their local connections. In the case where such cooperation may not be relied
upon, it is likely that the systemOs performance would deteriorate significantly.

In decentralised peer-to-peer storage systems where both cooperation and global knowl-
edge of the system may be assumed, Surana etGd]@pproach may be used. Here the case
is considered when moving loads around the network also uses bandwidth. Their objective
is therefore a balance between achieving an even load and minimising the amount of load
moved. Their fully decentralised approach is, in effect, tantamount to performing a centra-
lised calculation at each node, periodically requiring cooperative reassignment of a load,
based on global knowledge of the system.

A non-cooperative, decentralised approach exists in the domain of downloading replicated
bles. Dynamic parallel access schen#812] make use of self-interested smart clients to
increase the speed of ble downloads. It is not clear however, how this approach might be
generalised to other service-based systems.

2.3 Existing market-based approaches

Making the case for economics-inspired approaches to resource allocation, Buyydjet al. [
argue that classical approaches either rely on central coordination and complete knowledge,
or else cooperation between nodes. Khan and Ahr88Hghow that in any cooperative
approach, global optima can only be achieved when all the nodes cooperate. In a discussion
of lessons learnt from experience with load management in giant-scale web services, Brewer
[5] proposes the idea of incorporating, into a request for a resource, a notion of its value
or cost. This, along with the use of smart clients, would allow for responsive adaptation in
the presence of changes to the network, as well as graceful degradation. Similarly, Gupta et
al. [27] argue that in the provision of virtually zero cost per-use computational services, a
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mechanism involving pricing and user self-selectionis preferable to the alternative of provider
or regulator enforced limits or rationing.

The application of economic ideas to resource allocation problems in computational sys-
tems is approached in the Peld of market-based control, an introduction to which may be
found in Clearwater T4]. Using the terminology of Casavant and Kuhl@H faxonomy
of scheduling in distributed computing systems, this is a family of distributed mechanisms
for dynamic global resource allocation in a network, relying on the non-cooperative and
self-interested behaviour of nodes. Fundamentally, these approaches rely on the rational
behaviour of self-interested peers, represented by agents attempting to maximise their payoff
from interactions or exchanges within some market environment. The theories of microeco-
nomics predict that, through such repeated exchanges, efpcient resource allocations may be
achieved. A brief and accessible introduction to some relevant microeconomics may be found
in[17].

It is important to note that the non-cooperation of agents does not imply self-interest.
Indeed, in Khan and Ahmad@¢][study of various games-based resource allocation meth-
ods, non-cooperative agents bid for jobs based on an honest estimation of the estimated time
to complete a job, without consideration of the benebt they expect to derive from the bid.
This is clearly not the self-interested behaviour relied upon by economics. Self-interest, at
least in a boundedly rational sense, is a key assumption of economics inspired computation,
and without it, the game theoretic approach is not useful.

Agents in a market-based system may interact through any of a number of different mech-
anisms. Common examples include English, Dutch and Vickrey auctions, as well as double
auctions such as the Continuous Double Auction. Research in the beld of automated mech-
anism design also suggests that other less obvious auction mechanisms may lead to more
efbcient outcomesdlp,55].

However, both Cliff and Bruterie] and Eymann et al 43] note that due to the mechanisms
employed, a large proportion of market-based control systems are not truly decentralised,
relying on a centralised price-bxing process rather than the participants between them deter-
mining prices. This is true of Wolski et al.3&][G-Commerce model, which relies upon
a central market-maker. Cliff and Bruteh€] argue that the presence of such a centralised
process or component removes the primary advantage of using a market-based system: its
robust, self-organising properties.

A number of distributed auction mechanisms have also been propt&e8,33], which
do not rely on one central coordinating node. These approaches reduce the fragility asso-
ciated with reliance upon a single point, provide more scalability and allow for dynamic
composition of auctions. Typically, either the central auctioneer is replaced by a number
of local ones, which communicate through some secure means, or else the auctioneer role
is fulblled by a spare, disinterested node. Double auctions, for example, though relying on
a specialist to match bids and askg][ may be decentralised by the presence of multiple
specialists between which the participants may cho88g These techniques do reduce
bottlenecks at certain points within the network and the removal of a single node cannot lead
to system-wide failure. However, similarly to the replicated round-robin DNS approaches
discussed in Sec®.1 above, the system is still largely reliant on a small subset of its
nodes.

However, it may be possible in systems such as this to scale up the number of auction-
eers or specialists, in order to achieve a suitable degree of redundancy and decentralisation.
This issue is worth investigating further, though intuition suggests that a system which relies
upon a set of super-nodes can never provide the level of robustness of a system without such
a need, even if the super-nodes were present in abundance. Approaches such as this also
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raise questions of incentive compatibility for those acting as super-nodes. Therefore, if an
approach exists without the need for such complexity, it should be preferred.

2.4 Decentralised market mechanisms

Cliff and Bruten [L6] conclude from their critique that, rather than depend upon a central
node such as an auctioneer, market mechanisms should instead rely on the ability of intel-
ligent agents to bargain between themselves in order to arrive at acceptable prices. This
approach is taken in the AVALANCHE2l], and CATNET [B,22E24] systems. These take
inspiration from Agent-based Computational Economics (AGB) in attempting to repli-

cate the dynamics of human markets with complex cognitive agents. These approaches use
highly developed strategies, as agents negotiate bilaterally in order to determine the provi-
sion of aresource. Furthermore, in the approach taken in CATNET, resources are relied upon
to forward requests to neighbouring hosts, without any consideration of the effect of this
on its own interestsZ3]. This appears to be at odds with the self-interested nature of the
agents.

A somewhat simpler application of market principles to computational resource allocation
can be seen in Spawb4]. In this approach, consuming agents bid in sealed-bid auctions
hosted by providing agents, for their resources. This again requires a high level of strategic
ability on the part of consumers, as they must decide in which auctions to participate. Of
course, consumers may win multiple auctions, and questions then arise of how to handle
these situations.

Though not discussed in detail in their paper, Cliff and Brutes} flso brieBy mention
retail markets as an alternative to auctions and bilateral negotiation. The mechanism used
in modern retail markets is usually referred to as plosted-priceor posted-offermodel
[43,31], though in online content delivery it is sometimes referred to agytheed-price
model BQ. It is a fully decentralised approach to the determination of pris} Without
the need for complex bilateral negotiation, and we believe that this provides a potentially
simpler alternative.

Chavez et al.13] use an approach of this type in Challenger, where offers are broadcast
to the nodes in a network, though instead of using price, bids contain an honest reporting
of a jobOs priority. Similarly to the example in Khan and Ahr8&Hdliscussed in Sec®.3
this is not self-interested behaviour. Xiao et &l7][describe their system GridlS, in which
buyers broadcast job requests and sellers reply by posting offers to perform them at a price.
However, the sellers used require the knowledge of certain global information in determin-
ing their price, both in the form of the latest accepted market price, which we consider to be
private information, and also the level of aggregate supply of all the providers in the network.
Our assumption of private information forbids this also.

Kuwabara et al.34] propose an application of a posted-offer market to decentralised
computational systems, observing the quantities provided at the equilibria at which the mar-
kets arrive. No central component, such as an auctioneer or specialist is used; prices are
determined privately by the sellers and then posted via a broadcast mechanism. The buyers
then decide the quantity to purchase from each seller.

2.5 Adaptive and evolutionary pricing
As in human retail markets, key to the efbciency of the posted-offer market in Kuwabara

et al. [34] is the assumption of iterated transactions. For example, where a large number of
buyers arrive over a period of time, each seller is able to adapt its price such that the payoff

123



Auton Agent Multi-Agent Syst

from its transactions is maximised. Sellers therefore compete on price, over time. From a
sellerOs perspective, we are therefore faced with the questions of bnding the best price, and
how this price should be adapted in response to market conditions. Of course, other sellers
will also respond, as prices co-adapt. We call thisataptive pricing game

Critically however, though the sellers in Kuwabara et aBdisslystem are non-coopera-
tive, they are not self-interested, since they do not consider their payoff when determining
their price. Instead, a seller nodeOs previous usage is encoded directly as the sellerOs next
price.

One effective way to model self-interested competitive behaviour computationally is with
coevolution L8], an extension of evolutionary computation in which the btness function is
in part dependent upon the actions of others. Coevolution has been used to learn strategies in
repeated games such as the Iterated PrisonerOs Dildirema plso to bnd Nash equilibria
in games with continuous strategy spadgH.[In the study of markets, coevolution has also
been used in the optimisation of parametrised bidding and bargaining stra§ieg,41].

Of course, in many cases, the optimisation is dynamic, as it is performed against a moving
optimum, as the competitors also update their strategies.

Price 4] demonstrates that, rather than optimising the parameters of a particular bidding
strategy, certain classic competitive behaviour can be achieved by coevolving prices directly.
By drawing an analogy between payoff and evolutionary btness, coevolution is used to drive
competition in the market. In a sense, from a sellerOs perspective, evolution itself is the
strategy. Amongst other examples, Bertrand competition is demonstrated by competitively
coevolving two sellers® prices.

In the approach described in this paper, we demonstrate the ability of a posted-offer market
to achieve a range of desired resource allocations in a decentralised computational system
where nodes are self-interested. We then outline a game theoretic method for outcome allo-
cations to be predicted in a given scenario. We use the direct coevolution of sellers® offers
to demonstrate the achievement of the predicted outcomes in simulation, and propose this
as a potential approach to realising self-interested adaptive pricing under the assumption of
private information.

As such, this work extends preliminary experimental exploratiBfkifi which we dem-
onstrated that sellers usiegolutionary market agents a posted offer market may converge
to an equilibrium at which the load is balanced evenly. In a two-node scenario, we further
exploredevolutionary market agenis the presence of service providing nodes with het-
erogeneous abilities to provide the resource. We shodgdtlat taking account of this
heterogeneity through differences in the sellersO cost and valuations of the resource, enables
us to achieve desired uneven resource allocations.

3 Problem formulation
3.1 Scenario and objectives

Our objective differs from that of many market-based resource allocation mechanisms, in that

we are interested in achieving a particular outcome resource allocation in a given scenario.

Our approach begins from the starting point of a desired allocation of resources which the

system designer or owner wishes to achieve. An artibcial market is then created in order to

bring this allocation into effect, under the assumptions of decentralisation and self-interest.
We consider a scenario consisting of a set of service providing n&lesch member

of which provides an equivalent, quantitatively divisible service, the resauradich may
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vary only in price. We assume that the memberS afe self-interested. Nodes&may vary
in their ability to provider, for example, one node may be able to perform twice as much
work as another.

We then imagine a large population of service users or bugmsach member of which
aims to consume some of the resourcet regular intervals. 1§ is a node inSandb;j is a
node inB, we debnej;j to be the quantity of the resourgeprovided bys to bj.

The total quantity ofr provided bys at a given instant, itkad, |, is therefore:

B

ls = D aij - 1)
=1

Our objective is to achieve a stable, desired conbguration for the provisiorbgfthe
nodes inS. Such a conbguration may be expressed by the végior g, ls,, ..., lg, ,
wheren = | §|. For convenience and ease of comparison between scenarios, we often nor-
malise this vector by the total resource being provided.

In this way, any desired outcome allocation may be described. An evenly balanced load,
for example, may be written ag, 1, ..., 1 . Similarly, an allocation between six providing
nodes, where the even numbered nodes provide exactly twice the resource as odd numbered
nodes would bed, 2,2, 2, 1.2 Though this is a trivial problem when cooperation may
be assumed, we wish to achieve this using only self-interest, in a fully decentralised manner
with no central or regional control, and with only private information available.

It is worth noting that alternative approaches exist to the measurement of load. For exam-
ple, we may wish to adopt a longer-term view, as intimg-term proportional sharapproach
described by Lai35]. Here, load is averaged over a realistically set sliding time window.
Casavant and Kuhll[l] also discuss the need to determine an appropriate measure of the
load for the particular system. In this paper however, we only consider the instantaneous load
as described above.

3.2 Mechanism and assumptions

At a given instant, a service providey, S, advertisesr at the pricepg per unit via a
broadcast mechanism. Each service user, a buyer in this case, then has the option of purchas-
ing some of the resource, should it be in their interest to do so at the price offered. The
system iterates, with service providers able to independently adapt their prices to the market
conditions over time.

At this stage, we are not considering the effect of the embodiment of our approach in
any particular application or network environment, since this would make it unnecessar-
ily difpcult to analyse and understand the underlying behaviour of the model. This is of
course an obvious area for future work. With this in mind, we make a number of simplifying
assumptions:

=

That the system proceeds synchronously in discrete time-steps,

that each buyds; B desires exactly one unit af per time-step,

3. that the actual provision of may be regarded as instantaneous, such that it does not
interfere with the mechanism,

4. thateachselles Shas sufbcient quantity af available to satisfy all the buyers B
should it be so requested, and

5. that network connectivity is uniform.
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The Pbrst two assumptions are present at this abstract stage in order to aid the analysis
of the system, and we do not believe that they alter the underlying behaviour being demon-
strated. Assumptions 3 and 4 may not be appropriate for certain embodiments of the approach,
however are representative in theory of the provision of information-based services such as
HTTP requests, and are present in other related work su@#asi our future work we will
consider scenarios where there exist hard limits on supply. Finally, assumption 5 replicates
the network conditions found in Wolski et al.Os G-Commes6k |

Each time-step, each buyer, if it chooses to buy, may purchase any amaufroaf any
number of service providers B subject to the constraint that the total amount purchased per
time-step is equal to exactly one unit. If no offer from any Sis in its interest, the buyer
may instead purchase nothing. These constraints mean therefoE@n@ﬂij {0, 1} for
allb; B.

3.3 Buyer behaviour

Both buyers and sellers accrue a payoff, or utility gain, from their interactions in the mar-
ketplace. For buyers, this is the value they associate with the price paid subtracted from the
value they associate with the purchased resource. If we denote liqtfyerunit valuation of

7 by vgj, then its payoff from a unit transaction wigh will be ugj S pg . Since any buyer
accepting a price abowg would lead to a negative payoff, this is its reserve or limit price.
From a buyerOs perspective, if a sellerOs price would not lead to a negative payoff for the buyer,
then we say that the priceaeceptableWe useS;; to denote the subset &which contains

exactly those sellers i6 whose price isicceptableo buyerb;. When buyers are homoge-
neous in so far as they have the same reserve prices, suefjtrav™, bj B, weareable

to refer to a single set of acceptable sell&s, S suchthaSs={s:s S p; v}

We assume that buyers are self-interested and loosely rational, such that they would prefer
higher payoffs. This is manifested through the following of some strategy, incorporating a
decision function, which describes the quantity (which may be zero) to buy from each seller.
This is a similar approach to that taken in Greenwalt and KepR&}t ih which buyers may
be either hyperrationdlargain huntersseeking out the best possible price, or &ilse savers
who will purchase from angcceptableseller, chosen at random. The possibility of complex
buyer decision functions means that there may not be a straightforward mapping between
seller abilities and valuations of the resource, and the subsequent outcome allocation.

Here, we consider the above problem in the presence of three buyer types: hyperrational
bargain huntersandtime saverdrom Greenwalt and Kepha2§] and the risk-aversgpread
buyersas described in Lewis et aB).

3.3.1 Bargain hunters

Bargain hunters always attempt to maximise their instantaneous payoff. In each iteration, they
check the prices of all the sellers, selecting the one seller which provides the most attractive
offer (i.e. the lowest price). If this price is acceptable, then the buyer purchases its entire unit
of 7 from that seller. In the event that more than one seller provides an equally attractive and
acceptable offer, the buyer purchases an even proportisrfr@im each such seller.

3.3.2 Time savers

Time savers do not check the price of every seller in the system when deciding from whom
to buy. Instead, they select a seller at random, and if its price is acceptable, then they
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purchase the entire unit af from that seller. If it is not, then they continue selecting pre-
viously unchecked random sellers until they Pnd an acceptable price. If no seller has an
acceptable price, then they purchase nothing.

3.3.3 Spread buyers

Spread buyers are rudimentarily risk-averse, preferring to spread their purchases across a
number of sellers. At each time-step, the buyer looks at all the available offers, and purchases
a proportion ofr from each seller with a price belovgj , relative to the expected utility gain

from purchasing from that seller. Specifically, the quantity purchased by huyem seller

i, with an acceptable price, is determined according to the following calculation:

)

3.3.4 Alternative buyer behaviours

It is worth noting that although we consider these three buyer strategies here, many other
behaviours could be considered. Bpread buyersfor example, an alternative might be to
motivate risk-aversion through the mechanism itself. However we prefer not to complicate
the model at this stage, instead favouring the clarity gained by the assumption of risk averse
behaviour.

A behaviour with a high level of practical relevance is thasti€kybuyers. Sticky buy-
ers prefer to continue using service providers which they have previously used. They might
switch to another seller if the long-term gain were greater than some threshold, and this might
be motivated by an explicit cost to switching. However, at this stage we leave this as an item
for future research.

3.4 Seller behaviour

Sellers also receive a payoff, debned by their payoff function. We denote s€kepayoff
asPs. In its simplest form, this is its revenue from the salerof

|B]
Py = > pidj. 3)
j=1
or indeed
Ps = pg % Is- (4)

However, such a payoff function takes no account of the heterogeneity of service provider
abilities, as is done in Lewis et al3T]. One service providing node, for example, may be
able to perform more work than another, due to an increased ability to provide the resource.

Such heterogeneities of service providing nodesO abilities may be represented by their
selling agents using a notional cost of provision, along with different relative valuations of
7 when compared with the notion of mone37]. Since equivalent quantities of work are
substitutable irrespective of which node performed them, we would expect that a node able
to provide more work for the same cost would place a lower valuation on performing that
quantity of work.
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This valuation may be built in to our existing model in the form of a sellers® payoff func-
tion which takes account of the cost of the provisionrotZ , and a preference weights
on the price:

B
Ps = > gij(ws pZ S ). )
j=1
or
Ps = (wsp3 Scl)xlg. (6)

Clearly, a seller wishing to maximise its revenue would aim to increase both its price and
its market share. However as we have seen from the buyersO behaviour, the market share will
depend upon the relationship between its price and those of its competitors.

4 Predicted outcomes

One motivation for employing an artibcial market is that competition between self-interested
sellers drives the system towards equilibrium. Itis at this equilibrium that the system is stable,
and thus we describe the allocation of resources in this stable state as the outcome resource
allocation. Of course, in realistic scenarios, continuing changes to the system may lead to the
existence of attractors rather than equilibria in the classic sense, though we do not consider
this case at this stage.

The model we describe here is, in essence, a generalised version of the Bertrand game
[38]. The classical Bertrand game consists of two sellers, both of whom offer to sell a certain
good to a population of buyers. Each seller must decide what price to charge for the good,
and then supply the quantity subsequently demanded by the buyers. The buyers in the classic
Bertrand game behave hyperrationally, as withtithegain hunterglescribed above, always
buying from the seller with the lowest price, or half from each seller if the prices are identical.

In this game either seller can take the entire market by offering a price only fractionally
lower than its competitor. However, since this applies to both sellers, the non-cooperative
Nash equilibrium for the game is for both sellers to charge a zero-probt price. If each sellerOs
costs are equal, then the equilibrium price for each seller will also be equal. This leads to
the sellers sharing the market equally at equilibrium. As we demonstrated experimentally in
Lewis et al. Bf)], it is this basic idea which provides us with a balanced load in the simplest
case.

However, in the more general case, where buyers may follow any of a number of strat-
egies, calculating the expected outcome resource allocation may be a more complex task.
Here we follow the methodology of determining the sellersO best response at each iteration,
by solving payoff equations constructed from the given buyer behaviour. This enables us to
identify the Nash equilibrium position, where each and every sellerOs best response is equal
to its previous position.

In the following discussions, we assume that the buyers do have an identical reserve price,
v™ = 300, and therefore that we have a single acceptable set of s&erény seller in
Shbut not inSg will of course attract no buyers at all, and will hence receive no payoff and
have a load of zero. For the sake of clarity, in the remainder of this section, we consider only
those sellers irSg.
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4.1 Bargain hunters
4.1.1 Simple case

Let us Prst consider a scenario with two identical service providing nodes, such that
{s1, %2}, each with equivalent abilities and costs of zero. In this case the payoff given in
Eq. 4 will be sufpcient for both sellers, so that

P, = pZ x I, )
and
Ps, = pg, % Is,. (8

As in Bertrand competitiorB is a large population of hyperrational buydsargain hunt-
ers as described above. Recalling the decision function for these buyers, and our assumption
that each buyer wishes to purchase exactly one unit @fe may therefore say that

[B| > pg ?f Ps; < Psys
Py, = 1 05x|B|x pg if ps = Ps; 9)
0 otherwise

and the equivalent fag respectively.

From a game theoretic perspective, given an observed value for their competitorOs price,
boths; ands, will wish to respond with the best response. In this case, this will be to undercut
the competitorOs price, if possible, in order to receive the payoff given by the brst case in
Eq. 9. The competing seller will of course act similarly, leading to a price war where each
undercuts the other until their zero-payoff price is reached. Assuming that a seller would
rather not participate than receive a negative payoff, guce ps, = 0, the rational course
of action is to maintain a price of 0, accepting the second case.

Recalling that the current load on a service providing node is given by &uopve, we
therefore have that at equilibrium,

ls, = 0.5%| B, (10)
and
ls, = 0.5% | BJ. (11)
This is indeed an evenly balanced load, i.e.
11
Ls=(=,=). 12
5= (33) (12

The theory of Bertrand competition (which is described more fully in Mas-Colell et al.
[38]) demonstrates that when competing on price alone, two sellers are enough for the per-
fectly competitive outcome described here. Since the same logic applies to larger number of
sellers, this evenly balanced outcome also holds for larger systems under the same assump-
tions.

4.1.2 Complex case

Now let us consider the more complex case, where service providers may vary in their ability
to provide the resource. As described above, this may be represented in the sellerOs payoff
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function, by a heterogeneity in the cost of provisiofi, and preference weightys , as in
Eqg. 6. Competition on price will still occur as in the more trivial case. However, the lower
limit price for each seller will depend upon its cost and preference weight. As we might
expect, that seller (or those sellers) which are able to offer the lowest price will take the entire
market, leaving those unable to compete with nothing.

We may illustrate this by means of a three-node example, sucBthdis;, s, s3}, where
cg, = ¢, = 100,cg, = 150 andws, = ws, = wg, = 1. We therefore have the following
payoff functions:

Ps, = (pZ S 100 x g, (13)

Ps, = (p%, S 100 x Ig,, (14)
and

Ps; = (P% S 150 x lg;. (15)

Considering brss;, clearly if its offer is to be accepted by any buyer, indicated by a
positive load)s, > 0, a non-negative payoff is obtained if and onlypff ~ 100. The same
is true respectively of. However, forsg, this is the case if and only ips;,  150.s3 is
therefore unable to compete with ands, and will discontinue participation in the price
war once the best price drops below 150ands, however, will continue undercutting each
other until their prices reach 100, at which point any further price cut would leave them with
a negative payoff themselves. However, since they both share the same limit price, they will
remain at equilibrium withps, = ps, = 100, and therefores = 3, 3,0.

Now let us add a fourth node 8, s4, such thalc’ST4 = 150 andws, = 2.5. 54 has the
following payoff function:

P, = (25x pZ S 150 x g, (16)

Now, 540s cost is also 150, as waghhowever since its preference weight i§ Ats payoff
will not drop below zero for positive loads so long pg,  60. This is clearly a more
competitive position thas, ands, are able to take. The expected allocation at equilibrium
for this four-node system is therefotg = 0,0,0, 1 .

More generally, for purchases made by hyperratibaagain huntersthe seller or sellers
able to offer the lowest price will share the load evenly between them. Any unable to offer

this price will have a load of zero. The limit price for a selsb,ers

This example enables us to observe #fieor nothing nature of a population of buyers
made up entirely obargain huntersand it is here that the limit of Bertrand competition in
its classic sense is reached. In order to elicit more complex resource allocations, we must
turn to other buyer behaviours.

4.2 Time savers

Intuitively, a population ofime saversvill posses less of thall or nothingnature ofbargain
hunters as each will prefer potentially any seller whose price is acceptable.

Considering the trivial two-node example described above, what outcome do we expect
with a population oftime saver? Recalling that we only consider those sellersSinat
present, we expect the payoff ferands, to be
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Pg,
Py, = -3 17
EY (7

_ bs
P, = —2 18
%= 5] (18)

Here, unlike withbargain huntersthere is no advantage to undercutting the price of
a competing seller, since this will only serve to reduce the payoff. Instead, the dominant
position is to charge the highest possible price, whilst still remainirggirthe equilibrium
isatps, = ps, = v”".

Similarly to bargain hunterdowever, sincegps, = ps,, thenLs
to the probabilistic nature of the buyers® decision function, the loa
the probabilities average out.

Indeed, the same is true of more complex cases with heterogeneous costs and prefer-
ence weights. Since each sellerOs market share is independent of their price, given a sellerOs
membership og, any operation on the price will not affect the load at equilibrium.

. Note that due
ill tend towards this as

’

Nl
S N

o

4.3 Spread buyers

4.3.1 Simple case

For a population ospread buyersas described above, the sellers® payoff functions for the
simple two-node case are

B

T & AT

Pa = ZHg Snpj-l T PS, (19)
S 207 S (Pg + PE)
and

| BJ T & AT

VTS P
P, = - ¢ 2 X ”. 20
LS 20

Sellerss; ands, will each then attempt to maximise their respective payoff function as
before. The outcome resource allocation occurs when the system is at equilibrium.J&igure
illustrates the payoff function fa;, whenv” = 300 andpg, = 250.

(@) 140 (b) 140
120f 1 120}
2 100} o 100}
5 &0 S sof
@ T
o 60f o 60}
' 40t &' a0t
20p 20t
O K O K
psz v psl e
sy’s price: " s;'s price: '

Fig. 1 aSellers;Os payoff function with one competitor, anspOs subsequent payoff function freffds best
response
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Clearly, the best response price faris less tharpg, ; in fact in this instance it is 2171.
However, given this value apZ , s, is then faced with the payoff function illustrated in
Fig. 1b. Of courses; will respond to this new yalue fopg, . Its best response is in this case
204.92. By iteratively calculating each sellerOs best response, we observe that this particular
system is at equilibrium whepg = pZ, = 200.
Cllearly at this point the market share, and hence load, of each seller is alsoleggal:

11
202"

4.3.2 Complex case

The same methodology may be employed in more complex cases to determine equilibria,
and hence outcome resource allocations. For the three-node system discussedifh.3ect.
the sellersO payoff functions are
|B| T & AT
v S
P51 = Z LS T ps7lr b
i=1 3™ S (P5, + p5, + ps3)
[BJ

(we, PE, S 3. (21)

" 8 pg

P, = _
52 iZ;Svﬂs(logq+ PL + pL)

and

1] 7 S pg

P, = .
% ZSvﬂ8<pgl+ PL + PL)

(s S ). (23)

Following the above method, we calculate that this system is at equilibrium phen
pg, = 22175 andpg, = 237.49. At this point, none of the sellers may increase their respec-
tive payoff by unilaterally choosing a different price.

The allocation at these prices, therefore, is our expected outcome allocation. This may be
calculated for each service provider using &q.

B V7 S pér

lS: S T T 7y
23S (v Pt )

(24)

In the example discussed here, we therefore have an outcome resource allocation of
Ls= 0.35750.35750.2850.

In other words, given the above valuation and cost parameters, we expeds, to take
35.75% of the load each, arsd to take 285%.

Adding in the fourth seller at this point, we repeat the calculations. In the four-
node example discussed in Seétl.2 the prices at equilibrium areg = pZ, =
21453, pg, = 23325 andpZ, = 20073. The outcome resource allocation is therefore
Ls= 0.2536 0.2536 0.1981 0.2946.

4.4 Achieving desired outcome allocations
We have so far described how to predict an outcome allocation, the allocation at equilibrium,

given an initial conbguration of nodes. How then, should the sellersO valuation and cost values
be set in order for the system to stabilise at a particular desired outcome?
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The method for achieving this is essentially the reverse of the above process. Firstly, using
the desired load vector as a starting point, we calculate the prices at equilibrium which give
rise to the desired loads. Secondly, suitable values for the sellersO preference weight and
cost parameters are chosen to give rise to equilibrium at the required prices. This method
was originally described in Lewis et al3T], and will now be illustrated through the use of
examples.

4.4.1 Atrivial example

Suppose initially that we wish to achieve an evenly balanced load between two providers, in
the presence of a population of homogeneous spread buyers. Our desired outcome allocation
isLs= % % . Recall that these values are normalise(iibly However, since the population

of buyers is homogeneous, for each seler, Sit must be that

> dij
B

wheregk is the quantity ofr bought by buyeby from sellers. Therefore, for any seller
S, the non-normalised lodd = 0.5x | B| if and only if ¢j; = 0.5, for allb;  B. In the
case of homogeneous buyers, we may therefore calculate the required equilibrium prices as
if there were a single buyer, which for the sake of consistency wegall
Now, given the buyer decision function for spread buyers (fron2Edpove), we know
that we require

= gk, b B, (25)

(vf, S PZ) _
(vf, S pE)+ (WF, S PE)

0.5, (26)

which simplibpes to

ps, = P, (27)

In other words, an evenly balanced load will be the outcome allocation when both sell-
ers quote the same price far at equilibrium. In this trivial case, we have already seen
in Sect. 4.3.1that this equilibrium may be achieved with zero cost valwgs,and when
Wg = Ws, = 1.

4.4.2 A more complex example

2 1 ;
5.3 -We wish for

Now let us consider a more complex desired outcome allocdtigr,
s1 to provide twice the load of.

Following the same method, for a given homogeneous buyer valuagqu/e may cal-
culate the required relationship betwegh) and p, at equilibrium to achieve our desired

outcome is

g S pZ) 2
e o (28)
(vbj Spi+ (vbj Spg) 3
which simplibes to
vy + p’sT1
P = ——5— (29)
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In order to achieve our desired outcome allocation, the ppgeand pg, must conform
to this relationship at equilibrium.

The question then arises of what preference weight and cost valyess,, cgl andcgz,
can be chosen in order to satisfy this constraint. In our example, ngpem 300, bj B,
we therefore require that

Ve
P = 150+ L. (30)

An appropriate method may then be used to Pnd suitable parameters to satisfy this rela-
tionship at equilibrium. As is shown in Lewis et al37], one approach is to bx the cost
valuescg1 andcgz, say at 10, in which case the constraint is satisPed when= 1.0 and
ws, = 0.42105. Therefore, by using the correct cost and weight values, our desired outcome
allocation ofLg = % % may be achieved. A similar approach may be taken with other

buyer decision functions.

5 Evolutionary market agents

We outlined in Sec®.5that the key problem to be addressed by a seller is that of how to adapt
its price over time, such as to maximise its payoff through transactions in the market. We
have also seen how buyers might make decisions about from whom to purchase the resource.
We now turn our attention to the sellers® pricing agents, proposing the use of autonomous
evolutionary market agents

The calculation of a best response by a seller, as described in the previous section, makes
two unrealistic assumptions: Prstly, that each seller possesses current knowledge of all its
competitorsO prices, and secondly that it knows the decision function of every buyer. The
Prst assumption may not be a problem in small systems, but in larger systems consisting of
tens of thousands of nodes, this kind of global knowledge may not be available. However,
the absence of knowledge of buyers® decision functions is a classic assumption in economic
games, especially in the presence of a heterogeneous population.

Without knowledge of the buyers® decision functions, sellers cannot calculate a best
response price, and must instead take an exploratory approach to Pnding it. Evolutionary
computation provides an effective method of achieving this, giverbllek boxnature of
the problem. Indeed, a coevolutionary approach has long been used to model competing
players in repeated games such as the lterated PrisonerOs DilnWith[the evolutionary
algorithm outlined in this section, sellers expect to Pnd good responses to the market. This
approach allows us to achieve an approximation to the game theoretic outcome above, under
the assumption of private information.

5.1 The evolutionary market agent algorithm

An evolutionary market agerdperates on behalf of a particular service providing node in
order to adaptively price its resource over time. Using evolutionary computation techniques,
the agent evolves the market position of its host over time, in response to current market
conditions. A population of prices is evolved on-line, with payoff information from the
market being used as btness values, and the self-interested objective of payoff maximisation
[36]. Competition between sellers is therefore driven by the coevolution of their respective
evolutionary market agents
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As in our previous work36], in this model a market position consists simply of price.
Therefore each member of the population,iadividual in evolutionary computation ter-
minology, represents a real-valued price. For each interaction in the market, an individualOs
price is adopted, and th