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Abstract

We consider marketplaceswhere buyers and sellersiterativ ely encourter to trade.
Given somespeci ¢ trade conditions, the question that we addressis what strategies
should buyersand sellersuseto maximize gains. We focus on electronic markets where
supply shortagesare common. Under such market conditions sellerscan only satisfy
a subset of the purchase-ordersthey receive from buyers. Consequetly, somebuyers
may becomediscortented and they may be motivated to migrate to other sellersin
proceedingencourters.

Bene cial purchase-orderselection as well as seller selection require, respectively,
sellerand buyer strategies. Analytical computation of stable pro les of suc strategies
is infeasible in the erviroments we examine. We hencedevisea new methodology for
studying strategic equilibria. We introduce speci ¢ equilibria strategy pro les to be
implemerted by automated trade agerts. The main conclusionsof our study are that
automated sellerswill bene t most by randomly selectingthe purchase-ordersof their
buyers to be satis ed. Additionally, sud sellerswill not benet from learning the
buyers' typical order size. Moreover, automated buyers will maximize their bene ts
by re-issuing purchase-orderswith sellersthat satis ed them, fully or partially, in the
past.
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1 Intro duction

Marketplaces,either traditional or electronic, are sitesin which buyers and sellersmeetin
order to trade. In monetary-basedtrade, goods held by sellersare sold in exdange for
monetary funds held by buyers. Although the task of a selleris to sell its merchandiseand
the task of a buyer is to get the goods it needs,doing so, both sellers'and buyers' main
goalis to maximizetheir gains. Seekingsud maximization, buyers and sellersmay practice
strategic behavior. This imposesa practical question: given somespeci ¢ trade conditions,
what strategiesshouldbuyersand sellersuseto maximizegains? Gametheory - the discipline
in which strategic behavior is studied analytically - provides very few practical solutionsto
this question. This is mainly becausethe problem is too complexto solwe analytically and
the strategy spaceis in many casesintractable. Sud is the casein se\eral electronictypes
of trade. Prominent examplescan be found both in B2C (business-to-consumerand B2B
(business-to-businessnarketplaces. For instance,in a competitive B2C commality market
(e.g., books), where prices of goods are virtually the sameacrossseller sites, and sellers
hold limited stocks to reducetheir storageand nancing expensesstock shortagesresult in
buyers not being serviced. A similar phenomenonis present in B2B MRO (Maintenance,
Repair, Operation) markets (e.g., 0 ce supplies), where prices are competitive and sellers'
prots arelean.

Under the trade conditions referredto above, where sellersmay, in times, be able to ad-
dressonly part of the ordersplacedby buyersat their site, the sellersarein needfor strategies
that will minimize the damagefrom the ordersthey received but eventually rejected. Buyers
can benet aswell from strategiesthat increasetheir chancesof being serviced. The goal
of this researt is to nd sud strategies. In particular, we seekstrategiesthat, given the
trade conditionsreferredto above, maximizethe gainsof both sellersand buyers, and main-
tain a stable market. As stated above, computing thesestrategiesanalytically is infeasible.
Therefore,we have deweloped an experimertal methodology aswell asa simulation tool that
implemernts it. We usethesemethodology and tool to nd the sough strategies.

The strategieswe seekare di erent from strategiesapplicableto traditional trade. The
reasonfor this is that, in di erence from traditional trade, electronic markets introduce a
combination of conditions that does not exist in other markets. This combination raises
challengingproblemswhich are unique to electronictrade. The electronicinteraction among
buyers and sellersin the markets we study includesthe following characteristics:

1. Buyers can keeptheir anorymity (e.g., via anorymizersand third party brokers).
2. Buyersdo not know about other buyersthat participate in the trade, even whenthose
visit the samestore concurrerily.



3. Buyersdo not know the actual true stock level of the seller.

4. Sellersare uncertain regardingthe number of buyersthat will approad their site and
the volume of their orders. This problem is more intensein electronic markets than it
is in traditional trade. It results from liquidity and dynamism of the activity on the
web, where sites are easily accessibleby buyers from diverse geographicallocations,
and the cost of switching from onesite to another is very low.

5. The paceof trade is high. This results from the automation of seller sites as well as
their distribution. The paceshall be further acceleratedwhenthe buyer's sidewill be
automated via buyer agerts.

The above characteristics result in seweral conditions. For instance, attribute 1 results in
the sellers'inability to identify speci ¢ anorymous buyers. Thus, sellersmay be unable to
bene t from idertit y-basedlong-term customerrelation managemen Attribute 3 resultsin
the sellers'ability to managestocks and ordersat their own discretionto maximizebene ts.
Attributes 4 and 5 above result in dynamic variations in demandsat sellers' sites, which
imposeoccasionalshortagesin stock.

Instantaneous supply shortagesare rather commonin B2C and B2B MRO electronic
commerce.One reasonfor this, which is unique to electronictrade, is that invertory veri -
cation for a given purchase-ordeiis performedonly after the orderis complete. Consequetly,
concurrert preparation of purchase-ordersby multiple buyers may result in a seller being
unable to satisfy the orders. This is in spite of the seller (implicitly or explicitly) declaring
that the requestedproducts are available for sale.

In suth caseof instantaneoussupply shortages sellersmust decidewhich ordersto satisfy
and which onesnot to. This will leave somebuyers unsatis ed. Buyersunsatis ed with one
sellermay be motivated to approat another sellerin proceedingencourters. This behavior
is referredto as punishmen (for not providing the expected supply).

We have studied electronic markets where sud trade conditions hold. The major cortri-
bution of this study is twofold:

We introduce a new methodology for studying strategic equilibria in ervironmerts
where analytical computation of theseis infeasible. In particular, this methodology is
applicablefor B2C and B2B MRO electronic markets.

We nd and presen speci c equilibria strategy pro les to be implemerted by auto-
mated trade agens. Theseagen-oriented strategiescan be usedby humanswho trade
in electronic markets aswell.

Based on the study of strategy pro les we performed, the main conclusionsare the
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following. Automated sellerswill benet most by randomly selectingthe purchase-orders
of their buyersin order to satisfy these orders. Additionally, sud sellerswill not bene t
from learning the buyers' typical order size. Further, automated buyerswill maximize their
bene ts by re-issuingpurchase-orderswith sellersthat satis ed them, fully or partially, in
the past.

The rest of the paper is organized as follows. In Section 2 we presen other studies
relevant to our researb. Then, in Section3, we descrile the model of the electronic market
we examineand its speci ¢ settings. We proceedwith preseiing the strategiesexaminedin
this market in Section4. Following, in Section5, we provide details regardingthe simulation
methodologyandimplemenation usedfor our experimerts. The resultsof theseexperimerts,
in which we study strategic interaction betweenelectronic sellersand buyers, are preserted
in Section6. Section7 closeswith conclusionsand discussionof future work.

2 Related Work

Work in the eld of computational stheduling (e.g., [9]) addressesthe distribution of a
set of tasks to a set of computers. The problem handled in this paper may be viewed as
a distributed sdeduling problem. A number of buyers needsto be distributed among a
number of sellerssud that the sellersremain with the minimal number of unsold items
in their stocks, and the buyers are satis ed as much as possible. A prominert di erence
between sdheduling solutions and electronic markets' solutions is that the former attempt
to minimize someglobal objective functions, whereasin the latter, there is no sud global
function. In electronicmarkets buyersare represeted by intelligent agerns whosepurposeis
to eathh maximizeits own gain and they deciderationally basedon their strategy of action.
Sellersare self-inerested and do not act under a certral cortrol either. Another di erence
is that, unlike stheduling solutions, our analysis needsto take into accourt the buyers'
reaction to the sellers'actions. As a result of thesedi erences betweensdeduling problems
and electronic markets problems, we needto provide other solutionsfor the latter.

Researb in gametheory and economichasaddressedssuesof competition amongbuyers
and amongsellersthat needto choosewhich buyer ordersto satisfy. To our bestknowledge,
none of these studies addressedagen strategic behavior in large markets. For instance,
Vincent [1]] studies a single seler and the way in which the seller selectsone buyer from
among a group of buyers, where all of the buyers are interestedin buying the single gaod
the sellerwishesto sell. We analyzea market wheremultiple sellersinteract repeatedly with
multiple buyers. Eadh buyer placesits purchase-ordersequetially. At eat encouner, some
sellerscannot ful ll someof the buyers' purchase-orderson time.
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A market in which sellersface an in nite  number of anonymous and typed buyers is
studied in [1]. There, buyers compete sinceonly one of them will be satis ed by the seller.
The question answered there was what price the winning buyer will pay. We considera
di erent setting, where multiple products are sold, and we addressa di erent question, as
our goal is to idertify, by examining various strategy pro les, those strategiesthat agens
should follow to maximize their gains,assumingthat pricesare given.

In market settings similar to those we study, when the buyers needto choose which
sellersto approad, they may considerthe sellers' reputations. Reputation was studied
as a function (e.g., [13), as a sccial medanism for avoiding untrustworthy parties [12],
and as an expectation for quality [10. Reputation is usually built over time and its use
is appropriate for long-term market interactions. In our case,interaction are mid-term to
short-term. Hence,the use of reputation systemsis impractical. Yet, the buyers' strategy
may changeaccordingto the servicereceived from the sellers. This has somesimilarity to
the useof reputation, excluding the aggregatione ect.

A market where buyers ewlve into customersis studied in [2]. In particular, a model of
the buyersis analyzed,given that the sellershave a xed capacily and receiv a xed and
equaldemandfrom all buyers. There, it is assumedhhat eat seller,subject to its capacity,
senes as mary buyers as it can to ertirety, and partially satis es one buyer. It is also
assumedthat the gamelasts for a number of periods greaterthan, or equalto, the number
of sellersin the market. It is shaovn that conditional loyalty leadsto an equilibrium. That
is, buyers will return to sellersthat have sened them in the last trading interaction, and
sellerssene the buyersthey have sened in the past. That study seemssimilar to ours, as
it addressesnultiple sellersand multiple buyers. Yet, in that researb the sellers'strategy
was set, and only the buyersreaction to this presetstrategy was examined. In our researd,
both buyersand sellerscan follow oneout of a set of strategies,and we investigate equilibria
amongthesestrategies,without imposinga speci ¢ strategy on either buyersor sellers.

A critical approad to gametheory appliedto Internet gamesappearsin [3]. The authors
claim that thesegamescannot be analyzedin the framework of Nash equilibrium because
there is lack of information (the buyers do not know who the other buyers are and what
they do), the playersdo not apply optimal procedures,there is no syndironization, and the
mid-term is the one that is relevant. The authors suggestreasonablelearners algorithms,
whoseimportant features are optimality (i.e., the algorithms should enable the agen to
get the optimal gain), monotonicity (if the payo of performing an action increases,the
probability of choosing this action cannot decrease)and responsiveness. In our work, we
ewvaluate actions basedon the notion of experimertal equilibrium, which enablesus to nd
strategy pro les that maximize the expected utilit y of the agers given the behavior of the
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other market participants.

Kephart et al. [7, 8] have also taken the gametheoretic approad to analyze electronic
markets. Their focus, though, is on dynamic price changesin electronic markets. In this
paper, we assumethat the time rangeis short and therefore pricesremain static. Our focus
is on the interactions betweenthe agens' strategies.

3 The Simulation Mo del

A generalanalytical solution to the strategic agen interaction problem that we address
doesnot seemamenable. To provide a solution newertheless,we opted for an experimertal
approad. Hence,we have deweloped a simulation model|Sim ulation of Electronic Market
Interactions (SEMI)|whic h was alsoimplemerted and utilized to study possiblestrategies
for the sellersand the buyers in the markets of interest. Running simulations with the
SEMI system enablesus to empirically test the e ects of various settings on the utilities
obtained by the electronicbuyers and sellers. Experimerts with SEMI can (and do) unravel
experimertal equilibria betweenbuyers' and sellers'strategies.

The SEMI systemcan be usedfor a broad range of settings, however we useit to model
and simulate the speci ¢ problem of interest. That is, we simulate sellersthat hold limited
stocks and buyersthat ead placesa purchase-ordemwith onesellerat ead encourer. With-
out lossof generality, we refer to a singletype of good* to be sold by all of the sellers. We
considera market of repeated encourters between nite setsof buyers and sellers. Buyers
approad sellersand submit requestsfor buying goods. At ead encourer, a seller may
receie requeststhat cumulatively exceedthe quartity of the good available in its stock. It
thus needsto decidewhich requeststo satisfy and which onesto leave unsatis ed.

In our model, there is a setB of buyersand a set S of sellers. A SEMI simulation consists
of a sequenceof K encourers betweenthe sellersand the buyers. In ead encourer, k, a
seller S 2 S holdsin its stock a quartity STk of the good for sale. Each buyer B' 2 B
is assaiated with a type TY' which indicates the averagesize of its purchase-order. We
denote B''s purchase-orderat encourier k by PO or, when this order is intended for a
speci ¢ sellerS!, by PO}. The purchase-order,P O, speci es the number of units of the
good that B' would like to buy at encourter k. To simplify the analysis, we assumethat
this number is an integer? At a given encourter k, B' submits its purchase-orderPOj”‘ to
someseller,S'. S cansell B' all, part or none of the quantity speci ed in its purchase-

1Goods of various typescan be handled in the sameway aslong asthere are no interdependenciesamong
them.

2This assumption is not restrictiv e, as the majority of the B2C and B2B MRO goods are sold in whole
units.



order. B''s utilit y from this transaction is proportional to the portion of the purchase-order
suppliedto it. In our model, a seller gains from the sale of ead unit and it incurs a cost
for eat unsold unit held in its stock at the end of ead encourter. Thus, a seller'sutilit y

at a given encourer is proportional to the quartity of the good it sellsat that encourner,

and is inversely proportional to the quartity of the good left in its stock at the end of the

encourer. A sellerwould incur additional costsfor revealing the buyers' types. The utilit y

functions of the agerts explicitly expressthesecosts. The details of the utilit y functions and

their formal expressionare provided later in this section.

Our model includes seweral assumptionsthat commonly hold in B2C and B2B MRO
electronic markets or in a subsetthereof. We assumethat all of the sellerssell the same
type of a good, where quality, price and units are the sameaswell. The conditions of this
assumptionhold in a subsetof the electronic markets. They typically hold in competitive
commality markets sud as, e.g., books, appliances,o ce suppliesand others, where the
easeof price comparisonand the competition amongsellersresult in relatively uniform prices
and quality. Our model refersto sellersand buyersthat transact repeatedly in xed-price,
catalog-based,electronic stores, where prices remain static within short to intermediate
periods of time. Our solution conceitrates on sud periods of time, hencewe can safely
assumestatic prices® To simplify our analysiswe assumethat, at ead encourer, ead
buyer is assaiated with only one purchase-order,and this purchase-orderis valid only for
that encounter. Sudh a condition holds only in someelectronic markets, however it is rather
simple to relax this assumption. For instance,to model purchase-orderghat persist along
multiple encourers, all one needsto do is to allow re-issuingof expired purchaseordersin
the encourer proceedingtheir expiration.

Following the settings and assumptionsabove, we presen the details of buyers' and
sellers'utilit y functions aswell as other cortrollable parametersof our simulation model.

The utilit y function of the sellers | We examine risk-prone, risk-neutral and
risk-aversesellers. The utilit y function varies accordingto the risk attitude. Givena
risk-neutral utilit y function U, the risk-prone utilit y function is corvex w.r.t. U, and
the risk-averseutilit y function is concare w.r.t. U [4].

The utilit y function of a risk-neutral sellerS’ in a given encourter k, whenit receiwes
r purchase-ordersjs

. " y X " W X "
U(PO™;:::1;PO") = G sat(PO) Cs (ST sat(PO)) Ci r (1)

i=1 i=1

3Seereferenceto work by Kephart as explained in Section 2 for dynamic pricing strategies.
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G is the gain for one sold unit; the function sat(PO) returns the size of satis ed
portion of POX; Cs is the cost of holding oneunsold unit for one encourer; C; is the
cost for obtaining the type of one buyer; r is the number of times the seller bough
sud type information in the given encouner.*

The utilit y function of a risk-prone selleris the following corvex function:®

r sat(POK) C. (STIk ' sat(POK
Uconvex(Polk' s Ork) — eXFK i=1 ( i ) SSTj(k i=1 ( i )))
()
The utilit y function of a risk-averseselleris the following concave function:
1k rk Cs STJk
concave(PO """ PO ) = exp(——) 3)

G [asalPOf) Cs (ST [ysaPOf),

ex
ot Av

whereAv a positive number that a ects the level of aversenes®f the sellerssud that
smaller Av refersto higher aversenes&nd vice versa.

The utilit y function of the buyers | We distinguish between concedingbuyers
and non-concedingbuyers. A concedingbuyer's utilit y is proportional to the part
of its purchase-orderthat was ful lled. The utilit y function is given by U'(PO*) =
sat(P O)=PO*. Non-concedingouyers are buyerswhosewillingnessto acceptpartial
purchase-orderful Iment is lesserthan the willingnessof other (conceding)buyersto
do so. This is expressedn their utilit y function, wherepartial satisfactionof purchase-
ordersintensi es the lossof gains. A non-concedingobuyer B''s utilit y is given by the
function

U, (PO%) = (sat(POf) (PO sat(PO/)) LS)=PO} (4)

where LS is the factor that re ects the level of buyer dissatisfaction with partial
purchase-orderful Iment. Note that here, the utility of a partially satis ed buyer

“Note that r is only relevant to the strategiesthat consider buyers' type. In our experimerts, these
strategies were found to provide poor gains compared to other strategies. Therefore, the use of these
strategiesis of little importance and r is omitted from the following utilit y functions.

51t is basedon the non-normalized utilit y function of the risk-neutral sellersgivenby G [_, sat(P O'k)
Cs (STik 1 sat(POK)).



Notation Description
k The k™ encourter.
K The number of encourters.
B=fB'g;1 i< 1 | The setof buyers.
S=fS'g;1 | <1 | The setof sellers.

STIK The stock that seller S' holds at the beginning of encourter k.

TY! The averagepurchase-ordersize of buyer B'.

POJ-'" The purchase-orderplaced by buyer B' to sellerS' at encournter k.
sat(PO¥) The actual deal satis ed by sellerS! after buyer B' requestedP O¥.
Cs The cost of holding one unsold item in stock for one iteration.

Cq The price that a sellerneedsto pay to reveal one buyer's type.

G The gain of a seller from selling one unit of the good.

Table 1: Summary of the SEMI's Notations

may be nullied. ® As the value of LS increases;the buyer's level of non-concession
increasedo0.

Stock sizes | We distinguish between homogeneousand heterogeneousmarkets.
In homogeneousnarkets, all sellershold equal-sizedstocks at the beginning of eat
encourter (i.e., forany k;k°2 IN, STik = STI%). In heterogeneousnarkets, the sellers
may hold stocks of di erent sizes.

The size of the mark et | Smallermarkets may behave di erently from larger ones,
in the sensethat sellersand buyers may needto usedi erent strategiesto maximize
their gains. Our model allows us to populate the market with buyers' and sellers'
populations of various sizes. Utilizing this exibilit y, we have examined markets of
seeral sizes. By this, we were able to study similarities and di erences in strategic
behavior asa ected by the sizeof the market.

The utilit y functions and the parameterspreserted above are usedin our experimerts. The
notations of this sectionare summarizedin Table 1. Thesewill be usedin following sections
to descrile strategies(Section4.1) and experimerts (Section 6).

4 Sellers' and Buy ers' Strategies

The model preserted above providesthe framework in which the trade interactions of interest
shouldtake place. Giventhis framework, agers would interact strategically to acieve their
trade objectives. Sincewe usea simulated agen systemfor our study, we needto provide the

8For example,when LS = 0:5, a buyer for which lessthan a third of the purchase-orderwas satis ed will
gain zero, which is, utilit y-wise, equal to not being satis ed at all.
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strategiesto be usedby the ageris within the simulator. We denoteby ° the setof strategies
to be usedby the sellers,and by P the set of buyers' strategies. It is preferablethat the

strategieswe provide represen the strategy space,howewer sincethis spaceis intractable,

we have concertrated on a set of represetativ e strategies. We later show that the selected
strategiesare bene cial and enhancestability.

As stated in Section 1, the markets we study are characterized by sellersthat, as a
result of stock shortages,may be unableto satisfy someof the requestssubmitted to them.
Therefore, we concertrate on buyer strategiesthat allow punishmen behaviors, and seller
strategiesthat considera variety of decisionpoliciesfor selectingbuyersto be satis ed.

4.1 Sellers' strategies

In our model, given a set of purchase-ordergeceived by a seller, a seller'sstrategy speci es
which portion of ead purchase-orderto supply. The strategy could be a ected by the
following issues: (i) the arrival time of the purchase-orderat the seller's site (within an
encourter); (ii) the sizeof the purchase-order;and (iii) the type of the buyer that submitted
the purchase-orderwhenit is possiblefor the sellersto obtain this information.

We deweloped represetativ e strategiesto test which equilibria will result from encourters
betweenbuyers and sellers. We categorizethe strategiesaccordingto the way in which they
usethe available information. For simplicity, a strategy doesnot usehistorical information.
This is reasonablein situations where the buyers are unrecognizable. Note that, when
the requeststo a seller, cumulatively, do not exceedits stock, the di erences betweenthe
strategiesbecomeunimportant, as the seller agert will satisfy all the requests,regardless
of the use of a speci ¢ strategy. Only when the requestscumulatively exceedthe seller's
stock, the details of the strategy indeeda ect the behavior of the agert that implemerts it.
Below are the details of the strategies. In the naming of thesestrategies,we add the pre x
letters O, D and R, to indicate that the strategy implemerts, respectively, size ordering,
proportional distribution and type recognition.

Below we presen the strategies,partitioned into categories:

The uninformed seller categoryincludes strategiesin which the seller doesnot consider
the sizeof the purchase-ordergissue(ii) above) nor the buyers' type (issue(iii) above). In
this categorywe considera simple seller strategy as follow.

1. RandomSeller(in short RandS)| Accordingto this strategy, a sellerrandomly chooses
the purchase-ordersto be ful lled from those that were submitted to it. The seller
attempts to completelyful Il all of the requests,howewer as a result of its stock being
limited in sizeit may end up not ful lling someof the requests.The sellersequetially
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selects by random, purchase-orders Eac of theseis fully satis ed (exceptfor, possibly
one purchase-orderwhich may be only partially satis ed), until its stock is exhausted
or there are no more requeststo ful ll. The RandSstrategy is equivalert to a First-In-

First-Served (FIFS) strategy in casesvherethe order of arrival of buyers' requestsat
sellers'sites doesnot depend on characterizing traits of the buyers (e.g., their typical
order size).

The greedy seller categoryincludesstrategiesthat are a ected by the sizeof the purchase-
orders(issue(ii) above).

1. OrderedPurchase-Ordergin short OPO) | Accordingto this strategy, the ful limen t
of the buyers' purchase-orderds performedin a decreasingorder of their sizes.

2. Distributed Purchase-Orders(in short DPO) | According to this strategy, a seller
(partially) satis es the purchase-ordersproportionally to their size. That is, if S
receivesr purchase-ordersin encourer Kk, POlk':::' Ork then ead buyer B' will

be supplied with bp—w STikc. The remainder of this distribution, i.e., STk

( bP—W STikc), is allocated to one buyer, selectedrandomly.

The intelligen t seller categoryincludesstrategiesin which the sellerusesthe buyers'type
(issue(iii) above) for decidingupon purchase-orderdo be ful lled.

1. Ordered Types (OType) and Ordered RecognizedTypes (ORType) | According to
these strategies, the ful llment of the buyers' purchase-ordersis performedin a de-
creasingorder of the type of the buyers. R in the pre x denotesrecognizablebuyers
(referring to type recognition and not identit y recognition). In our model, sellersthat
areinterestedin the information regardingthe type of a buyer needto pay for it. When
buyers are recognizable(i.e., their identity is not hidden), a seller needsto pay only
oncefor this information. In sud a casethe ORType strategy is relevant. When buy-
ersare not recognizablethe a sellerneedsto pay for this information in ead encourter
it would like to useit. In sud a case,the OType strategy is relevant.

2. Distributed Types(DT ype) and Distributed Recognizedl'ypes(DRType)| According
to this strategy, a sellersatis esthe purchase-ordergproportionally to the buyers'types.
That is, if S' receivesr purchase-ordersn encourter Kk, PO1k """ POrk then for eat
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buyer B, the seller computespq = bp—r% STi*c. If po PO then pq is set
1=1

to POjik. The remainder of the seller'sstock is allocatedto buyersin the sameway as
in the DPO strategy. The inclusion of R in the pre x (DRType) refersto the caseof
recognizablebuyers. Paymert for type are applicable following the sameguidelinesas
in the ORType and OType strategies.

The sellers'behavior when following the strategiespresened above is demonstratedby
examplesin Appendix A.

4.2 Buy ers' strategies

Under the assumptionsmade in this paper, a buyer has very limited information (relevant
to the trade) on the sellers. Note that limited information aswe assumeis commonin real
B2C and MRO electronicmarkets. At ead encourer, the buyer knows what portion of its
submitted purchase-orderwas satis ed. Given sud a history of past encourters, a buyer
should decidewhich sellerto approad in the currert encourer. In this paper, for simplicity,
we focus on strategiesthat take into considerationonly the history of the last encourner.’
The list of buyer strategiesfollows.

1. Random Buyer (in short RandB) | According to this strategy, the buyer randomly
selectsa sellerfor submitting a request.

2. Loyal | According to this strategy, a buyer B' will rst chedk whether the seller S/
with which it has placed a purchase-orderat encourier k has completely or at least
partial ly satis ed it at that encourter. If S has(partially) satis ed it, at encourer K,
B' returns to sellerS! at encourter k + 1. Otherwise, at encourter k+ 1, B' randomly
selectsa sellerfrom S to which it submits its purchase-order(this random selection
may be S aswell).

3. Loyal and Punish (in short LoyalP) | Accordingto this strategy (in similarity to the
Loyal strategy), a buyer B' will rst chedk whether the seller SI with which it has
placeda purchase-orderat encourter k has completely or at least partial ly satis ed it
at that encourter. If S/ has (partially) satis ed it at encourer k, B' returns to seller
S at encourter k + 1. In dierence from the Loyal strategy, if B''s order was not
satis ed at all, at encourter k + 1 B' randomly selectsa sellerfrom S nf Sl g (thus not
approading S! at encourter k + 1).

“Long histories are more commonly taken into accourt in long-term interactions between buyers and
sellers. In thesecases,contracts are usually signedwhen the supply and the demand are known in advance.
This is not the casewe study in this researd, in which we focus on short-term interactions.
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4. Loyal Weak (in short Loyalw) | According to this strategy, a buyer B' will rst
chek whether the sellerS! with which it hasplaceda purchase-orderat encourer k
has completely satis ed it at that encourter. If S' hasfully satis ed it at encourter Kk,
B' returns to sellerS! at encourter k + 1. Otherwise, at encourter k+ 1, B' randomly
selectsa sellerfrom S nf Sig (thus not approading S' at encourter k + 1).

5. Probabilistic Buyer (in short Prob) | According to this strategy, a buyer B' that has
approated sellerSI at encourter k with a purchaseorder POX, will approah S/ at
encourter k + 1, with a probability of sat(POj*)=PO}. This probability|the ratio
between the portion of the purchase-ordersatis ed and the whole purchase-order|
expresseshe level of satisfactionof a buyer. B' will approad ead of the other sellers
with a probability of (1 ~ sat(PO/)=PO*)=(jSj 1).

When following any of the strategiesabove, exceptfor the RandB strategy, a buyer will
return to a sellerthat hascompletelysatis ed it. Yet, whenpartially satis ed or not satis ed
at all, a buyer may punish the sellerit hasapproaded at encourter k, by not returning to
this sellerat encounter k + 1. The se\erity of the punishmern is expressedn the following
order of the strategies: on the one extreme, LoyalW is the most punishing strategy because
even if a sellerhas partially satis ed a buyer, this buyer will not return to the sellerat the
next encourer. The probabilistic strategy is lesspunishing than LoyalW sincethere is still
a positive probability for a buyer to return to a partially satisfying seller. LoyalP is more
punishing than Loyal and lesspunishing than LoyalW. RandB inducesa buyer to choosea
sellerin arandomway, with no regardto the seller'sbehavior. We demonstratethe behavior
of the buyers when they follow ead of the aforemertioned strategiesin Appendix B. Our
hypothesiswas that not returning to a sellerthat hasnot fully satis ed a buyer, would be
the best strategy for the buyer. We found out in the experimerts that this is not always the
case.

5 The Metho dology of the Simulation-based Solution

The utilit y of an agent trading in an electronic market is in uenced by the other agerts'
actionsin that market. The analysisof sud in uences usually residesin the eld of game
theory, henceour methodology relies on game-theoreticconceptsas well. In particular, we
study strategy pro les and their stability. Howeer, in di erence from the classicalgame-
theoretic approad, we perform our study via simulations. In the simulations, the expected
utilit y of buyers and sellersis computed subject to various market settings and the use
of di erent strategies. Sincein markets of the type studied here agens are self-inerested
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and competitiv e, there is no single evaluation criterion that fully capturesthe preferences
of all market participants. Somesolutions might be optimal for someof the agerts, but
disadvantageousfor others. Our study seekssolutions, in which ead agert maximizesits
utilit y giventhe behavior of the other agens. Solutionsof this type provide strategy pro les
that inherertly give the agens no incertive to deviate from them.

Given the two setsof strategies S and P asdescribed earlier, and with sud a game-
theoretic approad taken, we seekstrategy pro les that arein equilibrium. A strategy pro le
F is a set of strategies,one for eat buyer and one for eat sellerfrom the relevant setsof
strategies. To nd strategy pro les which arein equilibrium, we computethe averageutilit y
of eath agert in the market, utilizing the SEMI simulator, and usethis computed utilit y as
an estimation of the agen's expected utilit y. Once the utilities are available, we examine
strategy pro les in conjunctions with the utilities they yield, seekingpro les that are in
exgerimental equilibrium.

De nition 1 (Exp erimental Equilibrium) A prole F is an exgerimental-equilibrium
if, for any agent A who deviatesfrom its strategy in F by using another strategy from ,
A does not increaseits estimated expected utility, given that the other agentsfollow their
strategiesin F.8

De nition 2 (Dominan t Exp erimen tal Equilibrium) A prole F is a dominant-exgrimental-
equilibrium if, for any other prole FCthat is an experimental-equilibrium, both the selers
and the buyersobtain the largestexpected utility by following F.

Our experimerts are aimed at nding sud equilibria.

6 EXperiments

In order to reveal experimertal equilibria, we have performed a seriesof experimerts. Our
main goalwasto identify dominart experimertal equilibria pro les, if theseexist. Dominant
equilibria pro les are desirablesince, if they exist, all the agert that know them should
prefer using the strategies of the dominart equilibrium. This will result in both utility
maximization and stability. Hence,dominant equilibria pro les we nd in our experimerts
should be recommendedor the designof agers that buy and sell in xed-price electronic
markets similar to those we examine.

8Since our market is complicated, we assumethat the set of strategiesthat is consideredfor deviation is
determined in advance. Note that this de nition diers from Nash equilibrium sincewe use an estimation
of the expected utilit y, rather than the actual value.
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Dimension | The utility function The utility function | Stocks The set of The size of
of the sellers of the buyers Size buyers the market
Setting Risk | Risk | Risk Non - bi-
Prone Neutral Averse ConcedingConcedingHomo.Hetero, i.i.d|polarsimple | larger
I V v v vV v
. v Y, v Y, v
. Y Y Y Y Y
v % % % % %
\Y \% \% \V; \% Vv
Vi v Vv VAR v
Vil Y \Y Y V| Vv
Vil Vv Vv Vv vV

Figure 1: Experimerts run with SEMI.

Our experimerts were conducted using the SEMI model and simulator (described in
Section3). The settings of the experimerts are summarizedin Figure 1. Although we have
experimerted with seeral di erent market settings, someparametervalueswerenot changed
acrosssettings, as follows. A seller'sgain from selling one unit of the good is 1. A seller's
costfor holding oneunsoldunit in stock for oneiteration is 2 (i.e., Cs = 2). The underlying
intuition for setting this costis that, in similarity with real markets, it should be costly to
hold items unsoldin stock. Sud costsresult from the costsof both storageand nancing of
the unsold units. Determining the size of C5 was done experimentally. We have examined
Cs > 2 aswell, however C; = 2 was found su ciently large to expresscostlinessof unsold
stocks.

In casesl through VI (seeFigure 1), in which the types of the buyers were stochastic
independert and idertically distributed (i.i.d.), the distribution of typeswassetto a normal
distribution with mean = 50and standard deviation = 40. When smaller values(e.g.,

= 10) were usedin our experimerts, somebuyers endedup with negative types. One
way to bypassthis problem is by cutting the tail of the distribution. Yet, this will result
in a non-normal distribution, which will, in turn, complicate the analysisof the results and
imposedi cult y in comparingthem to other studies. We solved the problem by selectinga
greater value, leaving virtually all buyer typespositive.

In casesVIIl and VIII (Figure 1), where the types of the buyers were distinguishable,
we deviseda bi-polar distribution, which is in fact a superposition of two narrow normal
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distributions. The choice of a bi-polar distribution was madeto model a commonstructure
of B2B MRO markets, wherebuyers can usually be classi ed into larger-wolume buyersand
smaller-wolume buyers, and the larger volumesare signi cantly larger than the smallerones,
with no overlap in size.

Acrossall simulations, ead run consistedof 30 encourters. The number of encourters in
our experimerts should not be too small, sinceour strategiesare applicable only for markets
where buyers and sellersinteract repeatedly Yet, the number of encourter should not be
too large either. This is becausewe considershort periods of time in which pricesand stock
sizesdo not change,and long-term customer-endor relationshipsdo not form. Under sud
constrairts, we opted for 30 encourers, gaining the additional advantage of statistically
signi cant results.

In all simulation casesjn ead encourer, for ead buyer B' and its type TY', the sizeof
its purchase-ordemwas chosenrandomly from f TY' 1, TY'; TY'+ 1g. Note that two agens
of di erent typesmay have purchase-ordersof equal sizesin a given encourter. Thus, the
type of a buyer cannot be determinedfrom its purchase-order(though it canbe learnedfrom
multiple orders). The sizesof stocks held by buyerswere computedby (X ) jBjFS]j,
where X is the factor by which we can constrain the stock to be smaller than the average
expected cumulative demand , thus imposing supply shortages.jBj=Sj is a normalization
factor which is necessarnyto allow comparisonbetweendi erent market sizes.

Experimerts were performedon two scalesof markets: 1) a small market composedof 9
buyersand 3 sellers,and 2) large markets with 100 buyerstrading with 14 sellers. A market
of 9 buyersand 3 sellersis the smallestsizein which meaningful many-to-many buyer-seller
interactions occur. The number of sellersmust be at least 3 so that a buyer will have the
opportunity to selectbetweenat least two sellers,even in the caseit decidesnot to return
to oneof the sellers. The number of buyers should be at least 3 times the number of sellers,
to allow an averageof at least 3 buyers per seller, so that a seller can choosefrom among
them.

The exponertial seard spaceof possibledeal conbinations impliesthat evenfor the small
market we cannot experimert with all possiblecombinations. Newertheless,for the smaller
case,running 100,000experimerts was su cient to arrive at results which are statistically
meaningful, and stable. In addition, for the small market it was possibleto erumerate
oine, prior to the experimerts, the set of deal conbinations to be experimerted with.
That is, for eat simulation con guration we computedand storedsetof 30 jBj 100 000
deals (30 per buyer, for 100,000runs), which were later usedfor the experimert. A stored
set of deal combinations allows comparison between results of di erent experimerts that
use this stored set. For the larger market, howewer, the spacecomplexity of the set of

16



deal conbinations is prohibitiv ely large, thus pre-computation of the setis not an option.
Therefore, we dynamically createdthe buyers' dealsfor eat simulation run. The number
of simulation runs for the large market was 400,000.

The basicsetting that we considereds of risk-neutral homogeneousellersand stochastic
concedingbuyers acting in a small market. In all of the other experimerts we changedone
parameter setting, keepingthe other parametersas in the basic setting. First we changed
the size of the market, i.e., we consideredrisk-neutral homogeneousellersand stochastic
concedingbuyers acting in a large market Second,we changedthe utilit y function of the
buyers and conducted experimerts of risk-neutral homogeneoussellersand non-conceding
buyersacting in a small market. Third we changedthe risk attitude of the sellersand then
we consideredheterogeneousellers. Finally, we considerednon-stachastic buyerswith both
risk neutral and risk aversesellers. After preseting the results of theseexperimerts, we will
discussour ndings.

6.1 The basic setting: risk-neutral homogeneous sellers and stochas-
tic buyers in small mark ets (case |)

In the basicsetting the market consistsof 9 concedingouyersand 3 risk-neutral sellersholding
stocks of 100units ead. Experimerts performedin this market show that the strategy pro le
(LoyalP RandS) is the dominart experimertal equilibrium of these markets® The results
are shawn in the certral column of Figure 2. There, UB (US) is the averageexpected utilit y
that the buyers (sellers)obtain by following the correspnding strategy.

In addition to the dominart equilibrium, we have identi ed 5 non-dominarn experimertal
equilibria. Three of theseinclude sellersthat bene t from choosingthe buyersaccordingto
the sizeof their orders(i.e., the sellersfollow the OPO strategy). Sellersthat implemerted
ORType, OType, DRType, DType with C; 2 [0; 4] obtained poor expected utility. These
strategiesdo not appear in the Figure as they are not part of any equilibrium. For these
type revealing strategies,there was always an alternative greedyor uninformed strategy that
yielded a higher remuneration.

6.2 Large mark ets (case I1)

To nd out whetherthe resultsobtainedfor the small market apply to larger markets, we have
examineda market that consistsof 100 buyersand 14 sellers. The sizeof eat seller'sstock
was setto 233 units (in proportion to the 100unit stock of the basiccasewith X = 0:412).
The results of these experimerts shav that the strategy pro le (LoyalP, RandS) remains

9Signi cance of the results was tested with the t-tests with = 0:05.
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9 buyers 3 sellers 100 buyers 14 selle
Non-conceding buyersonceding buyers  Conceding buyer
B and S strategies Stock=100 Stock=100| Stock=233
RandB’RandS \Y UB: 0.5987 \Y UB: 0.6385 XX
US: 0.8637 US: 0.8636
RandB,0PO y UB:0.4867 \/ UB: 0.5334
US: 0.8637 US: 0.8637 XX
RandB,DPO UB: 0.4619 \/ UB: 0.6377 X X
V. Us:08637 |  US:0.8637
LoyalP,RandS | \y UB:0.6602 v UB:0.7087 [ \/ _ UB: 0.6846
US: 0.9758 US: 0.9854 US: 0.997
Loyal,RandS X UB: 0.6847
y X Vv US: 0.9969
Prob,RandS X X VvV UB:0.6845
US: 0.9914
Prob,0OPO vy UB 0.5153 vV UB:0.5673 XX
US: 0.9653 US: 0.9653
LoyalW,0PO UB:0.5031 | \/ UB:0.5545
y M US: 0.952 US: 0.952 XX
:______1. The dominant experimental equilibrium

V  An experimental equilibrium
X The corresponding strategies are not in experimental equilibri

XX These strategies are undecidable. Nevertheless, (LoyalP Ran
dominates them.

Figure 2: Equilibria found for a market with risk-neutral sellerswith homogeneoustocks
and buyer typesnormally distributed with parameters = 50; = 40.

the dominart experimertal equilibrium. Numerical results are presetied in the rightmost
column of Figure 2. Note that, for somestrategy pro les, no results regarding equilibria
are presened. Our experimerts have proven dominance of (LoyalP, RandS) over these
pro les. Yet, a large market imposesa high time-complexity for chedking whether a pro le

is in experimertal equilibrium. Becauseof this complexity, we have refrained from cheding
experimertal equilibria of all of the pro les which were dominated by (LoyalP, RandS). In

particular, the pro les (LoyalW, RandS), (LoyalW, OPO), (Prob, OPO), (RandB, RandS),
(RandB, OPO) and (RandB, DPO) weredominated by (LoyalP, RandS), hencewe have not
chedked them for experimertal equilibria.

As found in the small market, the strategy pro les (LoyalP, DPO), (LoyalP, OPO),
(Loyal, DPO), (Loyal, OPO), (Loyalw, DPO) and (Prob,DPQO) are not experimertal equi-
libria thus are not presened in the Figure 2. Similarly, any strategy that required that
the sellerpay to acquire the type of the buyers was not part of any equilibrium. In dier-
encefrom the results obtained for the small market, the pro les (Loyal, RandS) and (Prob,
RandS) are experimertal equilibria in the large market. Newertheless,they are dominated
by (LoyalP, RandsS).

Altogether, the experimertal results of this casestrengthen our ndings that (LoyalP,
RandS) is the dominart experimertal equilibrium in a large number of markets.
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6.3 Non-conceding buyers (case I11)

A buyer that follows the LoyalP strategy would return to a seller even if the seller only
partially satis ed its order. In somecasesbuyers are more sensitive to partial satisfaction
of their orders. The displeasureof sud non-concedingbuyers with partial satisfaction is
expressedy a signi cant reduction in their utilit y, as expressedn equation 4. We wanted
to chedk whetherin the casethat buyersare non-concedingthe pro le (LoyalP, RandS)will
stop beingthe dominarnt experimertal pro le. It seemghat the strategy LoyalW, according
to which a buyer returns to a seller only if the seller completely satis ed its purchase-
order, is more bene cial in this case.Howewer, our experimerts of risk-neutral homogeneous
sellersand stochastic non-concedingouyersin small markets show that this is not the case.
This is shown in the leftmost column in Figure 2, where (LoyalP, RandS) is the dominart
experimertal equilibrium.

6.4 Risk averse and risk prone sellers (cases IV and V)

Next we chedked situations wherethe sellersare risk averse. It seemsthat it may be ben-
e cial for a risk-averse agert to deviate from RandS where it makes decisionsrandomly.
We consideredsituations of homogeneousellersand stochastic concedingbuyers in small
markets. Here, we usedthe parameterAv to expressthe level of aversenes®f the seller. As
Av decreaseshe aversenessncreasegseeSection3). We found that only when the sellers
are highly averseto risk, (LoyalP, RandS) stops being a dominart strategy (seeFigure 3).
In particular, for 45< Av < 100we found that the pro le (LoyalP, RandS)is the dominart
experimertal equilibrium (asin marketswith risk neutral sellers). For aversenessaluesof 45
and 46, the expected utilit y of the sellersfor the (LoyalP, RandS) pro le wasequalto their
expectedultilit y for the pro le (Prob, OPO). Among thesetwo pro les, the buyers' expected
utilit y is greater for (LoyalP, RandS). Thus (LoyalP, RandS) is a weakly dominart pro le.
For Av < 44, i.e., sellers' aversenesss intensi ed, their expected utilit y from the pro le
(Prob, OPO) is greater than their expected utilit y from (LoyalP, RandS). Newertheless,a
dominant experimertal equilibrium was not found becausehe buyersbene t mostwhenthe
sellersare indeed RandS.

We have further tested markets with risk-prone sellers. As expected, the dominant ex-
perimertal equilibrium found for such markets is (LoyalP, RandS), as appearsin Figure 3.
Pro les that do not appearin the table are not in equilibrium.
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Buyers' and sellers' strategies, Stock=100, Ct=0
Av| Sellers' Risk LoyalP, RandS Prob, OPO |RandB,Rand5 RandB,DPO RandB,0PO LoyalW,0
UB:0.7088 UB:0.5674
Neutral US:0.9854 US:0.9653 > | US:0.8636 | US:0.8637 | US:0.8637 | US:0.952
UB:0.7087 UB:0.5673 < | UB:0.6385 | UB:0.6377 | UB:0.5334 | UB:0.5544
100 Averse US:6.9808 US:6.9534
UB:0.7087 UB:0.5673
46/ Averse US:77.0135 = | US:77.0116
UB:0.7087 > UB:0.5673
44 Averse US:93.8886 < US:93.8933 > | US:89.9745| US:89.9786| US:89.9753 US:93.8583
UB:0.7088 > UB:0.5674 < |UB:0.6386 | UB:0.6378 | UB:0.5334 |UB:0.5544
35 Averse US:302.556 US:302.6356 > | US291.3932 US:291.3886 US: N/R |US: N/R
UB:0.7087 UB:0.5673 < [|UB:0.6387 | UB0.6377 UB:0.5334|UB: 0.5544
20 Averse US:21998.746% | US:22002.6836
UB:0.7086 > UB:0.5673

| The dominant experimental equilibrium
X This is not an experimental equilibrium

N/R Not Relevant, since U(B) of the buyers corresponding to these sellers is
already smaller than the U(B) of the buyers who follow Prob when the sellers are OPO

Figure 3: Equilibria found for markets with three sellersbehasing at di erent levels of
aversenesshine concedingbuyers with types normally distributed with parameters =
50, = 40.
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6.5 Heterogeneous stock sizes (case VI)

We hypothesizethat in situations where sellershold stocks of di erent sizesit will be bene-
cial for sellersholding a small stock to deviate from the RandS strategy; they may needto

be more carefulin satisfyingtheir customersin orderto attract them. Howeer, experimerts

with heterogeneousellers'stock sizesshow that (LoyalP, RandS) is the dominart experi-

mertal equilibrium in this casetoo (seeFigure 4). We considereda market of 3 sellers:one
seller held a stock of 70 and two sellersheld a stock of 100. Note that in this experimert

we consideredheterogeneoustrategy pro les (i.e., sellersthat hold stocks of di erent sizes
implemert di erent strategies). In addition, the utilities of the sellerswere computed for

eadt stock separatelyand not averagedover all sellers. That is, U(S[70]) in Figure 4 is the

utilit y calculatedfor the sellerwith stock 70 and U(S[100]) is the averageutilit y obtained
by the sellerswith stock 100.

Wewereableto nd heterogeneousgro les that areexperimertal equilibria. For example,
LoyalP for the buyers, OPO for the sellerwith stock 70 and RandSfor the sellerswith stock
100 is an equilibrium. Newertheless,(LoyalP, RandS) is still the dominant experimertal
equilibrium (seeFigure 4).

[S0,S1, S2 and B strategieg Stock for S0, S1, SR
70 100 100

OPO,0PO,OPO |\ uE%%s1
Loyalw U(S[100]):0.9622

UB:0.4916
OPO,0PO,0PO V U(S[70]):0.972
Prob U(S[100]p.972

: UB:0.6187
OPO,RandS,RandS| V U(S[70]):0.993

9
LoyalP U(S[100]p.9901

UB:0.6406 |
RandS,RandS,RandS V U(S[70]):0.9939
LoyalP U(S[100]p.9906

Figure 4: Equilibria found for a market with jBj=9,jSj=3, sellers'stocks are Stock(S°) = 70,
Stock(S?) = Stock(S?) = 100 and buyer types are normally distributed with parameters
= 50, = 40.

6.6 Distinguishable buyers (cases VI | and VI I)

One may hypothesizethat a dominart equilibrium that includes RandS results from the
buyer typesbeing normally distributed. Thus, we decidedto considersituations wherethere
are only two possibletypesof buyers: low and high. In particular, we experimerted with
three sellersand a set of buyers composedof v e buyers of type 20 and four buyers of type
70. The correspnding possibleorder sizeswere 19,20,21and 69,70,71units.
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The interesting result of this experimert is that (LoyalP, RandS)is no longer an experi-
mertal equilibrium. A singleexperimertal equilibrium wasfound|(RandB, RandS)|whic h
is, obviously, the dominart equilibrium. This result wasobtained for both markets with risk-
neutral and risk-aversesellers. It is somewhatsurprising that, in the resulting equilibrium,
RandB replacesLoyalP from precedingexperimerts. We would expect RandSto be replaced
by a more deterministic strategy instead. Furthermore, this result implies that, in this mar-
ket too, it is not bene cial for the sellersto learn the typesof the buyers, even though these
are clearly de ned and distinguishable. We will discussour intuition of this nding and the
previousonesin the next section.

6.7 Discussion

The main result of our experimerts is that the strategy prole (LoyalP, RandS) is the
dominarnt experimertal equilibrium in almost all of the situations considered.Our intuition
is that this is the casebecausethe (LoyalP, RandS) pro le leadsto the best stable split of
the buyers amongthe sellers. To readt a good split, buyers completely unsatis ed by their
current sellersshould move to other sellers. When buyers who are completely unsatis ed
implemert a positive probability of staying with the non-satisfying sellers,as in the Loyal
strategy, the resulting split of the market is non-bene cial. Note, howe\er, that too frequen
hopping to other sellers,either when buyers are partially satis ed (e.g., when they follow
LoyalW) or whenhoppingis doneregardlessof the level of satisfaction (e.g., whenRandB is
followed), rendersan unstable market. Instability of the market results in reducedutilities
to both buyersand sellers. Thus, the pro le (LoyalP, RandS)is the go between.

LoyalP behavior of buyers may be further understood as meansfor buyers to consider
possibleoutcomesof future encourters in their current decision. For instance,a buyer which
is partially satis ed by a sellerat a given encourter may becomefully satis ed in proceeding
encourers, when agerns that were not satis ed at all by that sellerleave and the missing
stocks for fully satisfyingits order becomeavailable.

A seller'sgoal is to have a set of buyers that it will (almost) always be able to satisfy.
Becauseof the dynamismimplied by the buyersfollowing LoyalP, a sellerthat holdsa mixed
set of customers,someof larger typesand somesmallertypes,hasa better ability to satisfy
almost all. The bestway for a sellerto form sud a mixed buyer setis to follow the RandS
strategy, and this explainsthe sellerspart in the (LoyalP, RandS) pro le.

There were two caseswvhere changesto the basic setting resultedin the pro le (LoyalP,
RandS) not being the dominant experimertal equilibrium. The rst was the casewhere
risk attitudes were introduced. For sellersthat were highly averseto risk, (LoyalP, RandS)
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was still an experimertal equilibrium, however no longer the dominart one. Newertheless,
no other equilibrium becamedominant. In this case,the sellerspreferred (Prob, OPO) to
(LoyalP, RandS); this is reasonablegiven their aversenesso risk.

The secondcasewas the caseof distinguishabletypes. Under, the bi-polar distribution,
wherebuyersweredivided into two types,low and high, the pro le (LoyalP, RandS)wasno
longeran equilibrium. Instead, the unique equilibrium was (RandB, RandS). Our intuition is
that this stemmedfrom the speci ¢ choice of typesin this experimert. There were 4 buyers
of type 70 and 5 buyers of type 20. The averagetype (42.2) is lower than in the stochastic
case(50) and the stock (100 per seller) was not changed. However, for the 4*70;5*20type
distribution, it is moredi cult to split the market in a way that the buyerswill be satis ed
than it is in the caseof normal distribution. Therefore, it is better for the buyers not to
read a stable split, but ead time to try a dierent one by following RandB. When the
buyers follow RandB, the sellers'strategy hasno e ect on the buyers' decision. Hencethe
best alternative for the sellersis to follow RandS.

When changesto the basicsetting other than the bi-polar distribution were made, reac-
ing a stable split was both possibleand bene cial. For example, considera non-conceding
buyer. Although sud a buyer losesmore than a concedingbuyer when partially satis ed,
our intuition is that punishing the selleron partial satisfaction (e.g., using LoyalW) will not
increasethe expected utilit y of the buyer. Rather, asin the concedingcase,when using
LoyalW a stable split will not be readed. Thus, (LoyalP, RandS)is a dominart experimen-
tal equilibrium. Similarly, when there is one seller with stock 70 and two sellersof stock
100, the sellerwith the smaller stock can almost always sell all of its stock, regardlessof the
strategy that it uses.Howeer, reading a stable split is bene cial to the other large sellers.
Therefore, (LoyalP, RandS)is the dominart equilibrium.

In addition to market settings discussedn this paper, we have experimerted with, and
analyzed, other settings. Results from experimerts performed with markets where sellers
held stocks of 70 and 150 units were analyzedand publishedin [5, 6]. There, it was found
that for a stock size of 70, (LoyalP, RandS) was not a dominarnt equilibrium, although it
was an equilibrium, and no other pro le wasa dominant equilibrium. We have no intuition
that explainsthis behavior for this stock size. When the stock was 150, (Prob, RandS) was
the dominarnt equilibrium, maintaining the RandSdominance,howeer replacingthe buyers'
strategy by a more punishing one, which is reasonablewvhen the supply is increased.

In all of our experimerts, for any setting consideredwe obsened that learning the type
of the buyersis not bene cial to a seller. Our intuition is that this is becausewe considered
situations wherethe demandwas very closeto supply. The sellerswere quite often able to
sellall their stock. In sud casest is better for sellersto form a set of mixed sizecustomers,
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rather than spending money on identifying large buyers and trying to attract them. The
bestway to form sud a setis using RandsS.

It is important to note another property of RandS. When the order of arrival of buyers'
requestsat sellers'sitesis random, and this arrival order doesnot depend on the quartity
requested,using RandS s equivalert to using FIFS. This obsenation is particularly useful
for sellerswhen the buyers can obsene the order of their requests'arrival. The sellerscan
implemert RandSsinceit is their dominart strategy, howewer the useof FIFS, when observ-
able, exhibits a fair service. SinceFIFS is equivalernt to RandS, the sellerscan implemern
FIFS with no harm to their gain.

7 Summary and Conclusions

The goal of this paper was to study strategic interactions among agens transacting in
B2C and B2B MRO electronic markets, and to nd stable and bene cial strategy pro les
for sud agents. In particular, strategiesfor buyersto selectsellersand for sellersto decide
which purchase-ordergo satisfy weresough. Desirablecriteria that recommendedstrategies
should addressare stability and maximization of gains. Sincethe prots of eadh ager
participating in a trading activity are in uenced by the other agens' activity, we sough
strategy pro les that maximize ead agert's utility given the actions taken by the other
agerns. The notion of equilibrium provides us with thesedesirableproperties. A pro le of
strategiesis in equilibrium if no agen canincreassits utilit y by deviating to another strategy
that is not part of the pro le.

Traditionally, the study of strategic behavior of ageris belongsto the eld of game
theory. Hence, our researb is based on some game theoretic concepts. Howewer, since
practical electronic commercescenariosare much more complexthan classicalgames,our
study includes seeral simpli cations, as follows. We have limited the sets of strategies
implemerted by the agerns to thoserelevant to the problem. In addition, since analytical
computation of the expected utilities of the agens is very complex, we have opted for an
approximation of these. Using a subsetof the strategy spaceand approximated utilities,
classicalnotions of equilibria do not hold. Hence,we de ned the notion of experimertal
equilibrium. We empirically computedthe expectedutilities of the participating agers, and
usedthesevaluesto evaluate all of the combinations of strategiesresulting from the setswe
have assumed.

Basedon our results, it is recommendedthat automated trading agers implemert the
strategiesof the dominart experimertal equilibria found. This will provide both buyersand
sellersmaximal gains. When the market includes stochastic, independent and identically
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distributed (i.i.d.) buyers|a typical buyer distribution in B2C electronic markets|it is
recommendedo implemert the (LoyalP, RandS) pro le. That is, sellerscan be designedto
selectbuyers at random, howewer buyers must be designedto be loyal to sellersaslong as
the latter satisfy at leastpart of their purchaseorders. When the buyers' typesare closerto
the bi-polar distribution, the recommendationis to implemen the pro le (RandB, RandS).
That is, both sellersand buyers should selectoneanotherin a random manner. It important
to notice that theseresults are invariant to the sellers'attitude to risk'®, to the size of the
stocks held by the sellers,to the buyers' attitude to partial satisfaction of their purchase
orders,and to the sizeof the market. Since,in the dominart experimertal equilibria found,
sellersselectbuyersat random, learning the buyers'type cannotincreasethe sellersexpected
utilit y.

To summarize,we have deweloped a new meansfor studying strategic equilibria in com-
plex, E-commerceenvironmens whereanalytical computation of sud equilibria is infeasible.
We have speci cally deweloped a model for B2C and B2B MRO electronic market, where
pricesare relatively uniform, buyers and sellerstypically interact for short to medium peri-
ods of time, and the dynamism of the market resultsin occasionalstock shortages.Subject
to these market conditions and under a variety of settings, we have idertied an array of
strategic equilibria. In particular, we found dominant equilibria, and the strategiesfrom
which theseequilibria are comprisedare the onesrecommendedor useby trade agerts, as
they will provide them with both utilit y maximization and stability.

Electronic markets may include a hugenumber of buyersand sellers. The largestmarkets
that we consideredin this work consistsof 100 buyers and 14 sellers. We beliewe that our
ability to extend our results from small markets (3 sellersand 9 buyers) to the larger ones
supports our hypothesisthat theseresultswill be alsovalid in larger markets aswell. How-
ewer, further researb is neededto verify this hypothesis. Another issuethat is problematic
when consideringthe application of our results to real markets is our assumptionthat the
set of strategiesthat is consideredfor deviation from an equilibrium is xed. If additional
strategiesfor the buyers and sellerswould be iderti ed, additional experimerts should be
carried to support the existenceof the equilibria in the larger cortext.

In particular, in this work, we have studied agers' strategiesthat considera history of
only onetime period. Future work should examinestrategiesthat considerlonger histories
for decisionmaking. Another aspect which deseres considerationin future researb is dy-
namism. Agernts may benet by using adaptive strategiesthat enablethem, in the course
of interacting with other agens in the market, to alternate their behaviors. Whether longer

10This is true while the sellersare not too averse. Then, (LoyalP, RandS) is still in experimental equilib-
rium, but there is no dominant experimental equilibrium.
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histories or adaptive behavior will provide more bene cial strategiesis yet an open question
to explore.
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A Sellers' Strategies - An Example

Example 1 Supmse a seler, S/, has a stack of 14 units, i.e., ST! = 14 In a given
enounter k, four buyers,B?*;:::;;B* approachal S' seuentialy with the requests4,5,8, and
4, respectively. Thesebuyers'typesare 3,6,9 and 5 resyectively. The buyerswill be supplied
di er ently depending on the strategy used by the seler.

RandS: The distribution is not deterministic. For example,it is possiblethat B and B#
each, will obtain 4 and B will obtain 6.

OPO: B3 will get8, B2 will obtain 5 and either B* or B* will get1.

DPO: B will obtain 2 (i.e., by 14c), B2 will obtain 3, B3 will obtain 5 and B* will obtain
2. In addition, one of the agentsthat will be chosenrandomlywill obtain additional 2.

ORType or OType B2 will obtain 8, B2 will get5, B# will obtain 1 and B* will not get
anything. This division is similar to OPO, however,B# gets1 in this case, while it
may not get anything when OPO is usal.

DRType or DT ype: B will obtain 1 (i.e., b2 14c), B2 will obtain 3, B3 will obtain 5,
B4 will obtain 3. In addition, one of the buyerswill obtain an additional unit.

As demonstrated in the example, a buyer may be supplied with di erent quartities
depending on the strategy that is usedby the seller. For example,B! may obtain 4 units
when RandSis used, it obtains 2 when DPO is used,it obtains 1 when DType is used, it
obtains nothing when OType is usedand it may obtain 1 or nothing when OPO is used.

B Buyers' Strategies - An Example

Example 2 Supmse there are three selers S*; S?, and S, and in enounter k, B' ap-
proachel S* with a purchase-oder PO¥ = 5. We consider three casesand indicate which
seler B! will approach at enmunter k + 1.

(1) S supplied B' 5 units (of 5) in encounter k:
If B' usesthe strategiesLoyal, LoyalP, Prob or LoyalW it will approach S* in iteration k+ 1
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aswel. If B* usesthe strategy RandB it will apprach S* with a prokability of . With a
prokability of % it will approach each of the other selers.

(2) St did not supply B' anything in encounter k:
If B' usesthe strategiesLoyalW, Proband LoyalP it will not approach S* at encounter k+ 1.
It will approach either S? or S2, eachwith a prolability of % If B' usesthe strategiesRandB
and Loyal it approachesS? with a prokability of % With a prohability of % it approacheseach
of the other selers.

(3) S* supplied B' 3 units (of 5) in encounter k:
If B' usesthe strategies Loyal or LoyalP it approachesS? in enmunter k + 1. If B' uses
the strategy Prob it will approach S with a probability of % It will approach each of the
other selers with a promability of % If B usesthe strategy RandB it will approach S with
a prohkability of % and each of the other selers with a prokability of %

If B' usesthe strategies LoyalW, it will not approach S' at enmunter k + 1. It will
approach either S? or S?, each with a protability of .

As shown in the above example,a buyer B' using the strategiesLoyal, LoyalP, LoyalW
and Prob demonstratessomedegreeof loyalty to the seller Si, that it approaded in the
previousencourer. If SI suppliedall its request,B' will return to it in the next encourer.
Thesestrategiesdi er in the casesof partial ful llment and when S doesnot supply any-
thing. Using the Loyal strategy the buyer presemns the most loyal behavior. It returns to
the sellerif it waspartially supplied,and choosesrandomly betweenall the sellers(including
S!) when S supplied nothing. Using LoyalP, LoyalW and Prob, B' doesnot return to S/
when it has not suppliedit anything. Thesestrategiesdi er in the caseof partial supply.
Using LoyalW, B' doesnot approad S/ in sud a case.Using LoyalP, B' returns to S! and
using Prob, it approadesS’ with a probability that is proportional to its satisfaction level.
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