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Abstract 1. Introduction

Industrial procurement constitutes a major component of

today’s e-commerce and the national economy in general
In both consumer purchasing and industrial procurement, [35]. In most industrial procurement settings, a buyer needs
combinatorial interdependencies among the items to beto purchase &dundleof complementary goods as opposed
purchased are commonplace. E-commerce compounds théo individual, unrelated goods [10], [20]. For instance, to
problem by providing more opportunities for switching assemble a car, an automobile manufacturer needs to first
suppliers at low costs, but also potentially eases the purchase all parts required by the corresponding engineer-
problem by enabling automated market decision-makinging design. Similarly, a software system integrator needs
systems, commonly referred to as trading agents, to makelo acquire licenses of all component software packages
purchasing decisions in an integrated manner across mar- before the system integration efforts can be initiated.
kets. Most of the existing research related to trading agents  Furthermore, many industrial procurement tasks involve
assumes that there exists a combinatorial market mecha-complexcombinatorial interdependenciesnong the items
nism in which buyers (or sellers) can bid (or sell) ser- to be purchased. Such interdependencies are often a result
vice or merchant bundles. Today’s prevailing e-commerce of the presence of multiple design or operation alternatives.
practice, however, does not support this assumption in Take the example of a software system integrator. Suppose
general and thus limits the practical applicability of these this integrator is charged with the task of developing a cus-
approaches. We are investigating a new approach to dealtomized e-commerce storefront which uses a database sys-
with the combinatorial interdependency challenges for on- tem as the backend data repository. In the pre-development
line markets. This approach relies on existing commercial procurement phase, the integrator needs to acquire licenses
online market institutions such as posted-price markets andfor a database software and a matching Web programming
various online auctions that sell single items. It uses trad- environment. If somehow the decision on which database
ing agents to coordinate a buyer’s purchasing and bidding and Web programming environment should be used is
activities across multiple online markets simultaneously to already made, the procurement or licensing task is then
achieve the best overall procurement effectiveness. Thisconcerned with finding the best deal for the single, already
paper presents two sets of models related to this approach decidedbundle However, if no such decision is made,
The first set of models formalizes optimal purchasing de- the procurement task becomes significantly harder since
cisions across posted-price markets with fixed transaction various choices on database and Web programming envi-
costs. Flat shipping costs, a common e-tailing practice, are ronment as well as the compatibility issues between these
captured in these models. We observe that making optimalchoices have to be considered. As a result, the decision on
purchasing decisions in this context J§P-hard in the  whether an item (e.g., a particular database system) should
strong sense and suggest several efficient computationaPe purchased depends on not only its own price, terms of
methods based on discrete location theory. The second se$€rvice contracts, etc., but also other potentially relevant
of models is concerned with the coordination of bidding items. Two other widely-cited examples edmbinatorial
activities across multiple online auctions. We study the interdependencieare: the value of owning a take-off time
underlying coordination problem for a collection of first- . ) .
or second-price sealed-bid auctions and derive the optimal tion% zggﬁféﬁié Z‘;b'gsyif;’,gnstggnig’sfef;’n'ﬂgfy";‘_“; ';g\év: ' 'Bligt?srlr;ar;d’
coordination and bidding policies. Hawaii.



slot at an airport which depends on whether compatible are directly implemented on the Web and buyers have
landing slots can be acquired at other airports [27], and efficient, simultaneous access to these markets. Two promi-
licenses for bands of the broadcast spectrum in differentnent examples of these online institutions grested-price
geographical areas [21]. markets offered by e-tailers where a seller posts a fixed
Similar bundling and combinatorial interdependency is- price for an item and a buyer either takes it (buy the
sues are pervasive in consumer purchasing as well. Ofteritem) or leaves it (not buy the item), arthglish auctions
the consumer shops for bundles of complementary goodswhere an item is sold through an ascending-price, real-time
Consider, as examples, a digital camera and compatibleauction in which the bidder with the last (i.e., highest) bid
memory cards, or air tickets, hotel reservations, rental carbuys the auctioned item at a price equal to his or her bid.
reservations, and (sometimes) tickets for plays, concerts, Despite all these opportunities enabled by e-commerce,
and ball games. If choices for these goods exist, thenthere is evidence that shows that enterprise procurement
the consumer has to consider the resulting combinatorialoperations have not yet improved significantly [11], [26].
interdependency issues. A key challenge is, in an operational sense, how to take
Traditionally, industrial procurement has been a labor- advantage of (a) the voluminous amount of product and
intensive process [14]. For each item to be purchased, asupplier information available from the Web, and (b) the
member of the procurement staff first identifies potential multiplicity of online markets selling the goods to be
suppliers from various forms of advertisements, referrals, purchased. Processing such product and supplier informa-
or prior interactions. Then the staff member initiates tion and making procurement decisions across markets in
contacts with these suppliers to learn more about theirreal time pose serious information and cognitive overload
products or services and solicits price quotes along with problems to the procurement personnel. For instance, it is
other information such as delivery terms. Procurement or almost impossible for a human procurement staff mem-
sourcing decisions are typically made after quotes areber to actively keep track of dozens of online auction
received and (sometimes) an ensuing negotiation processnarkets and a typically larger number of online posted-
ends. price markets to make the best procurement decisions.
The above traditional procurement process often leadsWhen bundling and complex combinatorial interdepen-
to ineffective and costly procurement decisions, especially dencies have to be taken into consideration, procurement
when bundling and interdependency considerations play ainformation processing and decision-making become even
significant role. First, only a small subset of all potential more challenging.
suppliers is identified and included in the procurement Recent years have seen the rapid development of au-
process because of the high cost associated with largelyfomated procurement systems that aim to meet the above
manual information search efforts. Second, out of a poten-challenges [36]. As common in the literature, we call such
tially large number of procurement or sourcing alternatives, systemstrading software agenfsprocurement software
only a small portion are explored due to the inherent agentsor simply agents[12], [17]. To avoid potential
cognitive limitation of the human procurement decision- confusion concerning terminology, we briefly state our
maker. definition of agent in the context of procurement. Firstly,
The advent of the Web and various e-commerce tech-unlike in mainstream economics or business literature,
nologies including e-procurement promises to revolution- we exclusively reserve the use of “agent” to refer to a
ize the way in which business-to-business transactionscomputational entity. Secondly, with respect to the intelli-
including procurement are conducted [13]. In the emerging gent agent and multi-agent systems literature, we adopt
electronic marketplace, access to product and supplieran agent definition in a relatively weak sense [15]. In
information is efficient and cost effective due to online our context, an agent is simply any automated strategic
catalogs posted by suppliers. A wide range of catalogsdecision-making and execution system which satisfies the
and other related value-added services provided by third-following set of conditions (with no reference to the level
party infomediaries further reduce the information search of decision-making sophistication or “intelligence”). (1)
costs associated with procurement. As a result, informationAgents operate in a networked environment. (2) Agents re-
collected on relevant products and suppliers for a given ceive delegated procurement tasks from their human users.
procurement task is expected to be much more compre-(3) Agents interact with other agents or human participants
hensive than that collected manually. directly or indirectly through well-defined online economic
In addition to information access, the Web provides a institutions. (4) Agents automate some or all aspects of
common platform to carry out many other procurement- procurement-related transactions.
related business functions including electronic payment Agents have been demonstrated to have great potential
and document and contract management, among othersf further reducing information search efforts and costs as-
[19]. More significantly, many types of market institutions sociated with various types of process-oriented transactions



[25], [31]. However, many significant technical issues have We focus on two scenarios: (a) two simultaneous first-
yet to be addressed to develop an effective agent-based eprice sealed-bid auctions and (b) two simultaneous second-
procurement approach that can fully take advantage of theprice sealed-bid auctions. For both scenarios, we derive the
potentials offered by the electronic marketplace. One suchoptimal procurement policies. Section 4 briefly discusses
issue is the lack of adequateodelingand computational procurement agent implementation issues and presents
support for dealing with realistic procurement tasks. In our prototype implementation calledombiAgentwhich
other words, existing agents provide a sound enablingimplements the models presented in Section 2 to find best
technological infrastructure but do not yet offer adequate purchasing plans for book bundles. We present related
decision-making mechanisms for important procurementwork in Section 5 and conclude the paper in Section 6 by
scenarios common in practice. summarizing our research results and pointing out future

Research reported in this paper is aimed to fill in this research directions.
important gap for several classes of procurement prob-
lems involving bundles and combinatorial interdependen- . .
cies. We intend to develop analytical models and suggestz- Multlple Posted-Price Markets
corresponding computational mechanisms which can in

sophisticated procurement agent. the items of interest are sold through multiple posted-price

There is a large body of literature in economics markets. Such markets are prevalent in e-commerce: many
operations research, marketing, and information systemsmanufacturers or service providers sell their products or

€.g., [2I, [3l, [7], [22], [34]), which contains models services through their own Web sites under a published
AP ’ ' price schedule; e-tailers also sell an assortment of products

online in a similar manner.
Throughout the paper, we assume that bundling require-
ments or combinatorial interdependencies exist among

and computational methods applicable to procurement
problems involvingsingle itemssold through different
types of market institutions including posted-price markets
and auctions. Our work, on the other hand, focuses on .
challenges arising from bundling and combinatorial inter- € items to be purchased. Furthermore, we assume that
dependency considerations. Compared with the existingS€!lers differ only in one dimension, i.garice, and ignore
literature on combinatorial interdependencies and relatedheir differences in other areas such as delivery time and
market designs (e.g., [16], [20], [21], [28], [29]), our work terms,_oyerqll reputation, etc. _Thls z_illows us_to _focus
makes different assumptions regarding the underlying mar-O" OPtimization-based formulations with the objective of
ketplace where procurement operations are conductedMinimizing the total cost for the given procurement task.
The existing literature typically assumes that the seller e start this section by formulating the bundle pro-
offers multiple bundles of goods and can design and curement problem under mult!ple posted-prlce markets
enforce customized market exchange rules such as variou¥/here each seller charges a fixed transaction fee when-
types of combinatorial auctions through which potential €ver oneé or more orders are placed. This problem is an
buyers interact and transact. We argue, however, thafdPstraction of a common e-commerce practice: many e-
such customized markets exist only for highly specialized t&ilers offer flat shipping and handling fees either regu-
niche items (e.g., airport slots, electric power grids, and !ary (.9., officedepot.com ) or during promotional
communication bandwidths). In the foreseeable future, it Periods (e.g..amazon.com). We then discuss various

is unclear how these market institutions will be accepted €xt€nsions to the model including how it can be applied
in general procurement practice. Thus, instead of focusing!© @ddress combinatorial interdependencies.

on mechanism design, we aim to develop models to guide

and _coordi_ngte pur_chasing and bidding gctiviti_es across2 1. Bundle Procurement with Fixed Transac-
multiple existingonline markets that sell single items to ti

. : , ion Costs
satisfy bundled and combinatorial procurement needs.

The rest of the paper is structured as follows. Sec- We study the following procurement problem. The pro-
tion 2 presents a set of models motivated to coordinatecurement request is a bundle consisting of items
purchasing activities across multiple posted-price markets.to be purchased. We denote this bundle by Set=
We observe that making optimal purchasing decisions with {1, 2,..., n}. A set of m sellers (e.g., e-tailers), denoted
fixed transaction costs aréP-hard in the strong senseand by V = {1, 2,..., m}, has been identified as candidate
suggest using the efficient computational methods devel-suppliers. Each seller sells at least one of the items in
oped in discrete location theory to make these procurementoundleO. For each item, seller;j publishes selling price
decisions. Section 3 presents models that can be used t@;;. (Without loss of generality, if a seller does not sell
coordinate bidding activities across two online auctions. a particular item, we set the corresponding price to a



sufficiently large positive number.) Furthermore, for seller classes of polynomial time heuristic methods developed in
j, if one or more items are ordered, it charges the buyerthe discrete location theory literature that can be directly
a fixed transaction fee denoted By, irrespective of the  brought to bear upon this computational challenge [23],
number of items ordered. [33]. Although these methods do not guarantee optimal
The above procurement problem with the objective of solutions, they are capable of producing high-quality so-
minimizing the total procurement cost (item costs plus lutions and some of them have guaranteed error bounds.
applicable fixed transaction fees) can be formulated as an Note that if none of the sellers charge fixed transaction
integer program. We first introduce the decision variables costs, i.e.,S; = 0 for all j € V, the procurement problem
z;; for i € O andj € V, all of which are binary. Let  defined by (1)-(5) has an obvious polynomial solution: for
z;; = 1, if seller j is chosen for itemi, andz;; = 0 each item, buy it from the seller who offers the lowest
otherwise. We also introduce a set of auxiliary variables  selling price for that item. Intuitively, the absence of
for j € V. Lety; = 1, if seller j is chosen for at least one fixed transaction costs decomposes the bundle procurement
item, andy; = 0 otherwise. Denote by/ a sufficiently  problem into a collection of independent single-item buy-

large constant. We now present the integer program. ing problems which are easy to solve.
a=min} Y Pywi + ) Sy, (1) 2.2. Model Extensions
€0 jeV JjeV
subject to: We now extend the model developed in the previous

section to capture procurement decisions in more complex
procurement scenarios. In the first scenario, a buyer needs

inj =1 Vie O (2) to buy a bundle of goods. For each constituent item,
jeV however, the buyer now can choose between different
My; > ini Vjev A3) brands. These b_rands are all functio_nally equivalent but
co are sold under different prices from different sellers.
2 =01 VieOVjeV () In the second scenario, we consider full-fledged com-
7 —0.1 VieV (5) binatorial interdependencies among the items to be pur-
Yi="b J chased. In this case, the procurement requirements are

The objective (1) formalizes the goal of minimizing the not specified as a fixed bundle. Rather, they are given
total procurement cost, the sum of item purchase costsas multiple alternative bundles which lead to different
and the corresponding transaction costs. The constraintgitilities. The buyer has to find the bundles that maximize
(2) guarantee that all individual items in bundie are the difference between their utility and purchasing cost.
ordered from some sellers. The constraints (3) assure that
y; = 1 if at least one item is ordered from sellgr ) )

We now state and prove the main result regarding the 2-2.1. Bundle Procurement with Multiple Brands
complexity of solving the above integer program.

Theorem 1:The problem of finding the minimum cost
procurement plans as defined by (1)-(5\i$>-hard in the
strong sense.

Proof. The integer program defined by (1)-(5) is equivalent
to the mixed integer program formulation of the unca-
pacitated facility location (UFL) problem [23]. Th&P-
hardness proof for UFL is based on polynomial reduction
from the vertex cover problem, a well-knowkP-hard
problem ([23], Theorem 3.1).

The notation used to formalize the bundle procurement

problem with multiple brands is based on that used in

Section 2.1. Below we describe the notational differences.
We assume that for iterhe O, there is a nonempty set

A; of brands from which the buyer can choose. We use

a new subscripf: to indicate these brands. The decision

variables are now;;;, indicating whether sellef is chosen

for brand & of item 4, and the problem input parameters

regarding item prices arg;;;;, indicating the price sellej

offers on brandk of item . The problem of minimizing
Theorem 1 suggests that it is unlikely that a polynomial the total procurement cost with multiple brands can then

or even pseudo-polynomial algorithm exists that can op- be formulated as follows.

timally solve the above procurement problem. Practically,

this means that finding an optimal procurement plan is

nearly |mp035|blt=T when the number of items and _the 29 :minzz Z Pyjrijr + Zgjyj (6)

number of potential sellers are modestly large, especially JE0 JEV keA, jev

when procurement decisions have to be made in a rel-

atively short time frame. Fortunately, there exist several subject to:
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szijkzl Vie O (7)
JEV kEA;
My; > Z Z T VjEV (8)
icOkeA;
zijr = 0,1 Vie O,Vj e V,Vke A; (9)
y; =0,1 VjeV (10)

The objective (6) indicates the goal of minimizing
the total procurement cost, which is the sum of item

these underlying procurement problems, we envision that
dealing with combinatorial interdependencies does not
pose new significant computational challenges. The key
issue is how to conveniently elicit utility function in
practical settings.

3. Multiple Auction Markets

3.1. Motivation and Basic Assumptions

In recent years, online auctions have gained wide ac-

purchas_e costs and applicable fixed transaction costs. Th%eptance in the electronic marketplace. Both consumer
constraints (7) guarantee that exactly one brand for eaChproducts and industrial goods are routinely traded through

individual item in bundleO is ordered from some seller.
The constraints (8) assure thgt= 1 if at least one item
is ordered from selley.

The integer program defined by (6)-(10) is a generaliza-
tion of the model from Section 2.1. Observe that if a seller
is chosen to provide for a brand of itemthis brand has
to be the cheapest brand offered by this seller for item
Therefore, the above program can be reduced to the on
studied in the previous section, thus making the heuristic
methods from discrete location theory applicable.

2.2.2. Procurement with Combinatorial Interdepen-
dencies

We first formalize the notion of combinatorial interdepen-
dencies. Consider the set afdistinct items that a buyer
is interested in purchasin@ = {1,...,n}. Denote the
power set ofO by 2°, consisting of all subsets a@. In

general, any combinatorial interdependencies can be fully

captured by a utility function in the form af : 2© — R*,

where R represents the set of nonnegative real numbers.

In practice, however, it is difficult to fully specify utility
functionu due to its size. The following alternative three-
step approach can be taken instead.

Step 1. The (risk-neutral) buyer provides a <&t of
bundles of potential interest. For each bundle,
the buyer specifies its utility. (Such information
constitutes a partial definition of; we assume
thatwu(-) = 0 for all other elements ot (that is,
the elements in s&® \ F)).

Step 2. For each bundle i, the buyer applies the models
developed in the previous two sections to identify
the lowest procurement cost.

Step 3. The buyer selects the bundle(s) with maximum
difference between its utility and its lowest pro-
curement cost.

Note that the efficiency of this enumeration approach
largely depends on how quickly a high-quality procure-
ment plan can be found for a given bundle (as studied
in the previous sections). Using fast heuristics to solve

online auction houses in large volumes [13]. In partic-
ular, auction markets have been rapidly developed in a
number of vertical industrial segments such as auto parts
(covisint.com ) and chemicalsghemical.net ).
Auctions have been extensively studied in the economics
and game theory literature [18]. A subfield of auction
theory studies combinatorial interdependencies and prod-

Qct complementaries [16], [28], [29]. A basic assumption

made by most combinatorial auction work is that there
exists a combinatorial auction market through which a
seller and multiple buyers interact. In such an auction,
the seller offers a range of product bundles and buyers
or bidders bid for them based on their utility functions

and their knowledge about other bidders.

Combinatorial auctions have many inherent theoretical
appeals. In addition, significant practical lessons concern-
ing auction setup and effectiveness have been learned
through their recent applications in areas such as selling
radio spectrum rights and trading electricity power [1],
[18].

We project, however, that combinatorial auctions will
not have immediate impact on consumer purchasing or
industrial procurement based on the following arguments.
First, from a technological standpoint, developing and
managing general-purpose combinatorial auction markets
is significantly harder than it is for auction markets that sell
single items due to the complex trading rules associated
with combinatorial auctions. It is also unclear how well
combinatorial auctions will scale as a market mechanism
when the number of goods and good bundles as well as
the number of potential buyers grow, despite recent de-
velopments in the computational aspects of combinatorial
auctions [16], [29]. Second, individual sellers typically do
not offer the wide range of goods and bundles for sale to
satisfy potential buyers’ procurement needs. Third, from a
buyer’'s perspective, participating in a combinatorial auc-
tion requires significant computational expertise to make
hard bidding decisions [29].

At the same time, auction markets selling single items
have been well developed and offer potentially substantial



savings for buyers. In effect, buying single, independent lows a known cumulative distribution function (CDF)
items from various auction markets is becoming a stan- G1(-). Denote byg; (-) the corresponding probability
dard practice in industrial procurement. What is lacking density function (PDF).
is theoretically sound guidelines and rules that can be « The highest bid among those submitted by bidder
used to coordinate bidding activities across these multiple j=2,3,....,n for OBJ, is a random variable that
auction markets to satisfy procurement requirements with follows a known CDFGs(). Denote bygs(-) the
combinatorial interdependencies. corresponding PDF. Furthermore, these two highest
This section presents models developed to study these  bids are independently distributed.
across-market coordination issues in two specific auction |n a full-fledged strategic analysis based on equilibrium
settings. For simplicity, in both settings, we assume that theconcepts such as Bayesian-Nash equilibrium [9], the dis-
buyer is interested in two items. Furthermore, we assumetributions of the bids from bidder 1’s rivals are derived
that there exists a simple form of interdependency amongfrom their equilibrium bidding strategies. In a game against
these two items: some extra positive utility is generated nature formulation, the bids of rival bidders are treated as
when both items are acquired (in addition to the sum part of the uncertain environment (i.e., nature) which is
of their individual utilities). In the first setting, each of characterized by the two distribution functiorG;(-) and
the items is sold through an independently run first-price G, (-)).
sealed-bid auction in which the bidder with the highest We now derive bidder 1's optimal bidding functions in
bid buys the auctioned item at a price equal to his or herthe above game against nature formulation. To simplify
bid. In the second setting, each item is sold through athe notation, denote by andwv the bid bidder 1 submits
second-price sealed-bid auction in which the bidder with to auction market 1 and 2, respectively; also denote by
the highest bid buys the auctioned item at a price equalz andy bidder 1's valuation of OBJand OBJ, respec-
to the second-highest bid. We develop below models thattively. Under the first-price auction, the expected payoff of
prescribe how a risk-neutral procurement agent should bidbidder 1, £ P1(u,v), can be calculated as follows.
on these two auctions to maximize its expected utility.

EP1(u,v) = (x — u) Prob{bidder 1 wins auction }
3.2. Bidding in Two First-Price Sealed-Bid + (y — v) Prob{bidder 1 wins auction P
Auctions + & Prob{bidder 1 wins auctions 1 &R

Consider two first-price sealed-bid auction markets, each The probability of bidder 1 winning auction 1 equals
selling a distinct item that may interest buyers or bidders. G1(u) and the probability of bidder 1 winning auction 2
Denote by OBy the item sold through auction market €qualsGz(v). Thus the above equation can be rewritten
i = 1,2, respectively. Assume that bidders compete as follows.

for these two items. We consider private-value auctions

in which each bidder’s valuation of all item bundles, in EP1(u,v) = (z — u)Gy(u) + (y — v)G2(v)

this case{OBJ, }, {OB..JZ},Iand{OBJl, OBJ}, i; private +6G1(u)Ga(v). (11)
and known only by this bidder. Denote ly; bidder j’'s
valuation function.

In order to gain some initial insights into the structure
of this dual auction market without performing a complex,
full-fledged strategic analysis, we study a game against
nature formulation of the above problem with the following
simplifying assumptions.

« All biddersj =1,2,...,n are risk-neutral.

« Complementarity between OBand OBJ existsonly

To maximize bidder 1's expected payoff, the first-order
conditions for optimal bid$u*, v*) must be satisfied. (For
ease of exposition, we ignore boundary conditions and
various technical assumptions regardidg(-) andGs(-).)
The following lemma states these conditions.

Lemma 1:Bidder 1's optimal bidding functions
(u*,v*) on two first-price, sealed-bid auction markets
have to satisfy the following conditions:

for bidder 1. In other wordd}/; is super-additive, i.e., T —u* +0G2(v") = Gi(u”)/g1(u") 12)
U1({OBJ,0BL}) > Ui({0OBL}) + Ur({OBL}), y— v +06G(u") = Ga(v)/g2(v"). (13)
whereasU; for other biddersj = 2,3,...,n are In some special cases, closed-form bidding functions

additive, i.e.,U;({OBJ;,0B%}) = U;({OB}) + can be derived based on the above conditions. An example
U,;({OBJ,}). We denote by the extra utility gener- s given below.
ated for bidder 1 by acquiring both items, i.6.~= Example 1:Assume that there are 2 bidders and that
U1({0OBJ,0B%L}) — U1 ({0OBY }) — Ui ({OBL}). bidder 2’s bids for both OBJand OBJ are drawn from

« The highest bid among those submitted by bidder a uniform distribution with suppor0, 1]. Equations (12)
j=2,3,...,nfor OBJ, is arandom variable that fol- and (13) can then be simplified as follows.



T—2u"+d6v =0
y—20"+d6u* =0.

Solving the above system of linear equations (and also
considering applicable boundary conditions), we obtain the

following optimal bidding functions:

in(1,22+%) f0<d§<?2
o = min(1, Z75?) I 0<0<2, (14)
1 if § > 2.
in(1,2492) fo<d§<?2
o = min(1, Z-5F) I 0<6<2, (15)
1 if § > 2.

Note that whenj = 0, the bidding functions reduce to
u* = x/2 andv* = y/2. They are precisely a special case
of the classical Vickrey solution for individual first-price
auctions [34]. We also observe that wheimcreases, both
u* andv* are nondecreasing.

3.3. Bidding in Two Second-Price Sealed-Bid
Auctions

these bidders are given by CDFs of the order statistics,
(Fi(-))" ! and (F»(-))"~!. We useWW and Z to denote
these two random variables, respectively. In addition, we
usex andy to denote bidder 1's valuation of OB&nd
OBJ,, respectively.

Using I to denote an indicator function, we write the
expected payoff of bidder 1 under his bidsv as follows.

EP2(u,v) = Ew[(z — W)lw<u] + Ez[(y — 2)lz<.] +

Ew, z[0 I <ulz<v]

= [ @-maE o)
+ " - 2)dE(2)

+ 6 (Fy(w)" " (Fa(v)"
(16)

When § = 0, bidder 1's expected payoffZP2(u,v)
can be decomposed into two independent parts, producing
the standard dominant truth-revealing strategy = =z
for auction 1 andv* = y for auction 2. To maximize
EP2(u,v) in general, the following first-order conditions

We now study how to bid in two second-price sealed-bid on optimal bids(u*, v*) must be satisfied.
auction markets. Consider two such markets, each selling

a distinct item of interest. Following the notation from
the previous section, we denote by QBbe item sold
through auction markei = 1,2, respectively. Assume

that n risk-neutral bidders compete for these two items

under the private value assumption. Denotelhybidder
j's valuation function. Furthermore, we assume thatis
super-additive and other — 1 valuation functions are all
additive. We us@ to denote the extra utility generated for
bidder 1 by acquiring both items.

In addition, we assume that it is known to any bidder

Jj* # j that U;({OBJ }) and U;({OBJ}) are indepen-
dently distributed according to known CDHS(-) and

F5(-), respectively. These CDFs are assumed to have

PDFs, f1(-) and f3(-).

(n =)z —u” +5(Fa(v))" ) (Fr(u”)" 7 fi(u”) = 0
(n=1)(y —v" +8(F(u")" ™) (Fa(v"))" 7 f2(v") = 0.

Under standard regularity assumptions, these conditions
can be further simplified, given in the following lemma.

Lemma 2:Bidder 1's optimal bidding functions
(u*,v*) on two second-price, sealed-bid auction markets
have to satisfy the following conditions:

r—u* 4+ 6(Fy(v*)" =0 a7

y—v* + §(Fy(u*))"" ! =0. (18)

We can easily verify an intuitive property: A8 in-
creases, both* andv* are nondecreasing.

The above model is amenable to strategic analysis using W& now summarize the Bayesian equilibriym_ biddin,g
Bayesian-Nash equilibrium. We first derive the optimal functions for the model studied in this section: Bidder 1's

bidding strategy for biddey = 2,3,...,n. These bid-

equilibrium bidding functions are characterized by Lemma

ders treat auctions 1 and 2 independently because of the?> all other bidders Pid thei: values. Below we present a
structure of their valuation functions. In each auction, the SPecial case where* and v* have simple, closed-form
dominant strategy for these bidders is to bid their values SO!utions.

[22]. In effect, how bidder 1 will bid has no impact on
these bidders’ optimal bidding behavior.
We now derive the optimal bidding strategy for bidder 1

Example 2: Assume that there are 2 biddegps = 2),
and that bidder 2’'s values for both OBand OBJ are
drawn from a uniform distribution with suppofo, 1].

under the assumption that all other bidders will bid their EQuations (17) and (18) can then be simplified as follows.

values.
Observe that, since bidders = 2,3,...,n bid their

values, which are independently distributed according to

F1(-) and F5(-), the distributions of the highest bids of

T—u"+ov* =0
y—v" +ou* =0.



We then obtain the following equilibrium bidding func- 5. Related Work
tions:
In recent years, the literature on comparative online shop-
ping from posted-price markets has been steadily growing,
. {min(L a{:+§g) if0<d<1, studying both economic decision-making and technologi-
u =

(19) cal issues [8], [24], [32]. Our work presented in Section 2

L iF621. shares the same research goals and methodologies as those
. min(1, ?{fgi) if 0<d<1, that focus on economic decision-making mechanisms (e.g.,
T if 5> 1. (20) [24]). One differentiating feature of our work is that we ex-

plicitly study bundling and combinatorial interdependency
issues and consider fixed transaction costs, whereas others
focus on single-item purchasing but take into consideration
4. Procurement Agent Development issues such as network speed. In effect, our work and the
existing online shopping literature are complementary in
The models presented in Section 2 and 3 provide a start-that our models and the existing models can be readily
ing point towards operationalizable, pragmatic decision- integrated to create practical online procurement agents
making mechanisms that can serve as the core reasoninghat can take advantage of online posted-price markets.
module of automated procurement agents. In this section, There is a vast literature on auctions [18]. Here we
we briefly discuss related agent implementation issues. only discuss several lines of auction research that are
Developing procurement agents for posted-price marketsdirectly related to our work reported in Section 3. Most
is fairly straightforward given the current state-of-art Web combinatorial auction work assumes the existence of
technologies. We have implemented a research prototypecombinatorial auction markets which sell a full range
called CombiAgent based on the models developed in of product bundles [28], [29]. Recent years have also
Section 2.CombiAgentis a book bundle shopping agent Seen the increasing acceptance of simultaneous ascending
that is able to find the best deals minimizing the total auctions in selected applications [21]. Such auctions can
cost including purchase prices and shipping costs. Usingbe viewed as staged, simultaneously-run English auctions
CombiAgent the user first specifies the set of books and can mitigate some of the problems with full-fledged
he or she is interested through various browsing and combinatorial auctions following, e.g., the Groves-Clarke
searching functionalittesCombiAgentthen connects to  pivot mechanism. However, it is still unclear whether si-
several major book shopping sites and relevant infome-multaneous ascending auctions will be suitable for general
diaries such asillbookstores.com . It retrieves the  industrial procurement tasks.
pricing information along with the applicable shipping Researchers have also attempted to use a sequence of
costs and then invokes a computational engine to computesingle-item auctions to deal with product bundling issues
the best procurement plan. Currently this computational (e.g., [4]). A comparison between such sequential auction
engine implements two different methods to solve the mechanisms and those proposed in this paper will be of
bundle procurement problem with fixed transaction costs: significant interest.
one is based on an exact integer program solver from the Several recent papers study two-product complementar-
CPLEX package; the other a primal-dual schema basedities in various types of auction markets [5], [6], [30].
approximation algorithm [33]. Under certain restrictive assumptions regarding the size of
Developing procurement agents that can bid effectively the extra utility generated by acquiring both products (i.e.,
across multiple auction markets, however, seems to pose in Section 3.2), these authors are able to perform a full
many challenges. Real-time access to information aboutstrategic analysis and obtain equilibrium bidding functions.
relevant auction sessions from one or more online auctionHowever, these results do not seem to be generalizable for
houses is not difficult when using tools such as those cases where these restrictions dare removed.
available fromauctiontammer.com . Obtaining infor- One of the key challenges in developing online pro-
mation regarding other buyers in terms of their value dis- curement agents is evaluation. How do we know whether
tributions, however, is challenging. One possible approachand to what extent the models developed actually improve
is to construct empirical distributions using data from past the overall effectiveness of the industrial procurement pro-
auctions selling similar items. We are currently pursuing cess? How will the human procurement personnel interact
this approach using data from commercial auction sites andwith such automated procurement systems? A promising
are developing efficient computational mechanisms thatexperimentation-based approach to (partially) address this
can deal with such empirical distributions when making important evaluation challenge has been attempted by the
across-auction bidding decisions. multi-agent research community [12]. This community



organizes an annual trading agent tournament involving auctions when complementarities between items are
multiple fully-automated trading agents developed by var- present. An important complication with multiple

ious research groups. These agents are charged with the  English auctions is that these auctions may end at
task of assembling travel packages for a fixed number of different times. For some auctions, the end time

customers. They interact with each other through multiple is fixed and known before the auction starts. For
auctions of different types run by the tournament organizer, others, the end time is unknown and may even be
and are rated by their performance calculated as the differ- directly influenced by the chosen bidding strategy

ence between the sum of customer utilities (measured by (e.g., as in soft-ending English auctions). We are in
dollars) and the total cost of travel packages. The strategies  the process of analyzing all these possible scenarios
used by winning agents in this simulated environment and developing the corresponding contingent bidding
clearly provide useful insights about effective agent design strategies.
in real-world applications. At the same time, such a sim- « Section 3 presents structural results regarding the
ulated competitive environment serves as an infrastructure conditions that the optimal bidding functions have to
to evaluate empirically any procurement agents before their satisfy. We are currently developing practical compu-
adoption or even trial in real-world applications. tational methods to calculate these optimal bids under

a broad spectrum of value distributions.

« Hybrid markets such as a combination of a posted-

6. Conclusion and Future Work price market and an English auction have recently

emerged (e.g., eBay’s buy-it-now option). We are
This paper presents two sets of models that can guide pro-  working on models that can deal with such hybrid
curement agents to make optimal procurement decisions in ~ markets as well as those consisting of a heterogeneous

a number of scenarios in which bundling and combinatorial collection of auctions.
interdependency considerations play an important role. The « As we discussed in the previous section, evaluation
first set of models formalizes optimal purchasing decisions is an important component of the type of research

across posted-price markets with fixed transaction costs. reported in this paper. We are currently collecting
We discuss the computational complexity of these models data from online bookstores and plan to conduct an
and suggest methods based on discrete location theory to ~ empirical study to demonstrate the importance of
deal with the related computational issues. The second set  bundle purchases with applicable fixed transaction
of models focuses on the coordination of bidding activities costs and to show the potential economic gains from
across two sealed-bid auctions. For each of these models, using the models developed in Section 2.
we derive the conditions that optimal bidding functions
have to satisfy.

The work reported in this paper is the beginning of Acknowledgment
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