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Abstract

Auction theory has traditionally regarded bids in auctiaagnforceable commit-
ments. We relax this important, yet often incorrect, asstonghat is common
to almost all prior literature on the subject. This work akdes the possibility of
winning bids being withdrawn, or reneged upon, before astation is completed
successfully.

In particular, we examine the significance of winning-bidheirawal in a com-
binatorial auction setting. We find that it may be difficultexen impossible for
the bid-taker to find a repair solution of adequate reventleout causing undue
disturbance to the remaining winning bids in the allocati@ve have called this
thebid-taker’s exposure probleand we also show that it is exacerbated for a risk
averse bid-taker.

It is preferable for the bid-taker to preempt uncertaintychposing a solu-
tion that isrobustto bid-withdrawal and provides a guarantee that possibile-wi
drawals may be repaired easily with a bounded loss in reveWesdiscuss the
computational difficulties posed by risk management andstigate a constraint
programming approach to tackling the problem. We also aestlye drawbacks
of this approach and motivate useful extensions to the fnarie

We then propose a new framework that facilitates solutidaustness for con-
straint programs in a wide range of settings. We briefly destrate its versatility
with an application to job-shop scheduling. We then appiy tfew framework to
combinatorial auctions in order to investigate the tratfé&tween robustness and
revenue. We also introduce a new auction model that impresiesion reparabil-
ity by facilitating backtracking on winning bids by the bidker. We demonstrate
experimentally that fewer winning bids partake in robustisons, thereby reduc-
ing any associated overhead in dealing with extra bidders.

Finally, we consider the case in which the bid-taker wisloesgtimize some
social objective, thereby necessitating truthful biddige have provided some
impossibility results pertaining to truthful mechanisnsidgm that incorporate ro-
bust solutions. However, we also propose a means of circotimgethis problem
for a restricted class of combinatorial auctions. We dgvelo approximate al-
location algorithm that incentivizes truthful bidding Wstiattaining an allocation
that minimizes the risk of revenue loss in the event of a wigrbid being with-
drawn.
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Chapter 1

Introduction

1.1 Auctions

An auction is an economic mechanism by which a single seligliatly permits
bidders, through their bids, to determine both paymentkdastller and an allo-
cation of the item(s) being sold. It is an ancient means dfitiagoods where the
precise value of items for sale is unknown and the auctiorhan@em is used to
determine the transaction price(s).

There are four basic forms of auctions for the sale of a siitgla: first-
price ascending (English), first-price descending (Duytéin3t-price sealed-bid
and second-price sealed-bid (Vickrey) auction. The Ehglisction is the quintessen-
tial auction format in which the price of the item for saleneases until there is
only one bidder willing to pay that amount. Variations ong@euction rules are
important in some instances. Consider the Amsterdam flonetroens, for exam-
ple, where the goods are perishable. It is important thaatletion is executed
expeditiously, therefore, a descending Dutch auction,revtiee price of flowers
decreases from an initial high in timed decrements, plabesiad on the length of
time required to conduct the auction. Other consideratisunsh as the geographic
dispersion of bidders, motivate the use of sealed-bids.

The reasons for the increased popularity of auctions anedteeived improve-
ments in efficiency and revenue for the seller over less ctitiygeprocedures
such as “beauty contests”, in which a panel of judges deterhie winners using
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a comparative selection procedure. As the nature of thesifemsale have in-
creased in both value and complexity, so too has the needstoeefficiency and
the ability to withstand strategic manipulation. Some sligaus auction results in
recent history have highlighted the need to carefully mareagctions. A notable
example was the sale of spectrum rights in New Zealand in 1890 A second-
price sealed-bid auction was used to sell licenses whialitezsin one particular
auction where the highest bid was for NZ$7 million and theoséchighest bid
was only NZ$5,000 so that the winning bidder only paid theetaamount. This
problem highlights the importance of intelligent auctioesiyn. The political
repercussions for a government following such a revenlaréacould be severe,
so an auction format whose expected income has less vaimdesirable.

In recent years there has been a proliferation in the usectibeus across many
sectors in modern commerce. Large-volume auctions aretassdl and procure
item such as:

Spectrum Rights. National Governments sell the rights to broadcast on certai
frequencies in the electromagnetic spectrum in given ggagce locations
to telecommunications companies.

Electricity Production. Electricity generators and consumers partake in auctions
for the supply of power to a grid.

Transportation. Transport providers bid for contracts to transport itemsctn-
sumers in reverse (procurement) auctions.

There has also been a significant increase in research tbomsdesigning new
auctions suited toward these emerging applications [§3,l86wever, more ad-
vanced auction mechanisms can also introduce new probléasnbinatorial
auctions have emerged in recent years as a popular aucperfdy the sale of
multiple distinguishable items among which bidders pereeomplementarities
or substitutabilities. Such auctions, otherwise known askpge auctions, per-
mit bidders to select subsets of items they wish to bid upmums facilitating full
expression of super- or sub-additive valuations over detems. Such auctions
incur difficulties in terms of preference elicitation frondders and winner deter-
mination that is computationally challenging. Howeveerthhas been significant
advances in tackling these problems in recent years [18085,101, 115].

2



1.2 The Topic of this Research

Combinatorial auctions are becoming more popular in modemmeerce because
of the improvements in efficiency that are achievable wheldldxis can express
their preferences over sets of distinguishable items fler 8&hen selling a farm,
for example, it may be sold as a single item or divided intasafe packages such
as the farmhouse, outhouses, sites overlooking the beeadtieand non-arable
land. When deciding on how to package the sale, it is impaséiblthe seller to
know in advance what packages would maximize revenue. Bidday view the
complementarities between items differently, and as the ai the auction grows
it quickly becomes impossible for the auctioneer to know tovitems should be
packaged. Itis more economically efficient for the biddersit on combinations
of items. Unfortunately, the number of possible combinaiof items of interest
to each bidder grows exponentially as the number of itenteases. The bids also
need to be communicated to the auctioneer in a concise masmieh becomes
increasingly difficult in large auctions.

This dissertation examines the hitherto unexplored prolaesolution robust-
ness in such auctions. We first of all determine the implecetiof bid-withdrawal
upon revenue in a number of economically motivated scesari@e examine
possible preemptive actions that may prevent large lossevenue and then ex-
plore different means of tackling this problem. In partarylwe study constraint
programming methodologies for establishing robust sohgifor combinatorial
auctions.

1.3 The Goals of this Research

The overarching goal of this work is to investigate a probteat presents compu-
tational difficulties to state-of-the-art solving techués, demonstrate its signifi-
cance, and find a novel solution to this problem. In doing sostrive to maintain
a cohesive argument throughout this dissertation that@tgpgthe central thesis
presented i 1.4.

In particular, we aim to investigate the effects of solutimtertainty in com-
binatorial auctions and to provide a means of establishitgist solutions that
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lead to controlled losses in revenue, given a bid-withdtaiMais may be seen as
a form of risk management for the bid-taker in which theretisade-off between
risk and revenue. This trade-off must be achieved in a coatipually feasible
manner and ideally minimize the revenue sacrificed in ordeedluce risk to an
acceptable level.

Sometimes, bid-takers do not seek revenue maximizingisahjtbut instead
wish to allocate items according to some social objec&vg, maximize social
welfare. An important result from economics, called Revelation Principlg50,
82], implies that only truthful auction mechanisms need éocbnsidered when
optimization of a social choice function is desired. Howetreithful mechanisms
pose computational challenges for mechanism designerg/éhaim to overcome
so that we can facilitate risk management for a non-revenagimizing bid-taker.

1.4 A Statement of the Thesis

The thesis presented and defended in this dissertationecatated as follows:

“Winning-bid withdrawal in combinatorial auctions following wier deter-
mination can cause large losses in revenue. The bid-takeibegaome stranded
in a local optimal solution of low revenue from which satistag repair solu-
tions cannot be attained, because of the awarding of items$er mon-reneging
bidders. Preemptive steps are necessary to reduce thissaskat a solution
can be repaired to form another solution of acceptable reeegiven a possible
withdrawal. Robust solutions that guarantee a minimum le¥eéwenue, given
possible failures, are particularly desirable when the kadter is risk averse. Itis
possible to find robust solutions for combinatorial aucson a computationally
feasible manner. Furthermore, it is possible to incenévizithful bidding for risk
managed allocations, given certain restrictichs.

1.5 Contributions of this Research

This dissertation makes the following contributions. #tsve identify the “bid-
taker’s exposure problem” in combinatorial auctions analasthat it can have a
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serious impact on revenue for the bid-taker. We also elabangon the difficulty
of solving this problem and how finding robust solutions canpoeferable to
maximizing expected revenue for a risk averse bid-taker.

Secondly, we propose an initial solution to this problenmgsin existing con-
straint programming technique that bounds the number ofigde required to
form a repair solution following the withdrawal of a winnirgd [63]. We then
analyze the deficiencies of this approach when applied irabwerld context.
We proceed to develop a novel framework that finds robustisokiwith proba-
bilistic failures, and varying costs of repair for changes$he solution [64]. This
framework has been developed as a versatile means of skiaglirobust solu-
tions for any constraint program and its flexibility has beemonstrated using
job-shop scheduling problems.

We then apply this new framework to combinatorial auction®lving thou-
sands of bids with very positive results [62]. We examine sBgparate auction
mechanisms that permit withdrawal. The first mechanism ltapemalty pay-
ments associated with bid-withdrawal, and items assignedtning bidders can-
not be withdrawn by the bid-taker to help find a repair solutibhe second mech-
anism allows bid-withdrawal for a given penalty and uses fi@nalty payment to
fund a reassignment of items to bidders with the bid-takgimgacompensation to
previously winning bidders for bid revocation. This impes\wsolution reparability
and increases the expected revenue of optimal robust@aduti

We also examine the strategic implications of such a noantiee-compatible
and non-optimal winner determination algorithm. We promdrapossibility re-
sult regarding truthfulness and robust solutions. We shHaat this result also
applies to auctions that permit item revocation by the bkkt. Finally, we pro-
pose a truthful approximation scheme for robust solutitias tircumvents these
difficulties and incentivizes truthful bidding.

1.6 Structure of this Dissertation

This dissertation follows a logical path that begins wite &xposition of a signif-
icant problem in the field of auction theory and proceeds tdw/ds resolution by
development of a novel technique in constraint programirensubfield of arti-
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ficial intelligence. At each stage of this process, the pefaf each chapter will
summarize the progress of this resolution process in pregetiapters and moti-
vate the work in the relevant following chapter. The diss#oh is constructed as
follows.

Chapter 2 outlines the background relating to auction themy describes
how bidders behave in a strategic manner to maximize thpegeed surplus from
auctions. We also introduce the field of mechanism designsaond how it can
be applied to the design of auctions so that the bid-takedeaign allocation and
payment schemes to incentivize desired outcomes. We inteodombinatorial
auctions and outline the motivation for such auctions. Ve thxamine the pos-
sible implications for uncertainty in such auction setrand describe how the
discipline of risk management quantifies such risks so thattgective compari-
son of the utility of different outcomes can be made possible

Chapter 3 expounds the “bid-taker’s exposure problem” aadlyaas the im-
plications for revenue given a bid-withdrawal in a combametl auction. Risk
averse bid-takers will seek to hedge against the dangerasfe loss in revenue
and are, therefore, particularly vulnerable to this probléVe discuss possible
measures to counteract this risk and discuss the compdhtioplications of the
different approaches.

Chapter 4 introduces constraint programming (CP) and dissusamework
that can be used to find robust solutions for constraint amgr Combinatorial
auctions are then modeled as constraint optimization provlnd this framework
is then applied to these problems. The results of these iexgets are discussed
and shortcomings of the approach are highlighted and usedbtivate a new
extended framework.

We then proceed to introduce a novel technique for findingisbBolutions
in Chapter 5, called the weighted super solutions framewanll,discuss its use-
fulness and versatility. We show how this framework can nhadg constraint
program whose assignments may exhibit probabilistic faitates over time. We
also propose a metric for repair costs that can capture tigecinsts of chang-
ing a solution in a more realistic manner. We provide jobpshoheduling as an
example of a possible alternative application domain.

Chapter 6 applies the new framework to combinatorial austexmd demon-
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strates its usefulness in a variety of economically modelegettings. A new auc-
tion mechanism for improving solution reparability, calfenutual bid bonds”, is
also presented and it is shown that this mechanism incréasespected revenue
of optimal robust solutions. A number of interesting andxpeeted results arise
from the empirical analysis conducted in this chapter.

Robust solutions for combinatorial auctions present a ditfjcfor bidders
in that computing the equilibrium bidding strategy is a diift problem. Chap-
ter 7 examines mechanisms for robust solutions that indeattruthful bidding,
thereby easing determination of bidding strategy. Trutbfdding also allows
the bid-taker to maximize a social objective. We presentgatine result sur-
rounding truthfulness and WSSs but we circumvent the prololemelaxing rev-
enue constraints, thus enabling the creation of a truth&dhanism for approxi-
mately utility maximizing solutions in the presence of egngus probabilities of
bid withdrawal.

We conclude with a chapter that discusses the relevance cbatributions to
the fields of electronic commerce and constraint progrargnmilie also propose
natural extensions to this work and suggest possible futor&.



Chapter 2

Background: Auctions and Risk
Management

Auction theory is one of the triumphs of game theory and haseut particularly
useful since the introduction of auctions for spectrumtsgtales [83]. This chap-
ter provides an overview of auction theory and introduceddlir most common
auction forms: English, Dutch, sealed-bid first-price aedlsd-bid second-price
(Vickrey). We also discuss the different valuation modelslidders that influ-
ence the strategic decision-making process of choosing bilaeamount maxi-
mizes the expected profit. This is particularly pertinensiblmations when there
is uncertainty surrounding the true underlying value oftami For example, the
intrinsic value of the oil being acquired in an auction fordrilling rights is the
same for all bidders although the estimates of the oil avbkalanay differ. This
problem for bidders can become quite complicated and idvedasing game-
theoretic analysis. We also present an important resut fite field of auction
theory: theRevenue Equivalence Theorem

Mechanism design can be used to define allocation and payoieatfor auc-
tions so that rational bidders follow strategies dictatgddéme-theoretic analysis.
It is currently a very active research topic [8, 29, 45]. Magism design may be
seen as form of “inverse game theory”. More specifically, Ina@isms that in-
centivize truthful revelation of valuations become paitiely interesting because
of a famous result known as thiRevelation Principld50, 82] that allows us to

8



restrict our attention to truthful mechanisms when tryingitaximize some social
objective.

Of particular interest is an emerging auction form, the coatorial or ‘pack-
age auction’. The popularity of the combinatorial auctibas been increasing in
recent years due to its perceived economic efficiencieseigsimprovements to
algorithms that have addressed computational impedintentgnner determina-
tion [51, 115, 119]. We discuss the advantages and disaatyasbf such auctions
and present a combinatorial auction (CA) simulation toot thanics bidder be-
havior in different economically motivated scenarios. \Walsuse this tool in
subsequent chapters to analyze the effects of bid withd{a&h

Finally, we introduce the field of risk management in thisptles because
we aim to investigate the effects of solution uncertainty @&s. Winning bid
withdrawal constitutes a considerable risk for the bidetak such auctions and
a quantitative approach to evaluating tolerable levelsisif is desirable. Risk
IS a subjective notion and we describe how a bid-taker’s aitkude affects his
preference over outcomes in different scenarios.

2.1 Auction Theory

An auction is a market mechanism in which an item, or items,exchanged on
the basis of bids submitted by participants. The auctionfraeism consists of a
set of rules that govern the sale, or purchase in a revergs®auof an item ac-
cording to the most favorable bid. Auction theory concehesdesign of auctions
and how their rules should be determined so that desired goalachieved. The
goals of auction desigre.g. revenue or social welfare maximization, may differ
according to the requirements of the bid-taker and the bgldaluations for the
item(s) on sale.

Auction theory has emerged as an important field of reseangtent years [72,
73]. The proliferation of large-volume, state-run auctiéor items such as spectrum-
rights has focussed attention on how auctions should bgmiesi[83, 85]. Subtle
changes to auction rules can cause marked differencesdoroges.
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2.1.1 Common Auction Types

In this section we present an overview of four of the most cemitypes of auc-
tion used in commercial settings.

English auction. This is the classical auction type that is typically usedhia t
sale of property or collectibles. Participants bid operggiast one another, with
each successive bid being higher than the previous one. Udt®@a continues as
long as there is someone willing to outbid the current askinge. The auction
then ends when no participant is willing to bid further, atethpoint the highest
bidder pays his declared bid amount. The seller may set aveepeice so that
if the auctioneer fails to raise a bid higher than this rese¢he sale may not go
ahead, but the seller typically pays a fee to the auctiomeany case.

Dutch auction. The Dutch auction is also known as an “open-outcry descgndin
price” auction or a “clock auction” [85]. The auctioneerrstaat a high price
and subsequently lowers the price repeatedly as time paf$hésis sometimes
achieved by using a clock which gradually decrements treepiihe first bidder
who communicates that he will accept the current price wiestem at that price
for a quantity they may specify publicly to the auctionedre Dutch auction has
been made famous by the Amsterdam flower auctions, wherel spessential
because of the perishable nature of the products for sale.

Sealed-Bid first-price auction. In this type of auction all bidders simultane-
ously submit bids in such a way that no bidder knows the bidngf@her par-
ticipant. The highest bidder pays the price he submittedhigform of auction,
bidders strategize about the valuations of other agents weW@uating what they
should bid in order to maximize their expected surplus.

Bidders in the traditional Dutch auction and sealed firstgauction will bid
below their true valuation for an item so that they can mazertheir expected
profit. This tactic is known as bid shading. These two austiare also theoret-
ically equivalent, but in practice Dutch auctions will prme less revenue than
sealed first-price auctions. This is one of the most imporesults of experimen-
tal economics [121,122].
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Sealed-Bid Second-Price (Vickrey) auction. This auction is conducted in the
same manner as a sealed-bid first-price auction with therdifce that the win-
ner only pays the amount equal to the second highest bidtieratiction format
has appealing strategic properties in that it is a dominaateg)y for each bidder
to bid his true valuation. A recent auction of note was th&éahpublic offering
(IPO) of Google shares, that used a modified multi-unit, hgemous, Vickrey
auction [32, 60, 136]. In a pure Vickrey auction the optintedtegy for bidders is
to bid their true maximum value. So if a bidder is willing toyp®100 per share
then that should consititute his bid. If the Google IPO auctvas a pure Vickrey
(assuming all potential bidders were rational and perohigetry to the auction)
then the post-IPO market price would equal the IPO clearmgep This means
that the post-auction share price should not fluctuate skedyg in the immediate
aftermath of the flotation. However, the auction was not @ plickrey auction
and all the bidders were not completely rational. For examgadme bidders may
not have been able to calculate their optimal strategy ctiyreGoogle also re-
served the right to set the offering price lower than theiaunetlearing price.

2.1.2 Private, Common and Affiliated Values in Auctions

The behavior of bidders in an auction depends upon whetlegraan draw con-
clusions from competing bids. In amdependent private-valuesodel, each bid-
der knows how much he values the object for sale but his valnet dependent
upon the bids of others [48, 126]. Each bidder derives a iatua only his own
personal tastes and not external factors such as re-saie. véihe revelation of
other bids does not influence each bidder’s valuation.
Thecommon-valueshodel was subsequently introduced, where the true actual

value is the same for everyoreg.the oil in a drilling rights auction, but bidders
have different private information (“signals”) about thed actual value [111,
138, 140]. In this model a bidder would change his estimatthefvalue if he
learned another bidder’s signal. Common valuations oftemiom auctions for
rights to natural resources [21]. If a bidder’s signal waggicantly more than
all other bids for example, he may re-estimate the valueeitdm, therefore, his
ex-postvaluation may be decreased. If it decreases to below hisrbaliat, he is
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then a victim of the Winner’s curség, a term first coined by Capest al.[21]. The
winners in common-value auctions are necessarily the ma#nistic bidders
when payment is conducted using a first-price scheme. This@aetimes result
in winning an item at a cost of more than the ex-post valudti®n74, 139], which
may result in serious losses for the winner [56]. Section33deals with this
problem in more detail.

In practice, many goods have neither purely private valoepuarely common
values. Collectible items are likely to have an importantvge value aspect,
where each individual bidder alone knows how much he likelstikes the work,
but also a common value aspect because the winner may decele=tl the work
at a later date. The combination of private and common valoéets is referred
to asaffiliated values and was first introduced by Milgrom and Weber [86].

The presence aisymmetric informatioms another important feature in auc-
tion theory. Environments with asymmetric information ciise situations in
which some agents hold private information that is relevardll parties [138].
This information can belirectly relevant in that it directly affects the payoffs of
the bidders. For example, when the bid-taker knows the tyuailithe items for
sale but the bidders do not. Asymmetric information can aksdirectly rele-
vant by helping each agent to gauge the expected rationavtwtof others and
thereby solve his strategic uncertainty.

2.1.3 Game-Theoretic Bidding Behavior

Game theory is a mathematical theory of strategic intevaatihere multiple play-
ers must make decisions that may affect the interests of pthgers. An auction

Is an example of a game in which bidders are competing agests, of whom is
seeking to maximize their utility. The bid-taker sets thiesifor the game in such

a way as to achieve his objective, which is often revenue miaation but may
also be the fulfilment of some social objective. The biddersthe other hand,
will strategize so that their expected surplus is maximize&d 84, 85, 96].

A strategic equilibriumis a profile, or combination, of strategies such that

if other players conform to the equilibrium strategies.(other bidders are ra-
tional), no player has an incentive to unilaterally devifxtan his equilibrium
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strategy [123]. Game theory provides several solution eptscto compute the
outcome of a game with self-interested agentsohfution concepts used to pre-
dict the strategies agents will choose in order to maxinheg wtility, thus deter-
mining an equilibrium position for the game. These concep®ime knowledge
about agent preferences, rationality, and shared inféomabout one other. The
best known concept is that of a Nash equilibrium, which stdtat in equilibrium
every agent will select a utility-maximizing strategy givthe strategy of every
other agent [91]. A Nash-equilibrium is self-referentiadaconstitutes a profile
of strategies that form “optimal reactions” to other agefaptimal reactions”.
Nash equilibrium is the pure form of the basic concept oftsg@ equilibrium;
as such, it is useful mainly in normal form games with conglietformation.
When allowing for randomized strategies, at least one Naslhil@gum exists in
any game with regular payoff functions [123]. A game may pesne or more
Nash equilibria. We discuss two example auction forms beloa outline their
equilibrium bidding strategies.

Second-price (Vickrey) auctions with private values. In this type of auction,
the winner is the bidder with the highest bid but he only pdgsdecond highest
bid amount for the item. The optimal bidding strategy is tbrait a bid equal to
one’s actual true value for the item. This isv@akly dominanstrategy,i.e. no
matter what other bidders do, no other strategy can achisupearior outcome.
Note that adominantstrategy in a game for a player gives a better payoff than any
other strategy, regardless of what the other players argdtiweakly dominates
another strategy if it is always at least as good [50]. In agli&h auction the
winner pays the amount at which the second highest biddg@péaout, suggest-
ing that it lends itself towards analysis via tbecond-priceauction format [125].
Vickrey’s analysis can, therefore, be applied to such aunstivhen attempting to
predict bidder behavior [126].

Sealed-bid first-price auctions with common values. Consider the sale of drill-
ing rights in an oil-field. A strategic bidder recognizesttivnning the auction

implies that other bidders estimated a lower valuationHerdil in the field. These
other estimates would cause the bidder to be nervous abamuviuation and re-
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sult in a lower estimate of the value of the oil. The equililoni bidding strategy
is, therefore, to reduce the bid amount slightly to take thmtier’'s curse’ into
consideration. This is an example oBayesian game which the players have
incomplete information about the game. This can be destiibgerms of a game
in which a player may have one of many (or even infinite) “typesd that the
type of any player is known to that player but unknown to cgH&0]. The type
of a player determines the payoffs that player receives faonoutcome of the
game. The common equilibrium notion for such gameBages-Nash Equilib-
rium (BNE). In a BNE, each player picks a strategy function, rathanta simple
strategy [50, 125]. The strategy function then selects aqoder strategy for the
player’s type. A BNE is a profile of strategy functions sucht tha single player
can improve his expected utility by changing his function. BBi$ a solution
concept that is often applied to auctions [28, 105].

2.1.4 Revenue Equivalence Theorem

An important result in auction theory is tiRevenue Equivalence Theor@RET)
which states that, if all bidders are risk neutral, and hadependent private
values for the auctioned items, then all four of the standardle unit auctions
(mentioned irt 2.1.1) have the same expected revenue.

Theorem 2.1.1(Revenue Equivalence Theorem (RET) [90, 10&$sume each
of a given number of risk neutral potential buyers has a geisaknown valuation
independently drawn from a strictly-increasing atomlessrdiution, and that no
buyer wants more than one of thedentical indivisible prizes. Then any mecha-
nism in which (1) the prizes always go to théuyers with the highest valuations
and (2) any bidder with the lowest feasible valuation expeets gurplus, yields
the same expected revenue (and results in each bidder middersame expected
payment as a function of her valuation).

Proof. See [90] for a proof. O

The RET applies broadly to many auction types, beyond justEiglish,
Dutch, first- and second-price auctions, to include mangrm#uction mecha-

tThis effect will be described in more detail §8.1.3.
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nisms. Itis a remarkable result, as various auctions mag bampletely different
strategies and rules. It is important to note, however, dltabugh the expected
revenue is the same for auctions that satisfy the conditioneheorem 2.1.1,
it may vary in different specific instances. Some auctiotsrrerevenues with
greater variance even though the mean revenue is the samigk Averse bid-
taker may not welcome variance and would, therefore, peefaore predictable
outcome [132]. This offers a partial explanation for thevpience of first price
auctions over second price auctions.

2.2 Mechanism Design for Auctions

Mechanism Design can be considered as “inverse game thetbisreby the rules
of the game are decided by an authority so as to fulfil somecttage Two typical
goals of auction design are either revenue maximizationaximization of social
welfare. The goal of maximizing revenue is an obvious onefaatlres in auc-
tions where the identity or private valuations of the wirgpnimdder(s) matter little
when compared to the revenue received by the bid-taker.mhesorcumstances,
however, the bid-taker may wish to achieve certain socigatives, but because
these individuals’ actual preferences are not publiclyeokable, the analysis of
such auctions can become more complicated. Mkehanism design probleis
to elicit these preferences so that they may be aggregaiedacial preferences
to form a collective decision [50, 82].

2.2.1 Mechanism Design Goals

The traditional goal of mechanism design is to determinertifes of a game in
which an overall equilibrium (or equilibria) is reached aating to some desirable
system-wide properties, given that all participating agamne self-interested [82].

A social choice functiorfSCF) describes the properties that the outcome should
possess. Some typical desirable properties include theviolg:

¢ Individual Rationality No agent attempts to take part in a trade that fails to
increase, or at least leaves constant, his own utility [T8]s is an important
property if agent participation is voluntary.
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e Efficiency The outcome must maximize overall agent utility, therelgxm
imizing social welfare.

e Revenue MaximizingA single agent, an auctioneer for example, maximizes
her revenue (utility).

e Budget BalanceThe sum of all agent payments equals zero, therefore, no
money is extracted or injected into the system. This is @aleirly important
for any self-sustaining mechanism where no external bet@faxists to
subsidize the system.

However, these desirable properties may directly conflith wne another. For
example, budget balance and efficiency conflict in Vickrestians, which achieve
only the latter property.

TheRevelation Principlg50, 82] is a fundamental tenet of mechanism design
and implies that in a wide variety of settings, only “truthfevelation mecha-
nisms” in which agents truthfully announce their types needbe considered.
This result is not immediately obvious but means that theeena manipulable
mechanisms that, when agents strategically report theastyattain superior out-
comes according to the social objective than any non-méabje mechanism.
Conitzer and Sandholm [30] have demonstrated, however, lisyptinciple may
fail in certain extreme instances when computational orraoimcation complex-
ity hinders strategic manipulation.

2.2.2 Generalized Vickrey Auction

The seminal contributions of Vickrey [126], Clarke [25] ando&es [55] (VCG)
to the field of mechanism design provide an important stahtgrwhich other
mechanisms are judged. VCG is a general method of designititfut mecha-
nisms and a proof of its truthfulness may be found in [82].

For a given mechanism, solution concepts used to predict the strategies
that agents will choose in order to maximize their utilitgu$ determining an
equilibrium position for the game. The Generalized Vickfayction (GVA) uses
the VCG mechanism to determine payments and hdsnainant strategyequi-
librium. This means that the best response strategy for ageht remains the
same, irrespective of its knowledge about other agentseir #ttions. Agents
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bid their truthful valuation for an item and do not profit framder-estimating or
exaggerating their valuation even if they know all othersbid@his is a powerful
solution concept and makes it unprofitable for agents to @nthemselves with
other agents’ bids.

The GVA also ensures optimal efficiency, thereby maximizogial welfare
according to some objective such as fairness. Howevernitibudget balanced,
S0 a benevolent external party, such as a government, magbeed to supple-
ment the budget. To determine payments to each agent pattigy in the overall
optimal solution, the overall revenue is determined witreach agent present in
turn. This involvesm + 1 optimization problems iin agents participate in the
optimal solution to the allocation problem.

Although optimization of a social objective becomes pdssilsing such a
truthful mechanism, there are several notable disadvastafjthe GVA that are
worth highlighting. If non-optimal solutions are found teetoptimization prob-
lems that determine the prices paid (based on the Vickreyk&l&roves mecha-
nism [25, 55, 126]) the mechanism is no longer guaranteee toubhful. This is
a major disadvantage of the GVA. Various polynomial-timpragimation algo-
rithms can provide good or near optimal solutions very gyickilowever, Nisan
and Ronen [94] showed, constructively, that a non-optimaltsm can in fact
result in payments arbitrarily far from optimum. If an awcteer seeks to approx-
imate optimal solutions in a GVA using polynomial-time aligioms the results
may not be reliable and agents may have an incentive to lie.

Other limitations include reduced revenue compared witleloauctions and
susceptibility to a fraudulent auctioneer. It is possildedn auctioneer to intro-
duce fake bids just below the value of the winning bids toease revenue. For
this reason a trustworthy auctioneer is imperative in a GVA.

A GVA is also sensitive to bidder collusion. Bidders may caoadke their
bid prices so that the bids remain artificially low. In thismar, the bidders get
the item at a lower price than they normally would. The GVA-sglforces some
typical collusion agreements and makes it easier for agect:spire by allowing
the coordination of bids. Therefore, from the perspectivdeaterring collusion,
Dutch or first-price sealed-bid auctions are preferableabse colluding agents
require more trust in one another for the collusion to sudcee
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2.3 Combinatorial Auctions

The popularity of online auctions has increased in receats/because the inter-
net promises to promote competition, thereby increasingmeae for the auction-
eer. In separate single-item auction, where the items @&xtoinplementarities
or substitutabilities, there exists a phenomenon knowrhagxposure problem
when items are sold separately [85]. This occurs when b&ddeek a certain
set of items but do not want to end up with a subset of the itérasthey may
find valueless. This encourages cautionary bidding tattietsresult in depressed
bidding. Combinatorial auctions may alleviate the exposuabdlem by permit-
ting bids on an arbitrary combination of items that suits idders needs. In
this manner such auctions improve efficiency where itemsédomplimentar-
ities/substitutabilties for the bidders.

Such auctions have been used in many real-world scenamhsasuprocure-
ment for the Mars corporation [61] and the sale of spectrgamices in America’s
Federal Communications Commission (FCC) auctions [83]. ThalborTrans-
port Authority also operated a CA in their procurement of bervises from pri-
vate operators [85, 102]. The Chilean government have alsptaed CAs for the
supply of school meals to children [41]. In the latter cake,dquality of suppliers
was considered as well as the bid amount in deciding the wiane the system
also ensured there was no monopoly in any individual reditve. reported supply
costs have fallen by 22% since the adoption of the program.

In auctions where complementarities or substitutabditaee exhibited be-
tween items, there is a compelling argument for the intrtidaof combinatorial
bidding to improve overall efficiency. Their applicatiorsigreading to other areas
such as Supply Chain Management [131].

Combinatorial auctions fall into two categories, forward aeverse. In a re-
verse auction the auctioneer is seeking to procure goodslér tb minimize cost.
If it is possible to purchase more items than are strictlyessary, the problem is
a Set Covering Problem. The buyer may choose to stipulatesiadiction rules
that no surplus items are to be purchased. With the intraslucf this constraint
this problem becomes a Set Partition Problem.

In the remainder of this dissertation we focus our attentinrforward auc-
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Table 2.1: Combinatorial auction example.

ltems
Bidders A B AB

T 0.60 0.00 0.00
T 0.00 0.60 0.00
T3 0.00 0.00 1.15
Ty 0.00 0.00 1.10

tions, where items are being sold and the objective is to miae revenue.

2.3.1 The Winner Determination Problem

It is important that the bid-taker can determine the winrfiens all bids received
in a timely manner. This is known as tl@nner determination probleriVDP)
which can be represented as a Set Packing Problem (SPP)artbauctions.
In this case it is not necessary to sell all items in order tgimee revenue.

Example 2.3.1.Consider a simple example where an auctioneer is selling two
items and there are four interested parties, biddersz,, x5 andx, (Table 2.1).
Biddersz;, and z, are interested in the first and second items, respectivaly, b
ding $0.60million for the those items. Bidders and x4 seek both items only
and bid $1.15million and$1.10million, respectively, for the pair b$0 for each
item individually. The revenue maximizing solution for the auctioneer is tb se
the items separately te, and z, thus securingpl.2million. It is impossible for
the auctioneer to know in advance whether combining the itarassingle sale
would be profitable or not. Combining both items in this case Wdlve re-
sulted in$0.05million of lost revenue, since the winning bid would haserbfor
$1.15million rather than$l.2million. Instead, CAs allow the bidders decide on
parcels of items that suit their needs, thereby improvirgral efficiency. A

Combinatorial auctions involve a single bid-taker alloegtmultiple distin-
guishable items amongst a group of bidders. The bid-takealset ofn items,

fSuch arbitrary complementarities amongst different bigidee often seen in property sales.
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M ={1,2,...,m}, for sale and bidders submit a set of bi#ls- { B;, Bs, . .., B, }.
A bid is a tupleB; = (S}, p;) whereS; C M is a subset of the items for sale and
p; > 0is aprice. The WDP for a CAis to label all bids as either winnintpsing

S0 as to maximize the revenue from winning bids without @tg any item to
more than one bid. The following is the Integer Programmaorgiulation for the
WDP:

n
max E P;iZ;
j=1

s.t Z r; <1, Vie{l...m}, =z €{0,1}.
jlies;

This problem is\P-complete [110] and inapproximable [115], and is other-
wise known as the Set Packing Problem. The above problenufation assumes
the notion offree disposal This means that the optimal solution need not neces-
sarily sell all of the items. If the auction rules stipulatatall itemsmustbe sold,
the problem becomes a Set Partition Problem [33]. The WDP éxas éxtensively
studied in recent years. The fastest search algorithmditithbptimal solutions
(e.g, CABOB [115] or CPLEX [66]) can, in practice, solve very larg®iplems
involving thousands of bids very quickly.

2.3.2 Combinatorial Auctions in Practice

Combinatorial auctions permit bidders to express compléangies amongst items.
Auctions for different types of items tend to exhibit diéert patterns in comple-
mentarity. For example, in spectrum rights auctions theeedlear super-additive
valuation in securing rights in adjacent geographical aiteecause there is the
potential for fewer transmitters than would be necessacpter those regions on
their own.

Leyton-Brownet al. introduced a bid simulation tool for CAs called the ‘Com-
binatorial Auction Test Suite’ (CATS) [78]. This tool can sitate bid distribu-
tions for different economically motivated auction sceositisted below:

ar bi t rary. Bidders view complementarity between items in an arbitraaym
ner, as in electronic component or pollution emitting rggatictions. The
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sets of desired items for different bidders are random asdgxs no struc-
tural similarities.

mat chi ng. Temporal relationships between pairs of items are extbiey.
take-off and landing slots in airports, so complementsitire more highly
correlated for different bidders than farbitrary auctions.

pat hs. This bid distribution simulates the sale of routes betweeintp in 2-
D space. This is applicable in logistics, network routingl @as pipeline
auctions. Complementarities are very highly correlated.

r egi ons. The sale of items whose complementarity relates to adjgdari:D
space, e.g. spectrum rights or property. Complementagkbgit moder-
ate levels of correlation.

schedul i ng. Simulation of auctions for time slices on machines in distred
job-shop scheduling problems [135]. Complementaritieskéiximoderate
levels of correlation.

The above bidding distributions reflect realistic biddiragtprns that we shall use
in the course of this work to examine the effects of solutiolbustness in differ-
ent types of auctions. Prior to the introduction of CATS,fexitil bid distribu-
tions were used to examine the efficiency of algorithms ferWDP [2, 33, 119].
However, we are more interested in exploring realistic badrdbutions, because
algorithmic efficiency is not the central focus of this work.

2.4 Risk Management

Risk management is a discipline that enables individualoag@hizations to cope
with uncertainty by taking steps to protect its vital assetd resources. It is an
integral part of good management and encourages stalfivtggalth [17]. When
potential winning bids may be withdrawn from a solution to a,@#s consti-
tutes a considerable risk for the bid-taker because iteraatixdn from other (non-
reneging) winning bidders may not be possible. We are istedein managing
this risk in a controlled fashion so that we can balance negeagainst the risk
of losses caused by unreliable bidders. An uncertain solut an auction can
be seen as a lottery over outcomes, whereby potential lassgsaccording to
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the probability of bids being withdrawn and the extent toatha solution can be
repaired following such a withdrawal [63].

In this section we present expected utility theory, thabrporates both Bernoulli
utility functions over wealth and von Neumann-Morgenstaneferences over lot-
teries [68,127]. We also describe risk aversion and theaanoature of its as-
sociated Bernoulli utility functions. This is an importamincept because the risk
attitude of the bid-taker has a fundamental role in decidipgn a utility maxi-
mizing allocation, as we shall see in future chapters.

2.4.1 Expected Utility Theory

In 1944, von Neumann and Morgenstern published their sdiowk, Theory of
Games and Economic Behavid27], in which they defined an expected utility
function over lotteries, or gambles. Theirs is an axiomdé&dvation, meaning a
set of assumptions over individuals’ preferences is reguibefore one can con-
struct a utility function.

According to von Neumann and Morgenstern a lottery, or gatiblsimply a
probability distribution over a known, finite set of outcosnén this framework,
we know with certainty the probability of occurrence of eacticome. Based on
the probability associated with each outcome, we can defsimple lottery as
a set of outcomes) = {oy,...,0,}, each of which occurs with some known
probability p;. We can also construct compound lotteries, which are piibtyab
distributions over lotteries, so that an outcome of a lgttany itself be an entry
to another lottery.

The Preference Axioms

In order to construct a utility function over lotteries, aargbles, a number of
assumptions about individuals’ preferences are requitenisen [68] has provided
a proof for von Neumann and Morgenstern’s expected utilitpdthesis [127]
using an axiomatic derivation whose axioms include thefaithg:

Completeness.All lotteries can be ranked so that for any 2 gambjeandg, in
G, g1 = g2 Or go = g1 (Where> denotes the binary preference relation “is
weakly preferred to” ang- denotes “is strongly preferred to”).
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Transitivity. For any three gambleg, g, andgs in G, g1 < g, andgs = g3 =
g1 = gs.

Archimedean Axiom. For any three gambleg,, ¢o and g; in G, whereg; <
g2 = gs, there existsy, 3 € (0, 1) wherebyag, + (1 — a)gs < ag, and
92 < Bg1 + (1 = B3)gs.

Independence Axiom. For any two gambleg,, g, andgs; in G, g1 = g¢» if and
only if agy + (1 — a)gs = aga + (1 — a)gs, Yo € [0, 1].

The Archimedean Axiom impliesontinuityso that the upper and lower contour
sets of a preference relation over lotteries are closed nidstandleastpreferred
lottery can be combined so that the compound is preferabdeyantermediate
gamble.

The Independence Axiom describes thdependence of irrelevant alterna-
tives It implies that the preference between any two lotteriegniaffected by
combining them in the same way with a third lottery. This daalthe reduction
of compound lotteries to simple lotteries.

The Expected Utility Property

A utility function « is said to have thexpected utility propertif, for a gambleg
with outcome®, 09, . . ., 0,, and effective probabilities;, ps, . . ., p, respectively,
we have:

U(g) = plu(ol) +p2u(02) + ... +pnu(0n)v (21)

whereu(o;) is the decision-maker’s utility from outcomeg. An individual who

chooses one gamble over another if an only if the expectéty usi higher is an

expected utility maximizer. Von Neumann and Morgensteoved that, as long
as all the preference axioms described previously holdy theitility function

exists, and it satisfies the expected utility property.

Expected utility theory is widely used in theoretical an@dgircal analysis.
The insurance industry is an obvious example of an appicadiomain. It is
an imperfect theory and it has been demonstrated experthetitat people can
sometimes violate the apparently rational underlying ieso This paradoxical
behavior is described by the Allais [1], Ellsberg [39] anddima [80] paradoxes.
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The St. Petersburg Paradox and Decreasing Marginal Utility

The St. Petersburg paradox relates to the valuation of @&n tiffgamble on the
tossing of a fair coin that would be tossed continuouslylitritirned up tails [81].
If the coin produced a tails on thé" toss, you would receive2$, i.e. if tails first
came up on the fourth toss, you would receizé $ $16.

The probability of tails first appearing on tosss 2% The expected value of
the gamble is thus:

i

— =0
27,

i—1...00
However, in reality nobody would be willing to pay a very largmount for the of-
fer of this bet, even though the expected value of this gamshidinity and herein
lies the paradox. This is commonly referred to as the St. rBlmieg Paradox,
and was studied by Swiss mathematician Nicholas Bernoull.7138 his cousin,
Daniel Bernoulli, provided a solution to the problem [12]. rid& Bernoulli’s
solution lay in the realization that people’s “utility” famits of money was a sub-
jective internal valuation that was determined by theirent wealth. Bernoulli
hypothesized that a person’s utility from money was a lagaric function of the
amount of money, of the form:

u(z) = klog(x) + ¢,

wherex represents the amount of mongéyjs a parameter andis a constant.
Bernoulli used a logarithmic function to represent utilityveealth because its
value increases at a decreasing rate as the value of its arguncreases,e. a
concave function whereby the first derivative is positivel #me second deriva-
tive is negative ¢/(x) > 0,u”(z) < 0). This is the famous idea afiminishing
marginal utility [12].

There is an important distinction to be made between Beriremudl von Neumann-
Morgenstern utility functions. By convention, we use thert&ernoulli Utility
Functionto refer to a decision-maker’s utility over wealth - sincecotirse it was
Bernoulli who originally proposed the idea that people’ginal, subjective value
for an amount of money was not necessarily equal to the phlygatue of that
money [12]. The termron Neumann-Morgenstern Utility Functisused to refer
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Figure 2.1: Risk attitudes.

to a decision-maker’s utility over lotteries, or gamblesefBrences over lotteries
may also be thought of as preferences over probabilityiligtons [127].

2.4.2 Risk Aversion, Neutrality and Proclivity

A decision makers risk attitude characterizes his willegmto engage in lotteries
or gambles that exhibit probabilistic returns. Risk attésiccan be categorized
in three distinct ways: risk aversion, neutrality and proty. Risk aversion is
the most common risk attitude displayed in commercial ggtivith diminishing
marginal returns expected for increased wealth. Risk nleatyants display an
objective predilection for risk whilst agents with a predly for risk are willing to
engage in gambles where the utility of the expected retuassthan the expected
utility.

Consider a gamblg. where a fair coin is tossed and, there is a 0.5 probability
of receivingw; or ws, Wherew; < ws, IS dependent upon the outcome of the
toss. The question of valuing the right to this gamble deparmmbn a person’s
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risk attitude. Figure 2.1 illustrates how different riskitaides can be modeled as
Bernoulli utility functions. Our main interest in this work risk aversion, but we
also outline the concepts of risk neutrality and proclivagtow.

Risk aversion. If an individual’s utility of the expected value of a gambke i
greater than their expected utility from the gamble itstlgy are said to be risk
averse. The intuition behind risk aversion being that wreered by comparable
returns, agents tend to choose the option that involvesilgssThis constitutes

a more precise definition of Bernoulli's principle. Risk aversis described by a
concave Bernoulli utility function, such as a square rootogakithmic function.
Consider the gamblg. being offered to a risk averse person, whose Bernoulli util-
ity function takes the formu(w) = w?, wherew was the outcome. The expected
utility (from Equation 2.1 [127]) fow. Is:

E(u) = (0.5 % y/wy) + (0.5 x y/w5) = M

whilst the utility of the expected value of the gamble is:

w1 + wa
2

ulE(w)] =

Figure 2.2 illustrates a concave utility function. The géenhbvolves a fair coin
toss, thereforelZ(w) lies halfway between);, andw,. The expected utilityF(u),
is shown by point E on the chord connectings u(w; ) and Baw,, u(w,) is less
than the utility of the expected outcoméF (w)]. The certainty equivalent may
be considered as another lottery whose outcome involveskolt results in an
income of C E(w) with absolute certainty where(C E(w)) = E(u). However,
when the Bernoulli utility function is concave (i.e risk ase),C E(w) < E(w).
The agent is indifferent between the two lotteries and tifferéince between the
two values:

m(w) = E(w) — CE(w) (2.2)

is known as theisk premium This is the maximum amount the agent is willing to
pay for arisk free lottery. It follows that a risk averse pars certainty equivalent
will always be less than the expected value of the gambletladsk-premium
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Figure 2.2: Risk aversion and certainty equivalence

will have a positive value.

Risk neutrality. If an individual’s utility of the expected value of a gambke i
exactly equal to their expected utility from the gamblelfisiey are said to be
risk neutral. Risk neutral behavior is captured by a lineanBelli function. For
the above gamble, a risk neutral individual whose Bernotilityifunction takes
the formu(w) = 2w will have an expected utility over the gamble of:

E(u) = (0.5 x 2 x wy) + (0.5 X 2 X wg) = wy + wa,

while their utility of the expected value of the gamble is

U)1+IU2
2

u[F(w)] =2 x = w; + wy.

A risk neutral agent will have a zero risk premium, and a detyaequivalent
equal to the expected value of the gamble.
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Risk proclivity (risk loving).  If an individual’s utility of the expected value of a
gamble is less than their expected utility from the gamisigliit they are said to be
risk-loving. Note, however, that this does not capture radirgambling behavior
of the kind observed in casinos the world over. By this debnitia truly risk-
loving individual ought to be willing to stake all of their sets, everything they
own, on a single roll of dice, since any uncertain outcomerefgured to any
certain one. A convex Bernoulli utility function captureskdloving behavior,
for example, an exponential function. For the above gangbiesk-loving person
whose Bernoulli utility function took the forma(w) = w? would have an expected
utility over the gamble of:

_wi + w3

E(u) = (0.5 x wi) + (0.5 x w3) = -

while their utility of the expected value of the gamble is:

Wy + Wwo

ulB(w)] = (2

2.

A risk-loving agent will have a negative risk-premium, e would need an ex-
tra incentive to accept the certain outcome, not the riskylgea, and the certainty
equivalent would be greater than the expected value of thnbiga

Jensen’s inequalities [68] summarize risk attitudes devis:

o F(u(w)) < u(E(w)) = risk aversion,
e F(u(w)) =u(E(w)) = risk neutrality,
o F(u(w)) > u(E(w)) = risk proclivity.

Friedman and Savage [49] noted that it is not necessar#yttrat an individual’'s
utility function has the same kind of curvature everywhdhere may be levels
of wealth, for example, where inflection points may occut théer risk loving
takes over from risk aversion. Risk attitudes typically depapon the wealth of
an agent. An insurance company is risk averse but tendsdewisk neutrality as
its relative wealth grows. Purchasers of insurance areaatunore risk averse
because of their inability to withstand large losses. Tiseiance company earns
profits since the value of the premiums it receives is at lipstldo, most probably
higher than, the expected value of the loss.
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2.4.3 Measuring Risk Aversion

The most famous measures for risk aversion were introdugesrtow [7] and
Pratt [106]. The Arrow-Pratt measure of risk aversion is:

r(w) = —— >0 (2.3)

wherer(w) is referred to as the coefficient absolute risk aversiofARA).
Highly risk averse agents will have a greater curvature(in A person with a
constant ARA {(w) = ¢) only cares about absolute losses, regardless of their
level of wealth. As the size of a gamble grows, people gelyebgcome more
risk averse. Consider a coin toss with winningd @0 x w; and1000 x ws. Itis
natural to assume a greater level of risk aversion, whichidmmatag(f) <0.A
natural extension of the ARA thus beconfsow-Pratt measure of relative risk

aversionRRA:

—u' (w)

u'(w)

rr(w) = —w X (2.4)

If the RRA of a person is a constant,(w) = ¢, a person will pay a constashare
of wealth to attain the certainty equivalent over a git@ation of their income.

The relative risk aversion (RRA) coefficient of a person whasesamption
is close to the subsistence level may be very high. For ex@nfpdonsumption
is barely above the subsistence level, no risk taking maylegable. If this is
the case, then the RRA coefficient must be a decreasing funatiarealth for
poorer individuals. Therefore, decreasing RRA (DRRA) is a sdialmeasure of

risk aversion:
o (—wxu”(w))
v ) oy, (2.5)

ow

The measurement of risk aversion is most commonly assdcveitd the in-
surance industry and the calculation of premia. Customenssofers must also
calculate how much insurance they should purchase givefath¢hat insurance
companies are profit seeking and premia are not genexetibarially fair, i.e. the
premium is not equal to the expected claims.

29



2.5 Summary

We provided background information concerning the field wéteon theory and
gave examples of basic auction forms and how bidders behagame-theoretic
manner in such auctions depending upon whether their valuatodel is private,
common or affiliated. We also described how mechanism desigive utilized by
the bid-taker to design auctions so that social objectia@sbe met when bidders
strategize according to game-theoretic principles.

We then introduced CAs, that provide a means for bidders toritesper-
ceived complementarities between multiple distinguighaiems for sale. This
helps avoid the problem of inefficient bundling of items istogle item auctions
because the bid-taker cannot know in advance the optimallimgnstrategy to
gain maximum revenue. Unfortunately, winner determimaposes considerable
computational problems.

We are interested in addressing solution uncertainty in C¥A8nning-bid
withdrawal can pose a considerable risk to the bid-taker. né&ed to be able
to make decisions about how the bid-taker should make chaidbe presence of
such uncertainty and in particular when he:

1. values outcomes using a concave (risk averse) Bernailitly fiinction [12],
2. has preferences about the risk profiles of those outcomes.

Von Neumann and Morgenstern proposed a model for undeistaadd analyz-
ing risk preferences, expected utility theory [127]. In firesence of uncertainty
surrounding solutions to CAs, risk management is necessdrgdge against the
danger of encountering objectionable losses in revenuditbtakers with dif-
ferent levels of risk aversion. We aim to quantify risk in & solutions using
expected utility theory and, therefore, make an accurateimiormed decision
regarding what outcome is best for the bid-taker.

Chapter 3 presents potential sources of risk in solutionsdoh auctions and
describes the computational difficulties involved in radgahese risks.
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Chapter 3

Bid-taker’'s Exposure Problem

In this chapter we present the hitherto unrecognized “aigt's exposure prob-
lem” for combinatorial auctions in which winning-bid withadval is a possibility.
We argue that non-withdrawal rules in auctions constitutallacy because en-
forcement of such rules may be impossible. The root causkeofdilure may
be outside the control of the bidderg. natural disaster or competition regulator
intervention. Bid withdrawal is, therefore, an unavoidathliesat to revenue and
the bid-taker should consider this risk when choosing amcation of items to
bidders.

We demonstrate the significance of this problem using amisiimulation tools
that replicate bidding in different types of economicallptivated scenarios. We
also show that this problem is exacerbated for a risk avedstaker.

Risk management for this problem is computationally chaileg and we dis-
cuss the merits of proactive and reactive approaches to atimgbsuch uncer-
tainty. The search for a solution that maximizes expectaidyuor a risk averse
bid-taker is not straightforward. We examine the feagipihf conventional inte-
ger linear programming approaches to tackling this proldechoutline a goal of
establishing robust solutions that can better withstardigk posed by winning-
bid withdrawal in combinatorial auctions.
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3.1 Problem Description

Combinatorial auctions are gaining popularity in sectorshsas supply chain
management where trades are more frequent and of lower {&ly&02, 135].
In such auctions, bidder reliability may be questionableé smme bidders may be
more trusted than others.

Revenue is the most obvious optimization criterion for suattians, but an-
other desirable attribute solution robustnessThis quality, in its most general
sense, can be considered as a solution’s ability to witddtamire uncertainty. In
terms of CAs, the uncertainty may surround the bid amounts péelesired items,
sets of items for sale or the ability of the bidders to exetietransaction. The
work in this dissertation concerns the latter form of uraiatly, which may lead to
the withdrawal of a winning bid. We argue that potential wirgabid withdrawal
is the most serious uncertainty facing the bid-taker bexalser uncertainties
such as the alteration of a bid amount may be deemed illegalubtion rules,
resulting in disqualification. It may not be practicable fiog bid-taker to enforce
non-withdrawal rules. The cause of failure in auction sohg may be outside
the control of the bidder who instigates a bid withdrawal.e Thyriad possible
reasons for bid withdrawals include natural disasters,p=iition-regulator inter-
vention or the failure of a supplier’s sub-contractor tdifal dependent obligation.
Auction rules regarding non-withdrawal of bids may conséta fallacy because
of the inability to impose absolute enforcement. We, traeefconcentrate upon
winning-bid withdrawal as the most serious threat to sotuttability and rev-
enue.

We focus upon the withdrawal of winning, rather than losimds only for the
following reasons. When a winning bid is withdrawn, there i®ss in revenue
for the bid-taker, who is left with unallocated items thatyntee sought-after by
other bidders. There is an opportunity for the bid-takereduce the resulting
loss in revenue by allocating these items to another biddar‘repair” solution.
However, if a losing bid is withdrawn, there is no need for id-taker to repair
the solution because all items are already allocated.

We donot ensure that repair solutions are robust, but instead finahiéiali
solution that is robust for the following reason. Given ttieg probability of bid
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3) Bid submission phase 2) Winner determination phase 3) Transaction phase
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Figure 3.1: Bid-taker’'s exposure problem

withdrawal is low, {.e. low enough for almost all prior work in the domain to
assume it is zero), we contend that it is sufficient to enswaeparability of the
initial allocation without ensuring that repair solutiosy® also robust. The prob-
ability of a withdrawal by a winning-repair bid, conditidran a prior withdrawal
by a winning-bid, tends towards zero.

Example 3.1.1.Consider a simple CA where a horse and cart are for sale. Bid-
ders can bid on either the combination of horse and cart oteigam in isola-
tion. Figure 3.1 shows how three bid4{H orseCart,900), B(Horse, 500) and
C(Cart,500), were entered in the bid submission phase.

The second phase in an auction involves winner determinatiadition-
ally, this has focused upon maximizing revenue using thpassing or partition
formulation, depending upon the rules governing free disp{83, 119]. The op-
timal solution to the WDP in this case is to award the horse artito bidsB and
C, respectively. However, a difficulty may arise in the tratigacphase if either
of the winners renege upon their bid and do not complete thesaetion. In this
example, bid” is withdrawn and the bid-taker is left with a cart that is valusde
to all remaining bidders. The bid-taker is unable to revdke award of the horse
to B. The bid-taker’s exposure problem is realized becausaitisttion of a re-
pair solution of satisfactory revenue is impossible (assgrthat 500 constitutes
an unsatisfactory auction revenue). A

We seek aobust solutionthat extenuates the effects of winning-bid with-
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drawal (abreakin the solution) by facilitating the formation of a repaidston
of adequate revenue, without causing undue disturbandaéo loidders. Arittle
solutionto a CA is one in which an unacceptable loss in revenue is udabts if
a winning bid is withdrawn, as we have seen in Example 3.h.3uth situations
the bid-taker may be left with a set of items deemed to be ofvale by all
other bidders. These bidders may associate a higher valtiesfee goods if they
were combined with items already awarded to others, herebithtaker is left
in an undesirable local optimum in which a form of backtragkis required to
reallocate the items in a manner that results in sufficiargmee.

We have called this problem the “bid-taker’s exposure motil because it
bears similarities to the “exposure problem” faced by biddseeking multiple
items in separate single-unit auctions but holding liti@o value for a subset of
those items. Such a bidder may end up winning a subset okedegams, thereby
incurring a loss. This “exposure problem” causes deprésisieling, as described
in § 2.3. Combinatorial auctions resolve this problem by pemgtbids on sets of
items [85], but when bid-withdrawal is considered possittle bid-taker becomes
exposed to the problem of holding items that do not comple¢mea another and
would have returned greater revenue if combined with otieens already sold in
the auction.

Definition 3.1.1 (Bid-taker’s exposure problem for combinatorial auction&)e
problem faced by a bid-taker after one or more winning bids arthdrawn,
whereby a solution of satisfactory revenue cannot be atthivexause of the ir-
revocable awarding of items to other winning bidders.

Reallocating items may be regarded as disruptive to a salutionany real-
life scenarios. Consider an example where industrial pesoent is conducted
using a CA. It would be highly undesirable to revoke contrdiim a group of
suppliers because of the failure of a third party. A robukttsan that is tolerant of
such breaks is preferable. Robustness may be regarded asatptive measure
protecting against future uncertainty by sacrificing rexem return for solution
stability and reparability. We assume a probabilistic apph whereby the bid-
taker has knowledge of the reliability of bidders from whitie likelihood of
an incomplete transaction may be inferred. The assumpfiamawvledge over
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probability distributions for bidders valuations, priors, has traditionally been
used in economics to choose reservation prices for optiotian design [20, 90].
On these grounds, we contend that prior knowledge of bideletility is also a
reasonable assumption.

3.1.1 Related Work

Although the bid-taker’s exposure problem has not recepreat attention, there
is some related work concerning auctions and risk managetinanwe mention
here.

Waehreret al. [128] analyzed the preferences of a risk averse bid-taker ov
the class of standard auctions, presentéddri.1, as opposed to preferences over
solutions for a given auction type in our case. Risk averdersdlislike variance
in expected revenue, therefore the Revenue Equivalencerd@ihewo longer ap-
plies. They found that a sealed-bid first-price auction vaithappropriately set
reserve price was preferable to all other auction formaleyTalso found that in
both first- and second-price auctions, a risk averse sgbémal reserve price is
lower.

Harstad and Rothkopf [57] presented withdrawable bids asma @ insur-
ance against the winner’s curse. They showed that in a sealealiction model
with common or strongly affiliated values for a single iterhe tpossibility of
withdrawing a winning bid for a given penalty can providefgignt conditions
for increased bidder aggressiveness. They show that thakeéd is better off on
average providing such insurance.

Kastneret al. [70] examined how to handle perturbations in CAs given a so-
lution whilst minimizing necessary changes to that solutibhese perturbations
may include winning-bid withdrawals, change of valuatitams of a bid or the
submission of a new bid. They looked at the problem of findimgremental
solutions to restructure a supply chain whose formatiortsminined using com-
binatorial auctions [131]. Following a perturbation in thptimal solution they
proceed to impose involuntary item withdrawals from wirgibidders. They for-
mulated an incremental integer linear program (ILP) thatgbd to maximize the
valuation of the repair solution whilst preserving the poerg solution as much as
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possible. This contrasts to our proposed proactive appraaere we seek to find
an initial solution that is robust against such failures.

Porter [103] examined the FCC’s ascending multi-round aodomat that
permitted bid withdrawals. The FCC permitted withdrawaldagiven penalty in
multiple single item auctions. This design was intendecetiuce the effects of
the exposure problem experienced by bidders who try to agtatena package
of items in a piecemeal fashion. Porter examined the trdideetween revenue
and efficiency. He found that the increased efficiency doesutwveigh the higher
prices paid so that bidder surplus falls in the presencesofvithdrawal rule [103].

3.1.2 Winning-bid Withdrawal

We assume an auction protocol with a three-stage proceskimg a) the sub-
mission of bids, b) winner determination, and finally ¢) angaction phase, as
witnessed Example 3.1.1. We are interested in winning-biddsawals that oc-
cur between the announcement of winning bids and the endeofréimsaction
phase. All bids are valid until the transaction is complsi® we anticipate an
expedient transaction process.

Note that in some instances the transaction period may kengthly that con-
sideration of non-winning bids as still valid may not be faBreaks that occur
during a lengthy transaction phase are more difficult to shrend may require
a subsequent auction. For example, if the item is a servingaat for a given
period of time and the break occurs after partial fulfilmehthas contract, the
other bidders’ valuations for the item may have decreasacion-linear fashion.

An example of a winning-bid withdrawal occurred in an FCC $peu auc-
tion [137]. Of course, the impact of such withdrawals degeuagdon other bid-
ders valuations. In this case, it did not materially affestenue because another
bid eventually superseded the withdrawn bid. Howeverdaayenue losses are
possible for bid-takers, as occurred when book publishéolastic withdrew a
winning bid of $8m for inventory in a bankruptcy sale thatuiésd in subsequent
revenue of only $5.4m [40].

Withdrawals, orbreaks may occur for various reasons. Winning-bid with-
drawal may be instigated by the bid-taker when Quality of/i8eragreements are
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broken or payment deadlines are not met. We refer to winnicgdvocation by
the bid-taker as item withdrawal in this dissertation socagistinguish between
the actions of a bidder and the bid-taker. Harstad and RotHkap outlined
several reasons for breaks in single item auctions thatdecl

[ERN

. an erroneous initial valuation/bid;
2. unexpected events outside the winning bidder’s control;

3. information obtained or events that occurred after tlatieomn but before the
transaction that reduce the value of an item;

4. a desire to have the second-best bid honored;

5. the revelation of competing bidders’ valuations infeaguced profitability,
a problem known as thexinner’s cursé.

Reasons 1, 2 and 3 are non-strategic causes for bid-withbtlaataare unaf-
fected by the revelation of winning bids. The bid-taker aatrfactor the likelihood
of such failures upon the outcome, so the probabilities idifa are exogenous.
However, reasons 4 and 5 describe events that are outcopeedlnt. Therefore,
it is possible to apply game-theoretic analysis to analiiegorobabilities of fail-
ure due to a desire to have the second-best bid honored, ovitiner’s curse,
given prior valuation distributions. It is possible to aimvent the possibility of
a bidder benefiting from withdrawal by disallowing the awaifdtems in a re-
pair solution to the guilty party. However, strategic bididrawal can still occur
because of the winner’s curse.

3.1.3 Strategic Bid Withdrawal and the Winner’s Curse

The winner of an item whose value is unknown is ultimatelykidger with the
highest bid. If the winner has bid truthfully, he thereforestihe most optimistic
valuation. All other bids in the auction are all less tharsthof the winners, so if
he can infer that the true valuation for the item was prob#sy than his payment
for the item, he may have overestimated the value of the ifBnms is known as
the winner’s curse. Knowledgeable bidders compensatd@i®etfect by bidding
below their true valuation.
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Definition 3.1.2 (Winner's Curse) The winner’s curse states that the winning
bidder in an auction with common-values (i.e. the value oftdra to all bidders

is the same) may bid an amount that exceeds the item’s iitnvague, thereby
suffering a loss.

Wilson [139] first identified the winner’s curse problem tisassociated with
auctions in which bidders have uncertainty surroundingheation of the iterh
This problem was initially of most interest to the oil indyysbecause auctions for
drilling rights display a common values model in which th&imsic value of the
oil rights is not known accurately.

Upon purchase of an item, it is usually the case that othemnpiad buyers have
decided against purchasing and have lower valuationsédteém than the winner.
A winner may reassess the value of the item, upon reflectimth gaiestion their
original bid. The possible answers depend on the reasotsifang the item.

If the only reason for purchasing the item was the satisfaatif owning it,
and there was no possibility of resale, then the winner casubethat he did not
pay more for the property than it is worth so long as the pwsehaice did not
exceed his own valuation. This is an example of independevdtp values, as
discussed iy 2.1.2, and implies that the winner’s curse is not applicable

The winner’'s curse is most clearly evident in auctions wHadelers have
common or strongly affiliated values models [21, 69]. If tham was purchased
with the intention of resale, other bidders’ valuations aneimportant indicator
of potential resale value. The more bidders that a winneroudisid, the more
worrying may be the fact that he has won. The reason for tmsem is the fol-
lowing. Suppose that a bidder was competing against a grbaother potential
buyers for an item and the precise intrinsic value is unkna@snn auctions for oil
drilling rights [21], but the bidders have estimated itsial This scenario occurs
in many economic situations, even markets as diverse asahsfér system for
baseball players [16, 23]. Each bidder has a probabilitiridigion over the un-
certain value of the item. Typically, some of the estimatdkhwe lower than the
actual value of the item and some will be higher. In a competgnvironment,
such as an auction, the buyer will usually have the higheshate of value. This

fCaperet al.[21] coined the term “winner’s curse” in a subsequent papdsidding strategies
in auctions for drilling rights.
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highest estimate of the value is likely to exceed the inicinvalue of the item.
Bidders avoid the significant risk of paying too much for amitey discounting
his bid. It may be impossible to know in advance whether aimese is high or
low, so all bidders must mitigate against the risk of the wirsicurse. Determi-
nation of optimal bidding strategies whilst considering Winner’s curse can be a
difficult problem for bidders and is based in the propertiegrder statistics [21]
using numerical integration in single item auctions.

Significantly, however, Harstad and Rothkopf [57] showed fibiasingle item
auctions the bid-taker can expect higher revenues on averagn bid withdrawal
Is permitted because the effects of bid discounting duedonimner’s curse are
reduced. They used a game-theoretic analysis that assimenhly reason for
withdrawal was the winner’s curse. Kagel and Levin found thighdrawable bid
auctions are attractive in markets where bidders are utabEmpensate fully for
the effects of bid withdrawal [69]. Harstad and Rothkopf dade that exogenous
probabilities of failure increase the need for possiblefittidrawal by risk averse
bidders, thereby making it possible for the bid-taker toste a form of insurance
to the bidder for a given premium [57].

3.1.4 Solution Brittleness in Combinatorial Auctions

An analysis of the sensitivity of optimal allocations to wing-bid withdrawal
provides a strong motivation for the research in this diasen. A closed-form
analytical solution to expected loss in revenue followinghdrawal is not fea-
sible for combinatorial auctions because of the highly tronal nature of find-
ing solutions. The WDP ig\V"P-complete [110] and inapproximable [115]. A
Monte-Carlo style simulation technique is required to galaogses in revenue
from winning-bid withdrawal.

We performed a sensitivity analysis by simulating auctioobems using a
bid simulation tool. We computed the revenue of optimal sohs and then
examined the effects of a single winning bid being withdrawrnurn. After a
winning bid is withdrawn we attempted to repair the solutoynawarding all re-
maining unsold items to bids that are only interested in ssubf those items.
We assumed that the bid-taker could not revoke items alraa@dyded to other
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winning bidders. In later chapters, we shall attempt toxdéés assumption in a
reasonable manner so that we can improve solution repiyabil

We used the Combinatorial Auction Test Suite (CATS) [78] toegate sam-
ple auction data. We created 100 instances of auctions ichwihiere are 20
items for sale and 100-2000 bids that may be dominated in sost@nces A
dominated bid is one whose set of items is the same as, or asstid, an-
other whose bid amount is less than this bid. It, therefaaenot partake in an
optimal solution to the WDP that does not consider solutidiustness. CATS
uses economically motivated bidding patterns to genenatéiam data in vari-
ous scenarios, as describedsi2.3.2. We performed sensitivity analysis upon
the following four bid distributions: airport take-offftding slots (natching ),
electronic components(bitrary ), property/spectrum-rightségions ) and
transportationgaths ). We chose these distributions because they represent a
diverse selection of bidding patterns in different apglmadomains.

The method used is as follows. Firstly, we determined th@xadtsolution
usinglp_solve , a mixed integer linear program solver [11]. We then sinadat
a single winning-bid withdrawal and re-solved the probleitimthe other winning
bids remaining fixedi.e. there were no involuntary dropouts. The optimal repair
solution was then determined. All bids are assumed to baehr#io this process
is repeated for all winning bids in the overall optimal saut

Figure 3.2 shows the average revenue of such repair schudi®a percentage
of the optimum. Also shown is the average worst-case reviilesving a single
break in each auction. We implemented an auction rule tisaldivs bids from
the reneging bidder from participation in a repair. This osas the possibility
of a bidder strategically withdrawing a bid so that a lowed biom the same
bidder can win instead. This addresses one of the posstalegic reasons for
bid withdrawal listed previously i33.1.2. We assumed that all bids in a given
XOR bid were from the same bidder. An XOR bid in the CATS simalatool
incorporates the same dummy item in the set of desired itema et of bids
to explicitly state that only one of these bids may win. CAT8Sves no other

fThe CATS flags included inprices with the bidalpha parameter set to 1000. The normal
distribution of values for items was used for tmbitrary (arbitrary-npv ) andregions
(regions-npv ) distributions.
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Figure 3.2: Sensitivity of bid distributions to single wing-bid withdrawal.

means of differentiating between bids from separate bglder

Figure 3.2(a) illustrates how thgaths distribution is inherently the most
robust distribution since when any winning bid is withdratlke solution can be
repaired to achieve an average of over 98.5% of the optinmahtee for auctions
with more than 250 bids. However, there are some cases withnasthdrawals
result in solutions whose revenue is significantly lowemntlo@timum. Even in
auctions with as many as 2000 bids there are occasions whegla winning-
bid withdrawal can result in a drop in revenue of over 5%, @ltfh the average
worst-case drop in revenue is only 1%. Figure 3.2(b) showsthe matching
distribution is more brittle on average thpaths and also has an inferior worst-
case revenue on average. This trend continues athens (Figure 3.2(c))
andarbitrary (Figure 3.2(d)) distributions are more brittle still. Tleedistri-
butions are clearly sensitive to bid withdrawal when no othkning bids in the
solution may be involuntarily withdrawn by the bid-taker.
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3.2 Risk Averse Bid-taker

In this Section we consider at the effects of the bid-takeslsattitude on solution
preference in CAs when the bid-taker’'s exposure problem isidered. The
Revenue Equivalence Theorem, as describe§l M1, stated that the expected
revenue of all four basic auction types for a single item éniccal. This principle
assumes that the bid-taker is risk neutral. Given a risksavbid-taker, however,
minimal variance of expected revenues is desirable. Obgbat the winner in a
second-price or ascending auction pays the price dictgtdtelrunner-up, and, by
revenue equivalence, must bid the expectation of this jpmiedirst-price auction.
The revenue in a first-price auction is fixed according to tivenimg bid, but has
the same mean as the second-price auction. An additionedesod risk in the
second-price auction is that it is unconditional on the fmste and, therefore,
exhibits greater variance. The strategic actions of b&lderve to reduce the
variance of bidding patterns in first-price auctions. Tiplies that there is a
greater level of risk for the bid-taker in the second-priaetsn. For a complete
analysis of preferred auction forms for a risk averse bietghe reader is referred
to [128].

The sensitivity analysis conducted §n3.1.4 indicated that the revenue loss
for repair solutions given a winning-bid withdrawal in artiopal solution can be
substantial. Therefore, in sealed-bid combinatorialianst considerable risk is
posed by such uncertainty [62, 70]. We seek to address #kidyi finding robust
solutions whose repair revenue variance is less than thiweodptimal solution
so that expected utility can be increased.

3.2.1 Risk Management for Combinatorial Auctions

When a risk averse bid-taker faces a choice of solutions jporating various
probabilities of bid withdrawal, this may be viewed as a ckoover lotteries.
We learned irf 2.4 that von Neumann and Morgenstern’s expected utilitgrihe
can be used to maximize expected utility for a given riskude and, therefore,
govern the choice of solution.

We consider a CA with an optimal solution to the WDHE, andv winning
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bids whose probability of withdrawal js, wherei € {1, ..., v}. Post-withdrawal
solutions cannot confiscate items from non-reneging wsyriberefore, the set of
items previously awarded to the withdrawn big,must be redistributed to form a
repair solution,S,,. For simplicity, let us initially only consider the posdity of

a single winning-bid withdrawal. The von Neumann-Morgens{127] expected
utility model implies that we should seek to maximize theeotpd utility:

E(u> = Pnw X U(SO) + Zpi X u((srz)v (3.1)

wherep,,, = (1 — [[;_, p:) is the probability of no withdrawal The utility
function of the bid-takery, determines the risk attitude of the bid-taker. In this
dissertation we examine the preferences of both risk nearichrisk averse bid-
takers. The optimal solution to the WDP in terms of reventjg,is no longer
necessarily optimal in the presence of bid withdrawal, deeia risk neutral bid-
taker. A solution whose repair solutions have higher reeanay return a higher
expected revenue thét).

Example 3.2.1.Consider an auction whose bids comprise those listed in Ta-
ble 3.1. We seek the optimal expected revenue in the situatiere a single
bid may be withdrawn, assuming that the bid-taker is risk raduirhere are three
submitted bids for items A and B, the third being a combimakial for the pair
of items at a value of 190. The optimal solution has a valued0f @ith the first
and second bids as winners. When we consider the probabitiizslure, in the
fourth column of Table 3.1, the problem of which solution toase becomes more
difficult.

Computing the expected revenue for the solution with the fidsacond bids
winning the items, denoted, 1, 0), gives:

(200 x 0.9 x 0.9) + (2 x 100 x 0.9 x 0.1) + (190 x 0.1 x 0.1) = 181.90.

If only a single bid can be withdrawn there is probability of 8.4f a revenue
of 100, given the fact that we cannot withdraw an item from theowinning

fNote that the conditional probability of multiple withdrais is 0, so that only a single bid is
likely to be withdrawn.
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Table 3.1: Example combinatorial auction.

Items
Bids A B AB Withdrawal prob
1 100 O 0 0.1
2 0O 100 O 0.1
3 0 0 190 0.1

bidder. The expected revenue for0, 1) is:
(190 x 0.9) + (200 x 0.1) = 191.00.

We can say tha{), 0, 1) is preferable ta(1, 1, 0) based on expected revenue, there-
fore, preferable for a risk neutral bidder. A

Risk aversion accentuates the problem of suffering lowtutitom repair so-
lutions. Variance in potential revenue constitutes a r&kj consequently risk
averse bid-takers prefer an initial solution whose repdisplay a smaller devia-
tion in revenue from the initial solution.

Example 3.2.2.Consider Example 3.2.1, where the bid amount for bid in-
stead 175. The expected revenuélot, 0) (181.75) becomes greater than that of
(0,0,1) (177.50). However, a risk averse bid-taker may prefer thietagolution
because the revenue is never less than 175, but the formgicsoteturns rev-
enue of only 100 with probability 0.18. The expected utilitylo1, 0) for a risk
averse bid-taker whose Bernoulli utility functioniéw) = v/w, is:

(V200 x 0.9 x 0.9) 4+ (2 x v100 x 0.9 x 0.1) + (v/190 x 0.1 x 0.1) = 13.39,
whereas the utility of0, 0, 1) is:
(V190 x 0.9) + (v/200 x 0.1) = 13.81.

A risk averse bid-taker with such a risk attitude would prefex $econd solution,
preferring to sacrifice revenue for reduced risk. A
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Example 3.2.2, shows how the risk attitude of the bid-takemegns the selec-
tion of utility maximizing solutions. Unfortunately, finalg robust solutions poses
computational challenges that we shall examing 312.2.

3.2.2 Computational Feasibility

Maximizing expected utility via the von Neumann Morgenstekpected utility
property is a combinatorial optimization problem. If wetras the probabilities
of failures to be conditional so that the probability of two more failures is
zero, we can approximately maximize expected utility. Aleger programming
formulation for this problem, assuming only a single, wimgrbid withdrawal, is
the following:

max (Z(l —pj)u(v))z; + Z prw(w)my) (3.2)

j=1 k=1 j=1

subject to the following constraints:

d ay<1Vie{l,...,m}, z; €{0,1}, (3.3a)
jliesS;
> omjtmy <LVie{l,...,m}, (3.3b)
jlieS;,k#j

Vk € {1, c ,n},acj,rkj(k#) € {O, 1}7rkk < {O},

wherep; is the probability of bidj being withdrawn;; the decision variable for
bid j, v; the amount of bidj andr,; is the repair value of big given a with-
drawal of bidk. Therefore,r;; indicates whether or not bigl is successful in
the repair solution following the withdrawal of the winnitgd £. Equation 3.2
seeks to maximize expected utility according to von NeurAdiongenstern’s ex-
pected utility property with the conditionally dependemnolpability of multiple
bid withdrawals set to zero.
A major disadvantage of this approach is tli&t?) variables are necessary

to represent the statusobids in repair solutions for potential bid withdrawals,
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thus making the formulation impractical. The constraim<€guation 3.3a are
the same as those in the WDP and stipulate that bids sharirgathe item have
only a single winning bid in that set. Equation 3.3b desaibenstraints for
repair solutions after bid is withdrawn. No repair bid may be awarded an item
already assigned to another non-reneging bidder in theatigolution. Also, the
repair solution for bide, failing hasry, = 0 because this bid is withdrawn. In
this formulation,O(mn) constraints are necessary. The space complexity may be
further increased by considering multiple breaks that requir@®(n¥*!) variables
andO(mnY) constraints.

When a bid is withdrawn there are restrictions on how the smiutan be
repaired. If the bid-taker is able to revoke the awardingerhs to other bidders,
the solution can be repaired easily by reassigning all taestto the optimal
solution of the auction without the withdrawn bid. Alterivaty, the bidder who
reneged upon a bid may have all his other bids disqualifiedtandems could be
reassigned based on the optimum solution without that bigddesent. However,
the bid-taker is often unable to freely reassign the itemesadly awarded to other
bidders. The optimization problem of Equation 3.2, subjecthe constraints
of 3.3, applies the same auction rules as were used in th@igénsnalysis of
§ 3.1.4. When items cannot be withdrawn from winning biddeo#piving the
failure of another bidder to honor his bid, this imposes &iegn on reparability.
A repair solution includes all non-reneging winning bidsl@aWWDP decides upon
a set of winning bids amongst all bids whose items only ineltidbse in the
withdrawn bid or those that were not allocated in the origs@ution. We are
free to award items to any of the previously unsuccessfus litien finding a
repair solution.

Determining the maximum expected utility in the presencguch uncertainty
becomes computationally infeasible as the number of étitdls grows. A WDP
needs to be solved for all possible combinations of bids et fail. If any &
bids may fail, we need to compu(@) possible repair solutions.

PROPOSITION 1. Finding a repair solution that maximizes expected revenue
following a single winning-bid withdrawal i8/7P-complete.

Proof. The following proof follows trivially from the complexityfadhe WDP. The
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set of items in the withdrawn bid\1, is reassigned to other bids whose desired set
of items isC M, in a winner-determination problem to establish a repdirtsm.
The WDP isN'P-complete [110]. O

Proposition 1 implies that optimization of expected ufilitith an exponential
number of possible repair problems is computationallyaictizble.

3.3 Robust Solutions

A robust solutiorto a combinatorial auction should be able to withstand wigni
bid withdrawal by not incurring an unacceptable loss in nexe Such a solution
should be able to tolerate such uncertainty by making snhalhges to the allo-
cation of items to form a repair solution, without causinglue disturbance to
the rest of the solution. The revenue of repair solutionsdifierent potential
winning-bid withdrawals should also exhibit a low variartmecause risk averse
bid-takers prefer predictable incomes, as describéBi2.

In the following section we examine the benefits of robustsohs for risk
averse bid-takers. We also explore the use of integer lipegramming (ILP)
techniques for finding robust solutions. Winner determarafor CAs typically
uses ILP solvers such as CPLEX [66] for solving such combmaltoptimization
problems [33].

3.3.1 Added Value of Robust Solutions

When there is uncertainty about a solution, possible biddwrétval in our case,
then the solution may be regarded as a lottery. Before comsidéhe value of
a robust solution we shall determine the value of the lottgrythat contains the
optimal solution,S,, and its optimal repairs;, as possible outcomes. The cer-
tainty equivalent (CE) of, is the exact payment that when offered to the bid-taker
with zero risk offers the same expected utilitylasFigure 3.3 shows an example
optimal solution with the revenue of repairs on the abscissa

The bid distributions presented in the CATS bid simulatiai [@8], discussed
previously in§ 3.1.4, exhibit different bidding patterns. Consequentig vari-
ance in solution revenues is dependent upon the bid distiburhis also affects
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48



U, (Utility)
ulE_(w)]
ulEq, (w)]
E(u)=u[CEq (W)
E(u)=ul[CE. ()]

Figure 3.5: Certainty equivalence comparison.

the expected revenue of the optimabustsolution that provides a bound on the
minimum acceptable revenue for repair solutions.

From the sensitivity analysis, conducted previously i8.1.4, of the effects
of bid withdrawal, we can estimate the probability disttibn function, f(x),
of revenues for all possible repair solutions oy@&rS,]. Given the limitations
imposed by computational feasibility, namely that repansvide lower bounds
only, how much initial revenue should we sacrifice to find ausilsolution whose
repair revenues are at least,, v € (0, 1), given a risk averse bid-taker with a
concave utility function:()?

A necessary condition for the preference of a robust soluicer the optimal
solution is the following:

u[C Egrp(w)] = u[CE,(w)]. (3.4)

Figure 3.3 shows an example of a brittle optimal solution sudlicates the cer-
tainty equivalentC'E,(w), for this solution given the large variance of revenue
for repair solutions,; — r,4. Figure 3.4 shows a robust solution whose repair
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solutions exhibit lower variance than that of the optimal W&aRution presented
previously in Figure 3.3. In this example robust solutiohr@pair solution rev-
enues exceelS,. Note that it is possible for a repair solutioag. rz,4) to have

higher revenue than the pre-withdrawal solution. The CEHersblutions in Fig-
ures 3.3 and 3.4 are contrasted in Figure 3.5. We can seé&&@g for the robust
solution is greater than that for the optimal solution, timiglying that the former
is preferable to the lattet(C Er,(w)] = u[CE,(w)]).

The expected utility of the optimal solution can be deterdinising the von
Neumann-Morgenstern expected utility property when wenktiee distributions
of repair solution f,(z), revenues:

bo

Eo<w>=z(pm /0 : u(@) fo() ) 1—Zp01 S.),  (35)

=1
whereb, is the number of winning bidg,, is the probability of thé!” winning bid
being withdrawn and, () is the distribution of optimal repair solutions in terms
of revenue. Similarly, the expected utility of a robust i, S, is determined
as follows:

bro So bro
Epy(w) = (pri/ u(z) fry(x) ) (1- Zpr (Sr),  (3.6)

i=1 ¥So

wherefg,(x) is the distribution of repair solution revenues for the ot robust
solution. Also,bg; is the number of winning bids in the robust solution, ane

is the probability of the*” winning bid being withdrawn. The probability distrib-
ution of repair revenues may be determined empiricallygiaiMonte-Carlo style
simulation. The results from the sensitivity analysis pdevsuch information and
permit us to estimate expected revenues for user-definadvalf~, but are only
indicative in a repeated auction scenario when the itemsdierare identical. We
also require the likely number of bids in a solution and tinespective probabili-
ties of failure. Realistically, it is more likely thatis chosen as a lower bound on
acceptable revenue in the event of a withdrawal becauserepeated auctions
can be unpredictable. The optimal robust solution is thenpared against the
overall optimal (discounting possible withdrawals) imtsrof expected utility.
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The expected utility is the utility of the certainty equieat. Therisk pre-
miumis defined as the difference between the expected revenubeaicdrtainty
equivalent, from Equation 2.2. It may be impossible to aghie solution without
any risk, but a robust solutiors,z,,, offers a solution with reduced risk. A robust
solution can, therefore, offer added value to a bid-taker.

Definition 3.3.1 (Actuarially Fair Premium (AFP) payment for a robust saati
Sre.)- The difference in the certainty equivalent of the optimalson and the
certainty equivalent of z,.

Therefore, the AFP in Figure 3.5 isg,(w) — m,(w). The AFP defines the
precisevalue of a robust solutioover the optimal solution as determined by the
WDP. Note that if this premium is negative, the optimal salntis preferable to
the robust solution.

3.3.2 ILP Approaches for finding Robust Solutions

Integer linear programs are typically used to formulatewiner determination
problem [33], when a specially-tailored algorithm such asBOB [115] is un-
available. The robustness criterion, however, poses dlies for ILP formula-
tion.

Bertsimaset al.[13, 14] introduce a formulation of integer programminglpro
lems that produces robust solutions when both the cost ceefts and the data
constraints may be subject to uncertainty. When only the cosfficients are
subject to uncertainty and the problem is a 0-1 discreteropétion problem on
n variables; the procedure of solving the robust counterpgarsolvingn + 1
instances of the original problem is described [13, 14]. yTeleow that if the
original problem is polynomially solvable, the robust cterpart problem is also
polynomially solvable. Therefore, robust versions of su&t-known problems
as shortest path or bi-partite matching are polynomiallyaae when there is
uncertainty over cost coefficients or data constraints. Werderested in uncer-
tainty over decision variables rather than cost coeffisiemtdata constraints. In
particular, we deal with binary variables that effectivielge 1 as a possible value.
In an auction scenario the bid amounts are set unequivouediiist there remains
uncertainty over the ability or willingness of a bidder tdwsdly pay that amount.
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The main difficulty with the ILP approach stems from the f&etttrepair vari-
ables are provided for all submitted bids, even those bidsdh not partake in
the robust solution. There are more variables initiallyansiated than are strictly
necessary, because at mpsbids may win when there are items for sale. In
real-life combinatorial auctionsy < n, wheren is the number of bids submit-
ted, so ideally onlyO(m + n) variables should be present. It may be possible to
reformulate the WDP to attain robust solutions more effityethtan using®(n?)
variables, but earlier work on reformulation to attain rsimess is not encourag-
ing. Hebrardet al. [59] examined the reformulation of CSPs for finding super
solutions and found that it was a very inefficient means o&inlig robust solu-
tions. This does not preclude the existence of a compact niedepresent the
problem of solution robustness in the WDP. However, our $efimcan efficient
ILP model proved fruitless so we pursued a search-basedagpthat involved
node-level reparability checking. The creation of repariables dynamically
during branch and bound search, as they are required, shopidve efficiency
by performing only necessary constraint checks§ B12.2 we discuss possible
future work in the area robustness and ILPs.

A technique that is sometimes used in scheduling applicgi®the introduc-
tion of slacknesso accommodate potential delays by allotting more time ikan
strictly necessary to activities [31]. This idea could nslated into penalizing
bids likely to fail by reducing their bid amount in the calatibns accordingly.
For instance, in Example 3.2.1 we could execute a WDP wherbithemounts
are multiplied by the likelihood of the bid not being withdna, thus ignoring its
reparability. This is a simplistic and inefficient approaatsuitable for our pur-
poses. It may unnecessarily discriminate against bidstiagtbe easily repaired
by others of slightly lesser amounts. For this reason, weai@roceed with this
technique.

3.4 Summary

The popularity of first-price auctions remains unexplainederms of the Rev-
enue Equivalence Theorem. Waehetral. [128] showed that for the case of a
risk averse bid-taker and risk neutral bidders, first-paaetions are favorable to
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second-price auctions that are, in turn, preferable toiEmgluctions. Risk aver-
sion amongst bid-takers is a significant contributory factéhe choice of auction
form.

The possibility of winning-bid withdrawal represents arsfiggant risk for the
bid-taker in combinatorial auctions. Unlike the basic arcforms presented in
§ 2.1.1, an optimal repair solution may be unattainable gihenfact that items
have been assigned to other bidders. We have called thisidh@aker's expo-
sure problem Reactive approaches to repairing the solution may be infgess
given reasonable constraints on the ability of the bid+taédénvoluntarily revoke
items from winning bidders. The risk associated with irrgjpée breaks in a so-
lution must, therefore, be considered in advance of wineg¢erdhination using
a proactive approach. We, therefore, desire robust sakutivat can be repaired
to form alternative solutions with satisfactory revenueislalso important that
undue disturbance is not visited upon non-reneging winhidders.

A robust solution for a combinatorial auction that redudes\ariance of re-
pair solution revenues was suggested. Unfortunately,rfghdbbust solutions is
impractical using conventional ILP formulations that sé@knaximize expected
revenue. Other approaches including introducing slackoe8ertsimas’ robust
discrete optimization [13] are also unsuitable. In thedeihg chapter we study
a constraint programming framework that provides robukttems. We shall in-
vestigate the feasibility of applying this approach to camborial auctions.
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Chapter 4

Super Solutions for Combinatorial
Auctions

Previously we have seen how the bid-taker’'s exposure proplkesents a risk of
significant revenue losses when winning bids may be withdra# pro-active

approach is desirable whereby a robust solution is fountlish@esistant to bid
withdrawal. In this Chapter we explore the possibility ofngssuper solutions for
constraint programs to attain solution robustness for C8% [5

We present the super solutions (SSs) framework and show blwian ro-
bustness for constraint programs can be achieved [59]. & basstraint model
for CAs is described and we show how a SS can be found using thdglmThis
is the first time that a robust solution has been sought foh suctions. We
present an empirical study of the trade-off between satutidustness and other
optimization criteria using problems that illustrate thi#iclilties associated with
finding a SS. In particular, we examine the orthogonal natiohfinding a SS
that maximizes either reparability or revenue. In circuanses where no robust
solution exists it may be useful to maximize reparabilithereas revenue can be
optimized when more than one SS exists.

There are several different notions of robustness, besitese of SSs [59]
and fault tolerance [134] in CP, that can be applied to algor# or solutions.
Branching Constraint Satisfaction [47] is a technique thatiges on finding ro-
bust partial solutions to a dynamically changing problerwinich new variables
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may be added after assignments have been made. This maywssihas a form
of online algorithm for a problem that receives new inpuiafales at unspecified
times in the future. This is in contrast with super solutiongBose problem vari-
ables remain fixed. There are other CP frameworks such as Dgriaa# [37],
Fuzzy CSP [38,113], Probabilistic CSP [43], Mixed CSP [44],tS&6P [15]
and Stochastic CSP [130] that also deal with uncertainty. é¥&wy none of the
above frameworks provide robust solutions that bound coweschanges should
an assignment be invalidated.

Bent and Van Hentynryck’s online stochastic scheduling,[fpfljposes a consensus-
based stochastic approach to dealing with future unceéytaamd give packet
scheduling as an example. That work assumes that there isnocewing in-
formation and there are time constraints on the time availebdetermine what
packet should be scheduled next. Wallace and Freuder's&eS$akutions for Dy-
namic CSPs [129] examined the possibility of losing domaines and having
constraints added during search. Many temporary changesécipated and the
intention is to minimize conflicts using a hill-climbing ajmach that backtracks
during search when a change occurs. This is in contrast ter sgdutions, in
which small breaks are anticipated and guarantees aredecebwin reparability.
Yorke-Smith and Gervet [142] adopted another approachrtdlirey uncertainty,
in which they focus on uncertainty due to incomplete or ezous data. They
seek a reliable model, in which there is no uncertainty beeaill approximations
are removed. The “full closure”, or set of all possible s@ios, is then computed.
There is no concept of solution robustness following pdesibanges in this work
because the uncertainty is removed in the model to enswsarelover guaranteed
solutions.

Weighted CSP associates a cost with tuples in constraintis antbn-idempotent,
soft-constraint framework. The optimization problem igitally to minimize the
total cost of the solution. A MAC-based search [76] can be wgdithd solutions
for WCSPs. The cost function is defined as the summation of tsis ob all con-
straints. However, none of the above techniques are coedevith preempting
uncertainty so that the solution is easily reparable falhgna failure, as is the
case with super solutions [59].

Finally, in this Chapter, we critique the SSs framework argtass some of
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Figure 4.1: Robust solutions intuition.

its limitations. We propose novel extensions to circumvbese difficulties and
increase its flexibility.

4.1 Motivation and Overview

Finding a solution that optimizes expected utility is congtionally infeasible,
whereas a simple heuristic approach such as discountingrbalints for unre-
liable bidders is computationally feasible but unsatifacin terms of solution
quality. There is a tradeoff between expected utility otation and computa-
tional feasibility.

We propose a parameterization of robustness in combiaatuictions that
will facilitate a search mechanism for finding solutionstteghibit reduced vari-
ance in expected utility. Adding minimum revenue constraiisb that revenue
must exceed a certain fractiong [0, 1], of the optimal revenug, reduces the set
of possible solutions. Figure 4.1(a) shows an intuitivenegie wherey = 0.90.
The relative proximity of solutions in this diagram indieatthe ease with which
one solution can be changed to another should a failure ol¢he revenue con-
straint is further relaxed te¢ = 0.85, as in Figure 4.1(b), the cardinality of the
solution set increases. A robust solution is one from whic easy to transition
to another (repair) solution should any possible breake#&u® be invalidated.
As the number of available solutions increases in FiguréJ,. ko too does the
number of robust solutions from which to choose.
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The cost of repairing a solution is another important patamia solution
robustness. For combinatorial auctions, some items agadrawarded to other
non-reneging bidders and revocation of these items is unadds. The metric
for establishing the cost of repairing a solution is equetiportant when finding
robust solutions. Super solutions measure repair costsa@iog to the cardinality
of the repair seti,e. how many variable assignments have changed.

4.2 Super Solutions for Constraint Programs

In this section we present the SSs framework for constraiognams [52, 58,
59] and show how it can provide solution robustness for coatbrial auctions.

In constraint programming (CP) [36] , a constraint satistecproblem (CSP)

is modeled as a set of variablesX = {z;,...,z,}, a set of domaind =
{D(xy),...,D(x,)}, whereD(z;) is the set of finite possible values for variable
r;and aset = {C4,...,C,,} of constraints, each restricting the assignments of
some subset of the variablesih

Constraint satisfaction involves finding values for eachhef problem vari-
ables such that all constraints are satisfied. Its main adgas are its declarative
nature and flexibility in tackling problems with arbitraride constraints. Con-
straint optimization seeks to find a solution to a CSP thatmipgs some objective
function. A common technique for solving constraint optiation problems is to
use branch-and-bound techniques that avoid exploringreas-that are known
not to contain a better solution than the best found so far.inkial bound can
be determined by finding a solution that satisfies all comgsan C' or by using
some heuristic methods.

A classicalsuper solution(SS) is a solution to a CSP in which, if a lim-
ited number of variables lose their values, repair solstiare guaranteed with a
bounded number of changes, thus providing solution rolesst{b9]. It is a gen-
eralization of both fault tolerance in CP [134] and superniede propositional
satisfiability (SAT) [52]. In the classical SSs framework,(a, b)-super solution
guarantees that if at mogtvariables lose their assignments, a repair solution can
be found by reassigning thosevariables and at mostothers. Therefore, a SS is
a proactive approach for dealing with uncertainty that eesgolution robustness.
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Super solutions for constraint programs place an upperdouarthe number
of assignments that need to be changed when forming a regatiosn. Only
a particular set of variables in the solution may be subjeahange and these
are said to be members of theesak-set Hebrardet al. [59] have also described
possible means of restricting break and repair sets. Foraauobination of brittle
assignments in the break-setrepair-setis required that comprises the set of
variables whose values must change to provide anothei@uoluthecardinality
of the repair set is used to measure the cost of repair. Exanpll gives a simple
example of how a SS provides solution robustness for a sm#l CS

Example 4.2.1.Consider a CSP with two variables andY € {0,1}. There are
three possible solutionél, 1), (0,1) and (1,0). (1,1) is a (1,0)-super solution
because if either of the assignments breaks we are still |¢fit avsolution after
making O changes to other variables. However, solutioh®) and (0, 1) are
(1,1)-super solutions because we can always repair one Vigridlmecessary to
form another solution. A (1,0)-super solution may, thekefbe considered more
robust than a (1,1)-super solution because it causes lesggtion when forming
a repair solution. A

4.2.1 (1b)-Super Solution Search Algorithm

Super solutions are found by using a MAC-based [114] seagtritdm’ that
examines the reparability of each variable assignmentcit rade of the search
tree. MAC is a state-of-the-art hybrid search and inferexigerithm used to solve
constraint satisfaction problems. Partial solutions atereled after all previous
brittle assignments are deemed reparable. Algorithm i {&8], shows how the
MAC-based search algorithm may be implemented fdr){4uper solutions.

A repair solution,R,, is associated with each variahie This repair solution
consists of an array of assignments for all variables shaaridblez’s assignment
break. Thebacktrack procedure attempts to extend the partial assignments of
X. Thereparable procedure checks that each previous variable assignment,
in Past, can still be repaired after another variabletirhas been assigned. This

f1t is possible to reconfigure the algorithm to enforce déferlevels of consistency at nodes
of the tree. For example, forward-checking could be use@ausof MAC.
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involves extending the partial repair solutionsiy for all = € Past. If at any
stage, a partial repair solution cannot be extended witkatigfying all constraint
then backtracking occurs.

The search for a repair solutio®?,, ensures that the repair value foris
different to that assigned in the SS becaisés the alternative solution should
the assignment far break.

Backtracking may also occur if the current master search f@r@-super
solution may not be able to extend the partial solution in ameathat is consistent
with the problem constraints. Hebragtl al. [58] have shown that this algorithm
terminates, is sound and complete. They have also showeitith& P-complete
whena is fixed.

Algorithm 1: SUPER-SOLVE [58]
input : b, CSP:P={X, D, C}
output: S: a (1p)-super solution andk:the set of repair solutions
begin
S « () /I Solution
R < 0 I/ Set of repair solutions
Past < () I Ordered set of assigned variables
foreachz € X,y € X do
[ Ru[y] < min(D(y))
AC(P, S) Il Perform arc-consistency

backtrackf,S,Past,R,b,0)
end

It is also possible to impose restrictions on the break apdiresets. For
example, some assignments may not be brittle so it may noebessary to find
repair solutions for all variables. Repair set restrictioresy impose a constraint
on which variables are allowed to change. Also, alternatalae restrictions may
preclude some domain values from acting as repairs for ther

Although the search for reparable solutions is describedeaiscedure in [58],
it can in fact be implemented ageparable  global constraint using an appro-
priate filtering algorithm that counts the difference inigsments between the
SS and the relevant repair. For further details on the alyaorifor (1))-super
solutions, the reader is referred to [58].
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Procedure backtrack( P,S,Past,R,b,lvl) :Boolean [58]
begin

if X = Past thenreturn true

chooser € X'\ Past

Past[lvl] « z

foreachv € D(x) do
saveD, IR

S —SU{(z,v)}
if AC(P,S) then
foreachy € Past & brittle(y) do
if —reparable,S,Past,R,,00) then break
L if backtrack@,S,Past,R,b,lvl + 1) then return true

restoreD, R
LS =5\ (2,0)
Past[lvl] — ()

return false
end

It is possible to reformulate a CSP so that the only solutioasSSs [52, 59,
134]. Afault tolerant solution is the same as (1,0)-SS. \&agd Bliek [134] pre-
sented a simple reformulation that duplicates variablesjains and constraints.
An inequality constraint is also added between all the pabvariables and their
duplicates. The solution to the original variables (if omests) is then a (1,0)-SS.
Hebrardet al. proposed a reformulation using the cross-product of dosi&@).
However, we focus on a search-based approach because ¢§v#jgs evidence of
its superior performance over reformulation.

4.2.2 A Pedagogical Example

The search for a SS runs concurrently with searches formrephitions whereby
the search for a SS in the master tree backtracks if any oktbainrsearches are
unable to reach the same node level. Figure 4.2 providesammg of how the
search algorithm traverses a master tree while looking f86&or the auction
presented in Table 4.1, The master tree search only pregéss child node if
all previous brittle assignments can have their partiaghiregolutions extended to
the same level of the search tree.
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Table 4.1: Combinatorial auction with a (1,0)-SS.

Items
Bids A B C

BidX 100 O 0
Bidy 0 100 O
Bidz 0 0 100

BidX

BidY

Suboptimal
revenue
BidZ

Suboptimal revenue

| Master Search Tree |

Repair search for Repair search for Repair search for
BidX breaking BidY breaking BidZ breaking

Figure 4.2: Flow of control between master search tree goairreearches.
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In this simple example we shall assume that the revenuereamisstipulates
that the minimum tolerable revenue for any solution is 100er€ are three bids
and all bids are for non-overlapping sets of items. Thegsftire set of 7 possible
solutions are0, 0, 1), (0,1,0), (1,0,0), (0,1,1), (1,0,1), (1,1,0) and (1,1, 1).

It is easy to see that any solution with two or three winningshis a (1,0)-SS
because a winning-bid withdrawal is reparable without mgkiny other changes
to the solution. However, we are seeking a robust solutidh e maximum
possible revenue.

We follow the search for an optimal (1,0)-SS in the mastercteiee when
BidX is setto 1 (assignment 1). Previously a (1,0)-SS was fourid revenue
200 ({0, 1, 1)), so we have this as a lower bound on revenue for an optimaltss.
annotated arrows in Figure 4.2 indicate the chronology siimsnents. Following
a valid assignment in the master search tree, control sestéh the search for
partial repair solutions for instantiated variables. Thpair search foBid X
breaking simulates this bid being withdrawn by assignisgrépair value to 0
(assignment 1.1). This does not violate any constraintsgaoch resumes in the
master search tree. Whe®dY is set to 0, (assignment 2), the current lower
revenue bound of 200 cannot be improved upon in the subtreeisanstead
assigned to a value of 1 (assignment 3Jhe repairs forBidX and BidY are
then successfully extended to this level of the search asgidnments 3.1-3.5).
The search continues successfully urtil1, 1) is found, which constitutes an
optimal (1,0)-SS with revenue of 300. It is easy to see thatlaeak in the
optimal solution is reparable.

4.3 The Need for Super Solutions in Combinatorial
Auctions

Chapter 3 presented the bid-taker’'s exposure problem thatdsuntered when
winning bids are withdrawn in CAs. We then saw how super sohistican offer
robustness by restricting the number of required changfesoa repair solution

fWe shall explain in later chapters how lower bound on revenusubtrees is determined
efficiently.
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following a winning-bid withdrawal. The purpose of findingper solutions is
that if the solution is perturbed, another solution thasfias a minimum revenue
constraint may be found by changing a limited number of otle@ables.

We can represent bids as binary variables in our CP model. idgrimds may
be withdrawn so that all bid variables are included in theakmeet. However, only
those variables whose value is 1 can be withdrawn, so O iSdemesl a robust
value that does not fail and, therefore, does not requir@amrsolution.

A (1,b)-SS allows us to find a solution to a CA such that if any winnimngy b
is withdrawn, the solution can be repaired by making at rhagher changes to
the allocation. We can limit the maximum number of involugtaithdrawals of
items from winning bidders by the bid-taker#o

However, finding SSs can be computationally expensive [68]gure CP ap-
proach to the WDP that has an exponential search space dogsatovery well.
A hybrid approach incorporating OR techniques is requikaddrger auctions.
Section 4.4 concentrates upon a fixed size of problem (2Gsiterd 100 bids) and
shows how (1)-super solutions are achievable for tighter revenue caimgs in
auctions with fewer items in each bid. Later, we shall explibre use of opera-
tions research (OR) techniques to aid scalability, but fav mee focus upon the
trade-off between robustness and revenue.

4.4 Empirical Analysis of Winning-bid Withdrawal

We performed an empirical study of the inherent trade-off®lved in finding
robust solutions for CAs using the SSs framework. In paricule examined the
following scenarios:

1. Constraint Satisfaction: findirany(1,b)-super solutions;

2. Constraint Optimization: optimizing revenue when theeemaany SSs from
which to choose;

3. Constraint Optimization: optimizing reparability whdretproblem is un-
satisfiable. This approach seeks to maximize the numberssilple failures
that are reparable when it is not possible to guarantee bhassagnments
can be repaired.
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We used the Combinatorial Auction Test Suite (CATS) [78] toegate sample
auction problems in which there are 20 items for sale and I¥Bdominated
bids' that are represented using 100 binary CSP variables. Anythidsshare

an item areoverlappingand a constraint between those variables precludes the
success of both bids.

There are a number of ways to accelerate the search for S8minircatorial
auctions but we shall initially use a basic model to exantedgitade-offs between
robustness and other optimization criteria. For exampbdyrmmial matching
algorithms [22, 75, 99] may be used in auctions whose bidtaaorery few items,
such as those for airport landing/take-off slots. Anotkehhique is to use a linear
relaxation of the Set Packing Problem (SPP) to give an uppeandbon potential
revenue in sub-branches of the search tree. Such additectaliques, some of
which are outlined in [33, 54, 115], can aid the scalabilitp €P approach. Later,
in Chapter 6, we explore some OR techniques for reducing lsedifiart.

We performed our experiments using the EFC constraint s@®}e Twenty
instances of each problem were used to generate averades.rédle used var-
ious bid distribution types that simulate different ecommaty motivated auc-
tion scenarios. In tharbitrary distribution, complementarities may not be as
universal as geographical adjacency, with valuationsghaormally distributed
again. Bidders view the complementarity of items slightijedtiently. Recall from
§ 2.3.2 that theegions  distribution is modeled on a scenario in which items are
location dependent and complementarity is a function ofptfeimity of these
items in 2-dimensional space, such as in a spectrum or s¢aleeauctions, and
valuations are distributed normally. Teeheduling  distribution simulates an
auction for time slices on a resource in a distributed jotypsscheduling problem.
The bids for this distribution type tend to contain fewemte therefore, there
are more possible combinations of successful bids. Thieases the difficulty
of finding the optimal winner in the WDP but also increases itkedihood of be-
ing able to find a robust solution because of the increaseithbildy of repair
solutions.

fThe CATS flags included inprices with the bidalpha parameter set to 1000.
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4.4.1 Constraint Satisfaction

In these experiments we first solved the WDP optimally using EfiC-based
constraint solver. This could also have been done using Bnstilver such as
ILOG’s CPLEX. We then stipulate a minimum percentage of optimrevenue
that is acceptable and the maximum number of variables #matleange), when
repairing a SS. We then use the constraint-based solveatorstor a satisfactory
super solution. We present the success iaethe fraction of auctions that have
a (1p)-SS, in Figure 4.3.

The contours on the horizontal plane of the graphs indidagegradient of
the surface in the graph. This helps illustrate the ratesibdff in the running
time and the success rates for the different distributidhss evident from the
contours in Figure 4.3(c) that tleeheduling  distribution reaches a very high
success rate with= 1 and acceptable revenue of at least 90%, see Figure 4.3(c).
Thearbitrary (Figure 4.3(a)) andegions  (Figure 4.3(b)) distributions have
lower success rates, thus indicating that it is more diffimfind robust solutions
for these distributions.

The average running times to prove the existence/nonemast of a (1)-
super solution are give in Figure 4.4. The contours also telfustrate where
the peak running times are encountered for the varioushisivns. Itis evidently
easier to show satisfiability/unsatisfiability of {ksuper solutions foarbitrary
andregions auction instances than facheduling . When the reparability
and revenue constraints are tight,i¢ low and minimal revenue is high), it is
easy to detect the non-existence of a SS so running timesdueed. When
constraints are very loose it is also easy to find a SS. Hoyé#were is a transi-
tion area where the existence of a SS is unpredictable anditimeng times are
high. This peak in running time is most clearly visible in &g 4.4(c). The run-
ning times are not tightly correlated with This is because an increasebigan
serve to make problems trivially satisfiable or alterndyivecan make it more
difficult to prove unsatisfiability. For example, in Figuretfb) we can see that
when the revenue constraint is at its most relaxed (80% afon) increases in
b lead to reduced running times because it is easy to find SSaeWdn, when
the revenue constraint is tightened, to say 90% of optimberetare fewer satis-
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Arbitrary-npv Distribution ——

Success Rate

(a) arbitrary distribution.

Regions-npv Distribution —+—

Success Rate

(b) regions distribution.

Scheduling Distribution —+—

Success Rate

(c) scheduling  distribution.

Figure 4.3: Success rate.
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Figure 4.4: Running times.
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fiable instances (see Figure 4.3(b)) so there is more searehréquired in these
problems because the repair search visits more nodes wkencreased.

We can also estimate from Figures 4.3 and 4.4 that the hasdéstaction
problems for the various distributions occur when the ssEagate is approxi-
mately 75%.

4.4.2 Constraint Optimization

In reality, a bid-taker who seeks a robust solution desinesoptimal robust so-
lution in terms of either robustness or revenue. We may tmepl@&y a search
algorithm to find the optimal SS with the appropriate objectunction. We use
a branch and bound algorithm that finds SSs and optimizesioer eéeparability,
in the case of an over-constrained problem, or revenue, Wiega are many SSs
that satisfy the given constraints. This could also be usehanytime algorithm
that finds the best possible robust solution in a given tirmge. Our analysis
focuses on two forms of optimization:

1. Optimizing Revenue: Intended for use in an under-comstthscenario in
which there are many super solutions. We seek the supetiesoith max-
imal revenue.

2. Optimizing Reparability: Intended for use in an over-c¢oaised scenario
in which there are no super-solutions. We seek a solutianctivatains the
minimum number of irreparable variables. This is the CA altamn that
satisfies the revenue constraint and minimizes the numbpossible bid
withdrawals that cannot be repaired to satisfy this revermnstraint.

Optimizing Revenue

If there are many (&)-super solutions satisfying the revenue constraints ithien
desirable to find a revenue-maximizing SS. This is a morecdiffproblem than
simply findingany SS given a constraint on revenue, as performegdir.1.

We have developed a branch and bound algorithm that rethenggtimal
super-solution in terms of an objective function. In thiseave searched for a
SS whose revenue is maximized whilst the constraints onelenue for repair
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solutions remains unchanged. An alternative approach raap Imaximize the
minimal revenue on the SS and all repair solutions. We doxplbee this avenue
because we conjecture that the probability of non-withdtasshigher than that
of a single withdrawal. Hence, optimization of revenue & 85 is a priority over
that of optimization of repair revenues.

Figures 4.5(a), 4.5(b) and 4.5(c) show clearly that when &reni more vari-
able changes, the expected increase in revenue of the d@Bnecreases sig-
nificantly. Notice how optimization is far more computatadly expensive than
constraint satisfaction. This can clearly be seen by com@dhe running times
in Figure 4.6 with those in Figure 4.4.

We have restricted our analysis of teeheduling  distribution to revenue
greater than 90% because the high solution-density, lo@rge constraints cause
the optimization in this uncomplicated constraint modédécome very computa-
tionally expensive. As the constraint on acceptable resdourepair solutions is
tightened by raising the minimum revenue for repair sohgjon some cases this
leads to a SS of reduced optimal revenue.

Optimizing Reparability

A scenario may occur where there exists né)super solution that satisfies the
minimal revenue criterion. Instead, we may seek a solutia minimizes the
number of irreparable variables in a SS, thus compromisimigvehilst satisfying
the revenue constraint. Hebragtlal. [58] developed a ()- SUPER-BRANCH-
AND-BOUND algorithm that will find a solution with a minimal number of ir
reparable variables if no SS exists for the given value of

Previously, ir§ 4.4.1, we learned that finding robust solutions fordhatrary
andregions bid distributions was less likely. In this section we areraiang
those auctions where there is no robust solution. FiguresHoivs how many
variables in the super-solution cannot provide a repautgoi when at mosb
assignments can be changed. This illustrates the sevéiityeparability for the
various distributions. Tharbitrary distribution is the least robust distribu-
tion (Figure 4.7(a)), closely followed lggions  (Figure 4.7(b)). For example,
when the revenue constraint on an auction wittagbitrary distribution type
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Figure 4.5: Average optimal revenue of satisfiable instance
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Figure 4.6: Average time to find the SS of maximal revenue.
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Figure 4.7: Maximizing reparability for over-constraingablems.
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Figure 4.8: Maximizing reparability for over-constraingwblems (extreme case:
b=0).

Is tight > 95%) and few changes can be made to the soluthod @) then there
are typically 2-3 bids in the auction that will not provideepair solution given
those constraints on revenue andTheregions andscheduling auctions
have shorter bids and denser solution spaces so it is eadiedtsuper-solutions
that support such tight constraints.

Figure 4.8 shows the average number of irreparable vagablthe extreme
case ofb = 0, for the three auction distributions. Recall that a (1,Q)esusolu-
tion remains a valid solution if any single winning bid is adgrawn and no new
winning bids are declared. This is only possible when theeenaany winning
bids whose value is less than that of the tolerable loss ierpiat revenue. This
is a very tight constraint that is in fact unsatisfied by anyhaf sample auctions
in our test-set, (see Figure 4.3). However, we can attemimdoa solution that
minimizes the number of winning bids that do not satisfy #tosistraint, ofir-
reparablevariables. Figure 4.8 shows the increase in the minimum urob
such variables as the constraint on minimum revenue isetigg.

There are two principal factors that determine the rephnabf an auction al-
location, the number of winning bids and the number of pdes#pair solutions.
The arbitrary distribution has fewer winning bids and fewer solutionstso i
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reparability degrades rapidly. Thhegions andscheduling auctions tend to
have more available repair solutions, therefore, degragie slowly as the rev-
enue increases. Also, there is a denser solution spaced®e thistributions that
also contributes towards a slower increase in the numberegdarable variables
as the revenue constraint is tightened.

4.5 Required Extensions for Super Solutions

Whilst the SSs framework provides a valuable means for finchbgst solutions,
it is somewhat inflexible in some respects that are impot@aneal-life applica-
tions. In particular, there are some limitations in the apgh when applied to
CAs. There is an underlying assumption that when a repaitisaolis created,
the incurred cost of changing each variable’s value in tipaireset is the same
and the total cost of repair is the cardinality of the repair. sin a real-world
scenario, informing a losing bidder that they have now worealise of the with-
drawal/disqualification of a winning bid would typicallyaar a lower cost than
informing a winning bidder that they have now lost. The anatier may have to
break a contract or pay a penalty for such an action. This easebn as a disad-
vantage of the SSs framework and militates against its gepat. Computing
the cost associated with changing the losing/winning statany bid is in reality
a more complex issue that may depend on several other fa@etermining the
legality of a repair solution by measuring the cardinalityhe repair set may be
overly restrictive in many application domains, besidestians. Example 4.5.1
illustrates how SSs are an imperfect approach towards|estaig robust CA so-
lutions.

Example 4.5.1.Consider an auction whose bids comprise those listed in Table 3
on page 44, with each bid considered to be brittle. Also, letrthnimum repair
revenue be 180, sp= 132 = 0.9.

We see thatl, 1,0) is a (1,2)-SS because a single winning-bid withdrawal can
be repaired by modifying the assignment of the two other hidbkes. However,
(0,0, 1) also qualifies as a (1,2)-SS, because if the winning bid fdiéspther two

losing bids can be reassigned to winning to form a repair sotutHowever, this
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solution can be repaired to form a solution with revenue of @out revoking
any items from winning bidders. It is, therefore, easier tpaie this assignment
because changing a variable from 0 to 1 is less costly thameterse. A

In other application domains such as scheduling, the casiceged with
changing the value of a variable in a solution may dependsoateistination value.
Consider a factory scheduling problem where variables sgmternachines and
values correspond to states. The cost of changing the dtat®yanachine de-
pends on both the source and destination states.

The cost of changing a variable may also depend on the va(glhat caused
the break. For example, if a particular agent withdraws drioich an auction, the
auctioneer may favor rejection of the agents’ other sudabisgls rather than dis-
turbing an innocent third party. The cost of a repair solutshiould, therefore,
depend on the value assigned initially, the destinationevaind the break. We
argue that changing some variables in a repair solutionrsniess cost than oth-
ers, thereby motivating the introduction of a different reetor determining the
legality of repair sets. We justify this approach by usingust solutions to com-
binatorial auctions as an example application domain heéradomains may reap
benefits from these extensions.

Hebrardet al. [58] also described how some variables may fail (such as ma-
chines in a job-shop problem) and others may not. If we gdimerthis approach
so that there is a probability of failure associated withheaariable value, we can
then alter the criteria for repair solutions according te likelihood of potential
breaks. This extension to SSs is motivated by the maintenaitobust solutions
for repeated combinatorial auctions. For example, a basineay hold auctions
on aregular basis with the same or a similar set of biddetsribg act as suppliers
or customers. These trading partners may have differeald®if trustworthiness
and an expressive means of describing sets of assignmantaaly fail according
to a probabilistic scale offers the possibility of provigirepair solutions for sets
of assignments of arbitrary cardinality.
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4.6 Summary

In this chapter we applied the super solutions frameworkéoproblem of find-

ing robust solutions for combinatorial auctions. Supeusohs offer a promising
platform for finding robust solutions for such auctions tban alleviate the bid-
taker’s exposure problem. We examined the trade-off betwetition reparabil-

ity and the minimum revenue constraint and also againste reparability. Our

experimental analysis highlighted a number of interegbioigits that we shall use
to focus our development of an improved framework for solutiobustness in
subsequent chapters:

1. Robust solutions for tharbitrary andregions bid distributions are
less likely to exist than foscheduling

2. Running times peak when there is approximately a 75% chainiveding
a robust solution for any distribution;

3. An important positive result is that optimum robust siolog, can attain
high revenue;

4. The search for super solutions is computationally exgensVe shall need
to augment the CP model with OR techniques to improve scéigbil

5. The minimum number of irreparable variables, when ogingj robustness,
increases significantly for all distributions when the rawe constraint is
tightened to> 90% of optimum.

We also presented some limitations of the approach and pealgome valu-
able extensions to the framework that may improve its fléggband accuracy.
We shall proceed to extend the framework to accommodatectii@rements of
combinatorial auctions.
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Chapter 5

Weighted Super Solutions for
Constraint Programs

In this Chapter we present weighted super solutions whiadnekthe basic frame-
work in two important ways that were motivated by problemsaemtered in
Chapter 4. The objective is to develop a more expressive framkethat can
reflect the risks involved in combinatorial auctions and suea the costs of solu-
tion reparability more accurately.

In the new weighted super solutions (WSSs) framework [645#tef assign-
ments that may fail is determined using a probabilistic apph enabling us to
find repair solutions for assignments that are most likelfatio The probabilities
of variables losing their values can be described usingegtatic probabilities
or Weibull probability distribution functions over time. &\include a novel met-
ric for reasoning about the cost of repair. These two exterissprovide a very
expressive framework for finding robust solutions that descpotential failures
and repair costs in a flexible manner.

This is a versatile framework that can be applied to manyiegibn domains.
We have designed the framework in a generic manner that anodites failure
and repair characteristics beyond what is strictly neecggeacombinatorial auc-
tions. To highlight this versatility, we present a pedagagexample using the
N-queens problem where squares on a chessboard can becovadalna after
the initial allocation. We also briefly demonstrate how theS8&amework may

77



be used for job-shop scheduling problems that seek to nzeimiakespan. How-
ever, as with super solutions, this framework is designetthabsmall breaks can
be repaired with small changes. If the probabilities ofuialare high and many
changes are anticipated, it may be preferable to adoptemative approach such
as one based on Markov Decision Processes.

5.1 Introduction

Solutions argobustif a repair solution is available should some assignments be
come invalid (break). Previously in Chapter 4 we saw hosuper solutiorto a
constraint program guarantees that if the solution bresaksther solution can be
found by changing a limited number of other assignmentsq9p,

The weighted super solutions (WSSs) framework allows us uca failure
characteristics, such as those that underly metal faticprepsion and abrasion,
which exhibit various probability distribution functionéccurate failure predic-
tion facilitates contingency planning where it is neededhs repair solutions
are easily achieved should an assignment fail. This can seried in two dif-
ferent ways: usingtatic probabilities of failure ordynamicfailure rates. The
latter describes the probability of failure over time, sashin factory scheduling
problems, where machines or components have probabfkdiice rates.

Itis important that repair solutions are available for gssients that are likely
to break within a given time-frame. We incorporate a powlefaproach to mod-
eling failures, based on th&feibull distribution[95] from the field of reliability
engineering, to describe the failure rates of assignmergslutions to constraint
programs. Using this distribution we can represent manyhefrhost common
failure distributions such as normal, lognormal and exptiaé Having access to
such generality is important for reasoning about robustirea realistic manner.

It is equally important that we can model the cost of repaie Miroduce a
novel metric for repair costs. Once a break in a solution m@&ig. a machine
in a factory breaks down, the WSSs framework has a more aecaraans of
comparing the costs associated with alternative ways dimneg the solution.
Changing the values of certain variables may incur a heaweirtban others.g.
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changing the production schedule on a large productionriiag be easier than
on a smaller one.

This chapter will introduce the range of probabilistic taés that can be rep-
resented by the WSSs framework. The framework’s versatsithighlighted
through simple examples that are unrelated to auctionsdsue go illustrate its
usefulness nonetheless. It is left to the Chapter 6 to pramdie-depth study of
robustness for CAs using this framework.

5.2 Probabilistic Failure

Breaks in solutions to constraint programs may or may notbe-tiependent. For
example, a solution to a CA results in a break that is effelgtivemediate when
a bidder refuses to pay. Therefore, a constant probabilifgilore can be associ-
ated with each variable assignment. A factory schedulioglpm, however, may
exhibit failure rates over a period of time. We discuss ead®edn detail below.

Constant probabilities of failure (Static WSS). Hebrardet al. [58] described
how some values in a solution are not subject to changeyeefés agobustval-
ues. In a WSS we propose that assignments have varying degredsistness,
in order to differentiate between those that are more ofilesly to cause failure.
In this manner, repair solutions can be determined for defssignments that are
likely to fail, whilst more robust assignments may not reguany repair solution
if their probability of failure is less than some threshdRitobabilistic robustness
may be particularly useful in recurring scenarios whertohisal information per-
taining to the reliability of assignments is available.

Probabilistic rates of failure (Dynamic WSS). The failure rates of compo-
nents of mechanical/electrical or electronic devices yreally defined in terms
of probability distributions over time. In general, the phaor type of failure
distribution depends upon the component’s inherent failnechanisms.
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5.2.1 The Weibull Distribution

The Weibull distribution is commonly used in the field of addility engineer-

ing [95]. It can be used to model a variety of distributionsliding normal, log-

normal, exponential and Rayleigh, which are exhibited imagion, diffusion, fa-

tigue, abrasion and many other degradation processes [l183the most widely

used distribution in reliability engineering, thus it ise@l for simulating proba-
bilistic failure rates in WSSs, in order to determine the sétassignments that
require repairs.

The probability density function of the 2-parameter Welitdistribution is
defined as follows: )
F(t) = l(f) NN

nn

where~y andn > 0. ~ is the shape parameter of the distributionzy lis greater
than 1, the failure rate is increasingyjfis less than 1, the failure rate is decreas-
ing; v = 1 implies the failure rate is constant.is the scale parameter and is also
known as the characteristic life, wheﬁ;és defined as the time at which there is a
0.632 probability that failure will have occurred. Figufe4(a) and 5.1(b) illus-
trate how the various parameters affect the probability@mdulative probability
distributions, respectively.

(5.1)

Thecumulative distribution functio(CDF) is the probability of failure before
timet. This is relevant for the scenario in which we are interestedcalculating
which sets of assignments are likely to fail in a given timenie. The CDF for
the 2-parameter Weibull distribution is as follows:

Ft)=1—¢ " t> 0,y > 09> 0. (5.2)

We use the Weibull distribution to describe the failure sabé assignments
whose probability of failure is time-dependent. When thishability is at least
some thresholdg, at a given time,r, then it is deemed brittle and requires a
repair solution. Table 5.1 describes the meaning of themifft parameters of the
Weibull distribution.
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Figure 5.1: Weibull distributions.

5.2.2 Other Common Distributions

The Weibull distribution can be used to represent any ofalewing distributions
that are frequently used in failure analysis.

Normal. The normal (or Gaussian) distribution describes equiprfaiotre be-
havior whose failure rate increases over time. It also neosteéngths of materials
and the lifetime of consumables [95]. It is defined by the mggrand standard
deviation ¢). The mean is the expected value of the associated randoabhar
about which it is symmetric.

81



Table 5.1; Parameters of the Weibull distribution.

Mean () The mean of the distribution.

Standard De: The square root of the variance that is a measure the diepersi

viation (o) of a distribution measured by the second central momeneof th
distribution.

Scale paramer é is defined as the time at which 63.2% of the device popula-
ter (@) tion will have failed.

Shape Factor The shape of the hazard curve. When 1, the curve takes on
) an Exponential distribution. (This is the constant failuage
curve.) Whens = 2, the curve takes on a Rayleigh distribution.
(This is the linear failure rate curve.) When= 3.5, the curve
takes on a Normal distribution (approximately).

Lognormal. Lognormal distributions are encountered in metal-fatitpsting,
maintainability data (time to repair), chemical-procegsipment failures and re-
pairs, crack propagation and other processes whose timmduoefhas cumulative
contributing factors [95]. The lognormal distribution isidar to the normal dis-
tribution except that the logarithms of the values of rand@mables, rather than
the values themselves, are normally distributed.

Exponential. For some goods the failure rate remains constant over tirhis. T
means that the remaining life of a component is independetst current age and
a used component is assumed to be as good as a new compoeetrorit com-
ponents are a classic example of items that exhibit suchréadistributions for
most of their useful lives. When variables in a CSP represdirecrather than
machine states, the distribution may also be seen as tidepéndent. Such dis-
tributions have a wide range of applications in analyzirggrigiability and avail-
ability of electronic systems, various queuing networkel Blarkov chains [95].

5.3 The Cost of Repair

The SSs framework guarantees the availability of repautgmnis in cases where
up toa variables may break anfdother variables are allowed change. This ap-
proach assumes that the cost of changing all variables isah® and that the
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cardinality of the repair set is a reasonable measure obthédost of repair. We
propose a new metric for measuring the cost of repairing sigasient. This ex-
tension to the super solutions framework permits difféegion between the cost
of alternative repairs.

5.3.1 Destination and Break Dependencies

The cost of changing an assignment in a solution may havepteuttependencies.
We include the original and final assignments as well as thakbvariable(s) as
inputs to a function to determine the cost of making a singlnge. This provides
a more flexible and accurate description of the cost of ma&iranges to a solu-
tion. For example, in a job-shop scheduling problem theeskssociated with
variables may represent the various states of a machineharmast of alternative
state transitions may be different. The cost of a state itransnay, furthermore,
be influenced by the cause of the break in the solution.

The repair restrictions presented in [58] may be fully espesl using break
and destination dependent repair costs by using a valsead the cost of making
changes that are disallowed.

Definition 5.3.1(Cost of Repair) The cost of repair describes the cost associated
with changing the value of variable from v, to v, when A is the set of break
variables,C{"%), € R¢ .

If at mostk variables participate in any potential break, there(éZr¢ possible
breaks, therefore, the space complexity for storing thaireost values becomes
O(n**1d?) when represented extensionally.

5.3.2 Total Cost of Repair

The total cost of repair is computed using a functif), that combines the cost of
reassigning the individual variables that are modified tonfthe repair solution.

Typically, a summation of the repair costs is used to deteertiie overall cost of

repair. However, computing the maximum of the set of theirequssts could also

be useful, such as in situations where variables are as$sdeidgth agents and the
imposition of change upon each agent is limited.
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execution of 1st activity.

Figure 5.2: An example JSP.

The algorithm that we propose in this chapter requires fliais monotone
non-decreasing in the size of the repair set so that we camrtate the search for
a WSS when an assignment is deemed irreparabl&; Hnd R, are two repair
sets andR; C R, thenf(R;) < f(Rs). This restriction is necessary because it
allows us to cease searching for a repair solution in a branch a threshold cost,
G, has been exceeded. Otherwise, the search for repairg@wtiould require the
computation of a lower bound at each node of the search fquarrérhis search
would become prohibitively expensive without this constiran the cost function.

5.3.3 Motivating Example: Job-shop Scheduling

Consider an example of a job-shop scheduling problem (JSIhiich three jobs,
each comprising two activities, need to be scheduled. EatWitg requires a
fixed length of time on machine¥ andY. An example solution is presented
in Figure 5.2. The arrows indicate precedence constragtisden activities. If
MachineY breaks down whilst executing the first activity, there is aqueof re-
pair time followed by the execution of a modified schedulets the interrupted
activity is re-scheduled and other activities are alsocteeduled to maintain the
precedence constraints. The repair solution clearly hasgelr makespan, but
another difficulty is that two other activities, besides ¢time that was interrupted,
must be re-scheduled.
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Figure 5.3: An robust solution for JSP example.

A robust solution (see Figure 5.3) allows a repair solutié constructed
without imposing a heavy re-scheduling cost in the eventaéimmeY” breaking
down. Super solutions only allows us to reason about the puwftichanges that
are necessary when determining repair costs. In prachieesdst of rescheduling
activities may depend on the assignments that failed, amddirce and desti-
nation assignments for the changed variables. For examg@denfiguring some
activities on some machines may require higher labor cbsis others. Fixing a
machine that breaks may also consume resources so the d¢ahsdalure may
also affect costs. The WSSs framework allows us to fully espsich cost de-
pendencies. Furthermore, the WSSs framework also permits sesek repairs
for combinations of failures of arbitrary size whose prabgbof occurrence is
greater than a threshold value.

However, in this JSP example we see that we may have to saaiitmal
makespan in favor of robustness. We assume that machireerobust and no
activity is likely to fail while on this machine. We see thisipossible to delay the
start times of the final activity in machiné so that if the first activity fails on this
machine, a repair solution that reschedules only the faittidity is achievable.
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5.4 The Weighted Super Solutions Framework

The WSSs framework uses probabilistic failures to deterrtiiaesets of variables
that may break, and repair costs to accurately measureffiwilty in reassign-
ing variables to form a repair solution. We now define bsiiditic and dynamic
weighted super solutiona terms of robustness and cost of repair.

Definition 5.4.1 (Static WSS) A solution to a CSP is a static weighted super
solution, or ,3)-static WSS, if any set of variables whose probability oirthe
assignments being subsequently invalidated is at leasan be repaired by re-
assigning other values to these and other variables with airegost of at most

3.

Probabilistic failure rates can also be used to determiaes#ts of variables
that require repairs. The only difference between statitdymamic WSSs is in
the selection of assignments for which repairs are neces&amamic-WSS is
applicable when variable assignments have probabiliatiare rates over time,
such as machine states in factory scheduling. We defiamic weighted super
solutionsas follows:

Definition 5.4.2 (Dynamic WSS) A solution to a CSP is a dynamic WSS, or
(a,8,7)-dynamic WSS, if any set of variables whose probability eir thssign-
ments being subsequently invalidated is at leabefore timer, can be repaired
by reassigning other values to these and other variables avittpair cost of at
mosts.

There is one special case of problem worth mentioning, fackwthere cannot
exist a WSS. A constraint program that containsagkbone variablethat takes
the samebrittle value in all solutions [87], is necessarily irreparable thié as-
signed value of this variable is brittle then there does wst@ny robust solution
because the failure of this assignment cannot be repaired.

5.4.1 Pedagogical ExampleN-Queens

Consider the following pedagogical example of how a WSS mayigecsolution
robustness in a problem where queens must be placed on a oahdthat no
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queen is attacked by any other. In an 8-queens scenariodhereany possible
solutions, four of which are presented in Figure 5.4. Welskedume, for sim-
plicity, that these are the only possible solutions. Theairegost associated with
changing from one solution to the other may differ becausectist of changing
the assignment of any variable varies according to its maigialue. For example,
reducing a variable’s assigned value may be cheaper thesasiag it. Of course,
it is possible to stipulate that a variable cannot be chanmgedepair solution by
setting its cost of repair teo.

In this example each queen’s assignment is brittle and htdia probability
of failure of « € [0, 1). Only single breaks may occur because the likelihood of a
combination of 2 or more breaks occurringis < «. Variables represent queens,
and domain values of 1 to 8 represent the column on which teplae queen;
therefore, a queen can be placed on any square along a roneakeasolution
that will accommodate any break by finding a repair solutiod &miting the
movement of queens required to generate a repair solutieretthe repair cost
associated with changing the assignment be the differeetveelen the original
and final values. This means that the cost of moving a quegtaces along a
row ism, or more formallyCéf’_f‘Jj =|v; —v;|,Vi,j € {1,...,8},i # j.

Consider the solutions for the 8-queens problem presentéjime 5.4. The
costs of changing from one solution to another following earmay vary. For
example, given Solutiof it would cost(1+1+4+6 +5+0+ 3+ 3+ 1 = 20)
to move to SolutionX. The maximum cost required to move from any one of
the four solutions to another for any break is given in Tab®&. SolutionZ
is the cheapest to repair, by reassigning the queens to ta@esqin Solutiorl’.
However, there are three queens that occupy the same sguénese two solu-
tions, namely al, b7 and h3. Table 5.2(c) shows how many Ifedsieaks are
reparable by other solutions, thus only five assignment®lat®n 2 can be re-
paired by SolutionY”. If any of these three assignments break, the solution can
instead be repaired by Solutid# at a cost of 18. Solutio®, thus, constitutes a
(«,18)-WSS.

The total cost of repairing a solution may, alternativetygpose a maximum
change for any single variable assignment rather than adomuthe summation of
individual costs. This alternative costing is achieved éffisg the cost function,
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Figure 5.4: Four possible solutions to the 8-Queens problem

Table 5.2: 8-Queens solution transition matrices.
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f(), as described i 5.3.2, to be thenax operator. Table 5.2(b) shows the cost
of repairing solutions under this condition.

5.4.2 WSS Algorithm Description

The WSSs framework requires several modifications to theri#thgos used to
find classical SSs [58, 59], to support repair solutionsskts of break variables
of different size and repair sets afbitrary cardinality. WEIGHTED-SUPER-
SoLVvE (Algorithm 3) can be used to find both static and dynamic WSSseWh
7 is not defined, denoted, the algorithm detects that a static WSS is required
in the failure procedure and determines an assignment’s probabilityibf fa
ure using probabilitiesy, ., otherwise Weibull parametetg, ., and, ., are
used to compute the probability of failure by timeAny combination of assign-
ments whose probability of failure is at leastequires a repair. We examine all
combinations of assignments whose size is at rhipsgte largest possible break.

Algorithm 3: WEIGHTED-SUPER-SOLVE
input : o, 3, 7, RepairCostsC, CSP:P={X, D, C} Il LetT = () for
static-WSS

output: S: an (,3,7)-WSS: R: the set of repair solutions

begin
S « () /I Solution
R < 0 I/ Set of repair solutions
Past < () I/ Ordered set of assigned variables
AC(P, S) Il Perform arc-consistency

backtrackf,S,Past,R,0,,3,7,0)
end

A repair solution, Ry, is provided for every possible set of break variables
b. Thebacktrack procedure is called from WGHTED-SUPER-SOLVE and
attempts to extend the current partial assignment by chgasivariable and as-
signing it a value. Backtracking may occur for one of two ressonve cannot
extend the current partial assignment to satisfy the giwrstraints, or it cannot
be associated with a repair solution whose cost is less thaqgual tos for a
possible break.
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Procedure backtrack( P,S,Past,R,lvl,«,(,7,m) :Boolean
begin

if X = Past thenreturn true

chooser € X'\ Past

b — () /] set of break variables

Past[lvl] < z

foreachv € D(z) do
saveD, m andR

m «— max(m, failure({z},S, 7))
k < |log,, | Il Max size of any break
S — SU{(z,v)}
if AC(P,S) then
foreachb € P(Past), | b |< k, failure(h, S, 7) > a do
if —reparable®,S,Past,R,;,0,6) then break
L if backtrack@,S,Past,R,lvl + 1,a,0,7,m) then return true

restoreD, m and R
| S« S\ (z,v)
Past[lvl] < 0

return false
end

The procedureeparable  searches fopartial repair solutions using back-
tracking and attempts to extend the last repair found, jsish &1p)-super solu-
tions; the differences being that a repair is provided foetao$ break variables
rather than a single variable and the cost of repair is censdi

The procedureheck-wss-repair determines the cost of the transition to
the repair solution and verifies consistency. A summaticeraior is used to de-
termine the overall cost of repair in this case, but this magity other monotone,
non-decreasing function. Note that summation is non-@eang because all costs
are non-negative. This procedure can also include auxibegak and repair re-
strictions described in [58], if required.

Theorem 5.4.1.WEIGHTED-SUPER-SOLVE terminates and is sound and com-
plete.

Proof.
Termination: The algorithm never revisits any partial assignment orirdpaa
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Procedure reparable(  P,S,Past,Ry,lvl,3) :Boolean
begin
if lul = |S| then return true
y < Pastllvl]
for v < Ry[y| to max;,;; D(y) Il Last value in lex order
do
if y & bor S[y] # vthen Ry[y] — v
if check-wss-repaif?,S,Past,Ry,lvl,3) then
| if reparable®,S,Past,R,,lvl + 1,5) then return true

Ryly] < min(D(y))

return false
end

Procedure check-wss-repair( P,S,Past,Ry,lvl,3) : Boolean
begin
cost «<— 0
for i — 0 tolvl do
y < Past][i]
if y ¢ bandR,[y] # S[y] then
| cost — cost + C(z, S[y], Ry[y])

if cost > [3 then return false

return consistency of thfirst values inR,
end

given break set, of which there are finitely many.

Soundness:Vb € P(Past), Ry, is the first repair solution of, when taken in
lexicographical order, fab in the problem restricted tGast.

CompletenessMAC [114] is complete, therefore, no partial assignmentiste
ted before checking for reparabilityThe check for reparability starts from the
last repair found. The cost of repair function is monotoren-decreasing so no
assignment before this last repair in the search tree cartbeded to the current
variable because each prior partial assignment had a miioust of repair that
exceeded. O

We also show that finding a WSS A§P-complete in general for any fixed

fNote that it is possible to implement the algorithm using emyplete consistency propagator.
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Procedure failure( b, 5,7) : Real
begin

fail — 1.0

for z € bdo
v« S[x]
if 7 =0 then fail — fail x a(,,) /I Static WSS
elsefail « failx CDF(@(z,v)1Y(z),7) [/ Dynamic WSS

return fail

end

(andr for the case of dynamic WSSs). We define two decision probléms)-
STATIC WEIGHTED SUPERSOLUBILITY and ¢,3,7)-DYNAMIC WEIGHTED SuU-
PERSOLUBILITY as the problems of deciding whether there existsafi){static
WSS or an ,3,7)-dynamic WSS to a problem, respectively.

Lemma 5.4.1.Letm = max (U, ,)cs ¥a)), Wherea, ) is the constant proba-
bility of failure associated with the assignment of vaiu® variablex for static-
WSS and the probability of failure at timein the dynamic case. Iflog,, «| is
bounded by a constakt the number of possible breaks requiring repair solutions
is polynomial ink.

Proof. For each solutiort' there must be a repair solution for each subset
P(S), the power-set of, whose probability of failure is greater than or equal to
a, 1.e. H(w,v)ES Q(zp) > a. Butoyg,) < m, sowe can say that:

H A (z,0) < m\s|

(z,v)€Es

If s requires a repair we have
a<mt - loga <|s|-logm.

Sincelog o andlog m are both negative:

log

>|s|. . log,a>]s]|
logm

Sincellog,, | < kand|s|€Z,k>|s|.
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The size of the largest possible break needing considaradraepair is< k,
therefore, at mos(z) repair solutions are necessary, where the number of
variables. O

Theorem 5.4.2.(a,3)-STATIC WEIGHTED SUPER SOLUBILITY and (v,3,7)-
DYNAMIC WEIGHTED SUPERSOLUBILITY are "P-complete wheflog,,,,..(
is bounded by a constaht

O‘(z,'u)) O{J

Proof.

Hardness: To show they are iW’P we need a polynomial witness. This is simply
an assignment of the variables that satisfies the constriaitite problem and, for
each of theD(n*) possible breaks, the set of repair values. This is polynidioria
fixed k from Lemma 5.4.1.

CompletenessWe present a reduction from binary CSP. Duplicates of eacleval
in the domain of all variables are created. Constraints adedtb behave equiv-
alently on the duplicate (primed) values. Additional coaisits are added to en-
force that a solution can involve only either primed or doglé values. This
problem is satisfiabléf the original problem is also satisfiable. If a solution does
exist, a WSS does also because any sétwaflues may be primed to form a repair
solution. O

Whilst an upper bound on is fixed, there is no such constraint gnIf « is
unbounded, them(5)-STATIC and ¢,3,7)-DYNAMIC WEIGHTED SUPER SOL-
uBILITY are in PSPACE. Note that in Procedacktrack , we determined the
size of the largest possible break to/he

5.4.3 Optimizing Robustness

It may not always be possible to find a robust solution for givalues otr, 3 and
7. In such situations the problem constraints may be relaxesgtveral ways so
that different trade-off scenarios are considered. A Wraarad bound search can
trivially incorporate optimization over any one of thesegmaeters in the search
tree.

1. Minimizea: This effectively decreasesso that we find a WSS that repairs
as many combinations of the most brittle assignments asip@ss
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Figure 5.5: Machine failure rates.

2. Minimize 3: This places as small a bound as possible on repair costs for
any potential break.

3. Maximizer (Dynamic-WSS only): The solution is reparable for as long as
possible, thus maximizing the mean time to irreparablefail

The non-existence of a robust solution need not precludedbef the WSSs
framework and optimization of robustness may provide aalalkeialternative ap-
proach. Previously in Chapter 4, we studied optimizationobiustness for CAs
when instances were unsatisfiable.

5.5 Application: Job-shop Scheduling

We applied the WSSs framework to job-shop scheduling prob[@®Ps) to demon-
strate its versatility. JSPs consist of scheduling tasksiachines whose reliabil-
ity may be time dependent. We modeled failure probabilibkthese machines
using Weibull probability distributions and repair cosiffeted for all machines.

Each problem consisted of 3 machines and 4 jobs, each congpaisequence
of 3 activities. Each activity required each machine for eatlan chosen over a
uniform random distribution [1,5]. The objective was to edhble all activities
so that the precedence and resource constraints amonggtesctvere respected
whilst minimizing the overall makespan.
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In these experiments machingg — M3 exhibited different failure rates and
we assumed Weibull distributions withas 1.0, 1.5 and 2.0, respectively, and a
random repair period from [1,5] on each machine followingitufe. The CDF in
Figure 5.5(b) describes the likelihood of each machinénigiby timer. We let
the characteristic lifg = 100 so that each machine had a probability of failure of
0.632 by this time. We modeled the activities as variablémse domain values
represented start-times. The duration of each activionedt! us to determine the
end-time for each activity on each machine given the siaw-tWe could, there-
fore, assign a static probability of failure using the difiece in the CDF on the
relevant machine between these two times. The brittlerfesvariable (activity
on a particular machine), therefore, depended upon itgreagdivalue (start-time).
Our solver used a dynamic, minimum-degree heuristic owvewrdniables and val-
ues were chosen in lexicographical order.

We assumed that the cost of repairing a solution was macteperdient.
Given a break in a solution, the costs of changing an actonty/; — M3, were
25, 50 and 75, respectively. Rescheduling activities orehfit machines may
vary because of calibration/setup/labor costs, etc. Wenaxed the trade-off be-
tween robustness and makespan for 50 randomly generataddes. Problems
had 12 variables, with domain sizes containing approximdtg-20 values. The
last value in the domain was an upper bound on the latesttsteetrequired for
that activity. A solution was found by bounding the makesfmaan initial lower
bound. If a solution was not found, this makespan was incnéeaeby one and
the problem was resolved. This process was repeated urdiicasolution was
found.

Tables 5.3(a)-5.3(d) show how the minimal makespan, nurobeodes vis-
ited in the search tree and breaks checked for reparabdity with o and 3. It
is noticeable that the optimal makespan decreasgsrageases and is more pro-
nounced whers > 200. Wheng is low, reparability is inhibited because fewer
repair solutions can be considered, so the makespan iresidass also clear that
asa decreases there is a larger number of activities that regepair solutions
so the makespan increases as some repair solutions regfeirstart-times.

Finding a WSS can become computationally expensive whetow, increas-
ing the number of combinations of breaks needing consierator example,
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Table 5.3: Results (4x3 JSP).

(@) a=0.01 (b) a =0.02
[ B ]| mksp | nodesciooo | breaks| [ B ][ mksp [ nodesciooo [ breaks|
0 18.82 | 67,624 303,848 0 18.28 | 15,878 53,369
50 18.92 | 638,739 743,005 50 18.32 | 354,186 128,888
100 || 19.26 | 533,368 298,325 100 || 18.32 | 290,072 78,951
150 || 18.88 | 500,723 234,598 150 || 18.28 | 412,006 105,511
200 || 18.32 | 383,725 136,273 200 || 18.12 | 415,698 74,169
250 || 18.42 | 577,310 159,820 250 || 17.32 | 243,148 45,748
300 || 18.20 | 449,798 227,233 300 || 17.80 | 360,334 53,963
350 || 18.48 | 821,485 174,816 350 || 17.50 | 281,017 60,642
400 || 17.84 | 525,212 209,574 400 || 16.98 | 421,379 63,510
(¢) @ =10.03 (d) a =0.04
[ B ]| mksp | nodesciooo | breaks] [ 3 [[ mksp [ nodesiooo [ breaks]
0 18.40 | 18,915 41,493 0 16.96 | 3,748 5,329
50 17.68 | 33,864 10,959 50 16.98 | 6,005 1,159
100 || 17.80 | 175,650 40,622 100 || 17.06 | 473 163
150 || 18.24 | 182,240 38,803 150 || 17.14 | 1,517 362
200 || 17.74 | 193,117 24,728 200 || 17.08 | 10,853 1,126
250 || 18.18 | 257,233 73,544 250 || 16.84 | 3,445 639
300 || 17.68 | 290,801 52,235 300 || 16.20 | 66,100 6,260
350 || 17.70 | 370,700 44,384 350 || 15.96 | 249 33
400 || 18.16 | 318,035 59,601 400 || 15.82 | 8,158 1,123

from Tables 5.3(a)-5.3(d) we can see how the number of nodéeisearch tree
can grow exponentially. As the number of possible breaksedses, the number
of concurrent searches for separate repair solutions &skedses. The search-
effort is greatly reduced whem = 0.04 (Table 5.3(d)) because fewer assignments
require repair solutions. Whenwas increased to 0.05, only a negligible number
of assignments were deemed irreparable.

The number of nodes visited and breaks checked are notytighttelated
with 3 for the following reason. Whe# is low, searches for repair solutions may
fail quickly, whereas when it is high, the repair searcha# wore nodes but the
success rate increases thereby leading to initial sokitimore quickly. These two
effects counteract one another@sicreases.

Tables 5.3(a)-5.3(d) also show the number of breaks chefckedparability
before we extend the search tree (column breaks). Thissmonels to the num-
ber of calls made to theeparable  procedure. From these results it is clearly
important that repair solutions are not sought for assignsthat are robust in
order to minimize the computational burden. This is why jatabstic failures
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in the WSSs framework are critical in subtly differentiatingtween assignments
that are brittle and those that are robust.

5.6 Summary

The weighted super solutions (WSS) framework extends thesiclal super solu-
tions framework [59] in two important ways: firstly, it can ohel the most likely
causes of failure in a solution and secondly, it can reasontahe costs of alter-
native repair solutions.

The framework provides an expressive means of establisbimgst solutions
when variable assignments are invalidated for some reashis. framework is
both versatile and practical in many application domainshsas scheduling [64],
where reasoning about uncertainty and the cost of repaipsitant. We demon-
strated its applicability for job-shop scheduling probtenirhe purpose of de-
veloping this new framework was to accommodate uncertamtombinatorial
auctions more flexibly and facilitate a more expressive rmedmmeasuring the
cost of repairing solutions. The WSSs framework is powenhaugh to cater for
such an auction mechanism as we shall show in the followiagten.

The following chapter will provide an in-depth analysis ofigion robustness
for combinatorial auctions and examine the benefits/oppdrés it can provide
for the bid-taker. We shall utilize the extensions devetbjpethe WSSs frame-
work to full effect by developing an auction mechanism thatances reparabil-
ity using probabilistic bid withdrawals and bid-dependesgair costs to facilitate
backtracking upon assignments of items. We also descritve smcillary, yet
highly significant, features of robust solutions generdgthe WSSs framework
that provide added value to bid-takers.

97



Chapter 6

Weighted Super Solutions for
Combinatorial Auctions

Thus far, we have studied the bid-taker's exposure problechdemonstrated
the significance of the problem caused by winning-bid widlnel. We explored
achieving solution robustness using the SSs framework asdritbed its short-
comings in terms of its application to combinatorial auetioWe then proposed
a probabilistic framework with a more flexible means of deti@ing reparability
requirements and a metric for expressing repair costs mexély. The WSSs
framework was the culmination of these extensions to theswal SSs frame-
work and we shall now demonstrate the clear advantages g tisis approach
for finding robust solutions for CAs.

Firstly, we apply the WSSs framework to combinatorial autdiand demon-
strate its usefulness in different economically motivagetiings. We also propose
an auction model that enhances reparability by introdusiagdatorymutual bid
bonds that may be seen as a form of leveled commitment contra6ét 1i7]. We
present an extensive empirical evaluation of the approeesepted in this chapter
with very encouraging results.
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6.1 Combinatorial Auctions and the WSSs Frame-
work

In the following section we describe how the WSSs frameworklmaapplied to
combinatorial auctions. We also provide an in-depth exanbplshow how the
search for a robust solution to a CA is conducted. Definitidnl6outlines more
precisely the requirements for a robust solution in the extraf a WSS.

Definition 6.1.1(Robust Solution for a CA)A robust solution for a combinatorial
auction is one where any subset of successful bids whose plibbabwithdrawal

Is at leasta can be repaired by reassigning items at a cost of at nvast other
previously losing bids, in order to form a repair solution vélearevenue is at least
a fraction,~, of optimal revenue.

We also define a restricted form of robust solution that cahstand a single
bid withdrawal only.

Definition 6.1.2 (1-robust Solution for a CA)A 1-robust solution for a combi-
natorial auction is one where arsinglebid whose probability of withdrawal is
at leasta can be repaired by reassigning items at a cost of at nibgi other
previously losing bids, in order to form a repair solution vélearevenue is at least
a fraction,~, of optimal revenue.

6.1.1 Probabilistic Failure

The choice of failure model is relatively straightforwand CAs. We are assum-
ing an expedient transaction process whereby payment iedmate following an
auction and the time lapse is negligible between the anresuant of the solution
and the break in the solution. The probabilities of failure, @herefore, time-
independent so a static-WSS approach (Definition 5.4.1)psogpiate for CAs.
A dynamic-WSS is applicable for cases in which assignmenis Failure rates
over time. Recall that, in the case where the transactionegeois not quickly
completed and bid withdrawals are time-dependent, theevathe items to bid-
ders may change by the time of the withdrawal. For this regssmnreasonable
to assume that the losing bids still stand, and another@uotay be necessary.
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There is a probability of failure associated with each wmgnibid and sets of
winning bids whose probability of failure is greater thanegual to a threshold
value,q«, require repair solutions.

6.1.2 Repair Costs for Combinatorial Auctions

The WSSs framework considers thestof repair required, rather than simply
the number of assignments modified, to form an alternatiatisn. For CAs
this may be a measure of the compensation penalties paichtungi bidders to
break existing agreements. WSSs offer a means of expressiitt) wariable’s
re-assignments incur a heavy cost and those that are algiegdemented [64].
For example, consider an auction with rules which stipuladt a reneging bidder
may have items from other non-withdrawn winning bids diddjea. A WSS
could model this situation by setting the repair cost formimg bids by a reneging
bidder to be zero, thus facilitating withdrawal of bids fram unreliable bidder at
no extra charge.

It may be desirable to reassign items to different biddersrder to find a
repair solution of satisfactory revenue. Compensation nae lio be paid to
bidders who lose items during the formation of a repair sotutThe repair cost
of a bid reflects the cost of changing its state. For winnimlg tiis may reflect the
necessary compensation penalty for the bid-taker to breakgreement (if such
breaches are permitted), whereas for previously losingthid is a free operation.
The total amount of compensation payable to bidders maymdeppon other
factors, such as the cause of the break. There is a limit torhogh these overall
repair costs should be, and this is given by the valu€elhis value may not be
known in advance and may depend upon the break. Theregforay be viewed
as the fund used to compensate winning bidders for the eralavithdrawal of
their bids by the bid-taker.

For example, a (0.1,100)-WSS allows any set of bids whoseapitity of
withdrawal is at least 0.1 to be repaired with changes to tiggnal robust solution
at a cost of at most 100. This cost stems from compensatiomeig that need
to be paid to bidders that were declared as winners but has tiems revoked
when the items were reallocated in a repair solution follma bid withdrawal
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by another party.

6.1.3 WSS Search for Combinatorial Auctions

The depth-first search for a WSS (see Algorithm 3) maintaiosansistency [114]
at each node of the tree. Recall that as search progressespé#rability of each
previous assignment is verified at each node by extendingialpapair solution
to the same depth as the current partial solution. This malgdieght of as main-
taining concurrent search trees for repairs. A repair swius provided for every
possible set of winning-bid withdrawals.

The WEIGHTED-SUPER-SOLVE algorithm attempts to extend the current par-
tial assignment by choosing a variable and assigning it aevaFor CAs with
binary variables representing bids, 1 signifies a winnirgdnid 0 signifies losing.
Clearly, repair solutions are only required for winning b&ts repairs are only
sought for winning bids.

Backtracking may occur for one of two reasons. Firstly, trembh and bound
search cannot extend the assignment to attain a solutiorsatiafies the lower
bound on revenue. Alternatively, the current partial assignt cannot be associ-
ated with a repair solution whose cost of repair is less thahould a break occur.
We now step through an example of finding a WSS for a CA to illistn@w the
algorithm works.

Example 6.1.1.We shall step through the example given in Table 3.1 (page 44)
when searching for a WSS. Each bid is represented by a singkblawith do-
main values of O and 1, the former representing bid-failunel éhe latter bid-
success. The probability of failure of the variables is 0.wkhey are assigned
to 1 and 0.0 otherwise. The problem is initially solved usindlaP solver such
aslp_solve [11] or CPLEX[66], and the optimal revenue is found to be 200.
A fixed percentage of this revenue can be used as a threshiold foa a robust
solution and its repairs. The bid-taker wishes to have a rblsotution so that

if a single winning bid is withdrawn, a repair solution can be rfeed without
withdrawing items from any other winning bidder. This exampds lme seen as
searching for a (0.1,0)-weighted super solutions 0 because no funds are avail-
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Figure 6.1: Search tree for a WSS without item withdrawal.

able to compensate the withdrawal of items from winning biddéne bid-taker
is willing to compromise on revenue, but only by 5%, say, obftenal value.

Bids 1 and 3 cannot both succeed, since they both require iteso a con-
straint is added precluding the assignment in which bothalags take the value
1. Similarly, bids 2 and 3 cannot both win so another constréradded be-
tween these two variables. Therefore, in this example thef €e8B variables is
V = {z1,x9, 23}, whose domains are &fl, 1}. The constraints are; + z3 < 1,
To+x3 <1 andzxiev v;x; > 190, wherev, reflects the relevant bid-amounts for
the respective bid variables. In order to find a robust salntof optimal revenue
we seek to maximize the sum of these amomﬁs,zziev Vi

When all variables are set to 0 (see Figure 6.1(a) branchtdy is not a so-
lution because the minimum revenue of 190 has not been meg 8y assigning
bid 3 to 1 (branch 4). This is a valid solution but this variab$ brittle because
there is a 10% chance that this bid may be withdrawn (see Tal)e Bherefore,
we need to determine if a repair can be formed should it bredle Search for

a repair begins at the first node, see Figure 6.1(b). Notice #adue 1 has been
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removed from bid 3 because this search tree is simulatingvittelrawal of this
bid. When bid 1 is set to 0 (branch 4.1), the maximum revenlué@oin the re-
maining subtree has revenue of only 100, therefore, seardiscontinued at that
node of the tree. Bid 1 and bid 2 are both assigned to 1 (brasidh2 and 4.4)
and the total cost of both these changes is still 0 becaus®@mpensation needs
to be paid for bids that change from losing to winning. With Bicdlow losing
(branch 4.5), this gives a repair solution of 200. Heree0, 1) is reparable and,
therefore, a WSS. We continue our search in Figure 6.1(a) henvbecause we
are seeking a robust solution aptimalrevenue.

When bid 1 is assigned to 1 (branch 6) we seek a partial repathfe variable
breaking (branch 5 is not considered since it offers insigifitrevenue). The
repair search sets bid 1 to 0 in a separate search tree, (notvsf), and control
is returned to the search for a WSS. Bid 2 is set to 0 (brancbut)this solution
would not produce sufficient revenue so bid 2 is then set todnbr 8). We then
attempt to extend the repair for bid 1 (not shown). This fa@sduse the repair for
bid 1 cannot assign bid 2 to 0 because the cost of repairing sucassignment
would beco, given that the auction rules do not permit the withdrawal efns
from winning bids. A repair for bid 1 breaking is, therefor@tpossible because
items have already been awarded to bid 2. A repair solution kidl2 assigned to
1 does not produce sufficient revenue when bid 1 is assignedrioedinability to
withdraw items from winning bids implies théit, 1, 0) is an irreparable solution
when the minimum tolerable revenue is greater than 100. Bfieited comments
and dashed line in Figure 6.1(a) illustrate the search pathd WSS if both of
these bids were deemed reparable. A

§ 6.2 introduces an alternative auction model that allowsbidetaker to re-
ceive compensation for breaks and, in turn, use this paytoampensate other
bidders for withdrawal of items from winning bids. This wdhable the reallo-
cation of items and permit the establishmentfl, 0) as a second WSS for this
example.
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6.2 Mutual Bid Bonds: A Backtracking Mechanism

Some auction solutions are inherently brittle and it may rhpassible to find
a robust solution. If we can alter the rules of an auction st the bid-taker
can retract items from winning bidders, then the repargoli solutions to such
auctions may be improved. In this section we propose ana@uctiodel that
permits bid and item withdrawal by the bidders and bid-tatespectively.

6.2.1 Proposed Model and Justification

We propose a model that incorporatestual bid bonds$o enable solution repara-
bility for the bid-taker, a form of insurance against the men's curse for the bid-
der whilst also compensating bidders in the case of itemdsatival from winning
bids. Motivated by work on leveled commitment contracts/[Jl ve propose that
such ‘winner’s curse and bid-taker’s exposti@surance comprise a fixed per-
centagex € (0, 100], of the bid amount for all bids. Money is held in escrow so
that the bid-taker may be compensated for any withdrawaks liigder, and like-
wise, winning bidders may be compensated for item revoedtjothe bid-taker.

Such mutual bid bonds are mandatory for each bid in our mod&ke condi-
tions attached to the bid bonds are that the bid-taker bevadldo annul winning
bids (item withdrawal) when repairing breaks elsewherehi golution. In the
interests of fairness, compensation is paid to bidders fim items are with-
drawn and is equivalent to the penalty that would have bepos@&d on the bidder
should he have withdrawn the bid.

Combinatorial auctions impose a heavy computational buattethe bidder
so it is important that the hedging of risk should be a simplétaansparent oper-
ation for the bidder so as not to further increase this butsierecessarily. We also
contend that it is imperative that the bidder knows the pigakpenalty for with-
drawal in advance of bid submission. This information iseesisl for bidders
when determining how aggressive they should be in theiribgldtrategy. Bid

fMaking the insurance optional may be beneficial in some itgts. If a bidder does not agree
to the insurance, it may be inferred that he may have acdum@étermined the valuation for the
items and, therefore, less likely to fall victim to the wimisecurse. The probability of such a bid
being withdrawn may be less, so a repair solution may be déemeecessary for this bid. On the
other hand, it decreases the reparability of solutions.
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bonds are commonplace in procurement for constructiorept®j Usually they
are mandatory for all bids, are a fixed percentageyf the bid amount and are
unidirectional in that item withdrawal by the bid-taker istrpermitted. Mutual
bid bonds may be seen as a form of leveled commitment contractich both
parties may break the contract for the same fixed penaltyh Sotracts permit
unilateral decommitment for pre-specified penalties. 8alndet al. showed that
this can increase the expected payoffs of all parties anbdlenadeals that would
be impossible under full commitment [116, 118, 120].

In practice a bid bond typically ranges between 5 and 20%ebithamount [67,
98]. If the decommitment penalties are the same for bothgzart all bids s does
not influence the reparability of a given set of bids. It mgrmefluences the levels
of penalties and compensation transacted by agents. Lavevalfx incur low
winning-bid withdrawal penalties and simulate a dictabhid-taker who does
not adequately compensate bidders for item withdrawal. eAsgbn and Sand-
holm [3] found that myopic agents reach a higher social weltpuicker if they
act selfishly rather than cooperatively when penaltiesvalézl commitment con-
tracts are low. Increased levels of bid withdrawal are likehen the penalties are
low also.

High values ofx tend towards full-commitment and reduce the advantages of
such “winner’s curse & bid-taker’'s exposure” insurance e Penalties paid are
used to fund a reassignment of items to form a repair solatisnfficient revenue
by compensating previously successful bidders for witvditaf the items from
them.

6.2.2 Example with backtracking

We shall now step through the previous example assuminghbeg are mutual
bid bond agreements between all bidders and the bid-taker.

Example 6.2.1.Consider the example given in Table 3.1 (page 44) once more,
where the bids also comprise a mutual bid bond of 5% of the biduarm If
a bid is withdrawn, the bidder forfeits this amount and the taikler can then
compensate winning bidders whose items are withdrawn when ttgifgrm a
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Figure 6.2: Repair search tree for breaks 1 and2,0.05.

repair solution later. The search for repair solutions faebks to bid 1 and bid 2
appear in Figures 6.2(a) and 6.2(b), respectively

When bid 1 breaks, there is a compensation penalty paid thithtaker equal
to 5 that can be used to fund a reassignment of the items. \&fkefone, set
G to 5 and this becomes the maximum expenditure allowed to &ithdems
from winning bidders.G may also be viewed as the size of the fund available to
facilitate backtracking by the bid-taker. When we extendptiréial repair for bid
1 so that bid 2 loses an item (branch 8.1), the overall cosephir increases to
5, due to this item withdrawal by the bid-taker, and is just witthie limit given
by 5. In Figure 6.1(a) the search path follows the dashed line agtd bid 3 to
be 0 (branch 9). The repair solutions for bids 1 and 2 can berekd further by
assigning bid 3 to 1 (branches 9.2 and 9.4). Thereftrel, 0) may be considered

fThe actual implementation of WGHTED-SUPER-SOLVE checks previous solutions to see
if they can repair breaks before searching for a new repéitisn. (0,0, 1) is a solution that
has already been found so the search for a repair in this dgampot strictly necessary but is
described for pedagogical reasons.
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a robust solution. Recall, that previously this was not theeca A

Using mutual bid bonds thus increases reparability andvall® robust solu-
tion of revenue 200 as opposed to 190, as was previously Hee ca

6.3 Experiments

We have used the Combinatorial Auction Test Suite (CATS) [@8janerate sam-
ple auction data. We generated 100 instances of problemgichwhere are 20
items for sale and 100-2000 bids that may be dominated in sustences Such
dominated bids can participate in repair solutions alttotngy do not feature in
optimal solutions. CATS uses economically motivated biddyatterns to gener-
ate auction data in various scenarios. We use sensitivalysis to examine the
brittleness of optimal solutions and hence determine tpegyof auctions most
likely to benefit from a robust solution. We then establishust solutions for
CAs using the WSSs framework.

6.3.1 Sensitivity Analysis for the WDP

We previously used sensitivity analysis ($e&.1.4) to determine the effects of a
single winning-bid withdrawal on optimal solutions to coimdtorial auctions.
The following four distributions were examined: airporkéaoff/landing slots
(matching ), electronic componentsakbitrary ), property/spectrum-rights
(regions ) and transportationp@ths ). This analysis proved that the “bid-
taker’'s exposure problem” poses a significant danger toavekse auctioneers.
The sensitivity of optimal solutions may also be used as allvesagainst which
robust solutions may be measured. If the expected utilithefoptimal solution
is greater than that of the optimal WSS, then the optimal ewiuhay be selected
as the winner. These results are repeated here in Figurereedge of comparison
with the WSS results.
In this chapter we focus upon thegions  (Figure 6.3(c)) andrbitrary

(Figure 6.3(d)) distributions because the sensitivitylygsia indicated that these

fThe CATS flags included inprices with the bidalpha parameter set to 1000.
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Figure 6.3: Sensitivity of bid distributions to single wing-bid withdrawal.

types of auctions produce optimal solutions that tend to bsttorittle and, there-
fore, stand to benefit most from solution robustness. Wergytite auctions with
2000 bids because the sensitivity analysis has indicat&dtiiese auctions are
inherently robust with a very low average drop in revenuéfaihg a winning-
bid withdrawal. They would also be very computationally emgpive, given the
extra complexity of finding robust solutions. The searchr@iust solutions ex-
hibits decreasing relative returns for increased seardntefs the auction size
increases. Robust solutions are, therefore, more appdi¢atsimaller auctions.

6.3.2 Hybrid CP Model for Combinatorial Auctions

A pure CP approach needs to be augmented with global cortstthat incorpo-
rate operations research techniques to increase prunifigjenutly so that thou-
sands of bids may be examined. Global constraints expleitiappurpose fil-
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tering algorithms to improve performance [107]. There areimber of ways to
speed up the search for a WSS in a CA, although this is not thefioais of our
work. Polynomial matching algorithms may be used in austwhose bid length
Is short, such as those for airport landing/take-off slotseikample. The integer
programming formulation of the WDP stipulates that a bidegitbses or wins. If
we relax this constraint so that bids can partially win, tagresponds to the linear
relaxation of the problem and is solvable in polynomial tirAeeach node of the
search tree we can quickly solve the linear relaxation ofrémeaining problem
in the subtree below the current node to establish an upperdoon remaining
revenue. If this upper bound plus revenue in the parent &réess than the cur-
rent lower bound on revenue, search at that node can ceasdcdittinuous) LP
relaxation thus provides a vital speed-up in the search foS8y#hich we have
exploited in our implementation. The LP formulation is ades:

max E VL5

z €V
s.t. Z z; <1, Vie{l...m}, z; >0, z; €eR.
jlies;
Additional techniques, that are outlined in [115], can d&id scalability of a CP
approach but our main aim in these experiments is to exarhmeobustness of
various auction distributions and consider the tradeoffvben robustness and
revenue. The WSS solver we have developed is an extensioa 88Isolver pre-
sented in [58, 59]. This solver is, in turn, based upon the Editstraint solver [9].

The dual of the LP formulation allows us to establgtadow price®n items
that give an upper bound on the price of each item. We havenmglemented
such pruning using dual solutions, however. We found theh ®fficiency im-
provements were not necessary to find WSSs of optimal revemaeittions with
1000 bids. The dual problem is:

m
min g Y
i=1
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s.t Zyi >p;, Vje{l...n}y; >0, y; € R
i€S;

Other techniques such as the use of cutting planes [92, 14¢]fanther reduce
search times. These are constraints that do not affect theasoof the integer
program but do constrain the LP polytope. The extent to whidis, if any, are
worth adding requires experimentation. It depends not onlyghe problem, but
also on the specific instance at hand. The more cuts that seeead, the fewer
nodes required in the search takes due to enhanced uppetibguiiowever, a
trade-off occurs because more time is spent at each noden,Aga found that
the LP relaxation was sufficient for our needs so we did notirecthe use of
cutting planes.

Combinatorial auctions are easily modeled as a constratithization prob-
lems. We have chosen the branch-on-bids formulation bedaussts it worked
faster than a branch-on-items formulation for grditrary andregions
distributions. All variables are binary and our search na@t$m uses a reverse-
lexicographic, value ordering heuristic. This complersemir dynamic variable
ordering heuristic that selects the most promising unassigariable as the next
one in the search tree. We use the product of the solutioredffhrelaxation and
the degree of a variable to determine the likelihood of itdipi@ation in a robust
solution. High values in the LP solution are a strong indarabf variables most
likely to form a high revenue solution whilst a variable’gydee reflects the num-
ber of other bids that overlap in terms of desired items. Batldedfrge numbers of
items tend to be more robust, which is why we weight our robakition search
in this manner. We found this heuristic to be slightly moreetive than the LP
solution alone. As the number of bids in the auction increglsewever, there is
an increase in the inherent robustness of solutions so tireelef a variable loses
significance as the auction size increases.

6.3.3 Results

Our experiments simulate three different levels of solutieparability tightness.
The first is that no winning bids are withdrawn by the bid-ta&ed a repair so-
lution must return a revenue of at least 90% of the optimataii/eolution. Sec-
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ondly, we relaxed the revenue constraint to 85% of optimuhardly, we allowed
backtracking by the bid-taker on winning bids using mutudltonds but main-
taining the revenue constraint at 90% of optimum. Wexldte any percentage
(greater than 0) to enable backtracking. Note that the valuedoes not affect
solution reparability because penalties by withdrawindders are directly pro-
portional to compensatory payments made by the bid-taketeim revocation.
Prior to finding a robust solution we solved the WDP optimalsing the
Ip_solve ILP solver [11]. We then set the minimum tolerable revenueafo
solution to be 90% (then 85%) of the revenue of this optimaltsm. We as-
sumed that all bids were brittle, thus a repair solution ggned for every bid in
the solution. Initially, we assumed that no backtracking warmitted on assign-
ments of items to other winning bids given a withdrawal elsexe in the solution.

Optimal Solutions that are Inherently Robust

Table 6.1 shows the percentage of optimal solutions thatodmgst for minimum
revenue constraints for repair solutions of 90% and 85% tifra revenue. Re-
laxing the revenue constraint on repair solutions to 85%hefdptimum revenue
greatly increases the number of optimal solutions that @lbest. We also con-
ducted experiments on the same auctions in which backitrgdky the bid-taker
is permitted using mutual bid bonds. This significantly ioy@s the reparability
of optimal solutions whilst still maintaining repair salms whose revenue is at
least 90% of optimum. An interesting feature of tmbitrary distribution is
that optimal solutions can become more brittle as the nurabbrids increases.
The reason for this is that optimal solutions for larger eung have more winning
bids. Some of the optimal solutions for the smallest austiwith 100 bids have
only one winning bidder. If this bid is withdrawn it is usuakasy to find a new
repair solution within 90% of the previous optimal revenAso, repair solutions
for bids that contain a small number of items may be made diffiay the fact
that a reduced number of bids cover only a subset of thosesité&rmmitigating
factor is that such bids form a smaller percentage of thenwey®f the optimal
solution on average.

We also implemented a rule stipulating that any losing bidsifa withdraw-
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Table 6.1: Optimal solutions that are inherently robust.(%)

#Bids
Min Revenue 100 250 500 1000 2000
arbitrary
repair> 90% 21 5 3 37 93
repair> 85% 26 15 40 87 100
MBB &repair>90% 41 35 60 94 >093
regions
repair> 90% 30 33 61 91 98
repair> 85% 50 71 95 100 100

MBB & repair>90% 60 78 96 99 >098

ing bidder cannot participate in a repair solution. Thisa a disincentive for
strategic withdrawal and was also used previously in theigeity analysis.

Occurrence of Robust Solutions

In some auctions, a robust solution may not exist. Table Bovs the percent-
age of auctions that support robust solutions foraHsgtrary andregions
distributions. It is clear that finding robust solutions the former distribution is
particularly difficult for auctions with 250 and 500 bids wheevenue constraints
are 90% of optimum. This difficulty was previously alludedhyp the low per-
centage of optimal solutions that were robust for thesei@ugxt Relaxing the
revenue constraint helps increase the percentage of asdtiovhich robust solu-
tions are achievable to 88% and 94%, respectively. Thisongs the reparability
of all solutions thereby increasing the average revenubebptimal robust so-
lution. It is somewhat counter-intuitive to expect a reduttin reparability of
auction solutions as the number of bids increases becaase titnds to be an
increased number of solutions above a revenue thresholdger auctions. The
MBB auction model performs very well however, and ensures riblaust solu-
tions are achievable for such inherently brittle auctionheut sacrificing over
10% of optimal revenue to achieve repair solutions.
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Table 6.2: Occurrence of robust solutions (%).

#Bids
Min Revenue 100 250 500 1000
arbitrary
repair> 90% 58 39 51 98
repair> 85% 86 88 94 99
MBB & repair>90% 78 86 98 100
regions
repair> 90% 61 70 97 100
repair> 85% 89 99 99 100

MBB & repair>90% 83 96 100 100

Revenue of Robust Solutions

Figure 6.4 shows the average revenue of the optimal robligieoas a percent-
age of the overall optimum. Repair solutions found for a WSSidma lower
bound on possible revenue following a winning-bid withdaavote that in some
instances it is possible for a repair solution to have higéeznue than the original
solution. When backtracking on winning bids by the bid-taketisallowed, this
can only happen when the repair solution includes two or rhaethat were not
in the original. Otherwise the repair bids would particgat the optimal robust
solution in place of the bid that was withdrawn. A WSS guarasitminimum
levels of revenue for repair solutions but this is not to dagt repair solutions
cannot be improved upon. It is possible to use an incrematgatithm to deter-
mine an optimal repair solution following a break, whilstesan the knowledge
that in advance of any possible bid withdrawal we can esthldilower bound
on the revenue of a repair. Kastredral. have provided such an incremental ILP
formulation [70]. The reader is referred§¢.1.1 for further detalils.

Mutual bid bonds facilitate backtracking by the bid-takeradready assigned
items. This improves the reparability of all possible sioin$ thus increasing the
revenue of the optimal robust solution on average. FiguteslBows the increase
in revenue of robust solutions in such instances. The r@asofirepair solutions
are bounded by at least 90% of the optimum in our experiméregsgby, allowing
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Figure 6.4: Revenue of optimal robust solutions.
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Table 6.3: Number of winning bids.

#Bids
Solution 100 250 500 1000 2000
arbitrary
Optimal 3.31 560 7.17 9.31 10.63

Repair>90% 1.40 2.18 6.10 9.03 (= 10.63)
Repair> 85% 1.65 3.81 6.78 9.31 (10.63)
MBB (> 90%) 2.33 5.49 7.33 9.34 (=10.63)
regions
Optimal 434 7.05 9.10 10.67 12.76
Repair> 90% 3.03 5.76 8.67 10.63 (= 12.76)
Repair> 8% 3.45 6.75 9.07 (10.67) (12.76)
MBB (> 90%) 3.90 6.86 9.10 10.68 (= 12.76)

a direct comparison with robust solutions already founai@i$he same revenue
constraint but not providing for backtracking. It is immaidily obvious that such
a mechanism can significantly increase revenue whilstragiihtaining solution

robustness.

Solution Characteristics

Table 6.3 shows the number of winning bids participatingptiraal and optimal
robust solutions given the three different constraintsspairing solutions listed at
the beginning of this section. As the number of bids increas®re of the optimal
overall solutions are robust. This leads to a convergentteinumber of winning
bids. The numbers in brackets are derived from the serigiavialysis of optimal
solutions that reveals the fact that almost all optimal sohs for auctions of
2000 bids are robust. We can, therefore, infer that the geemamber of winning
bids in revenue-maximizing robust solutions convergesitdathat of the optimal
overall solutions.

A notable side-effect of robust solutions is that fewer Ipdsticipate in the
solutions. It can be clearly seen from Table 6.3 that wheemeg constraints
on repair solutions are tight, there are fewer winning brd¢he optimal robust
solution on average. This is particularly pronounced foaken auctions in both

115



distributions. Although MBBs aid solution reparability, thember of bids in the
solutions increases on average. This is to be expected $eaareater fraction of
these solutions are in fact optimal, as we saw in Table 6 WeFeinning bidders
leads to benefits for the bid-taker such as reduced overleddsling with fewer
suppliers. In procurement scenarios, by decreasing thelysbpse, a company
can also leverage its spend with fewer suppliers to attditeteverall prices. A
smaller number of winning bidders also facilitates impvelationship man-
agement with key suppliers [24, 124]. Giuniperbal. [53] state the following,
“Being truly agile and adaptable means that we need fewer sigpliThe key
Is to select the right ones. Globally, we must reduce the nuwibelationships
to managé. Robust solutions, therefore, provide a significant benefterms of
improved relationship management as well as risk managemen

In the case where no robust solutions are found, it is passdloptimize
reparability, instead of revenue, by finding a solution oleaist a given revenue
that minimizes the probability of an irreparable break. His tmanner thdeast
brittle solution of adequate revenue may be chosen, as descriljed4ts.

6.4 Risk Management

Following determination of a robust solution, a comparisbithe utility of the
optimal solution and the WSS is possible using the von Neurhdmigenstern
expected utility property [127], as presented iB.4. The risk attitude of the bid-
taker is instrumental in determining the chosen soluti@t thaximizes expected
revenue. Should the WSS be preferablé&jpthe optimal solution to the WDP, it
Is also possible to ascertain a value that reflects the preraibid-taker is willing
to pay to secure a robust solution in place of the optimal one.

6.4.1 Utility Comparison

A risk averse bid-taker has a concave utility function. Baraple, this function,

u(), may take the form of.(w) = w!'~¢ wheree € [0,1). A risk neutral bid-taker

Is represented witlh = 0 and low values ot signify a modest degree of risk
aversion. Ax — 1 the bid-taker becomes more risk averse and, therefore, more
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likely to prefer a WSS over a brittle optimal solution. Exampl4.1 demonstrates
the choice facing a bid-taker after finding a WSS and perfognairsensitivity
analysis on that solution so that it can be compared agdiasbptimal solution
and the expected utility can be maximized.

Example 6.4.1.Consider an optimal solution generating a revenue of 1000 and
repair solutions of revenué¢700, 800,900}, denoted(1000, {700, 800,900}). A
WSS has also been found for single bid withdrawgds), {940}), and the bid-
taker must choose between the two solutions. We let the Bémiilitly function

of the bid-taker be:(w) = (w'~¢), wheree € [0, 1),and the independent prob-
ability of each single winning-bid withdrawal is 0.05. Rec&lat we bound the
number of possible withdrawals so that there is a polynomiahlper of possible
outcomes in order to maximize expected utility. Theretbeexpected utilities of
the respective solutions using Equation 2.1 are:

Ugpt (W) = (0.85 x 1000 ) +(0.05 x 700" ¢) +(0.05 x 800" ~¢) +(0.05 x 900 ),

uwss(w) = (0.95 x 970'7¢) + (0.05 x 940" ).

The level of risk aversion of the bid-taker, hengedetermines the utility
maximizing option. In the case of a risk neutral bid-taker= 0, the expected
utility of the optimal solutionu,,.(w) = 970, whereas the utility of the WSS
uwss(w) = 968.5. However, as the bid-taker becomes more risk averse, the more
robust WSS becomes more attractive. In this instance we fdvtiene = 0.43,
the bid-taker is sufficiently risk averse to prefer the WSS the optimal solution.

JAN

Sometimes the bid-taker is uncertain of their precise Bdlinatility func-
tion, in which case some ambiguity may occur regarding tigyutaximizing
solution.

6.4.2 Risk Premium Calculation

The risk premium is the amount that a risk averse agent isngilio forego in
order to obtain the certainty equivalent (CE), an amountauttany risk. It may
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Figure 6.5: Actuarially fair premium determination.

be impossible to achieve a solution without any risk, but a Vi8&'s a solution
with reduced risk. A WSS, therefore, is of value to a bid-teked the premium
in this instance is the added value a bid-taker places on a W&Ste optimal
solution.

Figure 6.5 shows a schematic diagram of the solutions pregen Exam-
ple 6.4.1 for a risk averse bid-taker with> 0.43. Notice how the CE for the
WSS, C Eyss, is greater than the CE for the optimal solutiaf¥,. The actuar-
ially fair premium that the bid-taker is willing to pay is g@m by:

This premium increases with risk aversion and is a measutkeovalue of
a robust solution over thé,. Whene ~ 0.43, the bid-taker is indifferent to
the two solutions but as increases so too does the value of the WSS over the
optimal solution. For example, setting= 0.6, we getEy ss(u) = 15.647 and
Eo(u) = 15.643. ThereforeCEp(w) = ¢ 166 = 967.14 andC Eyss(w) =
log 15.647

e 1-06 = 967.76. The actuarially fair premium in this case is, therefore[.96-
967.14=0.62. This provides a measure of the surplus utifithie WSS compared
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to S,. For example, if a bid-taker in a CA is only capable of deteingnS,,
then a third party can make a profit by selling a robust satutiothis bid-taker.
The bid-taker, in this case, is willing to pay up to 0.62 foe WWSS. Naturally,
this premium increases when the likelihood of bid withdreaigher, the repair
revenues for the optimal solution are lower, or when thetller is more averse
to risk.

6.5 Summary

We successfully applied the WSSs framework to the problenmdirfg robust so-
lutions for CAs. This is an important result and is the first heeasm for proactive
risk management in such auctions when faced with the pdiggibf bid with-
drawal. It allows us to select an allocation that is resistaid withdrawals and
reflects the fact that involuntary item revocation from ladglis disallowed. We
proposed an auction mechanism, mutual bid bonds, to aidaketlity by permit-
ting involuntary item withdrawals by the bid-taker in exolga for a compensatory
payment. Also, bid withdrawal incurs a penalty payment leylitdder that funds
a reallocation of items to establish a repair solution. Wansdd that this signifi-
cantly improves reparability and leads to higher revenbeisbsolutions that are
very close, on average, to the optimal WDP revenue.

We also illustrated how such solutions tend to have fewenimgp bids than
overall optimal solutions, thereby reducing any overheeseciated with dealing
with more bidders. In procurement scenarios, by decreabiegupply base, a
company can also leverage its spend with fewer suppliertaméeetter overall
prices. A smaller number of winning bidders also facilitataproved relationship
management with key suppliers [24, 124]. Giunipetal. [53] state the follow-
ing, “Being truly agile and adaptable means that we need fewer srgplThe key
is to select the right ones. Globally, we must reduce the nuwfelationships
to managé. Robust solutions, therefore, provide a significant benefterms of
improved relationship management as well as risk managemen

Furthermore, we analyzed the added value of WSSs for rislsa\®d-takers
and showed how an actuarially fair premium can be calculatgutecisely mea-
sure this surplus utility over the optimal solution to the WDP
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One possible drawback of robust solutions is that caladatif an optimal
bidding strategy is a difficult problem in such a non-incemttompatible mech-
anism. A truthful mechanism would ease this problem by itieging truthful
bidding, thereby trivializing the bidding strategy for dets. This allows bidders
to concentrate their efforts upon computing valuationstiEans more accurately
and also facilitates the optimization of a social objegtagdescribed by the Rev-
elation Principle in§ 2.2. The following chapter explores truthful mechanism
design for robust solutions in detail.
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Chapter 7

Truthfulness and Robust Solutions

Thus far, we have developed a means of establishing roblgtoss for CAs.
This auction mechanism is non-incentive-compatible smdders may strategize
by trying to predict the behavior of others in order to maxenexpected utility.

It is possible to incentivize truthful bidding in auctiosdugh careful design
of the allocation and payment mechanism. The Revelatiorcipte) presented in
§ 2.2, implies that in a wide variety of settings, only “truthfevelation mech-
anisms” in which agents truthfully announce their typesdneebe considered
when the maximization of a social objective is required. threo words, there are
no manipulable mechanisms, in which agents strategicagignt their types, that
attain superior outcomes than any non-manipulable mesimariihis principle al-
lows us to focus our attention upon truthful mechanisms,amhen the objective
is to optimize some social objective.

There has been considerable research effort in this fielthddgdmputer sci-
ence community in recent years because of the computatbaliénges posed by
incentive compatibility [93, 94]. In this chapter we attemip develop a truthful
mechanism that attains a robust allocation.
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7.1 Advantages and Disadvantages of Truthful Mech-
anisms

A truthful bidding mechanism that is consistent with findirpust solutions is
beneficial because it relieves bidders from the computatibarden of deciding
upon an optimal bidding strategy. Non-truthful auction hemsms imply that
bidders need to strategize about other agents’ valuatimth®ahaviors when try-
ing to determine how they should bid in order to maximizertegpected surplus.
This is a difficult computational problem for bidders in camdtorial auctions,
and complicated further by non-optimal winner determoratihat is used when
finding robust solutions. When truthful bidding is the donmihstrategy the bid-
der’s problem of determining an optimal bidding strateggdrees trivial. This
allows bidders to focus all their computational resourqesestimating their true
valuations for sets of items. A truthful mechanism for ralzedutions, therefore,
facilitates more accurate valuations.

Bidder behavior is also more predictable because trutimgegk the dominant
strategy for rational bidders, and this is particularlyicdse for a risk averse
bid-taker. A possible disadvantage is that bidders revest true costs and this
is information which they may not wish to reveal. Consequetiiere has been
considerable research in the field of minimal preferenaatation [26, 27, 65].

The design of truthful mechanisms for a computationallydh@oblem such
as combinatorial auctions is made difficult by the fact tHatiently computable
heuristics for winner determination cannot be employed@®G¢/based (se§2.2.2)
mechanisms whilst still maintaining their non-manipuliypicharacteristics. Re-
call from Chapter 2 that VCG mechanisms [25, 55, 126] guarahtgeach agent’s
dominant strategy is to tell the truth, but it requires sodvin + 1 optimization
problems, where the overall optimal solutions involweagents, and non-optimal
solutions compromise truthfulness [93]. Various polynalrtime approximation
algorithms can provide good or near optimal solutions verickly. However,
Nisan and Ronen [94] showed, constructively, that a nommgtsolution can in
fact result in payments that can be arbitrarily far from tipdéraum. If an auc-
tioneer seeks to approximate optimal solutions in a GVA gigialynomial-time
algorithms the results may not be reliable and agents may &@aincentive to lie.
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This negative result encourages examination of ways in lwthe problem
may be restricted in some respect so that truthfulness caclieved in a com-
putationally feasible manner, using a polynomial appration algorithm.

7.2 Truthful Approximation Algorithms

A seminal positive result, due to Lehmaanal. [77], showed that by restricting
the set of preferences of agents to what they tersiegle-mindedi.e. agents are
only interested in a single bundle of items, it is possiblddwelop greedy mech-
anisms that are both truthful and computationally efficiditey also showed that
the VCG-based mechanisms remain computationally infea&iblsingle-minded
bidders but that it is possible to create a greedy truthfudlmaaism, that has prov-
able approximation properties.

There are a number of important requirements that an aitocaigorithm
must fulfil if it is to be incorporated within a truthful meahiam. Firstly, an
allocation algorithm must be monotone [77].

Definition 7.2.1(Monotone allocation algorithm)An allocation algorithm is monotone
if whenever a bid; wins, an increase in the bid tg still wins, assuming all other
bids are fixed.

The construction of monotone, approximate allocation rtigms that are
computationally feasible is an important line of reseaarttifuthful mechanisms.
Lehmanret al.[77] showed, axiomatically, that a mechanism is truthfit fiéilfils
the following requirements:

Allocation monotonicity. See Definition 7.2.1,

Exactness. The bidder is either awarded his set of desired items (andare)or
nothing at all;

Critical value. A winning bidder pays the lowest value he could have declared
win the items;

Payment monotonicity. A bidder never pays less for a superset of items in his
bid;

Participation constraints. Losing bidders pay zero.
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All of these requirements must be fulfilled by any mechanibat seeks to
achieve robust solutions for CAs by incentivizing truthfidding. The monotonic-
ity of the allocation algorithm and the critical value payrmhecheme are partic-
ularly important constraints because they are more difficusatisfy. The other
requirements are easier to fulfil. For example, the padioim constraint is satis-
fied by normalizing the payment scheme. An agent’s paymerd &et of items
S, p;(S), is reduced by the payment that would make if they were toivea®
items, i.e. p;- = (p;j(S) — p;(0)). Note that this normalization ensures that for
any agent who receives no items, their payment is always Exactness is nec-
essarily satisfied by the non-overlapping constraints efs#t packing problem
constraints.

The family of algorithms developed by Lehmaanhal. [77] is based on the
greedy allocation scheme described iRUTH-APPROXALLOCATION (Algo-
rithm 8). The criterion for ranking bids must have the prdypef bid-monotonicity
so that decreasing the number of desired items in a bid agasang its bid amount
can only improve its ranking after the sorting phase. Fongda, a valid criterion
may be the average bid amount per item.

Algorithm 8: TRUTH-APPROXALLOCATION (from [77])
input : Bids, B; Criterion, C.
output: Allocation, W.
begin
W «— 0 I Set of winning bids
L — Rank(B,C) Il Rank bids in decreasing order according to C
foreachi =1...|£| do
w « true /I Signal thatB[i] is a winning bid
foreachj =1...(¢—1) do
L if items(B[j]) Nitems(B[i]) # 0 AND B[j] € W then
| w « false

if w = truethen
| W —WU{BJi]}

end

Algorithm 8 satisfies allocation monotonicity because adbirdcan only in-
crease his likelihood of winning by increasing his bid amoondecreasing the
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number of desired items in a bid. This stems from the bid namoity of the
criterion, C'. This is not sufficient on its own to ensure truthful biddinechuse
a suitable payment scheme is also necessary to satisfy p&ynomotonicity and
participation constraints.

Algorithm 9, TRUTH-APPROXPAYMENT, describes a greedy payment scheme
proposed by Lehmanet al. [77]. Note that(L]j]) is the first bid followingL|[;]
that is a losing declaration but would have wott [fj] had not been declared. The
critical paymentc is the minimum declaration for bid[;] so that it would still
be prioritized ovem/(L[j]) according to criteriorC. This “threshold” payment
scheme is present in several other truthful mechanisms 4B]6We assume that
the ties are treated in a consistent manner.

Algorithm 9: TRUTH-APPROXPAYMENT (from [77])
input : Ranked Bids/; Winning Bids,V; Number of bidsn.
output: PaymentspP.
begin
P /I Payments
foreachj =1...ndo
if £[j] ¢ W then
L PIL] <0
else
Il n(L][j]): the next bid that would have won 4[] was not
declared
n(L]j]) < min{ili €
{j+1,...,n} items(L]j]) Nitems(L]
7, L[l] € W = items(L]l]) N items(L][i
Il ¢ is the critical payment value
if n(L[j]) # 0 then
L PIL]] ¢
else
L PIL]] <0

i]) # 0,V < i, #
)) =0}

end

Mu’alem and Nisan extended this work by further restrictthg agents to
known single-minded biddets obtain a richer class of algorithmically efficient
truthful mechanisms [88]. They also presented a set of gémneols that per-
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mit the creation of such mechanisms. We shall adopt theiwkngingle-minded
bidders model and explore truthfulness for robust solgtion

7.3 A Truthful Mechanism for Robust Solutions

We present a restricted model for combinatorial auctiored germits truthful
mechanisms for CAs, thus enabling maximization of sociafavel We inves-
tigate the possibility of embedding the WSSs framework asliacation algo-
rithm within a truthful mechanism. We discuss the difficedtiencountered with
this approach and, finally, we then present an importantigesesult: atruthful
approximation scheme that approximately maximizes eggadtility for single
bid withdrawals. Recall fron§ 3.2.2 that we formulated an integer program that
models such a utility maximizing approach.

7.3.1 The Model

We adopt a similar model to [88] to investigate possible na@ctms that incen-
tivize truthful bidding over a seV of m items. Each biddey, of n bidders in
total, has a positive valuation functienfor a subset’ C U of items. We assume
that agents’ valuation models are private, as is commoaphathin mechanism
designge.g.[4, 104]. This removes the possibility of the winner’s cueffect alter-
ing ex-post bidder valuations, thus eliminating the passilof bid withdrawals
for strategic purposes. However, this restriction alsaiced the likelihood of bid
withdrawal, thereby inhibiting the possible benefits ofustsolutions to situa-
tions with exogenous probabilities of bid withdrawal.

Definition 7.3.1(Single-minded bidder [77])Bidder; is single-minded if there is
¥ 8SD8;
a set of goods; C U and a valuev; > 0 such that;(S) = Y -
0 otherwise.
Informally, single-minded bidders are willing to pay, a privately known
valuation, on condition that they minimally receive a setefns,S;. This condi-
tion is necessary to satisfy the individual rationality straints presented 2.2.

Mu’alem and Nisan [88] introduced known single-minded leidd whereby the
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subsetsS; are known to the mechanism. This mechanism is composed df an a
location algorithm,A(v), whose inputs are the bid declaratiofs . .. v, }, the
respective desired iter{s; ... S,,} and a payment rulg(v). The output ofA(v)
is a subset of pair-wise disjoint winning bids.

In summary, our model adopts the following assumptionsiot®ns to help
us attain a truthful mechanism:

Private values. Bidders are indifferent to others’ valuations. There is nonver’'s
curse so bidders do not discount bid amounts;

Exogenous probabilities of withdrawal. Withdrawals are caused by random events.
Bidders have no control over the reasons for bid withdrawal;

Known single-minded bidders. This is a restriction proposed in [88] to allow
polynomial algorithms incentivize truthful bidding;

Rational bidders. This assumption is common to most mechanism design liter-
ature [82,93]. If bidders act irrationally there is no meahscentivizing
any form of desired behavior.

7.3.2 Monotonicity and the WSS Algorithm

If we can achieve an approximation scheme that is monotoaeaw also achieve
a payment scheme that incentivizes truthful bidding [418®]. We investigate
the monotonicity of the WIGHTED-SUPER-SOLVE algorithm (se€ 5.4.2). We
find that an increase in a bid amount may introduce a repaia fareviously ir-
reparable bid, thereby enlarging the set of bids that mayobsidered when de-
termining an optimal robust solution. We shall see how this accur in practice
in Example 7.3.1.

Lemma 7.3.1 provides an impossibility result regarding ri@notonicity of
WSSs when finding an optimal 1-robust solution (Definition,.page 99). The
non-existence of a monotone allocation algorithm impliest for some bidder
a, if v, IS a winning declaration then for some higher declaratignz v, It
becomes a losing declaration. The proof utilizes the faat thv, becomes a
losing bid, then it must form part of a repair for another poegly irreparable bid
that partakes in the subsequent winning allocation.
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Lemma 7.3.1. The WSS algorithm for finding an optimal 1-robust solutiomto
CA with irrevocable assignments of items is non-monotone.

Proof. We prove by construction as follows: consider three feasdtiocations,
Ay Ay and Az with revenues ofev( A ), rev(Ay) andrev(As) respectively. We let
rev(A;) > rev(A2) > R > rev(As) with R being a lower bound on acceptable
revenue. Let these allocations contain the following wigrbidsA; = {v, } U L,

Ay = {v,} UM and A3 = {v,} UL UN, whereL, M and N are mutually
exclusive sets of bids. We can say the following:

rev({v,} UL) > rev({v,} UM) > R > rev({v,} ULUN).

We letv, be the only brittle bid. Its withdrawal frord; has an optimal repair
allocation of A3, but R > rev(As). Therefore,A; is an irreparable allocation
because, cannot be repaired, s, is the optimal WSS and, is a winning bid.

Let an increase im, to v, = rev(A;) > R. The allocationA; becomes
reparable following the increase i) to v’y but should not become the winning
allocation if the WSS algorithm were monotone. However, byodingu,. so that

rev({v,} UM) > rev({v,}) > (rev({v;} UM) —rev(L)), (7.1)

we see thatél'2 still has a lower revenue thas, following the increased decla-
ration. This means that; becomes the new winning allocation. The condition,
rev({v,} UM) > rev({v,}), is necessary so that is not an optimal WSS on its
own before the bid increase.

Therefore, the WSS allocation algorithm is non-monotoneabsev, be-
comes a losing declaration following an increase;td\lote that as a consequence
of the assumption in Equation 7.73311({@;}) —rev({v,}) < rev(L). Otherwise,
the increase would be so large thgtwould remain a winning bid, although the
set of other winning bids would change. O

Lemma 7.3.1 demonstrated that increasing a winning bidieagdssible side-
effect of creating new robust solutions, by forming a regaiution for a previ-
ously irreparable allocation of higher revenue. Exampdel7provides a concrete
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illustration of the non-monotonicity of the WSS algorithmdiyowing how a win-
ning declaration can become a losing declaration follovéingncrease in its bid
amount.

Example 7.3.1.Consider bidsv, (13, A), v2(12, B), v3(8,C), v4(33, AB) and
v5(24, BC'). All bids are robustj.e. not likely to be withdrawn, except fo;. The
minimum acceptable revenuR, for a solution is 34. The optimal robust solution
is, therefore {v,, v5} with revenue of 37, becauges, v, } cannot be repaired to
form a solution with revenue of at least 34 shoujdbe withdrawn. The optimal
repair solution,{vy, v5, v3}, attains a revenue of only 33.

Let us suppose that becamey, (16, A), so that the declaration has increased
by 3. A monotone allocation algorithm requires thatemains a winning bid, see
Definition 7.2.1. However, allocatiofws, v4} can now be repaired to form a so-
lution with revenue of 36 should be withdrawn, therefore, the new optimal WSS
becomegvs, v, }. This implies that; becomes a losing declaration following the
increase fromy;, thus contravening the allocation monotonicity requir@me A

Theorem 7.3.1.A normalized truthful mechanism is impossible for 1-rolsadt-
tions with known single-minded bidders where item assignnaatsrevocable,
when using the WSS framework.

Proof. A normalized mechanism is truthful if and only if its allowat algorithm
IS monotone and its payment scheme is based on critical {@8jeLemma 7.3.1
shows that a monotone allocation algorithm is impossiblkectueve for 1-robust
solutions where item assignments are irrevocable. O

Theorem 7.3.1 shows that it is impossible to incentivizéhtiul bidding to
achieve robust solutions in the restricted case of combiir@Buctions with known
single-minded bidders. Monotonicity is hindered by the that irreparable bids
are discounted from consideration when determining thears

The lower bound on tolerable revenue was introduced to pesatisfiability
testing for repairs in order to improve computational fedisy. However, this
constraint is acting as a barrier to truthful mechanisms smeed to circumvent
this constraint in order to find a truthful mechanism for rstgplutions.
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The WSS algorithm igv"P-complete, when a fixed bound is placed on the size
of any break, so it is not feasible for it to be applied in a VC&déd mechanism.
Recall that such a mechanism would need to be solved optimmeltyy times for
slightly different instances to determine the paymentfirhannet al. showed the
infeasibility of the approach, even when bidders are shingjleded [77].

7.3.3 Robust Solutions Approximation Algorithm

Recall from§ 3.2.2 that the integer programming formulation for deteaion
of maximum expected revenue given the possibility of sirmtewithdrawal, is
the following:

max (Z(l —pj)u(v))z; + Z Zpkxku(vj)mj) (7.2)

j=1 k=1 j=1

subject to the following constraints:

> wy<1Vie{l,...,m}, x;€{0,1}, (7.3a)
JlES;

Z X + Tkj < 1, (73b)

Jli€S; k#j

Vie{l,...,m}Vk e {1,...,n}, zj, mhjme € {0,1}, rex € {0},

wherep; is the probability of bid; being withdrawn,z; the decision variable
for bid j, v; the amount of bidj andr,; is the repair value of big given a
withdrawal by bidk. We assume conditional probabilities of failure so that the
likelihood of multiple bid withdrawals is zero. Notwithstding this assumption,
the formulation still remains computationally infeasiblecause of the size of the
input, O(n?) variables. A branch and bound search to find an optimal swoiuti
quickly becomes prohibitively expensive in the sizenofThe LP relaxation for
Equation 7.2 relaxes the integrality constraintscpandry; so that bids, in effect,
can partially win ¢;,rx; € [0,1]). Although this problem also ha3(n?) input
variables, the problem can be solved in polynomial time. TReformulation,
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denoted.P(v), is as follows:

max (Z(l — piu(v)y; + Zpkyku(vj)Tkj> (7.4)

j=1 k=1 j=1

subject to the following constraints:

oy <Lvie{l,...om} y;€[0,1], (7.58)

jliGSj

>yt <1, (7.5b)

jli€S; k#j

Vie{l,...,m}Vke{l,....n}, yj, "iizs) € [0,1], i € {0},

Notice that there are no minimum revenue constraints inrtfogel. These
were originally introduced in Chapter 4 as a compromise omtlggnal problem
of utility maximization so that we could improve computaiad feasibility whilst
still maintaining the integrality constraints on winningle. By removing these
constraints and optimizing expected utility using the LRxation, we need to
then determine the allocation from the results of this nmaeger solution. It is
natural to assume thaf, representing the status of bjidn the optimal allocation,
would provide a good heuristic for guiding the choice of apragimate solu-
tion because it reflects a fraction of how much that bid sheuidin an optimal
solution. In general, however, such heuristics are notssrdy truthful. We de-
velop an approximation algorithm similar to the L&D allocation algorithm
of Mu’alem and Nisan [88] and show that it is monotone.

Informally, LP-BASED ROBUST (Algorithm 10) assigns any bid whose value
in the corresponding LP solution is greater thaito be a winning bid. When
yj > % the bid gets a larger fraction of any of its desired itemsi1thay other
conflicting bid,y.. We can infer thay. < % and is, therefore, a losing bid. This
ensures that the final solution is consistent with our resmaonstraints.

Recall from§ 7.3.1 that each biddef, of n bidders in total, has a positive
valuation functiorw; for a subset of items. In order to prove the monotonicity of
Algorithm 10 it is necessary to show that for any;, wherev_; = {v\ {v;}}, y;
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Algorithm 10: LP-BASED ROBUST
input : BidsV
output: Allocation X
begin
Y «— LP(V) Il Optimal LP solution
forj—1...ndo
I1'Y[j] € [0, 1] indicates fractional bid success.
if Y[j] > 1 then
| X[j] < 1/ X[j] is a binary variable indicating bid success.

else
L Xll—o

end

is a non-decreasing function of.
Lemma 7.3.2.y; is a non-decreasing function of for any fixedv_;.

Proof. The proof follows that of the LP-BSED algorithm monotonicity in [88].
Consider optimal feasible solutiod and )’ to the linear program of Equa-
tion 7.4,LP(v) andLP(v'), respectively, where; < v; andA = v; —v;. )'isa
feasible, though non-optimal, solutiontd(v) and so> ", y,v; < S°r yivi. Y

is also a feasible solution tbP(v') and soy; A + > yivy <y, A+ 300 yiv.
Therefore) < Y77 (y; — y;)v: < (y; — vi)A, hencey; < y;, thus proving thay;
is a non-decreasing function of. O

Lemma 7.3.3. Algorithm 10 (L P-BASED ROBUST) is monotone.

Proof. v; is a winning declaration if and only |§ < y;. From Lemma 7.3.2 we
know that% <y; < yj SO anyv;. > v; is also a winning declaration. ]

Theorem 7.3.2.A normalized mechanism that assigns items to bidders acwprd
to Algorithm 10 {P-BASED RoBUST) is truthful when its payment scheme is
based upon the critical value.

Proof. We know from [88] that for any_; and monotone allocation algorithm
there exists a single critical value below whieh is always a losing declara-
tion and above which it is always winning. A normalized metukm is truthful
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when its payment scheme is based upon the critical valueharallocation algo-
rithm is monotone [88]. From Lemma 7.3.3 we know that LRsSBD ROBUSTIs
monotone. O

Theorem 7.3.2 provides a significant positive result. Itlisgpthat truthful
bidding can be incentivized when 1-robust solutions thateighstand exogenous
probabilities of withdrawal are desired by the bid-taker.

7.3.4 Non-monotonicity of the WSS Algorithm with MBB'’s

Previously, in§ 7.3.2, we saw how the WSS algorithm for 1-robust solutions for
CAs is non-monotone. In this Section we show that the WSS ditotalgorithm
remains non-monotone when mutual bid bonds are introducattitreparability.

Lemma 7.3.4. The WSS algorithm for finding an optimal 1-robust solutiomto
CA with mutual bid bonds is non-monotone.

Proof. We prove by construction in a similar manner to that of Lemnt&17
Consider once again three feasible allocatiofis,A, and A3 with revenues of
rev(A;), rev(Az) andrev(As) respectively. We letev(A,) > rev(As) > R >
rev(As) with R being a lower bound on acceptable revenue. Let these ablosat
contain the following winning bids{; = {v,} UL, Ay = {v,} UM andA; =
{v,} UL UN, whereL, M andN are mutually exclusive sets of bids. We lgt
be the only brittle bid and its withdrawal fros, has an optimal repair allocation
of Az, but R > rev(As). Therefore,A; is an irreparable allocation because
cannot be repaired.

Let an increase im, to v, = rev(A;) > R. The allocationA; becomes
reparable following the increase i to v; but should not become the winning

allocation if the WSS algorithm were monotone. However, byasingu, so that
rev({v,} UM) > rev({v,}) > (rev({v;} UM) —rev(L)),

we see thatd, still has a lower revenue than, following the increased dec-
laration. Because MBBs are in place, we require an extra restriso that
rev({v,}) < rev({v;}),Vuv; € M, thus ensuring that no winning bids can have
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their items revoked to form an alternative repair solutidiis can be achieved
by letting rev({v,}) < rev(M), whereM contains only one bid. This means
that A, becomes the new winning allocation following the increase,ito v;.
Therefore, the WSS allocation algorithm is non-monotoneneavhen MBBs are
considered. O

We present an example to highlight how an increase in a windéclaration
can result in it becoming a losing declaration because mégpart of a repair so-
lution for a previously irreparable solution. Note that Exade 7.3.2 has different
bid amounts forw; andvs than in Example 7.3.1. These were altered so that the
withdrawal ofv, would provide insufficient funds to repajrs, v4) by revoking
items fromwvs. Mutual bid bonds only permit revocation of items from a skt o
winning bids whose summation of declarations is less thahdhthe withdrawn
bid.

Example 7.3.2.Consider bidsv, (13, A), v2(12, B), v3(38, C), v4(33, AB) and
v5(54, BC'). All bids are robustj.e. not likely to be withdrawn, except fo;. The
minimum acceptable revenue for a solution is 64. The big+#talould like to be
able to award the items tfv;, v4} butv, is a brittle bid that cannot be repaired
satisfactorily. The optimal robust solution is, therefofe;, vs} with revenue of
67.

Suppose that, becamey; (16, A), so that the signal has increased by 3. The
mutual bid bond provides a fund af/ox 33 if v, is withdrawn, but this is in-
sufficient to allow for revocation of items from who requires a compensatory
payment ofk% x 38. A monotone allocation algorithm requires that remains
a winning bid, from Definition 7.2.1. However, can now be repaired to form
a solution,(vy, v9, v3), Of revenue 66 should the bid be withdrawn, therefore, the
new optimal WSS following the increasenis {vs,v,}. This implies that
becomes a losing declaration following the increase frgmthus contravening
the allocation monotonicity requirement. A

Theorem 7.3.3.A normalized truthful mechanism is impossible for 1-rolsest
lutions with known single-minded bidders and mutual bid bomdeen using the
WSS algorithm.
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Proof. A normalized mechanism is truthful if and only if its allowat algorithm
is monotone and its payment scheme is based on critical {@8jleLemma 7.3.4
shows that a monotone allocation algorithm is impossiblkectieve for 1-robust
solutions with mutual bid bonds. O

Theorem 7.3.3 states that a truthful mechanism is impassihg the WSSs
framework and mutual bid bonds. Previously we have circurteetthis problem
by relaxing the constraints on minimum revenue to find a pafyial approxi-
mation algorithm that permits truthful bidding. The forratibn of a linear pro-
gram that enables repair solutions that can backtrack ugom assignments in
the original solution is not straightforward. We leave tbenfulation of a truthful
mechanism that incorporates mutual bid bonds for futurekwor

7.4 Summary

Truthful mechanisms pose difficulties from a computatidealsibility perspec-
tive. A key requirement of these algorithms is that the atmn algorithm is
monotone. In this chapter we proved a key negative resut, tthe WSS al-
gorithm is non-monotone, for the case in which no items camneleked from
winning bidders. We also showed that it is also hon-monotehen mutual bid
bonds are present.

A restricted form of combinatorial auction whereby biddars only inter-
ested in a particular bundle of item. single-minded, permits the creation of an
approximation algorithm that can incentivize truthful ¢idg [77]. A further re-
striction so that those bundles are known by the mechanismitsea wider range
of truthful approximation algorithms [88].

We succeeded in circumventing the impossibility resulsoasited with the
WSSs framework, for the case in which no item retraction bybiletaker is per-
mitted, by removing the minimal repair solution constraihen the conditional
probability of multiple withdrawals is set to zero we can ase_P-based approx-
imation algorithm to find approximately utility-maximizgsolutions. Therefore,
we proved that it is possible to create a computationallgiefiit truthful approxi-
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mation scheme for robust solutions using this allocatigo@ihm when the pay-
ment scheme is based upon the critical value.
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Chapter 8
Conclusion and Future Work

In this dissertation, we have demonstrated a significariilpno for bid-takers in
CAs, illustrated the inadequacies of currently availabbbt®logies to tackle this
problem and proposed a novel solution. We also addressesittiagion in which
the bid-taker wishes to have a robust solution whilst oing a social objective
via the use of a truthful mechanism. This work also highkghsome interesting
directions for possible future work, which are presentettis Chapter.

Most notably, we discuss the implications of solution rdhass for bidder
aggressiveness and we also present an alternative apgovacgk management
for the bid-taker’s exposure problem. This technique mégran opportunity for
improved revenue in robust solutions.

Risk management for CAs is a rich field of research that has mpay ques-
tions that deserve further attention because of their g emplications for elec-
tronic commerce. We conclude by demonstrating that our easksignificantly
contributed towards managing risk in CAs and forms a sigmifigatial platform
for future work in this field.

8.1 Conclusion

The bid-taker's exposure problem constitutes a serioksfoisthe bid-taker in
combinatorial auctions. We performed the first in-depthiysis of this problem
and showed that it can cause large revenue losses for vagom®mically moti-
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vated bidding distributions.

The root cause of failure in an auction solution is oftensraetside the control
of the bidder who instigates a bid withdrawelg. natural disasters or competition
regulator intervention. Therefore, it may not be practiedbr the bid-taker to
enforce non-withdrawal rules. Auction rules regarding othdrawal of bids
may constitute a fallacy because of the impracticabilitalo$olute enforcement.
Winning-bid withdrawal is a serious threat to solution dtgb

A robust solution to a combinatorial auction can withstandnmg-bid with-
drawal by reassigning items to form a repair solution withtausing undue dis-
turbance to other non-reneging winning bidders. Such wwoisitare particularly
desirable for risk averse bid-takers. The problem of findwigust solutions that
maximize expected utility is computationally challengingfe proposed a relax-
ation of the problem so that a lower bound on the revenue diregplutions
is guaranteed. The search for a repair solution thus becarsasisfiability test
rather than an optimization problem. We adopted the supeticos framework to
find a robust solution that limits the number of changes megiio the solution so
that a repair solution can be guaranteed [52, 59]. This ambrbighlighted some
limitations to the expressiveness of the framework andvat#d some valuable
extensions.

We developed the weighted super solutions framework toresehtine flexibil-
ity and the accuracy of robust solutions. This is a framewdtkreby assignments
have either static probabilities of failure or dynamic diadl rates over time using
the Weibull probability distribution. This distributiorao model a wide range of
failure types including metal fatigue, corrosion or aboasiA set of assignments
is deemed brittle if their combined probability of failuneceeds a threshold value.
The WSSs framework also facilitates an expressive measutiedaost of repair.
The reassignment of variables following a break has an &sgsdccost that can
depend upon the source and destination assignments asswhl aause of the
break. This enables an expressive and versatile approdoiding robust solu-
tions for constraint programs.

We applied the WSSs framework to the problem of finding roboistt®ns to
combinatorial auctions. We analyzed the implications afmimg-bid withdrawal
in several economically motivated combinatorial auctiand found a large vari-
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ance in the levels of revenue loss for different bid distidms. We concentrated
upon finding robust solutions to those auction types thatweost sensitive to
solution uncertainty. We showed that robust solutions ¢&mrea high percentage
of optimal revenue.

We demonstrated important results concerning a reduatidhe number of
winning bids in robust solutions. This is a significant &itite in real-world auc-
tions. By decreasing the supply base, a company can levesagpend with fewer
suppliers to attain better overall prices. A smaller nundfevinning bidders also
facilitates improved relationship management with keypdieps [24, 124]. Giu-
niperoet al. [53] state the following, Being truly agile and adaptable means that
we need fewer suppliers. The key is to select the right onedaBlpwe must
reduce the number of relationships to manageobust solutions, therefore, pro-
vide a substantial benefit in terms of improved relationshgnagement as well
as risk management.

We introduced an auction mechanism for improving solutieparability called
mutual bid bonds. The WSSs framework facilitates backtragkpon agreements
and we showed that this can provide robust solutions witlh optimal revenues.
We also demonstrated how a risk averse bid-taker can chedsedn the optimal
(non-robust) solution and a robust solution using the vewnsNann Morgenstern
expected utility property [127] to maximize expected tili

One disadvantage of robust solutions is the complex natutikeeoproblem
faced by bidders in establishing an optimal bidding stnatebhis represents a
non-incentive-compatible mechanism whereby bidderdegfize about the ac-
tions of others to identify an equilibrium bidding stratetiat optimizes their
expected surplus. We proposed a means of addressing thieprbdy establish-
ing a mechanism that incentivizes truthful bidding as adodfdagainst expected
revenue for the bid-taker. This also facilitates the deteation of an allocation
that maximizes social welfare. Bidders, therefore, neeg establish their own
true valuations for items and do not need to worry about cdigents’ behavior.
We showed that a truthful mechanism is impossible using th&¥\&amework
but can instead be achieved by using an LP-based approgmeltocation algo-
rithm with payments based upon the critical value.

In summary, solution robustness is an important conceptishaften over-
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looked in auction literature. It is important that therestisufficient technolog-
ical support for risk management capabilities to nurtuosttin electronic com-
merce and encourage further deployment of online auctidhs work provides
an important means of combatting solution uncertainty micimatorial auctions,
an increasingly popular auction format in B2B commerce.

8.2 Future Work

There are many interesting directions for possible futuoekwhat we have cate-
gorized in two separate domains, electronic commerce atichization.

8.2.1 Electronic Commerce

Bidders in auctions can be regarded as selfish rational agioise behavior can
be analyzed using non-cooperative game theory. Robust@wifor combinato-
rial auctions can complicate the determination of an eguilim bidding strategy.
We consider the implications for bidding aggressivenessnididders adopt affili-
ated valuation models whereby the winner’s curse can infieierdding behavior.

We mention a further motivation for the use of robust sohdgiowhen the
bid-taker wishes to express preferences over suppliersal¥depropose the de-
velopment of a truthful mechanism for robust solutions ihabrporate mutual
bid bonds as an interesting direction for possible futurekwo

Bidder Aggressiveness

Recall from§ 2.1 that bidders are utility-maximizing and will submit allihat is
lower than their true valuation for an item to increase tsenplus utility. There
is a trade-off between the decreased probability of winhegitem and the in-
creased utility as the bid amount is lowered. Bidders try torede other bidders’
valuations when determining their bid amount. When allowimgrandomized
strategies, at least one Nash equilibrium exists in any gaitieregular payoff
functions.

Bidding strategies can become complex in non-incentivepaiiible mecha-
nisms where winner determination is no longer necessapiyrnal. The robust-
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ness of a bid may influence bidding strategy. Bids from trustédidble bidders
have an advantage over bids that require repair solutioos-tNisted bidders bid
more aggressively.g. the equilibrium bidding strategy for such bidders is to bid
higher) to overcome this hurdle. However, trusted bidders loid less aggres-
sively because reparability constraints on other biddansreduce competition.

The perceived reparability of bids deemed to be brittle sioences the equi-
librium bidding strategy. If a bidder feels that there arepitzer bidders interested
in the same set or a subset of items in a bid then finding a rephition may be
difficult. Decreasing the bid amount increases the likedthof finding a repair
solution withinx% of optimum revenue, should the bid form part of the optimal
WDP allocation. However, it also decreases the likelihoogaoticipation in this
allocation.

The possibility of bid withdrawal creates an incentive foona aggressive
bidding by providing a form of insurance that caps the pat¢tisses associated
with the winner’s curse. If a winning bidder’s revised vdloa for a set of items
drops by more than the penalty for withdrawing the bid, theis in his best
interests to forfeit the item(s) and pay the penalty. Shduddauction rules state
that the bid-taker will refuse to sell the items to any of teeaining bidders in
the event of a withdrawal, then insurance against potelassies will stimulate
more aggressive bidding [57]. Another factor that increasggressiveness is the
extra utility that can be gained from being compensated bybtt-taker for item
revocation following bid withdrawal by another succes$halder.

We seek to repair a solution following a winning-bid withahed with the re-
maining bids. A side-effect of such a policy is to offset thereased aggressive-
ness by incentivizing reduced valuations in the expeactdliat a bid is withdrawn.
There is also the possibility that a decrease in a bid mayecansther bid to be-
come irreparable. If the irreparable bid formed part of atmo@l robust allocation
then a lower declaration increases the probability of tldeAdnning, thus provid-
ing an incentive for a lower declaration. Previously, in Cleafy, we saw how
this effect causes the non-monotonicity of the WSS algorithm

Harstad and Rothkopf [57] examined the conditions requiceértsure an
equilibrium position in which bidding was at least as aggnesas if no bid with-
drawal was permitted, given this countervailing incentveinder-estimate a val-
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uation. Three major results arose from their study of sirtgla auctions with bid
withdrawal:

1. Equilibrium bidding is more aggressive with sufficierdlyall probabilities
of an award to the second highest bidder in the event of a liltbvawal,

2. Equilibrium bidding is more aggressive if the number aldars is large
enough;

3. For many distributions of costs and estimates, equilibrbidding is more
aggressive with withdrawal if the variability of the estitimg distribution is
sufficiently large.

It is important that mutual bid bonds do not result in depeddsidding in equi-

librium. An analysis of the resultant behavior of bidderssmimcorporate the
possibility of a bidder winning an item and having it withdrain order for the

bid-taker to formulate a repair solution after a break elsmw. Harstad and
Rothkopf have analyzed bidder aggressiveness using alystgaine-theoretic
model in which the only reason for bid withdrawal is the wirigesurse [57].

They assumed all bidders were risk neutral, but concludatlitins entirely pos-

sible for the bid-taker to collect a risk premium from riskease bidders with the
offer of such insurance. We leave an in-depth analysis o$tiffecient conditions
for more aggressive bidding for future work.

Positive Discrimination in Favor of Trusted Bidders

Fairness is often a goal of auctions and its importance issstedependent. Con-
cern about equal treatment of competitors (and the appeaminit) is often a
key reason for government use of auctions [112]. In an im@dlgirocurement
scenario the constraints on fairness may be relaxed betheggurchaser can
maintain the right to choose winners on a non-price basisweder, in private
auctions fairness does influence bidders willingness toggaaite and should not
be completely disregarded.

Fairness is often cited as a reason for choosing the optiotati@en solely
in terms of revenue [112]. Robust solutions militate agamds deemed to be
brittle, therefore, bidders must earn a reputation for dpewliable to relax the
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reparability constraint attached to their bids. This maydgarded as being fair
to long-standing business partners whose reliability iguaestioned. Internet-
based auctions are often seen as unwelcome price-gougngses by suppliers
in many sectors [42,97]. Traditional business partnesshie being severed by
increased competition amongst suppliers. Quality of $ergan suffer because of
the increased focus on short-term profitability to the dednt of the bid-taker in
the long-term. Robust solutions can provide a means of sadgctiscriminating
against distrusted bidders in a measured manner. Soméleogure work may
include an empirical study of how successful this techniopag be in auctions
when the bid-taker wishes to discriminate with subtletyawvolr of certain bidders.

Truthfulness with Mutual Bid Bonds

We presented a truthful mechanism in Chapter 7 that appraeesrexpected util-
ity maximization. In this mechanism it is assumed that tlieteker cannot with-
draw items from bidders after a winning-bid withdrawal. Timbabilities of
failure were exogenous because the private values mod#dass not induce the
winner’s curse and reneging bidders could not be consideheh repairing the
solution. Bidders were not expected to pay any penalty foiigwithdrawal.

We showed in Chapter 6 that the MBB mechanism improves solutipara-
bility, thus increasing revenue. Reneging bidders pay alpef@lowing with-
drawal. The bid-taker also pays compensation to winningldrisl whose items
are withdrawn when the solution is repaired following a witwal by another
bidder. We showed that in Chapter 7 it is possible to creatersotooe allocation
algorithm using the LP relaxation of the problem that max#siexpected utility
when a single bid withdrawal is possible. When the bid-takerwithdraw items
from winning bidders using mutual bid bonds, the constsaart reparability are
relaxed.

An open question remains whether it is possible to achieveoaotone al-
location algorithm for robust solutions so that truthfldeean be achieved with
defined approximation ratios whilst remaining flexible eglowo handle mutual
bid bonds. Archeeet al. devised a version of randomized rounding that is in-
centive compatible, giving a truthful mechanism for singianded bidders [6].
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They overcame a non-monotone allocation algorithm by nyatifan LP round-
ing algorithm to ensure monotonicity. An open question reahether such a
monotone allocation algorithm can be developed for roluisti®ns with MBBs.
A randomized mechanisoan be viewed as a chance selection of a random ele-
ment that is an input to a deterministic mechanism. The moiwtncepts for ran-
domized mechanisms have varying degrees of truthfulnetsssivongly truthful
implying that the generated deterministic mechanism isgbaruthful regardless
of the randomly generated input. Strong truthfulness isiotise andtruthfulness
in expectatiommay be used as a reasonable weakening of the solution cordept
ternatively,strongly truthful with high probabilityhas been used by Archet al.
as a means of incentivizing truthful bidding for bidderstthee not necessarily
risk neutral [6]. A reasonable compromise of the solutionagpt may permit the
creation of a truthful mechanism for robust solutions.

8.2.2 Optimization

Robust solutions for combinatorial auctions raise many tes and motivate
interesting research questions in the computer sciencaidonin this Section
we present some outstanding issues relating to robustnessimization that
deserve further consideration.

ILP Solution Robustness

Whilst the WSSs framework provides ample flexibility and esgreeness, scala-
bility becomes a problem for larger auctions. Although mati solutions to large
auctions tend to be naturally robust, some bid-takers ih auctions may require
improved robustness. Bertsimesal.[13, 14] introduce a formulation of integer
programming problems that produces robust solutions wktkarghe cost coef-
ficients or the data constraints may be subject to unceytaivit are interested in
decision variable uncertainty, however, so this approaciot directly applicable.
A possible extension of our work in this dissertation woutdib examine the
feasibility of reformulating integer linear programs sattthe solutions are robust.
Hebrardet al.[59] examined reformulation of CSPs for finding SSs but fourad t
the approach was inefficient when compared to the MAC-basedisalgorithm.
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But this does not necessarily preclude the formulation cfgat programs for
robust solutions that are computationally feasible.

An alternative approach for finding robust solutions maydede a top-down

approach by looking at thie-best solutions sequentially, in terms of revenue, and
performing sensitivity analysis upon each solution untiolust one is found.
In procurement settings the principle foée disposals often discounted and all
items must be sold. This reduces the number of potentiatieokiand the repara-
bility of each solution. The impact of such a constraint amrtevenues generated
by robust solutions is also left for future work.

Other Applications of the WSSs Framework

The WSSs framework provides a versatile means of estaldjsbinust solutions
in many application domains. Chapter 5 demonstrated, in aguegical example,
how it could be used for job-shop scheduling problems. Is sleiction we briefly
discuss some other applications of the WSSs framework.

We propose the use of WSSs fobust mechanism desigRorteret al. first
introduced the notion dhult tolerant mechanism desigmwhich agents have pri-
vate information regarding costs for task completion, bsib @aheir probabilities
of failure [104]. When the bid-taker has combinatorial véloms for task com-
pletions it may be desirable to assign the same task to rfeuligents to ensure
solution robustness. It is desirable to minimize such paly redundant task
assignments but not to the detriment of completed task trahs This problem
could be modeled using the WSSs framework in a similar mamniat of com-
binatorial auctions. A minimum set of duplicated tasks maybrformed whilst
satisfying constraints on reparability in the event of tskire.

When the WSSs framework is applied to optimization problemsaly be
desirable to express an optimal outcome using a utility titoncover robustness
and the optimization criterion. The framework may be exeshtb support such
utility functions. Solution robustness may be seen as aitiaddl optimization
criterion rather than as a constraint, therefore, transfoy the problem into a
multi-criteria optimization problem. There are inherenatde-offs in such prob-
lems that require utility functions to determine an oveoallimal solution. Unfor-
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tunately, such utility functions are often difficult to aiate precisely and usually
involve some uncertainty in themselves [71]. There are mdaowever, of exam-
ining worst-case error in the presence of such uncertamgutde elicitation of
such preferences and suggest refinements of utility infoomaising a notion of
minimax regre{18], for instance.

The cost of repairing an assignment may consist of a muttiedisional vector
quantity. For example, the cost of repairing a machine &fikire involves both
time and expense. Total repair costs must, therefore, beureghas a function of
such vector quantities antlis the upper bound on the outcome of this function.

An Adaptive Algorithm for Winner Determination

In our auction model, discussed{r8.1, the winners are declared simultaneously
and the transaction phase involves the simultaneous resmdrall bidders to this
announcement. In some scenarios the transactions proegsbarof negligible
duration and, thus, it may be possible to announce winnerseseially and com-
plete the transaction for each winning bid before declatiregnext winner. Se-
guential declaration of winners increases the knowledgéatbie to the bid-taker
when awarding items.

Example 8.2.1.Consider a combinatorial auction where a horse and cart are for
sale where winners are announced sequentially and transactioe completed
before the next announcement. Three bitig] orseCart,900), B(Horse, 500)
andC(Cart, 500), were entered in the bid submission phase.

We shall now consider a sequential, partial-winner deteation and trans-
action phase. We can offer either the horseBt@r the cart toC initially, and
winning-bid withdrawal will allow us to reassess our optioneathe transaction
phase. Let us assume that the the Horse is offerel sa;md the transaction is
unsuccessful. The WDP is then reduced to a choice betweeniladd C'. The
pair of items are then offered té and if this is unsuccessful the Cart is offered to
C.

Figure 8.1 shows how a problem may arise in the case wherdshgltrans-
acted successfully. Bid can no longer be considered, therefore, the Cart is
offered toC'. If C reneges upon this bid, there is no alternative repair soluti

146



3) Bid submission phase 2) Winner determination (1st phase) 3) Transaction completes successfully
7 Bid B wins

A<HorseCart, 900> C<Cart, 500> A<HorseCart, 900> C<Cart, 500> A<HorseCart, 900>

g ngsom g /X B<Horse, 500> " 0 B<Horse, 500> C<Caf;5°°>

3) Winner determination (2nd phase) 2) Transaction unsuccessful 3) Bid-taker's exposure problem
Bid C wins

m

A<HorseCart, 900> A<HorseCart, 900> A<HorseCart, 900>

i B<Horsg, 500> C<Ca%500> ’ B<Horsg, 500> ’ B<Horsg, 500>

Figure 8.1: Bid-taker’'s exposure problem for sequentiahgimdetermination.

that provides the bid-taker with a revenue greater than 50@ Bid-taker’s expo-
sure problem is experienced when kids withdrawn but it is now reparable iB
is withdrawn. A

Example 8.2.1 shows how the bid-taker's exposure problestilispresent
when winner determination and transactions are conduatgdestially. The
problem is less severe, however, because bid withdrawglisyeparable, whereas
if the Cart was simultaneously awardedat would have been impossible to de-
clare A as winner.

The problem of winner determination in this setting is a B&stic optimiza-
tion problem. Dearet al. [34, 35] describe adaptive algorithms for stochastic
packing problems and the benefits of being able to adapt tamimg information.
One of the four classes of stochastic packing considere85hi$ stochastic set
packing. Recall that the WDP with free disposal is an instariceset packing
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problem. They consider a scenario in which there is ungegtaurrounding the
set of desired items. However, this differs from the typermfertainty that causes
the bid-taker's exposure problem. We have precise knovelefigesired items but
there is a risk that the bid may be withdrawn, in which case#t®f desired items
is empty and the relevant cost coefficient representingitharnount is zero. The
likelihood of bid withdrawal is represented as a discretsbpbility distribution.

An algorithm whose decisions depend upon the observatibwhich previ-
ously declared winning bids is calledlaptive An allocation algorithm, such as
that used in the WSSs framework, that chooses all bids in @agvianon-adaptive

We leave the development of an adaptive algorithm for seiqalemnner de-
termination in the presence of bid withdrawal for future kor
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Appendix A

Glossary

Bayes-Nash equilibrium. In normal form games of incomplete information, the
players have no possibility to update their prior beliefswhtheir oppo-
nents types. All that a player knows, apart from the gamdfi(aad the
priors), is his own type, and the fact that the other playeraat know his
own type as well. As their best responses, however, depernteoplay-
ers’ actual types, a player must see himself through his ogpms’ eyes
and plan an optimal reaction against the possible stratedieis opponents
for each potential type of his own. Thus, a strategy in a Bayegame
of incomplete information must map each possible type ohgédayer into
a plan of actions. Then, since the other players’ types akeawn, each
player forms a best response against the expected strdteggloopponent,
where he averages over the (well-specified) reactions qfasi$ible types
of an opponent, using his prior probability measure on tpe gpace. Such
a profile of type-dependent strategies which are unild{etasdimprovable
in expectations over the competing types’ strategies fanBayes-Nash
equilibrium. Source: [123]

Certainty equivalent. The amount of wealth offered for certain, which gives the
consumer exactly the same utility as the gamble.

Depth-first search. A search algorithm of a graph that explores the first child of
a node before visiting its sibling nodes.

Dominant strategy. A dominant strategy in a game for a player gives a better
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payoff than any another strategy, regardless of what ther gitayers are
doing. It weakly dominates another strategy if it is alwalykeast as good.
Equilibrium bidding strategy. A bidding strategy from which the bidder has no
incentive to unilaterally deviate.
Extensive form game. A game in extensive form is one that can be represented
as a tree, where each node corresponds to a choice by oneptéylees. In
an extensive form game players make choices sequentialigewa normal
form game. However, players are not necessarily alwayseaofahe node
at which they are positioned€., what moves have been made previously).
Escrow. Money, deeds or a bond that may be held in the custody of aphirty
for delivery to a grantee following the fulfillment of the atitions specified.
Free disposal. A bid-taker need not necessarily sell all of the items wherima
mizing revenuei.e. there is no extra cost induced by not selling items.
Game. In general, a game is a formal description of a strategi@asdn in which
players make choices with the intent of optimizing theilityti Formally, a
game includes three features:

1. Each player’s strategy space that is comprised of a satref girate-
gies.
2. Rules for determining an outcome after players’ strategie already

decided.
3. A utility function for each player specifying their payafiven each
outcome.

Game theory. Game theory is a mathematical theory of strategic intevaatihere
multiple players must make decisions that may affect ther@sts of other
players.

Individual rationality (IR). Each player must expect a positive utility from tak-
ing part in a game, otherwise they would not compete. Thissis known
as the “participation constraint”.

Incentive compatibility (IC). 1C conditions in a game induce a strategic equi-
librium for a given array of types. In particular, they maysare that it
be worthwhile for different types to choose the same actiéet in most
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economic problems, incentive compatibility conditionsveeto induce a
strategic equilibrium which reveals the players’ privatiormation by hav-
ing them choose differemharacteristicequilibrium actions.

Mechanism design.Mechanism design is concerned with specifying the rules
of a game where a collection of agents, each holding privetamation
about their preferences over a set of outcomes, interabte@th other in
their own self-interest.

Mixed strategy. A mixed strategy defines a probability over pure strategiad,
randomly chooses a pure strategy based on the distribuiien gy their
mixed strategy. Consequently, every pure strategy is alsxadnstrategy
with a probability of 1 for the relevant pure strategy.

Nash equilibrium. A profile of strategies such that if other players conform to
the equilibrium strategies, no player has an incentive itatarally devi-
ate from his equilibrium strategy. A Nash-equilibrium idfseferential
and constitutes a profile of strategies that form “optimatt®sns” to other
agents “optimal reactions”. Nash equilibrium is the punerfef the basic
concept of strategic equilibrium and as such, it is usefuhigan normal
form games with complete information. When allowing for ranmdzed
strategies, at least one Nash equilibrium exists in any gaitieregular
payoff functions. Note that a game may possess several Npslibea.
Source: [123].

Normal form (strategic form). A game that is a compact representation of a
game in which players choose strategies simultaneously.

Payoff. The utility of an outcome that reflects its desirability to lay@r. The
expected payoff (in the presence of random outcomes) iocatgs the
player’s risk attitude.

Pure strategy. A pure strategy provides a complete definition for a way agiay
can play a game. In particular, it defines, for every possibtice a player
might have to make, which option the player picks.

Risk attitude. A decision makers risk attitude characterizes his williegg to
engage in risky prospects. Focusing on risky prospectsmwithetary out-
comes, a decision maker displays risk aversion if and onheifstrictly
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prefers a certain consequence to any risky prospect whossematical
expectation of consequences equals that certain amounitzeiently, a de-
cision maker is said to be risk averse if and only if he styicdfuses to
participate in fair games (i.e. games with an expected rniebouwe of zero).
He is said to be a risk preferrer if and only if he strictly @nef the above
mentioned risky prospect to its certain consequence. H@ayis risk neu-
trality if and only if he is indifferent between the risky m@ect and the
certain consequence. Source: [123].

Risk premium. The difference between the expected value of the gamblehand t
certainty equivalent.

Social choice function. A functional representation of how to aggregate individ-
uals preferences into an integrated social preference.

Solution concept. A solution concepis used to predict the strategies agents will
choose in order to maximize their utility, thus determinang equilibrium
position for the game. These concepts assume knowledgé adpent pref-
erences, rationality, and shared information about onerofthe best known
concept is that of a Nash equilibrium.

Strategy. In a normal form game a strategy is one of the given possiliierescof
a player, whereas in an extensive form game it is a complateqdlactions.

Strategy space.A player’s strategy space is the set of pure strategiesadlaito
that player.

Winner’s curse. The revelation of competing (losing) bidders’ valuationers
reduced profitability, or possibly even a loss, for a winnbidder. This
problem known as the winner’s curse.

Zero-sum game. A game whereby the sum of payoffs to all agents is zero for any
outcome.
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