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Chapter 1Introduction
1.1 Agents and electronic marketsMulti-agent systems are one of the most promising new technologies to emerge in recentdecades, at the crossroads between several �elds such as arti�cial intelligence, distributedsystems, economics and even sociology. Some authors [16, 231] have outlined a vision, inwhichmany of the tasks performed today by humans are delegated to intelligent, autonomousand proactive programs, generically called software agents. A system composed of severalsuch agents is called a multi-agent system (MAS).Electronic markets represent key coordinationmechanisms in multi-agent systems. Theyallow parties to ef�ciently allocate resources, tasks and capabilities in large distributed sys-tems, composed of self-interested agents. The rapid rise in electronic commerce and mar-keting, logistics, distributed networks (among many others) have made the development ofagent technologies capable of automating such processes increasingly important. For exam-ple, electronic commerce has witnessed an exponential increase in the value of the goods andservices sold online just in the past few years. It is not just the sale of physical goods thathas greatly increased, but also the sale of �virtual� services, such as screen attention spacefor displaying advertising in e-commerce, or keyword hits by surfers using search engines.Such sales require frequent, repeated interactions, which are the type of processes that arelikely to bene�t most from automation using software agents.There are many challenges that designers of agents acting in electronic markets mustface. Perhaps the most easily recognized challenge in designing and using such a system,is the lack of centralized control. Agents are autonomous actors, that take their own deci-sions, rather than simply executing operations assigned to them by an outside process (suchas objects or web services do). Furthermore, perhaps more importantly, they are often self-interested actors, whose goals and objectives may not match. For example, in optimizinga transportation logistics network involving several carrier companies, the optimal alloca-1



2 Chapter 1tion of loads from the perspective of each company may be very different than the optimalallocation for the entire system. In other application scenarios, such as online advertising,agents representing different companies actively compete for virtual commodities, such asconsumer attention space.An important challenge in MAS is the presence of uncertainty, i.e. incomplete or im-perfect information, both regarding the market environment, the preferences, strategies andbehaviour of the other agents and, sometimes, even uncertainty in specifying the agent'sown preferences. Furthermore, unlike assumptions commonly made in game theory, theagents are bounded rational actors and often have to make decisions in limited time, underrisk aversion or based on other constraints imposed by their owners or the market environ-ment. Moreover, the opposing agents participating in the same market may also be boundedrational and even act `irrationally�, which makes modeling the agent's own �optimal� or�rational� behaviour in such a setting even harder.Another important approach in the study of agent-mediated electronic markets are theso-called complex systems techniques. The aim of such approaches is to examine how orderand structure can emerge in a large system composed of many autonomous entities (i.e.agents), acting independently, without any central controller to provide coordination. Therecent surge of interest in systems such as web communities and online electronic markets,where structure emerges out of individual agent decisions, makes such questions increasinglyimportant.1.2 Negotiation (bargaining) vs. auction protocolsNegotiation, very broadly de�ned, is the �process by which a group of agents communicatewith one another to try to reach agreement on some matter of common interest� c.f. [111,189]. Automated negotiation has been at the forefront of research interests in the multi-agentresearch community ever since the beginning of the �eld [129, 189].One of the main distinction lines being drawn in existing literature is between automatednegotiation (bargaining) protocols and auction protocols [111, 147]. Bargaining is alwaysa decentralized process and is typically (though not necessarily) based on an �alternatingoffers�-type of protocol. Some authors [111, 115, 175] (among others) argue that bargain-ing does have some advantages over auctions, especially in multiple issue cases, in whichthere is incomplete information about the opponent preferences (or even uncertainty aboutthe agent's own preferences) and the space of possible deals to be explored is very large.Bargaining also allows more �exibility in how the negotiation is modeled, as well as a de-gree of self-interest on the part of the agents. Some sources [87, 115, 175, 179] even arguethat, in electronic commerce, multi-issue negotiation should be modeled, at least partially,as a cooperative process, because sellers have an interest in maintaining a good relationshipand the long-term satisfaction of their buyers.Auctions, on the other hand, follow protocols with �xed rules, that typically rely on atrusted center to collect the bids and compute the winner (or winners) and corresponding



Introduction 3payments. Auctions have a long history of research in �elds economics [38, 127, 158, 159],management science [190], but also arti�cial intelligence and theoretical computer science[27, 55, 58, 59, 81, 142, 174, 194]. They have been the method of choice for automating elec-tronic marketplaces.In our work, we have looked at both mechanisms, for different settings. Our initial workin the topic started on designing ef�cient bilateral negotiation mechanisms, �rst for linearutility functions (Chapter 2 of this thesis), then for complex, interdependent utility functions(Chapter 3). We have also looked at designing bidding strategies for sequential auctions,in settings not previously considered in existing literature, such as the case when some ofthe agents are risk averse (Chapter 4), or when options are auctioned instead of the itemsthemselves (Chapter 5).This thesis takes an engineering approach, meaning that we aim to identify open prob-lems, and then engineer and validate solutions for them. We do study to what degree theseproblems can be addressed using an analytical, mathematical approach in so far as possible.However, many negotiation and auctioning processes are too complex to be solved using apurely analytical approach, as is normally the case for real-world problems. In such cases,experimental validation is a promising alternative, which was used extensively in this thesis.A common thread running through the research presented in this thesis is that we takethe heuristic approach to the design of bidding agents. That is, we focus our attention ondesigning the strategies that bidding agents use to bid or negotiate in a given market envi-ronment (usually one widely encountered in practice), not the market protocol itself. This isan important distinction, as explained in the next section.1.3 Designing for strategic behaviour: market mechanismsvs. individual agent strategiesWith the growth of interest in electronic markets, several research lines have emerged,proposing different approaches to modeling strategic, self-interested behaviour when allo-cating resources or tasks among a set of agents. One of the most promising such approachesis computational mechanism design - or to be more precise, that part of mechanism designtheory that concerns design of electronic markets.Mechanism design initially developed as a branch of algorithmic game theory [168]. Ba-sically de�ned, mechanism design is concernedwith de�ning the �rules of the game� (i.e. themarket mechanism), such that the outcome (i.e. �nal allocation of the items, together withthe corresponding payments) guarantees certain desiderata (i.e. properties). Commonly-cited desiderata include, for example: Pareto-optimality, ef�ciency, budget balance or indi-vidual rationality [58].Besides from these game-theoretic desiderata, computational requirements (i.e. the com-putation time or memory needed to �nd such a mechanism) often play an important role. Themechanism design approach aims to relieve the need of strategic reasoning on the part of the



4 Chapter 1bidding agents, as the structure of the market provides bidders with an equilibrium biddingstrategy. Different equilibrium concept exist, varying in their strength, e.g. dominant strate-gies, ex-post ef�cient, Bayesian. The most desirable market mechanisms are strategy-proofmechanisms, i.e. those mechanisms in which truthful bidding is the dominant strategy.The mechanism design approach has proven to be very successful in many applications.However, there exists a wide range of practical settings for which it is unrealistic to assumethat one can design a completely new market mechanism from scratch. Furthermore, manymechanisms proposed by this line of research often involve allocation and bidding rules thatcarefully designed and mathematically sound, but may be counter-intuitive for human usersof the system.Moreover, in many real-life allocation problems, there is more than one market an agentcan/should participate in, and the strategic behaviour across �market borders� becomes thecrucial issue. Even if an agent has an optimal (e.g. dominant) bidding strategy in each of themarkets he participates in, when coordinating the bidding in different markets, his optimalstrategy may be very different from the dominant strategy for each market taken in isolation.One such example is bidding in a sequence of second price (i.e. Vickrey) auctions, foragents which have complementary utilities over the items being offered [27, 89, 187, 217]1. Although the agents in such a sequential auction have a dominant bidding strategy ineach individual Vickrey auction taken in isolation, bidding optimally in a sequence of suchauctions is a complex decision problem, and the bids placed in the optimal sequential biddingpolicy may differ considerably than the dominant bids in the individual auctions 2.Similarly, a related decision problem is faced by agents bidding in a set of simultaneouslyascending ascending English auctions, when agents have complementary utility functions [1,184]. Whereas a simple, dominant bidding strategy exists for each English auction taken inisolation, determining the optimal bidding strategy for the entire set is a challenging problem,for which no dominant strategy results are known. Intuitively explained, it is dif�cult fora bidding agent to distribute the additional complementarity value across a sequence or aset of simultaneous auctions, because an agent can only know if he can bene�t from thecomplementarity once all items in the desired bundle have been acquired (i.e. once all theauctions close).While the computational mechanism design community has began to address some ofthese challenges, through such techniques as online mechanism design or adaptive mecha-nism design [33, 74, 92], these approaches still impose several restrictions on the structure ofthe problem, and for many market setting widely used in practice, no dominant equilibriumstrategies are [yet] known to exist.The research performed for this thesis mostly follows the other main direction of research1While these notions will be formally de�ned later, intuitively, a complementary valuation implies that an agentassigns a combination of items a super-additive utility (i.e. a utility higher than the sum of the items taken individ-ually), while substitutability implies a sub-additive utility (see Chapter 3)2In a sequence of auctions, this is true whenever either complementarity or substitutability effects exist betweenitems, or there are other preference constraints to account for, such as budget constraints or aversion to risk (c.f.[27, 89, 187] and Chapters 4 and 5.



Introduction 5on agent-mediated electronic markets: given a market structure and protocols, how can onedesign the optimal agent strategies for bidding in such markets?Work on designing bidding agents' strategies also has a relatively long history in theMAS community [1, 27, 81, 83, 89, 184, 188, 223] (among may others). Several platformshave been proposed to enable comparison of different auction trading strategies (as well aslearning and adaptation heuristics). The most well-known is the Trading Agent Competition(TAC) platform, with its different versions: TAC classic, TAC supply-chain managementetc. [96, 192, 227, 230]. The market structure for the TAC competitions is built to resembletrading scenarios that would be encountered in practice. Reasoning required for the trad-ing agents in these platforms combines elements of both ef�cient bidding in sequential andsimultaneous auctions, as well as learning, anticipation of future orders, inventory manage-ment etc. Another direction of work (mentioned here for completeness) examines biddingheuristics for double auction settings [226], which is characteristic to �nancial markets [124].As already discussed, in this thesis we also take the heuristic approach, and we are mostlyconcerned about the design of agent strategies, rather than the the market mechanism itself.In particular, we are concerned with one aspect of the problem, which is how to model andef�ciently use preference information of the agents taking part in such markets.1.4 Modeling preferences and utilities in agent-mediatedmarket settingsIn building ef�cient electronic markets, the method of modeling and reasoning about thepreferences of participating agents is a key modeling choice. Some sources call model-ing preferences of buyers and providers remains the �Achilles' heel� in the application ofmulti-agent resource allocation to industrial procurement settings [46]. There are, however,considerable differences as to their meaning of the terms �preference� and �utility� in dif-ferent sources in the economics and multi-agent system literature. In the broadest sense,preferences express the �relative or absolute satisfaction of an individual when faced with achoice between different alternatives� [46]. In this thesis, we broadly distinguish betweentwo broad classes of concepts of preference or utility: preferences in combinatorial settings(i.e. to reason regarding multiple criteria or multiple items) and preferences under uncer-tainty.Most existing literature on multi-agent resource allocation and market mechanisms con-siders combinatorial preferences and utilities. Combinatorial preferences are either multi-item (i.e. involve expressing preferences over combinations of items) or multi-issue or multi-attribute (e.g. involve combinations of attributes for the same item, e.g. colour, price andmileage for a used car, to take the example used in Chapter 2). Moreover, in many (if notmost) realistic applications, it is reasonable to expect that there are complex dependenciesbetween attributes or items, and the choice in one may affect the choice made for a subset ofothers (i.e. the preferences are non-linear). Ef�cient representation and reasoning with such



6 Chapter 1non-linear, combinatorial preferences in market situations is a complex problem, which wediscuss in Sect. 1.7 below.Another perspective on de�ning preferences considers the complex decisions an agentfaces, not so much with respect to specifying desired combinations over multiple items orissues, but with respect to uncertainty about the future. This appears to be a standard under-standing of �preference� in some �elds, such as econometrics. For instance, in a 2006 MITtextbook on econometric analysis of auction data [171], the chapter regarding preferencesdeals exclusively with preferences towards risk. In this thesis, we consider both perspec-tives on preference, and both types of market-based interaction discussed above: bilateralnegotiation and auctions, although for different problems.1.5 Emergence of collaboration and structure in multi-agentsystemsAs noted in Section 1.1, another important problem arising in multi-agent systems is thelack of centralized control. Nevertheless, many systems occurring in real-life that one wouldintuitively recognize as �multi-agent�, exhibit a remarkable degree of structure, althoughthey lack any recognizable central authority or �controller�. Instead, order seems to emergefrom the decentralized actions of many autonomous agents, acting independently to satisfytheir own interest. Examples of such systems include: the formation of equilibria and pricingstructure in markets (a phenomena �rst referred to by Adam's Smith as the �guiding hand�),emergence of stable vocabularies in human languages (but also in tagging systems) [40, 93,206], formation of stable groups in online social networks [131] etc. This raises questions notonly regarding the existence and properties of such stable structures, but also the dynamics ofthe process, i.e. how do they form, especially in an environment with no central informationsource and/or self-interested parties.One of the recently emerging �elds that aims to study such phenomena is complex sys-tems theory [11, 160, 228]. The seminal work of Robert Axelrood on the evolution of co-operation [7] marked a turning point, since it showed, through computer simulations, howcooperation can emerge in a multi-agent system, even in the absence of a central authority.A related discipline that aims to examine complex-systems type phenomena throughlarge-scale simulations is agent-based computational economics [218]. There has been muchwork recently in this area. For example, researchers have simulated the dynamics of arti�cialagent societies [7], stock markets [6], and even entire economies [37, 68]. The developmentof the web has given a new stimulus to this work, and researchers have built complex sim-ulations of the emergence of social networks [131], online market systems [54] or arti�ciallanguages and semiotic dynamics [42, 210].But, perhaps more important, the emergence of the �social web� provides, for the �rsttime, the opportunity to test these hypotheses empirically, on real-world data. In fact, whilethere has been a lot of work on simulations (starting from different assumptions), only re-



Introduction 7cently did researchers begin to study this problem at an empirical level, using large scaledatasets generated by the actions of very many (thousands, or in some cases even millions)of web users.Interestingly, many of the effects found resembled closely what was hypothesised incomplex systems theory from the beginning. In particular, it appears that there are impor-tant �network effects� when many users collaborate online and make decisions in an on-line community or marketplace. What this means, basically, is that the actions and choicesmade by previous users may considerably in�uence the choices made by future users. Thistype of self-reinforcing feedback loop often gives rise to the so-called �power law� distri-butions [11, 41], which are characteristic of large-scale systems that can be characterised as�complex�.This thesis makes two important contributions to understanding the emergence of socialstructure in such large-scale, decentralized systems. One is collaborative tagging (resultspresented in Chapter 6) and sponsored search markets (Chapter 7).1.6 Positioning of the contributions of this thesisThe previous discussion identi�ed some important open challenges in understanding anddesigning multi-agent systems:� Complexity of representing (and reasoning with) complex preferences. These includeboth combinatorial preferences and preferences towards risk and uncertainty.� Strategic reasoning of agents based on these complex preferences, especially for caseswhen agents are self-interested.� Lack of central control, and especially, the emergence of cooperation in the absenceof a central authority.In this thesis, we aim to make several contributions to the state of the art in understanding,modeling and solving these challenges, as follows.Part I of the thesis is mostly concerned with the issue of modeling combinatorial prefer-ences (multi-issue or multi-item) in bilateral negotiations. Chapter 2 considers how prefer-ence information can be ef�ciently used in a negotiation model in which users preferencesare expressed over several discrete attributes and one continuous attribute (price). Chapter 3considers how complex, multi-issue negotiations over many binary items or bundles of itemscan be modeled using utility graphs. Part I also deals with some issues related to strategicreasoning, since, although bilateral negotiation is often a partially cooperative process, thereis an important degree of self-interest involved on the part of the bargaining agents.Part II of the thesis can be seen as mostly dealing with preferences in uncertain envi-ronments and strategic reasoning, in particular the strategic reasoning of agents with inter-dependent valuations participating in a sequence of auctions. Chapter 5 discusses how a



8 Chapter 1priced options mechanism can help solve the exposure problem bidders face in a sequen-tial auctions setting (and implicitly, the strategic reasoning it involves during the biddingprocess). But the issue of preference is also important in this part as well, although in theform of agent preferences towards risk, when faced with an uncertain future. In this context,Chapter 4 examines how an agent's preferences towards risk affects his/her optimal biddingpolicy and resulting market allocation.Finally, Part III of the thesis studies the issue of lack of centralised control, more particu-lar the emergence of collaboration and structure in a large multi-agent system, in the absenceof a central controller. For this part, we use large scale, empirical data from two important�social web� applications: collaborative tagging and sponsored search markets. While in incollaborative tagging, for instance, the issue of strategic/game-theoretic reasoning does notplay a direct role (since there is no competing allocation of some scarce resource), still theissue of how agents take decisions is a crucial one to model. Arguably, there is also a con-nection to the issue of preference, since through their choice of tags and links to click agentsexpress an implicit opinion (which may or may not be in�uenced by that of other users).The rest of this introductory chapter is organised as follows. In the following sections(Sect. 1.7-1.10), we give more detailed descriptions of the problems in this space which weaim to address in this thesis, as well as brief abstracts of our results for each. In Section 1.11we give the overview of the structure of [the rest of] the thesis. Section 1.11 also summarizesthe structure of the thesis through a diagram, such as to more intuitively highlight and explainthe relations that exist between the different chapters. The introduction concludes with a listof resulting refereed publications related to each chapter.1.7 Modeling of combinatorial preferences (multi-issue ormulti-item) in bilateral negotiationsThere are many ways to express a choice between multiple outcomes de�ned in multi-agent,economics and AI literature. A taxonomy of preferences used in the multi-agent literaturewould include:� Qualitative preferences: No numerical utility values are assigned to outcomes, onlyvalue labels such as �good�, �very good�, �unsatisfactory� etc.� Quantitative preferences: Preference over outcomes are expressed in the form of autility function (to be de�ned below). Note that sometimes qualitative and quantitativepreferences taken together are called �cardinal� preferences.� Ordinal preferences: only an order can be speci�ed between ranking (i.e. through anasymmetric and transitive preference relation between alternatives).� Fuzzy: - a degree of preference can be speci�ed for each alternative, etc.



Introduction 9In this thesis, we generally consider quantitative preferences, i.e. those preferences for whicha user can assign a numerical value (either utility or monetary value) to possible outcomes(or combination of items), and the discussion in the following sections of this introductionrefers to the quantitative case.However, note that, if one de�nes preference as any choice between several outcomes oralternatives, the concept of preference can be constructed as broader. For example, actionssuch as choosing a tag that other users have also selected in the past (see Chapter 6), orclicking on the link at the top of a list, in order to save reading time (see Chapter 7) maybe seen as expressing an implicit preference. We return to this idea in Section 1.10, whendescribing the chapters in Part III of the thesis - the discussion in the following sectionsreferring to the case of quantitative, economic preferences.The basis of quantitative preference modeling is utility theory. Following the work ofKenney and Raiffa [179], many multi-issue negotiation and resource allocation models usea utility function, which maps the outcome space over a set of issues (attributes, criteria) toa utility value, which is frequently - though not necessarily - scaled between 0 and 1. Thecrucial thing to note is that Raiffa's models and much of the initial research on multi-issuenegotiation considers linearly additive utility functions, i.e. each issue/attribute under nego-tiation is assigned a weight, and the utility of each possible outcome/contract is computed asa weighted sum over the issues under negotiation.A special subclass of quantitative preference functions, which is implicitly used in mostof existing auction literature, are the so-called �quasi-linear� preferences. This basicallymeans that the utility of the agents is expressed in monetary terms (as an amount of money),as opposed to utils (i.e. conventional units, usually scaled between 0 and 1). This can beviewed as a restriction for some settings, as real utility functions over monetary endowmentsare known to be concave, i.e. humans are known to have a decreasing marginal utility formoney (see, e.g. [171]).1.7.1 Pareto-optimal outcomes in multi-issue negotiationAs shown in [179], multi-issue and multi-attribute negotiation models are fundamentallydifferent from single-issue negotiation (such as bargaining over a price). Multi-issue ne-gotiations represent non-zero sum games, in the sense that it is possible to �nd mutuallybene�cial trade-offs between the issues under negotiation such as to increase the gains forboth parties. Raiffa also shows that the more asymmetric preferences between the negotia-tors are, the higher the potential for mutually bene�cial trade-offs between the issues.The main criteria to measure how ef�cient an agreement (or contract) is the so calledPareto ef�ciency. An outcome is said to be Pareto optimal if it is not strictly dominated byany other outcome in the preferences of both (or all) sides (agents) in a negotiation. Thatmeans, there are no trade-offs possible that would increase the utility of one agent, withoutmaking another agent worse off. The set of all Pareto-optimal points form the so calledPareto-frontier. The distance of an outcome to this frontier gives a measure of how ef�cient



10 Chapter 1that outcome/contract is.An important concept in designing multi-issue negotiation models is the uncertainty re-garding opponent preferences, de�ned here as the amount of information regarding the op-ponent preferences available when making negotiation offers.Direct vs. indirect revelation mechanismsThe literature on agent-mediated electronic markets identi�es twomain approaches bywhichagents can share their private preference information:� Direct revelation mechanisms. Direct revelation mechanisms are based on the revela-tion principle [58]. Basically explained, the revelation principle states that any allo-cation mechanism with a certain equilibrium can be transformed into another mecha-nism, in which a trusted center asks the agents to truthfully reveal their preferences andimplements the original equilibrium (and allocation) on their behalf. This means thattypically (though not exclusively), direct revelation leads to a centralized allocationmechanism, such as a combinatorial auction.� Indirect revelation mechanisms: In this type of mechanism, the agents are not assumedto directly reveal their preferences to the other agents, but communicate their prefer-ences throughout their counter-offers (or their bids, for an auction). For instance, ina bilateral, multi-issue negotiation over the sale of a car (see [115, 116] and Chap-ter 2 of this thesis), the agents do not directly reveal to each other how much theyare willing to pay to get their favourite colour or their favourite accessories (e.g. CDplayer, air conditioning) installed, but in practice, this can be deduced indirectly fromthe offers/counter-offers they make. Similarly, an agent representing a customer on alarge electronic commerce website (see [185, 186, 220] and Chapter 3) does not haveto reveal all his preferences to the merchant, but the merchant (who may or may notalso act as the auctioneer) can learn part of their preferences from previous counter-offers.Basically, in this thesis we take the indirect revelation approach, as we argue this is morerealistic in many real-life applications, in which only a limited degree of trust exists betweenparties in sharing information and no fully trusted third party can be established. The rea-sons for this may be endogenous to the negotiation mechanism (e.g. there is no �optimal�incentive compatible mechanism and the opponent may use any information supplied to geta better deal for himself) or exogenous (e.g. it may be undesirable to have to specify prefer-ences over the whole set of alternatives, due to privacy concerns or future business interests).Furthermore, for complex non-linear preferences, there are also preference formulationand communication costs. As we show in Chapter 3, because of bounded rationality andcommunication ability, it is often dif�cult for an agent herself to formulate and communicatebids over all possible item combinations in advance.



Introduction 11In the remainder of this introduction, we will discuss some important directions of re-search into modeling preferences in agent-mediated markets, followed by brief descriptionsof the contributions made in this thesis to open problems in the �eld. Therefore, some sec-tions of the introduction present important concepts from a general point of view, while othersections describe how these general concepts were extended by our own research, describedin the chapters of this thesis. The goal is to allow the reader to get a better understand thepositioning and contribution of our work with respect to the state of the art in the �eld.1.7.2 Modeling multi-attribute negotiation with incomplete preferenceinformationAn important direction of work in the literature on multi-issue negotiation is how to designef�cient bargaining strategies in settings when agents do not have any information about theopponent's (i.e. negotiation partner's) preferences. They may have, however, some priorknowledge about the domain they are negotiating about. This prior domain knowledge canbe, for example, fuzzy logic distances between attributes, such as the perceptual distancebetween different colours (such as in [71, 163]), or an ordering between a set of qualitativeattribute labels (such as �good�, �standard�, �meager� etc), in our research (see Chapter 2).The work presented in Chapter 2 and [115, 116] considers such an incomplete informa-tion negotiationmodel. The aim of this model is to investigate the role that partially revealingpreference information can improve the outcome of a multi-attribute negotiation. As a prac-tical domain case, we considered a bilateral negotiation between a buyer (customer) and aseller (car dealer) over the sale of a car. The negotiation is not exclusively on price, but alsoon the quality of the accessories which the dealer has to install in the car to get the dealdone (such as a CD player, extra speakers, air conditioning and tow hedge). In this setting,we show that it is possible for both parties to reach close to Pareto-ef�cient agreements, byrevealing only partial (i.e. incomplete) information about their preferences of the negotiationpartner. Furthermore, we proposed a novel guessing heuristic, by which an agent uses thehistory of opponent's bids to predict his/her preferences in order to propose better deals.1.7.3 Non-linear and combinatorial preferences in negotiationA crucial problem in applying multi-issue or multi-item negotiationmodels in many realisticsettings is the fact that there may be complex inter-dependencies between different issues,leading to non-linear preferences or utility functions [108, 126, 138, 186]. The problem ap-pears both when considering integrative, multi-issue negotiations, as well as negotiationsover bundles of items [46, 186]. In both these cases, it is important to allow for conciserepresentations of the utilities over possible outcomes 3.3The problem is in fact, two-fold. First there is the complexity related to preference formulation of combinatorialpreferences, as well as one of preference communication complexity.



12 Chapter 1The easiest way to represent preferences is to enumerate all possible outcomes (or com-binations of goods), together with their utility value for those goods (monetary or otherwise).This is called the explicit form of preference representation (or �bundle form�). The explicitform is fully expressive, in the sense that any utility function may be described by listingall possible combinations and their values. It is, however, impractical for most non-trivialsettings, as the number of descriptions would be exponential in the number of resources (e.g.for only 50 binary issues or items, 250 > 1015 values would need to be assigned - see Chap-ter 3). This has prompted another important direction of research in electronic markets, thatof designingmore concise utility representation (or preference) languages. There are severalclasses of such preference languages:� Bidding languages, which are typically used in combinatorial auctions to allow agentsto formulate their bids (and, implicitly, communicate their preferences to the auction-eer). Some speci�c bidding languages include:� � The OR language: The agent can specify an array of valuations over differ-ent subsets of items in a given bundle of items. The value of any combinationcan then be computed as the maximal value that can be obtained as a sum overdisjoint subsets speci�ed [46]. For example, in the bid: < fI1g; 3 > OR <fI2g; 3 > OR < fI3g; 3 > OR < fI1; I2g; 8 > expresses that the bidder iswilling to pay 3 for either I1; I2; I3 or 11 for all 3 items (in this case, it is betterto take the value of the subset < fI1; I2g; 8 > than the values of each individualitem separately). Because the OR dependency is not exclusive, the OR languagecannot express substitutability dependencies, i.e. it cannot express the fact thatgetting a combination of items has lesser utility than the sum of individual items.In the above example, it is not possible for the agent to express that he is onlywilling to pay 4 if he gets both I1; I2. If the bid < fI1; I2g; 4 > were addedto the set of bids placed, then the auctioneer would simply match the bids overthe individual items < fI1g; 3 > and < fI2g; 3 > (as any terms of the ORdependency may be chosen).� �Exclusive OR� (i.e. XOR) bidding language [194] - is an alternative to OR, inwhich all combination bids are assumed to be mutually exclusive. For example,in the above example, a bid such as: < fI1g; 3 > XOR < fI2g; 3 > XOR <fI3g; 3 > XOR < fI1; I2g; 4 > means that the agent (bidder) can either useonly one item from I1; I2; I3 with a utility of 3, or the combination of fI1; I2gwith a utility of 4, but no other combination (so, e.g. getting both I1 and I3would still only have the utility of 3). XOR is fully expressive, in the sense thatit can represent any monotonic utility function. However, XOR may have a highcommunication/elicitation cost, even for simple settings. An example is the util-ity function that, for any set R of items I1; :::In 2 R, simply counts the numberof items the agent owns - i.e. u(R) = jRj. Such a function would require anexponential number of bids in the XOR language, but only a linear number inOR language. This is because, using XOR, all combinations speci�ed are mutu-ally exclusive, so all possible combinations of the n items of size jRj needs to be



Introduction 13speci�ed as a terms in the bid. Because of this issue, and because OR language isconsidered more natural way to represent preferences, there exists a line of workthat aims to extend its expressiveness, without requiring an exhaustive listing ofXOR bids [169].� Weighted propositional formulas and straight line programs are other alternatives torepresenting complex preferences, which make use of logical formalisms. For exam-ple, weighted propositional formulas are derived from a qualitative form of preferencerepresentation, in which the preferences of the agent are expressed as goals. In theweighted case (unlike in purely formal logic approaches), goals can be assigned a util-ity weight if satis�ed. We do not deal with this kind of preference languages in thispaper, but the reader can consult [139] for the full details of this approach.� The k-additive form [46, 55, 186] (also called the polynomial form [133]) is anothernatural and concise method to represent combinatorial preferences. K-additive func-tions can encode synergy (complementarity or substitutability) effects between subsetsof up to k items. For instance, if we denote by x1; :::xn the instantiation of the set ofn items, the expression for a 3-additive utility form (i.e. taking a maximum k=s) is:U(x1; :::; xn) = X1�i�n�ixi + X1�i;j�n�i;jxixj + X1�i;j;k�n�i;j;kxixjxk (1.1)Where x1; ::; xn represents a vector of 1 and 0, denoting whether an item is (or is not)considered in the combination being evaluated, the reals �1:::�n;n;n;n are the param-eters of the function, while k (same k as in �k-additivity�) is the maximum rank of thepolynomial, i.e. all the polynomial terms having a rank above kmax have the coef�-cients � = 0. Linearly additive functions form a subclass of the k-additive class, asde�ned above, for kmax = 1. The k-additive form is fully expressive, for unboundedk. This means that, if k is suf�ciently large, it can be used to express any utility func-tion over a given, �nite, binary set of items. In practice, although (as discussed inChapter 3 this thesis), in order for this representation to be computationally useful, themaximum rank of the polynomial k is generally assumed to be bounded to a limitedvalue (e.g. 2-4, as discussed in Chapter 3).1.7.4 Modeling multi-item negotiations over k-additive utility functionsusing utility graphsIn Chapter 3 of the thesis, we consider the case of modeling complex bilateral negotiationsover a set of multiple, binary issues (which can also represent a bundle of items). From theconcise representation forms discussed in the taxonomy from Sect. 1.7.3, the one we used,as we found it most natural in the context of the multi-issue negotiation, is the k-additiveform. This representation is a natural extension of linear utility models already used in muchprevious multi-issue bargaining literature although, as we will show, allowing any degree on



14 Chapter 1nonlinearity in preference makes the bargaining problem considerably harder. For example,in Eq. 1.1 above, the case of kmax = 2 is already much harder than kmax = 1.Multi-issue negotiation with non-linear utility functions is known to be a complex prob-lem, even for the case of binary issues [108, 126, 207]. The state of the art in this �eldproposes complex solutions that involve a mediator, as well as techniques such as simulatedannealing [126] or econometric methods [207] that are either computationally expensive ordo not scale well for settings with many issues. In [186] (corresponding to the �rst partin Chapter 3) we introduce a novel utility graph formalism for modeling nonlinear (i.e. k-additive) preferences, and we show how such graphs can be used to model and learn oppo-nent preferences in complex, multi-issue negotiations. Utility graphs are originally inspiredfrom probabilistic graphical models, but they encode utilities, rather than probabilities. Themain idea behind our approach is to use the structure of the graphs to restrict the opponentmodeling and search to the most promising region of the utility space. A seller agent canstart a negotiation with an approximation of the utility function of a typical random buyer inthe form of a maximal utility graph, and then re�ne this model based on the counter-offershe observes during the negotiation. In our case, the initial utility graph re�ects the priorinformation that the seller has about how the utility function of a random buyer is structured,in order to help in the search.An important question is, of course, how does the seller acquire this initial buyer utilitygraph approximation. One solution is to assume some prior domain knowledge, such asplausible constraints on the shape a utility function could take (which may be reasonablefor some settings). For e-commerce domains, we have proposed another alternative: usingcollaborative �ltering on previous sales data, that will be presented after the discussion inthe next subsection.1.7.5 Individual preferences and social in�uenceIn the previous discussion on combinatorial preferences, preferences are de�ned from asingle-agent perspective, meaning that the utility of any agent is assumed to be private andindependent of what other agents may desire. Otherwise put, if a seller encounters a buyerand negotiates with him the con�guration of a product or the composition of a bundle ofitems, he will assume that the preferred combinations of this particular buyer are completelyindependent of what other buyers encountered wanted in the past. This is, in fact, a standardassumption in much of negotiation and auction theory.However, existing practice in electronic commerce suggested, for the Chapter 3 of thisthesis, an alternative approach. The success of social search in providing online buying rec-ommendations provides considerable evidence that preferences are not strictly independent,but are in some way clustered. Consider for example, the case of Amazon.com, who hasseveral million book titles in its collection. Eliciting, for each individual customer, his/herpreferences over these books to propose acceptable bundles for the buyers would be a nearlyimpossible task. However, Amazon implicitly assumes that if a large numbers of customersthat bought a certain book in the past were also interested in another book (or set of books),



Introduction 15then there is a high probability that future customers may be interested in this combinationas well. For instance, if a customer buys a book on travelling to Portugal, the Amazon en-gine assumes he may also be interested in a book on travel to Spain, since many customersencountered in the past showed interested in both. Therefore proposing a deal (e.g. postagereduction, or a small discount) may be a good way to incentivise the customer to buy bothbooks from the site.Note that this does not always have to be a correct prediction: in fact many customersmay not be interested in the exact combination proposed. However, it does provide a goodapproximation in searching the space of a customer's preferences, even if the customer wasnever encountered before.Traditionally, research in multi-issue negotiation does not explicitly model this socialdimension of customer preferences, or consider the role that social in�uence plays on thestructure of utility functions. We show that having an explicit representation that relates thetwo �elds (in our case in the form of utility graphs) allows us to considerably improve searchin an online negotiation setting. Furthermore, the interaction between these �elds does nothave to be one-way: negotiation also has a lot to add to web-based recommendation inelectronic commerce. Through an iterative negotiation process, the initial proposals (basedon anonymous, aggregate preferences) can be customized to the preferences of a particularcustomer, based on the indirect revelationmade through his/her counter-offers in negotiation.1.7.6 Learning the structure of utility graphs used in multi-item nego-tiation through collaborative �lteringOur approach to modeling opponent preferences in negotiation makes use of the above in-tuition. Chapter 3 of this thesis proposes a novel collaborative �ltering method by whichpreviously concluded negotiation data can be used to construct the initial approximation ofthe utility graph of a random buyer that the seller can use in later negotiations. The sellerwill then adjust (learn) the values in the graph, for each speci�c negotiation, based on thecounter-offers the buyer makes, until an agreement is reached over the bundle combination.Therefore, we take what can be described as a two-step customization approach: initially,an approximation of the maximal structure of a utility graph for a random buyer is obtainedusing collaborative �ltering on all concluded negotiation data (which does not have to bebuyer-speci�c). Then, this deal is re�ned through offers and counter offers during the nego-tiation with a speci�c customer.We show that the combined approach can enable buyers and sellers to reach ef�cientagreements even in complex non-linear settings, involving only indirect revelation (althoughthere are some assumptions regarding the maximal complexity of the utility graphs that abuyer can have). One of the contributions of this approach to the state of the art in automatednegotiation is that it provides a link between the customization techniques used in multi-issueor multi-item negotiation and those used in collaborative �ltering and social computing. Infact, we show that the use of collaborative �ltering techniques can lead to more ef�cient



16 Chapter 1and shorter negotiations for complex, non-linear utility settings than was reported in otherresearch [126].1.8 Preferences under uncertainty and bidding in sequen-tial auctionsIn the previous discussion, we have mainly discussed the concept of preference (or utility)in the context of integrative negotiation, in which the allocations for all items (or issues) isagreed at the same time. Thus, when an agent speci�es a preference by assigning a mone-tary value to a combination of items, he is bidding for an entire combination, and there isno uncertainty that he will not get some of items in the agreed con�guration, if the seller ac-cepts the offer. This is a reasonable assumption for integrative negotiation and combinatorialauctions (where the allocation for all items is negotiated simultaneously). However, it doesnot hold for other widely used allocation mechanisms, such as sequential/simultaneouslyascending auctions [27, 89, 184, 217] or one-by-one issue negotiations [72].In this section (corresponding to Chapters 4 and 5 of the thesis), we consider the casewhen agents have to bid sequentially items sold in different auctions, without knowing withcertainty that they will get the entire combination of items they desire. In such cases, eco-nomic theory identi�es another important class of preferences, preferences towards risk.Risk aversion is a very important part of economic theory - in fact, a 2006 MIT textbook onthe econometrics of auction data [171], the chapter on �preferences� is basically concernedwith preferences towards risk.The way econometric theory models risk aversion is through the so-called Neumann-Morgenstern preference functions, in which the utility derived by an agent from a certainamount of money is not a linear function, but a concave one. Otherwise stated, utility func-tions are not quasi-linear, in the sense that the utility that each agent derives from an amountof money is not directly proportional to the amount paid/received.In the following, we brie�y de�ne the exposure problem in sequential auctions, the rolethat risk aversion plays in the bidding decision, as well as an overview of the contributionsin Chapters 4, 5 and Appendix A.1.8.1 Sequential auctions and the exposure problemAs shown in Sect. 1.3 above, there are two main directions of research in the application ofagent systems to auction markets. One concerns the design of the auction mechanism itself,such that participant agents have a dominant bidding strategy (usually, to declare truthfullytheir values), as well as certain properties, such as ef�ciency, individual rationality or budgetbalance. However, for many market designs that are necessarily encountered in practice,such as sequential or simultaneously ascending auctions, this is not possible, and research



Introduction 17has focused instead on designing the bidding strategies of agents participating in such auc-tions.As shown in [27, 89, 187] and Chapters 4 and 5 of this thesis, the main problem that abidder faces in a sequential auction is the exposure problem. Informally de�ned, the expo-sure problemmeans that an agent has to commit to buying an item, before he/she can be surethat he will able to secure other items in his useful set or bundle (de�ned as the set of itemsthat gives him a positive utility). If she fails to acquire this bundle, then he makes a loss.Hence, we say that the agent is exposed to the risk of a loss.Most of the models that study bidding auction bidding start from the assumption thatagents have quasi-linear utility functions. Basically de�ned, quasi-linearity assumes eachagent has a set of payoffs that he/she assigns to any combinations of items. These payoffsare, for many of the models studied, private: they are not known to the other parties. Theutility that an agent get from participating in the auction is assumed proportional to thedifference between his/her private payoff and the amount he pays to acquire the items inquestion, in other words, it is de�ned strictly in monetary pro�t/loss terms.This quasi-linearity of preferences assumption, while widely used and valid for manybusiness models and settings, does not universally hold. In many real-life settings, evenassuming it is true that agents have private values for different subsets of items under nego-tiation, pro�t and loss are not judged in the same terms. Making a loss from an interaction(i.e. paying more than his/her private payoff value) is not proportional as gaining the sameamount as pro�t. In other words, agents are risk-averse to making a loss, even if the potentialfor gain is considerably larger.1.8.2 Designing sequential auction strategies for risk-averse biddersPrior to the publication of our research, there had been quite a lot of previous work ondesigning ef�cient bidding strategies for agents participating in sequential [27, 89, 217] andsimultaneously ascending [1, 184] auctions.While this work reported some positive results, an important limitation of existing litera-ture we examined was that it does not explicitly model the risk-taking attitude of the biddingagents. By �explicitly model� we mean building a pro�le of the agent's risk preferencestowards uncertain, future outcomes (such as the �nal allocation of a sequential auction). Instandard economic theory, since the seminal work of K. Arrow and J. Pratt, preferences to-wards risk have been considered essential in understanding and modeling decision makingunder uncertainty [5, 88, 153, 171]. Auction literature from standard economics [158, 171]considers risk aversion an important problem in modeling real bidder preferences. How-ever, the economic literature that we are aware of does not consider sequential auctions withcomplementary bidder valuations, except perhaps in the simplest of settings (because suchauctions do not h ave well-de�ned equilibria). More speci�cally, unlike the AI community,researchers in economics are not concerned with designing automated bidding heuristics forsequential auctions.



18 Chapter 1The main contribution of Chapter 4 of this thesis is making a link between risk-aversionmodels, and the strategies that risk-averse bidders can use in sequential auctions. First, weintroduce the Arrow-Pratt risk models from economics to the problem of modeling agentbidding strategies. We then study the way in which the perceived optimal bidding strategycomputed by a risk averse agent, given her probabilistic model of the future, differs fromthe optimal strategy of a risk neutral agent. We �nd that agents more averse to risk bid moreaggressively, in order to cover their sunk costs for the initial items in the sequence. However,if the future sequence of auctions is initially perceived as too risky (given the agent's initialestimation of future closing prices), the best strategy available to a risk averse agent is simplynot to participate at all.Our experimental results show that a risk averse bidder has, as expected, a lower chanceto end up with an incomplete bundle of goods, thus make a loss. However, when consideringlong-term and repeated interactions, such agents make, on average, a lower expected pro�t,because they participate in less auctions. For some market settings, this also affects, in anegative way, the auctioneer revenues from the auctions.In the following section, we look at a different side of the problem of exposure to risk ofloss in sequential auctions, namely what can be done to reduce it.1.8.3 Options mechanisms in sequential optionsAs discussed above, sequential auctions do not guarantee a dominant bidding strategy for theagents (unlike the combinatorial case). However, the problem remains, as many allocationproblems occurring in practice are inherently decentralized and sequential. Different sellersmay prefer, for a variety of reasons, to sell their items separately - or even through differentmarkets, as the number of electronic auction sites online indicates. Furthermore, in manyapplication settings, not all resources that are to be allocated are known in advance, but theyappear dynamically over time. In Chapter 5 of this thesis, we study an alternative to thisvery dif�cult problem that, although it cannot completely eliminate bidder's exposure, it cansigni�cantly reduce it: the use of priced options.Intuitively de�ned, an option is a contract between the buyer and the seller of a item,where the buyer has the right to choose in the future whether or not he will purchase theitem against the pre-agreed exercise price. The seller is then bound to sell the item at thedemand of the buyer. Since the buyer gains a right, he has to pay the option price regardlessof whether he will exercise the option or not.Options reduce the exposure problem a synergy buyer faces. He still has to pay the optionprice, but if he fails to complete his desired bundle, then he does not pay the exercise priceas well, and thus he limits his loss. The risk of not winning subsequent auctions is partlytransferred to the seller, who may miss out on the exercise price. However, the seller canbene�t indirectly from the participation in this market of additional complementary-valuebuyers (also called �synergy buyers�), who would have otherwise stayed out.Our work builds on an idea �rst proposed in Juda & Parkes [120, 121]. Their work pro-



Introduction 19poses a market design with free (i.e. zero-priced) options. To prevent buyers from hoardingoptions (i.e. which they may have an incentive to do, as they are offered free and can beexercised optionally), bidders are assumed to place their bids only through proxy agentsprovided by the mechanism. They show that, in this market mechanism, truth-telling is adominant strategy on the part of the buyers. The sellers are incentivised to use the proposedoptions mechanism by market entry effects. We note that there are some important limita-tions to their approach, which we aimed to address through our work. First, market entryeffects are often not suf�cient to motivate the sellers to offer options for free (due to therisk of remaining with their items unsold) and, in such cases, only positively-priced optionscan provide suf�cient incentive for both sides to use the mechanism. Moreover, the designproposed in [120] cannot deal with the case when several synergy buyers are active in themarket simultaneously. With priced options, while the problem of setting exercise pricesbecomes more dif�cult with multiple synergy buyers present simultaneously in the market,options can still be shown to be bene�cial.1.8.4 Using priced options to solve the exposure problemBy comparison to [120, 121], although it starts from the same idea, the work described inChapter 5 takes a different approach. Rather than attempting to design a complex, custom-made mechanism, our goal is to investigate, in a decision-theoretic model, under whichconditions selling options for the items would be more bene�cial for both sides in a market(sellers and buyers), by comparison to direct auctions.We consider a model in which buyers obtain the right to buy the item for a certain exerciseprice in the future. Each option is described by a �xed exercise price and a �exible, market-determined option price. The seller �xes the exercise price of an option for the item he hasfor sale and then sells this option through a �rst-price auction. Buyers bid for the right tobuy this option, i.e., they bid on the option price. Note that in this model, direct auctionsappear as the particular case of �xing the exercise price at zero: such options would alwaysbe exercised, assuming free disposal.Our approach and analysis can be characterized as decision-theoretic, meaning bothbuyer and seller reason with respect to expected future prices. First, we consider a setting inwhich n complementary-valued items are auctioned sequentially, assuming there is only onesynergy buyer (the competition consists of local bidders desiring only one item). If optionsare auctioned for these items instead of the items themselves, the agent may bid an optionprice corresponding to a higher total amount (option + exercise price) than in a direct sale,because he does not have to pay the exercise prices if he fails to get the desired combination.However, the seller also takes an exposure to the risk of a possible loss by auctioning optionsinstead of items, because the buyer may not exercise the acquired options, and hence he/shemay not collect the exercise price. Therefore, in order for him to have an incentive to offeroptions, he expects an increase in the bids he receives to compensate for this risk. For thissetting, we show analytically that using priced options can increase the expected pro�t forboth the synergy buyer and the seller, compared to auctioning the items directly.



20 Chapter 1Second, we study experimentally market settings in which multiple synergy buyers areactive simultaneously. In such settings, the problem of �xing the right exercise price be-comes harder, because the seller has to maximize expected buyer participation, but at thesame time reduce his own exposure. We �nd that, while some synergy buyers loose becauseof the additional competition, others may actually bene�t, because sellers have an incen-tive to �x exercise prices at high enough levels which encourage more synergy buyers toparticipate in the bidding.1.9 Applications to transportation logisticsBesides the theoretical results discussed in Chapters 2 - 5, we also investigated a practicalbusiness setting in which sequential auctions are used: distributed transportation logistics.As this research represents a practical case study, rather than a contribution to fundamentalresearch, the full details are included as Appendix A, rather than a chapter. However, theexperience gained from performing this case study served to inform many of the choicesmade in our theoretical work on auction bidding strategies.Transportation logistics and supply chain management represents a challenging, but po-tentially very fruitful area for the application of agent-based electronic market techniques,such as the ones we consider. The increasing complexity and shifting structure of mod-ern supply chains, as well as increasing competitive pressures in this market has led to anincreasing demand and interest for such distributed optimization techniques, involving mul-tiple parties. The practical impact of improved allocation which can be achieved throughsuch techniques can be signi�cant. For example, in the Netherlands, the average transportperformance is about 60%-70%. Improving this utilization rate is also the goal of the DEAL(Distributed Engine for Advanced Logistics) project, which groups together several univer-sities and large logistics service providers in the Netherlands. The applied research workreported in Appendix A was carried out in collaboration with Vos Logistics Organizing,Nijmegen, one of the largest European transportation logistics companies.1.9.1 Auction-based allocation of transportation loads in multi-partytransportation logisticsMulti-party transportation logistics settings are those in which the company that acceptsan order to transport goods does not necessarily also own the actual capacity (i.e. trucks)to also carry out this order. This is an increasing trend in modern supply chains, whereoften multinational companies with large, regular amounts of cargo to be delivered prefer tooutsource these orders to other companies that undertake to �nd convenient delivery options,within a set of pre-negotiated terms. These intermediary logistic companies then negotiatehow to distribute these orders with other, often smaller, companies who have the actualtransportation capacity (which own the actual trucks and hire the drivers). This is actuallya cheaper and more ef�cient option in many cases, as a �t for the order can be searched



Introduction 21in the transportation plans of several companies. In standard transportation managementliterature [221] such distributed supply chains are called multi-party logistics.Typically, such supply chains are composed of companies with different business mod-els. Third-party logistic providers (3PL companies) are those that have their own transportcapacity (i.e. truck �eet) and plan this own capacity, while fourth party logistic providers(4PL companies are those which �orchestrate� the supply chain, i.e. acquire large sets oforders from large shippers and then re-distribute these orders among a set of other compa-nies with actual transport capacity. This is also the way in which Vos Logistics Organizingoperates. Our goal in the joint project was to examine how such outsourcing activities couldpotentially be automated, by building an auction-based platform, in which transportationorders are allocated among a set of agents representing different companies.Thus, the business case that this platform addresses involves a large 4PL company re-ceives orders from a large shipper (orders can arrive throughout the day) and has to �ndtransportation capacity for them among a set of other 3PL companies. The 4PL companythat outsources the orders acts as the auctioneer, while the 3PL companies are the bidderstaking part in a set of (reverse) auctions, in which the bidders that offers the lowest trans-portation costs usually wins (although there is some �exibility and the exact auction designin the decision of the auctioneer, see Chapter A). Our initial goal was not to design spe-ci�c bidding strategies, but to build an auction platform around a real transportation businesscase, in which actual bidding strategies (both human and automated) can be implementedand tested. As a next step to this practical user study, the strategies developed for repeatedallocation in our more theoretical work (such as risk-averse bidding strategies, option mech-anisms etc.) could be re-implemented in this platform, and also tested against the biddingstrategies used by human planners. The full details of the implementation, choices made andresults are presented in Appendix A.1.10 Preferences in social web communities and online mar-ketsThe last part of this thesis, consisting of two chapters, is about modeling collective pref-erences in large web-based systems. These chapters are a different in their methodologyand scope from the others, in the sense they are mostly concerned empirical analysis oflarge-scale web data, rather than proposing theoretical models and validating them throughsimulations. Nevertheless, as we show in Chapter 6, this research is highly relevant to theissue of modeling preferences in online settings, including electronic markets. Although theconcept of �preference� is used here more generically, as a choice between several alter-natives/outcomes, rather than the narrower, utilitarian sense taken in economics, the topicis relevant to the topic of the thesis. Moreover, it often uses similar techniques, such asthe graphical models. This part also complements the approach taken in other chapters, byproviding analyses of empirical web data produced from the actions of thousands (or evenmillions) of human users, rather than computer simulation data.



22 Chapter 1The techniqueswe use for this analysis are so-called �complex systems�-type techniques.Basically stated, the goal of such techniques is to examine how the local actions of individualagents can lead to the emergence of order or structure at the global level [11]. For onlineenvironments, the user action usually consists of a click on some link or ad, or assigning atag to a resource, while the emerging structures can be correlation graphs between terms,based on the clicks they receive, market power of the advertisers in the system etc. Complexsystems analysis usually allows insights into phenomena such as feedback and the in�uenceof previous actions on other users.This Section is divided into two separate topics: analysis of the dynamics of taggingsystems, and an analysis of sponsored search markets.1.10.1 The complex dynamics of collaborative tagging systemsThe �rst part concerns a large scale analysis of collaborative tagging data. This line of re-search resulted from a collaboration after an extended stay at the Santa Fe Complex SystemsInstitute. It resulted in several papers, including a WWW'07 paper [93] and an extendedjournal version.In this joint work, we use data from the social bookmarking site del.icio.us to empiricallyexamine the dynamics of tagging systems, and especially whether coherent categorizationschemes can emerge from the unsupervised tagging done by many individual users. Our�ndings are two-fold. First, we �nd that �nal tag frequencies describing most tagged re-sources converge to �power law� distributions. This is important, as it shows that coherent,stable categorization can actually emerge in such a system, without a central controller ofthe terms which should be used. The speci�c power law-type distribution has been shownto appear in other complex, decentralized systems, and is typically interpreted to show thatan implicit feedback process is at work in the system [166]. Other than studying the shapeof the �nal distributions, We also propose an information-theoretic method to examine thedynamics of this convergence to stable distributions, both for the most used tags, and for theso-called �long tail� of tag distributions.The second part of the chapter proposes a method to construct information structuresfrom collaborative tagging, which we call tag correlation (or �folksonomy�) graphs. In suchgraphs, the distances between nodes (representing individual tags) is indirectly proportionto their co-occurrence frequencies in describing the same resources. It is worth noticing thatthe methods used to derive these tag correlations graphs closely resemble the collaborative�ltering methods used for the utility graphs developed in our negotiation work (see Chapter3 of the thesis).We also describe a method to partition such graphs to obtain simple tag vocabularies,using so-called �community detection� algorithms. In this context, the simple vocabulariesthat can be obtained from applying such techniques on tagging data are compared to thosethat can be extracted from search engine data for the same domain. We �nd that the methodsapplied to collaborative tagging data outperform the results from a large search engine, at



Introduction 23least in some respects.1.10.2 An empirical analysis of sponsored search marketsA �nal direction of research, also using empirical techniques on large scale web data, isreported in Chapter 7, which examines the dynamics of sponsored search markets. Spon-sored search, in which advertisers pay for the clicks received by their text ads displayedalongside search engine results, has become an important part of modern advertising. It nowrepresents the main source of revenue for large search engines, such as Google, Yahoo orMicrosoft. Furthermore, since advertising link slots are allocated through an auction, whichtakes place automatically for each placed query, sponsored search provides fertile ground forinvestigating automated market-based techniques in a real, large-scale setting.The data used for the study in this Chapter comes from the search engine Live.com4.Basically, this study, like the study in Chapter 6 also takes an complex-systems type ofapproach to analyzing sponsored search data. In this context, we show that not only thesearch keywords themselves, but also the relative weights of the advertisers in the marketfollow power law distributions. Thus, a small number of advertisers have a dominating shareof the number of user clicks in the market. We discuss how this effect may be due to theway winners are determined, based on their historical click-through rates, which reinforcesthe position of the top advertisers through a feedback-type mechanism. Furthermore, wealso study the issue of user attention, especially how users prefer to scan a list of sponsoredsearch results. We �nd a clear relationship between the position occupied by a text ad in thelist returned to a user and its probability of receiving a click.Finally, we use our graph-based and collaborative �ltering techniques (similar to thetechniques as in Chapter 6, but now based on advertising click data), to output recommenda-tions on which sets of search terms are most commercially promising. Here, in computingsimilarities between search terms, we only consider the queries that lead to an actual clickon a returned text ad. Note that this is different from using organic search or tagging results,since we only take into account the �opinion� of a subset of users that show a clear interestin buying something online.1.11 Structure of the thesisFollowing the outline described above, this thesis is organized in 6 chapters, divided intothree main parts. Part I contains two chapters that both deal with modeling multi-issue ormulti-item preferences in complex, bilateral negotiations. Chapter 2 proposes an agent ar-chitecture that can handle incomplete preference information in negotiations over severaldiscrete-valued attributes and one continuous attribute (price). Chapter 3 presents a negotia-tion model that uses utility graphs to represent many binary-valued issues, but with interde-4This data was kindly provided to us by Microsoft Research, as part of a �Beyond Search� grant.



24 Chapter 1pendent, k-additive utility functions. Furthermore, Chapter 3 also discusses how the initialstructure of a buyer's utility graph can be learned from past data, based on collaborative�ltering techniques.The second part of the thesis consists of two chapters that deal with auction biddingstrategies, especially bidding strategies in sequential auctions. Chapter 4 shows how anagent's attitude towards future risk in�uences his/her optimal decision-theoretic biddingstrategy, when participating in multiple, sequential auctions. In Chapter 5, we consider adifferent approach to solving the dif�cult problem of sequential allocation, and we showhow priced options could reduce the exposure to risk that bidders with complementary val-uations face in such auctions. Appendix A describes an auction platform that would allowbidding strategies (both automated and human) to be tested in a practical scenario: allocationof orders in transportation logistics.The third part of the thesis deals with emergent collaboration and large-scale empiricalstudies of web systems. Chapter 6 studies how stable distributions and information structurescan emerge in decentralized tagging systems, while Chapter 7 uses similar, complex-systemstype approaches for an empirical study of sponsored search markets. The thesis is concludedby a discussion of the results and a discussion of issues that were left to further work.Figure 1.1 summarizes, in graphical from, the basic structure of the thesis, and it high-lights (through arrows) the connections that exist between different parts and chapters. Theseconnections are either at the level of the fundamental problem being studied, or at the levelof the technique used to address those problems. For example, both Parts I and II considerdifferent types of agent-mediated market techniques (negotiations or auctions), especiallyproblems related to modeling complex preferences and strategic reasoning in such settings.The two chapters in Part I both deal with the bilateral negotiation problem, while the twochapters in Part II deal with the problem of sequential allocation in competitive environ-ments, in particular sequential auctions.There are also important connections between chapters that may seem initially unrelatedin scope, at the level of the type of techniques used. For example both Chapter 3 and Chapter6 use similar graphical models techniques (in fact ideas developed in the initial research forChapter 3 served at the source of inspiration for the tagging work from Chapter 6). Thesetwo chapters also share important idea about how social preferences can be exploited andhow collaborative �ltering can be used to learn graphical structures from past data. Thetwo chapter in Part III are directly related by their use of complex systems type techniques,applied to empirical web data, although for different settings (tagging systems vs. sponsoredsearch markets).But there are also connections at the level of practical applications of the techniquesin different chapters. For example, the applied case study work reported in Appendix Aactually served to motivate and guide the type of design choices and problems to be studiedin our more fundamental work on auction bidding, described in Chapters 4 and 5. One ofthe reasons we focused on the sequential auction case in these chapters is that sequentialauctions appeared very frequently in practical case studies we examined, yet we found fewtheoretical results for this setting in prior literature.
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Figure 1.1: Thesis structure and relations between the work presented in different chaptersof the thesisFinally, there is also a connection between the chapters in Part II and the keyword auc-



26 Chapter 1tions in sponsored search markets. The keyword auctions from sponsored search providelarge scale, empirical data for the type of sequential auction bidding behaviour, studied ata more theoretical level in Chapters 4 and 5. Chapter 7 provides a �rst indication of thetype of insights that could be extracted from such data. Furthermore, we envisage that sometechniques, such as the use of options, could potentially also be used for sponsored searchmarkets, as repeated / sequential bidding problems are also important in those settings.For the reader, we note that all chapters of this thesis, while they do refer to each otherat different points, are self contained and can be read independently. In the remainder of thisintroduction, we provide a list of the most important publications that resulted from each ofthe chapters, as well as brief references to other published research results of the author thatwere not included in this thesis.1.12 Publications related to each chapterAll the Chapters of this thesis are based on at least 2 peer reviewed publications (journal,refereed international conference or refereed book chapter), as follows:� Chapter 2: Jonker, C., Robu, V., Treur, J. �An Agent Architecture for Multi-AttributeNegotiationUsing Incomplete Preference Information�, Journal of AutonomousAgentsand Multi-Agent Systems (JAAMAS), Springer-Verlag, Vol. 15(2), pp. 221-252, Oct.2007. A conference version of this paper appeared as: Jonker, C.M., and Robu, V.,�Automated Multi-Attribute Negotiation with Ef�cient Use of Incomplete PreferenceInformation�,Proceedings of the Third International Joint Conference on AutonomousAgents and Multi-Agent Systems (AAMAS'04), New York. ACM Press, 2004, pp.1056-1064. A book chapter describing the platform used for both this work and othernegotiation work performed at VU Amsterdam appeared as: Bosse, T., Jonker, C.M.,Meij, L. van der, Robu, V., and Treur, J. �A System for Analysis of Multi-Issue Nego-tiation�, In: Calisti, M., Klusch, M., and Unland, R. (eds.), Software Agent-Based Ap-plications, Platforms and Development Kits, Birkhauser Publishing, Springer-VerlagGroup, 2005, pp. 253-280.� Chapter 3: Robu, V., Somefun, D.J.A., La Poutré J.A. �Modeling Complex Multi-Issue Negotiations Using Utility Graphs�, Proc. of the Fourth International Joint Con-ference on Autonomous Agents and Multi-Agent Systems (AAMAS'05), Utrecht, TheNetherlands. ACM Press, 2005, pp. 280-287. The collaborative �ltering extension�rst appeared as: Robu, V., La Poutré J.A. �Retrieving the Structure of Utility Graphsfor Multi-Issue Negotiation Through Collaborative Filtering of Aggregate Buyer Pref-erences�, Proc. of Second International Workshop on Rational, Robust and SecureNegotiations in Multi-Agent Systems (Best Paper Award), Springer Series on Compu-tational Intelligence, vol. 89, 2008, pp. 147-168. An earlier version was presented in2005 at the Proc. of the Paci�c Rim Workshop on Multi-Agent Systems (PRIMA'05),but the Springer LNCS post-proceedings were only con�rmed to appear in 2009. Ajournal version, comprising both parts is under submission.



Introduction 27� Chapter 4: Robu, V., La Poutré, J.A - �Designing bidding strategies in sequentialauctions for risk averse agents: a theoretical and experimental investigation� Post-proceedings of the 9th Int. Workshop on AgentMediated Electronic Commerce (AMEC'07),Honolulu, Hawaii, 2007. Springer Lect. Notes in Business Informatics, vol. 13, pp.76-89. An extension of the results appeared as: Robu, V., La Poutré, J.A - �Designingrisk-averse strategies for bidding for outsourcing through sequential auctions� Ad-vances in Agent-based Complex, Automated Negotiations - Proc. of the 1st Int. Work-shop (ACAN'08), Estoril, Portugal, Springer Series on Computational Intelligence (toappear, 2008).� Chapter 5: Mous, L., Robu, V., La Poutré, J.A - �Using Options to Solve the Se-quential problem in Sequential Auctions�, Post-proceedings of the 10th Workshop onAgent Mediated Electronic Commerce (AMEC'08), Estoril, Portugal. Springer Lec-ture Notes in Business Informatics (LNBI), Springer-Verlag (to appear, 2009). A syn-opsis of the main results was also reported as: Mous, L., Robu, V., La Poutré, J.A- �Can Option Mechanisms Solve the Exposure Problem in Sequential Auctions?�,ACM SIGEcom Exchanges, vol. 7, no. 2, ACM Press, July 2008. A more extendedversion, which includes the detailed proofs and full result graphs for different aspects(and which is the version included in this Chapter) appears in the Proceedings of theDagstughl Seminar on Multi-Agent Planning Systems, DROPS Electronic publication,Nov. 2008.� Chapter 6: Halpin, H., Robu, V., Shepherd, H.- �The Complex Dynamics of Collab-orative Tagging�, Proceedings of the 16th International World Wide Web Conference(WWW'07), Banff, Canada 2007, ACM Press, pp. 211-220. The extended, journal ver-sion of this paper has been conditionally accepted as: Robu, V., Halpin, H., Shepherd,H. - �Emergence of Consensus and Structured Vocabularies in Collaborative TaggingSystems�, ACM Transactions on the Web, ACM Press (conditionally accepted, 2009).A preliminary version also appeared as: Halpin, H., Robu, V., Shepherd, H.- �On theDynamics and Semantics of Collaborative Tagging�, Proc. of the 1st Semantic Au-thoring and Annotation Workshop (SAAW'06, Atlanta, Georgia, USA, 2006 and as atechnical report of the Santa Fe Complex Systems Institute, Santa Fe, New Mexico,USA.� Chapter 7: Robu, V., La Poutré H., Bohte, S. - �Analyzing data from sponsoredsearch markets from an agent-based and complex systems perspective�, InternationalWorkshop on Agents and Data Mining Interaction (ADMI'09), Springer Lecture Notesin Arti�cial Intelligence (16 pages, to appear 2009-2010). A journal special issueversion is in preparation.� Appendix A: Robu, V., Noot, H., La Poutré, J.A., van Schijndel, W.J. �An InteractivePlatform for Auction-Based Allocation of Loads in Transportation Logistics�, Proc.Of 7th Int. Joint Conf. on Aut. Agents and Multi-Agent Systems (AAMAS'08), IndustryTrack, Estoril, 2008, IFAAMAS Press, 2008, pp. 3-11. A preliminary version describ-ing the underlying business case appeared as: Putten, S.v.d., Robu, V., La Poutré, J.A.,



28 Chapter 1Jorritsma, A., Gal, M.- �Automating Supply Chain Negotiations using AutonomousAgents: a Case Study in Transportation Logistics�, Proc. Of 5th Int. Joint Conf. onAut. Agents and Multi-Agent Systems (AAMAS'06), Hakodate, Japan, 2006, ACMPress, 2006, pp. 1506-1513. The demonstration platform was also nominated as a�nalist for the Amsterdam Science Park Innovation Prize.Furthermore, papers resulting from almost the chapters were presented at the Belgium-Netherlands Conference on Arti�cial Intelligence (BNAIC) as extended abstracts.1.12.1 Research work not included in the current thesisBesides the work reported above, the research work of the author also lead to a few otherpublications that have not been included here. For completness, we provide references to itand brief abstracts here, but the reader can skip this part, without loss of understanding ofthe other parts.Decommitment mechanisms in transportation logistics� 't Hoen, P.J, Redekar, G., Robu, V., La Poutré, J.A. �Decommitment in a Com-petitive Multi-Agent Transportation Setting�, In: Calisti, M., Klusch, M., and Un-land, R. (eds.), Software Agent-Based Applications, Platforms and Development Kits,Whittestein Series on Software Agents Technologies, Birkhauser Publishing, Springer-Verlag Group, 2005, pp. 409-433. A shorter version appeared as: 't Hoen, P.J, Re-dekar, G., Robu, V., La Poutré, J.A. �Simulation and Visualization of a Market-BasedModel for Logistics Management in Transportation�, Proc. of the 3rd Int. Joint Con-ference on Aut. Agents and Multi-Agent Systems (AAMAS'04). ACM Press, 2004, pp.1218-1219.Decommitment is the action of foregoing of a contract for another (superior) offer - andhas been extensively studied, for the bilateral case, by [4, 193, 195]. In the above book chap-ter [216], we study the decommitment concept for the novel setting of a large-scale logisticssetting with multiple, competing companies. We consider a setting in which transportationorders are allocated to agents representing trucks through a system of distributed auctions.Using a large scale, spatial simulation, this work shows that, if agents are allowed to de-commit from acquired transportation orders as better opportunities appear, the mechanismcan lead to signi�cant increases in expected pro�ts. One-sided decommitment method isrelated to the option method reported in Chapter 5 of this thesis. The difference is that inthe model described in [216], trucks are only allowed to pass orders to each other throughdecom mitment if they belong to the same company. This removes strategic reasoning prob-lems associated with two-sided decommitment, which makes the problem different in nature.The book chapter cited above also describes a novel visualization platform was developed toillustrate the decommitment strategy, for different input scenarios.



Introduction 29Design of a PLAT trading strategy� Silaghi, G.C., Robu, V. �An Agent Strategy for Automated Stock Market TradingCombining Price and Order Book Information�, Proc. of the ICSC Congress on Com-putational IntelligenceMethods and Applications (CIMA 2005), AdvancedComputingin Financial Markets Track, Istanbul, Turkey, IEEE Press, 2006.This was work performed in collaboration with G. Silaghi on designing a mixed automatedstock trading strategy (i.e. one that combines several strategies) for the Penn-Lehman Au-tomated Trading Platform (PLAT) [124]. Our strategy combined several existing strategies,based on a weighted �vote� function.Workshop proceedings edited� Ito, T., Zhang, M., Robu, V., Matsuo, T. (editors) �Rational Robust and Secure Nego-tiations In Multi-Agent Systems�, Proc. of IAT/WI Workshops, IEEE Press, 2008.� Ito, T., Zhang, M., Robu, V., Fatima, S., Matsuo, T. (editors) �Advances is Agent-Based Complex, Automated Negotiations�, volume in Springer Series on Computa-tional Intelligence, Springer-Verlag, 2009.
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Chapter 2An Agent Architecture forCooperative Multi-AttributeNegotiation With IncompletePreference Information
2.1 IntroductionRecent years have seen a surge of interest in negotiation technologies, seen as a key coordi-nationmechanism for the interaction of providers and consumers in future electronic marketsthat transcend the selling of uniform goods [134, 211]. Suggested applications range frommodeling interactions between customers and merchants in retail electronic commerce [91],to the online sale of information goods [208], or reducing operational procurement costs oflarge companies [14]. Such technologies could prove especially useful in the case of multi-attribute negotiations, which represent non-zero sum games, where �as values shift alongmultiple directions, it is possible for both parties to be better off� [189].Gutman and Maes [91] discuss the difference between competitive and co-operative ne-gotiation models in electronic commerce. They show that modeling retail market negotia-tions as strictly competitive assumes that merchants are unnecessarily hostile to customersand, furthermore, it offers them no long-term bene�ts. They conclude that sellers often careless about pro�t on any given transaction and care more about long-term pro�tability, whichimplies customer satisfaction and long-term customer relationships. Their analysis makes astrong case for co-operative negotiation models for the retail market.However, even assuming partial cooperation, in many application settings such as e-commerce, only a limited degree of trust exists between parties in sharing preference in-33



34 Chapter 2formation. The reasons for this may be endogenous to the negotiation (e.g., fear the othermay abuse this information to get a better deal) or exogenous (e.g., privacy concerns). Thisposition is supported, among others, by [71] who argue that �what is required are agentarchitectures that implement different search mechanisms, capable of exploring the set ofpossible outcomes under both limited information and computation assumptions�.The work presented in this chapter starts from the basic intuitions described above: thatin multi-attribute negotiations in electronic commerce often agents are only willing to sharepartial preference information to each other directly (or even none, for some cases). There-fore, agents have to use any amount of preference information the opponent is willing toshare, and if not, to build a model of opponent preferences based on his/her bids or counter-offers.Our work considerably extends an agent architecture and negotiation model developedin the AI department of the Free University in Amsterdam [118], to allow it to deal withincomplete or partial information. We take into account two different types of incompleteinformation:� Partial pro�le information, which is communicated by the negotiation partner herselfin the beginning of the negotiation.� Pro�le information which can be deduced (learned) from successive bids during thenegotiation itself. Here we start from the assumption that the way the negotiationpartner is bidding may reveal something about his preferences. For this mechanismwe use the term guessing to clearly show it is a heuristic.The Chapter is organised as follows. First, Section 2.2 presents the formal design of thenegotiation model. Next, the experimental validation of the model is presented in Section2.3. Section 2.4 discusses the results of our model and compares it other approaches inliterature, while Sect. 2.5 concludes the chapter with a discussion.2.2 The multi-attribute negotiation modelThe bilateral negotiation considered in our model follows an alternating-offers protocol. Abid in such a negotiation has the form of values assigned to a number of attributes.To make it more intuitive, the multi-attribute negotiation model in this chapter is builtaround a speci�c domain example: the sale of a car. In this domain, the relevant attributesto be considered are: CD player, extra speakers, airco, tow hedge, price. A bid then consistsof an indication of which CD player is meant, which extra speakers, airco and tow hedge,and what the price of the offer is. Although the model and examples are built around thisdomain, the underlying negotiation techniques proposed are generic, and this section pro-vides a generic formal description of the model. Instantiations in other domains are possible



An Agent Architecture for Cooperative Multi-Attribute Negotiation With IncompletePreference Information 35and have been considered - for example an employer and employee negotiating about workshifts and overtime pay (work performed in collaboration with Almende B.V., Rotterdam).As already mentioned in the introduction, the model in this chapter builds on resultsinitially presented in [118]. This initial model was adapted, through the work of the mainauthor of this thesis, in two main directions (c.f. [115, 116]):� A mechanism where the agents are allowed to exchange and take into account partialpreference information from the negotiation partner was modeled.� A novel heuristic by which an agent can estimate the preferences of the other usinghis past bids was proposed and tested (we call this a �guessing� heuristic).Both for the original work and the extension, the DESIRE software environment andconceptual design methodology [31] were used to design the agents. DESIRE was a longrunning research project at VU Amsterdam, in which conceptual designs of multi-agent sys-tems for many application areas were developed. It is beyond the topic of this thesis to gointo the speci�cs of the DESIRE methodology, especially as it was not used later in otherchapters. The reader should note, however, that some decisions taken in this chapter, for ex-ample the separation of the algorithm into conceptual components, were initially motivatedby the use of the DESIRE method.We do cover, however, some elements of the original, DESIRE-based negotiation model,to allow more extensive explanations for the parts that were added or adapted through theresearch of the author. For further details readers are asked to consult [118] and [116].The proposed negotiation model works by performing computations on two levels: theoverall bid level and the attribute level. This involves �rst evaluating the utility opponent'sprevious bid, and then planning the target utility for the own next bid. Finally, the con�g-uration of the next bid will be selected such that it �ts this target value. In the design ofour agent, these steps are modeled as separate DESIRE components (see Fig. 2.1), and ourpresentation follows this structure.2.2.1 Bid Utility Determination and Planning ComponentThe evaluation for each attribute is computed based on an evaluation function, speci�ed bythe agent owner (user) in the beginning of the negotiation. This function takes the genericform eval: V ! E, where V is either a �nite set of discrete values or continuous interval,while E = [0; 1]. For example, in the car sale domain, accessories have discrete values(quality levels, assigned an evaluation by the user), while attributes such as mileage or priceare continuous.The utility of the negotiation partner's previous bid is computed by �rst computing theutility of each attribute, and the the overall bid utility. The overall utility UB for each bid orcontract combination B is taken as a weighted sum of the attribute evaluation values Ej forthe different attributes (issues) j:



36 Chapter 2UB =Xj wjEj (2.1)From the above formula, one can already see that the model in this chapter assumeslinearly additive utility functions between the attributes. Here, all weights wj are normalizedimportance factors based on the raw importance factors #j for the different attributes. Theuser (owner) of each agent provides these non-normalised importance factors #j through aninterface, in the beginning of the negotiation. These are then normalized as:wj = #jPk #k (2.2)For each consequent bid an agent makes, �rst a target evaluation is chosen at the overallbid level. For determination of the next bid's target utility TU the following formula is used:TU = UBS +CS, with UBS is the utility of the agent's own last bid (�bid of self�), and theconcession step CS determined as:CS = �(1� �UBS ) � (UBO � UBS) (2.3)Where UBO denotes the utility of the opponent's last bid (�bid of other�), but computedwith respect to the agent's own utility function. Note that this choice for the concession stepfollows the existing negotiationmodel [118] and was designed to ensure that the target utilityfor the next bid is always scaled between [0::1]. Factor � stands for negotiation speed, whilefactor (1��=UBS) expresses that the concession step will decrease to 0 ifUBS approximatesa minimal utility �. The minimal utility � is a measure of how far the agent is willing toconcede to the opponent in the current negotiation round.2.2.2 The Attribute Planning ComponentThis component (whose internal decomposition is shown in Figure 2.1) determines the at-tribute values for the next bid, in such a way that the next bid will always have the targetutility as its utility. This is done in two steps: �rst a target evaluation is computed per at-tribute, based on the target evaluation planned for the whole bid. Next, attribute values arechosen with the evaluation closest to the target evaluations, for all attributes except price.The con�guration of the next bid is then completed by selecting a value for price, such thatthe utility of the �nal bid �ts exactly its target. In order to make better directed concessions,in planning the target evaluation for each attribute we take into account not only the ownpreference weight of the agent, but also the weight of the opponent. If the opponent is notwilling to reveal her preference weight for some (or maybe all) attributes, an estimation ofthese weights is computed i n �Estimation of Opponent's Parameters� component. The roleof the �Guess Coef�cients� component is to analyze the way the opponent is bidding and toprovide some extra information to be used for estimating these private preference weights.In the following we discuss these components in a separate sections.
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Figure 2.1: Internal composition of Attribute Planning2.2.3 The Target Evaluation Planning ComponentThis component outputs a target evaluation for each attribute in the next bid, based on the bidtarget value. The target attribute evaluation is determined in two steps. First a basic targetattribute evaluation for each attribute is computed as:BTEj = EBS;j + �jN (TU � UBS) (2.4)Where EBS;j represents the evaluation for attribute j in the agent's own previous bid,UBS the overall evaluation of the agent's previous bid (i.e. �bid of self�), while TU repre-sents the target utility for the next bid (computed as shown in Section 2.2.1). The parameter�j is chosen as �j = (1�wj)(1�EBS;j), where the �rst parameter expresses the in�uenceof the user's own importance factor, while the second factor assures that the target evalua-tion values remain scaled in the interval between 0 and 1. Parameter N is a normalizationfactor, de�ned as: N = Pj wj � �j . By this choice we ensure that the following relationholds:Pj wjBTEj = TU (for a full proof of this property we refer the reader to the paperdescribing the original negotiation model [118]).The Basic Target Evaluation, however only takes into accounts the own preferenceweightsof the agent. Using only this value does lead to a working model, but the outcomes that itleads to can be sub-optimal, as the preferences of the negotiation partner (or opponent agent)are not taken into account when computing concessions. To improve on this, the followingsolution was implemented.



38 Chapter 2Based on this existing negotiation framework, we can now propose a model to deal withthe incomplete information. For each attribute j 2 A (where A denotes the set of all at-tributes) a Preference Difference Coef�cient Æj is computed as:Æj = Wother;j �Wown;jWother;j +Wown;j (2.5)This coef�cient (scaled between -1 and 1) expresses how different the preferences of thetwo parties for each attribute are. Positive values for Æj denote a stronger preference of thenegotiation partner for attribute j, while negative values denote a stronger own preferencefor this attribute.The concession to be made in each attribute j 2 A depends on a parameter calledcon�guration tolerance, denoted as �j 2 [�1; 1]. The tolerance parameter is chosen tobe attribute-speci�c, in order to better differentiate the amount of concessions between at-tributes. Therefore, for each attribute j 2 A, the con�guration tolerance depends on thepreference difference coef�cient of that attribute, according to the following formula:�j = �gen � (1 + Æj) (2.6)Where the parameter �gen represents the general tolerance, used by the agent for allattributes j. The general tolerance is always chosen between 0 and 0.5 and also gives ameasure of how fast the agent is willing to make concessions. Values closer to 0 will denotean agent who is less willing to make concessions, while values closer to 0.5 will denote anagent who is interested to reach a deal quickly. Since Æj 2 [�1; 1], the tolerance for anyattribute j is scaled between 0 and 2 � �gen.Finally, the target evaluation for each attribute j is computed. This is done by taking intoaccount both the basic target attribute evaluation (as described above) and a concession tothe attribute evaluation from the previous bid of negotiation partner, as follows:TEj = (1� �j)BTEj + �jEBO;j (2.7)Where BTEj is the basic attribute evaluation for attribute j and EBO;j is the evaluationfor attribute j from the opponent's previous bid. From the above formula, one can seethat values of the con�guration tolerance �j close to 0 signify that mostly the user's ownimportance factors are taken into account, while values close to 1 shows that maximumpossible concession is made towards the other's value. And since �j depends directly on Æj ,it is the difference in preference for each attribute that determines how much concession ismade in that attribute.Because, in this model both the sum of the agent's own weights and sum of the op-ponent's weights are always scaled to 1, the above mechanism leads to a situation wheregreater concessions in some attributes (more important to the opponent) will always be bal-anced by smaller concessions in other attributes (more important to him/herself). Such an



An Agent Architecture for Cooperative Multi-Attribute Negotiation With IncompletePreference Information 39asymmetric concession system allows both negotiating parties to reach agreements closer toPareto-optimality, because each party gets a higher local utility value for the attributes he/shecares more about.In this component we have assumed that the opponent's preference weights for an at-tribute are known. However, if the other is not willing to share his weights for some (or all)attributes, then they will need to be estimated.2.2.4 Estimation of Opponent's Parameters ComponentThis component determines, for those attributes for which the opponent was not willing toreveal his preference weights, an estimation of those weights.First, we denote by Aknown the set of attributes for which the opponent was willingto reveal his importance weights in the beginning of the negotiation and by Aunknown theattributes whose preference weights are kept private. Since all preference weights are nor-malised (c.f. Section 2.2.1), the sum of weights for the private attributes is computed as:Xj2AunknownWj = 1� Xk2AknownWk (2.8)For attributes with private weights, the remaining weight Pj2Aunknown Wj has to be di-vided between them. For this purpose we assign a parameter called the Remaining WeightDistribution Coef�cient Rj 2 < to each attribute j 2 Aunknown.The attributes of unknown weight can be further classi�ed into two subsets:� Attributes for which a reliable guess about the preference of the opponent can bemade based on her previous bids (we denote this class by A(G)). These attributes willbe assigned a coef�cient Rj in the �Guess Coef�cients component (as described inSection 2.2.5).� Attributes for which no reliable information about the preference weights of the op-ponent can be made from his previous bids (denoted by A(NG)). These attributes areassigned a default value Rj = 2, which is empirically chosen between the values forattributes for which there is an indication they are important to the opponent (from herpast bids) and those attributes which are less important to her (as will be explained inSect. 2.2.5).After establishing the value of the Rj parameters, the estimation of the actual weightsfor the attributes j 2 Aunknown is computed as:Wj = RjPk2Aunkown Rk Xk2AknownWk (2.9)



40 Chapter 2It is possible that no reliable information can be obtained from the opponent's past bids forany of the attributes. Then all distribution coef�cients will be equal and applying the aboveformula results in equal distribution of the remaining weight between private attributes, orformally: Aunknown = A(NG) =) 8j; k 2 Aunknown;Wj =Wk.2.2.5 Guess Coef�cients ComponentThis component analyses the opponent's bids and, for those attributes for which a trend isreliable detected, returns a value for the remaining weigh distribution coef�cient Rj .In the current model the explicit assumption used in guessing (for the Seller's side only)is that, everything else being equal, a human Buyer would prefer a better quality item toa poorer quality one. Otherwise stated there exists a (partial) ordering of the attribute val-ues such as: evaluation(good) > evaluation(fairlygood) > evaluation(standard) >evaluation(meager) > evaluation(none). We de�ne the Attribute ValueDistanceAV D(j)for each attribute j 2 A as the distance between values for an attribute in two successive bids,on an ordinal scale. For example, given the above ordering, the distance between good andfairly good is 1, while the difference between good and standard is 2. It is important to notethat this attribute value distance does not depend on the exact values the opponent assignsto these labels - since in the current model this information is private (not disclosed to theother). From the experiments run for this domain, we observed that this simple orderinginformation can lead to a reasonably good heuristic. Partial ordering information is usuallysuf�cient to make a good prediction about the opponent's preferences in the negotiation (i.e.if this distance is known only for some labels, this is enough).Next we need a mapping of the detected concession distances to the remaining weightdistribution coef�cients introduced in Section 2.2.4 (see Table 2.2). The values for the abovecoef�cients were determined experimentally as follows: �rst between each two different la-bels (representing quality levels) an initial value was computed by subtracting their distancevalue from 4 (the maximum distance). Then the parameters were adjusted to provide a best�t for the results over a large number of tests. It is important to note that the mapping in Table2.2 should be seen as domain-speci�c. It led to good experimental results for the model andtests reported in this chapter (as we will show next). However, if this bilateral negotiationmodel is adapted for other domains (for example with more attributes, different number oflevels/attribute etc.), then probably another choice of parameters would be needed.Another issue to be discussed is howmany successive bids in the negotiation trace need tobe analyzed in order to make a prediction for Rj . From our empirical tests we observed thatin most cases it is suf�cient to adjust the Rj parameter based only on the �rst 3-5 bids. Thiscan be explained by the fact that, in our model, being partially cooperative, agreement overthe attributes with discrete values occurs in the �rst rounds of the negotiation and usually thelast rounds can be characterized as �haggling� over the only continuous attribute, the price.



An Agent Architecture for Cooperative Multi-Attribute Negotiation With IncompletePreference Information 41AttributeV alueDistance(j) Rj0 61 42 33 14 0.5Figure 2.2: Remaining Weight Distribution Coef�cients assigned to Attribute Value Dis-tances for all attributes 2 A(G)2.3 Implementation & Experimental validationThe model introduced in Section 2.2 was implemented in the DESIRE agent platform [31].However, the conceptual negotiationmodel presented in Section 2.2 is platform independent.In fact, after the publication of our original research [115, 118], a negotiation model whichre-uses our mathematical model, but implemented in the more commercial Java Aglets plat-form was presented in [201].In these tests, the model is assumed as symmetrical, i.e. both buyer and seller use theconcession and opponent modeling heuristics described in Sect. 2.2.1-2.2.4. An importantdifference is that only the seller agent can use the guessing heuristic. This choice is explainedby the fact that the model must be seen as partially cooperative and, furthermore, in moste-commerce scenarios, it is the seller that has more information to make such an estimation.This section �rst discusses the experimental set-up used in testing the model presentedin Section 2.2. Following, a full example trace is presented for the implementation. Finallythe aggregate experimental results (for different test parameters) are presented.2.3.1 Experimental set-upIn order to test the robustness of the above model, we considered the following dimensions:� The number of attribute weights revealed (i.e. the degree of �openess� of the negotia-tion)� Whether guessing is used or not by the seller� The choice for the attribute importance factors� The evaluations for the attribute value levelsThe importance factors assigned to different attributes are presented in Table 2.3. Notethat these were also chosen to be typical for the space of possible preferences of users inthis domain. The values presented in Table 2.3 are raw importance factors, which are thennormalized to add up to 1, using the formulas from Section 2.2.1.



42 Chapter 2Next, we should check that these results hold for different possible value con�gurations.Again the search space here is very large, so we must restrict our attention to a few pro�lescombinations, which are shown in Table 2.4.Tow hedge Airco Extra speakers CD player PriceFully asymmetric 90 / 15 90 / 15 15 / 90 15 / 90 300 / 300Partially asymmetric 53 / 53 90 / 15 15 / 90 53 / 53 300 / 300Fully symmetric 53 / 53 53 / 53 53 / 53 53 / 53 300 / 300Figure 2.3: Importance factors used for Buyer/Seller, for different levels of preference asymmetryIn our tests, we assume a business model in which the Seller prefers to sell the car fora standard price and not have to install extra accessories, but he is willing to do so in orderto sell it. However, if he does have to install some accessories, as shown in Fig. 2.4, hewould prefer them to be �standard� quality. On the seller side, these local utility valuescapture an ease utility for the seller to perform the required installation. For example, hemay already have a stock of �standard� quality components ready to install, if asked, butvery good components are dif�cult to get and must be ordered in advance. Furthermore, inreal life, there may be guarantee issues in selecting these values.On the buyer side, because in our model the values for the attributes represent quality la-bels, the distances between utilities assigned to each label can be interpreted as how �qualityconscious� or selective that buyer is. For example, by looking at Table 2.4, a buyer of Pro�le2 is more selective than a buyer of Pro�le 1, because his utility for �fairly good� and �stan-dard� qualities drops quicker, when compared to the optimal quality level �good�. Otherchoices are possible, but in order to properly test the model the choice for the values must beasymmetrical - meaning the two parties would like different values for each attribute. Other-wise the parties quickly agree on the con�guration (since their interests are convergent) andthe negotiation reduces to haggling about the price.Pro�le 1 Pro�le 2BUYER 100 / 85 / 70 / 30 / 0 100 / 70 / 50 / 35 / 0SELLER 30 / 65 / 80 / 65 / 100 30 / 50 / 70 / 85 / 100Figure 2.4: Value levels Good / Fairly Good / Standard / Meager / None for each of the 4 attributes2.3.2 An example negotiation traceIn this section, we illustrate the model presented in Section 2.2 through an example. Herewe take the negotiation between a Buyer and Seller with totally asymmetric preferences (seeTable 2.3), where the only information revealed between parties is the normalized weight of1 attribute (Tow hedge). For accessories, for both Buyer and Seller, pro�le 1 is used (seeTable 2.4). For this example, we use the perspective of the Seller, which in our case is theparty using guessing. For reasons of space, we can illustrate only a small part of the full



An Agent Architecture for Cooperative Multi-Attribute Negotiation With IncompletePreference Information 43mathematical model, it should be enough for the reader to understand the rationale behindsome of our design choices.The attribute Tow Hedge has the following normalized preference weights (see Table2.3): WBUY ER;TowHedge = 90 / (90+90+15+15+300) = 0.1764WSELLER;TowHedge = 15 / (90+90+15+15+300) = 0.0294From the perspective of the Seller the preference Difference Coef�cient for Tow Hedgewill be:ÆTowHedge= (WBuyer;TH - WSeller;TH ) / (WBuyer;TH+ WSeller;TH ) = (0.1764-0.0294)/ (0.1764+0.0294) = 0.714.A positive value close to 1 (as shown in 2.3), indicates this the attribute is more importantto the other party (the Buyer). As the general tolerance (for the Seller side) in this case is�gen = 0.3, the attribute speci�c tolerance will be �TowHedge = �gen * (1 + ÆTowHedge) =0.3 * (1+0.714) = 0.514. Since �TowHedge> �gen, a larger concession than average will bemade towards the Buyer's requested value in this attribute. This can be seen in Table 2.7as a large concession, in the �rst round from �none� to �fairly good�. Next we exemplifythe guessing of the opponent's weights discussed in Sections 2.4 and 2.5. We do this onlyafter the �rst two rounds from the opponent's bids, though the mechanism is the same forsubsequent rounds.The Value Distances and Remaining Weight Distribution Coef�cient, computed for theattributes of unknown weights are as follows (see Fig. 2.6 for the Buyer's �rst 2 bids and 1for the coef�cient mapping). For the attribute �Airco�, the value distance is between levels�good� and �standard� (see trace in Fig. 2.6), thus 2, so based on the mapping in Table 2.6,we get RAirco= 3.Similarly, for the attributes �CD player� and �Extra speakers�, the value distances arebetween �good� and �meager�, thus 3 => RCD player=RSpeakers= 1.Since �j2Aunknown Wj =1-(15+300)/510=0.235, the estimated weights are:WAIRCO = 3 / (1+1+3) * 0.235 = 0.141,WCD PLAY ER = 1 / (1+1+3) * 0.235 = 0.047In this case, the estimations produced by the guessing are not far from the true (non-revealed) values of the Buyer: 0.176 for Airco and 0.0294 for CD player.Tables 2.6 provides the complete trace of this negotiation from the perspective of theBuyer, while Table 2.7 does the same from that of the Seller. The vertical columns show thebids made by the two parties in successive rounds.Figure 2.5 provides a visualization of the negotiation progress in the joint utility space(as automatically produced by the implementation in our software environment). For clarity,only the �rst 3 bids of the Buyer (marked with a 1(B), 2(B), respectively 3(B)) and the �rst2 of the Seller (marked 1(S) and 2(S)) are shown. The remaining offers all lie close togetherin the straight line between point 3(B) of the buyer and point 2(S) of the seller.
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Figure 2.5: Utility space corresponding to the example trace from Tables 2.6 and 2.7BUYER 1 2 3 4 5 Closing bidprice 18000 17450 17968 18047 18083 18083Tow hedge good fairly good fairly good fairly good fairly good fairly goodairco good standard standard standard standard standardspeakers good meager none none none noneCD player good meager none none none noneUtilitiesOwn bid 1 0.9203 0.9130 0.9094 0.9068 0.9068Seller's bid 0.7407 0.8782 0.8830 0.8864 0.8889 0.8889Figure 2.6: The negotiation trace: BUYER's perspectiveSELLER 1 2 3 4 5 6:acceptprice 16900 18468 18404 18359 18325 18083Tow hedge none fairly good fairly good fairly good fairly good fairly goodairco none standard standard standard standard standardspeakers none none none none none noneCD player none none none none none noneUtilitiesOwn bid 1 0.9378 0.9296 0.9238 0.9195 0.8884Seller's bid 0.3167 0.5932 0.8737 0.8838 0.8884 0.8884Figure 2.7: The negotiation trace: SELLER's perspectiveThis is an interesting effect, which we have seen in a number of negotiation traces: afterestablishing mutually agreeable values for the discrete-value attributes, the agents seem to�walk� the Pareto-ef�cient frontier towards each other's bid. This corresponds to the hag-gling about the price from rounds 3-5 in Tables 2.6 and 2.7.



An Agent Architecture for Cooperative Multi-Attribute Negotiation With IncompletePreference Information 45The effect is interesting, since neither one of the agents knows exactly where the Pareto-frontier lies. They cannot compute this information because they only have partial knowl-edge of the opponents utility function (in our experiments, the position of the frontier wascomputed after the fact using the full information, but only as a benchmark to measure per-formance � i.e. without giving this information to the agents). Since bargaining agents'heuristics only model the opponent preferences and do not try to actually predict where thefrontier lies, the fact that they end up so close to it shows the proposed heuristics are work-ing (of course, for this particular negotiation trace). This effect can be explained by the factthat, if opponent modeling is performed ef�ciently, the agents �discover� the Pareto-frontierimplicitly, using their approximate opponent models.2.3.3 Comparing traces from the same test setWe de�ne a test set as the set of all negotiation traces which share the same Pareto-ef�cientfrontier and therefore whose outcomes are directly comparable. Between the negotiations inthe same set, the preferences of the two parties are the same: the only difference is the amountof information shared and their willingness to use guessing. Test sets are distinguished fromeach other by two (sets of) parameters:� The level of asymmetry in the attribute importance factors (see Table 2.3)� The distances between the value labels (cf. Table 2.4)Comparing the ef�ciency of outcomes, both within the same test set and between testsets, is important in our setting, since, as is shown here, the ef�ciency of the outcomes whichcan be reached depends on how asymmetric the preferences of the parties are. First, we �rstdiscuss the results from a test set with maximum preference asymmetry (this setting alsocorresponds to the example in Sect. 2.3.2 above). Next, we discuss the results from tworelated test sets, but where preferences are more asymmetric. Finally, in Section 2.3.4 wepresent the aggregate results for all test sets, across all value distance settings and preferencesymmetry pro�les considered.
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Experimentalsetting Price Tow hedge Airco Extraspeakers CDplayer BuyerUtility SellerUtilityClosednegotiation(with orwithout guessing) 19018 Standard Standard Standard Standard 0.865185 0.84177One attributeweight revealed,without guessing 19178 Fairly good Standard Standard Standard 0.86822 0.84054One attributeweightrevealed,withguessing 18325 Fairly good Standard None None 0.906815 0.91946Two attributeweights revealed,without guessing 18790 Fairly good Standard None Standard 0.882741 0.87211Two attributeweights revealed,with guessing 18325 Fairly good Standard None None 0.906815 0.91946Three attributeweights revealed(with or withoutguessing) 18428 Fairly good Fairlygood None None 0.914 0.90166Distribution of �nal outcomes for the negotiations between a Buyer with a stronger preference for Drawing Hookand Airco, and a Seller with a stronger preference for CD player and Extra Speakers.Figure 2.8: Outcomes for negotiations between a Buyer and Seller with asymmetric prefer-ence weights



An Agent Architecture for Cooperative Multi-Attribute Negotiation With IncompletePreference Information 47Test set with maximal preference asymmetryThe table in Fig. 2.8 shows the �nal outcomes of negotiations involving a Buyer and Sellerwith asymmetric preferences and value pro�les 1, while the graph in the same �gure showsthese outcomes are plotted w.r.t the Pareto-optimal frontier. The notation is: 1..3 denotesthe number of attributes shared and NG/G denotes whether guessing is used or not. ThePareto frontier in the top graph from Fig. 2.8 is actually the same as the one in Fig. 2.5,just scaled between different values. In fact, the outcome reached in Fig. 2.5 appears aspoint 1G in Figure 2.8 (top). The irregular, non-convex shape of the Pareto-ef�cient frontier(computed according to [180]) is typical for real-life domains, where some attributes takediscrete values and only some are continuous.From the above test set we can already make some observations. First, more attributeweights shared improves the outcome, so the heuristic makes ef�cient use of incompletepreference information. In Table 2.8, this is illustrated by the fact that, as more attributeweights are shared, a better match is obtained between the preferences of the parties, witheach one obtaining its preferred values in the more important attributes. Second observationis that the guessing heuristic may improve the outcome, sometimes considerably. In the tracepresented for 1 or 2 attribute weights shared guessing helps bring the outcome very close tothe Pareto-ef�cient frontier. For 0 attribute weights shared (i.e. perfectly closed negotiation),in this particular test set guessing does not help much (however there are test sets where itdoes). In the 3 attribute weights shared case the outcome without guessing is already Pareto-ef�cient. Note however that this case i s not equivalent to fully open negotiation, becausethe evaluations for the values assigned to each quality level are still not revealed betweenparties.

Figure 2.9: A (left side): Outcomes for a negotiation between a buyer and seller with completelysymmetric preferences (i.e. all attributes have equal weights for both parties). B (right side) Outcomesof a negotiation between a buyer and seller with partially symmetric preferences (i.e. two attributeshave equal weights, two are asymmetrical - c.f. Table 2.3



48 Chapter 2Test sets with symmetric and partially symmetric preferencesIn this section we illustrate two other test cases, related to the one above. The distancesbetween values for the buyer and seller are still 1 (cf. Table 2.4). Figure 2.9 plots theoutcomes from two test sets: the �rst one in which the preference weights of both parties arethe same across all 4 discrete-valued attributes, the second one in which only two attributeshave equal preference weight, the other two having asymmetrical weights (see Table 2.3 forthe exact values).From Figure 2.9, it can be observed that, in fact, for more symmetric preferences reveal-ing more information and/or using guessing does not make too much difference (the tableswith the exact outcomes reached are not given here for lack of space, but they point to thesame conclusion). In fact, for the case with completely symmetric preferences (Fig. 2.9(a))we can see that all outcomes actually overlap. In this special case (equal weights across allattributes), the negotiation actually becomes a zero-sum game, since there are no mutuallybene�cial trade-offs between attributes, so the best that can be achieved is to settle on themiddle of the range value.2.3.4 Comparing results from all test setsThe above traces give a fairly good idea of the effects observed for different levels of pref-erence asymmetry and openness. Subsequently, we tested all considered combinations ofattribute level pro�les (c.f. Table 2.4), number of weights revealed (c.f. Table 2.3), levelsof openness regarding preference weights for different attributes (up to 4) and whether theagent chooses to makes use of the guessing heuristic. Figure 2.10 shows the average utilitiesacross tested pro�les, grouped by the level of asymmetry in preference weight between par-ties. Within each group, from left to right the level of openness is varied from no attributesrevealed and no guessing used to 3 attributes weights revealed.Based on Figure 2.10, we can see that our observations from Section 2.3.3 generalizeacross pro�les: both sharing more information and guessing improves the utility (on aver-age). It can be seen that the more asymmetrical the preferences of the two parties are, thegreater the scope for potential gains that can be obtained either by sharing more informa-tion or using the guessing heuristic. For example, for all pro�le combinations tested in theperfectly symmetrical preferences case, the outcome always had a 0% improvement, eitherfrom sharing more preference weight information or by using the guessing heuristic. Bycontrast in the partially symmetric preferences improvements were of the order of 3-4%,which went up to around 10% for asymmetric preference weights. This effect can be ex-plained by the fact that our mechanism exploits precisely this preference asymmetry in orderto increase the ef�ciency of the joint outcome for both parties. Another observation is that,if the overall concession speed parameter is roughly the same for both parties, the outcomeswill always lie relatively close to the equal proportion of potential line, regardless of theguessing/openness model used. Otherwise stated, the overall concession for the bid level aresimilar, even though for each attribute may differ widely. This ensures that, if the negotia-
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Figure 2.10: Average utilities for all pro�les tested, for different cases of preference asym-metry and opennesstion outcome lies on, or close to, the Pareto-ef�cient frontier, it will also be relatively closeto the Kalai-Smorodinsky bargaining outcome. This may be important, since some sources(e.g. [180]) consider closeness to this point as a measure of �fairness� of the negotiationoutcome.2.3.5 Human-computer experimentsThe results reported in this Chapter refer only the automated negotiation case, i.e. the casewhen both Buyer and Seller are represented in the negotiation by automated software agents.The user (or owner of the agent) in this case, only needs to input its preference parametersthat describe his/her utility function, and the software agent computes the bids/counter-offerson his/her behalf. We �nd it useful to mention, however, that other work performed usingthis negotiation system considered the case when humans propose their own bids againstsoftware agents. That work involved testing the negotiation model on 70 students, negotiat-ing both against each other and against our automated agents. The full details and results ofthat work are outside the scope of this thesis (as the human tests were not performed directlyby the author), but the interested reader can �nd a comprehensive description of the resultsin [22, 23].



50 Chapter 2Finally, a note should be made regarding the potential for exploitation of the systemby other users. While the negotiation system proposed here is essentially cooperative innature, the negotiation mechanism was designed to prevent obvious ways of cheating, likeover-stating attribute preference weights. This is because each agent scales the sum of thepreference weights declared by the opponent to 1. So an agent has no incentive to over-statehis preferences for any attribute, since this may lead to the opponent making smaller or noconcessions in other attributes. Furthermore, a system was added by which an agent stopsnegotiating when it detects insuf�cient concessions from the other in several successive bids,which should prevent situations where one party makes all the concessions. This made thesystem dif�cult to exploit in the human tests reported in [22, 23], but we note that these testswere made as �one run� (i.e. subjects did not get to learn to exploit the system throughrepeated interactions).2.4 DiscussionIn this section we provide an overview of existing work on negotiation that is most relatedto the work reported in this Chapter, such as to contrast them to this model. However, weleave a more complete review of negotiation techniques for Chapter 3, after the presentationof the other negotiation model discussed in the thesis.In Gutman and Maes [91] a number of criteria and bene�ts are discussed of some dif-ferent approaches to negotiation. This paper makes a strong argument for building partiallyco-operative negotiation systems, and shows that merchants often care less about pro�t onany given transaction and care more about long-term pro�tability, which implies customersatisfaction and long-term customer relationships. The work of Gutman and Maes servedas a conceptual starting point for the negotiation model developed at the Free Universityof Amsterdam, which was further extended through the heuristics presented in this chapter.The ideas proposed in [91] are supported in our model by allowing consumers and provideragents to specify extensive multi-attribute pro�les and degree of openness regarding prefer-ence information, and by developing heuristics that make use of this information to reachnegotiation outcomes that aim to satisfy both parties.Technically, the work that is most related to the one reported here is Faratin, Sierra &Jennings '03 [71]. Like Faratin et al., we start from the perspective of distributed negotiation,which eliminates the need of a central planner. As in [71], we also take the heuristic approachand we model agents that are able to jointly explore the space of possible outcomes witha limited (incomplete) information assumption. In [71], this is done through a trade-offmechanism, in which the agent selects the value of its next offer based on a similarity degreewith previous bids of the opponent. In our design, we do no explicitly model trade-offs, yetthe same effect is achieved through the asymmetric concessions mechanism. An advantageof our model over [71] is that we allow agents to take into account not only their ownweights,but also those of the opponent in order to compute the next bid. In this way agents mayexchange partial preference information for those attributes for which their owners feel this



An Agent Architecture for Cooperative Multi-Attribute Negotiation With IncompletePreference Information 51does not violate their privacy. Also the initial domain information for the attributes withdiscrete (�qualitative�) evaluation is different. In [71], this consists of fuzzy value labels,while in our model it is a partial ordering of attribute weights.Finally, a paper that provides a completely independent re-implementation of the modelpresented here is Shakshuki & Abu-Driaz'05 [201]. They propose a peer-to-peer, agent-mediated e-commerce system, that uses multi-issue negotiation as one of its core compo-nents. At the conceptual level, the negotiation model employed by [201] is basically thesame as the one presented in this Chapter and was inspired by it, after the initial, conferencepublication of our work [117, 118]. Therefore, indirectly, this paper provides another valida-tion of the conceptual negotiation model presented here, since it represents an independentre-implementation of this model in a different domain (web services) and using a completelydifferent software platform (in [201], the Java Aglets platformwas used instead of DESIRE).2.5 ConclusionsThe Chapter introduces a component-based generic agent architecture for partially cooper-ative multi-attribute negotiation. An application of the model is described in a prototypesystem for negotiation about cars, developed started from a practical application, partially inco-operation with, among others, Dutch Telecom KPN and Almende B.V. Rotterdam.The main original contributions of this work are:� It develops a generic component-based generic agent architecture that supports inte-grative multi-attribute negotiation, for both agent-agent and agent-human scenarios.� Developing a heuristic that can use a limited amount of preference information toachieve outcomes on or close to the Pareto-ef�cient frontier.� A guessing strategy that further improves the outcome of the negotiation, in case suchpartial information is not forthcoming from the negotiation partner.The negotiation model described was implemented using the DESIRE software environ-ment, and it follows component-based design principles of that framework. However, theapplicability of the conceptual negotiation model presented in this chapter is not strictly lim-ited to that framework. In fact, a negotiation framework that uses the heuristics developedhere, but independently implemented after the publication of our initial work was presentedin [201].A possible limitation of this work may be the limited dimensionality of the domain con-sidered, and in particular the fact that it implicitly assumes that bargaining agents' utilityfunctions over the multi-attribute space are linearly additive. This limitation has been dealtwith in subsequent work by the author, presented in the next chapter.



52 Chapter 2



Chapter 3Modeling Complex Multi-IssueNegotiations Using Utility Graphs
3.1 IntroductionAs shown in the introductiona and the previous chapter, automated negotiation forms animportant type of interaction in agent based systems for electronic commerce [147]. It allowsbuyers and sellers to determine the terms and content of a trade iteratively and bilaterally.Consequently, deals consisting of sets of complex goods or services can be tailored to thepreferences of individual buyers and �exible to changing circumstances.In this chapter, we consider the problem of a seller agent negotiating bilaterally witha customer about selecting a subset from a collection of goods or services, i.e. a bundle,together with a price for that bundle. Thus, the bundle con�guration � an array of bits,representing the presence or absence of each of the shop's goods and services in the bun-dle � together with a price for the bundle, form the negotiation issues. Like the the modelpresented in Chapter 2 (and the work of [71, 115, 126, 163, 207], among others), the tech-niques developed in this chapter aim to bene�t from the so-called win-win opportunities. Inthe multiple item setting considered here, this means �nding mutually bene�cial alternativebundles of items during negotiations.Several papers on automated automated approach the problem of �nding win-win op-portunities during bargaining through modeling the preferences of the negotiation partner(among them we mention Faratin et al. [71], Coehoorn & Jennings [163] and Jonker & Robu'04 [115], the last one serving as the basis of Chapter 2). However, an important limitation ofall these approaches is they assume the issues under negotiation have independent (i.e. lin-early additive) valuations for the negotiation partner. The approach taken by this chapter isalso based on opponent modeling: we consider interdependencies between issues however,which, as we will show, makes the problem considerably harder. In order to model such53



54 Chapter 3complex utility interdependencies between items, we introduce the novel concept of utilitygraphs.Utility graphs build on the idea introduced in Chajewska andKoller [44] andBacchus andGrove [9] that highly nonlinear utility functions, which are not decomposable in sub-utilitiesof individual items (such as in the seminal work of Raiffa [179]), may be decomposable insub-utilities of clusters of inter-related items. They mirror the graphical models developedin (Bayesian) inference theory (cf. [140, 172]). Graphical models have been shown to be apowerful formalism for modeling decisions and preferences of other agents (see e.g. [30] foran overview). The idea behind using utility graphs in a multi-issue bargaining setting is toprovide the seller with a formalism that can be used to ef�ciently explore the exponentiallylarge bundle space. In this chapter, we show how utility graphs can be used to model anopponent's (i.e. customer's) preferences.To illustrate our approach, consider the following application setting, which is quite natu-ral from the point of view of current e-commerce practice. The seller represents an electronicmerchant which aims to sell (subsets of) a set of items (e.g. books, CDs, pay-per view musictunes, news items etc.). He encounters and negotiates with random buyers who log in hiswebsite or web service at different times (thus all negotiations are bilateral and sequential).Buyer utilities are completely private (not known to the negotiation opponent), and the sameholds for seller costs of providing the items. Finally, buyer preferences can be ef�cientlyencoded in k-additive form (and, thus, are representable as utility graphs - c.f. de�nitionin Sect. 3.3.2). Intuitively de�ned, k-additive utilities are a widely encountered and fullyexpressive class of non-linear utility functions, which be represented as a summation overpartial functions over a set of [not necessarily disjoint] utility clusters, each containing up tok interdependent items (a full, formal de�nition is provided in Sect. 3.3.1). Although in thischapter we return to the e-commerce scenario to exemplify our approach, we note our modelis not limited to an application setting: it applies to any setting where buyer preferences canbe concisely represented in k-additive form.We assume that, for privacy reasons, the seller is not allowed, between negotiations, tostore preference information which is traceable back to individual buyers. This is actually anatural model for very large, open environments such as the Internet, where the same buy-ers and sellers are unlikely to encounter each other very frequently and most negotiationencounters are �rst time. Furthermore, there may be other reasons why personalized infor-mation cannot be stored in some settings (e.g. existing legislation). The seller can, however,store aggregate buyer preferences for the items he sells, information not traceable back toindividual buyers.Based on practice and existing literature, our negotiation approach (and resulting model)addresses a few important properties (which can be seen as desiderata of the model):� The negotiation is maximally privacy preserving. Unlike combinatorial auctions, thereis no direct preference information which either the buyer/seller needs to reveal to theopponent before the negotiation starts. An important reason for this (besides preserv-ing privacy) is the dif�culty the buyer may encounter in formulating his/her exact pref-



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 55erences over the full set of items under negotiation. This is often a recurring situationin practice: the buyers do not have, or �nd dif�cult to formulate their exact valuationover all possible bundles. The number of possible contracts (i.e. bundles which can beformed) is exponential: for example, for only 50 items, there are 250 > 1015 possiblebundles. Even though they can be more compactly represented using a utility graph, itis, in general, it is far easier for a buyer to report her preferred combination at a givenprice level, rather than elicit the full preferences encoded in her utility graph (both interms of structure and values). This argument resembles the perspective taken in pref-erence elicitation with demand queries ( [30, 32, 133]). This work identi�es the needto elicit exact preferences as the main bottleneck encountered for the practical appli-cation of direct revelation mechanisms, such as combinatorial auctions. In our model,the only preference information which the agents (indirectly) reveal is that which canbe gathered from the offers/counter-offers they exchange.� The negotiation should maximize, as far as possible, the Pareto-optimality of agreeddeals (formally de�ned, in Sect. 3.2, in terms of gains of trade associated to a contract).� The number of negotiation rounds (i.e. offer/counter-offers exchanged during the ne-gotiation) should be minimized as far as possible. This would enable our approach tobe used in applications where time constraints or the impatience of buyers are limitingfactors.At the start of a negotiation process, the seller's approximation of the customer's utilitygraph represents some prior information about the maximal structure of the utility spaceto be explored. After every (counter) offer of the customer, this approximation is updatedbased on this offer. We show that, by using only a fairly weak assumption on the maximalstructure of customers' utility functions, the updating procedure enables the seller to suggestoffers that closely approximate Pareto ef�ciency. Moreover, ef�cient outcomes are reachedafter relatively few negotiation rounds, by ef�ciently exploiting the decomposable structureof complex utility functions.The concept of the structure of a maximal graph of dependencies is a crucial part of ourmodel. Intuitively de�ned, the maximal graph can be seen as a limitation of the types ofnonlinear item-item dependencies which need to be considered when modeling the prefer-ences of a randomly encountered buyer (i.e. mathematically equivalent to a limitation on thenumber of the terms of the polynomial describing a k-additive utility function, as formallypresented in Sect. 3.3.2). In practical settings, this is a natural way to model the problem,since for most users their utility function over many binary issues or items, although it cancontain non-linearities, is not arbitrarily complex. This maximal graph enables us to restrictthe opponent modeling, from a super-exponential number of possible utility functions, to amore manageable number. This enables the seller to focus the search on the most promisingregion of the high-dimensional utility space. For this reason, the problem of �nding a mutu-ally ef�cient contract can be addressed in a limited number on negotiation steps, despite thehigh dimensionality of the contract space.The issue of how the seller acquires this initial graph information is an important one



56 Chapter 3- and is addressed in the second part of our model. One method would be to elicit it fromdomain experts (i.e. an e-commerce merchant is likely to know which items are usually soldtogether or complimentary in value for the average buyer and which items are not). Forexample, if the electronic merchant is selling pay-per-item music tunes, the tunes from thesame composer or performer can be potentially related - and this information can be used innegotiations with newly encountered customers.We show this initial graph information can also be retrieved automatically, by usinginformation from completed negotiation data. The implicit assumption we use here is thatbuyer preferences are in some way clustered, i.e. by looking at buyers that have showninterest (through their negotiation bids) for some combinations of items in the past, we canmake a prediction about future buying patterns of a random customer. This holds, even if weassume we have not encountered a particular buyer in previous negotiations. In our model,only aggregate, not personalized preference data is maintained. Note that this assumptionis not uncommon: it is a building block of most recommendation mechanisms deployed inInternet today [197]. In order to generate this initial structure of our utility graph, in thischapter we propose a technique inspired by collaborative �ltering.Collaborative �ltering has been widely used in electronic commerce to provide buyerdecision support, even when very large numbers of items are involved (e.g. Amazon.comoffers over 2 million book titles). Recommendations are based on aggregate informationobtained from a community or class of buyers, but they are not tailored speci�cally to thepreferences of an individual buyer. By combining �ltering with multi-issue negotiation amuch greater degree of �exibility can be achieved, because, in addition to an estimation fromaggregate preferences, deals can be tailored to the speci�c needs of the individual buyers.Therefore our work can be seen as establishing a link, in the form of a well-de�ned formalmodel (i.e. utility graphs), between customization mechanisms typically used in multi-issuenegotiation and customization mechanisms used in collaborative/social preference �ltering.The remainder of this chapter is organized as follows. Section 3.2 presents the negotia-tion setting: it de�nes the ef�ciency criteria, the negotiation protocol and the top-level outlineof the negotiation algorithm. Section 3.3 de�nes the concept of utility graphs, it describeshow such graphs can be used to model complex utility functions and also introduces the con-cept of a maximal graph for a class of buyers. Section 3.4 de�nes the core of the negotiationmodel, by describing how utility graphs can be used for ef�cient exploration of the contractspace and to learn opponent preferences in negotiation settings. Section 3.5 presents themethod used in constructing the structure of the maximal utility graphs, based on concludednegotiation data. Section 3.6 presents the set-up and results from the experiments performedto validate the model. This Section consists of two main parts: validation of the negotiationmodel and validation of the graph retrieval algorithms. Section 3.7 presents a discussion ofrelated work, in comparison to other approaches to this problem. Section 3.8 concludes thechapter, by highlighting the main contributions of our work and outlining some possible di-rections for further research. The chapter includes one appendix, containing a formal proofof equivalence between Pareto-ef�ciency and gains of trade maximization. This is incidentalto the main objective of the chapter, but it is included for consistency.



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 573.2 The negotiation settingWe consider a buyer and seller who negotiate bilaterally over a set of n binary-valued issuesor items, and one continuous issue, the price. Henceforth, we will refer to the binary-valuedissues as items and to subsets formed with these items as bundles. Negotiations are con-ducted in an alternating exchange of offers and counter offers, using an alternating offersprotocol. The offers and counter offers contain a n-dimensional vector of 0's and 1's repre-senting an instantiation of the n items, plus a price offered/asked for the current bundle.The utility (measured in terms of monetary value) a buyer assigns to any bundle of itemsis given by a non-linear (i.e. k-additive - as de�ned in Sect. 3.3.2) function that takes intoaccount interdependencies between various items. The seller's utility for a bundle (measuredin net monetary value) is the difference between the price received for a bundle and the costsincurred for providing a bundle. In the model used, the costs of the seller for providing theitems are linearly additive: i.e. the bundle cost equals the cost of offering the items individ-ually. Thus, in our model, the non-linearity in utility is mainly centered on the part of thebuyer. However, both the buyer's utilities and the seller's cost represent private information,which remains undisclosed before or during the negotiation. Therefore, the negotiation set-ting can be describes as double-sided incomplete information. For reasons outlined in the theintroduction, this is a natural requirement in bilateral, agent-mediated negotiation settings.3.2.1 Net Utility functions of Buyer and SellerLet B = fI1; : : : ; Ing denote the collection of n items a seller and buyer negotiate over.Each item Ii takes on either the value 0 or 1: 1 (0) means that the item is (not) purchased.Thus B has the domain Dom(B) = f0; 1gn (so there are 2n possible bundles). The n-dimensional vector~b 2 Dom(B) denotes an instantiation of these n items. In our approach,the utilities assigned to different outcomes (combinations) are quasi-linear, i.e. representedby monetary units, rather than values normalized between 0 and 1, as in other negotiationmodels [71, 115, 163, 179, 232]. Quasi-linear utility functions have several advantageousproperties (discussed in the next Section) and represent a natural choice in a wide varietyof application settings that could be considered for bilateral negotiations, such as electroniccommerce, task allocation, distributed logistics etc.The utility function u : Dom(B) 7! R speci�es the monetary value a buyer assigns toall (2n) possible outcomes. Due to interdependencies between various items the function ucan be highly nonlinear. The buyer's net utility (i.e. net monetary value) for purchasing abundle~b for a price p, denoted by nub(~b; p), is de�ned as follows:nub(~b; p) = u(~b)� p (3.1)That is, nub(~b; p) is the difference between the monetary value for acquiring (consuming)bundle~bminus the price p paid for purchasing bundle~b. The net monetary value of the seller



58 Chapter 3is computed as:nus(~b; p) = p� Costs(~b) (3.2)Thus, the seller's net monetary value for the sales of a bundle ~b for a price p is just theprice minus the cost for selling the items. Currently, the seller has an additive cost structure:i.e., the bundle costs Costs(~b) equals the sum of the cost incurred when selling the itemsindividually.3.2.2 Using gains from trade as ef�ciency criteriaThe most widely used performance criteria in multi-attribute negotiations is Pareto ef�-ciency. Raiffa [179] provides a method to compute Pareto-ef�cient outcomes in the caseutility functions of both parties are normalized between 0 and 1 (a choice made in severalother multi-agent negotiation models e.g. [102, 115] etc.).In our model, utilities are represented in monetary units instead of mappings between 0and 1, or otherwise stated utility function are quasilinear. In the case of quasilinear utilityfunctions, in order to determine Pareto-ef�ciency, it is enough to compute the gains fromtrade that can result from exchanging a certain bundle of items ~b. The gains from trade arede�ned as:GT (~b) = u(~b)� Cost(~b); (3.3)where u(~b) denotes the buyers monetary value for ~b. The notion of gains from trade iswell founded in the economic literature on trade (c.f. [88]). Moreover, for the above setting(where utility is expressed in monetary units) the set of bundles maximizing the gains fromtrade can be proven to be the same as the set of Pareto-ef�cient bundles (a formal proof isprovided in Appendix 3.A of this chapter and [207]). Intuitively, the gains from trade can beseen as the maximal size of joint gains, which can be achieved through negotiation, whilethe continuous attribute, the price represents different ways to divide these joint gains.3.2.3 Outline of the negotiation setting and protocolThe negotiation, in our model, follows an alternating offers protocol. At each negotiationstep, each party (buyer/seller) makes an offer which contains an instantiation of 0/1 for allitems in the negotiation set (denoting whether they are/are not included in the proposedbundle), as well as a price for this bundle. The decision process for each party, at eachnegotiation step, is composed of 3 inter-related parts: (1) take into account the previous offermade by the other party, (2) compute the contents (i.e. item con�guration) of the next bundleto be proposed, and (3) compute the price to be proposed for this bundle.In our model, the burden of exploring the huge bundle space and recommending jointlypro�table solutions is passed to the seller, who must solve it by modeling the preferences of



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 59the buyer. This is a reasonable model, in cases where an electronic merchant negotiates withdifferent buyers in succession and tries to optimize both his own pro�ts and buyer satisfac-tion (essential for building up a durable client relationship, which would generate repeatedbusiness). Furthermore, in many settings, one party can be seen as more knowledgeable thanthe other (e.g. in e-commerce domains it is reasonable to assume that electronic merchantsare more knowledgeable than individual buyers, while in distributed logistics settings largertransportation providers have more knowledge of the market than random customers).Following Gerding at al. [80] (among others), we view a multi-issue negotiation strategyas composed of two parts:� The Pareto-search strategy, which enables agents to reach mutually pro�table agree-ments, with incomplete or uncertain information about opponent preferences.� The concession strategy employed during the negotiation, which can be one of thestandard, time-dependent strategies, from the ones discussed in [70] (and other sources).The focus of this chapter is on the Pareto-search aspect of the negotiation, in particu-lar on proposing a search method for the case the utility functions of different agents areunknown and non-linear. The seller's approach is to search for a bundle that maximizesthe gains from trade, since this increases the joint gains: the only way he can continue tooffer a better concession on price, but also increase his own pro�ts. Thus, there is a semi-cooperative nature of the negotiation: although the seller is sel�sh and tries to maximize hisown utility, he achieves this by trying to �nd a better trade-off between issues, a trade-offwhich better matches the buyer's preferences, estimated from the buyer's responses so far.Such a mechanism also used in other negotiation approaches (e.g. [71, 163, 232]), althoughthese only consider linearly additive utilities.With respect to pricing, the seller starts the negotiation by posting an ask price for eachitem. This price re�ects the maximum pro�t the seller expects to make by selling that item(i.e. the ask price re�ects his maximal aspiration level). The lower bound of the seller'saspiration level (i.e. how far he is willing to go w.r.t. price concessions) is given by hisvector of costs for providing each item, information which remains hidden from the buyerduring the negotiation. The buyer also has a maximal aspiration level, which re�ects theminimum price he expects to pay. The price the buyer will actually pay for a bundle dependson the content of that bundle and on the negotiation process itself. Both the buyer and theseller compute, for the current proposed bundle their current aspiration level and then make atime-dependent price concessionwith respect to that aspiration level. For consistency, resultsreported in this chapter refer to the monotonic, time-dependent concession case. Howeverother time-dependent concession strategies usually employed in bilateral negotiations (suchas hard-headed, boulware [70]) have been considered.It is important to note that the speci�c time-dependent concession strategy used refersonly to prices, not to the search for a bundle con�guration. With respect to the bundlecon�guration, both parties have an incentive to search for a Pareto-ef�cient combination,that maximizes the joint utility. For the seller side, this search is explicit, through opponent



60 Chapter 3modeling. For the buyer side, the bundles proposed simply re�ect his/her preferences. In thecurrent set-up, there is no obvious incentive for the buyer to falsely reveal his preferences,given the Pareto-search strategy of the seller, since revealing false preferences will lead toa bundle with sub-optimal Gains from Trade to be selected, which is also in its detriment.Because we make the explicit choice that the concession strategy only concerns the pricingof the bundles, it is also in the interest of the buyer to search for a good bundle combination,regardless of the price concession tactic he/she employs. Finally, we model time pressureand/or buyer impatience through a break-off probability: at each step there is a small risk ofbreakdown (a value of 2% was used in the simulations).3.2.4 Assumptions about buyer knowledgeGiven that our aim is to develop a model for handling incomplete preference information, anissue which needs to be discussed is the type of knowledge about the preferred combinationthe buyer can provide. The aim, in our model, is to handle buyers that do not (or are unableto) specify their preferences directly (i.e. cannot, or are not willing to, reveal the subutilitiescorresponding to the individual clusters/interdependencies, that form their utility function).In our model, the buyer can maintain a vector of price expectations of items, based onthe previous offers of the seller. With regards to the knowledge required, we assume onlythat the buyer is able to respond with (one of) the bundle combination(s) that, given his priceexpectations for the items at some point during the negotiation, maximizes his own utility.This is considerably less dif�cult for a buyer than revealing his exact preference functionover all possible bundles. The assumption is similar to the assumption made in demandqueries in preference elicitation literature (e.g. [133]), i.e. that the agents are required toonly locally reveal their preferred combination, for a given price level. The negotiationproblem, is however, more complex than combinatorial preference elicitation with a trustedproxy, since there are double sided-incomplete information and strategic considerations atplay. Furthermore, as will be shown, our method is a heuristic rather than an exact elicitationmethod, which makes it computationally considerably more ef�cient.3.2.5 Top-level negotiation algorithm used by the sellerAlg. 1 gives an outline of the algorithm the seller uses in each negotiation step. Thereare several stages. First, the seller checks if the con�guration of the last 2 offers of buyerand seller coincide and if the difference in price is below a given, small threshold Æp. Thisthreshold can be set as small as desired; in our current model is expressed as a percentageof the seller's last price. In case the difference is below the threshold, the seller accepts thebuyer's last offer and the negotiation ends.As brie�y outlined in the introduction (and will be formally de�ned in the next Section),the seller models the preferences of his buyer in the form of a utility graph, in which eachedge (cluster) is associated to a table of values. There are several main computational steps



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 61during the negotiation: the opponent modeling step (line 2 of Alg. 1), in which the sellerupdates the values in the utility graph, based on the last offer made by the buyer, the counter-offer sent to the buyer is computed (line 4 of Alg. 1) and a step in which the price to beproposed next is determined (line 5 of Alg. 1). Note that there is a separation between thestrategy the seller uses in opponent preference modeling and computing the best bundle andthe price concession tactic.Algorithm 1 Top level algorithm used by the sellerDenote by (~bb; pb) the previous offer of the buyer and by (~bs; ps) the previous offer of theseller.1. If~bb = ~bs (con�guration is agreed) and ps � pb < �p (difference in ask and offer pricesis under some maximum acceptable threshold), then Success.2. Otherwise:3. Update the estimated utility graph of the buyer based on his past bid~bbuyer4. Compute (one of) the bundles~b� with the highest gains from trade5. Compute the price to be proposed for ~b� such that it represents a linear time concessionfrom my previous offer6. Propose this bundle and price to the buyer3.3 Decomposable utility functions and their graphical rep-resentationRecall that we consider a buyerwho negotiates with a seller over a bundle of n items, denotedby B = fI1; : : : ; Ing. Each item Ii takes on either the value 0 or 1: 1 (0) means that theitem is (not) purchased. The utility function u : Dom(B) 7! R speci�es the monetary valuea buyer assigns to each of the 2n possible bundles (Dom(B) = f0; 1gn).In traditional multi-attribute utility theory, u would be decomposable as the sum of util-ities over the individual issues (items) [179]. In this chapter we relax this assumption byconsidering u decomposable in sub-clusters of individual items such that u is equal to thesum of the sub-utilities of different clusters.De�nition 1 Let C be a set of clusters of items C1; : : : ; Cr (with Ci � B). We say thata utility function is factored according to C if there exists functions ui : Dom(Ci) 7! R(i = 1; : : : ; r and Dom(Ci) = f0; 1gjCij) such that u(~b) = Pi ui(~ci) where ~b is theassignment to the variables in B and ~ci is the assignment to the variables in Ci, inducedfrom the assignment~b. We call the functions ui sub-utility functions.The factorization of a decomposable utility function is not unique. In this chapter, weuse the following factorization, which is a relatively natural choice within the context ofnegotiation. Single-item clusters (jCij = 1) represent the individual value of purchasing an



62 Chapter 3item, regardless of whether other items are present in the same bundle. Clusters with morethan one element (jCij > 1) represent the synergy effect of buying two or more items; thesesynergy effects are positive for complementary items and negative for substitutable ones.Note that the synergy value associated with a cluster (set) of k items represents andadditional value, beyond the utility associated with any of its proper subsets. This methodof de�ning utility functions is, in fact, equivalent to what existing literature refers to as ak-additive form.3.3.1 The k-additive utility formThe k-additive form represents an important class of representing decomposable utility func-tions described in existing literature (see [46, 55](the same class is referred to as the �poly-nomial representation� is some sources, e.g. [133]).For unbounded k, the k-additive form is fully expressive, meaning any utility functionover a set of (binary) issues (or bundles of items) can be represented in k-additive form(cf. [46]). In practice, however, the maximum size of k can nearly always be bounded to asmall value. For instance, if we denote by x1; :::xn the instantiation of the set of n items, theexpression for a 4-additive utility form (i.e. taking a maximum k=4) is given by:U(x1; :::; xn) = X1�i�n�ixi+ X1�i;j�n�i;jxixj+ X1�i;j;k�n�i;j;kxixjxk+ X1�i;j;k;p�n�i;j;k;pxixjxkxp(3.4)In the binary case, x1; ::; xn represents a vector of 0 and 1, denoting whether an itemis (or is not) considered in the combination being evaluated, the reals �1:::�n;n;n;n are theparameters of the function, while the maximum k, henceforth denoted by kmax (same k as in�k-additivity�) is the maximum rank of the polynomial, i.e. all the polynomial terms havinga rank above kmax have the coef�cients � = 0. For example, linearly additive functionsform a subclass of k-additive class, where kmax = 1. The expression given in Eq. 3.4corresponds to a 4-additive utility function.There is a natural connection between the de�nition in Def. 1 and Eq. 3.4. Each clustercorresponds a term of the polynomial, the number of clusters (also denoted by r) representsthe number of terms in the polynomial expression with � 6= 0. Only terms corresponding toclusters in the graphicalmodel constructed for the buyer will be considered in the negotiationalgorithm.In practice, in the experimental part of this chapter, we limit our experiments for bilat-eral negotiation to kmax = 4. This means that, in the negotiation tests we performed, thepolynomials modeling the utility functions of buyers are assumed to have maximum degreebounded to 4 (c.f. Eq. 3.4). Furthermore, the collaborative �ltering method we propose,



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 63which is used by the seller to get an approximation of the super-graph of buyer's utilities,was developed for a kmax = 2.Intuitively, this means that for the case some structural information is available aboutthe structure of the utility preference of the buyer (i.e. which terms of the polynomial aremost likely to appear in his utility function in Eq. 3.4), we have validated the approach forup to 4th degree polynomials. The entire approach, including collaborative �ltering, whichassumes no personalized information exists about the utility function of any particular buyeragent, was investigated for 2nd degree polynomials.Although the type of non-linearity our negotiation approach handles is restricted, fromthe point of view of the potential application domains, it is reasonable to assume a boundedkmax. For example, if our generic negotiationmodel would be applied business-to-consumer(B2C) e-commerce, then it is reasonable to assume buyers would have dif�culty in assessingthe additional bene�ts of very high-order synergies (this is also a reasonable assumption inmany B2B e-commerce scenarios). Moreover, because the terms of the polynomials (corre-sponding to clusters in the graph) overlap, the problem remains signi�cantly more complexthan in the linear dependencies case.3.3.2 Using graphs to model complex utility functionsThe factorization de�ned above can be represented as an undirected graph G = (V;E),where the vertexes V represent the set of items I under negotiation. An edge between twovertexes (items) i; j 2 V is present in this graph if and only if there is some cluster Ck thatcontains both Ii and Ij . More generally, if we allow for more than binary dependencies, wecan de�ne hyper-edges between k items. A hyper-edge between any k items: i1; :::ik 2 Vis present in this graph iff there is some cluster Ck that contains all items Ii1; :::Iik . We willhenceforth call such a graphG a utility graph 1.Example 1 Let B = fI1; I2; I3; I4g and C = ffI1g; fI2g; fI1; I2g; fI2; I3g; fI2; I4ggsuch that ui is the sub-utility function associated with cluster i (i = 1; : : : ; 5). Then theutility of purchasing, for instance, items I1; I2; and I3 (i.e.,~b = (1; 1; 1; 0)) can be computedas follows: u((1; 1; 1; 0)) = u1(1) + u2(1) + u3((1; 1)) + u4((1; 1)), where we use the factthat u5((1; 0)) = 0 (synergy effect only occur when two or more items are purchased). Theutility graph of this factorization is depicted in Fig. 3.1. There exist (indirect) interdepen-dencies between all 4 goods, because the choice of I1 is in�uenced by the relations betweenI2; I3 and I2; I4.To give a numerical example, suppose: u1(1) = $7, u2(1) = $5, u3((1; 1)) = �$5,u4((1; 1) = $4; u5((1; 1)) = $4. Moreover, all item costs are equal to $2: i.e., c(I1) =c(I2) = c(I3) = c(I4) = $2. In this case the bundle with the maximum gains from trade(i.e. the bundle denoted by ~b� in Alg. 1) is: (0, 1, 1, 1), which has the net monetary value1The concept of cluster de�ned for utility graphs corresponds to the concept of cliques in probabilistic networks.However, for consistency, we use only the term �cluster� throughout this chapter.



64 Chapter 3of $5+$4+$4 - 3*$2 = $7. From this simple example we can already highlight an importantproblem. The assignments for items I1 and I3; I4 in�uence each other indirectly, throughthe assignment for I2 (although there are no direct links from I1 to I3; I4). This feature isexploited by our decomposition algorithm.
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Figure 3.1: The utility graph that corresponds to the factorization according to C in Example1. The + and � signs on the edges indicate whether the synergy effect are positive ornegative.At the computational level, each cluster is represented by a joint utility table, whichassigns a utility value for all combinations of instantiations with 0/1 of items in that cluster(this is similar in concept to the joint probability tables, used to represent inter-dependentvariables in probabilistic networks). Although (as mentioned above), in the experiments,we limit the maximum size of the cluster to a small kmax (which means up to kmax itemsare directly interdependent in utility, i.e. linked by an edge, any number of items can beindirectly interdependent, depending on the connectivity of the graph. Any two issues whosecorresponding vertexes are connected by a path in the utility graph are, potentially, inter-dependent. For example, the factorization corresponding to the graph discussed in Example1 and Fig. 3.1 from above has k = 2 (only two-item dependencies), though all items are infact interdependent through the choice of I2.3.4 Negotiation heuristics based on utility graphsAs shown in Sect. 3, in our approach we model the buyer's utilities a graph. The structureof this graph, as well as the sub-utilities corresponding to different clusters constitute privateinformation which is not revealed directly during the negotiation.However, in our model, the seller does have some prior information to guide his opponentmodeling. He starts the negotiation by having a super-graph of possible buyer graphs, i.e.a graph containing all possible inter-dependencies between the issues (items) which can bepresent in a given domain. The utility graphs of buyers form subgraphs of this graph. Wecall this graph a maximal item inter-dependence graph, because from the perspective of theseller, it gives the maximal set of clusters that need to be considered during the negotiation.Otherwise stated, the maximal graph tells the seller which terms of the k-additive sum in



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 65Eq. 3.4 can potentially, have non-zero values for any random buyer he encounters in anegotiation.The negotiation is still with double sided incomplete information, because: 1. The sellerdoes not know anything about the values the buyer assigns to different issues (i.e. values cor-responding to the clusters). These need to be estimated during the negotiation itself, from thecounter-offers he makes. 2. The exact structure of the utility graph of the buyer is not known,the super-graph represents only a maximal (and potentially inaccurate) approximation.The presence of this graph helps to greatly reduce the complexity of the search space onthe side of the seller. The structural information contained in such a graph can be obtainedeither from a history of past negotiations or elicited from human experts. Note that in mostdomains it is reasonable to assume that the seller does know something about the goods he isselling. For example, if he is selling online pay-per-view journal articles, then articles withinthe same category (or with the same author) can be potentially related (though not guaran-teed to be related for every buyer). A method for automatically constructing its structure isprovided in Sect. 3.5.Therefore, our model does not assume the seller has to know the exact structure of theutility graph of the buyer. For example, suppose two issues are assumed substitutable bythe seller, so the utility of the combination containing both items is lower than the sums ofutilities for individual items. If the buyer signals (through his bids) that he is willing to acceptbundles containing both items, the seller will adjust the weight of this relation (i.e. adjust thevalues for the relevant cluster sub-utility) towards the sum of utilities for individual items.Conceptually, this is equivalent to removing the edge from the graph - or the correspondingterm from the summation (which means the items are no longer assumed substitutable).Thus, in this model it is possible to conceptually remove edge dependencies (by adjustingtheir perceived weight towards 0), but it is not possible to add new dependencies - other thanthose present in the maximal graph. Thus, the maximal graph can be seen as a restriction onthe utility space considered during the negotiation.3.4.1 Selecting the best counter offerThe problem faced by the seller at each negotiation step (see Alg. 1, step 2) is to choose abundle ~b� which has the highest gains from trade of the 2n bundles. More formally stated:~b� = argmax~b(ĜT (~b)) = argmax~b(û(~b) � Cost(~b)). In the above equation and subse-quent ones we use the notation ĜT and û, to distinguish them from the actual values GTand u, since the seller does not know the true utility values of the buyer. He only has anestimation of these values, which are updated after receiving a (counter) offer.A straight-forward, �brute-force� solution to determine~b� is to generate all bundles~b andselect one which has the highest (estimated) gains from trade. Since this involves 2n stepsat every iteration, it is clearly not feasible for large n, so a heuristic is needed to reduce thissearch space. Now, suppose the utility graph is decomposable into two or more completelydisjoint parts (no overlapping vertexes). We can then compute an optimal sub-bundle for



66 Chapter 3each of the parts and merge them. However, for the more general case we still need a methodfor reducing the complexity of the search, when the original graph (or a large sub-componentof it) is not decomposable in such a straight-forward way. We do this by applying ideas fromgraph decomposition theory to the utility graph Ĝ = (V̂ ; Ê).Informally, the decomposition of a graph is a family of small, not necessarily disjoint,subgraphs Ĝ1; : : : ; Ĝk (for some k 2 N), the union of which makes up the initial graph.Associated with a decomposition Ĝ1; : : : ; Ĝk is a collection of cutsets: a cutset is a subsetof vertexes that belong simultaneously to the same two subgraphs. (See [61, 215] for a moreformal discussion of graph decomposition algorithms).Example 2 Figure 3.2 depicts such a decomposition. The vertexes fIa1; Ia2; Ia3; Ia4; Icgand fIb1; Ib2; Ib3; Icg form the two cliques and corresponding subgraphs of Ĝ. There areonly two subgraphs therefore there is only 1 cutset; Ic forms this cutest because it is the onlyvertex that lies in both subgraphs.

Figure 3.2: Utility graph where the vertexes fIa1; Ia2; Ia3; Ia4; Icg andfIb1; Ib2; Ib3; Icg form the two cliques and corresponding subgraphs of Ĝ. More-over, fIcg forms the only cutest.Given a decomposition Ĝ1; : : : ; Ĝk of the graphG we can de�ne ĜT i : Dom(Vi) 7! Ras the predicted gains from trade that results from the sales of a subset of the item representedby the subgraph Gi. Here we use the formal notation Dom(Vi) to represent the domain ofpossible values (in our case 0/1) assigned to the subset of vertexes Vi in subgraph Gi. Alg.2 generates all possible combinations only for items that overlap between subgraphs (i.e.cutset items). Then, for all subgraphs it chooses the sub-combination that represents a localmaximum for the gains from trade function in the considered subgraph, but subject to theconstraint that the items that belong to more than one subgraph (i.e. cutset items) have thesame values in all subgraphs. The best overall combination is chosen as a maximum ofcombinations of local maximums achieved for all possible instantiations for cutset vertexes(items).



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 67Algorithm 2 Algorithm returns ~b�, a bundle with the highest gains from trade (i.e., ~b� 2argmax~b2Dom(B)ĜT (~b))Subgraphs Ĝ1 = (V1; E1); : : : ; Ĝk = (Vk ; Ek) and the union of all cutset nodes S � Vdetermined by the decomposition; ĜT i : Dom(Vi) 7! R denotes the predicted gains fromtrade resulting from the sales of a subset of the items in subgraph Gi; and Vi[j]; S[i] 2f1; : : : ; ng denote the reference to the item in B that corresponds to the jth and ithvertexesin Vi and S, respectively.1. X := ; //X will contain n-dimensional vectors2. For all ~s 2 Dom(S) f3. Initialize~b //~b is a n-dimensional vector4. For (1 � i � k)f5. //Get local max. gains from trade in subgraphGi consistent with ~s6. ~v�i 2 argmax~x2Dom(Vi)ĜTi(~x)7. s.t. ~x(l) = ~s(m) if Vi[l] = S[m]for some 1 � l � jVij and 1 � m � jSj8. For (1 � j � jVij)~b(Vi[j]) := ~v�i (j)9. gX := X [~b10.g return~b� 2 argmax~x2XĜT (~x)Example 3 Consider the graph in Figure 3.2. Generating all bundle combinations andtesting them takes 2p+c+q steps. Our algorithm generates all possible combinations only forcutset C, then computes optimal sub-bundles for subgraphs A and B for each combinationofC and merges them. This requires only 2c(2p+2q) steps. Since c in our case is of size 1 or2, while p and q can be arbitrarily large, the decrease in the number of steps is exponential.More generally, suppose the decomposition of a utility graph uses kS = jSj cutset ver-texes and results in p subgraphs of sizes jG1j; jG2j:::jGpj (where jGij denotes the number ofvertexes in subgraphGi). The computational complexity of determining the optimal bundle(Alg. 2) can be written as:O(2jSj(2jG1j + 2jG2j + :::2jGpj)) (3.5)If we denote byMaxV the number of vertexes in the resulting subgraph with the largestnumber of vertexes (i.e. MaxV = maxijGij), by jSj the number of cutset vertexes (nodes)and by p the number of subgraphsGi, then this complexity measure is upper bounded by thefactor:O(2jSj2MaxV p) (3.6)



68 Chapter 3An important problem to be addressed is how to �nd an (approximate) optimal partition(required by Alg. 2), given a utility graph structure, as well as the quality and computationalcomplexity of this partition. This is the scope of Sect. 3.4.1.Algorithms for ef�cient graph partitioningRecall that Alg. 2 takes as input a graph decomposition that is already given and uses it tocompute the optimal bundle combination. In this Section, we look at the problem of howcan we partition any random graph structure, such as to assure a minimal computational costfor the search algorithm (Alg. 2). The upper bound for the complexity of Alg. 2 dependsexponentially on two terms: jSj (number of cutset or separator nodes) and MaxV , whichis the size of the maximal subgraph. Thus, the partition required needs to be, as much aspossible, a balanced partition: one that minimizes the number of vertexes in the largestsubgraph.The problem of ef�ciently determining a balanced graph partition has been extensivelystudied in OR and theoretical computer science literature, since it is a problem that appears inmany application settings, thus is not speci�c to multi-issue negotiation. It can be formulatedas a speci�c case of the k-multiway separator problem [69, 77]. To our knowledge, the mostef�cient approximate solution to this problem in existing literature is provided by Even etal. [69].Formally, the problem can be stated as follows: given a graph G(V;E), with n vertexesand m edges, where each vertex and edge is assigned a capacity (weight). In our case, weapply the partition to the unweighed case, thus we take the capacities: w(v) = 1;8v 2 Vand c(e) = 1;8e 2 E.The problem is to partition the initial graph G(V;E) into k parts, such that the sum ofvertexweights in each of the resulting subgraphs is at most: 2Pv2V w(v)k . In order to preservestandard notation, we use k to denote the number of parts that the graph is partitioned into(denoted by p in Eq. 3.5 and 3.6). Thus k here has a completely different meaning than thek expressing the maximum degree of the polynomial, in k-additive utility. If n denotes thetotal number of vertices in the graph and w(v) = 1;8v 2 V , this bound is equivalent to 2nk .Thus, since each of the resulting subgraphs contains at most 2nk nodes, thus we can writeMaxV = 2nk . For a graph with all edge and vertex capacities equal to 1, [69] proposesan approximation algorithm where the total capacity of the separators (in our case denotedby kS or jSj) is bounded by: (2 + o(1))(ln n)OPTk, where OPTk is the optimal separatorcapacity that is possible for the given graph topology. The upper complexity bound for Alg.2 from eq. 3.6 becomes:2(2+o(1))(lnn)OPTk2 2nk k (3.7)Where n is the number of vertexes (items) in the utility graph, k is the number of sub-graphs the graph is to be partitioned into, o(1) is a constant factor and OPTk is the numberof cutset nodes and represents a factor that is dependent on the actual topology of the graph.



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 69Admittedly, the above equation is not a very tight bound - especially since it is stillexponential in the factor OPTk, which is a theoretical optimum, but depends on the graphtopology and thus cannot be bound in advance. However, if we want to have a bound forthe general case graph (i.e. without making any prior assumptions on our utility graph), thebound offered by k-balanced partition algorithm is probably the best we can do.For many speci�c cases, the partitioning problem can be considerably more ef�cient,however. We cover this brie�y, in the next Section.Recursive decomposition of utility graphs. Restricted cases.The complexity measure for Alg. 2, as discussed in Sect. 3.4.1 refers to one-step appli-cation of Algorithm 2. However, it is possible to apply Alg. 2 recursively on a utilitygraph G: �rst decompose G into m1 subgraphs G1; G2; :::Gm1, according to k1 cutsetnodes, then apply Alg. 2 again to �nd the optimal combination in each of the subgraphsG1; G2; :::Gm1 and then merge them for all combinations of cutset nodes k1. The advan-tage of this procedure is that the algorithm does not have to iterate over all cutest nodesk1; k1;2:::k1;m1; k2;1;m2:::k2;m1;m2; :::, but the iteration over the cutset nodes is localizedin each subgraph. This can achieve considerable computational savings, but iff. the graphstructure allows for a suitable recursive decomposition.To illustrate, for trees, it is natural to apply Alg. 2 as follows: the root of the tree is alsotaken as the cutset node. For all instantiations of the root, the local optimal combinationscorresponding to all the items (vertexes) in the subtrees are computed and then merged. Thelocal optimal combinations in each subtree can then be computed recursively, by applyingthe decomposition and search algorithm in each subtree. Thus, it is straightforward to showthat recursive decomposition works on trees and graphs of (limited) bounded treewidth (upto 2-3), which can be approximated to trees. For the general case, however, obtaining anapproximate partition through the minimum b-vertex separator algorithm (c.f. Sect. 3.4.1)and then applying Alg. 2 of the resulting partition is the optimal way to proceed, givenavailable state-of-the-art in graph decomposition algorithms.Finally, we should mention that, in practice, for the experiments performed in this chap-ter, we randomly generated and tested several graph structures (including some complexones, to assure robustness of the results). However, the method we employed to generaterandom structures was such as to always assure their decomposability, thus we implicitly setk and OPTk throught the graph generation method (see Sect. 3.6.3 for a discussion of thisissue).3.4.2 Updating Sub-utility FunctionsThe search method described in Section 3.4.1 works on the utility graph Ĝ, and correspond-ing sub-utility functions ûi(Ci (i = 1; : : : ; jĈ j, where Ĉ denotes the set of clusters). Theyrepresent the best model of the opponent (i.e. buyer) that the seller has so far. After receiving



70 Chapter 3a counter offer from the buyer, he will update this model. More precisely, he will update thesub-utility functions. In this Section, we will discuss the rule for updating these sub-utilityfunctions.The updating algorithm determines, for all Ĉi 2 Ĉ, which combination of items in Ĉiwas asked by the buyer at the last iteration (where there are 2jCij possible combinations).Then it increases the expected monetary value of the buyer for that combination and de-grades the other combinations in the cluster. Intuitively, the idea is to strengthen a linkbetween vertexes (represented by the corresponding sub-utility value) whenever a buyer in-deed expresses an interest in purchasing the items corresponding to the vertexes; otherwisethe link is weakened. Algorithm 3 gives the actual updating rules.Algorithm 3 Algorithm for updating sub-utility functionsThe seller's and buyer's last bids contain the binary assignments ~bs and ~bb to the variablesin B; moreover ~ci;s and ~ci;b denote the assignments to the items (corresponding to nodes) inĈi, induced by~bs and~bb (i.e. ~ci;s and ~ci;b are sub-arrays of~bs and~bb).1. For (1 � i � jĈj) f2. if ~ci;s 6= ~ci;bf3. ui(~ci;b) := ui(~ci;b) � (1 + �c)4. For all ~c 2 f0; 1gjCij n fci;bg5. ui(~c) := ui(~c) � (1� �(i))ggExample 4 Suppose we have the cluster Ci = fI3; I5; I6g (for a i 2 f1; : : : ; jCjg). Thebuyer's last offer contains the combination I3 = 0, I5 = 1, and I6 = 1. Then the expectedbuyer utility for purchasing item 5 and 6 is increased: i.e., ui((0; 1; 1)) = ui((0; 1; 1))�(1+�(i)). The expected utilities for all other combinations in f0; 1gjCij (namely ui(1; 1; 0); ui(1; 0; 1); ui(1; 0; 0),etc.) are decreased.Parameter �(i) in Algorithm 3 de�nes howmuch weight should be given to the request fromthe buyer's last bid, in each cluster. A higher �(i) mean that the seller is more likely togive in to buyer's preferences for a cluster. A straightforward choice would be to assign thesame � to all clusters. The seller would then only take into account the buyer's preferences.However, in our model, the seller also takes into account the expected gains from trade of acluster, which also depend on his costs (unknown to the buyer). The rationale for this is inthe way the constructed utility graph is used during the negotiation: it does not have to be aperfect model of buyer preferences, but it is used to search for the bundle with the highestGains from Trade (which also depend on the seller's cost). We therefore de�ne a factorcalled the Gains from Trade Importance Ratio (GTR) as:GTR(i) = GTi(~ci;b))GT (~bb) (3.8)



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 71for all i = 1; : : : ; jCj, the clusters obtained by the decomposition from the previous Section.In the above equation,~bb denotes the buyer's last offer, and ci;b denote the binary sub-vectorsof~bb, containing the instantiations with 0/1 of the items contained in each cluster Ci.Intuitively, this ratio provides a measure of the cluster's importance weight, by compar-ing the gains which can be obtained in this cluster to the gains for the whole bundle. Themeasure can be compared to the inverse of total number of clusters 1=jCj, for the purposeof �ne-tuning the alpha parameter for each cluster (although the clusters vary in size inthe conducted experiments from 1-4 items, the above ratio still provides a useful heuristic).The cluster-speci�c � is then computed as the sum between a �xed and variable component(computed by a sigmoid function): i.e.,�(i) = �fixed + �var � 11 + e��(GTR(i)�1=jCj)) (3.9)for all i = 1; : : : ; jCj. Here the parameter � is a positive value, which gives a measure of howsteep the sigmoid function is. After conducting a number of experiments, we observed thattransforming the function into a simpler step function (by assigning � !1) still works wellin many experimental tests. The values assigned to the alphas were determined empiricallyfor each set of experiments.2The rationale behind the above formula is the following: if a cluster has a high impor-tance for the seller (i.e. if GTR(i) > 1=jCj), then the concession made for this particularcluster will be small (equal to �fixed). Intuitively, this means that for this cluster, the costsof the seller are low, so the the seller should keep insisting more on offering his own valuesfor the items in this cluster for longer, since he knows he can offer them cheaper (the buyerdoes not know this, because he does not know the cost structure of the seller). For clusterswith relatively low gains from trade (i.e. if GTR(i) < 1=jCj), there is not much differencebetween the offer of the buyer and that of the seller - therefore the seller can agree to thevalues asked by the buyer in that cluster without much perceived utility loss.Note that our learning rule entails that in all clusters at least a small, non-negative ad-justment �fixed is made towards the buyer's offer. We made this choice since it assures thatour algorithm guarantees convergence (i.e con�guration agreement) within a limited numberof negotiation steps and, thus, the negotiation is guaranteed to converge to an agreement atsome point (although how ef�cient this agreement is depends on the tuning of parametersand needs to be experimentally investigated).It is important to note that the aim of our learning algorithm is not to exactly learn thebuyer's preferences of converge to his/her true utility graph model. Rather, it is a heuristic,that aims to �nd a good outcome in a complex utility space under uncertainty, for the multi-issue negotiation setting we consider. This approach is somewhat similar to other algorithmsdeveloped in the preference elicitation literature (e.g. [133]), but the aim in multi-issue ne-gotiation research is different, since the goal is not to converge to an exact opponent model.2To exemplify, common parameter settings were: �fixed = 0:1 and �var = 0:3.



72 Chapter 3Exact preference elicitation is not strictly required in a bilateral negotiation setting: ourgoal is to obtain a model of the buyer that is suf�ciently good to �nd a jointly agreeable bun-dle (given the cost vector of the seller), and not to learn exactly all the utility clusters' valuesthat describe the buyer's utility function. Indeed, for the rather complex utility functions weconsider in our experimental analysis, the job of learning the exact buyer values could not besolved in an average of 50 negotiation steps (as shown in Sect. 3.6). But for the multi-issuenegotiation problem, this is not needed: we do not need an exact model of buyer preferences,only one good enough to compute and propose a jointly agreeable contract.3.5 Constructing the structure of utility graphs using ag-gregate negotiation dataThe previous sections have focused on the problem of modeling the negotiation process it-self, with an individual buyer, starting from the structure of a maximal preference graph,which encode dependencies to be considered. We have speculated how this initial prefer-ence information could be obtained, in a given domain. For example, it may be the casethat an electronic merchant knows which of the items he is selling are potentially related(e.g. music tunes from the same album, related web services, books covering the same topicetc.). In this section, we show that it can also be learned automatically, from previous ag-gregate negotiation data, through a technique inspired from work on collaborative �ltering.The section is structured as follows. In Sections 3.5.1 and 3.5.2, we present an overviewof collaborative �ltering and how it relates to our negotiation model. In Section 3.5.3 weformally de�ne the structural graph for a set of buyers, which is our target criteria, whileSections 3.5.4 and 3.5.5 describe how similarity measures are obtained from previous nego-tiations data. Finally, Sections 3.5.6 and 3.5.7 propose a method for building the structure ofthe resulting graph, using these similarities.3.5.1 Collaborative �ltering: brief introductionCollaborative �ltering [197] is the main underlying technique used to enable personalizationand buyer decision aid in today's e-commerce, and has proven very successful both in re-search and practice. The main idea of collaborative �ltering is to output recommendations tobuyers, based on the buying patterns detected from buyers in previous buy instances. Thereare two approaches to this problem. The �rst of these is use of the preference database todiscover, for each buyer, a neighborhood of other buyers who, historically, had similar pref-erences to the current one. This method has the disadvantage that it requires storing a lotof personalized information and is not scalable (see [197]). The second method, of morerelevant to our approach, is item-based collaborative �ltering. Item based techniques �rstanalyze the user-item matrix (i.e. a matrix which relates the users to the items they haveexpressed interest in buying), in order to identify relationships between different items, andthen use these to compute recommendations to the users [197].



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 733.5.2 Overview of our �ltering and negotiation approachThere are two main stages of our approach (see also Figure 3.3):1. Using information from previously concluded negotiations to construct the structureof the utility super-graph. In this phase the information used (past negotiation data)refers to a class of buyers and is not traceable to individuals. This is is the focus ofSect. 3.5.2. The actual negotiation, in which the seller, starting from a super-graph for a class(population) of buyers, will negotiate with an individual buyer, drawn at random fromthe buyer population above. In this case, learning occurs based on the buyer's previousbids during the negotiation, so information is buyer-speci�c. However, this learningat this stage is guided by the structure of the super-graph extracted in the �rst phase.The algorithms used in this stage were covered in Section 3.4.

Figure 3.3: Top-level view of our agent architecture and simulation model



74 Chapter 3Phase 2 is described in our previous work [186]. The rest of this chapter will focus ondescribing the �rst phase of our model, namely retrieving the structure of the utility super-graph from previous data.3.5.3 Minimal super-graph for a class of buyersThe de�nition of utility graphs given in Section 3.3 corresponds to the modeling the utilityfunction of an individual buyer. In this chapter, we call the utility graph of an individualbuyer the underlying or true graph (to distinguish it from the retrieved or learned graph,reconstructed through our method). The underlying graph of any buyer remains hidden fromthe seller throughout the negotiation.We do assume, however, that the buyers which negotiate with a given electronic mer-chant belong to a certain class or population of buyers. This means the utility buyers assignto different bundles of items follow a certain structure, speci�c to a buying domain (an as-sumption also used indirectly in [79, 197, 207]). Buyers from the same population (or class)can be expected to have largely overlapping graphs, meaning there is a subset of dependen-cies that are much more likely to appear than others for a random buyer in that class. Thisdoes not entail that all buyers will have all dependencies speci�c to that class.To illustrate this concept, consider the example of an e-commerce merchant negotiatingover the con�guration of a bundle of n goods with a random buyer. For simplicity, let's as-sume the buyer's utility graph can contain only binary dependencies (i.e. his utility functionis 2-additive). Even so, there are n2 possible dependencies (corresponding to edges) in theutility graph of the buyer (e.g. 2500 for 50 binary issues, 10000 for 100 binary issues etc.).The number of possible utility graph structures that a random buyer can potentially have isthe size of the power set of the number of dependencies: P (n2) = 2n2 , a quantity which isso large that the problem of ef�ciently capturing buyer preferences seems to require solvingan intractable modeling problem.In practice, however, the seller knows that not all n2 dependencies are relevant, andconsidering a much smaller set of dependencies usually leads to extracting most gains fromtrade from buyer preferences. Otherwise stated, the super-graph of buyer preferences to beconsidered is likely to be much sparser than fully connected: in fact most dependencies willnot occur in the function of any buyer. In the following, we de�ne these intuitions moreformally.De�nition 2 Let A = fA1; ::Ang be a set (class, population) of n buyers. Each buyeri = 1::n has a utility function ui, which can be factored according to a set of clustersCi = fCi;1; Ci;2::CI;r(i)g. We de�ne the super-set of clusters for the class of buyers A =fA1; ::Ang as: CA = C1 [ C2 [ :: [ Cn.In graph-theoretic terms (as shown in Section 3.3), the set of clusters Ci according towhich the utility of a buyer Ai is structured is represented by a utility graphGi, where each



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 75binary cluster from fCi;1; ::CI;r(i)g represents a dependency or an edge in the graph. Thesuper-set of buyer clusters CA can also be represented by a graphGA, which is the minimalsuper-graph of graphs Gi, i = 1::n. In practice, our negotiation algorithm uses a graphstructure that is reasonably close to the minimal one, but may contain spurious (extra) oreven missing edges.C1 = ffI1g; fI2g; fI3g; fI1; I2g; fI2; I3g; fI2; I4gg. This super-graph is minimal, be-cause is we were to add the dependency fI1; I3g to CA we would also obtain a super-graph,though not the minimal one.It is important to note that the above de�nition for the utility super-graph for a class ofbuyer refers only to the structure (i.e. clusters Ci) and makes no assumption about the sub-utility values (i.e. functions ui) in these clusters. To illustrate the difference, suppose that ata structural level, there is a complementarity effect between two items. However, for somebuyers in the population, the utility value corresponding to this dependency may be veryhigh (i.e. it is important for the agent to get both items), while for others it is much moremoderate (or even close to zero).3.5.4 Extracting information from concluded negotiation dataSuppose the seller starts by having a dataset with information about previous concludednegotiations. This dataset may contain complete negotiation traces for different buyers, orwe may choose, in order to minimize bias due to uneven-length negotiations, to consideronly one record per negotiation. In our model, we take the �rst bid a buyer makes in eachnegotiation thread. An alternative would be to take the �nal outcome of the negotiation -however, as this results after a process of negotiation and matching with the seller costs, it isnot as re�ective of buyer preferences as his/her initial asking offer.The considered dataset is not personalized, i.e. the data which is collected online can-not be traced back to individual customers (this is a reasonable assumption in e-commerce,where storing a large amount of personalized information may harm customer privacy).However, in constructing of the minimal utility graph which the customers use, we implic-itly assume that customers' preference functions are related - i.e. their corresponding utilitygraphs, have a (partially) overlapping structure.Our goal is to retrieve the minimal super-graph of utility interdependencies which canbe present for the class or population of buyers from which the negotiation data was gener-ated.We assume that past data can be represented as a N � n matrix, where N is the numberof previous negotiation instances considered (e.g. up to 3000 in the tests reported in thischapter) and n is the number of items (e.g. 50 for our tests). All the data is binary (i.e. withvalues of �1� in the case the buyer asked for this item or �0� if he does not). In the remainderof this Section, we use the following notations:� N for the total number of previous negotiation outcomes considered



76 Chapter 3� For each item i=1..n, Ni(1) and Ni(0) represent the number of times the item i was(respectively was not) asked by the buyer, from the total of N previous negotiations� For each pair of items i; j = 1::n we denote by Ni;j(0; 0), Ni;j(0; 1), Ni;j(1; 0) andNi;j(1; 1) all possibilities of joint acquisition (or non acquisition) of items i and j.From the above de�nitions, the following property results immediately: Ni;j(0; 0) +Ni;j(0; 1) +Ni;j(1; 0) +Ni;j(1; 1) = Ni(0) +Ni(1) = Nj(0) +Nj(1) = N , for all itemsi; j = 1::n.3.5.5 Computing the similarity matricesItem-based collaborative �ltering [197] works by computing �similarity measures� betweenpairs of items. The literature on item-based collaborative �ltering uses two main criteria forcomputing similarities between pairs of items: cosine-based and correlation-based simi-larity. Both had to be adapted for our speci�c problem, i.e. retrieving the utility super-graphfor a class of buyers from previous negotiation data. In particular, we needed to derive theexpressions for the binary case, since existing mathematical de�nitions [197] are given onlyfor real-valued preference scores.In the following, we present the resulting expressions in both cases in separate subsec-tions. As we will later show in the experimental part, only correlation-based similarity wasfound to work for our task, i.e. retrieving utility graphs from past data, but for for complete-ness sake, in this chapter, we will report the formulas and experimental results we performedfor both similarity criteria.Cosine-based similarityCosine-based similarity is only useful for detecting complementarity effects between pairsof items. The resulting item-item similarity matrix contains only positive entries (between0 and 1), a higher number denoting a stronger potential similarity. The formula to computethe entries in the is:Simcompl(i; j) = Ni;j(1; 1)pNi(1) �Nj(1) (3.10)Correlation-based similarityFor correlation-based similarity, the resulting similarity matrix contains both positive andnegative values (between -1 and 1). We �rst we de�ne for each item i = 1::n, the averagebuy rate:Avi = Ni(1)N (3.11)



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 77The following two terms are de�ned: 1 = Ni;j(0; 0) �Avi �Avj �Ni;j(0; 1) �Avi � (1�Avj)�Ni;j(1; 0) � (1�Avi) �Avj +Ni;j(1; 1) � (1�Avi) � (1�Avj)and the normalization factor: 2 =rNi(0) �Ni(1)N �rNj(0) �Nj(1)NThe values in the correlation-based similarity matrix are then computed as:Sim(i; j) =  1 2 (3.12)3.5.6 Building the super-graph of buyer utilitiesAfter constructing the similarity matrices, the next step is to use this information to buildthe utility super-graph for the class of buyers likely to be encountered in future negotiations.This amounts to deciding which of the item-item relationships from the similarity matricesshould be included in this graph. For both similarity measures, higher values (i.e. closerto 1) represent stronger potential complementarity. For substitutability detection, the cosinesimilarity uses a different matrix, while the correlation-based it is enough to select valuescloser to -1.Ideally, all the inter-dependencies corresponding to the arcs in the graph representingthe true underlying preferences of the buyer should feature among the highest (respectivelythe lowest) values in the retrieved correlation tables. When an interdependency is returnedthat was not actually in the true graph, we call this is an excess (extra, erroneous) arc orinterdependency. Due to noise in the data, it is unavoidable that a number of such excessarcs are returned. For example, if item I1 has a complimentary value with I2 and I2 issubstitutable with I3, it may be that items I1 and I3 often do not appear together, so thealgorithm detects a substitutability relationship between them, which is in fact erroneous.The question on the part of the seller is: how many dependencies should be consideredfrom the ones with highest correlation, as returned by the �ltering algorithm? There are twoaspects that affect this cut-off decision:� If too few dependencies are considered, then it is very likely that some dependencies(edges) that are in the true underlying graph of the buyer will be missed. This meansthat the seller will ignore some interdependencies in the negotiation stage completely,which can adversely affect the Pareto-ef�ciency of the reached agreements.� If too many dependencies are considered, then the initial starting super-graph of theseller will be considerably more dense than the �true� underlying graph of the buyer



78 Chapter 3(i.e. it contains many excess or extra edges). Actually, this is always the case tosome degree, and in [186] we claim that Pareto-ef�cient agreements can be reachedstarting from a super-graph of the buyer graphs. However, this super-graph cannot beof unlimited size. For example, starting from a graph close to full connectivity (i.e.with n2 edges for a graph with n issues or vertexes) would be equivalent to providingno prior information to guide the negotiation process.In the general case, we consider graphs whose number of edges (or dependencies) is alinear in the number of items (issues) in the negotiation set. Otherwise stated, we restrict ourattention to graphs in which the number of edges considered is some linear factor k timesthe number of items (vertexes) negotiated on. Framed in this way, the problem becomes ofchoosing the optimal value for parameter k (henceforth denoted by kopt). The choice of theparameter kopt (and, implicitly, of the density of the maximal utility graph to be considered)should depend on the negotiation stage of our model - since it is the negotiation stage thatactually makes use of this structure. The following section presents the method used forchoosing this parameter.3.5.7 Minimization of expected loss in Gains from Trade as cut-off cri-teriaDenote by Nmissing the number of edges that are in the �true�, hidden utility graph ofthe buyer, but will not be present in the super-graph built through collaborative �ltering.Similarly, we denote by Nextra the number of excess (or erroneous) edges, that will beretrieved, but are not in the true utility graph of the buyer. (in the experimental analysis inSection 3.6.6, rather than working with absolute �gures, we �nd it more intuitive to reportthese measures as percentages with respect to the number of edges in the true underlyingutility graph of the buyer).The number of edges which are missing (not accurately retrieved) or excess (too manyextra edges) depends on the accuracy of the underlying collaborative �ltering process. Moreprecisely stated, the number of missing edges depends on 3 parameters: the type of �lteringused (correlation or cosine-based), the amount of concluded negotiation records availablefor �ltering (we denote this number by Nr) and the number of edges considered in thecut-off criteria, k. Formally, we can thus write: Nmissing(corr;Nr; k). In this section wefocus, however, exclusively on choosing a value for k, and consider the other two parametersas already chosen at the earlier step. Thus we simplify the notation to: Nmissing(k) andNextra(k), respectively.As discussed in Section 3.5.6, both having missing and too many extra edges in�uencesthe ef�ciency of outcome of the subsequent negotiation process. Our goal is to choose a valuefor k that minimizes this expected ef�ciency loss during the negotiation. The ef�ciency loss,in our case, is measured as the difference in Gains from Trade which can be achieved using alarger/smaller graph, compared to the Gains from Trade which can be achieved by using the



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 79�true� underlying utility graph of the buyer (in earlier work [186, 207], we have shown thatmaximizing the Gains from Trade in this setting is equivalent to reaching Pareto optimality).In order to estimate this error rate, we consider a second negotiation test set, differentfrom the one used for �ltering. The purpose of this second test set is to obtain an estimationof the loss in gains from trade which occurs if we use a sparser/denser graph than the trueunderlying graph of the buyer. This is done by removing and/or adding random edges to theutility graph the seller starts the negotiation with and measuring the effect by re-running anumber of negotiation threads. The ideal value for the size of the super-graph will be theone that minimizes the expected loss in Gains from Trade, compared to the gains from tradewhich can be achieved by an optimal outcome (henceforth we use the abbrev. �GT loss�).In more formal terms, the expected utility loss for using k edges can be written as:Eloss GT (k) = maxhEloss GT (Nmissing(k)); Eloss GT (Nextra(k))i (3.13)Thus, for each value of the number of cutoff edges k, we compute the loss expected asmaximum between the losses of having too few and too many edges. As we will show in theexperimental results (Section 3.6.6), a too small value of k may lead to many edges beingmissed, compared to the true utility graph of the buyer. A too large value of k may leadto considering very dense graphs to start with, which also damages the negotiation process,albeit more gently (as will be shown in Section 3.6.6).Thus we denote the optimal choice of k as:kopt = argminkEloss GT (k) (3.14)Note that our criteria for choosing k in Eq. 3.14 relies on a similar intuition as �min-max regret� decision criteria, sometimes used in preference elicitation problems involvingmultiple issues [32, 39].The application of the above principle to selecting a value of kopt in practice will be dis-cussed in Section 3.6.6, after we introduce the experimental results we obtained for differentcut-off criteria.3.6 Experimental AnalysisThis section covers the results from the computer experiments performed to test the negoti-ation and retrieval models formally presented in Sections 4 and 5. Following the structureof the chapter itself, this section is divided in two main parts. In Subsections 6.1 to 6.3 wedescribe the results from experiments performed on the negotiation model itself (i.e. thealgorithms presented in Section 4). In Subsections 6.4 to 6.6 we provide results from theexperiments for the collaborative graph retrieval methods (presented in Section 5).



80 Chapter 33.6.1 Experimental analysis of the automated negotiation heuristicsThere are two main dimensions, which we want to test in our model:� The distance to Pareto-ef�ciency of the outcome reached (measured, in our case, asthe average percentage from the maximum possible gains from trade)� The time taken to reach a solution, measured as the number of negotiation steps.However, the preference structures, especially of the buyer side, are considerably com-plex, thus we need to ensure that the results are robust enough to hold in a wide range ofpossible settings. In particular, there are two sets of parameters which can be varied:� The parameters of the distributions used to generate values for each of the clustersof buyer's utility graph and seller's costs, for a given graph topology are generated atrandom, according to a set of normal probability distributions.� The structure (topology) of the Buyer's utility graph itself (thus not only the utilityvalues per cluster) can also be generated at random, based on several classes of graphtopologies. This is needed in order to show that the results are not just speci�cally�tted for one graph structure. Moreover, it enables us to study how the type of topologyconsidered affects the performance.To intuitively explain the difference, we can consider the k-additive form of the utilityfunction which, in our model, is represented in graphical form (see Equation 3.4, Section3.3.1). In this case the distributions of cluster utilities represent the numerical values whichwill be added up in these sums, while the topology of the graph represents which combina-tions of terms will appear in this summation (implicitly, all terms for which there is no edgein the graph, have the corresponding term equal to zero).The organization of this Section is as follows. First we present the a restricted case, inwhich we vary the dispersions of the distributions of the sub-utilities assigned to differentclusters, for one graphical structure comprised of 20, respectively 50 vertices. These arepresented in Section 3.6.2. Section 3.6.3 presents the full simulation results, by examininghow well these results generalize across different, randomly-generated graph structures, forgraphs comprised of 50 vertices.Generic experimental set-up for negotiation testsOur negotiation model was tested in negotiations of different dimensions, involving 10, 20and 50 binary-valued issues. Most of the tests and analysis reported in this chapter refersto the case when utility graphs of the buyer contains 50 vertices (i.e. binary issues) and 80binary dependencies, 50 of which represent positive pairwise synergies and 30 negative ones.This enables us to explore a wide range of graph topologies in our tests, the choice of these



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 81values being founded in the expected properties of the random graphs, as will be explainedin Sect. 6.4. Graph structures (i.e. topologies) were generated at random, but following acertain distribution of edges into sub-graphs or topics (cf. Sect. 3.6.3).However we also tested many other con�gurations of smaller/larger graphs, as well ascon�gurations involving higher-order synergies between up to 4 items (i.e. hyper-edgesconnecting up to 4 vertexes), with consistently good results. For lack of space and need ofconsistency, we cannot cover all the tests for all dimensions here, but to provide the readersome idea of the results for the case of smaller graph dimensions, for comparison, we includesome results for the 20 binary issues case as well.Both buyer monetary utilities, in each cluster (i.e. interdendency) and seller costs aregenerated from normal distributions. On the seller side, the cost of each of the n itemsis normally distributed according to N(�cost; �cost). On the buyer side, the value of eachof n individual items is normally distributed according to N(�gains; �gains). Moreover,the synergy effects between subsets in each of the above 80 binary clusters is normallydistributed according to N(0; 2�syn).To somewhat limit the number of parameters, we set � = �costs = �gains = �syn. Theparameter � captures the problem of �nding Pareto-ef�cient solution very, nicely: the higher� the higher the likelihood of complementarity and substitutability effects, hence the higherthe likelihood of non-linearity, in the problem.The mean of the cost distribution for each item, on the seller's side, �costs, is set to1. For the mean of the distributions for the buyer �gains, we conduct experiment with 3different values: 1.1, 1.25, 1.5. Otherwise stated, the valuations of the Buyer are, on average10%, 25% to 50% greater than those of the Seller. In the reported tests, � takes 8 values,ranging from 0 to 5. In other words, we consider to whole spectrum from no randomness,and consequently linear preferences, to a high degree of randomness, and consequently (withprobability) highly nonlinear preferences. (i.e. a normal distribution with a mean of 1 andspread 0.5 is rather centered around the mean, while a normal with mean 1 and spreads of 4or 5 is virtually ��at�, thus sums over such distributions are more non-linear and dif�cult todistinguish).For each combinations of values of �costs, �gains, and �, 100 tests were performed.Therefore for each result point in the graphs from Fig. 4 and 6 refer to averages over 100tests. All of these settings for generating cluster values were applied to different randomly-generated graph structures, leading to a large number of negotiation tests.In all of the tests reported in this chapter, we considered a buyer and the seller whouse a time-dependent, monotonic concession strategy in proposing prices the bundles ofgoods. Other concession strategies were implemented with reasonably good results, but weacknowledge that there exist conceivable strategies (e.g. hard-headed), that do not lead tosimilar results or, in some cases, do not enable agents to reach a negotiation agreement at all.As shown in Sect. 3.2.4, the scope of this chapter is to provide a robust model thatenables agents to reach agreements in negotiations with complex utility functions and withincomplete information. Otherwise stated, our focus is on the Pareto-search aspect of the



82 Chapter 3negotiation, for which, in the complex setting considered, some implicit degree of cooper-ation is needed. Regarding price concessions, we selected a widely used strategy from theliterature, which is suitable for our setting, leaving the exhaustive comparison of the effectsof other concession strategies to future work.In the following, we structure the presentation as follows. First, in Section 3.6.2we reportand compare the results for two graph structures, involving 20 and 50 binary issues. Next,in Section 3.6.3 we take the higher dimension case from our set-up (i.e. the 50 vertex case)and we examine the in�uence of different topologies (i.e structures) of utility graphs on thenegotiation process. First, we describe our method for generating different random graphstructures to encode buyer preferences and we compare the experimental results obtainedfrom each of these.3.6.2 Experimental results for differently sized graphsIn this Section, we present the results of negotiation, using two different graph sizes. Re-sults for the case involving 20 issues are presented in Fig. 3.4, while results for the case of50 issues are presented in Fig. 3.5. The basic experimental settings are the same as pre-sented in the experimental setup, i.e. Sect. 3.6.1 above. Each point was produced from 100negotiations and the error bars give the resulting variance.In both cases, the right-side �gures highlight the results with respect to reaching an agree-ment over the bundle con�guration (i.e., the actual content of the bundle). By agreement,we mean that thereafter the bundle content no longer changes. After such an agreement isreached, it may take more negotiation rounds before bargainers agree upon the �nal price.The bundle to be traded, and thus the Pareto-ef�ciency of a deal � which is the focus of thischapter � is then already determined, even if the parties continue to haggle about its �nalprice.These results are for just one structure (topology) of the utility graphs, as follows. Forthe 50 issue graph, we have 80 binary dependencies (edges in the graph, as described above)and we use the �Ring� topology (see Sect. 3.6.3 below). For the 20-issue case, we haveused a graph with 24 dependencies, but 4 of these are 4-way dependencies and 8 are 3-waydependencies (representing hyper-edges in the graph).From examining the results from Figs. 3.6.1 and 3.5 already some (partial) conclusionscan be highlighted:� Regarding the ability to �nd bundles close to maximum ef�ciency, the �gures showthat our approach performs well, for both graph dimensions. For the 20 issue graph,the approach is able to extract on average 97% of the maximal Gains fromTrade, whilefor the 50-issue con�guration only slightly less at 94% of the optimal GT. Worthy ofnote is the performance, in both cases for the higher values of � (e.g., � between4-5). For these values, (with all likelihood) the problem becomes highly nonlinearand the buyer's utilities will show a high variance. Thus, for large values of sigma



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 83the normal distributions become virtually �at, thus the mixture of such distributionsbecomes harder to detect.� Regarding the number of steps required to reach agreement on the con�guration, wedo see a signi�cant increase in this number for larger values of �. Furthermore, herewe also see a signi�cant difference (more than a 2-fold increase) between the 20 and50-issue cases. Clearly, for higher-dimensional problems and larger values of �, thenegotiation becomes more dif�cult to solve, so more steps are needed to correctlyupdate the model of buyer's preferences and to �nd a good bundle. Nevertheless, abundle very close to maximal ef�ciency is usually found, even in these more dif�cultcases.Of course, the above conclusions were reached by varying the cluster potentials, but notthe graph structures themselves. In order to fully validate our approach, we need to verifywhether these results hold for a variety of different graph topologies - which correspond todifferent mixtures of utilities obtained from the distributions in each cluster.3.6.3 Set-up and results for different graph structuresAs mentioned in Section 3.6.1, we tested our models for graphs with n = 50 binary issuesand m = 80 random clusters (edges). The question we try to answer here is: given thesecoordinates, how are graph structures generated? One obvious solution would be to generatethe graph completely at random - i.e. select at random, for each of the 80 dependencies,the vertexes which they connect from the 50 vertexes/items (checking they do not coincide).However, for reasons explained in the sequel, here we use a more structured approach. Inour approach, the n vertexes and m dependencies (edges) are �rst divided into kt topics(subgraphs), not necessarily disjoint, each of them containing n=kt vertexes and m=kt de-pendencies (in the experiments reported in this chapter, we use kt = 5, but other values havealso been considered). 3 Thus, each topic is a completely random subgraph, containing, inour case 10 (+/- 2) vertexes and 16 edges (differences are given by the fact that there aresome vertexes that belong to more than one topic. As opposed to to other uses of the term�topic� [47, 48], in our usage of the word, topics are just a way to generate separately randomsubgraphs - topics are not separated from each other (except in one case: con�g. B from Fig.3.6).There are several reasons why we chose this form of generating random graphs:� Having a graph which is decomposable, based on a set of cutset nodes, is importantfor the search algorithm. The size of the maximal subgraph (or topic) which resultsfrom such a decomposition has to be manageable, in order to be explored exhaustively.This property cannot be guaranteed for a random graph with a large number of edges3As used in this chapter, the notion of �topics� is quite different from that of �clusters�. Topics represent sub-graphs, while utility clusters are represented by graph edges (or hyper-edges for more than 2-additive dependencies).
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Figure 3.4: Percentage of the maximal Gains from Trade (compared to the Pareto-optimalbundle) and number of steps needed to con�guration agreement, for a buyer utility graphwith 20 issues.
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Figure 3.5: Percentage of the maximal Gains from Trade (compared to the Pareto-optimalbundle) and number of steps needed to con�guration agreement, for a buyer utility graphwith 50 issues.[20, 191]. Of course the alternative is to choose much sparser graphs (with feweredges). Nevertheless, we need relatively dense graphs (with a suf�cient number ofedges, representing linear inter-dependencies), in order to test the robustness of themodel. This solution enables us to achieve both desired effects.



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 85� The parameter kt given above can provide a �ne tuned-control for the type of graphswe generate. For example, for kt = 1, we get back the fully random graph describedabove, while for kt = n (i.e. choosing one item per topic), we get back the linearlyadditive case (if there are no edges, hence no interdependencies). Thus, increasingkt has the effect of increasing the structure of the resulting graphs. Nevertheless,graphs obtained with higher values of kt are easier to decompose. We consideredseveral values, but we argue kt = 5, reported in this chapter provides a good trade-offbetween randomness and a decomposable structure.� By using this procedure, we can consider different joinings of the random graph topics(which can share one or more cutset nodes). This is important, since the goal of ourto obtain a characterization of how (and whether) different types of graph structuresaffect the negotiation algorithm results. Several cluster arrangements were selected,as shown in Fig. 3.6 - with the cutset nodes (i.e. nodes belonging to more than onetopic) marked.An issue to be discussed is the connectivity of the graph that results from this procedure.The issue of connectivity is important - since, in our case, the utility graph represents anumber of interacting hyperplanes - which determines the complexity of the problem for thelearning algorithms. In our case, we can show the following property:Proposition 1 The random graph structures generated from Fig. 3.6 (for con�gurations A,C, D and E) are connected with probability 97%.Proof: This is a simply an application of random graph theory. For each random topic of10 nodes and 16 randomly-generated edges, the probability that it is fully connected is equalto 99.4% (cf. [20], pg. 402 - for c=2.25). Since, for all con�gurations A, C, D, and E thetopic are connected by construction (there are nodes belonging to more than one topic), theprobability that the graph composed of 5 topics is connected is: 99:45 = 97%. This alsoexplains our choice for 80 edges (clusters) for 50 issues.In Fig. 3.7, the experimental results for all the graph topologies are shown. The experi-mental procedure is the same as described in Section 3.6.2, but repeated over all topologies.Each point from Fig. 3.7 (corresponding to a given topology/ standard deviation for a clus-ter) represents an average taken over 100 tests. However, for the clarity and readability ofthe picture, we do not show the error bars here (they are around the same scale as those inFig. 3.5 - around 5% for each data point).Several conclusions can be drawn from the analysis of these �gures. First, we observethat when the graph topology is loose (i.e. the graph is completely separated into 5 topicsthat are not connected to each other), the negotiation produces the best results and over95% of the maximal Pareo-ef�ciency is achieved. The most �dif�cult� topologies for thealgorithm were the �double chain� and the irregular ones, where there are several cutsetnodes, belonging to more than 1 topic (in this case, the average ef�ciency achieved goesdown to around 85%). However, it's important to note that the variances of these results are
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Figure 3.6: Quasi-random graph structures used in the experimental analysis. In order todescribe them more intuitively, we use the names: A. Ring, B. Loose, C. Star, D. Doublechain, E. Irregular shape1, F. Irregular shape2
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Figure 3.7: Percentage of the maximal Gains from Trade and number of steps needed tocon�guration agreement, for all graph topologies studiedalso quite signi�cant (around +/- 5% for each data point). Because of these high variances,the differences between the different graph structures (topologies) are, statistically, not verysigni�cant. These results show that the proposed negotiation heuristics can extract a highpercentage of the gains from trade and are relatively robust to different graph structures(extracting 85% of the maximal Pareto-ef�ciency for complex topologies and high variancein cluster utility values -generated around a mean of 1 - is a robust result).Regarding the number of negotiation steps required to reach the outcome, we observe a



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 87similar effect: when the utility functions have a �loose� or �star� topology, negotiations take,on average, less steps than then in the �double chain� case, when there are more than 1 nodein each cutset. However, we observe that overall, the standard deviation used in generatingutilities in each cluster has a stronger impact than the topology of the graph itself. In termsof Fig. 3.7 b, the number of negotiation steps increases as we move towards higher standarddeviations for all plots, by a higher factor than the differences between topologies.However, the negotiation algorithm is able to extract over 85% of the Gains from Tradefor all standard deviations and topologies, even if in some cases the process takes 50 negotia-tion steps (as stated before, we report results here do refer to the monotonic, time-dependentconcession case). Thus, overall these results support the underlying idea put forward in thischapter. That is, having a maximal utility graph of possible interdependencies can be used tosuccessfully navigate the contract space and reach Pareto-ef�ciency with a limited numberof steps, even for a relative large number of interdependent issues.Finally, we should mention that, while our method for generating random graphs is wellgrounded in theory and allows us to generate highly non-linear preference classes, futurework we could consider adapting custom-made generators, such as CATS (Leyton-Brown etal. [142]) for this problem. While the CATS approach was designed mostly for generatingbids in combinatorial auctions, it could conceivably be adapted for multi-issue bargainingsettings, such as ours.3.6.4 Experimental set-up and analysis of the collaborative �lteringmodelAll the experimental results reported above for automated negotiation tests refer to the casewhen the seller does know a an approximate (i.e. maximal) structure of the utility graph ofthe buyer (although, of course, not anything about the actual values in that graph, for theparticular buyer he is negotiating with). Otherwise stated: even though for each negotiationtrace both the structure and utility values for each buyer were generated at random, the selleragent does know a graph topology which is a super-graph of the actual topology of the buyer(with a certain number of extra, spurious edges added at random). The question is: in a reale-commerce scenario, how does the seller acquire this (approximate) structure informationin order to help him make proposals during the negotiation? The answer (already extensivelyprovided in Section 3.5 of this chapter) involves using the intuition that graph topologies fora set (or class) of buyers are not completely random, but largely overlapping. Therefore,by looking at previous concluded negotiation data, the seller can approximately retrieve thisstructure. In this section, we present the results from experiments performed to test thisgraph topology retrieval model.The settings used in generating arti�cial negotiation data for graph retrieval are largelythe same as the ones described in the above section. Thus, we still work with graphs con-taining 50 issues, 80 random binary dependencies of which 50 positive and 30 negative. Thetests we performed can be basically classi�ed into two parts, which follow the structure ofthe model presented in Section 3.5:



88 Chapter 3� First, a set of tests was performed in order to choose which similarity criteria arerelevant and useful for this setting (see Sect. 3.5.5). In this section, we examinedhow robust are these results to higher deviations in generating random buyer pro�lesand how much previous negotiation data is needed in order to ef�ciently learn thisapproximate structure.� The second set of tests concerned the selection of the cut-off point for the number ofedges to be included in the maximal graph (see Sect. 3.5.7 for a formal description).We tested different graph sizes and we examined how error in the retrieval of thestructure of the maximal graph affects the negotiation stage.In the following, we �rst describe the experimental set-up for these tests. Next, in sub-section 3.6.5, we present and compare the results for the two collaborative �ltering criteriaconsidered. Finally, in Section 3.6.6 we show the results for determining the maximal graphcut-off point.Experimental set-up for graph retrieval testsThere are two dimensions across which the the ef�ciency of retrieval needs to be tested:� The strength of the interdependencies in the generated buyer pro�les. This ismeasured as a ratio of the average strength of the inter-dependency over the averageutilities of an individual item. To explain, each buyer pro�le is generated as follows:First, for each item, an individual value is generated by drawing from identical, in-dependent normal distributions (i.i.d.-s) of center Cindividual�item = 1 and variance0.5. Next, the substitutability/complementarity effects for each each binary clusterare generated by drawing from a normal i.i.d-s with a centers Cnon�linearity . Thestrength of the interdependency is then taken to be Cnon�linearityCindividual�item . The smaller thisratio is, the more dif�cult it will be to detect non-linearity (i.e. complementarity andsubstitutability effects between items). In fact, if this ratio takes the value 0, there areno effects to detect (which explains the performance at this point), at 0.1 the effectsare very weak, but they become stronger as it approaches 1 and 2 (which is the rangeconsidered here). Thus, this ratio can be intuitively interpreted as a �signal to noise�ratio (i.e. the non-linearity effect representing the signal to be detected, vs. the noisedue to dispersions in individual utilities).� Number of previous negotiations for which information is available.The performance measure used is computed as follows. Each run of the collaborative�ltering algorithm (for a given history of negotiations, and a certain probability distributionfor generating that history) returns an estimation of the utility graph of the buyer. Our per-formance measure is the recall, i.e. the percentage of the dependencies from the underlyingutility graph from which buyer pro�les are generated, which are found in the graph retrieved



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 89by the seller. Due to noise and/or insuf�cient data, we cannot expect this graph retrieval pro-cess to always have 100% accuracy. We therefore studied what is the effect of an imprecisegraph on the part of the seller on the negotiation process itself (stage 2 of our approach).This is discussed in Section 3.6.6.3.6.5 Results from retrieval experiments using cosine-based vs. corre-lation based similarityThe setting presented abovewas tested for both cosine-based and correlation based similarity(see Sect. 3.5.5). Figure 3.8 gives the resulting graphs for the cosine-based case, whileFig. 3.9 gives the results for the correlation-based one. Each of the points plotted andresulting dispersions was computed by averaging over 100 different tests. To make the testsas independent as possible, a new data set was generated for each test.The overall conclusion which can be drawn from our tests (see Fig. 3.8 and Fig. 3.9)is that one of the techniques we investigated, namely correlation-based similarity is consid-erably more successively than the simpler, cosine-based similarity technique. This can beobserved from Fig. 3.8 and Fig. 3.9: while correlation-based similarity can extract 96%(+/- 7%) of dependencies correctly given enough data (from around 1500 completed nego-tiations) and strong enough dependency effects (above 1), cosine-based similarity achievesa maximum of just above 40%. Thus, we �nd that correlation-based similarity seems toperform well for our task - i.e. retrieving the graph topology, especially since we need to de-tect not only complementarity effects, but also substitutability ones. Cosine-based similarity(which, according to some sources, e.g. [145] was the initial algorithm behind Amazon's rec-ommendations) is conceptually simpler and works well only in detecting complementaritydependencies and only in the case when the data is relatively sparse (each buyer expresses in-terest only in a few items). Correlation-based similarity gives a more sophisticated measurewhich does not have these limitations.
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Figure 3.8: Results for the cosine-based similarity. Left-side graph gives the percentage ofcorrectly retrieved dependencies, with respect to the average interdependency strength, whileright-side graph gives the percentage of correctly retrieved dependencies with respect to thesize of the available dataset of past negotiation traces.
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Figure 3.9: Results for the correlation-based similarity. Left-side graph gives the percentageof correctly retrieved dependencies, with respect to the average interdependency strength,while right-side graph gives the percentage of correctly retrieved dependencies with respectto the size of the available dataset of past negotiation traces.



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 913.6.6 Experimental results for selecting graph cut-off number of edgesin the maximal graphAfter measuring the effect of the two similarity criteria considered (i.e. cosine and correlation-based), as well as the effect of different amounts of data, we present results for differentcut-off sizes for the maximal graph (i.e. the k parameter introduced in Section 3.5.7). Forall tests reported in this Section, we used correlation-based similarity and we assumed 1000records of previous negotiations are available for �ltering. We chose to focus on correlation-based similarity since this criteria clearly performs better, in this setting, than cosine-basedsimilarity (see above results). Also, as shown in Sec. 3.6.5, 1000 records is a reasonableamount of data to ensure a good accuracy of retrieval for correlation similarity.For all the tests reported here, we report the cut-off values (which are in fact, a maximalnumber of edges considered) as percentages of the number of edges in the true, underlyinggraph of the buyer (which, as shown above, contains 80 edges, generated at random).
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Figure 3.10: Percentage of correctly retrieved dependencies from the underlying graph ofthe buyer for different number of cut-off number of edges considered. On the vertical axis,the difference to 100% corresponds to the percentage of missing edges in the retrieval. Thenumber of cutoff edges on the horizontal axis are given as percentages of the actual true sizeof the buyer's graph (i.e. 80 edges in our case)From Figure 3.10 we can see that the number of missed edges decreases as we increasethe number of edges taken as part of the maximal graph (the edges are taken in decreasingorder of value from the correlation tables). However, we should point out that after a valueof 150% - 200% frm the actual size of the true graph (i.e. k = 3 from Section 3.5.7),this increase is not so great and the dispersion of the results also increases. Intuitively, thismeans that there are a number of edges - about 15%-20% of the total (remember graphsare generated at random), which appear inherently �hard� to �nd for the �ltering algorithm.



92 Chapter 3Of course, we may achieve a higher percentage if we take more information on concludednegotiations, but for consistency, here in all tests we limit ourselves to 1000 records.After determining what the error rate is likely to be for different maximal graph sizes(i.e. sizes of k), we performed another set of tests in order to estimate the loss in Gains fromTrade during the actual negotiations when when the seller starts the negotiation with a graphtopology which misses edges or contains considerably more edges than usual. Results arereported in Figures 3.11 and 3.12. For all results reported in these �gures, 100 tests/pointhave been performed. We should point out, though, that the dif�culty of the search problemin such a setting depends not only on the sparseness or density of the graph, but also onthe dispersions of the normal utility function used to generate random values in the clusterscorresponding to each edge (as discussed in the experimental results from the negotiationmodel itself). In order not to arti�cially in�ate the results, for all the tests reported here weused a normal distribution centered around 1 with spread 5, which is the most non-linearcase considered during the negotiation tests.From Figs. 3.11 and 3.12, several conclusions can be drawn. First, missing edges fromthe graph the Seller starts the negotiation with has a considerably greater negative effect thanadding too many extra (erroneous) edges.Thus, as shown in Fig. 3.11, in order to get above 90% of the optimal Gains from Tradein future negotiations, the retrieval process cannot miss more than about 15% of the trueinter-dependencies in the true graph of the Buyer. However, having a considerably denserstarting graph does not degrade the performance so signi�cantly. In fact, as we see in Fig.3.12, having 3 times as many edges than in the original buyer graph (which means 2/3 of alledges are erroneous), only decreases performance with around 4%.By examining the 3 graphs above, we can conclude that in this setting (i.e. a randomgraph of 50 issues with 80 edges), the best cut-off point would be having 200% more de-pendencies than in the true graph of the seller (i.e. around 150 edges, or a k = 3). Thislevel would mean that about 15% from the edges in the true super-graph of the buyer willbe missed by the �ltering process. However, it would ensure that we still get at least 90% ofoptimal Pareto-ef�ciency, on average, after 40 negotiation steps.
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Figure 3.11: Effect of missing edges (dependencies) in the starting Seller graph on thePareto-optimality of reached negotiation outcomes
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Figure 3.12: Effect of excess (erroneous) edges in the starting Seller graph on the Pareto-optimality of reached negotiation outcomes



94 Chapter 33.7 DiscussionIn this section we provide a comprehensive review of related work, highlighting the featureswhich are comparable to those from our approach. First, we position our work on multi-issuenegotiation, by comparing it to other direct-revelation allocation methods such as combina-torial auctions. We show there is a strong connection between our approach with the workon preference elicitation over multiple issues (items). Next, we provide a review of previ-ous work on agent-mediated negotiation, focusing in particular on multi-issue negotiationmodels (Sect. 3.7.1). We conclude by summarizing the main contributions of our work andidentifying directions for future research.3.7.1 Comparison to other automated negotiation (bargaining) approachesAgent-mediated negotiation is a widely researched problem in electronic commerce and re-source allocation settings (for comprehensive overviews of the �eld, the reader is asked toconsult, e.g.: Kraus'99 [129], Lomuscio et al.'03 [147], Gerding et. al, '00 [82], Lai et. al,'05 [134]). Several previous results model automated negotiation as a tool for supporting thebuyer's decision process in complex e-commerce domains [60, 79, 126, 207]. Most of thework in multi-issue negotiations has focused on the independent valuations case.Faratin, Sierra & Jennings [71] introduce a method to search the utility space over mul-tiple attributes, which uses fuzzy similarity criteria between attribute value labels as priorinformation. Coehoorn and Jennings [163] extend this model with a method to learn thepreference weights that the opponent assigns to different issues in the negotiation set, byusing kernel density estimation. These papers have the advantage that they allow �exibilityin modeling and deal with incomplete preference information supplied by the negotiationpartner. They do not consider the question of functional interdependencies between issues,however.Other approaches to multi-issue negotiation problem are the agenda based approach (Fa-tima et. al. [72, 73]) and the fuzzy constraint-based negotiation approach (Luo et. al. [149,232]). Debenham [60] proposes a multi-issue bargaining strategy that models the iterativeinformation gathering which takes place during the negotiation. The agents in Debenham'04 [60] do not explicitly model the preferences of their opponent, but construct a prob-ability distribution over all possible outcomes. However, these models are not explicitlydesigned to address the problem of complex and high dimensional negotiations.The argumentation approach to negotiation (see Rahwan et. al. [178] for an overview)allows the agents to exchange not only bids, but also arguments that in�uence other agents'beliefs and goals, which, it is claimed, allows more �exibility. Some issues which are usuallyleft open in such approaches are: how do the agents' mental states relate to their utilitiesand if (or how) can the ef�ciency of such negotiations be measured from game-theoreticperspective.Raz et. al.'06 [183] propose a model for bilateral multi-issue negotiation with bounded



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 95rational agents (including humans). Their approach uses Bayesian updating to estimate thetype of the opponent, considering linearly additive preference functions. Kraus & Schechter,'03 [128] consider a model of bilateral negotiation, but in a complete information setting.Their work mostly focuses on examining agent strategies in case one agent loses utility overtime, while the other gains utility over time.Luo et. al. [148] propose a �default and adjust� technique to acquire a user's trade-offpreferences for negotiating agents. This work is only loosely related to ours, since the papermostly focuses on acquiring trade-offs between two, continuous-valued issues (e.g. quantityand price). Gerding et. al. [79] also consider two attributes (price & quantity) in a settingwhere agents utilities can be described by a Cobb-Douglas utility function. The use evolu-tionary simulation to model the agents' learning and adaptation. The emphasis of this paperis more on adaptation to different strategies in a one-many setting than on multi-issue explo-ration. Other lines work focus on other aspects of negotiation, such as coordination betweenmultiple, concurrent negotiation threads (Nguyen & Jennings [167]), generating promisesof future rewards in repeated negotiation games (Ramchurn et al. [181]) or possibilistic se-lection of negotiation partners (Brzostowski & Kowalczyk [34]). Other lines of work pro-pose multi-issue negotiation protocols speci�cally geared to an application domains, suchas crisis management (Hemaissia et al. [99]) or internet-based service provision (Dang &Huhns [57]).Somefun, Gerding & La Poutré [80] propose a negotiation mechanism where the bar-gaining strategy is decomposed into a concession strategy and a Pareto-search strategy. Thisis somewhat similar to the approach taken in this chapter, though here wemostly focus on thePareto-search. The Pareto search strategy discussed in [80] is, however, rather different thanthe on presented on this chapter, since [80] focuses on two continuous issues, correspond-ing to a two-part tariff. The search is performed using an orthogonal or derivative-followerstrategy, in the space of ISO-utility lines. A similar negotiation strategy, which involveschoosing an offer on the iso-utility (or �indifference�) curve that is closest to the best of-fer made by the opponent in the previous negotiation period is proposed by Lai, Sycara &Li [135, 138]. The methods presented in these papers build on earlier work by Ehtamo &Hamalainen [67], who present a constraint proposal method to construct the Pareto-ef�cientfrontier of a multi-attribute negotiation, by means of a non-biased mediator.Boutilier et al. [26] present a cooperative negotiation model for autonomous systems,through incremental utility elicitation. Using decentralized resource allocation as a problemsetting, they emphasize the dif�culty of eliciting complex utility functions and propose astrategy that requires only a small set of sampled utility function points in order to �ndnear-optimal allocations. The perspective on negotiation as partially a preference modelingproblem is close to the one taken in this chapter - however there are important differences,since their model uses minimax regret, not Pareto-ef�ciency as an optimality criteria andthe work reported in [26] does not handle multidimensional utility functions over multipleresources.Another, more fundamental, direction is taken in papers that study the communicationcomplexity (e.g. Chevaleyre et. al. '05 [47, 48]) and or computational complexity (Dunne et.



96 Chapter 3al. [66]) of multi-issue negotiation protocols. The work of Chevaleyre et al. [47, 48] is relatedto our approach in the way they de�ne complex utility functions over bundles of resources.However, unlike this work (and much of the work on multi-issue negotiation reviewed inthis Section), their work is mostly concerned with deriving theoretical bounds for differentnegotiation protocols and utility function classes. While this provides very useful insightfor other research, they do not propose directly implementable negotiation algorithms orheuristics (that can handle incomplete information settings, for instance).Two negotiation approaches that speci�cally address the problemof complex inter-dependenciesin high dimensional negotiations over binary issues � and are therefore most related to ourwork � are Klein et. al. [126] and Lin [144]. Klein et. al. [126] use a setting similar to theone considered in this chapter, namely bilateral negotiations over a large number of boolean-valued issues with binary interdependencies. In this setting, they compare the performanceof two search approaches: hill-climbing and simulated annealing and show that if both par-ties agree to use simulated annealing, then Pareto-ef�cient outcomes can be reached. In asimilar line of work, Lin [144] uses evolutionary search techniques and mediation to reachoptimal solutions. By comparison to our work, these approaches do not try to use prior in-formation, in the form of the clustering effect between the preference functions of differentbuyers, in order to shorten individual negotiation threads. At least from the results reportedin [126], they appear computationallymore expensive (around 2500 steps / 50 binary issues).However, there is no established benchmark for this problem, so the complexity of non-lineardependencies considered in [126] cannot be directly compared to the complexity consideredhere (though, in future work, it would be interesting to compare the two approaches, if aclear benchmark could be de�ned).In more recent work, Ito, Hattori & Klein [108] propose an auction-based negotiationprotocol for agents with non-linear utility functions. In their approach, each agent samplesand searches its own utility space, and then submits the best found contract points to acentral mediator (or auctioneer). The mediator then selects the contract combination thatis consistent and maximizes the social welfare of the bidders. Although such a centralizedmethod (resembling a combinatorial auction) has some advantages (e.g. it easily allowsmulti-party negotiation), assuming a central, impartial mediator may not be suitable in manyapplication settings. Fujita & Ito [75] develop an extension of this work, by proposing amechanism of adjusting the utility threshold abovewhich bids are accepted by the auctioneer.Another related work, which also considers bundles of binary issues is Somefun, Klosand La Poutré [207]. Our work builds on the framework for analyzing negotiation outcomesdeveloped in [207], expecially with regards to de�ning Pareto-utility through Gains of Trade(see Appendix 3.A of this chapter). However, the actual negotiationmodel proposed in [207]involves attempting to learn a relationship between pairs of bundles of items (as opposed tobetween the items themselves, such as in this work). As the number of bundles is exponen-tial, even for relatively small number of items (e.g. for 10 items, there are already 210 > 106possible bundles), their approach is computationally feasible only for small-scale settings.Hyndriks, Thykohonov & Jonker [102] handle bilateral multi-issue negotiations withinterdependent valuations, by proposing a method to eliminate the dependencies between



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 97the issues. Unlike our model, their approach does not involve building a model of opponentpreferences, but it relies on approximating a jointly agreeable point in the contract spaceand then performing a local search around this point (through a weight function). This maybe a promising solution in some settings, although in the complex k-additive utilities casewe consider, eliminating or �linearising� the dependencies would not be feasible for mostsettings. Furthermore, in a large contract space �nding a good initial contract (around whichto base the search) is a complex problem in itself, which, similar to our work, requires someimplicit assumption about the structure of buyer preferences.3.7.2 Relation to graphical utility models and preference elicitationRegarding graphical representation of utilities, several other well-known formalisms havebeen proposed and analysed in terms of expressiveness and conciseness of the functionswhich can be represented. The best known are CP-nets and Directed Acyclic Graphs (DAGs)- and their extensions [9, 30, 32, 39, 44, 219]. Some of this work was actually developed inparallel to ours, with a view of application to a different class of problems although, inretrospect, it would be very interesting to also study how these formalisms could be usedin a multi-issue negotiation setting. There are, however, some important differences bycomparison to our utility graphs de�nition.First, existing literature on DAGs uses directed graphs to model utility. By comparisonto [9, 30, 39, 44], our model is based on undirected graphs, which are speci�cally gearedfor representing k-additive utility functions. In the setting of negotiation, the undirectedutility graph formalism may have some important computational bene�ts. As shown in thischapter and the related publications, ef�cient heuristics can be found (c.f. Sect. 3.4) fordecomposing such utility graphs online and learning the associated cluster values. Moreover,for the undirected graphical model proposed here, we also show how the structure of thegraph itself could be constructed from past, aggregate negotiation data. To the best of ourknowledge, this has not been attempted before in prior literature on directed graphical utilitymodels. In Bayesian probability theory, learning causalities from data is known to be aconsiderably more dif�cult than just learning correlations [172, 173]. Therefore, we canconjecture that learning structure could also prove more dif�cult for directed utility graphsthan for undirected ones, although further research is needed in this direction.Another important and somewhat related line of work is that of preference elicitation. Inthis context, we can identify a link between models used in preference elicitation and multi-item negotiation. For example, Brazunias and Boutilier [32] propose a model (developedindependently and concurrently with our work), for utility elicitation in generalized addi-tive independence (GAI) models. There are, however, also important differences. First, themodel proposed in [32] uses a different graphical formalism to encode preferences, whiletheir optimization criteria is the error in reached in the utility of the buyer, not Pareto ef�-ciency. In preference elicitation settings, the prices asked by the seller are �xed throughoutthe process and are known to the oracle (if one sees the oracle as roughly correspondingto the buyer agent in our setting, i.e. the party whose preferences need to be modeled or



98 Chapter 3learned). By contrast, negotiation is usually a game with double-sided incomplete infor-mation. Although the parties start from an initial vector of asking prices, the buyer has anincentive not only to explore the bundle contents, but also to bargain about the price of thebundle being offered (according to his/her negotiation strategy). Finally, in [32] (just as inour previous work [186]), the problem of acquiring the initial graphical model structure isleft for future research. In this chapter a complete model is proposed, since we show howthe topology of such utility graphs (an implicitly of the utility space) can be approximatedfrom anonymous buyer data, using techniques from item-based collaborative �ltering [145].3.8 Conclusions and future workMuch of the existing work (of which we are aware) of that consider negotiation settings closeto ours (i.e. large number of issues with complex dependencies [108, 126, 144]) assume, insome form, the presence of an independent mediator. The role of the mediator and the exactprotocol used varies in each approach, corresponding to varying degrees of centralization. Insettings where a non-biasedmediator is used (similar to combinatorial auctions), the problemof indirectly learning the negotiation opponent's preferences is not posed (and often does notneed to be posed), because the mediator agent can elicit the preferences of negotiating agentsthrough direct queries. This is a signi�cant difference with this work, where the problem ofmodeling a randomly-encountered negotiation partner's preferences is central in order toreach jointly ef�cient (close to Pareto-optimal) agreements. Given the complexity of thistask, we propose a solution based on two-step model. First, we use some information aboutthe most likely preference structure, based on the clustering effect of the preferences for astatistical population of buyers (a similar approach as to that taken in collaborative �ltering).Next, this model is re�ned and improved during the negotiation stage itself, based on thecounter-proposals of the speci�c negotiation partner.The contribution of our work to existing negotiation literature can be summarized asfollows:� It shows that multi-issue negotiations for agents with complex, k-additive utility func-tions can lead to jointly ef�cient outcomes, even with a limited number of negotiationsteps are available (due to time constraints, buyer impatience etc.) and even when thepreference functions of the two parties remain private.� It considerably improves the speed of existing heuristics for this problem, for the typeof utility functions we consider, by using anonymous, aggregate buyer data.� It shows that graphical models of utility (an area of AI that has received considerableresearch attention) can be naturally applied to multi-issue negotiation settings. In par-ticular, it shows the usefulness of undirected graphicalmodels in handling negotiationsfor agents with k-additive utility functions.



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 99� It establishes a formal link (in the form of the maximal structure of a utility graph fora class of buyers) between opponent preference modeling used in negotiation settingsand the way of modeling preferences used in collaborative/social �ltering systems.As future work, there are several directions which could be explored in this area. Animmediate one is to study other classes of non-linear preference functions for which it ispossible to reach Pareto-ef�cient agreements, under double-sided incomplete information,with a linear number of negotiation steps. To this end, we intend to make use of results fromrandom graph theory [191] and constraint processing [61].Second, we could consider several, distinct super-graphs for different sub-populations ofbuyers (rather than just one, as in this chapter). Buyers could then be assigned to a certainsub-population at runtime, during the negotiation thread itself. In the longer term, anotherpotentially very fruitful area of research would be to explore the connection between ourwork and problems studied in preference elicitation. Arguably, the techniques developed inthis chapter and [186] in the context of multi-issue negotiation could also be applied to theproblem of eliciting user preferences for non-linear, high-dimensional settings.Appendix 3.A: Equivalence betweenmaximization of the Gainsfor Trade and Pareto-optimalityIn this Appendix, we formally prove that, in quasi-linear utility settings, bundles maximizingthe Gains from Trade Pareto-dominate all other bundles. This proof holds for settings wherethe utilities of the agents can be expressed in monetary terms, i.e. are quasi-linear. Forour case, this means the utility that buyer and seller get from trading a bundle of items canbe expressed in terms of net monetary value. For the buyer, this net monetary value is thedifference between his utility from getting the bundle being exchanged (expressed in termsof money) and the price he pays for it. For the seller's (i.e. electronic merchant's), the netmonetary value is the difference between the price he receives for a bundle and his cost forproviding it. This proof �rst appeared in previous work on negotiation of [207].Formal DiscussionBefore being able to more formally state the results, some notation is necessary. LetN � N,with n = jN j, denote the collection of n individual goods and 2N denotes the power set ofN(i.e., the collection of all subsets of n), then B = 2N n f;g denotes the collection of all pos-sible bundles. Furthermore, let P = R denote the collection of all possible bundle prices.4The customer and the shop attach the monetary values of vc(b) and vs(b), respectively, toa bundle b 2 B (with vc(b); vs(b) 2 P ). The function xj : B � P 7! R with j 2 fc; sgdenotes the net monetary value for bundle b and bundle price p: xc(b; p) = vc(b) � p andxs(b; p) = p� vs(b) denote the customer's and the shop's net monetary values, respectively.4Negative prices may not be realistic, but we want to make as few behavioral assumptions as possible. For theresults the possibility of negative prices is not problematic (see Footnote 5).



100 Chapter 3We assume that the customer's and the shop's utility for consuming bundle b for a pricep, denoted by uj(b; p) with j 2 fc; sg, can be expressed as the composition function gj Æxj(b; p) with j 2 fc; sg and gj : R 7! R. For gj we assume that dgj(x)dx > 0 for all x 2 Rand j 2 fc; sg. Thus we have that uj(b; p) = gj(xj(b; p)) and since gj is a strictly increasingfunction we can without loss of generality assume that uj(b; p) = xj(b; p) for j 2 fc; sg(cf. [153]).Given the customer's and shop's monetary values, we de�ne a useful subset B� of B asfollows: B� � argmaxb2B(vc(b) � vs(b)), that is, B� represents the collection of bundleswith the highest gains from trade. We are now ready to introduce the following proposition.Proposition 2 A deal (b; p) with b 2 B and p 2 P is Pareto ef�cient if and only if b 2 B�.Remark 1 A deal (b; p) is Pareto ef�cient if there is no (b0; p0) such that uj(b; p) � uj(b0; p0)for all j 2 fc; sg and the inequality is strict for at least one j.Proposition 2 means that a deal is Pareto ef�cient if and only if it entails a bundle withthe highest gains from trade. For the proof of this proposition the following lemma is veryuseful.Lemma 1 For any two deals (b�; p�) and (b; p) with p�; p 2 P , b� 2 B�, and b 2 B n B�we have xc(b; p) < xc(b�; p�) or xs(b; p) < xs(b�; p�).Proof 1 We prove the above lemma by contradiction. Suppose that for any b� 2 B� andb 2 BnB� we have xc(b; p) � xc(b�; p�) and xs(b; p) � xs(b�; p�). A necessary conditionsfor this to hold is that vc(b)� vs(b) � vc(b�)� vs(b�). However, b� 2 B� and b 2 B nB�means, by de�nition of B�, that vc(b)� vs(b) < vc(b�)� vs(b�).We are now ready to prove Proposition 2.Proof 2 1. (If) Pick any j 2 fc; sg. Suppose that j's position improves by moving fromany deal (b; p) with b 2 B� to (b0; p0), that is, uj(b; p) < uj(b0; p0). It then suf-�ces to show that the opponent denoted by j0 will always be made worse off, that is,uj0(b; p) > uj0(b0; p0). From the properties of gj and gj0 it follows that a bargainer'sposition improves/worsens whenever the net monetary value increases/decreases. Sincej's position improves, it follows from Lemma 1 that j0 is made worse off wheneverb 2 B n B�. Moreover, if b�; b 2 B� then the gains from trade remain unchanged,hence j0 is made worse off.2. (Only if) We will prove this part by contradiction. Suppose that b =2 B� with the pricebeing any p 2 P . Pick any b0 2 B� and set the bundle price to p0 = p+vs(b0)�vs(b),so that p0�vs(b0) = p�vs(b). It follows from p 2 P that p0 2 P (recall that P = R)55If we choose to a priori rule out p < 0 and vj(b) < 0 (for j 2 fc; sg and all b 2 B), then p � vs(b) shouldhold because otherwise the shop will not be willing to sell the bundle in the �rst place. Consequently, p0 2 P stillholds.



Modeling Complex Multi-Issue Negotiations Using Utility Graphs 101and the properties of gs that the shop is indifferent between the deals (b; p) and (b0; p0).Also, it follows from Lemma 1 and the properties of gc that the customer is made betteroff. That is, any b0 2 B� Pareto dominates b =2 B�. Thus b =2 B� cannot be a Paretoef�cient solution.
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Chapter 4Designing bidding strategies insequential auctions for risk averseagents
4.1 IntroductionDesign of electronic auctions is considered an important open area of research in electroniccommerce, both from a theoretical and an application perspective. There are two main ap-proaches to this problem. One concerns the design of the auction mechanism itself, such asit guarantees certain properties, such as ef�ciency, individual rationality or budget balance.However, for some auction designs, such as simultaneous ascending, sequential and repeatedauctions, this is not possible and research has focused on designing the bidding strategies ofthe agents participating in such auctions.As previous shown in [27, 89, 184, 217], the main problem that a bidder has to face in asequential (or simultaneous ascending) auction is the exposure problem. Informally stated,exposure means that an agent has to commit to buying an item (and thus take a �sunk�cost [184]), before she can be sure that she will able to secure other items in her useful setor bundle (i.e. the set of items that gives her a positive utility). If she does not manage toacquire the other items, she is exposed to the risk of a loss.In order to deal with this problem, several strategies have been proposed in existingliterature. Boutilier et al. '99 examines the role of dynamic programming in computingbidding policies in sequential auctions, based on distributions over estimated prices. Reeveset. a. '03 [184] study the problem of bidding in simultaneous ascending auctions (a problemclosely related to the sequential settings) - in the context of market-based scheduling. Osep-ayshvili et al. '05 [1] continue this line of research, but use probabilistic prediction methods105



106 Chapter 4of �nal prices and introduce the concept of self-con�rming price distribution predictions.Gerding et al.'07 [83] derive the optimal bidding strategy for a global bidding agent thatparticipates in multiple, simultaneous second-price auctions with perfect substitutes. Unlikethis work, however, they do not consider complementarities (i.e. agents requiring bundles ofitems), and the setting is slightly different, as all auctions are assumed to close exactly at thesame time, not sequentially.In a direction of work that considers a setting very related to this chapter, Greenwald &Boyan '04 [89] study the bidding problem, both in the context of sequential and simultane-ously ascending auctions. For the sequential auctions case, they consider a decision-theoreticmodel and show that marginal utility bidding represents an optimal policy. Their result ap-plies, however, only to risk neutral agents. Hoen et al. '05 [217] look at the related problemof bidding in repeated auctions with complementarities and draw a parallel with the N-personiterated prisoner's dilemma. The above approaches have been shown to be ef�cient in manysituations, both in self play and against a wide variety of other strategies, in competitionssuch as the TAC. Although most do implicitly consider the aspect of risk, they do not ex-plicitly model the risk-taking attitude of the bidding agents. By �explicitly model� we meanbuilding a pro�le of the agent's risk preferences towards uncertain, future outcomes (such asthe �nal allocation of a sequential auction).In standard economic theory, since the seminal work of K. Arrow and J. Pratt, prefer-ences towards risk have been considered essential in understanding and modeling decisionmaking under uncertainty [5, 88, 122, 171]. In fact, a body of auction theory from eco-nomics [158, 171] identi�es risk preferences as a very important, open research area. Inrecent econometrics and �nancial economics literature, this has lead to considerable researchinterest in ef�ciently modeling and eliciting risk aversion from human users [45, 171, 176]1Existing economic approaches to risk modeling do not, however, consider sequential auc-tions over combinations of items, nor propose bidding heuristics for this setting.From the point of view of multi-agent systems literature, only a limited number of papersdiscuss risk pro�les. Babanov et al. '04 [8] use the concept of certainty equivalence, similarto our work, in the context of optimal construction of schedules for task execution. Liu etal. [146] do consider risk-aversion on the part of the agents (similar to the approach taken inthis chapter) - but their work is mostly concerned with providing an analytical solution to theone-shot auction case. Vytelingum et al '04 [58] consider risk-based bidding strategies in adouble-auction setting. However, both the auction setting (i.e. CDA) and the risk model used(which is not based the standard Arrow-Pratt model) make this work rather different in focusfrom ours. Finally, Vetsikas and Jennings [223, 224] also consider a model that includesagent attitudes towards risk (among other factors, such as budget constraints and reserveprices), for the case on multi-unit, sealed-bid auctions. They provide a thorough theoreticalanalysis of this case, but they do not consider complementarities (i.e. agents desiring bundlesof goods), nor sequential allocation.1A practical example of risk elicitation in �nance are the questionnaires involving probabilistic choices betweenseveral scenarios that investment fund managers send to potential investors.



Designing bidding strategies in sequential auctions for risk averse agents 1074.1.1 Goals and organisation of this chapterThe basic goal of this chapter is to study the relationship between a bidder agent's attitudetowards risk (measured by the standard Arrow-Pratt risk aversion model - more speci�callythe CARA model) and her perceived best available bidding policy in a sequential auction(modeled by a Markov Decision Process). In this context, we consider the bidding decisionsof an agent that desires a bundle of complementary-valued goods that are sold through asequence of auctions.First, we investigate analytically how an agent's perception of her optimal bidding policy,given her probabilistic expectation of future prices, is affected by her risk aversion pro�le.Similar to [27, 89, 112, 184, 217], we take a decision-theoretic approach to the design of bid-ding agents, meaning agents reason w.r.t. the probability of future price distributions, anddo not explicitly deliberate over the preferences, risk pro�les and strategies of other bidders.Next, we conduct an experimental study of how an agent's with complementarities attitudetowards risk affects her chances of winning a desired bundle, when bidding against a popula-tion of local bidders, desiring only one good. Furthermore, we also look at how this biddingpolicy affects the auctioneer's revenue. Our primary goal is to gain a qualitative understand-ing of how sequential auction markets are in�uenced when bidders with complementaryvaluations participating in them are risk averse.The remainder of the chapter is organized as follows. Section 4.2 presents the risk aver-sion model, which forms the foundation of the following sections. Section 4.3 describes thebidding model and discusses the optimal bidding policies for both �rst and second-price se-quential auctions. Section 4.4 provides the experimental results, while Section 4.5 concludesthe chapter with a discussion.4.2 Modeling Utility Functions Under RiskThe literature on risk aversion identi�es several 3 main types of agents w.r.t. their riskpro�les: risk averse, risk neutral (indifferent) and risk proclave (�risk loving�) agents. Inthe following we will focus our attention mostly on the risk averse and risk neutral cases,since these are the cases that describe the behaviour of economic agents in most practicalsituations (c.f. [5, 158, 171]). Denote the private payoff z achieved by an agent participatingin an auction or lottery. The utility a risk-averse agent assigns to this payoff is described bythe Arrow-Pratt utility function:u(z) = 1� e�rz for r > 0 (4.1)For the case of risk indifference (r = 0), we take u(z) = z.Note that the auction model we consider in this paper is a private value model. Thepayoff z of a bidder after participating in an auction is a difference between a private value vand the amount of money paid to acquire the item in the auction (or cost) c. Since the private



108 Chapter 4value v is private to each agent, the payoff value is also private. Therefore, in a risk aversesetting there are parameters describing the private preferences of a bidder: value v and riskaversion coef�cient r. Preferences of agents cannot be directly compared by comparing theirprivate values or payoffs, as the risk factors r must also be taken into account.Our choice of de�ning Eq. 4.1 represents a standard form of de�ning utility functionsunder uncertainty [171] (the same choice is made in [159, 171], among others). This formensures that the following relation holds:ru(z) = �u00(z)u0(z) (4.2)As de�ned in Eq. 4.2, ru(z) corresponds to the Arrow-Pratt measure of absolute risk aver-sion [5, 171]. In this chapter, we consider r constant for each agent, i.e. ru(z) = r;8z, thuswe use the constant absolute risk aversion (CARA) model.2 Factor r represents a constantwhich differs for each agent, characterizing her own preference towards risk-taking.We use a state-based representation, in which all possible future outcomes at time t isdenoted by St. All s 2 St are assigned by the agent a monetary payoff zs and an expectedprobability ps (where ps > 0 andPs2St ps = 1). We de�ne the lottery Lt over a set ofpayoffs ~zs (corresponding to the state St) as the set of payoff-probability pairs, i.e. Lt =f(zs; ps)g where s 2 St. In this form, the de�nition is generic, but as we show in Sect. 3,there is a natural correspondence between lotteries and states in a sequential-auction game.The expected utility of the agent at time t over the lottery Lt is described by a vonNeumann-Morgenstern utility function:Eu[Lt] = X(zi;pi)2Lt piu(zi) (4.3)In case all the agents are risk-neutral (i.e. have u(z) = z), it is easy to compare expectedutilities and payoffs across agents. However, for risk averse agents this is not the case, andwe need a measure that enables comparison of payoffs across agents with different attitudesto risk in uncertain domains. The utility functions of the agents are not directly comparablein this setting, since each agent has a different attitude towards future risk (different r factor).The widely used concept in risk modeling is to identify a monetary value (i.e. amountof money), such that the agent is indifferent between receiving this value with certainty orentering the lottery. This amount is called the certainty equivalent (CE) of the lottery. Itcan be seen as the monetary payoff the agent would attach to the future, if all the uncertainty(and hence risk) were discounted.Formally de�ned, the certainty equivalent (CE) of a lottery Lt is de�ned as the certainpayoff value which is equivalent to the expected utility of the lottery Lt. That is:u(CE(Lt)) = Eu(Lt)2This is a widely used risk aversion model, which we deemed suf�cient for the purpose of this work. We leavethe study of Relative Risk Aversion (RRA) models to future research.



Designing bidding strategies in sequential auctions for risk averse agents 109Expanding both sides using Eqs. 4.1 and 4.3 above, we have:�e�rCE(Lt) = X(zi;pi)2Lt�pie�rziHence the following expression can be derived for the certainty equivalent of the lottery:CE(Lt) = 8<: � 1r lnP(zi;pi)2Lt pie�rzi for r > 0P(zi;pi)2Lt pizi for r = 0 (4.4)In other words, the certainty equivalent can be seen as the certain amount of money whichhas the same utility to the agent as the equivalent lottery, before the outcome of the lottery isknown. In the following, we de�ne and prove a recursive property of CE functions, which isrelevant for their application to sequential games considered in this paper.Property 1: Suppose we have a game that occurs in stages t; at each time step t thegame can transition into either one of 2 states: X+t (having an associated reward z+t ) withprobability p+t , or X�t (having an associated reward z�t ), where p+t + p�t = 1. In thesequential auction case considered here, X+t , respectivelyX�t represent the states in whichthe agent wins / does not win an upcoming auction (the formal link is made in Sect. 2). Thefollowing relation holds:CE[(CE[(z+t+1; p+t+1); (z�t+1; p�t+1)]; p+t ); (z�t ; p�t )] = CE[(z+t+1; p+t p+t+1); (z�t+1; p+t p�t+1); (z�t ; p�t )]Note that the notations z+ and z�, for each time t only relate to whether the agent winsor does not win the auction. These numbers can actually be negative, in case the payoff fora state is negative. For example, an agent with a strictly complementary valuation for itemssold at times t and t+1, that wins the item at time t but does not win the item at time t+1,gets the payoff z�t+1, which is negative.Proof: The proof involves repeated application of Eq. (4.4) to the left-side term:CE[(CE[(z+t+1; p+t+1); (z�t+1; p�t+1)]; p+t ); (z�t ; p�t )] == �1r ln[p+t e�rCE[(z+t+1;p+t+1);(z�t+1;p�t+1)] + p�t e�rz�t ]= �1r ln[p+t e�r[� 1r ln[p+t+1e�rz+t+1+p�t+1e�rz�t+1 ]] + p�t e�rz�t ]After reducing�r(� 1r ) and using that elnX = X , we get:= �1r ln[p+t p+t+1e�rz+t+1 + p+t p�t+1e�rz�t+1 + p�t e�rz�t ]= CE[(z+t+1; p+t p+t+1); (z�t+1; p+t p�t+1); (z�t ; p�t )] (q.e.d.)



110 Chapter 4Note that the above property can be applied recursively to games with any number ofstages. This property, while apparently straightforward, is important since it shows thatperforming local CE optimization at each time step gives the same result as CE optimizationfor the entire game (a property which is not obvious for non-linear functions). As such, it isused as an implicit assumption in our MDP model.4.2.1 The importance of risk aversion in decision making: an exampleIn the following, we give an illustration why risk aversion can have an important effect onmonetary values. Consider the case of two complementary-valued items: A and B, which aresold sequentially. Suppose the agent has to accept a sunk cost of $5 (dollars or any monetaryunits) for item A. If she acquires both A and B, she makes a pro�t of $10, but if she doesn't,she makes a loss of -$5 (thus potential pro�t is double the size of potential loss). Supposingthe agent estimates the probability of acquiring B at pB , how large does pB have to be inorder for the agent to accept the gamble?
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Figure 4.1: Example of the certainty equivalents of 3 agents with 3 different risk pro�lesfor a lottery with 2 possible outcomes: -$5 (non-desirable) and $10 (desirable). The �gureillustrates 2 cases: A(left): The desirable outcome is assigned a monetary value of $10 byall agents. B(right): The desirable outcome is assigned a monetary value of $5 (for the riskindifferent agent (r!0), $7.5 by the slightly risk averse one (r=0.15) and $10 by the stronglyrisk-averse agent (r=0.3)We plot the CE payoffs in this lottery for 3 risk attitudes of the agents, from r ! 0,r = 0:15 and r = 0:3. The left-hand side of Fig. 4.1 shows the case when all agents havethe same evaluation for both the desirable (i.e. +$10) and the non-desirable (-$5) outcome.From this �gure, one can already see that a risk neutral agent (r = 0) would �join in� this



Designing bidding strategies in sequential auctions for risk averse agents 111lottery or sequence of auctions, if the probability of winning (getting the desirable outcome)exceeds 33.3%. However, a relatively risk-averse agent (r = 0:3) would need to have atleast 78% probability of winning in order for it to assign a positive CE value to this lottery(and thus have an incentive to participate in the game). In the right-hand side of Fig. 4.1,we keep the payoff of the non-desirable outcome constant at -$5, but we vary the maximalpayoff from $5 (for the risk indifferent agent), to $7.5 (for r = 0:15) and $10 (for r = 0:3).Even if the estimated probability of acquiring the bundle fA;Bg is exactly the same for all 3agents, the probability of winning has to be above 97% in order for the agent with the highestvaluation to assign the sequence of auctions the highest CE value, among these agents.4.3 Bidding in sequential auctions with complementaritiesAs shown in the introduction, the main problem that a bidder has to face in a sequentialauction with complementarities is the exposure problem. Following Boutilier et. al. [27] andGreenwald & Boyan [89], we model the decision problem that the bidder agent has to facein sequential auctions as a Markov Decision Process.Assume there is a set of items It, sold in sequential auctions held at time points t = 1::n.A state in this game is speci�ed by a set of goods Xt acquired up to time t (where Xt � Ifor t = 1::n). The bidding policy of an agent in this game is described by a vector of bids~B = (b1; :::; bn), which assigns a bid bt to each item sold at time point t. Fig. 4.2 illustratesthis, for an auction with 2 items.
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Figure 4.2: The decision process faced by an agent in sequential auction, for a two stageexample, with goods labeled A and BThe bidding agent maintains a probabilistic expectation of the closing prices for itemsI1; :::In, in the form of n distributions. In the current model, these distributions are assumedindependent of each other and stationary during one bidding round of n auctions (n could



112 Chapter 4also be seen as the number of auctions the agent can stay in the game before its deadline).This de�nition of stationarity does not exclude the agent being able to learn, or re�ne itsdistributions of closing prices between episodes but, in this chapter, we assume they arestationary for the duration of n auctions (i.e. one episode).Considering the probabilistic distribution of future prices (a similar choice as in [1, 27,89]) is more relevant to this setting than simply working with a vector of the average pastprices (such as in [184, 217]), since the thickness of the tails of the distribution may be ofparticular importance if the agents are risk averse. Note that in this form, we do not makeany assumption on the type or shape of the expected future distributions: they can be normal,log-normal (usually used to model future prices in �nancial markets), uniform, binomial etc.For the results reported in this chapter, we employed the normal distribution, but the genericapproach can be applied to other distributions as well. The transition probabilities betweendifferent states are the cumulative distribution probabilities that the agent wins the lotterywith it current bid bt:Prob(Xt+1 = Xt [ fItg) = Prob(ClosingPricet � bt) = cdft(bt)where cdft(bt) denotes the cumulative density function of the probability distribution overthe closing prices, when bid bt is placed.We model the utility of a future outcome at each time step t (except the �nal one whenall the goods have been allocated) as equivalent to a lottery Lt(Xt; bt). The payoffs of thislottery are determined by the agent's utility function, the set of items acquired so farXt andbid bt. The probabilities over outcomes depend on the bid bt and expectation of future pricedistributions. The decision problem the agent faces, at each time point is to choose a bid btthat provides the right balance between expected payoff and probability of winning, givenher risk aversion r. This means choosing bt which maximizes the certainty equivalent oflottery CE(Lt(Xt; bt)). Using formal MDP notation, the value at each state is:Q(Xt; bt) = CE(Lt(Xt; bt))The optimal biding policy and the corresponding reward as:b�t = �(Xt) = argmaxbtQ(Xt; bt)V (Xt) = maxbtQ(Xt; bt)We can rewrite the above two equations, for the optimal bid at time t b�t and the associatedoptimal certainty equivalent value CE�, that can be obtained by taking the optimal biddingdecision as: b�t = argmaxbtCE(Lt(Xt; bt))CE�(Lt) = maxbtCE(Lt(Xt; bt))Note that this optimization of the certainty equivalent value CE is performed for thecurrent auction at time t, but assuming that the optimal bidding decisions are taken the



Designing bidding strategies in sequential auctions for risk averse agents 113whole sequence of future auctions, occurring at times t+ 1; :::n. Therefore, the problem ofdetermining the optimal bid b�t for time point t actually involves recursively determining thebids b�t ; :::bnt that maximize the certainty equivalents of states at t1; ::n. Due to the recursiveproperty of the CE function (captured by Lemma 1 above), maximizing CE(Lt) at eachstate leads to maximizing the initial certainty equivalent expectation for the entire sequenceof auctions, i.e. maximizing CE(L0). This means that standing MDP reasoning models canbe applied to this problem, where the Q values of the standard MDP de�nition are the CEvalues of the lottery over future expectations at each step.A naive alternative to this method would be the application MDP optimization directlyto the utility function of the agent (as done in [27] for risk neutral agents). For risk-averseagents, however, due to the non-linear nature of the utility functions, de�nitions of biddingpolicies in sequential auctions can only be de�ned in terms of the CE values of future states3.This is done in the following Sections, which also include a numerical example and anillustration that provides insight into the dynamics of the problem.4.3.1 Optimal bidding policy for sequential 2nd price (Vickrey) auc-tionsGreenwald & Boyan [89] show that the optimal bidding strategy for a risk-neutral agent ina second-price sequential auction is to bid the difference between the expected value of thestate when the auction is won and the expected value of the state when the auction is notwon. Here we can extend these results to the risk-averse case as follows.Suppose at time t (after a set of t previous auctions) the agent is in a state in whichhe has the set of items Xt. At the next step (i.e. after the auction occurring at t), he cantransition in either one of two possible states: one in which he obtains the set of itemsX+t+1 = XtSfIt+1g (if the auction is won) or X�t+1 = Xt (if the auction is not won. If theauction at time t is a second-price one, the optimal bidding policy available to the agent is:b�t = CE(Lt+1(X+t+1))� CE(Lt+1(X�t+1)) (4.5)assuming that at all subsequent steps t+ 1; ::; n the locally optimal bids are chosen.Proof 3 The proof resembles the proof in the textbook of Krishna [130], which refers, how-ever, only to risk-neutral bidders. First, we simplify the notation by denoting the certaintyequivalent of the state when the item is acquired byCE+t+1 = CE(Lt+1(X+t+1)) and the cer-tainty equivalent of the state when the item is not acquired by CE�t+1 = CE(Lt+1(X�t+1)).There is a set of na independent bidders in each auction, that only desire the item soldin that auction. All auctions being second price, they always have a dominant policy of3We stress that the term �optimal� used in this chapter, should be interpreted as optimal w.r.t. the bidder'saversion to risk and estimation of future price distributions. This is not the same concept as dominant biddingstrategy from standard auction theory (i.e. independent of the behaviour of other bidders). As discussed in theintroduction, dominant strategies are not known to exist for the sequential settings considered in this paper.



114 Chapter 4bidding their true value. Let the valuation function over these na bidders be denoted byG(x) = Gi(x)na , where G(x) is the cumulative distribution that bids of all na agents aresmaller than x (Gi(x) here refers to a single independent bidder, but we can consider themin aggregate, without loss of precision). Then g(x) is the density function of this distribution,i.e. it denotes the probability that the highest bid of the independent bidders is exactly x.Note that the state of winning the auction and having to pay x brings a monetary gainof CE+t+1 � x for the agent, while loosing brings a monetary gain of CE�t+1. In this case,however, the amount to be paid depends on the highest bid of independent bidders, so thestandard certainty equivalence de�nition needs adjusting. Basically, the CE of bidding btin a state at time t can be expressed as:CE(bt) = �1r lnfZ bt0 g(x)e�r(CE+t+1�x)dx+ (1�G(x))e�rCE�t+1gThe optimal bid b�t can be obtained by taking the derivative of the above expression, i.e.when dCE(bt)dbt = 0. This gives:�g(bt)r R bt0 g(x)e�r(CE+t+1�x)dx+ (1�G(x))e�rCE�t+1 �e�r(CE+t+1�bt) � e�rCE�t+1� = 0Of this expression, the �rst fraction is never zero and can be reduced, which basically gives:e�r(CE+t+1�bt) = e�rCE�t+1Which �nally, after applying the logarithm and dividing by (�r) gives:CE+t+1 � bt = CE�t+1Resulting in the �nal expression for bt as:b�t = CE+t+1 � CE�t+1So basically, the marginal optimal bid b�t in a sequence of second price auctions is al-ways the marginal difference between the certainty equivalents of the next two states. Notethat this was known from standard auction theory for the case of risk-neutral bidders [130].Basically, since a rational agent views all previous payments as sunk costs, they can be dis-counted and do not have to be accounted for in future bids. The intuitive reason why we�nd this result in the case of risk-averse bidders as well is that certainty equivalent functions,although not linear, are basically monotonically increasing in the monetary payoffs of futurestates, so it is rational for the agent to increase her bid until the difference CE+t+1 � CE�t+1is covered.



Designing bidding strategies in sequential auctions for risk averse agents 1154.3.2 Optimal bidding policy for sequential 1st price auctions: numer-ical solutionsFor �rst-price auctions no closed form optimal bidding policy can be formulated, becauseagents have, as in the case of risk-neutral agents, an incentive to shade their bid. Liu et. al.'03 [146] show, for the case of single-shot �rst-price auctions that, on average, risk averseagents shade their bid less than risk neutral agents, since they want to minimize the chanceof losing the auction. In this case, the optimal bid level b�t given in Eq. 4.5 above for thesecond price auction represents an upper bound on the bid level a rational agent would placein a �rst-price auction.For the sequential case, in order to get insight into the case, we computed the numericalsolutions of the optimal bidding policy as perceived by the agents at time t = 0 (beforeentering the sequence of auctions). This is done for a sequence of 2, respectively 3 upcomingauctions (items are numbered alphabetically, by the order they are being auctioned). Theanalysis can be extended to any number of auctions, and the results are largely similar).We take the expected distributions for future prices for individual items are drawn fromidentical, independent normal distributions (i.i.d.s are a choice widely used in economicmodeling [153]). In this case, we chose normal distributions with mean � = 2:5 and disper-sion � = 1:5. The chosen valuations levels are: vfAg = 0, vfBg = 0 and vfA;Bg = 10 (forthe 2-stage auction), respectively vfA;B;Cg = 15 and 0 for all other subsets (for the 3-stageauction). This choice of values is such that the sum of the mean expectation of the costs isexactly half the bundle payoff.A bidding policy is de�ned as a combination of bids for item bA; bB, with the note thatthe bid for B is only placed if the agent wins A in the preceding auction (otherwise, it hasa dominant policy to bid 0 and earns a reward of 0). Using a mathematical optimizationpackage (in our case Matlab), we computed the optimal bid levels of this game (b�a; b�B),for each level of risk aversion from 0 to 1, as well as the expected CE level of this optimalbidding policy, i.e. maxbA;bBCE(Lt=0).In Fig. 4.3, we show the CE value of the initial choice to enter the set of auctions (i.e.CE(Lt=0)) for one level of risk aversion r and all possible combinations of bids for the �rst,respectively second good in the sequence. As can be seen in Fig. 4.3, the surface of possiblebids has a single optimum point, for each level of risk aversion.In Fig. 4.4 we plot the optimal bid levels for a sequence of 2, respectively 3 auctions.Basically, each point on the left (i.e. two-item) side of Fig. 4.4 corresponds to the coordinatesof the optimum point in exactly one bidding surface, such as shown in Fig. 4.3. The samecan be said about the right side (i.e. the 3 item case), although in this case the bidding surfacecannot be actually visualized (being 4-dimensional).From the analysis of Fig. 4.4, we can already highlight some important effects:� The more averse a risk agent is, the higher she will bid for the second item in a 2-stageauction sequence. Intuitively, a risk averse agent is more concerned with reducing as
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Figure 4.3: Example of the certainty equivalent payoff in a two-stage sequential auction for2 items: A (at time t=1) and B (at t=2). The graph shows the CE value of the corresponding2-stage game, if the costs for both items are drawn fromN(� = 2:5; � = 1:5), for an agentwith r ! 0 (left) and r = 0:3 (right).
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Figure 4.4: The optimal bidding policy available to an agent having risk aversion r, in a2, respectively 3-stage sequential auction. The items have a complementarity value of $10(resp. $15) if acquired together, but no value if acquired separately. The costs for all itemsare drawn from a normal distributionN(� = 2:5; � = 1:5).much as possible the probability she will loose the auction for B and not cover hersunk cost for item A. By contrast, a more risk-neutral agent is willing to accept aslightly higher probability she will have a sunk cost, if the potential gain is greater.Otherwise stated, agents with different risk pro�les have different levels of awareness



Designing bidding strategies in sequential auctions for risk averse agents 117of costs already incurred.� By contrast, the optimal bid level for item A slightly decreases as the agent becomesmore risk averse. Risk averse agents are not willing to accept a high sunk cost - thustheir optimal policy is to avoid bidding aggressively in the �rst round. They may pre-fer not to participate at all in the sequence of auctions, than to win the �rst auctionwith a high sunk cost, which would be dif�cult to cover. Furthermore, note that inthis example, the average mean expectation of cost of the �rst item is only a quarter($2.5) of the maximal possible cost. We also performed tests with other mean expec-tation costs, and found that, if these costs become higher, the effect is considerablymore pronounced - and risk-averse agents' optimal bid policy may simply be not toparticipate at all in the auction sequence.4.3.3 Bidding strategy for multiple copy auction sequencesThe MDP-based bidding strategy outlined above can lead to an optimal bidding policy, butonly if all CE values of the states for the entire game are computed. This can becomecomputationally expensive, especially if the sequence contains many stages (auctions). Inthe simulations presented in Sect. 4.4 below, we make an approximation that enable usto signi�cantly prune the state tree in solving the multiple copies problem. This problemappears when the bidding agent is interested in only a limited number of items to form auseful bundle, but these are offered for sale repeatedly.4 Suppose items are divided intoseveral types. The agent's expectation of closing price distributions for all items of a givenparticular type is the same (thus she does not model the future expectation probability perauction or per item, but per type of item). If this expectation remains the same during thenumber of bidding rounds the agent stays in the game, then it is possible to reduce the statetree representation from a representation dependent on the number of future auctions to arepresentation which depends only on the size of the bundle the agent wishes to buy.Formally, if there are several items of type A and the agent knows that there are nA moreauctions of items of type A to take place. Then the probability of transition from any stateX to a state X [ fAg (i.e. winning at least one item of type A at some point in the nextsequence of nA opportunities), given that the agents bids bA in each of the auctions in thatsequence is: Prob(ClosingPriceA � bA) = 1� [1� cdfA(bA)]nAThe above formula can be used to determine the probabilities of the getting an item oftype A in the �nal state (i.e. after all auctions for a good of type A have closed). One stillneeds to apply the MDP to determine the best policy based on these probabilities, but this isstraightforward, as it does not require computing the whole tree.Note that this policy only uses as input the number of future auctions of each type re-maining before the auction has to leave the market, not their exact order. In fact, if one4Multiple copies can be seen as an instance of the substitutability problem - though substitutability is wider, ifwe allow for partial substitutes. These are not considered in the current work.



118 Chapter 4knows the exact order that future auctions take place in, then it might be better to computethe whole tree (although that's exponentially more expensive). However, not knowing theexact order that future auctions will take place in, only the number of auctions of each type,is more realistic in many real-world settings. So, for example, in the simpli�ed transporta-tion case shown in Section 4.4.5 below, in practice, planners may know that a number ofopportunities (i.e. transportation orders) to �ll a truck may appear before the truck needs tostart driving, but they don't know exactly the order in which these will be offered.For the experiments reported in this chapter, because goods are all of the same type(even if a bidder may desire only a bundle consisting of several such goods), this heuristicapproximates very well the optimal bidding policy. In this case (i.e. same-type goods), thereis basically only one possible sequence of future auctions, and the length of this sequencebasically represents the full information needed to describe it. If there are several possi-ble types of bundles, then the difference in performance may depend on the exact auctionsequence. However, even this problem can be mitigated by randomizing over all possibleauction sequences when performing experimental evaluation.As we discussed in the numerical example, having multiple future opportunities to buya good may determine risk-neutral agents to reduce their bids (since there is a higher chanceof winning one of them), but it may also encourage risk-averse bidders to join the bidding,bidders which would otherwise �nd a short sequence of auctions to be too risky to participate.4.4 Experimental analysisThe goal of the experimental results presented in this chapter is to test how different sequen-tial auction market settings are in�uenced by the presence of a complementary valuationbidders, with different risk aversion levels. We look at how risk aversion in�uences the ex-pected pro�t that the synergy bidder makes over a sequence of auctions, as well as the prob-ability of completing the desired bundle and ending up with an incomplete bundle (whichcan result in a loss). Furthermore, we also study how the expected revenue of the seller(s)is in�uenced by the presence of a synergy bidder in a market, as well as how the number ofbuying opportunities (i.e. length of the auction sequence) in�uences the expected pro�ts ofseller and buyer.The �rst part of this chapter studies these questions for a market with a single synergybidder participates in a sequence of auctions for items of the same type. More concretely,we assume a market consisting of a sequence of auctions, each populated by a set of local(single-item) bidders and one synergy (global) bidder that desires exactly one bundle of twoitems. The number of auctions that the synergy bidder can stay in the market is �xed for eachsimulation round (although this parameter will be varied between different experiments).In the second part of our experimental study, we introduce bundle differentiation, i.e. theauction sequence consisting of auctions for two types of items and a synergy buyer that canchoose between the two possible bundles. This setting was motivated by a transportationlogistics setting described in Section 4.4.5.



Designing bidding strategies in sequential auctions for risk averse agents 1194.4.1 Experimental hypothesesIn order to better structure the presentation, we �rst formulate three hypotheses, that shouldbe con�rmed or disproved in the experimental tests. These hypotheses are intuitively formu-lated based on the properties observed in the theoretical part of this chapter and should helpthe reader understand better the focus and choices made in the simulation model.Hypothesis 1: A more risk averse agent will have a lower chance of ending the sequenceof auctions with an incomplete bundle (i.e. a bundle in which the �rst item is acquired,but not the subsequent ones, hence resulting in a loss).Note that the statement in Hypothesis 2 appears obvious: it is more a control hypothesis.If we do not �nd this, then there may be reasons to believe something is wrong in ourexperimental set-up. The most important side effect is stated as:Hypothesis 2: A synergy bidder with a higher risk aversion will obtain a lower averagepro�t from bidding in a sequence of auctions than a synergy bidder which is less riskaverse.The �nal hypothesis refers to the case of different auction lengths.Hypothesis 3: For all risk aversion levels, the expected pro�t of a synergy buyer desiringa bundle of items will be higher if there are more auctions in the sequence (i.e. moreopportunities to buy), while the chance of ending up with an incomplete bundle willbe lower.Besides these hypotheses, referring to the buyer, in our experiments we also look at theaverage revenue that a seller of a set of items sold in sequence will be lower if the synergybuyer present in the market is more risk averse. There are a further two further hypotheses,related to markets with different item types, but they will be introduced them later.4.4.2 Experimental setupThe experimental set-up used is as follows. We consider a sequence of n closed, �rst-priceauctions, in all of which exactly one item of the same type A is sold. In each of theseauctions, there are an (unspeci�ed) number of local bidders, assumed myopic, that desireexactly one item of type A. Since these agents are assumed myopic (i.e. they only considerthe current auction they participate in), we can model their bids in each auction throughsome random distribution. Note that the myopicity assumption of local bidders is importanthere: if the bidders are able to strategize over the sequence of auctions, or over the presenceof a synergy buyer in this sequence, then the model we use for their bidding behaviour maynot hold. In this model, because in all auctions an identical good is sold, we can model



120 Chapter 4the maximum bid received from the competition in each of the n auctions in the sequencethrough identical, independent probability distributions (i.i.d.) - a choice that is also made inother decision-theoretic biddingmodels, e.g. [83]. Since we do assume any prior informationabout the way independent bidders place their bids, we take themost general case and assumethey follow normal distributionsN(�; �).In each sequence of auctions there is exactly one synergy (or global) bidder participating.This bidder desires exactly one bundle of two items of the same type A (and is assumed tohave no value for an individual item). The synergy bidder must acquire this bundle in exactlyn auctions (here, the number n of auctions that a bidder can stay in the game can also bethought of as a way to model a shorter or longer deadline that a bidder has). The valuev(2 � A) that the synergy bidder assigns to the useful bundle, the number of auctions n,as well as the parameters � and � that model the behaviour of single-item bidders are allparameters of the simulation. For each market con�guration, average results are reportedover 1000 runs.4.4.3 Experimental results for one-type item auctionsIn this section we give the results for a market setting where only one type of item A is sold,and the synergy bidder desires exactly one bundle of two such items. Initially, we do thisfor sequences of n = 7 auctions, where the values of independent bidders are drawn from adistributionN(� = 4; � = 2). The synergy bidder assigns a value of v(A;A) = 10 (noticethat this means the synergy buyer values a bundle of two item, on average, with 25% morethan the independent bidders). The bids of the synergy buyer are computed according to theheuristic in Sect. 4.3.3, based on the risk aversion coef�cient shown on the abscissa. Results(with averages over 1000 runs) are shown in Fig. 4.5.Returning to the hypotheses stated in Sect. 4.4.1, we see that indeed, Hypothesis 2 iscon�rmed for this setting: the higher the risk aversion of a synergy bidder, the lower his/heraverage expected pro�t (the drop is quite considerable - from 4 to around 2.5). However, onecan also notice the variance of the results decreases slightly for the risk-averse bidder. Theseresults are consistent with expectations.The right side of Fig. 4.5 shows the average revenues of the seller for this setting. Theseare somewhat surprising, given that one would intuitively expect seller revenues to drop ifbidders in the market are more risk averse. In fact, it seems there is some type of revenueequivalence, in the sense that the revenue that a seller can expect in such a sequence ofsequential auctions with a risk averse bidder does not depend on his/her risk aversion. Fromfurther examination, this can be explained as follows: since these are �rst price auctions,a more risk averse bidder will bid less often in this sequence. However when he does bid,he will bid considerably more which, on average, has a compensating effect for the reducedparticipation. Nevertheless, a more in-depth investigation is needed (with a larger marketand more synergy bidders), in order to formulate a hypothesis regarding this point.
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Figure 4.5: Setting with 7 sequential auctions and one synergy buyer with v(A;A) = 10,and independent agents for each auction, bidding according to N(4; 2). The left side givethe average pro�t of the synergy buyer, while the right the average revenue of the seller (bothaveraged over 1000 runs)4.4.4 Results for one item and different auction lengthsIn this Section, we extend the above analysis to a setting where we vary not only the riskaversion r of the synergy buyer, but also the number of auctions he/she can participate in toacquire the desired two-item bundle. Furthermore, we made this setting more competitive:while the valuation of each synergy buyer for a bundle of 2 A-s remains v(A;A) = 10, thecompetition is slightly more aggressive and will be according to N(4:5; 2). This basicallymeans that we reduce from 20% to 10% the advantage in valuation that a synergy buyerhas, on average, over the independent bidders. The motivation for this is that it seems morerelevant to study how the success rate is in�uenced by multiple buying opportunities (i.e.varying number of auctions), for a more competitive setting.



122 Chapter 4

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
0

0.5

1

1.5

2

2.5

3

Risk aversion r of synergy bidding agent

A
v
e
ra

g
e
 p

ro
fi
t 
(v

a
lu

a
ti
o
n
−

c
o
s
ts

) 
m

a
d
e
 d

u
ri
n
g
 o

n
e
 a

u
c
ti
o
n
 r

u
n

Average profit of synergy buyer for different no of auctions /sequence

 

 

2 auct

3 auct

5 auct

7 auct

10 auct

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
5

10

15

20

25

30

35

40

45

50

55

Risk aversion coefficient of synergy bidder
A

v
e
ra

g
e
 r

e
v
e
n
u
e
 o

f 
th

e
 s

e
lle

r 
p
e
r 

a
u
c
ti
o
n
 s

e
q
u
e
n
c
e

Average revenue of the seller for varying numbers auction/sequence

 

 

2 3 5 7 10

Figure 4.6: Results for the average pro�t of the synergy buyer (left) and seller revenue (right), for asetting with one synergy agent with v(2A) = 10 and a set of independent agents bidding accordingto N(4:5; 2). The number of auctions the synergy agent can stay in the game to acquired the desiredbundle, as well as his/her risk aversion coef�cient are varied for the different settings. All results areaverages over 1000 runs, but to avoid overloading the picture, error bars were not included.
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Figure 4.7: Success and failure rates for a setting with one synergy agent with v(2A) = 10 and aset of independent agents bidding according to N(4:5; 2). The left side graph show the percentage(among the 1000 runs) in which the agent acquired his/her target bundle of two A items. The rightside graph shows the percentage of runs with incomplete bundles (i.e. runs in which the synergy buyerobtained the �rst item, but not the second, hence resulting in a loss).



Designing bidding strategies in sequential auctions for risk averse agents 123Results from these tests are shown in Fig. 4.6, respectively 4.7. Returning to the abovestated hypotheses, we can conclude that, indeed Hypothesis 2 can be con�rmed. Even forthis modi�ed setting, there is a marked decrease in average synergy bidder pro�ts, as his/herrisk aversion increases. This effect is more noticeable for the higher auction lengths (5, 7 or10 items). The reason for this is that, for this competitive setting, the participation rates, evenfor the more risk-neutral agents are on the low side (see left side of Fig. 4.7) and relativelyconstant over r. Furthermore, it seems that the revenue the seller can expect is also relativelyconstant over the risk aversion of the synergy buyer, even for these more general tests.From looking at Figs. 4.6 and 4.7 one can clearly see the very large effect that the num-ber of available auctions has, both on the expected pro�t and success rate of the synergybuyer (thus con�rming Hypothesis 3 above). This effect clearly holds for all risk aversioncoef�cients of the synergy buyer and all con�gurations. From Fig. 4.7, one can also seethat a more risk averse bidder, while making, on average, less pro�t, does have some ad-vantages in this type of auctions: his/her chances of ending up with an incomplete bundlebefore the deadline (hence making a loss in that particular auction run) decrease consider-ably. Thus, these results support Hypothesis 1, as expected. Since in many real life biddingsituations (one will be discussed in the following Section), agent consider only the possi-bility of pro�t/loss in an immediate run (not the long-term statistical average), minimizingchance of a loss, even if it has only 5%-10% probability, can be an important consideration.4.4.5 Setting with different item types and more complex preferencesThe previous Section has already highlighted the complexity of bidding in sequential auctionto get a bundle of two items, even for the simpli�ed setting with one possible item type.However, in most real-life scenarios, on top of the question of how to divide their bidsbetween complementary items in a sequence, agents are confronted with several alternativesthat they must choose from during bidding. In fact, the potential complexity of the spacepossible preferences is very large. In this Section, while we do not completely model the fullpotential complexity of possible preferences, we show that having a second type of good tochoose from introduces a whole different dimension to the dynamics of decision-theoreticbidding in sequential auctions.We should mention that our choice for the valuation structure of the bundles, while sim-ple, is motivated by a transportation logistics application setting and does capture much ofthe dynamics of that use case. Therefore, before we describe the experimental set-up andresults, we motivate it by brie�y describing how the experimental choices made could plau-sibly �t a real-life application setting.Bidding in sequential auctions for transportation ordersThe problem setting we considered in our auction model is that of distributed transporta-tion logistics with partial truck loads (a real-life, business-oriented platform for this case,



124 Chapter 4developed in collaboration with a large logistic company, is described in Chapter A of thisthesis).In the logistic setting we consider, transportation orders (either from one, but usuallyfrom different sellers/shippers) are usually sold at different points in time through spot mar-ket type mechanisms (usually auctions). The bidders for these loads are small transportationcompanies who try to acquire a suitable set (bundle) of orders that would �t the capacity oftheir trucks. In this model, we assume all orders are ready for pick-up or return delivery atone central transportation depot5. Fig. 4.8 shows just such a topology, with delivery pointgroup into 2 main delivery regions).
Figure 4.8: Example transportation scenario with one central depot D and two disjoint trans-portation regions: A and B.Acquiring suitable combinations (bundles) of orders to �t the same trip with one truckis crucial for pro�tability in this setting. A truck acquiring, for example, an order for 1/2truckload to be delivered to a certain region usually counts on acquiring another 1/2 truckloadorder from the same region, in order to make a pro�t. In this case, item types representdifferent delivery regions - each trucking company expecting different costs/pro�t structureper region, depending on its transportation network. Another possibility for bundling canconcern symmetrical outgoing/return orders which originate in the same region.In the utility model used in our auction simulations, we abstract the main characteristicsof this setting. In this way, bidders can be considered as truck owners (i.e. carriers), the itemsare transportation orders, item types correspond to different delivery or pick-up regions. Inpractice, auctions for transportation orders are reverse auctions: the bidders that offer thelowest cost get the order. However, the corresponding model with sequential ascendingauctions studied in this paper is basically equivalent to this, and it's easier to compare withother models and in existing literature.Furthermore, in reporting the results, we also make the assumption that there is a singleseller for all the goods (or orders) in the sequence. While in practice transportation ordersmay originate from multiple shippers (or customers), the aggregate revenue of the singleseller can be seen as indicative of a global average, that a seller, without knowing his/herprecise place in the sequence of auctions, has from selling items in this sequence.5This is actually a realistic assumption in many cases, especially if there is just one shipper, or several smallshippers who aggregate their demand to one central distribution point.



Designing bidding strategies in sequential auctions for risk averse agents 125Multiple item simulation set-upThe sequential model we consider is as follows. The number of auction rounds is still �xedat 7, but there are two types of goods: A and B. In this setting, we introduce a differentiationbetween the items: items of type B are relatively �rarer� (they are sold only in 2 auctions outof the 7), while items of type A are more common, and sold in 5 out of 7 auctions.However, the value the synergy buyer assigns to a bundle of such items is also asymmet-rical. A bundle of 2 items of type B has a valuation of v(B;B) = 20, while a bundle of 2items of type A: v(A;A) = 10. The competition coming from single-item bidders for thosegoods is also different. For goods of type A, the bids from this competition are modeledthrough a normal distribution N(�A = 4; �A = 2), while for items of type B through adistribution: N(�B = 6; �B = 2). Therefore, the additional valuation of the synergy agentfor a bundle of two items, compared to the average paid by independent bidders is only 2/10= 20% for a bundle of type A, but 8/20 = 40% for a bundle of type B. at the same time, abundle of type B is twice as rare.4.4.6 Multiple item setting: hypothesesBefore we present the result graphs for this setting, we follow the format of the previousSections, and formulate two additional hypotheses:Hypothesis 4: In a market with two types of items, one of which is rarer, but also morevaluable than the other, the synergy bidders with a risk aversion coef�cient abovea certain level may select to bid for a bundle of the more common item, in orderto maximize their chances of completing the bundle. This can reduce the synergybidder's average expected pro�t from the auction sequence.Hypothesis 5: In the above setting, if risk averse agents prefer to bid for more common,but less valuable goods, this also reduces the revenues of the auctioneer.
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Figure 4.9: Results for the average pro�t of the synergy buyer (left) and seller revenue (right), for asetting with two items A (of value vAA = 10) sold in 5 auctions, and B (of value vB;B = 20) sold in2 auctions. Notice there is a transition, because agents with risk aversion r >= 0:5 do not try to getthe higher value bundle (of item B).
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Figure 4.10: Percentages of success and failure per 1000 simulation runs, for a setting with twodifferent type of items described above. Notice the transition at r >= 0:5, showing that risk aversebidders do not try to get the bundle with the rarer item B, but only one of A.



Designing bidding strategies in sequential auctions for risk averse agents 1274.4.7 Results for two-item caseExperimental results for the above setting are presented in Figures 4.9 and 4.10. Fig. 4.9gives the average pro�t of the synergy agent and the seller, while Fig. 4.10 gives the percent-ages of auctions that agents complete (or fail to complete) bundles of items or either type.All results reported are averages over 1000 runs.Basically, Hypotheses 4 and 5 are, on the whole, con�rmed by these tests: there is adecrease in the expected pro�t of the synergy buyer and seller. However, there is an importantcaveat: there seems, for this parameter settings, to be an important threshold effect as therisk aversion factor of the agent becomes r = 0:5. The reason for this threshold effect isclear from Fig. 4.10: at this level, the more risk averse agents stop trying to bid for the morevaluable, but also �riskier� bundle of item B (for which there are only 2 available auctions),and go for a bundle of item A, from which there is less absolute pro�t to be made, but forwhich there are 5 available auctions.The left-hand side of Fig. 4.9 shows that, while going for the bundle of item B brings,on average, slightly more pro�t, this result also is subject to a much higher variance, i.e. thebidding agents are more likely to loose money by failing to complete their desired bundle.By contrast, bidding for a bundle of type A (as the more risk-averse agents do), can slightlydecrease the average expected pro�t, but the bidder is less likely to loose money. In fact, thelower interval of the variance bars, in this case, seem to be all above the zero axis.The seller revenue (right side of Fig. 4.9) is also in�uenced by the risk aversion (and,hence, the bidding behaviour) of the synergy bidder, but the decrease in seller revenue thatoccurs at the threshold level is relatively slight (of only a few percentage points). Neverthe-less, one should note this is a setting with only one synergy bidder present in the market,therefore the average effect may be understated.4.5 Conclusions and further workTo summarize, the main contributions of the work presented in this Chapter are as follows.First, we establish a formal link between bidding strategies in sequential auctions andstandard (Arrow-Pratt) risk aversion models from economics. Next, we derive a useful prop-erty of certainty equivalence functions and it shows how such functions can be naturallyapplied to sequential auction games. We study the way in which the perceived optimal bid-ding strategy computed by a risk averse agent, given her probabilistic model of the future,differs from the optimal strategy of a risk neutral agent. Risk averse agents tend to bid moreaggressively throughout the sequence of auctions, in order to cover their sunk costs for theinitial items in the sequence. However, if the future sequence of auctions is initially per-ceived as too risky (given the agent's initial estimation of future closing prices), the beststrategy available to a risk averse agent is simply not to participate at all.Then, we study experimentally the effect that this decision-theoretic bidding behaviour



128 Chapter 4of risk averse bidders has on his/her expected pro�t, for markets in which the competition isformed of �myopic�, local bidders (i.e. bidders that require only one particular good). Weshow that, as expected, more risk-averse bidders have less of a chance to end up with anincomplete bundle, and hence make a loss. But, on average (i.e. assuming a market withrepeated interactions), they make less expected pro�t. When bundles of two possible itemsare available, we show that more risk averse bidders may prefer to bid for the more commonone (even if it has less absolute value), rather than risk the chance of making a loss. This isrational for them, as it their reduces their risk, although it also reduces their average expectedpro�t.The chapter, while providing some important results regarding the complexity of thesequential bidding problem for risk averse agents, leaves several issues to be answered infurther work. An important one is deriving optimal bidding strategies in markets in whichseveral synergy agents (i.e. bidders with complementary valuations) bid against each other,not only against myopic, single-value bidders, such as in this work. New bidding heuris-tics could be developed for software agents that do not only target raw ef�ciency, but alsoallow their owners to select a balance between expected pro�t and risk, based on their per-sonal preferences. Finally, the role of mechanisms such as decommitment [195] and op-tions [120] in reducing or eliminating the exposure problem that risk-averse agents face isanother promising direction for further work, which is further explored in Chapter 5 of thisthesis.



Chapter 5Using Priced Options to Solve theExposure Problem in SequentialAuctions
5.1 IntroductionThe previous Chapter introduced the exposure problem that a bidder with complementaryvaluations, i.e. synergies, faces when she tries to acquire a bundle of goods sold throughsequential auctions. Informally, the problem occurs whenever an agent may buy a singlegood at a price higher than what it is worth to her, in the hope of obtaining extra valuethrough synergy with another good, which is sold in a later auction. However, if she thenfails to buy this other good at a pro�table price, she ends up with a loss. Otherwise stated,after acquiring the �rst good, she is exposed to the risk of a potential loss. In the analysispresented in this Chapter (as in much of the previous Chapter), we will henceforth call sucha global bidder a synergy buyer.The exposure problem is well known in auction theory and multi-agent systems research.The usual way to tackle this problem in the mechanism design community is to replace se-quential allocation with a one-shot mechanism, such as a combinatorial auction [194]. How-ever, this approach has the disadvantage of typically requiring a central point of authority,which handles all the sales. Moreover, many allocation problems occurring in practice (seealso Chapters 4 and A of this thesis) are inherently decentralized and sequential. Possibleexamples range from items sold on Ebay by different sellers, loads appearing over time indistributed transportation logistics, dynamic resource allocation in hospitals, etc.In Chapter 4, we have already have shown how complex the problem that the synergybidder faces in such a sequence of auctions can be. In that chapter, we have looked at the129



130 Chapter 5problem from the perspective of modeling the bidding decisions of individual agents, basedon their aversion to the perceived future risk. However, we did not modify the sequentialauction mechanism itself, to try and somehow reduce the exposure to loss that the agentsface. In this chapter, we consider a different approach than converting the mechanism to aone-shot, combinatorial auction, one that preserves the sequential nature of such problems,but still reduces considerably the exposure problem that synergy bidders face. The basic ideaof our approach (published as [161, 162]), is to to allow each seller to auction options for thegoods she owns, instead of the goods themselves.Note that this is a very complex problem, and this chapter provides a decision-theoreticanalysis of how priced options can be used to address this problem, as well as a �rst math-ematical model to compute option and exercise prices. This is, to our knowledge, the �rstdecision-theoretic analysis for how options should be priced and used in sequential auctionswith complementary valued-bidders (pricingmodels for options in �nancial markets are verydifferent, as will be explained shortly). As a caveat, we stress that options should not be seenas a �silver bullet� that completely removes the exposure problem, rather, they are a mech-anism that, under some assumptions, removes part of the risk exposure and is preferable toboth sides (buyers and sellers), by comparison to a direct sale. In fact, auctions for directsale of the good (as will become apparent in Section 5.1.3) becomes, in our option model, aparticular sub-case.5.1.1 Options: basic de�nitionAn option can be seen as a contract between the buyer and the seller of a good, subject tothe following rules:� The writer or seller of the option has the obligation to sell the good for the exerciseprice, but not the right.� The holder or buyer of the option has the right to buy the good for the exercise price,but not the obligation.Since the buyer gains the right to choose in the future whether or not she wants to buythe good, an option comes with an option price, which she has to pay regardless of whethershe chooses to exercise the option or not.Options can thus help a synergy buyer reduce the exposure problem she faces. She stillhas to pay the option price, but if she fails to complete her desired bundle, then she does nothave to pay the exercise price as well and thus she limits her loss. So part of the uncertaintyof not winning subsequent auctions is transferred to the seller, who may now miss out on theexercise price if the buyer fails to acquire the desired bundle. At the same time, the seller canalso bene�t indirectly, from the additional participation in the market by additional synergybuyers, who would have otherwise stayed out, because of the exposure to a potential loss.



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 1315.1.2 Related workIn existing multi-agent literature, to our knowledge, there has been only limited work tostudy the use of options to address the exposure problem.The �rst work to introduce an explicit option-based mechanism for sequential-auctionallocation of goods to the MAS community is Juda & Parkes [120, 121]. They create amarket design in which global bidders are awarded free (i.e. zero-priced) options, in order tocover their exposure problem and, for this setting, they show that truth-telling is a dominantstrategy. In this case model, the exposure problem is entirely solved for the synergy buyers,because they do not even have a possible loss consisting of the option price. Having adominant bidding strategy for the buyers is a very important property, which is dif�cult toachieve in a model with priced options.However, the model of Juda & Parkes does have some limitations. First, there may becases when the market entry effects are not suf�cient to motivate the sellers of items to useoptions. Because the options are assumed to be offered freely (zero-priced), there may becases in which sellers do not have a suf�cient incentive to offer free options, because of therisk of remaining with their items unsold. The sellers could, however, demand a premium (inthe form of the option price) to cover their risk. In such cases, only positively-priced optionscan provide suf�cient incentive for for both sides to use the mechanism. Furthermore, thisfree options model relies on the assumption that sellers are always willing to stay in themarket longer than buyers.Priced options have a long history of research in �nance (see [107] for an overview).However, the underlying assumption for all �nancial option pricing models is their depen-dence on an underlying asset, which has a current, public value that moves independentlyof the actions of individual agents (e.g. this motion is assumed to be Brownian for Black-Scholes models). This type of assumption does not hold for the online, sequential auctionssetting we consider. In our case, each individual synergy buyer has its own private value forthe goods/bundles on offer, and bids accordingly.Another relevant work that studies the use of options in online auctions is that of Gopalet al [87]. Gopal et al. discuss the bene�ts of using options to increase the expected revenueof a seller of multiple copies of the same good. They do not consider the use of options tosolve the exposure problem of buyers with complementary valuations over a bundle of goods(i.e. the synergy buyers in our model). Furthermore, in [87], it is the seller that �xes both theoption price and the exercise price when writing the option, which requires rather restrictiveassumptions on the behaviour of the bidders.Finally, there is a connection between options and levelled commitment mechanisms,�rst proposed by Sandholm & Lesser [195]. In levelled commitment, both parties have thepossibility to decommit (i.e. unilaterally break a contract), against paying a pre-agreed de-commitment penalty. However, as [195] show, setting the level of the decommitment penaltycan be hard, due to the complex game-theoretic reasoning required. There are situations inwhich both parties would �nd it bene�cial to decommit but neither does, hoping the otherparty would do so �rst, to avoid paying the decommitment penalty. This differs from option



132 Chapter 5contracts, where the right to exercise the option is paid by one party in advance. In ourmodel, this right is sold through an auction, thus the option price is established through anopen market.5.1.3 Outline and contribution of our approachThe goal of this chapter is to study the use of priced options to solve the exposure problemand to identify the settings in which using priced options bene�ts both the synergy buyer andthe seller.An option consists out of two prices, so an adjustment needs to be made to the standardauction with bids of a single price. The essence of options, in our model, is that buyers obtainthe right to buy the good for a certain exercise price in the future. The value of such an optionmay be different for different market participants at different times. Throughout this study,in order to make the analysis tractable, we have a �xed exercise price and a �exible optionprice. The seller determines the exercise price of an option for the good she has for sale andthen sells this option through a �rst price auction. Buyers bid for the right to buy this option,i.e. they bid on the option price.Note that, in this model, direct auctioning of the items appears as a particular sub-caseof the proposed mechanism, assuming free disposal on the part of the buyers. If the seller�xes the future exercise price for the option at zero, then a buyer basically bids for the rightto get the item for free. Since such an option is always exercised (assuming free disposal),this is basically equivalent to auctioning the item itself.Based on the above description, we provide both an analytical and an experimental inves-tigation of the setting. Our analysis of the problem can be characterized as decision-theoretic,meaning both buyer and seller reason with respect to expected future price. Our contributionto the literature can be characterized as twofold:First, we consider a setting in which n complementary-valued goods (or options forthem) are auctioned sequentially, assuming there is only one synergy bidder (the rest of thecompetition is formed by local bidders desiring only one good). For this setting, we showanalytically (under some assumptions), that using priced options can increase the expectedpro�t for both the synergy buyer and the seller, compared to the case when the goods areauctioned directly. Furthermore, we derive the equations that provide minimum and maxi-mum bounds between which the bids of the synergy buyer are expected to fall, in order forboth sides to have an incentive to use options.In the second part of the chapter, we consider market settings in which multiple syn-ergy buyers (global bidders) are active simultaneously, and study it through experimentalsimulations. In such settings, we show that, while some synergy buyers lose because of theextra competition, other synergy buyers may actually bene�t, because sellers are forced to�x exercise prices for options at levels which encourages participation of all buyers.We note also that, while both parts of the paper look into decision theoretic bidding be-haviour, we consider different levels of information about the future available to the synergy



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 133bidder. In the analytical case, the exact order of the auctions is assumed to be known, andwe consider a bidder that wants a bundle of all the items to be auctioned. In the experimentalpart, where the synergy bidder only wants a sub-bundle of the goods from a potentially largesequence, we assume that bidding agents only know the number of future buying opportu-nities for an item of each type, not their exact order. This is actually more realistic for theapplication scenarios we consider. For example, when bidding to acquire a part-truck orderin transportation logistics, it is more realistic to assume that a carrier can approximate thenumber of future opportunities to buy a complementary load, but not the exact auction orderin which future loads will be offered for auction.The structure for the rest of this chapter is as follows. Sect. 2 lays the foundation forfurther analysis by deriving the expected pro�ts of synergy buyers and sellers for both thedirect sale, respectively for a sale with options. Sect. 3 provides the analytical results andproofs of the chapter, for a market of sequential auctions with one synergy buyer. Sections 4and 5 summarize the results from our experimental investigations, while Sect. 6 concludeswith a discussion.5.2 Expected pro�t for a sequence of n auctions and 1 syn-ergy buyerSection 5.3 will analytically prove, that options can be pro�table to both synergy buyer andseller. In order to do that, this section derives the expected pro�t functions (which depend onthe bids of the synergy buyer) for the synergy buyer and the seller. Throughout this study itis assumed that both sellers and buyers are risk neutral and that they want to maximize theirexpected utility, respectively - in this case - their expected pro�t.5.2.1 Pro�t with n unique goods without optionsThis section describes the expected pro�t of the synergy buyer and the sellers as a functionof the synergy buyer's bids for a market with n unique, complementary goods, which aresold without options.Let G be the set of n goods for sale in a temporal sequence of auctions and vsyn(Gsub)be the valuation the synergy buyer has for Gsub j G. In this section, we further assumethat vsyn(G) > 0 and 8Gsub $ G; vsyn(Gsub) = 0. In other words, to somewhat simplifythe theoretical model, we consider a synergy buyer that desires the bundle of all the goodsconsidered in the model (Gsub = G). This assumption will not be used in the experiments.The goods G1::Gn 2 G are sold individually through sequential, �rst-price, sealed-bidauctions. Here we choose the auctions to be �rst price, as they are more tractable to studyusing game-theoretic analysis. Furthermore, in a sequential setting with valuation comple-mentarities of the agents, second-price auctions do not have the nice dominant strategiesproperties, described by Vickrey. Furthermore, in many settings where such a model could



134 Chapter 5be used in practice, such as request-for-quotes (RFQ) auctions in logistics or supply chains,�rst-price auctioning is often used.The time these auctions take place in is t = 1 : : : n, such that at time t good Gt 2 Gis auctioned. The above assumptions mean that if the synergy buyer has failed to obtainGt, then she cannot achieve a bundle, for which she has a positive valuation. So if Gt+1 isauctioned with a positive reserve price, then obtainingGt+1 will only cost the synergy buyermoney. Therefore, if the synergy buyer fails to obtain Gt, then it is rational for her to notplace bids in subsequent auctions.The bids of the synergy buyer are ~B = (b1; : : : ; bn), where bt is the bid the synergybuyer will place for good Gt, conditional on having won the previous auctions. Because ofthe �rst-price auction format, bt is also the price the synergy buyer has to pay if she has wonthe auction.Throughout this analysis, we assume the competition the synergy buyer faces for eachgoodGt (sold at time t) is formed by local bidders that only require the goodGt. We furtherassume that these local bidders are myopic, i.e. the bids placed by the synergy buyer have noeffect on their bidding behaviour. Therefore, from the perspective of the synergy buyer, thecompetition can be modeled as a distribution over the expected closing prices at each timepoint t, more precisely as a distribution over a value bmt, which is the maximal bid placedby the competition not counting bt.Denote by Ft(bt) the probability that the synergy buyer wins goodGt with bid bt - whereFt(bt) depends on whether bt can outbid the maximal bid bmt placed by the competition,excluding bt. For each goodGt, there exists a strictly positive reserve price of bt;res, whichis the seller's own valuation for that good. Then bmt is the highest bid of the local bidders(who only want Gt), if that bid is higher than bt;res. Otherwise bmt equals bt;res. To dealwith ties, we assume the synergy buyer only wins Gt if bt > bmt and not if the bids areequal. Then Ft(bt) can be de�ned as follows:Ft(bt) = Prob(bt > bmt) (5.1)The synergy buyer only has a strictly positive valuation for the bundle of goodsG, whichincludes all the goodsGt, sold at times t = 1::n. Therefore, in a market without options, thea-priori expected pro�t �dirsyn of the synergy buyer is:E(�dirsyn) = �vsyn(G) nYi=1Fi(bi)�+ � nXj=1(�bj) jYk=1Fk(bk)� (5.2)The synergy buyer wants to maximize her expected pro�t. So her optimal bids ~B� =(b�1; : : : ; b�n) maximize equation 5.2:~B� = argmax~B� E(�dirsyn) (5.3)



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 135Next the pro�t of the sellers are examined. It is assumed that all sellers have their ownvaluation for the good that they sell and that they set their reserve price of bt;res equal tothis private valuation. So when the good is sold for bt, the seller of Gt has a pro�t �dirt ofbt � bt;res. As previously shown, the synergy buyer only participates when she has won theprevious auctions; otherwise bmt is the maximal placed bid. The expected pro�t of the sellerof the goodGt sold at time t is:E(�dirt ) = (E(bmt)� bt;res)(1� t�1Yi=1 Fi(bi)) + �Ft(bt)(bt � bt;res)+ (1� Ft(bt))(E(bmtjbmt � bt)� bt;res)� t�1Yi=1 Fi(bi) (5.4)Intuitively explained, the equation de�nes the expected utility over 3 disjoint cases: onein which the optimal bids bi of the synergy bidder were not suf�cient to win all auctions upto time t, in which case the expected pro�t of the seller is the highest expected bid of thelocal bidders E(bmt), minus its own reservation value bt;res; the second case in which thesynergy bidder wins all previous auctions, including the current one (i.e. the one at time t),in which case the expected pro�t is this bid minus reservation bt � btres, and the third inwhich the synergy buyer won all previous auctions but fails to win the current one, in whichcase still the highest bid by the local bidders is taken.5.2.2 Pro�t with n unique goods with optionsSection 5.2.1 derived the expected pro�t functions for the synergy buyer and the sellers ina market without options. The next step is to do the same for a market with options. Thissection has the same setting as the general model with n goods being sold, only now anoption on Gt is auctioned at time t. Therefore, all the sellers in the market will sell optionsfor their goods, instead of directly the goods themselves. After the n auctions have takenplace, the buyers need to determine whether or not they will exercise their option. It isassumed that an option is only exercised if a buyer has obtained her entire, desired bundle.The local bidders are only interested in Gt, so they will always exercise an option on Gtshould they have one. The synergy buyer is only interested in a bundle of all goods, so shewill only exercise an option (and pay the corresponding exercise price) if she has options onall the goods required.The option exists out of a �xed exercise price Kt and the synergy buyer's bids on theoption price are ~OP = (op1; : : : ; opn). The maximal bid without the synergy buyer wasbmt, but now opmt is the maximal placed option price.Since the competition only wants one good, they do not bene�t from having an optionand they will always exercise any option they acquire. Therefore the competition's bestpolicy is to keep bidding the same total price, which is the bid without options minus theexercise price. Thus the distribution of the competition is only shifted horizontally to the



136 Chapter 5left, by the reduction of the exercise price: opmt = bmt �Kt. Thus, if the synergy buyerbids the same total price (option + exercise), then she has the same probability of winningthe auction in both models. Let F ot (opt) be the probability that opt wins the auction for theoption on Gt. So if opt +Kt = bt, then F ot (opt) = F ot (bt �Kt) = Ft(bt).The synergy buyer's expected pro�t with options then is:E(�opsyn) = �(vsyn(G) � h nXh=1Khi� nYi=1F oi (opi)+ � nXj=1(�opj) jYk=1F ok (opk)� (5.5)So her optimal bids ~OP � = (op�1; : : : ; op�n) maximize the pro�t equation 5.5:~OP � = argmax ~OP � E(�opsyn)) (5.6)The main difference for the seller of Gt, is that if the synergy buyer wins, then she onlyearnsKt�bt;res when the option is exercised. She then gains the exercise price, but loses thevalue the good has to her, which is the reserve price. And the probability of exercise is theprobability that the synergy buyer wins all the other auctions. Therefore, the total expectedpro�t of the seller of goodGt sold at time t is:E(�opt ) = (E(opmt) +Kt � bt;res)(1� t�1Yi=1 F oi (opi))+ �F ot (opt)hopt + (Kt � bt;res) nYh=t+1F oh (oph)i+ (1� F ot (opt))(E(opmtjopmt � opt) +Kt � bt;res)� t�1Yi=1 F oi (opi) (5.7)Brie�y explained, this equation has the same 3-case structure as Eq. 5.4 above. In twocases: when the synergy buyer loses an auction for one the earlier items in the sequence(before the items sold at time t), or when she wins all the earlier auctions, but not the auctionat time t, the expected payoffs are equivalents to the direct auctioning case, although thistime expressed slightly differently, based on both the exercise and option price. Howeverin one case, when the synergy buyer acquires all the previous items and the current one(middle line in Eq. 5.7), the payoff is composed of two amounts. The option price opt willbe gained for sure, in this case. However, the difference between the exercise and reserveprice Kt � bt;res (which signi�es the item actually changes hands) is acquired only if thesynergy bidder also wins all the subsequent auctions at times h = t+ 1::n.This is an important difference, and it would seem from these equations that the sellerhas no interest to use options, since in one important case, part of the amount she is about to



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 137receive depends on the outcome of future auctions. The key, however, rests in the observationthat the synergy buyer should be willing to bid more in total (i.e. Kt+opt) than in the directauctioning case. This will be analysed in the next Section.5.3 When options can bene�t both synergy buyer and sellerSection 5.2 resulted in the a-priori, expected pro�t for the synergy buyer and the sellers asa function of the synergy buyer's bids for a market with and without options. This sectionuses these functions to determine the difference in pro�t between the two markets, which is�Æt and �Æsyn for the seller of goodGt and the synergy buyer respectively, where:De�nition 3�Æt = �opt � �dirt ;�Æsyn = �opsyn � �dirsynSo if �Æt and �Æsyn are positive, then both agents are better off with options.5.3.1 When agents are better off with optionsLet ~B� denote the synergy buyer's optimal bidding policy in a market where goods are solddirectly (without options). We assume for the rest of Sect. 5.3 that for 1 � t � n; Ft(b�t ) >0 and Ft(b�t ) < 1. So she may complete her bundle, but may also end up paying for aworthless subset of goods. Thus she faces an exposure problem. For the market with options,we de�ne a benchmark strategy ~OP 0 for the synergy buyer, so that the twomarkets can easilybe compared.De�nition 4 The benchmark of the synergy buyer's bids with options ~OP 0 = (op01; : : : ; op0n)is that for 1 � t � n:op0t = b�t �KtIn other words, the benchmark strategy implies that the synergy buyer will bid the sametotal amount for the good, as if she used her optimal bidding policy in a direct sale market.Clearly this does not have to be her pro�t-maximizing bid in a market where priced optionsare used. In fact, it is almost always the case that the synergy buyer will bid a different valuein a market with priced options. This deviance from the benchmark is denoted by �t:De�nition 5 Let �t denote the deviation in the bid of the synergy buyer on the item Gt soldat time t, in a model with options, with respect to her pro�t-maximizing bid b�t in a modelwithout options. So her bid on an option for Gt will be op0t + �t.



138 Chapter 5
Figure 5.1: A possible situation in which options are desirable.These de�nitions enable us to rigorously de�ne the bounds within which the use of op-tions (with a given exercise price) are desirable for both the synergy buyer and the seller, foreach good in the auction sequence (except the last one, for which there is no uncertainty, sothe use of options is indifferent). Fig. 5.1 gives the visual description of a generic setting inwhich options are bene�cial for both sides. It shows the possible bids a synergy buyer canplace for an option. First, valid bids have to be bigger than the reserve price Res, for eachgood in the sequence. The point op0 is where the synergy buyer keeps bidding the same totalprice as in a market without options, c.f. Def. 4.The deviations, in an option model, from the benchmark bid op0 is measured by threelevels, all denoted with �: �l is the minimal risk premium the seller requires to bene�t fromusing options, �h is the maximal extra amount the synergy buyer is willing to pay for anoption and op� = op0+�� is the synergy buyer's pro�t-maximizing bid in an option market.So, if it is rational for the synergy buyer to bid an additional quantity between �l and �h (asshown in Fig. 5.1), then both she and the seller are better off with options.In the rest of Sect. 5.3, we derive the analytical expressions which can be used to deter-mine the values for �l; �h and �� and compare them. Before this, however, we describe animportant assumption behind the proofs in the remainder of this Section.Assumption used in deriving the proofPerforming an exhaustive theoretical analysis of the minimum, maximum and optimal bid-ding levels of the �-s for all auctions in a sequence would not be tractable, as they all in�u-ence each other. Therefore, we simplify our proof structure by focusing only on one of the� parameters: the one corresponding to the �rst good. This is possible since, as explainedin the introduction, each seller sells one good and is only interested in maximizing the ex-pected pro�t from that sale. The decision of using options contract or a direct sale has tobene�t both the seller and the synergy buyer. The buyer must be incentivised to participate inthe auction for that particular good, while the seller is incentivised by an additional biddingactivity (i.e. higher bid levels) in order to use options.The reason why we focus on the �rst good in the sequence is that, for this good, thebuyer's probability of not completing her desired bundle, hence her exposure problem, is thegreatest. Our proof structure could be generalized as a recursive procedure: if one showsthat options are bene�cial to use for the �rst item in a sequence, given a remaining [non-empty] sequence of auctions, this can be generalized to all remaining sub-sequences, (exceptperhaps, for the very last item, for which the analysis is trivial, as options cannot bring abene�t by comparison to direct sale).



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 139In order to analytically examine the bene�ts of deviating from the benchmark strategyop01 in the �rst auction, the proofs in this chapter use the additional assumption that thesynergy buyer will use the benchmark strategy from Def. 4 for all remaining goods in thesequence. The use of the benchmark bidding strategy for the remaining items can be seena giving an �upper bound� for the lower lambda value expected by the seller (i.e. �l) and alower bound for the highest value that can be offered by the buyer (i.e. �h). We can see thisby examining the effect of this assumption on each of the parties:� For the synergy buyer: Being offered the opportunity to use options also in futureauctions can only increase his expected pro�t from future auctions (since �� � 0 andop� � op0). Otherwise, the synergy buyer will revert to using his benchmark strategyop0, which brings the same expected pro�t as the direct sale case. His expected pro�tis at least as large in the options case as in the direct sale case i.e. E(�opsyn;t�2) �E(�dirsyn;t�2).� For the seller of the �rst item: Because for each of the following items op� � op0, theprobability that the agent will get all the future items can only increase, for each of theitems in the sequence. Formally: F oh (op�h) � F oh (op0h) = Fh(b�h);8h = 2::n. Thisimplies thatQnh=2 F oh (op�h) �Qnh=2 Fh(b�h), therefore the probability that the optionfor the �rst item is exercised can only increase. Therefore, this benchmark case actsas a lower bound for the expected pro�t of the seller, and as an upper bound on the �l.In future auctions the synergy seller and buyer can use options, but this will not nega-tively affect the initial decisions, i.e. at the beginning of the auction sequence. Therefore,the lambda values referred to in the equations in the following sections could be formally de-noted as �asl and �ash , where in the general case it holds that 9�l; �h such that �l � �asl and�h � �ash . To avoid overloading the notation, we still use �l and �h, but the reader shouldbe aware these refer to the tightest bounds on these lambda values, under the assumption thatthe benchmark bidding strategy is used in all auctions subsequent to the current one.When synergy buyer is better off with optionsThis part of Section 5.3.1 examines for which bids the synergy buyer is better off with op-tions. This is done by determining the maximal amount she is willing to pay for options.Lemma 5.3.1 Let ~B� =< b�t > for 1 � t � n be the vector of optimal bids of the synergybuyer in the model without options, and op0t + �t be the bids in a model with options. Thenthe expected gain (i.e. difference in expected pro�t) from using options E(�Æsyn) can be



140 Chapter 5written as:E(�Æsyn) = hvsyn(G)( nYi=1Fi(b�i + �i)� nYi=1Fi(b�i ))i+ h nXj=1Kj( jYk=1Fk(b�k + �k)� nYi=1Fi(b�i + �i))i+ nXj=1(��j) jYk=1Fk(b�k + �k)+ � nXj=1(�b�j )( jYk=1 Fk(b�k + �k)� jYk=1Fk(b�k))�Proof 4 We compute the different in pro�t between a model with options and amodel withoutoptions, using expected pro�t equations (5.5) and (5.2), as de�ned in the previous section. Ina model without options, the optimal bids of the synergy buyer at each time step t are givenby b�t . In a model with options, we express the bidding policy as a deviation with respect tothe benchmark strategy with options, i.e. op0t + �t. This gives the difference:E(�Æsyn) = �(vsyn(G)� h nXh=1Khi) nYi=1F oi (op0i + �i)�+ � nXj=1(�(op0j + �j) jYk=1F ok (op0k + �k)�� �vsyn(G) nYi=1 Fi(bi)�� � nXj=1(�b�j ) jYk=1Fk(b�k)�We can now replace op0t with the de�nition of the benchmark strategy (i.e. same totalbid amount, as in the case without options), using the properties: op0t = b�t � Kt andF ot (op0t + �t) = Ft(b�t + �t). This gives:E(�Æsyn) = �(vsyn(G)� h nXh=1Khi) nYi=1Fi(b�i + �i)�+ � nXj=1(�b�j +Kj � �j) jYk=1Fk(b�k + �k)�� �vsyn(G) nYi=1 Fi(bi)�� � nXj=1(�b�j ) jYk=1Fk(b�k)�



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 141This formula is now re-grouped, separating the terms vsynG, Pnj=1Kj , Pnj=1(��j)andPnj=1(�b�j ), each with its corresponding probabilities to complete the proof the proof:E(�Æsyn) = hvsyn(G)( nYi=1Fi(b�i + �i)� nYi=1Fi(b�i ))i+ h nXj=1Kj( jYk=1Fk(b�k + �k)� nYi=1Fi(b�i + �i))i+ nXj=1(��j) jYk=1Fk(b�k + �k)+ � nXj=1(�b�j )( jYk=1 Fk(b�k + �k)� jYk=1Fk(b�k))�To explain intuitively Lemma 5.3.1, the difference in expected pro�ts between the twomodels is formed of 4 parts (corresponding to the 4 lines). First, in an options model, thesynergy bidder has a higher probability of getting the desired bundle and extract its value,since she bids more in total (line 1). Furthermore, in an options model, the bidder does nothave to pay exercise prices unless she acquires all n items in the desired bundle (line 2). Onthe minus side, on but she does have to pay a set of additional amounts � (line 3) for allitems she bids on until one is lost (line 3) and, for these items, the chance of acquiring themincreases slightly, which also increases the chance of lost bids (line 4).In the following, we turn our attention to providing equations that allow us to deducethe � parameters that give the synergy buyer an incentive to use options. As previouslyexplained in Sect. 5.3.1 above, we simplify the proof structure by only focusing on the mostimportant option for the synergy buyer: the one on the �rst good (when bidding for thisgood, the probability of not completing her entire bundle is the greatest). This is done underthe assumption that for the goods in the sequence, we assume the benchmark strategy is used(i.e. �t = 0 for t > 1). For the rest of the items in the sequence, the same proof techniquecan be applied recursively.Theorem 5.3.2 Let �1 be the deviation in the bidding strategy, compared to the benchmarkstrategy op01, as de�ned in Def. 4. If �t = 0 for 1 < t � n, then by de�nition,E(�Æsyn) >=0 if 0 � �1 < �h. The value of �h (corresponding to E(�Æsyn) = 0) can be solved as thenumerical solution to the following equation:F1(b�1 + �h)�h = F1(b�1 + �h)h nXj=1Kj( jYk=2Fk(b�k)� nYi=2Fi(b�i ))i+ (F1(b�1 + �h)� F1(b�1))hvsyn(G) nYi=2Fi(b�i )� nXj=1(b�j ) jYk=2Fk(b�k)i



142 Chapter 5Proof 5 The proof is based on the difference in pro�t function derived in Lemma 5.3.1, usingthe assumption that �t = 0 for 1 < t � n. As the expectation function of the synergy bidderis descending in the value of �, we determine when E(�Æsyn) = 0.hvsyn(G)(F1(b�1 + �h)� F1(b�1)) nYi=2Fi(b�i )i+ h nXj=1Kj(F1(b�1 + �h) jYk=2Fk(b�k))� (F1(b�1 + �h) nYi=2Fi(b�i ))i+ (��h)F1(b�1 + �h)+ h nXj=1(�b�j )(F1(b�1 + �h)� F1(b�1)) jYk=2Fk(b�k)i = 0Isolating the values of �h yields the formula in Th. 5.3.2.F1(b�1 + �h)�h = (F1(b�1 + �h)� F1(b�1))hvsyn(G) nYi=2 Fi(b�i )i+ F1(b�1 + �h)h nXj=1Kj( jYk=2Fk(b�k)� nYi=2Fi(b�i ))i+ (F1(b�1 + �h)� F1(b�1))� nXj=1(�b�j ) jYk=2Fk(b�k)�Which give the following equation for determining �h:F1(b�1 + �h)�h = F1(b�1 + �h)h nXj=1Kj( jYk=2Fk(b�k)� nYi=2Fi(b�i ))i+ (F1(b�1 + �h)� F1(b�1))hvsyn(G) nYi=2Fi(b�i )� nXj=1(b�j ) jYk=2Fk(b�k)iWhen the �rst seller is better off with optionsWe now determine the minimum or lower bound �l (the level of � that, according to Def. 5,keeps the seller of G1 indifferent about options). In order to compare this bid with the �hfrom the previous section, it is again assumed that �t = 0 for 1 < t � n.Theorem 5.3.3 If without options the synergy buyer bids ~B� and with options op01 + �1 for



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 143G1 and op0t for 1 < t � n, then E(�Æ1) for the seller of G1 is:E(�Æ1) = F1(b�1)(�1 + (b1;res �K1)h1� nYh=2Fh(b�h)i)+ (F1(b�1 + �1)� F1(b�1))(b�1 + �1 �E(bm1jb�1 + �1 � bm1 > b�1)+ (b1;res �K1)h1� nYh=2Fh(b�h)i)By de�nition,�1 is the lower bound for �l that guarantees that the expected pro�t of the sellerE(�Æ1) > 0. The value of �l can be obtained as the solution to the equation E(�Æ1) = 0,which using the equation above gives:F1(b�1 + �l)(��l) = F1(b�1 + �l)((b1;res �K1)h1� nYh=2Fh(b�h)i)+ (F1(b�1 + �l)� F1(b�1))(b�1 �E(bm1jb�1 + �l � bm1 > b�1))Proof 6 The difference in pro�t is equation (5.7) minus equation (5.4):E(�op1 )�E(�dir1 ) = �F o1 (op1)�op1 + (K1 � b1;res) nYh=2F oh (oph)i+ (1� F o1 (op1))(E(opm1jopm1 � op1) +K1 � b1;res)�� �F1(b�1)(b�1 � b1;res) + (1� F1(b�1)(E(bm1jbm1 � b�1)� b1;res)�Recall that the the price op1 bid in an options model can be expressed in terms of the bench-mark strategy op01 and the deviation �1.E(�Æ1) = F o1 (op01 + �1)(op01 + �1 + h(K1 � b1;res) nYh=2F oh (op0h)i)+ (1� F o1 (op01 + �1))(E(opm1jopm1 � op01 + �1) +K1 � b1;res)� F1(b�1)(b�1 � b1;res)� (1� F1(b�1))(E(bm1jbm1 � b�1)� b1;res)Furthermore, we can make the substitution to replace op01 with its de�nition, as follows:op1 = op01 + �1 = b�1 �K1 + �1 and F o1 (op1) = F o1 (op01 + �1) = F1(b�1 + �1):E(�Æ1) = F1(b�1 + �1)(b�1 �K1 + �1 + h(K1 � b1;res) nYh=2Foh(op0h)i)+ (F1(b�1 + �1)� F1(b�1))(�E(bm1jb�1 + �1 � bm1 > b�1) + b1;res)� F1(b�1)(b�1 � b1;res)



144 Chapter 5Split F1(b�1 + �1) into F1(b�1) and F1(b�1 + �1)� F1(b�1) and combine someK1 and b1;res.E(�Æ1) = F1(b�1)(�K1 + b1;res + �1 + h(K1 � b1;res) nYh=2F oh (op0h)i)+ (F1(b�1 + �1)� F1(b�1))(b�1 �K1 + �1 + h(K1 � b1;res) nYh=2F oh (op0h)i�E(bm1jb�1 + �1 � bm1 > b�1) + b1;res)Thus:E(�Æ1) = F1(b�1)(�1 + (b1;res �K1)h1� nYh=2Fh(b�h)i)+ (F1(b�1 + �1)� F1(b�1))(b�1 + �1 �E(bm1jb�1 + �1 � bm1 > b�1)+ (b1;res �K1)h1� nYh=2Fh(b�h)i)Since, by de�nition, E(�Æ1) = 0 gives the value of �l, this value can be solved via theequation in Th. 5.3.3.F1(b�1 + �l)(��l) = F1(b�1 + �l)((b1;res �K1)h1� nYh=2Fh(b�h)i)+(F1(b�1 + �l)� F1(b�1))(b�1 �E(bm1jb�1 + �l � bm1 > b�1))Intuitively, the difference in pro�t has two parts: the cases where the synergy buyer winsthe auction in both markets and the ones where she only wins with options. With the �rst,the synergy buyer pays more than she used to and with the second, the synergy buyer paysmore than the local bidders, who used to win if �1 < �l. But both cases have the downsidefor the seller that the synergy buyer may now not exercise her option.Both agents can be better off with optionsThe previous parts of Section 5.3.1 give the equations for the cases when the individualagents are better off with options. These results will now be combined to give the formalconditions when they are both better off. This is done by simply stating that the minimumbid the seller ofG1 requires should be below the maximal value the synergy buyer is willingto pay. As shown the beginning of Section 5.3.1, the equations for �l and �h that are derivedin Theorems 5.3.2 and 5.3.3 above are the narrowest possible interval values, under theassumption that all remaining auctions are direct auctions. Therefore, the solutions to theequations in Thm. 5.3.2 and 5.3.3 are two values �ash and �asl , where 9�l; �h such that�l � �asl and �h � �ash . We summarize the results in a �nal theorem:



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 145Theorem 5.3.4 Under the condition that the optimal decision of the synergy buyer is to bid�x additionally for an option onG1 (where �asl < �x < �ash ), then both the seller ofG1 andthe synergy buyer have a higher expected pro�t in a market with only options compared toone without options.Proof 7 The proof of this follows from the previous theorems. Say that the synergy buyer bidsop01 + �x for the �rst good in the sequence, where �asl < �x < �ash and op0t for the othergoods. Then the synergy buyer bids more than op0 + �asl � op0 + �l (because �l � �asl ), soaccording to Theorem 5.3.3 the seller of G1 has a higher expected pro�t with options. Also,the synergy buyer bids between 0 < �x � �ash � �h extra (as �h � �ash ), so according toTheorem 5.3.2 she too has a higher expected pro�t with options with these bids. Therefore9 a non-empty interval [�l; �h] for which both parties prefer using options, rather than adirect sale.5.3.2 Synergy buyer's pro�t-maximizing bidIn the previous Section, we focused our attention on deriving equations for the bounds �land �h between which the additional bids of the synergy buyer have to fall in order for bothparties to be incentivised to use options. While these bounds were de�ned in relation tothe expected-pro�t maximizing bid b� in a model without options, we have not said muchabout the optimal (i.e. expected pro�t maximizing) bid op� in a model with options. Thereason for this is that deriving this is much more involved than the optimal policy in a modelwithout options. In this Section, we look at the synergy buyer's pro�t-maximizing bids op�,but with the added assumption that F1(b1) follows a uniform distribution in the range ofthe possible bids. Actually, we do this by using the same framework introduced in Def. 5and Fig. 5.1 above. That means, we compute the deviation �� between the optimal bidin a model with options and the optimal bid in a model without options, i.e. the difference�� = (K1+op�1)�b�1 (the reason to do this will become apparent in the proof, but, basically,by taking the difference, several terms drop out). Note that in this section, we still apply theabove results and assumption regarding bidding the benchmark strategy in future auctions,but to simplify the notation, we still use �l and �h, instead of �asl and �ash .If the pro�t-maximizing bid op�1 > op01 + �l, then according to Theorem 5.3.3 the sellerof G1 is better off with options. Therefore, it is in the rational interest of the seller to setthe exercise price for selling her good such that the expected optimal bid of her buyers, ina model with options, will provide suf�cient incentive for the seller to also use options, andthus the following condition holds: op�1 > op01+�l. Note that in order to use Theorem 5.3.3,the bids for the other goods are �xed at op0t. First op�1 and �l are derived.Lemma 5.3.5 If F1(b1) follows a uniform distribution between ua and ub, then op�1+K1�



146 Chapter 5b�1 = ��, where:�� = 8><>:0:5(K1(1�Qni=2 Fi(b�i )) +Pnj=2Kj(Qjk=2 Fk(b�k)�Qni=2 Fi(b�i )));if ua � E(�dirsyn;k�2) � ub+ (ub� ua)0; otherwiseProof 8 With a uniform bid distribution between ua and ub, the probability of winning withbid b1 has the following shape:F1(b1) =8><>:0; if b1 < ua(b1 � ua)=(ub� ua) = �(b1 � ua); if ua � b1 � ub1; if b1 > ub (5.8)f1(b1) = (1=(ub� ua) = �; if ua � b1 � ub0; otherwise (5.9)For F o1 the variables �o, uao and ubo are used, where uao = ua�K1 and ubo = ub�K1,so that F1(b1) = F o1 (op1) when b1 �K1 = op1.First, we determine, for this type of distribution, the equation for the optimal bid b�1 in amodel without options. To do this, we start from the expected pro�t equation (5.2):E(�dirsyn) = F1(b1)�vsyn(G) nYi=2Fi(bi)�+ F1(b1)(�b1) + F1(b1)� nXj=2(�bj) jYk=2Fk(bk)�E(�dirsyn) = F1(b1)h� b1 + �vsyn(G) nYi=2Fi(bi)�+ � nXj=2(�bj) jYk=2Fk(bk)�iSo the derivative wrt. b1:@E(�dirsyn)@b1 = f1(b1)h� b1 + �vsyn(G) nYi=2Fi(bi)�+ � nXj=2(�bj) jYk=2Fk(bk)�i+ F1(b1)(�1) = 0Filling in the equations for f1 and F1 leads to:�vsyn(G) nYi=2Fi(bi)�+ � nXj=2(�bj) jYk=2Fk(bk)�+ ua = 2b�1



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 147Nevertheless, the b�1 obtained through this formula still has to satisfy the interval con-straints ua � b�1 � ub. This means:ua � �vsyn(G)Qni=2 Fi(bi)�2 + �Pnj=2(�bj)Qjk=2 Fk(bk)�2 + ua2 � ubWhich yields:ua � �vsyn(G) nYi=2Fi(bi)�+ � nXj=2(�bj) jYk=2Fk(bk)� � 2ub� uaNote that the middle expression is, in fact, the expression for the expected pro�t of adirect synergy bidder, from the second auction onwards (i.e. for k � 2), discounting the bidto be paid for the �rst item. Therefore, we can rewrite this condition as:ua � E(�dirsyn;k�2) � ub+ (ub� ua)From this form, it is easier to explain why outside this interval, �� = 0. If the expectedpro�t of the future sequence E(�dirsyn;k�2) < ua, there is no point in the buyer to continuebidding (either direct or with options), as she cannot afford her desired bundle anyway.Therefore, both b� and �� should be zero. If the expected pro�t of the future sequence exceedsthe value of ub with a whole interval ub � ua (i.e. E(�dirsyn;k�2) > ub + (ub � ua), thenthe direct bid assures the bidder of winning the item (as uniform distributions are bounded).But this means that options are also not useful, so again �� = 0 (there is no point of biddingmore than in a direct model).To get the value of �� outside these trivial cases is more involved. First, we compute theoptimal bid op�1 in a model with options:E(�opsyn) = �(vsyn(G) � h nXh=1Khi) nYi=1F oi (opi)�+ � nXj=1(�opj) jYk=1F ok (opk)�First, we isolate op1 in the above equation:E(�opsyn) = F o1 (op1)h(vsyn(G) � � nXh=1Kh�) nYi=2F oi (opi)i+ F o1 (op1)(�op1) + � nXj=2(�opj) jYk=2F ok (opk)�E(�opsyn) = Fo1(op1)h� op1 + �(vsyn(G)� � nXh=1Kh�) nYi=2Foi(opi)�+ � nXj=2(�opj) jYk=2Fok(opk)�i



148 Chapter 5We take the derivative wrt. op1:@E(�opsyn)@op1 = fo1 (op1)h� op1 + �(vsyn(G) � � nXh=1Kh�) nYi=2F oi (opi)�+ � nXj=2(�opj) jYk=2F ok (opk)�i+ F o1 (op1)(�1) = 0In order to determine the optimal value op�1, we add the condition @E(�opsyn)@op1 = 0:�oh� op�1 + �(vsyn(G) � � nXh=1Kh�) nYi=2F oi (opi)�+ � nXj=2(�opj) jYk=2F ok (opk)�i+ �o(op�1 � uao)(�1) = 0Which �nally yields the following equation for determining op�1:�(vsyn(G)� nXh=1Kh) nYi=2F oi (opi)�+ � nXj=2(�opj) jYk=2F ok (opk)�+ uao = 2op�1We now focus our attention at computing the difference �� between the optima decision-theoretic bid in a model with options vs. a model without options. By de�nition, we havethat: �� = (K1 + op�1) � b�1, so 2�� = 2op�1 + 2K1 � 2b�1. When taking this difference,uao = ua�K1 and opk are replaced according to opk = op0k = b�t �Kt (because for theother auctions, the benchmark strategy is used) and F ok (op0k) = F1(b�1). Then all variablescancel each other out, except for theKt:2(b�1 + �� �K1) = h�(vsyn(G)� � nXh=1Kh�) nYi=2Fi(b�i )�+ � nXj=2(�b�j +Kj) jYk=2Fk(b�k)�i+ ua�K1hence 2�� = h�(vsyn(G)� � nXh=1Kh�) nYi=2Fi(b�i )�+ � nXj=2(�b�j +Kj) jYk=2Fk(b�k)�i+ ua+K1 � 2b�1



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 149thus �� = 0:5(h�(vsyn(G)� � nXh=1Kh�) nYi=2Fi(b�i )�+ � nXj=2(�b�j +Kj) jYk=2Fk(b�k)�i+ ua+K1� (h�vsyn(G) nYi=2Fi(bi)�+ � nXj=2(�bj) jYk=2Fk(bk)�i+ ua))After some re-writing:�� = 0:5((� nXh=1Kh) nYi=2Fi(b�i ) + nXj=2Kj jYk=2Fk(b�k) +K1)Re-arranging the parantheses:�� = 0:5(K1 �K1 nYi=2Fi(b�i )� nXh=2Kh nYi=2Fi(b�i ) + nXj=2Kj jYk=2Fk(b�k))Which �nally leads to the equation in Lemma 5.3.5:�� = 0:5(K1(1� nYi=2Fi(b�i )) + nXj=2Kj( jYk=2Fk(b�k)� nYi=2Fi(b�i ))) (5.10)The main intuition behind this formula is that, in an options model, the synergy buyer savesthe exercise price when she fails to complete her bundle. Therefore, it is her pro�t-optimizingstrategy, in a model with options, to increase her bid with a part of the potential savings onthe exercise prices of subsequent auctions.Lemma 5.3.6 If F1(b1) follows a uniform distribution, then the lower bound is:�l = �(b�1 � ua+ h1� nYh=2Fh(b�h)i(b1;res �K1))++vuut(b�1 � ua+ h1� nYh=2Fh(b�h)i(b1;res �K1))2�2(b�1 � ua)h1� nYh=2Fh(b�h)i(b1;res �K1)



150 Chapter 5Proof 9 Take the �l equation from Theorem 5.3.3. With a uniform distribution, F1(b1) =�(b�1 � ua) and E(bm1jb�1 + �l � bm1 > b�1) = b�1 + 0:5�l. So the equation becomes:�(b�1 + �l � ua)(��l) = �(b�1 + �l � ua)((b1;res �K1)h1� nYh=2Fh(b�h)i)+ ��l(b�1 � b�1 � 0:5�l)Dividing both sides by � and reducing b�1 in the last parenthesis gives:(b�1 + �l � ua)(��l) = (b�1 + �l � ua)((b1;res �K1)h1� nYh=2Fh(b�h)i) + �l(�0:5�l)After re-arranging the terms and moving the left -hand side to the right, this yields:(b�1 + �l � ua)(�l + (b1;res �K1)h1� nYh=2Fh(b�h)i)� 0:5�2l = 0The above equation can be brought to standard, 2nd order polynomial form in the unknown�l: 0 = 0:5�2l + �l(b�1 � ua+ (b1;res �K1)h1� nYh=2Fh(b�h)i)+ (b�1 � ua)((b1;res �K1)h1� nYh=2Fh(b�h)i)This polynomial equation can then be solved via the quadratic formula:�l = �(b�1 � ua+ h1� nYh=2Fh(b�h)i(b1;res �K1))�vuut(b�1 � ua+ h1� nYh=2Fh(b�h)i(b1;res �K1))2 � 2(b�1 � ua)h1� nYh=2Fh(b�h)i(b1;res �K1)Note that formally, we the condition ua � b� � ub should also be imposed in the aboveequation. However, if b� falls for the direct sale case falls outside this interval (i.e. if� E(�dirsyn;k�2) < ua or� E(�dirsyn;k�2) > ub+(ub�ua)), we know that the the lambda ofthe seller �� = 0, so there is no point in the seller even considering offering options. Outsidethis interval, it makes no sense to compute an expression for �l.The next and �nal step in these proofs should actually involve comparing the equationsfor �� (from Lemma 5.3.5) and �l (from Lemma 5.3.6), such as to derive a condition forwhen �l < ��. We found that getting a closed form expression for this condition is notpossible for these two equations. However, the framework developed above is suf�cient toenable the seller to solve this condition numerically using a standard solver and, thus, choosethe optimal level for the exercise priceK1.



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 1515.4 Simulation of a market with a single synergy buyerThis section presents an experimental examination of a market with one synergy buyer. Itintroduces the market entry effects in the synergy buyer's behaviour, as well as the thresholdeffects that may determine which exercise prices the seller chooses for her options. Thisexperimental analysis is performed here for a market with one synergy bidder and severallocal bidders, while Sect. 5.6 considers a market with multiple synergy bidders.The experimental setting is as follows: we consider a simulation where two goods Aand B are auctioned nA and nB times respectively. The synergy buyer desires one copyof both goods and has zero valuation for the individual goods. That is, each synergy (orglobal) bidder requires exactly one bundle of fA;Bg. Note this is somewhat different thanthe setting used in Chapter 4, in which a bundle of the same good was needed.1 In the settingconsidered in this Section, local bidders only want one good and participate in one auction,thus their bids can be modeled as a distribution.Furthermore, in order to simplify the analysis of the model, we assume there is a singleseller who auctions all the goods. This is actually equivalent to studying whether on averagesellers have an incentive to use options. To explain, on any single sequence of auctionstaken in isolation, the sellers of different items may have highly diverging incentives to useoptions, based on their position in the auction queue. However, in a very large setting, wherebuyers enter the market randomly, it is dif�cult for any individual seller to strategize abouther particular place in the sequence (and, furthermore, in most markets she may simply haveno information to do this). Our goal is to study under which conditions, on average, sellersbene�t from using options if there are synergy buyers in the market. Also, to somewhatreduce the number of test parameters, we further assume that the exercise price is the samefor all goods of the same type. So the seller needs to determine which exercise price for Aand which for B maximize her expected pro�t.Note that, typically a seller has a resale value of for the goods that remain unsold, whichis typically lower that the value at the start of the auction sequence. The reason for this maybe that there is some time discounting associated with waiting for a sequence of auctions toresell her items, or even a listing cost, which is paid per auction (such as in the Ebay case).In this paper, we do not explicitly simulate resale, but we use a reservation value, whichrepresents the expected resale value the seller expects to get, if she is forced to resell heritems.To summarize, simulations were run in Matlab and had the following parameters:1An intuitive way to think about this setting is as a sequential sale of individual shoes of exactly the same type,where A is the left shoe, and B is the right shoe, and each synergy buyer requires exactly one pair.



152 Chapter 5Name Explanationn The number of auctions.mean The mean of price distribution.std The standard deviation of price distribution.res Reserve prices.vsyn Valuation of synergy buyer for A and B combined.k Number of simulations for each auction run (i.e. how many timesa sequence of auctions is repeated for one set of parameters).A basic simulation run is as follows. First, all possible auction sequences are determinedfor the given number of auctions for A and B. The simulation is then run for all these se-quences, both for a direct sale setting and for a setting where the items are sold throughoptions with given exercise prices.For each auction, in each simulation run, there is a set of local bidders, assumed myopic.The bids of these local bidders are therefore, assumed to follow a normal price distribution,with the parameters n;mean; std and res consisting out of two values: one for good A andone for good B. For each simulation run, the synergy bidders(s) are asked to determine theirpro�t-maximizing bid for that setting, as described in the next section. The optimizationrequired for determining their optimal bid is done using the Matlab function �fminsearch�from the Optimization Toolbox.Since there may be considerable variance in the bids of the local bidders (which aremyopic) each possible auction sequence is run k times (typically, we had k > 10000). Theaverage pro�t of the seller and the synergy buyer which are reported here, for both the case ofwith and without options, are averages over all these k simulations and also over all possibleauction orders of items A and B in the sequence.5.4.1 Synergy buyer's bid strategyThis section describes how the synergy buyer determines her bids in the simulation. Inorder to neutralize the effect that the exact order items are auctioned in plays on the biddingstrategy, we add the assumption that the synergy buyer knows the number of remainingauctions, but not the order they will be held in. This remaining number of auctions of eachtype is common knowledge (i.e. the synergy bidders can always observe how many auctionsof each type are left before they have to leave the market, and so does the seller).The model described here is for a situation without options. But in order to apply itto a situation with options, one merely has to replace the variables: bt = opt � Kt andvsyn(A;B) := vsyn(A;B) �KA �KB . As in the analytical section, we assume a bidderonly wants a complete bundle of fA;Bg. Therefore, vsyn(A) = 0 = vsyn(B) = 0.Determining the synergy buyer's pro�t-maximizing bid b�t at state t basically involvessolving the Markov Decision Process (MDP), where we select the optimal bid b�t at timet, subject to the optimal bid b�t+1 being selected for the future time point t + 1 (which in



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 153this case, is an auction). We can, however, use the valuation function of the bidding agent tosigni�cantly reduce the state space of the MDP, as shown below. However, �rst we introducesome notation.Let b� be the immediate best response to the state, which depends on four variables:zA; zB; X and It. The variables zA and zB are the number of remaining auctions for A andB respectively (including the current auction), so zA � nA; zB � nB . The type of good,which is currently sold, is denoted by It. The set of goods the synergy buyer owns (i.e. theendowment) is described byX , which can either be ;; fAg or fBg. IfX is fA;Bg then thesynergy buyer is done. Let Q(zA; zB; X; It; bt) be the expected pro�t of the synergy buyerwhen bidding bt. Note that, in these de�nitions, b�t+1 and Vt+1() denote the best availablebid, respectively best expected value for the next state (as computed by recursion), whileIt+1 is the type of the next item in the auction sequence. Therefore, using MDP notation,the pro�t-maximizing bid b�t is determined as follows:b�t = argmaxbt Q(zA; zB ; X; It; bt) (5.11)Where the expected pro�t is determined via:Q(zA; zB ; X; It = A; b�t+1) = FA(bt)(�bt+ Vt+1(zA � 1; zB; X [ A; b�t+1)) + (1� FA(bt))Vt+1(zA � 1; zB; X; b�t+1) (5.12)Q(zA; zB ; X; It = B; bt) = FB(bt)(�bt+ Vt+1(zA; zB � 1; X [ B; b�t+1)) + (1� FB(bt))Vt+1(zA; zB � 1; X; b�t+1) (5.13)Where V () is the value of a state, which simply means the maximum expected pro�t of thatstate: Vt(zA; zB ; X; bt) = maxbt Q(zA; zB; X; It; bt) (5.14)Looking at the formula for Q(), it basically says that for the probability of winning theauction with her bid, the synergy buyer has to pay a price equal to her bid and the good isincluded in the endowment X of the next state. If she does not win the auction, then thevalue of the current state is equal to the value of the next state.As we mentioned before, in computing its optimal bidding strategy used in the experi-mental Section, we assume the synergy buyer does not know whether the next auction willbe for A or B, she only knows the total numbers of auctions for A and B remaining. We ac-knowledge this is a departure from the formulas in the theoretical analysis, where the exactorder of the auctions was taken into account to compute the bidding strategies. There are tworeasons to use this assumption here. The �rst is that it reduces considerable the state spacethat needs to be modeled when computed the optimization. But the second is that we also�nd this choice more realistic if this model is to be applied to real-life settings. For example,when bidding on a part-truck order in a logistic scenario, it is more realistic to assume that



154 Chapter 5a carrier can approximate the number of future opportunities to buy a complementary load,but not the exact auction order in which future loads will be offered for auction.If we assume the synergy buyer only knows the total numbers of auctions for A and Bremaining (and not their exact order), then her bidding strategy is based on assuming eachfuture auction has an equal probability to occur. Therefore, the probability of an auction forA occurring next is simply the number of remaining auctions A divided by the total numberof remaining auctions. Thus, a weighted average can be used to determine the value of thenext auction, while not knowing for which good it will be for.Apart from this general framework, we can prune the state space with the cases in whichwe know the synergy buyer's bid is zero:b�t = argmaxbt Q(0; zB; X;B; bt) = 0; with A =2 X (5.15)b�t = argmaxbt Q(zA; 0; X;A; bt) = 0; with B =2 X (5.16)bt� = argmaxbt Q(zA; zB ; X; It 2 X; bt) = 0 (5.17)With the �rst two cases, the synergy buyer can no longer obtain her desired bundle,because she does not own the complementary item and there is no chance left of acquiringit. The last equation is for the case when the synergy buyer already has a copy of the type ofgood (and, from her valuation function, she only wants exactly one copy of A and B). Thecorresponding values of these states are:V (0; zB; X; b�t ) = 0; if A =2 X (5.18)V (zA; 0; X; b�t ) = 0; if B =2 X (5.19)V (zA; zB; fAg; b�t ) = V (0; zB; fAg; b�t ) (5.20)V (zA; zB; fBg; b�t ) = V (zA; 0; fBg; b�t ) (5.21)The �rst two equations correspond to the case when the buyer can no longer get thecomplementary-valued item, therefore the sequence of auctions of the same type has novalue to her. In both these cases b�t = 0. The last two equations are important, since theyhelp the most to reduce the state space. Basically, as already mentioned, we assume that asynergy bidder only wants exactly one bundle of fA;Bg. If she already owns a good of oneof the two types, she will no longer be interested in the remaining auctions for that type ofgood. Therefore, the valuation V () of these states is equivalent to a state when no auctionsare remaining for the type of good she already owns (as she would not take part in thoseanyway). All these techniques help reduce the recursive search.To conclude, to determine the synergy buyer's bids in any situation, the values of b�t andV () need to be calculated for the following states:8zB > 0 Q(0; zB; fAg; B; bt)8zA > 0 Q(zA; 0; fBg; A; bt)8zA > 0; zB > 0 Q(zA; zB ; ;; A; bt)8zA > 0; zB > 0 Q(zA; zB ; ;; B; bt)



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 1555.4.2 Experimental results: market entry effect for one synergy buyerFirst, we study experimentally the incentives to use options for the sellers and buyers, inthe case there is just one synergy bidder present in the market. In order to study differentdimensions of such markets, we considered several combinations of parameter settings.The �rst setting has nA = 2 and nB = 2. As mentioned above, the local bidders areconsidered myopic and only bid in one local auction. Therefore, their bids can be modeledas a distribution� N(10; 4) for both goods. The goods A and B are, in this model, of equalrarity and attract an equal amount of independent competition during bidding. This choiceis not random, as having a certain degree of symmetry in the experimental model allowsus to reduce the number of parameter settings we need to consider. More speci�cally, weassume the same exercise prices are set for both goods of type A and B. This is a reasonableassumption, because A and B are of symmetric value and because bidders do not know inadvance the exact order goods will be sold in.Furthermore, for each good, the seller has a reservation value res = 8, which gives itsestimate resell value in the case the synergy buyer acquires an option for the item, but failsto exercise it. Since, on average, myopic bidders bid have an expected mean of 10 for anitem, 20% is a reasonably safe estimate of a resell value.The value of a bundle of fA,Bg for the synergy buyer is an important choice, especially inrelation to the mean expectation � of the bids placed by single-item bidders. We consideredtwo settings: v(A;B) = 24 (thus 20% more, on average, than local competition) - withresults shown in Fig. 5.2, and v(A;B) = 21 (which is only 5% more on average than localcompetition) - with results shown in Fig. 5.3.Looking at these two �gures, some important effect can be observed. First, we mentionthat the seller has an immediately higher expected pro�t with options compared to directsale. This is because an option is sometimes not exercised and then the seller gets to keepthe good (for which she has a positive valuation), while the synergy buyer still pays theoption price.There are two main effects to be observed from Fig. 5.2 and 5.3:� First, the synergy buyer in such a market always prefers higher exercise prices (aneffect clearly seen in both Figs. 5.2 and 5.3). This may be counter-intuitive at �rst,but is a rational expectation. If the option for an item is sold with a higher exerciseprice, then the synergy buyer can bid more aggressively on the option price to get theitem, since she is �covered� for the loss represented by the exercise price. The myopicbidders extract no advantage from being offered the good as an options vs. a directsale, because, if they acquire the option, they would always exercise it regardless.Therefore, they will simply lower their bid for the option with the amount representedby the exercise price.� Second, the expected pro�t of the seller seems to decrease between intervals if she hasto sell the option with a higher exercise price. The main reason for this is that there is
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Figure 5.2: Percentage increase in pro�t for a model using options wrt. direct sale, for thecase there is one synergy buyer is present in the market. In the setting, there are two items oftype A sold and two items of type B. For all 4 items, the bids of the local bidders follow thedistribution N(10; 4), while the valuation of the synergy buyer is v(A;B) = 24 (thus 20%more, on average, than the local bidders). What is varied on the horizontal axis is the exerciseprice with which the items are sold (assuming they are set the same for all items, being ofequal rarity). Note that the �gure is super-imposed: the left-hand side axis refers exclusivelyto the seller, while the right-hand side axis refers exclusively to the synergy bidder. From thispicture, one can already see the important effect: synergy buyer prefers, on average, higherexercise prices, while seller prefers lower ones. Note that there is a sudden increase in pro�t,on the seller side, for the options case with k = � > 0, wrt. direct auctioning. This is simplybecause, with options, the seller gets to keep the item (for which it has a non-residual value),rather than the buyer, who disposes of it (as in the direct sale case).some chance that she or she would remain with her item unsold (because the optionis not exercised), and thus only extract her reservation value for that item. There is,however, an important difference between the cases shown in Fig. 5.2 and 5.3, which isthe participation thresholds (that appear as �peaks� in the picture), where the expectedpro�t of the seller seems to �jump� at a new level. These can be explained by thesynergy buyer joining the market, as the expected pro�t becomes non-negative. Thethreshold nature is determined by the discrete nature of the auction sequence, as isexplained below.Such a participation threshold is illustrated in Fig. 5.3 is the increase in the seller'sexpected pro�t when the exercise price is set above a certain level (K � 2:5, for the settingsin Fig. 5.3). Such thresholds can be explained as follows. If the synergy buyer currently
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Figure 5.3: Percentage increase in pro�t for a model using options wrt. direct sale, for thecase there is one synergy buyer is present in the market. The settings are exactly the same asthose is in Fig. 5.2 above: 2 auctions for A and 2 for B, with local, myopic bidders followingN(10; 4). However, now the valuation of the synergy buyer is v(A;B) = 21 (thus only 5%more, on average, than the local bidders). One can see, however, that there is an importantdifference by comparison to Fig. 5.2: the threshold effect in the pro�t increase for the sellerwhen the exercise priceK � 2:5. Intuitively, the reason this effect occurs is the market-entryeffect on the part of the synergy buyer, who would otherwise stay out for this lower valuationowns nothing, then she will only bid on a good if the number of remaining auctions and theirexercise prices give her a prior expectation of a positive pro�t. Conversely, if the synergybuyer is not offered a sequence of option sales from which she derives a positive expectedpro�t, she has the incentive to leave the market altogether. There are two main factors thatincrease a synergy buyer's expected pro�t in a sequence of auctions (sold as options):� The number of remaining future auctions of the other good, necessary to complete herbundle.� The exercise price of the options (that only needs to be paid at the end). This shouldbe high enough to cover the risk, given her valuation for the bundle.Note that in some market setting (such as the one in Fig. 5.2), no participation effects(ie.e. thresholds) occur, because the value the synergy buyer assigns to her desired bundleis already high enough, so she would participate in the market anyway (i.e. regardless ofwhether she gets offered options or not), and at any point in the sequence that there is still achance of completing her bundle.However, in the valuation settings in Fig. 5.3, the synergy buyer will only bid on a good
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Figure 5.4: Percentage increase in pro�t for the case of one synergy buyer, for longer auctionsequences. The settings in terms of valuations are exactly the same as those is in Fig. 5.3above: the synergy buyer has a value v(A;B) = 21, while single-item bidders bid accordingto N(10; 4). One change is that now there are 4 auctions available for each type, i.e. 4auctions for an item of type A and 4 for B. Notice that now there are multiple thresholds,since there are multiple points when the market entry effect of the synergy buyers appears.However, on average, the percentage increases in expected pro�ts for the synergy buyers arelower, when compared to the direct auctions case. The reason for this is that, with multiplefuture buying opportunities, the exposure problems that synergy bidder faces decreases.if there are two remaining auctions for the other good. So she places a bid for A if theauctions are [A;B;B], but not if they are [A;B]. This is because with a single auction forB, the risk of ending up with a only a worthless A is too great. But in a market with exerciseprices of at least 2.5, the risk is reduced and one remaining auction is already enough for thesynergy buyer to stay in the market. So a higher exercise price enables the synergy buyerto stay the market, even if she owns nothing and there are only a few auctions left, whichincreases the seller's expected pro�t. This increase in participation is bene�cial to the seller,who thus has an incentive to �x the exercise pricesKA = KB = 2:5.5.5 Settings with longer sequences of auctions and effect ofauction orderIn the previous Section, we examined a sequence of auctions of a speci�c length of nA =2; nB = 2. We now look at whether we can observe similar effects in the case when thenumber of opportunities to buy goods A and B increases. With the exception of auction
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Figure 5.5: In�uence of the position in an auction queue of an item on the seller's expectedpro�t. Settings are the same as in Fig. 5.2, but with one important difference: the rarity ofthe goods is no longer symmetric. There is now only 1 auction for a good of type A, but7 auctions for a good of type B. What is varied along the horizontal axis is the position inthe auction queue of the sale of the rarer item (of type A). The graph shows the absolutedifference in pro�t for a seller of an item of type B and for the synergy buyer (i.e. thedifference in pro�t between an options and direct auctions model). Note that, if the rare itemof type A is sold at the end of the auction sequence, the bene�t of selling item B through anoption increases, because the exposure risk of not acquiring item of type A increases.lengths, the parameters are kept the same as in the previous case. First, we keep the relativerarity of both goods symmetrical, but increase the number of auctions available for each to4, i.e. nA = nB = 4. Results are shown in Fig. 5.4.Basically, there are two main effects to observe here. First, the bene�ts to the buyer ofhaving options mechanism decreases (seen from comparing the percentage increases shownin the right-hand vertical axis of Figs. 5.3 and 5.4). The reason for this (as discussed in theearlier, risk-based bidding chapter) is that, in sequential auctions, the number of availablefuture opportunities plays a big role in how big the exposure problem the synergy buyerfaces is. If there is less exposure, then the relative bene�ts of using options becomes smaller(although it is still quite considerable). The second effect to be observed from Fig. 5.4 is thatthere are more participation thresholds (denoted by peaks), but they are smaller. The reasonis that, for a longer sequence of auctions, there are more possible sequences of remainingauction combinations. The synergy bidder will join in the bidding in some, but not in others,leading to multiple participation thresholds.The second problem we look in this subsection at is what happens if the relative fre-quency of the two goods is more asymmetric. We keep the same total number of auctions



160 Chapter 5in the sequence (8), but the relative frequency is highly asymmetric: nA = 1; nB = 7. Asmentioned, in the previous graphs, results were averaged over all possible auction orders -while here, by contrast, we look at auction orders one by one.For this setting, there are exactly 8 possible auction orders, corresponding to the pointwhere the rarer good (type A) can be inserted in the auction queue. What is varied on thehorizontal axis is this position of the type A good. The reason why we look at whether aseller of items of type B would use options is that the exposure of the synergy buyer existsfor the other good in the sequence. For the single item of typeA, the bene�ts of using optionsare limited, because the synergy buyer has 7 other auctions in which to acquire the seconditem anyway, hence she has much less of an exposure problem.Clearly, we can see an important effect of the position of the rarer good in the auctionqueue, from the perspective of both parties. If the item of type A is sold at the very beginningof the auction sequence, then the synergy bidder has no exposure problem left for the restof the sequence, hence there is no incentive to use options, for either party. However, it isat the very end of the auction sequence, the synergy buyer will not know whether she wouldneed the item acquired until all auctions end. For this case, the bene�ts of using options areconsiderably greater.5.6 Multiple synergy buyersFinally, we consider market settings in which multiple synergy buyers are active simultane-ously. Much of the experimental set-up and parameter choices are the same as described inthe above Sections, for the case of one for the single synergy buyer. The only difference isthat now multiple synergy buyers may enter and leave the market at different times and theyhave different valuations for the combination of A and B.We have to emphasize that the results from this Section are still rather preliminary andare based on some restrictions on the reasoning capability of the synergy buyers in the mar-ket. Speci�cally, as in the single-bidder case, we assume the synergy bidders have some priorexpectations about the closing prices in future auctions and compute their optimal strategywrt. this expectation. In these results, this expectation is assumed the same for all synergybidders, which is a reasonable choice in comparing their strategies, but assuming the se-quence of auctions considered is too short for other synergy buyers to learn about existingcompetition and adapt their bids. In a more realistic market, however, synergy bidders couldbe expected to be able to learn and adjust their expectations based on past interactions, aswell as reason game-theoretically about the fact that another synergy bidder may present inthe market at the same time. At this point, these more sophisticated forms of reasoning areleft to future work.As in the previous section all simulations of this section have reserve prices of 8 andlocal bidders following � N(10; 2:5). The �rst two experiments also have two synergybuyers syn1 and syn2 with valuations for both goods of 21.5 and 22.5 respectively. The
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Figure 5.6: Percentage increase in pro�ts for a market with with 2 synergy bidders. Thereare 3 auctions for A and 3 for B, and for each one the bids from the competition formed bylocal bidders follows the distributionN(10; 2:5). The valuations of the two synergy biddersfor a bundle fA,Bg are 21.1 for syn1, respectively 22.5 for syn2. The order the agentsenter the market is described by Fig. 5.8 below (so the two agents do not compete directlyagainst each other in this setting). Notice that, in this case, the average pro�t of syn2 doesnot decrease with the entry of syn1 in the market.order the synergy bidders enter the market (and the number of auctions they can stay in) aregiven in Figs. 5.8 and 5.8, while results for all settings are shown in Fig. 5.6, respectively5.7. In the following, we will discuss these in separate subsections.5.6.1 Two synergy buyers interacting indirectly through the exerciseprice levelIn the setting examined here, the two synergy buyers each have nA = 3 and nB = 3, withoutthe other agent participating in these auctions. An example of such an auction sequence isshown in Fig. 5.8. However, these two synergy bidders do interact indirectly as follows.Since options are sold through open auctions based on the option price, the seller has to �xthe exercise prices for the whole market (i.e. for all auctions in the sequence). So whilesynergy buyers may not participate in the same auctions, their presence does in�uence thecompetition through the exercise prices set by the seller.This effect can be seen in Fig. 5.6, in which the seller maximizes her expected pro�t atK = KA = KB = 2:4. In this case syn2 is better off, because without the presence of syn1she would be offered options with lower exercise prices. But syn1 is worse off, because ifshe were alone in the market the seller would choose K = 3:2, which gives her a higherexpected pro�t. Yet, due to syn2, the seller sets K = 2:4. In this case, due to the seller's
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Figure 5.7: Percentage increase in pro�ts for a market with with 2 synergy bidders. Thesetting and valuations are the same as in Fig. 5.6 above. However, the order the agents enterthe market is now described by Fig. 5.9 below (so the two agents do compete directly forthe same goods). Notice that, in this case, the average pro�t of syn2 decreases due to theadditional competition from syn1.
Figure 5.8: An auction sequence for the case shown in Fig 5.6.choice of exercise prices, one synergy buyer (syn1) gains, while syn2 loses.5.6.2 Direct synergy buyer competition in the same marketNext, we considered a setting in which synergy buyers compete directly for some of thegoods. The entry points for such a setting are shown in Fig. 5.9, while simulation results aregiven in Fig. 5.7.
Figure 5.9: An auction sequence for the case shown in Fig. 5.7.



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 163As can be seen in Figure 5.7, the pro�t of syn2 drops at 2.5. In previous �gures thesynergy buyers' pro�ts were monotonically increasing in the exercise prices, because theythen have a smaller loss when they fail to complete their bundle. But now this effect cannotimmediately compensate the extra competition coming from syn1, who participates in thesame auctions more often after this threshold at 2.5. So, in this case, both synergy buyerslose from the presence of additional bidders. While one synergy buyer (i.e. syn2) shouldbene�t because she is offered better (higher) exercise prices than if she were alone in themarket, this effect cannot immediately compensate the additional competition.5.6.3 Larger simulation with random synergy buyers' market entryIn the �nal results we report in this Chapter, we conducted a larger scale simulation withmultiple synergy buyers, which can enter the market randomly, with a certain probability.The experimental setup implies that each sequence of auctions (forming a test case) has10 items of each type (i.e. nA = 10 and nB = 10). What differs from previous settings is therandom entry of synergy buyers. For each auction, there is a 25% chance that a synergy buyerwill enter the market. If she does, then her valuation is drawn from a uniform distributionbetween 20 and 22 and she will stay in the market for exactly four auctions. To simplifymatters, the auction sequence is �xed at �rst selling A, then B, then A etc. so that eachsynergy buyer will face exactly two auctions for an item of type A and two for an item oftype B. However, the general result of this section is also true for a random auction sequence,since the basic effects remain the same.

Figure 5.10: Percentage increase in seller's pro�ts in a larger experimental setting, withsynergy buyers randomly entering the market.As shown in Figure 5.10, the seller's pro�t now only has one maximum at 5, becauseinitially each increase in exercise prices causes, with some probability, a synergy buyer to



164 Chapter 5participate more often. So each point is a threshold and the pro�t graph smooths out overthose many local maxima, corresponding to a steady increase (on average) of the expectedpro�t. This result shows why it can be rational for the seller to have the same exercise pricesfor all goods of the same type (e.g. the sameKA). In a market with random entry of synergybuyers, the seller does not know which buyers are participating in any particular auction.Her optimal policy is to set her exercise prices which maximize her overall expected pro�t(in this case,K = 5).5.7 Discussion and further workThis chapter examined, from a decision-theoretic perspective, the use of priced options as asolution to the exposure problem in sequential auctions. We consider a model in which theseller is free to �x the exercise price for options on the goods she has to offer, and then sellthese options in the open market, through a regular auction mechanism.For this setting, we derived analytically, for a market with a synergy buyer and undersome assumptions, the expressions that provide the bounds on the option prices betweenwhich both synergy buyers and sellers have an incentive to use an option contract over directauctions. Next, we performed an experimental analyses of several settings, where either oneor multiple synergy bidders are active simultaneously in the market. We show that, if theexercise price is chosen correctly, selling items through priced options rather than direct salecan increase the expected pro�ts of both parties.The overall conclusion of our study is that the proposed priced options mechanism canconsiderably reduce the exposure problem that synergy bidders face when taking part insequential auctions. Furthermore, and most important, both parties in the market have anincentive to prefer and use such a mechanism. We show that in many realistic market sce-narios, sellers can �x the exercise prices at a level that both provides suf�cient incentive forbuyers to take part in the auctions, as well as cover their risk of remaining with the itemsunsold.We stress, however, that sequential auction allocation and bidding is a highly complexand still under-researched area, and our study provides just a �rst decision-theoretic analysisfor the use of options to solve this problem. Basically, we provide the analysis and resultsfor several fundamental cases, which can serve as a basis for future work on other settings.These include more complex market scenarios, as well as more sophisticated reasoning abil-ities on the part of participating synergy bidders and sellers. For example, in a large market,synergy bidders could be expected to use learning strategies to adapt to changing marketconditions, as well as the presence of other synergy bidders who want similar item combina-tions. However, the sellers of the items could also use learning to choose better levels of theexercise pricesK with which to sell the options for their goods. Other possible issues opento future research include: markets where bidders have asymmetric or imperfect informa-tion, more complex preferences over bundles and different attitudes to risk of the involvedparties.



Using Priced Options to Solve the Exposure Problem in Sequential Auctions 165To conclude, sequential auction bidding with complementary valuations is a problemthat appears in many real-life settings, although no dominant strategies exist and biddersface a severe exposure problem. The main intuition of this work is that a simple optionsmechanism, where sellers auction options for their goods (with a pre-set exercise price),instead of the goods themselves can go a long way in solving the exposure problem, and canbe bene�cial to both sides of such a market.In practical terms, the potential impact of having a working solution to the exposureproblem in sequential auctions is considerable. For example, in transportation logistics (seethe study case in Appendix A of this thesis) many loads appear sequentially, over time,an a bidding agent has to acquire a combination of these to �ll her transportation capacity(i.e. truck). In decentralised electricity markets, much of the available electricity supply(especially that generated by renewable sources, such as wind or solar energy) comes onlinewith a certain probability. In allocating this intermitent, �green� electricity through a market-based method, options could be a promising solution to deal with the inherent uncertainty.Other potential applications include retail electronic commerce (such as discussed inthe follow-up work of Juda & Parkes [121]) or keyword markets in sponsored search (seecase study in Chapter 7 of this thesis). We are planning to explore some of these potentialapplications in our future work.
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Chapter 6Emergence of Consensus andShared Vocabularies inCollaborative Tagging
6.1 IntroductionThe previous chapters of this thesis presented experimental research relating to modelingpreferences and in agent-mediated bilateral negotiation and auction settings. This chap-ter is the �rst of a series of two chapters that takes a different perspective on the issue ofpreference, by looking at how preferences form in large-scale web communities and onlineadvertising markets. The methodology used differs in these two chapters: while Chapters 2 -5 validated their conclusions mostly through computer simulations, this chapter and Chapter7 use empirical analysis of large-scale web data, data produced by the actions of many (oftenmillions) of actual web users.The methods we found most useful to examine such large-scale, decentralized systemsare those inspired by complex systems theory [11, 41, 166]. As we detail later in these twochapters, complex systems research aims to explores how order and structure can emergencein a system composed of many autonomous entities acting independently, without a centralcontroller (such as a social web community or an online market). Examining the dynamicsof economic phenomena using agent-based computational economics (ACE) methods [218]is a prominent example of such an approach.This chapter focuses on one class of web systems that exhibits such phenomena andwhich has recently received a lot of interest in the world-wide web community: collabora-tive tagging. This work resulted after a collaboration, based on an extended stay at the SantaFe Institute, Santa Fe, NM. While it is true that, for tagging systems, one cannot talk of169



170 Chapter 6preferences in the economic, utility-based sense, we argue this work is closely related to themain topic of this thesis, modeling preferences and decisions in agent-mediated electronicmarkets. Actions such as clicking on a link or choosing a tag can be implicitly seen as ex-pressing a preference, and our goal is to examine the dynamics of this process, as well as theinformation structures that emerge from it. In the next chapter, Chapter 7, we use complexsystems theoretic methods to empirically explore some important properties of sponsoredsearch advertising markets.For both chapters, the most important aspect we follow is how a collective consensus(de�ned here in terms of tag, respectively keyword distributions) can emerge from the de-centralized actions of a large number of agents (in this case, users of the system). Further-more, both chapters make use of graphical and similarity-based techniques, related to - andinitially inspired from - the ones developed in Chapter 3 of this thesis.6.1.1 Tagging versus Taxonomies on the WebThe issue of how knowledge engineering on the Web should proceed with the greatest ef�-ciency and ef�cacy is a central concern as the amount of information on the Web grows. Asmall but increasingly in�uential set of web applications, including the social bookmarkingsite del.ici.ous, Flickr, Furl, Rojo, Connotea, Technorati, and Amazon allow users to tagobjects with keywords to facilitate retrieval both for the acting user and for other users. Setsof categories derived based on the tags used to characterize some resource are commonlyreferred to as folksonomies. This approach to organizing online information is usually con-trasted with taxonomies, including the approach some associate with the Semantic Web.There are concrete bene�ts to the tagging approach. The �exibility of tagging systemsis thought to be an asset; tagging is considered a categorization process, in contrast to apre-optimized classi�cation process such as expert-generated taxonomies. In de�ning thisdistinction, [110] believes that �categorization divides the world of experience into groupsor categories whose members share some perceptible similarity within a given context. Thatthis context may vary and with it the composition of the category is the very basis for boththe �exibility and the power of cognitive categorization.� Classi�cation, on the other hand�involves the orderly and systematic assignment of each entity to one and only one classwithin a system of mutually exclusive and non-overlapping classes; it mandates consistentapplication of these principles within the framework of a prescribed ordering of reality�[110].Other authors argue that tagging enables users to order and share data more ef�cientlythan using classi�cation schemes; the free-association process involved in tagging is cog-nitively much more simple than are decisions about �nding and matching existing cate-gories [36]. Additionally, proponents of tagging systems show that users of tagging systemsonly need to agree on the general meaning of a tag in order to provide shared value insteadof agreeing on a speci�c, detailed taxonomy [154].However, a number of problems stem from organizing information through tagging sys-



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 171tems including ambiguity in the meaning of tags and the use of synonyms which createsinformational redundancy. Additionally, an important open question concerning the use ofcollaborative tagging to organize metadata is whether the system becomes stable over time.By stable, we mean that users have collectively developed some implicit consensus aboutwhich tags best describe a site, and these tags do not vary much over time. We will as-sume that these tags that best describe a resource will be those that used most often, andnew users mostly reinforce already-present tags with similar frequencies. Since users of atagging system are not acting under a centralized controlling vocabulary, one might imaginethat no coherent categorization schemes would emerge at all from collaborative tagging. Inthis case, tagging systems, especially those with an open-ended number of non-expert userslike del.icio.us, would be inherently unstable such that the tags used and their frequency ofuse would be in a constant state of �ux. If this were the case, identifying coherent, sta-ble structures of collective categorization produced by users with respect to a site would bedif�cult or impossible.Given the debate over the utility of collaborative tagging systems compared to othermethods of knowledge engineering on the Web, it is increasingly important to understandwhether a coherent and socially navigable method of categorization can emerge from col-laborative tagging systems. This paper will empirically examine a crucial aspect of thisquestion: whether tag distributions stabilize over time and, if so, what type of distributionsemerge. Since each tag for a given web resource (such as a web page) is repeated a numberof times by different users, for any given tagged resource there is a distribution of tags andtheir associated frequencies. The collection of all tags and their frequencies ordered by rankfrequency for a given resource is the tag distribution of that resource.The hope among proponents of collaborative tagging systems is that stable tag distri-butions, and thus, possibly, stable categorization schemes, might arise from these systems.Again, by stable we do not mean that users stop tagging the resource, but instead that userscollectively settle on a group of tags that describe the resource well and new users mostlyreinforce already-present tags with the same frequency as they are represented in the exist-ing distribution. Online tagging systems have a variety of features that are often associatedwith complex systems such as a large number of users and a lack of central coordination.These types of systems are known to produce a distribution known as a power law over time.A crucial feature of some power laws - and one that we also exploit in this work - is thatthey can be produced by scale-free networks. So regardless of how large the system grows,the shape of the distribution remains the same and thus stable. Researchers have observed,some casually and some more rigorously, that the distribution of tags applied to particularresources in tagging systems follows a power law distribution where there are a relativelysmall number of tags that are used with great frequency and a great number of tags thatare used infrequently [154]. If this is the case, tag distributions may provide the stabilitynecessary to draw out useful information structures.This chapter empirically examines two important questions regarding the structure oftagging systems; �rst, whether tag distributions stabilize over time, and if so, what type ofdistribution emerges and second, whether the resulting structure of tags can be utilized to



172 Chapter 6construct categorizations that provide meaningful information. This works seeks to makea contribution both to the theoretical understanding of the nature of tagging systems and toapplied problems of information extraction from tagging systems.6.1.2 Overview of Related WorkExisting research on tagging has explored a wide variety of problems, ranging from funda-mental to more practical concerns. In this section, we provide a broad overview of the typesof problems that interest researchers and practitioners in this area. We then focus on theresearch most relevant to the work presented here, in order to underscore our contribution.A number of papers (Halvey & Keane '07 [94], Hearst & Rosner '08 [97], Byron et. al.'07 [132]) examine which tag presentation techniques enable users to �nd information withgreatest ease and speed. They often put a special emphasis on tag clouds, the most widelyused presentation technique). Halvey and Keane [94] provide a systematic evaluation of theproperties of tag interfaces which have the most effect on the accuracy and speed with whichusers �nd information. Using a set of 62 test subjects, they show that alphabetization, fontsize and position of the tags play an important role. They also conclude that users scan listsand clouds of tags, rather than reading them directly. Byron et. al. [132] perform a similarstudy, but focused on the �eld of biomedical information. They compare the results of usersearch based on the PubMed database with results from a search using tag clouds extractedfrom search summaries returned by PubMed. They conclude that a tag cloud interface isadvantageous in presenting descriptive information, but it may be less effective in enablingusers to discover relationships between concepts than full text summaries.In more recent work, Hearst and Rosner '08 [97] extend the study of tag clouds by alsoexamining the subjective reactions of the test users to different layouts. They also discussthe role that social signaling may play in motivating the use of tag clouds. Another paperconcerned with visualization is Kaser and Lemire '07 [123], who study the performance ofdifferent visualization algorithms for the 2-dimensional tag cloud drawing problem. The al-gorithms proposed are evaluated based on criteria such as minimization of the screen arearequired and computational speed. Compared to our work, this direction of research on tagvisualization is different in scope, since we are more concerned with macro-level propertiesof tagging systems (e.g. convergence, emergence of shared vocabularies) that with visualiza-tion and usability aspects. However, as future work, comparing visualization methods usingtag correlation graphs (as discussed in Sect. 6.4 of this chapter) with existing approachesusing tag clouds may prove insightful.Boydell and Smyth '06 [28] propose an approach for building a community-based snip-pet index that re�ects the expertize and revolving interests of a group of searchers. Theyshow how such an index could be used to re-rank the results produced by an underlyingsearch engine, such as to give a higher rank to results that have been frequently selected bymembers of the same community in the past. Boydell and Smyth '07 [29] build on the ideaof using community knowledge, by proposing a social summarization technique which al-lows the generation of more community-focused and query-sensitive summaries than those



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 173returned by standard search engines. While this line of work does not focus explicitly on tag-ging, it uses the same underlying principle, that of capturing the expertize of a communityof like-minded searchers to improve search results.Another line of research is concerned with understanding how individual users performtagging, and assisting them in choosing more useful tags. Sood et. al. '07 [196] propose amethod to assist the users of a tagging system by suggesting tags potentially useful to otherusers based on existing tag posts. Kelkar and Seligmann '07 [203] propose two measures ofthe value of tags, the intensity and the spread and discuss how these could be used in infor-mation retrieval. Berendt and Hanser '07 [15] examine the motivations of users of a taggingsystem and argue that users see tagging not as a way of adding metadata to resources, butsimply as adding �more content�. Zollers '07 [235] additionally attempts to characterize themotivations of users with data from Amazon.com and Last.fm. She identi�es the expres-sion of an opinion, performance (i.e. self-presentation), and online activism as three mainmotivations. Michlmayr and Cayzer '07 [155] present a method for creating user pro�lesfrom tagging data and then leveraging them for personalized information access. Using theresults from a small-scale user study they show that tag co-occurrence information can moresuccessfully learn personalized user pro�les than can single tag frequencies.Other research examines the use of tagging for speci�c contexts and applications. Hayesand Avesani '07 [95] provide a discussion of how tag clustering techniques could be usedto retrieve information in blogs, while Bateman et. al. '07 [13] describe how using taggingin an e-learning system can supplement traditional metadata-gathering approaches. Dubinkoet. al. [65] consider the problem of visualizing the evolution of tags within the Flickr com-munity. They develop several methods and algorithms for dynamically presenting tags tousers given a sliding time window. Rattenbury, Good & Naaman '07 [182] present a methodfor the automatic extraction of event and place semantics from Flickr tags. [52] develop asystem for the automatic generation of personalized tags for webpages during browsing. Thetags/keywords generated are based both on the textual content of the webpage being browsedand on the data residing on the surfer's desktop. All of these techniques would bene�t from amethod for determining whether a given set of tags has stabilized, such as the one proposedin this chapter, in order to present the most stable tags to the user or program. If tags werepresented before they stabilized, the information presented to the user might be less valuable.In a direction of work that bears directly on the larger question of this research, Mika'05 [156] addresses the problem of extracting taxonomic information from tagging systemsin the form of Semantic Web ontologies. The chapter extends the traditional model of tax-onomies by incorporating a social dimension, thus establishing an essential connection be-tween tagging and the techniques developed in the Semantic Web arena. However, unlikethis work, Mika does not study the stabilization of the tag distributions themselves. Ideally,one would want to know if a tag distribution was stable before attempting to extract anytaxonomic information from it.There are several lines of research which take a perspective closely related to our work.Shen and Wu '07 [202] are interested in the structure of a tagging network for del.icio.usdata as we are in Section 6.4. Unlike in our examples, their graph is unweighted [202] and



174 Chapter 6does not re�ect the information in the tag distribution. They examine the degree distribution(the distribution of the number of other nodes each node is connected to) and the clusteringcoef�cient (based on a ratio of the total number of edges in a subgraph to the number ofall possible edges) of this network and �nd that the network is indeed �scale-free� and hasthe features Watts and Strogatz [229] found to be characteristic of small world networks:small average path length and relatively high clustering coef�cient. A considerable amountof work exploring the structural properties of natural language networks �nds similar results(Cancho and Sole '03 [40]).Another paper that studies the meta-level properties of large folksonomy graphs (thatappeared concurrently with the conference version of our paper) is Schmitz et. al. '07 [199].They provide an thorough, in-depth analysis of the statistical properties of folksonomy net-works, studying, among others: their characteristic path length, their �cliquishness�, con-nectedness, as well as the associative behavior of nodes in such networks. However, unlikeour work, they do not provide an insight into how such folksonomy networks could be usedfor actual information retrieval and visualization, or to build simple information structuressuch as shared vocabularies.An early line of research that has attempted to formalize and quantify the underlyingdynamics of a collaborative tagging systems is Golder and Huberman '06 [86], which alsomake use of del.ici.ous data. They show the majority of sites reach their peak popularity,the highest frequency of tagging in a given time period, within ten days of being saved ondel.icio.us (67% in their data set), though some sites are �rediscovered� by users (about17% in their data set), suggesting stability in most sites but some degree of �burstiness� inthe dynamics that could lead to cyclical patterns of stability characteristic of chaotic sys-tems. Importantly, Golder and Huberman �nd that the distribution of tags within a givensite stabilizes over time, usually around one hundred tagging events. They do not, how-ever, examine what type of distribution arises from a stabilized tagging process, nor do theypresent a method for determining the stability of the distribution which we see as central tounderstanding the possible utility of tagging systems.In a very recent line of research, Heymann et. al. '08 [101] provide a large-scale com-parison between social bookmarking and traditional web search, also using del.icio.us data.They �nd that tags used on del.icio.us are, on the whole accurate, while the class of usersthat use this system is broad, i.e. not restricted to a small subset of users. They also observe,however, that a large proportion of the tags assigned to a webpage (or resource) already ap-pear in the title, forward and backward links to that page. Therefore, while tags assigned toresources are accurate, their distributions may not be suitable to make a signi�cant impacton search performance. This is somewhat in line with our �ndings: while tags convergerelatively fast to stable, power law distributions (c.f. Sect. 2), the top of these distributionsmay contain common (or obvious) tags. A solution to this problem (also suggested in [101]may be a better mechanism for recommending tags. Conceivably, the local �vocabulary ex-traction� methods presented in Sect. 6.5 of this chapter (and adaptations thereof) could beused to this end.One important result is represented by Cattuto et. al. '07 [43], which discuss generative



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 175models to produce power law distributions for tag correlations. They also take a complexsystems perspective to tagging and propose a generic model for the behavior of taggers, inthe form of a Yule-Simon process with memory. However, Cattuto et. al. do not provide ananalysis of how tag frequencies per website actually converge in time to stable distributions.Dellschaft and Staab '08 [63] proposes a more-parametrized model that accounts for powerlaw distributions in tag vocabulary growth and in tag distributions for websites. Overall, wesee our work and that of Cattuto et. al. and Dellschaft and Staab as complementary in scope.While they provide a theoretical model of a process which could give rise to power lawdistributions in tagging, we propose using an information-theoretic technique in Section 6.3to analyze the convergence of power law distributions in already-existing tagging systems.Furthermore, we demonstrate its utility in several applications, such as tag graphs, sharedvocabularies, as shown in this chapter.Yet another important recent direction of work is represented by Sen et. al. '06 [200].They present a user-centric model of tagging that distinguishes between personal tendencyand community in�uence in the behavior of individual taggers. Furthermore, they proposea method to select tags to be displayed to a user, such as to maximize tag utility, adoptionand user satisfaction. By contrast to [200], we focus on the aggregate tag distributions perresource which, in a large tagging system are highly unlikely to be personal bookmarks, butrather re�ect the opinion or consensus of the user community.Finally, based on the empirical results presented in the WWW'07 conference versionof this work [93], Mikroyannidis '07 [157] argues that Semantic Web and Social Web ap-proaches are essentially compatible and can co-exist. While we agree with the argumentspresented by Mikroyannidis [157] , we should point out that convergence to stable tag distri-butions does not, by itself, imply that the converged distributions are directly usable for infor-mation retrieval. The process of constructing proper formal ontologies from folksonomies,while perhaps possible under certain conditions, is not a straightforward task.1 First, onewould not want to attempt to construct any taxonomy unless one had a reliable method fordetermining whether or not the tagging process had stabilized, such as the one we proposein Section 6.3. Also, we view the automated methods presented in Sect. 6.4 and 6.5 of thischapter, as fully automated �rst steps for any more formal taxonomy construction. Whilethe shared tag vocabularies (c.f. Sect. 6.5 of this chapter) are not fully-�edged formal Se-mantic Web ontologies, they can also be useful structures for many information retrievalapplications without any additional formalization.6.1.3 The Tripartite Structure of TaggingTo begin, we review the conceptual model of generic collaborative tagging systems theorizedby [152, 156] in order to make predictions about collaborative tagging systems based onempirical data and based on generative features of the model.There are three main types of entities that compose any tagging system:1This may require for instance, some decision support in guiding the user, or a more structured design of theinterface used to input the tags.



176 Chapter 6� The users of the system (people who actually do the tagging)� The tags themselves� The resources being tagged (in this case, the websites)Each of these can be seen as forming separate spaces consisting of sets of nodes, whichare linked together by edges (see Fig. 6.1). The �rst space, the user space, consists of theset of all users of the tagging system, where each node is a user. The second space is thetag space, the set of all tags, where a tag corresponds to a term (�music�) or neologism(�toread�) in natural language. The third space is the resource space, the set of all resources,where usually each resource is a website denoted by a unique URI.2 A tagging instance canbe seen as the two edges that links a user to a tag and that tag to a given website or resource.Note that a tagging instance can associate a date with its tuple of user, tag(s), and resource.

Figure 6.1: Tripartite graph structure of a tagging system. An edge linking a user, a tag anda resource (website) represents one tagging instanceFrom Figure 6.1, we observe that tags provide the link between the users of the systemand the resources or concepts they search for.This analysis reveals a number of dimensions of tagging that are often under-emphasized.In particular, tagging is often a methodology for information retrieval, much like traditionalsearch engines, but with a number of key differences. To simplify drastically, with a tradi-tional search engine a user enters a number of tags and then an automatic algorithm labelsthe resources with some measure of relevance to the tags pre-discovery, displaying relevantresources to the user. In contrast, with collaborative tagging a user �nds a resource and thenadds one or more tags to the resource manually, with the system storing the resource and thetags post-discovery. When faced with a case of retrieval, an automatic algorithm does not2A URI is a �Universal Resource Identi�er� such as http://www.example.com that can return a webpage whenaccessed. Some tagging based systems such as Spurl (http://www.spurl.net) store the entire document, not the URI,but most systems such as del.icio.us store only the URI. The resource space, in this de�nition, represents whateveris being tagged, which may or may not be websites per se.



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 177have to assign tags to the resource automatically, but can follow the tags used by the user.The difference between this and traditional searching algorithms is two-fold: collaborativetagging relies on human knowledge, as opposed to an algorithm, to directly connect terms todocuments before a search begins, and thus relies on the collective intelligence of its humanusers to pre-�lter the search results for relevance. When a search is complete and a resourceof interest is found, collaborative tagging often requires the user to tag the resource in orderto store the result in his or her personal collection. This causes a feedback cycle. These char-acteristics motivate many systems like del.icio.us and it is well-known that feedback cyclesare one ingredient of complex systems [11], giving further indication that a power law in thetagging distribution might emerge.6.1.4 Organization of the chapterThis chapter is organized as follows. In the �rst part of the chapter, we examine how to detectthe emergence of stable �consensus� distributions of tags assigned to individual resources.In Section 6.2 we demonstrate a method for empirically examining whether tagging distri-butions follows a power law distribution. In Section 6.3 we show how this convergence to apower law distribution can be detected over time by using the Kullback-Leibler divergence.We further empirically analyze the trajectory of tagging distributions before they have sta-bilized, as well as the dynamics of the �long tail� of tag distributions. In the second part ofthe chapter, we examine the applications of these stable power law distributions. In Section6.4 we demonstrate how the most frequent tags in a distribution can be used in inter-tagcorrelation graphs (or folksonomy graphs) to chart their relation to one another. Section 6.5shows how these folksonomy graphs can be (automatically) partitioned, using community-based methods, in order to extract shared tag vocabularies. Finally, Section 6.6 providesan independent benchmark to compare our empirical results from collaborative tagging, bysolving the same problems using a completely different data set: search engine query logs.The chapter concludes with a discussion of future work.6.2 Detecting Power Laws in TagsThis section uses data from del.icio.us to empirically examine whether intuitions regardingtagging systems as complex systems exhibiting power law distributions hold.6.2.1 Power Law Distributions: De�nitionA power law is a relationship between two scalar quantities x and y of the form:y = cx� (6.1)



178 Chapter 6where � and c are constants characterizing the given power law. Eq. 6.1 can also be writtenas: log y = � logx+ log c (6.2)When written in this form, a fundamental property of power laws becomes apparent;when plotted in log-log space, power laws are straight lines. Therefore, the most simple andwidely used method to check whether a distribution follows a power law and to deduce itsparameters is to apply a logarithmic transformation, and then perform linear regression inthe resulting log-log space. In this chapter we used a more powerful regression method toderive � that minimizes the bias in the value of the exponent (see [166] for the technicaldetails).The intuitive explanation of power law parameters in the domain of tagging is as follows:c represents the number of times the most common tag for that website is used, while � givesthe power law decay parameter for the frequency of tags at subsequent positions. Thus, thenumber of times the tag in position p is used (where p = 1::25, since we considered the tagsin the top 25 positions) can be approximated by a function of the form:Frequency(p) = cp�� (6.3)where �� > 0 and c = Frequency(p = 1) is the frequency of the tag in the �rst positionin the tag distribution (thus, it is a constant that is speci�c for each site/resource).6.2.2 Empirical Results for Power Law Regression for Individual SitesFor this analysis, we used two different data sets. The �rst data set contained a subset of 500�Popular� sites from del.icio.us that were tagged at least 2000 times (i.e. where we wouldexpect a �converged� power law distribution to appear). The second data set considers asubset of another 500 sites selected randomly from the �Recent� section of del.icio.us. Bothsections are prominently displayed on the del.icio.us site, though �Recent� sites are thosetagged within the short time period immediately prior to viewing by the user and �Popular�sites are those which are heavily tagged in general.3 While the exact algorithms used bydel.icio.us to determine these categories are unknown, they are currently the best availableapproximations for random sampling of del.icio.us, both of heavily tagged sites and of awider set of sites that may not be heavily tagged.The mean number of users who tagged resources in the �Popular� data set was 2074.8with a standard deviation of 92.9, while the mean number of users of the �Recent� data setwas 286.1 with a standard deviation of 18.2. In all cases, the tags in the top 25 positions inthe distributions have been considered and thus all of our claims refer to these tags. Sincethe tags are rank-ordered by frequency and the top 25 is the subset of tags that are actually3All data used in the convergence analysis was collected in the week immediately prior to 19 Nov 2006.



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 179available to del.icio.us users to examine for each site, we argue that using the top 25 tags isadequate for this examination.Results are presented in Figure 6.2. In all cases, logarithm of base 2 was used in thelog-log transformation. 4
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Figure 6.2: Frequency of tag usage relative to tag position. For each site, the 25 mostfrequently used tags were considered. The plot uses a double logarithmic (log-log) scale.The data is shown for a set of 500 randomly-selected, heavily tagged sites (left) and for a setof 500 randomly-selected, less-heavily tagged sites (right).As shown by [166] and others, the main characteristic of a power law is its slope pa-rameter �. On a log-log scale, the constant parameter c only gives the �vertical shift� of thedistribution with respect to the y-axis. For each of the sites in the data set, the correspondingpower law function was derived and the slopes of each (� parameters) were compared. Theslopes indicate the fundamental characteristic of the power laws, as vertical shifts can anddo vary signi�cantly between different sites.Our analysis shows that for the subset of heavily tagged sites, the slope parameters arevery similar to one another, with an average of � = �1:22 and a standard deviation �0:03.Thus, it appears that the power law decay slope is relatively consistent across all sites. Thisis quite remarkable, given that these sites were chosen randomly with the only criteria beingthat they were heavily tagged. This pattern where the top tags are considerably more popularthan the rest of the tags seems to indicate a fundamental effect of the way tags are distributedin individual websites which is independent of the content of individual websites. The spe-ci�c content of the tags themselves can be very different from one website to the other and4Note that the base of the logarithm does not actually appear in the power law equation (c.f. Eq. 6.1), butbecause we use empirical and thus possibly noisy data, this choice might introduce errors in the �tting of theregression phase. However, we did not �nd signi�cant differences from changing the base of the logarithm to e or10.



180 Chapter 6this obviously depends on the content of the tagged site.For the set of less-heavily tagged sites, we found the slopes differed from each other toa much greater extent than with the heavily tagged data, with an average � = �5:06 andstandard deviation �6:10. Clearly, the power law effect is much less pronounced for theless-heavily tagged sites as opposed to the heavily tagged sites, as the standard deviationreveals a much poorer �t of the regression line to the log-log plotted aggregate data. Forsites with relatively few instances of tagging, the results reveal mostly noise.6.2.3 Empirical Results for Power Law Regression Using Relative Fre-quenciesIn the previous section, we applied power law regression techniques to individual sites, usingthe number of hits for a tag in a given position in the distribution. In this section, we exam-ine the aggregate case where we no longer use the raw number of tags (because these arenot directly comparable across sites), and instead use the relative frequencies of tags. Therelative frequency is de�ned as the ratio between the number of times a tag in a particularposition is used for a resource and the total number of times that resource is tagged 5. Thus,relative frequencies for a given site always sum to one. These relative frequencies based ondata from all 500 sites of the �Popular� data set were then averaged. Results are presentedin Figure 6.3.As before, a power law was derived in the log-log space using least-means squares (LMS)regression. This power law was found to have the slope � = �1:25. The regression error,computed through the LMS method in the normal, not logarithmic space, was found to be0.038. Note that the LMS regression error computation only makes sense when convertedback in the normal space, since in the log-log space exponents are negative and, furthermore,deviations on the y-axis only denote actual error only after the exp2 function is applied. Thiscorresponds to a LMS error rate in the power law regression of 3.8% over the total numberof tags in the distribution, which is low enough to allow us to conclude that tag distributionsdo follow power laws.We note, however, that there is a deviation from a perfect power law in the del.icio.usdata in the sense that there is a change of slope after the top seven or eight positions in thedistribution. This effect is also relatively consistent across the sites in the data set. Thismay be due to the cognitive constraints of the users themselves or an artifact of the way thedel.icio.us interface is constructed, since that number of tags are offered to the users as asuggestion to guide their search process. Nevertheless, given that the LMS regression erroris rather low, we argue the effect is not strong enough to change the overall conclusion thattag distributions follow power laws.5To be more precise, the denominator is taken as the total number of times the resource is tagged with a tag fromthe top 25 positions, given available data.
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Figure 6.3: Average relative frequency of tag usage, for the set of 500 �Popular� sites fromabove. On the y-axis, the logarithm of the relative frequency (probability) is given. (Theplot uses a double logarithmic (log-log) scale, thus on the y-axis values are negative sincerelative frequencies are less than one.)6.3 The Dynamics of Tag DistributionsIn Section 6.2, we provide a method for detecting a power law distribution in the tags of a siteor collection of sites. In this section, we study another aspect of the problem, namely how theshape of these distributions develops in time from the tagging actions of the individual users.First, we examine the how power law distributions form at the top (the �rst 25 positions)of tag distributions for each site. For this, we employ a method from information theory,namely the Kullback-Leibler divergence. Second, we study the dynamics of the entire tagdistributions, including all tags used for a site, and we show that the relative weights of thetop and tail of tag distributions converge to stable ratios in the data sets.6.3.1 Kullback-Leibler Divergence: De�nitionIn probability and information theory, the Kullback-Leibler divergence (also known �relativeentropy� or �information divergence�) represents a natural distance measure between twoprobability distributions P andQ (in our case, P andQ are two vectors representing discreteprobability distributions). Formally, the Kullback-Leibler divergence between P and Q isde�ned as:DKL(P jjQ) =Xx P (x)log(P (x)Q(x) ) (6.4)



182 Chapter 6The Kullback-Leibler distance is a non-negative, convex function, i.e.DKL(P;Q) � 0;8P;Q (note that DKL(P;Q) = 0 iff. P and Q coincide). Also, unlikeother distance measures it is not symmetric, i.e. in generalDKL(P;Q) 6= DKL(Q;P ).6.3.2 Application to Tag DynamicsWe use two complementary ways to detect whether a distribution has converged to a steadystate using the Kullback-Leibler divergence:� The �rst is to take the relative entropy between every two consecutive points in time ofthe distribution, where each point in time represents some change in the distribution.Again, in our data, tag distributions are based on the rank-ordered tag frequencies forthe top 25 highest-ranked unique tags for any one website. Each point in time wasa given month where the tag distribution had changed; months where there was notagging change were not counted as time points. Using this methodology, a tag distri-bution that was �stable� would show the relative entropy converging to and remainingat zero over time. If the Kullback-Leibler divergence between two consecutive timepoints becomes zero (or close to zero), it suggests that the shape of the distribution hasstopped evolving. This technique may be most useful when it is completely unknownwhether or not the tagging of a particular site has stabilized at all.� The second method involves taking the relative entropy of the tag distribution for eachtime step with respect to the �nal tag distribution, the distribution at the time themeasurement was taken or the last observation in the data, for that site. This methodis most useful for heavily tagged sites where it is already known or suspected that the�nal distribution has already converged to a power law.The twomethods are complementary; the �rst methodologywould converge to zero if thetwo consecutive distributions are the same, and thus one could detect whether distributionsconverged if even temporarily. Cyclical patterns of stabilization and destabilization may bedetected using this �rst method. The second method assumes that the �nal time point is thestable distribution so this method detects convergence only towards the �nal distribution.If both of these methods produce relative entropies that approach zero, then one can claimthat the distributions have converged over time to a single distribution, the distribution at the�nal time point. Given our interest in distributions that have converged to power laws, weare actually examining the dynamics of convergence to a power law.6.3.3 Empirical Results for Tag DynamicsThe analysis of the intermediate dynamics of tagging is considerably more involved than theanalysis of �nal tag distributions. Because the length of the histories varies widely, there isno meaningful way to compute a cumulative measure across all sites as in Section 6.2, so
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Figure 6.4: A (left). Kullback-Leibler divergence between tag frequency distributions atconsecutive time steps for 500 �Popular� sites. B (right). Kullback-Leibler divergence of tagfrequency distribution at each time step with respect to the �nal distribution.our analysis has to consider each resource individually. In Figure 6.4 (A and B), we plot theresults for the convergence of the 500 �Popular� sites, on the basis that their �nal distributionmust have converged to a power law, that their complete tagging history was available fromthe �rst tagging instances, and that this history was of substantial length. In the data setconsidered, up to 35 time points are available for some sites (which roughly corresponds tothree years of data, since one time point represents one month).There is a clear effect in the dynamics of the above distributions.6 At the beginning of theprocess when the distributions contain only a few tags, there is a high degree of randomness,indicated by early data points. However, in most cases this converges relatively quickly toa very small value, and then in the �nal ten steps, to a Kullback-Leibler distance which isgraphically indistinguishable from zero (with only a few outliers). If the Kullback-Leiblerdivergence between two consecutive time points (in Figure 6.4A) or between each step andthe �nal one (Figure 6.4B) becomes zero or close to zero, it indicates that the shape ofthe distribution has stopped changing. The results here suggest that the power law mayform relatively early on in the process for most sites and persist throughout. Even if thenumber of tags added by the users increases many-fold, the new tags reinforce the already-formed power law. Interestingly, there is a substantial amount of variation in the initialvalues of the Kullback-Leibler distance prior to the convergence. Future work might explorethe factors underlying this variation and whether it is a function of the content of the sites orof the mechanism behind the tagging of the site. Additionally, convergence to zero occurs atapproximately the same time period (often within a few months) for these sites.6Note that in Figure 6.4, the �rst two time points were omitted because their distribution involved few tags andwere thus very highly random.



184 Chapter 6The results of the Kullback-Leibler analysis provide a powerful tool for analyzing the dy-namics of tagging distributions. This very well might be the result of the �scale-free� prop-erty of tagging networks, so that once the tagging of users have reached a certain threshold,regardless of how many tags are added, the distribution remains stable [202]. This methodcan be immensely useful in analyzing real-world tagging systems where the stability of thecategorization scheme produced by the tagging needs to be con�rmed.
6.3.4 Examining the dynamics of the entire tag distributionIn the previous sections, we focused on the distributions of the tags in the top 25 positions.However, heavily tagged or popular resources, such as those considered in our analysis, canbe tagged several tens of thousands of times each, producing hundreds or even thousands ofdistinct tags. It is true that many of these distinct tags are simply personal bookmarks whichhave no meaning for the other users in the system. However, it is still crucial to understandtheir dynamics and the role they play in tagging, especially with respect to the top of the tagdistribution. Some sources (e.g. Anderson [3]), have argued that the dynamics of long tailsare a fundamental feature of Internet-scale systems. Here we were particularly interested intwo questions. First, how does the number of times a site is tagged (including the long tail)evolve in time? Second, how does the relative importance of the head (top 25 tags) to thelong tail change as tags are added to a resource?Results for the same set of 500 �Popular� sites described above are shown in Figure 6.5.Note that the tag distributions were reconstructed through viewing the tagging history ofthe individual site as available through del.icio.us and collecting the growth of this taggingdistribution over time, thus allowing us to record the growth of tags outside the 25 mostpopular.As seen in Figure 6.5, the total number of times a site is tagged grows continuously ata rate that is speci�c to each site and this probably depends on its domain and particularcontext. Though the results are not shown here due to space constraints, a similar conclusioncan be formulated for the number of distinct tags, given that the number of distinct tagsvaries considerably per site and does not seem to stabilize in time. However for virtually allof the sites in the data set considered, the proportion of times a tag from the top 25 positionsis used relative to the total number of times that a resource is tagged did stabilize over time.So, while the total number of tags per resource grows continuously, the relative weight of thetags in the head of the tag distribution compared to the those in the long tail does stabilizeto a constant ratio. This is an important effect and it represents a signi�cant addition to ouranalysis of the stability analysis of the top 25 positions, since it shows the relative importanceof the long tail with respect to the head of the distribution does eventually stabilize regardlessof the growth of tags in the long tail.
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Figure 6.5: A (left). Cumulative number of times a resource is tagged for each time point. B(right). Proportion of times a tag in the top 25 spots of the distribution has been used to taga resource to the total number of times the resource has been tagged with any tag.6.4 Constructing Tag Correlation GraphsThe previous section examines the type of frequency distributions that emerge from the col-lective tagging actions of individual users, as well as the dynamics of this process. Thissection examines the type of information structures that form from these actions, given thehypothesized importance of the information value of tags in understanding tagging systems.We look at one of the most simple information structures that can be derived through collabo-rative tagging: inter-tag correlation graphs (or, perhaps more simply, �folksonomy graphs�) .We discuss the methodology used for obtaining such graphs and then illustrate our approachthrough an example domain study.6.4.1 MethodologyThe act of tagging resources by different users induces, at the tag level, a simple distancemeasure between any pair of tags. This distance measure captures a degree of co-occurrencewhich we interpret as a similarity metric, between the concepts represented by the two tags.The collaborative �ltering [185, 197] and natural language processing [151] literatureproposes several distance or similarity measures that can be employed for such problems.The metric we found most useful for this problem is cosine distance.77This should not be interpreted as a conclusion on our part that cosine distance is always an optimal choice forthis problem. This issue probably requires further research and even larger data sets.



186 Chapter 6Formally, let Ti; Tj represent two random tags. We denote byN(Ti) andN(Tj) respec-tively the number of times each of the tags was used individually to tag all resources, andby N(Ti; Tj) the number of times two tags are used to tag the same resource. Then thesimilarity between any pair of tags i and j is de�ned as:similarity(Ti; Tj) = N(Ti; Tj)pN(Ti) �N(Tj) (6.5)In the rest of the chapter, we use the shorthand: simij to denote similarity(Ti; Tj).From these similarities we can construct a tag-tag correlation graph or network, wherethe nodes represent the tags themselves weighed by their absolute frequencies, while theedges are weighedwith the cosine distancemeasure. We build a visualization of this weighedtag-tag correlation, by using a �spring-embedder� or �spring relaxation� type of algorithm.We tested two such algorithms: Kawada-Kawai and Fruchterman-Reingold [12]; the twographs included in this chapter are based on the latter. An analysis of the structural prop-erties of such tag graphs may provide important insights into both how people tag and howstructure emerges in collaborative tagging.6.4.2 Constructing the tag correlation (folksonomy) graphsIn order to exemplify our approach, we collected the data and constructed visualizations fora restricted class of 50 tags, all related to the tag �complexity.� Our goal in this examplewas to examine which sciences the user community of del.icio.us sees as most related to�complexity� science, a problem which has traditionally elicited some discussion. The visu-alizations were made on Pajek [12]. The purpose of the visualization was to study whetherthe proposed method retrieves connection between a central tag �complexity� and relateddisciplines. We considered two cases:� Only the dependencies between the tag �complexity� and all other tags in the subsetare taken into account when building the graph (Fig. 6.6).� The weights of all the 1175 possible edges between the 50 tags are considered (Fig.6.7).
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Figure 6.6: Folksonomy graph, considering only correlations corresponding to central tag �complexity�
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188 Chapter 6In both �gures, the size of the nodes is proportional to the absolute frequencies ofeach tag, while the distances are, roughly speaking, inversely related to the distance mea-sure as returned by the �spring-embedder� algorithm.8 We tested two energy measures forthe �springs� attached to the edges in the visualization: Kamada-Kawai and Fruchterman-Reingold [12]. For lack of space, only the visualization returned by Kamada-Kawai is pre-sented here, since we found it more faithful to the proportions in the data.The results from the visualization algorithm match relatively well with the intuitions ofan expert in this �eld. Some nodes are much larger than others which again shows thattaggers prefer to use general, heavily used tags (e.g. the tag �art� was used 25 times morethan �chaos�). Tags such as �chaos�, �alife�, �evolution� or �networks� which correspond totopics generally seen as close to complexity science are close to it. At the other end, the tag�art� is a large, distant node from �complexity.� This is not so much due to the absence ofsites discussing aspects of complexity in art as there are quite a few of such sites, but insteaddue to the fact that they represent only a small proportion of the total sites tagged with �art,�leading to a large distance measure.In Figure 6.7, the distances to �complexity� change signi�cantly, due to the additionof the correlations to all other tags. However, one can observe several clusters emergingwhich match reasonably well with intuitions regarding the way these disciplines should beclustered. Thus, in the upper-left corner one can �nd tags such as �mathematics�, �algorith-mics�, �optimization�, �computation�, while immediately below are the disciplines relatedto AI (�neural� [networks], �evolutionary� [algorithms] and the like). The bottom left isoccupied by tags with biology-related subjects, such as �biology�, �life�, �genetics�, �ecol-ogy� etc, while the right-hand side consists of tags with more �social� disciplines (�markets�,�economics�, �organization�, �society� etc.). Finally, some tags are both large and central,pertaining to all topics (�research�, �science�, �information�).We also observed some tags that are non-standard English words, although we �lteredmost out as not relevant to this analysis. One example is �complexsystems� (spelled as oneword), which was kept as such, although the tags ��complex� and �system� taken individu-ally are also present in the set. Perhaps unsurprisingly, the similarity computed between thetags �complexsystems� and �complex� is one of the strongest between any tag pair in thisset. One implication of this �nding is that tag distances could be used to �nd tags that haveminor syntactic variance with more well-known tags, such as �complesystems,� but whichcannot simply detected by morphological stemming.
8For two of the tags, namely �algorithms� and �networks,� morphological stemming was employed. So bothabsolute frequencies and co-dependencies were summed over the singular form tag, i.e. �network� and the plural�networks,� since both forms occur with relatively high frequency.



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 1896.5 Identifying tag vocabularies in folksonomies using com-munity detection algorithmsThe previous sections analyzed the temporal dynamics of distribution convergence and stabi-lization in collaborative tagging as well as some information structures, like tag correlation(or folksonomy) graphs, that can be created from these tag distributions. In this Section,we look at how these folksonomy graphs could be used to solve an important problem incollaborative tagging: identifying shared tag vocabularies.The problem considered in this section can be summarized as: given a heterogeneous setof tags (which can be represented as a folksonomy graph), how can we partition this set intosubsets of related tags? In this chapter, we call this problem a �vocabulary identi�cation�problem. It is important to note that we use the term �vocabulary� only in a restricted sense,i.e. as a collection of related terms, relevant to a speci�c domain. For instance, a list oftropical diseases is a �vocabulary�, a list of electronic components in a given electronicdevice is a vocabulary, and a list of specialized terms connected to a given scienti�c sub�eldwould all be �vocabularies� in our de�nition.We acknowledge that this is a restricted de�nition: in some applications, especially Se-mantic Web approaches, we would also like to know precisely how these terms are related.This type of structural information is dif�cult to extract only from tags, given the simplestructure of folksonomies. Nevertheless, our approach could still prove useful in such appli-cations: for example, one could construct the set of related terms as a �rst rough step andthen a human expert (or, perhaps, another [semi]-automated method) could be used to addmore more detail to the extracted vocabulary set.However, there are many settings in which the fully automated technique presented inthis chapter could prove very useful. For example, drawing of tag clouds has received signif-icant attention, but how to select the subset of related tags that will be presented in a cloudis an open problem. Another potential application is in selecting terms for sponsored searchauctions. Some keywords (tags) bring a high value to advertisers, and knowing all the re-lated keywords in a category that people can potentially use in search for can be very usefulinformation for an advertiser. Conversely, the information regarding subsets of related tagscould also be useful for the search engine in pricing searches using these tags.Note that the complexity-related disciplines data set (already introduced in Sect. 4) is auseful tool to examine this question, since the initial set of tags are heterogeneous (complex-ity science is, by its very nature, an interdisciplinary �eld), but there are natural divisionsinto sub-�elds, based on different criteria. This allows easier intuitive interpretation of theobtained results (besides the mathematical modularity criteria described below).The technique we will use in our approach is based on the so-called �community de-tection� algorithms, developed in the context of complex systems and network analysis the-ory [164, 165]. Such techniques have been well studied at a formal level and have beenused to study large-scale networks in a variety of �elds from social analysis (e.g. analysisof co-citation networks), analysis of biological nets (e.g. food chains) to gene interaction



190 Chapter 6networks. [165] provide an overview of existing applications of this theory, while [164]presents a formal analysis of the algorithm class used in this chapter. To the best of theauthors' knowledge, however, this is the �rst work that studies the application of these tech-niques to tagging systems and folksonomies. In a somewhat related direction of work, [113]study the application of community detection techniques to aggregate bidder preferences inEbay auctions.6.5.1 Using community detection algorithms to partition tag graphsIn network analysis theory, a community is de�ned as a subset of nodes that are connectedmore strongly to each other than to the rest of the network. In this interpretation, a commu-nity is related to clusters in the network. If the network analyzed is a social network (i.e.vertexes represent people), then �community� has an intuitive interpretation. For example,in a social network where people who know each other are connected by edges, a group offriends are likely to be identi�ed as a community, or people attending the same school mayform a community. We should stress, however, that the network-theoretic notion of commu-nity is much broader, and is not exclusively applied to people. Some examples [113, 165] arenetworks of items on Ebay, physics publications on arXiv, or even food webs in biology. Wewill use a community detection algorithm to identify �vocabularies� within a folksonomygraph, identifying �communities� as �vocabularies.�Community detection: a formal discussionLet the network considered be represented a graphG = (V;E), when jV j = n and jEj = m.The community detection problem can be formalized as a partitioning problem, subject toa constraint. The partitioning algorithm will result in a �nite number of explicit partitions,based on clusters in the network, that will considered �communities.�Each v 2 V must be assigned to exactly one cluster C1; C2; :::CnC , where all clustersare disjoint, i.e. 8v 2 V; v 2 Ci; v 2 Cj ) i = j.Generally speaking, determining the optimal partition with respect to a given metric isintractable, as the number of possible ways to partition a graphG is very large. [164] showsthere are more than 2n�1 ways to form a partition, thus the problem is at least exponentialin n. Furthermore, in many real life applications (including tagging), the optimal number ofdisjoint clusters nC is generally not known in advance.In order to compare which partition is �optimal�, the global metric used is modularity,henceforth denoted by Q. Intuitively, any edge that in a given partition has both ends in thesame cluster contributes to increasing modularity, while any edge that �cuts across� clustershas a negative effect on modularity. Formally, let eij ; i; j = 1::nC be the fraction of all edgesin the graph that connect clusters i and j and let ai = 12Pj eij be the fraction of the ends ofedges in the graph that fall within cluster i (thus, we havePi ai =Pi;j eij = 1).



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 191The modularityQ of a graph jGj with respect to a partition C is de�ned as:Q(G;C) =Xi (ei;i � a2i ) (6.6)Informally, so Q is de�ned as the fraction of edges in the network that fall within apartition, minus the expected value of the fraction of edges that would fall within the samepartition if all edges would be assigned using a uniform, random distribution. These parti-tions are identi�ed as communities by [165]. In tagging, each of these partitions is identi�edas a vocabulary.As shown in [164], if Q = 0, then the chosen partition c shows the same modularity as arandom division.9 A value ofQ closer to 1 is an indicator of stronger community structure -in real networks, however, the highest reported value is Q = 0:75. In practice, [164] found(based on a wide range of empirical studies) that values of Q above around 0.3 indicate astrong community structure for the given network.We will return shortly to de�ne the algorithm by which this optimal partition can actuallybe computed, but �rst some additional steps are needed to link this formal de�nition to ourtagging domain.6.5.2 Edge �ltering stepAs shown in tag graph construction step above, for our data set the initial inter-tag graphcontains� 502 � = 1225 pairwise similarities (edges), one for each potential tag pair. Mostof these dependencies are, however, spurious as they represent just noise in the data, and ouranalysis bene�ts from using only the top fraction, corresponding to the strongest dependen-cies.In this chapter, we make the choice to �lter and use in further analysis only the topm =kd � n edges, corresponding to the strongest pairwise similarities. Here, kd is a parameterthat controls the density of the given graph (i.e. how many edges are there to be consideredvs. the number of vertexes in the graph). In practice, we take values of kd = 1::10, whichfor the tag graph we consider means a number of edges from 500 down to 50.6.5.3 Normalized vs. non-normalized edge weightsThe graph community identi�cation literature [165] generally considers considers graphsconsisting of discrete edges (for example, in a social network graph, people either know ordo not know each other, edges do not usually encode a �degree� of friendship). In our graph,9Note that Q can also take values smaller than 0, which would indicate that the chosen partition is worse thanexpected at random.



192 Chapter 6Algorithm 4 GreedyQ Determination: Given a graph G = (V;E); jV j = n; jEj = mreturns partition < C1; :::CnC >1. Ci = fvig, 8i = 1; n2. nC = n3. 8i; j, eij initialized as in Eq. 6.74. repeat5. < Ci; Cj >= argmaxci;cj (eij + eji � 2aiaj)6. �Q = maxci;cj (eij + eji � 2aiaj)7. Ci = CiSCj , Cj = ; //merge Ci and Cj8. nC = nC � 19. until�Q � 010.maxQ = Q(C1; ::CnC )however, edges represent similarities between pairs of tags (c.f. Eq. 6.5). There are twoways to specify edge weights.The non-normalized case assigns each edge that is retained in the graph, after �ltering, aweight of 1. Edges �ltered out are implicitly assigned a weight of zero.The normalized case assigns each edge a weight proportional to the similarity betweenthe tags corresponding to the ends. Formally, using the notations from Eq. 6.5 and 6.6 fromabove, we initialize the values eij as:eij = 1Pij simij simij (6.7)Where 1Pij simij is a normalization factor, which assures thatPij eiij = 1.6.5.4 The graph partitioning algorithmSince we have established our framework, we can now formally de�ne the graph partitioningalgorithm. As already shown, the number of possible partitions for this problem is at least2n�1 (e.g. for our 50 tag setting 250 > 1015). Therefore, to explore all these partitionsexhaustively would be clearly unfeasible. The algorithm we use to determine the optimalpartition (Alg. 4) is based on [164], and it falls into the category of �greedy� clusteringheuristics.Informally described, the algorithm runs as follows. Initially, each of the vertexes (inour case, the tags) are assigned to their own individual cluster. Then, at each iteration ofthe algorithm, two clusters are selected which, if merged, lead to the highest increase in themodularity Q of the partition. As can be seen from lines 5-6 of Alg. 1, because exactly



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 193Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7computation markets semantics powerlaw genetics robustness artoptimization economics cognition nonlinear biologyvisualization society neural complexsystems evolutionphysics community ai dynamics evolutionarymathematics organization alife chaos sciencemath ecology arti�cial emergencecomputational ecosystem life networksalgorithms environment behavior systemsinformation simulation complexcomputing research complexitytheoryTags that increase modularity the most, if eliminated: theory, science, research, simulation, networks.Figure 6.8: Optimal partition in tag clusters (i.e. �communities�) of the folksonomy graph,when the top 200 edges are considered. This partition has a Q=0.34. After eliminating the 5tags mentioned at the bottom, Q can increase to 0.43.
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Figure 6.9: Modularity (Q-factor) and number of partitions obtained from applying commu-nity detection algorithms to the scienti�c disciplines data settwo clusters are merged at each step, it is easy to compute this increase in Q as: �Q =(eij + eji � 2aiaj) or �Q = 2 � (eij � aiaj) (the value of eij being symmetric). Thealgorithm stops when no further increase in Q is possible by further merging.Note that it is possible to specify another stopping criteria in Alg. 1, line 9, e.g. it ispossible to ask the algorithm to return a minimum number of clusters (subsets), by lettingthe algorithm run until nC reaches this minimum value.



194 Chapter 66.5.5 Graph partitioning: experimental resultsThe experimental results from applying Alg. 1 to our data set are shown in Fig. 6.9. In Fig.6.8 we present a detailed �snapshot� of the partition obtained for one of the experimentalcon�gurations. There are several interesting features of the results.First, it becomes clear that using normalized edge weights produces partitions withhigher modularity than assigning all the top edges the same weight of 1. This was intu-itively hypothesized by us, since edge weights represent additional information we can use,but it was con�rmed experimentally. Second, we are clearly able to identify partitions witha modularity higher than around 0.3, which exhibit a strong community structure accordingto [165]. Yet perhaps the most noteworthy feature of the partitions is the rapid increase bothin the modularity factor Q and in the number of partitions, as the number of edges �ltereddecreases (from left to right, in our �gure).The �ltering decision represents, in fact, a trade-off. Having too many edges in the graphmay stop us from �nding a partition with a reasonable modularity, due to the high volumeof �noise� represented by weaker edges. However, keeping only a small proportion of thestrongest edges (e.g. 100 or 50 for a 50-tag graph, in our example), may also have disadvan-tages, since we risk throwing away useful information. While a high modularity partitioncan be obtained this way, the graph may become too �fragmented�: arguably, dividing 50tags into 10 or 15 vocabularies may not be a very useful.Note that it is dif�cult to establish a general rule for what a �good� or universally �cor-rect� partition should be in this setting. For example, even the trivial partition that assignseach tag to its own individual cluster cannot be rejected as �wrong� but such a trivial parti-tion would not be considered a useful result for most purposes. In this chapter we generallyreport the partitions found to have the highest modularity for the setting. However, for manyapplications, having a partition with a certain number of clusters, or some average clustersize, may be more desirable. The clustering algorithm propose here (Alg. 1) can be easilymodi�ed to account for such desiderata, by changing the stop criteria in line 9.Fig. 6.8 shows the solution with the highest modularity Q for a graph with 200 edges,in which 7 clusters are identi�ed. This partition assigns tags related to mathematics andcomputer science to Cluster 1, tags related to social science and phenomena to Cluster 2,complexity-related topics to Cluster 4 etc., while �art� is assigned to its own individualcluster. This matches quite well our intuition, and its modularity Q = 0:34 is above (albeitclose) to the theoretical relevance threshold of 0.3. In Section 6.6 we will compare thispartition (as well as the entire tag graphs constructed in Section 6.4) against an independentbenchmark that addresses the same problem, but based on a completely different data set:search engine query logs. However, �rst we brie�y present a method that can further improvethe modularity of the retrieved tag graphs.



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 195Algorithm 5 GreedyQ Elimination: Given a partition C1; :::CnC of graph G = (V;E)removes all vertexes vi 2 V that increase Q1. repeat2. vi = argmaxvi [Q(::; Ck n fvig; ::)�Q(::; Ck; ::)]3. �Q = maxvi [Q(::; Ck n fvig; ::)�Q(::; Ck; ::)]where vi 2 Ck //Ck is the partition of vertex i4. until�Q � 0
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400 edgesFigure 6.10: Modularity (Q-factors) and number of partitions obtained after gradually elim-inating tags from the data set, such as to increase the modularity. At each step, the tag thatproduced the highest increase in modularity between the initial and resulting partition wasselected. In these results, all edge weights are normalized.6.5.6 Eliminating tags from resulting partitions to improve modularityThe analysis in the previous section shows that community detection algorithms were ableto produce useful partitions, with above-relevance modularity. Still, there are a few general-meaning tags that would �t well into any of the subsets resulting after the partition. Thesetags generally reduce the Q modularity measure signi�cantly, since they increase the inter-cluster edges. Therefore, we hypothesized that the modularity of the resulting partitionscould be greatly improved by removing just a few tags from the set under consideration. Inorder to test this hypothesis, we tested another greedy tag elimination algorithm, formallyde�ned as Alg. 2. Result graphs are shown in Fig 6.10, while in Fig. 6.8 we show the top 5tags that, if eliminated, would increase modularityQ from 0.34 to 0.43.As seen in Fig. 5, for this data set only 5-6 tags need to be eliminated as eliminatingmore does not lead to a further increases in Q. In the example in Fig. 6.8, we see which



196 Chapter 6these are, in order of elimination: theory, science, research, simulation, networks. In fact,these tags, that are marked for elimination automatically by Alg. 2, are exactly those that arethe most general in meaning and would �t well into any of the subsets.Regarding scalability, it is relatively straightforward to show that both Alg. 1 and 2 havelinear running time the number of vertexes n, i.e. in this case, number of tags considered inthe initial set. In the case of Alg.1, exactly two clusters of tags are merged at each step, soone cluster increases in size by a minimum of one, until the algorithm terminates. In case ofAlg. 2, one tag is eliminated per step, until termination. In practice, this scalability propertymeans they are easily applicable to analyze much larger folksonomy systems.To our knowledge, this is the �rst line of research to investigate the applicability of thistype of algorithms to tagging, and we can conclude that results are very encouraging. Weleave some aspects open to further work. For instance, in the current approach, similaritydistances between pairs of tags are computed using all the tagging instances in the data set.In some applications, it might be useful to �rst partition the set of users that do the tagging,and then consider only the tags assigned by a certain class of users. For example, for tagsrelated to a given scienti�c �eld, expert taggers may come up with a different vocabularypartition than novice users. This may require a two-fold application of this algorithm: �rstto partition and select the set of users, and then the set of tags based on the most promisingcategory of users.While these applications of tagging distributions have shown promise, one question thatcan be reasonably asked is how well these applications of tagging compare to some bench-mark that does not use tagging distributions. In the next section we will compare the resultsobtained here from collaborative tagging data against a benchmark case, which uses �clas-sic� search engine query data.6.6 Comparison benchmark: automatic construction of key-word vocabularies from search engine query dataThe previous sections of this chapter provide a compelling argument that show that a stablecategorization scheme can arise from collaborative tagging, and these stable tagging dis-tributions can produce vocabularies that can be harnessed in a wide range of applications.However, in order to truly establish the case for tagging, we need a benchmark to comparethe results extracted from collaborative tagging data to results that can be obtained by meansof other web search methods.The obvious candidate for �nding such a comparison benchmark is to use of large-scalequery data produced by a search engine. The idea of approximating semantics by usingsearch engine data has, in fact, been proposed before, and is usually found in existing lit-erature under the name of �Google distance.� [53] were the �rst to introduce the conceptof �Google distance� from an information-theoretic standpoint, while other researchers [85]have recently proposed using it for tasks such as approximate ontology matching. It is fair
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Figure 6.11:Correlation graph from Microsoft queries, showing only correlations to the term �complexity�.

Figure 6.12:Correlation graph obtained from Microsoft query logs, considering all relevant search terms.to assume (although we have no way of knowing this with certainty), that current search en-gines and related applications, such as Google Sets [106], also use text or query log miningtechniques (as opposed to collaborative tagging) to solve similar problems.There are two ways of comparing terms (in this case, keywords) using a search engine.



198 Chapter 6One method would be to compare the number of resources that are retrieved using each ofthe keywords and their combinations. Another method is to use the query log data itself,where the co-occurrence of the terms in the same queries vs. their individual frequency isthe indicator of semantic distance. We employ this latter method as it is more amendable tocomparison with our work on tagging. In the latter method, the query terms are comparableto tags, where instead of basing our folksonomy graphs and vocabulary extraction on tags,we used query terms. In general, query log data is considered proprietary and much moredif�cult to obtain than tagging data. We were fortunate to have access to a large-scale dataset of query log data, from two separate proposals awarded through Microsoft's �BeyondSearch� awards.10 In the following we describe our methodology and empirical results.6.6.1 Data set and methodology employedThe data set we used consists of 101,000,000 organic search queries, produced from Mi-crosoft search engine Live.com, during a 3-month interval in 2006. Based on this set ofqueries, we computed the bilateral correlation between all pairs from the set of of complex-ity related terms considered in Sect. 6.4 and 6.5 above. The set of terms are, however, nolonger treated as tags, but as search keywords.11 The correlation between any two keywordsTi and Tj is computed using the cosine distance formula in Equation 6.5 from Section 6.4above. However, here N(Ti; Tj) represents the number of queries in which the keywordsTi and Tj appear in together, while N(Ti) and N(Tj) are the numbers of queries in whichTi, respectively Tj appear in total (irrespective of other terms in the query), from the 100million queries in the data set.The rest of the analysis mirrors closely the steps described in Sections 6.4 and 6.5, butoptimizing the learning parameters which best �t this data set, in order to give both methodsa fair chance in the comparison. More speci�cally, the Pajek visualization of the keywordgraphs in Figs.6.11 and 6.12 were also built by using a spring-embedder algorithm based onthe Kamada-Kawai distance, while Fig. 6.13 shows the keyword vocabulary partition thatmaximizes the modularity coef�cient Q in the new setting, considering the top 200 edges.For clarity, the graph pictures are depicted in a different color scheme, to clearly show theyresult from entirely different data sets: Figures 6.6 and 6.7 from del.icio.us collaborativetagging data, and Figures 6.11 and 6.12 from Microsoft's Live.com query logs.6.6.2 Discussion of the results from the query log data and comparisonWhen comparing the graphs in Figures 6.6 and 6.11 (i.e. the ones which only depict the re-lations to the central term �complexity�) an important difference can be observed. While the10The authors wish to thank Microsoft Research for their kind support in providing this data.11We acknowledge this method has some drawbacks, as a few terms in the complexity-related set, such as �pow-erlaw� and �complexsystems� (spelled as one word) or �alife� (for �arti�cial life�) are natural to use as tags, butnot very natural as search keywords. However, since there are only 3 such non-word tags, they do not signi�cantlyaffect our analysis.



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 199Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6complexity systems networks algorithms mathematics researchevolution visualization ai ecology physics quantitativeevolutionary organization emergence math economics qualitativechaos information neural computing art societycognition community optimization sciencebiology computation simulationtheory environment dynamicsbehavior nonlinearmarkets computationalgenetics ecosystemagentTerms left unclassi�ed (i.e. one word clusters): complex, complexsystems, robustness,multi-agent, life, arti�cial, semantics, powerlaw, alife.Figure 6.13: Optimal partition into clusters, obtained from the Microsoft query data, whenthe top 200 edges are considered. The resulting partition has a Q=0.536. However, 9 termswere assigned to their own cluster, thus basically left unclassi�ed.graph in Fig. 6.6, based on collaborative tagging data, shows 48 terms related to complexity,the one is Fig. 6.11, based on query log data, shows just 6. The basic reason is that no re-lationship between the term �complexity� and the other 40+ terms can be inferred from thequery log data. These relationships either do not appear in the query logs or are statisticallytoo weak (only based on a few instances).It is important to emphasize here that this result is not an artifact of the cosine similaritymeasure we use. Even if we use another, more complex distance measure between keywords,such as some suggested in the previous literature [53], we get very similar results. Thefundamental reason for the sparseness of the resulting graph is the query log data itself doesnot contain enough relevant information about complexity-related disciplines. For example,among the 101,000,000 queries, the term complexity appears exactly 138 times, a term suchas �networks� 1074 times. Important terms such as �cognition� or �semantics� are evenless common, featuring only 47 and 26 times respectively among more than 100 millionqueries. Therefore, it is fair to conclude that the query log data, while very large in size, isquite poor in useful information about the complexity-related sciences domain. As a caveat,we do note that more common terms, such as �community� (78,862 times), �information�(36,520 times), �art� (over 52.000), or even �agent� (about 7,000) do appear more frequently,but these words have a more general language usage and are not restricted to the scienti�cdomain. Therefore, these higher frequencies do not actually prove very useful for identifyingthe relationship of these terms to complexity science, which was our initial target question.Turning our attention to the second graph in Fig. 6.12 and the partition in Fig. 6.13, wecan see that query logs can also produce good results in comparison with tagging, althoughthey are somewhat different from the ones obtained from tagging. For example, if we com-



200 Chapter 6pare the partitions obtained in Fig. 6.8 (resulting from tagging data) and the one in Fig. 6.13(from query log data), we see that tagging produces a more precise partition of the disciplinesinto scienti�c sub-�elds. For instance, it is clear from Fig. 6.8 that cluster 1 corresponds tomathematics, optimization and computation, cluster 2 to markets and economics, cluster 5to biology and genetics, cluster 4 to disciplines very related to complexity science and soforth. The partition obtained from query log data in Fig. 6.13, while is still very reason-able, re�ects perhaps how a general user would classify the disciplines, i.e. organization isrelated to both information, systems and community (cluster 2), research is either qualitativeor quantitative (cluster 6), and the like. There are also some counter-intuitive associations,such as putting biology and markets in the same cluster (number 1). Note that the clustering(or modularity) coef�cient Q is higher in Fig. 6.13 than 6.8, but this is only because thereare less inter-connections between terms in general in the query log data, thus there are lessedges to �cut� in the clustering algorithm.To conclude, while both methods produce reasonable results, collaborative tagging doesbetter, at least for this domain. Tagging data appears to be more rich in information about in-terconnections between the terms that can be exploited by the �ltering algorithms proposedin this chapter. This can probably be explained by the fact the del.icio.us users have moreexpertise and interest in complexity-related topics than general web searchers. Furthermore,they are probably more careful in selecting resources to tag and in selecting labels for themthat would be useful to other users as well (general web searchers are known to be �lazy� intyping queries. As a caveat, we note that this target domain (i.e. complexity-related disci-plines) is scienti�c and very specialized. If the target would be more general (for example,if we selected a set of terms related to pop-culture), the comparison might lead to differentresults.In future work, it may be interesting to study the formation of such vocabularies con-sidering only the opinion (expressed in terms of bookmarks or queries) of a sub-communityof users, such as the community of expert users employed in a particular �eld. While thisshould be theoretically possible for both approaches, in practice, it may be easier to traceidentities of users with collaborative tagging, not least due to privacy concerns. People whosign up to use a collaborative tagging system are implicitly more willing to share their exper-tise with a group of users. By contrast, web search is a private activity, where tracing users'expertise level or identity during search may be undesirable.126.7 Conclusions and Future WorkThis work has explored the important question of whether a coherent, stable way of char-acterizing information can emerge from collaborative tagging systems and has presentedseveral novel methods for analyzing data from such systems.First, we have shown that tagging distributions of heavily tagged resources tend to stabi-lize into power law distributions and present a method for detecting power law distributions12Although this probably happens, to some degree, in current practice.



Emergence of Consensus and Shared Vocabularies in Collaborative Tagging 201in tagging data. We see the emergence of stable power law distributions as an aspect ofwhat may be seen as collective consensus around some shared preferences regarding the thecategorization of information, consensus driven by tagging behaviors. We have additionallypresented a method for examining the dynamics and convergence of stable tag distributionsover time by the use of Kullback-Leibler divergence measures between distributions at dif-ferent time steps. Also included is an empirical study of the importance of the �long tail� ofthe tag distributions in the convergence process.In the second part of the chapter, we propose a method for constructing and visualizingcorrelation graphs from tags, and showed how they can lend important insights into how acommunity of users sees the relations between a set of terms. We also use a method from net-work theory for partitioning tag correlation graphs that can be used to identify vocabulariesshared by a community of users. Finally, we show that vocabularies that from collaborativetagging data can be signi�cantly richer, at least for some domains, than the ones that canbe extracted from general search engine query logs. While these methods were empiricallytested using del.icio.us data, the proposed methods are general enough to be applicable toother tagging systems.This work suggests a number of exciting problems, both theoretical and applied, thatmerit further research. These include examining whether aspects of tagging distributionsand dynamics are subject to the in�uence of particular features of tagging sites, to humancognitive limits, or some mixture of the two. A thorough examination of this aspect wouldrepresent a signi�cant contribution to work in this area and would be important to manypractical tagging applications.Another important direction of work would be examining the effects of using special-ized sub-communities of users in the study of convergence of tag distributions and resultinginformation structures, rather than the entire user population as in this chapter. As shownby [101], del.icio.us is not dominated by a small number of core users, but other tagging sitesmay be. We know relatively little about how user concentration might in�uence the typesof information structures that can be derived from tags. Furthermore, the shared vocabularyused by a specialized sub-community of users may differ considerably to that of a larger userbase.Based on these results, it seems quite plausible that folksonomies can be fruitfully uti-lized for a wide category of applications related to organization of information on the web.Insights gained by taking collaborative tagging systems seriously as an empirical object ofstudy could result in insight into the complexity of the one of the world's most complexsystems, the World Wide Web.6.8 AcknowledgmentsThe initial stage of this work was performed during the authors' stay at the Santa Fe ComplexSystems Institute, Santa Fe, NM, USA. The authors thank SFI for its support.
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Chapter 7The Complex Dynamics ofSponsored Search Markets: AnEmpirical Study
7.1 IntroductionSponsored search, the payment by advertisers for clicks on text-only ads displayed alongsidesearch engine results, has become an important part of the Web. It promises to revolutionizeadvertising world and represents the main source of revenue for large search engines, suchas Google, Yahoo! and Microsoft. Nevertheless, issues that arise from sponsored searchalso represent exciting research opportunities, in �elds as diverse as economics, arti�cialintelligence, computer science and sociology.For example, the �eld of multi-agent systems, researchers have been working for sometime on topics such as designing automated auction bidding strategies in uncertain and com-petitive environments (Chapters 4 and 5 are two examples of this type of research, amongmany others, e.g. [19, 230]). Another emergent �eld which studied such topic is agent-based computational economics (ACE), where signi�cant research effort has focused on thedynamics of electronic markets through agent-based simulations. One particular topic ofresearch for the ACE community is how order and macro-level market structure can emergefrom the micro-level actions of individual users. However, most existing work has beenbased on simulations, as there are few sources of large-scale, empirical data from real-worldautomated markets. In this context, empirical data made available from sponsored searchprovides an excellent opportunity to test the assumptions made in such models in a realmarket.In this paper, which is based on a large-scale Microsoft sponsored search dataset, we203



204 Chapter 7provide such a detailed empirical analysis. To do this, we make use of several techniquesderived from computational economics, and especially complex systems theory. Complexsystems analysis (which we brie�y review below) has been shown to be an excellent tool foranalyzing large social, technological and economic systems, including web systems [41, 93,166].7.1.1 The data setThe study provided in this paper is based on a large dataset of sponsored search queries,obtained from the website Live.com1. The search data provided consists of two distinct datasets: a set of sponsored search dataset (URLs returned are allocated to advertisers, throughan auction mechanism) and an organic search dataset (standard, unbiased web search). Thesponsored search data consists of 101,171,081 distinct impressions (i.e. single displays ofadvertiser links, corresponding to one web query), which in total received 7,822,292 clicks.This sponsored dataset was collected for a roughly 3-month period in the autumn of 2007.The organic search data set consists of 12,251,068 queries, and was collected in a different3-month interval in 2006 (therefore the two data sets are chronologically disjoint).It is important to stress that in the results reported in this paper are based mostly on thesponsored search data set2. Furthermore, the sponsored search data we had available onlyprovides partial information, in order to protect the privacy ofMicrosoft Live.com customersand business partners. For example, we have no information about �nancial issues, such asthe prices of different keywords, how much different advertisers bid for these keywords, thebudgets they allocate etc. Furthermore, while the database provides an anonymized identi�erfor each user performing a query, this does not allow us to trace individual users for anylength of time.Nevertheless, one can extract a great deal of useful information from the data. For exam-ple, the identities of the advertisers, for which keyword combinations their ads were shown(i.e. the impressions), for which of these combinations they received a click, the positiontheir sponsored link was in when clicked etc. Insights gained from analyzing this informa-tion forms the main topic of this paper.7.2 Complex systems analysis applied to the web and eco-nomicsComplex systems represents an emerging research discipline, at the intersection of diverse�elds such as AI, sociology, economics and biology. The main focus of the study in the�eld of complex systems how macro-level dynamics may emerge from individual actions at1This data was kindly provided to us by Microsoft research through �Beyond Search� award2The only exception is a plot on the distribution number of clicks vs. display rank in Sect. 7.3, included forcomparison reasons.
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Figure 7.1: Distribution of clicks received by a URL (link), relative to its position on thedisplay, for sponsored and organic search. A(left-side, sponsored search dataset): Thereare up to 8 sponsored advertiser links displayed: 3 on the top of the page, and 5 in a sidebar. B(right, organic search data): There are usually 10 positions displayed per page, withmultiple result pages appearing as plateaus.the individual level by agents participating in a system (such as an electronic market). Forweb phenomena, complex systems techniques have been successfully used before to studyphenomena such as collaborative tagging [93], viral marketing [141] or the formation ofonline social groups [10].One of the phenomena that are indicative to such complex dynamics is the emergenceof scale-free distributions, such as power laws. The emergence of power laws in such asystem usually indicates that some sort of complex feedback phenomena (e.g. such as apreferential attachment phenomena) is at work. This is usually one of the criteria used fordescribing the system as �complex� [11, 41]. Research in disciplines such as econophysicsand computational economics discusses how such power laws can emerge in large-scaleeconomic systems (see [41, 166] for a detailed discussion).7.2.1 Power laws: de�nitionAs a reminder from the previous Chapter, a power law is de�ned as a relationship betweentwo scalar quantities x and y of the form:y = cx� log y = � logx+ log c (7.1)where � and c are constants characterizing the given power law.



206 Chapter 7Power laws have the important property that when plotted in log-log space, power lawsappear as straight lines. As shown by Newman [166] and others, the main parameter thatcharacterizes a power law is its slope parameter �. (On a log-log scale, the constant param-eter c only gives the �vertical shift� of the distribution with respect to the y-axis.). Verticalshift can vary signi�cantly between different phenomena measured (in this case, click dis-tributions), which otherwise follow the same dynamics. Furthermore, since the logarithmis applied to both sides of the equation, the size of the parameter � does not depend on thebasis chosen for the of the logarithm (although the shifting constant c is affected). In thelog-log plots shown in this chapter, we have chosen the basis of the logarithm to be 2, sincewe found graphs with this low basis the more graphically intuitive. But, in principle, thesame conclusions should hold if we choose the logarithm basis to be, e.g. e or 10.7.3 In�uence of display rank on clicking behaviourThe �rst issue that we studied (for both sponsored and organic search data) is how the po-sition that a URL link is displayed in in�uences its chances or receiving a click. Note thatthis particular issue has received much attention in existing literature [56, 114], as will bediscussed later. To brie�y explain, Microsoft's Live.com search interface (from which thedata was collected), is structured as follows:� For sponsored search there are up to 8 available slots (positions) in which sponsoredURL links can be placed. Three of these positions (ranked as 1-3) appear at the topof the page, above the organic search results, but delimited from those by a differentbackground. In addition, the page can display up to 5 additional links in a side bar atthe right of the page.� The �organic� search results are usually returned as 10 URL links/page (a user can optto change this setting, but very few actually do).All the sponsored links are allocated based on an auction-like mechanism between theset of interested advertisers (such a display, in any position is called in �impression�). How-ever, the advertisers only pay if their link actually gets clicked - i.e. �pay per click� model.The exact algorithm used by the engine to determine the winners and which advertiser getwhich position is a complex mechanism design problem and not all details are made public.However, in general, it depends on such factors as the price the bidder is willing to pay perclick, the relevance of the query to her set of terms, and her past performance in terms of�clickthrough rate� (i.e. how often links of that user were clicked in the past, for a given key-word). By contrast, in organic search, returned results are ranked simply based on relevanceto the user's query.
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Figure 7.2: A (left-side): Cumulative percentage distribution of the number of clicks ad-vertisers in the market receive, wrt. to their rank position, considering the top 5000 adver-tisers in the market (normal scales). B (right): Log-log scale distributions of the numberof impressions, respectively number of clicks, received by the top 10000 advertisers in themarket. Note that both distributions follow approximately parallel power laws, but the clickdistributions levels off in a �long tail� after the �rst 4000 advertisers, while the impressiondistribution has a much longer tail (not all appearing in the �gure).7.3.1 Results on display position bias and interpretationResults for the position bias on click distribution are plotted in Fig. 7.1: part A (left side)for sponsored search ant part B (right side) for the organic search. Note that both of theseare cumulative distributions: they were obtained by adding the number of clicks for a linkin each position, irrespective of the exact context of the queries or links that generated them.Furthermore, both are drawn in the log-log space.There are two main conclusions to be drawn from these pictures. For the sponsoredsearch results (Fig. 7.1.A). The distribution across the 8 slots seems to resemble a straightline, with a slope parameter aprox. � = 2. However, such a conclusion would be toosimplistic: there is, in fact, a difference between the slope between the �rst 3 positions (upto log23, on the horizontal axis), and the last 5 positions. The slope for the �rst 3 positionsis around �1 = 1:4, while for the last 5 is around �2 = 2:5. The most likely reason forthis drop comes from the way the Live.com search interface is designed. The �rst 3 slots forsponsored search links are shown on the top of the page, above the organic search results,while the last 5 are shown in a side bar on the right of the page.Fig. 7.1.B corresponds to the same plot for organic search results, the main effect onenotices is the presence of several levels (thresholds), corresponding to clicks on differentsearch pages. We stress that, since this is a log-log plot, the drop in attention between
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Figure 7.3: Distribution of advertiser market share, based on their ordered rank vs. thenumber of clicks their links receive (log-log scales). The left-hand side plot (part A) givesthe total number of clicks an advertiser received for all impressions of her links, regardless ofthe position they were in. The right-hand side (part B) gives the number of clicks received,both in total, but also when her ads were displayed on a speci�c position on the page (amongthe 8 ranked slots of the sponsored search interface).subsequent search pages is indeed very large - about two orders of magnitude (i.e. the top-ranked link on the second search page is, on average, about 65 times less likely to be clickedthan the last-ranked link on the �rst page). The distribution of intra-page clicks, however, atleast for the �rst page of results, could be roughly approximated by a power law of coef�cient� = 1:25.All this raises of course the question: what do these distributions mean and what kindof user behaviour could account for the emergence of such distributions in sponsored searchresults? First, we should point out that the fact that we �nd power law distributions in thiscontext is not completely surprising. Such distributions have been observed in many weband social phenomena (to give just one example, in collaborative tagging systems, in thework by one of the co-authors of this chapter [93] and others). In fact, any model of �top tobottom� probabilistic attention behaviour, such as a user scanning the list of results from topto bottom and leaving the site with a certain probability by clicking one of them could giverise to such a distribution. Such models and their re�nements have been proposed in previousliterature [21, 56, 114]. Of course, more �ne-grained models of user behaviour are neededto explaining click behaviour in this context. But for now we leave this issue to furtherresearch, and we look at the main topic of this chapter which is examining the structure ofthe sponsored search market itself.



The Complex Dynamics of Sponsored Search Markets: An Empirical Study 2097.4 Market structure at the advertiser levelIn this Section, we look at how sponsored search markets are structured, from the perspectiveof the participants (i.e. advertisers that buy search slots for their URLs). More speci�cally,we study how relative market shares are distributed across link-based advertisers. We notethat in many markets, an often cited rule, also informally attributed to Pareto, is that 20% ofparticipants in a market (e.g. customers in a marketplace) drive 80% of the activity. Here,we call this effect the �market concentration�.In a sponsored search market, the main �commodity� which produces value for marketparticipants (either advertisers and the search engine) is the number of clicks. Therefore, the�rst thing that we plotted (�rst, using normal, i.e. non-logarithmic axes) is the cumulativeshare of different advertisers (see Fig. 7.2. A. - left side graph). From this graph, one canalready see that just the top 500 advertisers get roughly 66% (or about two-thirds) of the total7.8 million clicks in the available data set3.Since in our data, there are at least 10000 distinct advertisers (most likely, there are manymore, but we only considered the top 10000), this means that a percentage of less than 5% ofall advertisers have a two-thirds market share. This suggests that sponsored search marketsare indeed very concentrated, perhaps even more so than �traditional� real-world markets.An issue to be discussed here is what this market concentration in terms of receivedclicks means for the concentration in terms of revenue. While it is user clicks representthe paid �commodity� in most of today's sponsored search markets, a click may be worthmore or less, depending on its position (i.e. rank) on the screen and on how popular (i.e. indemand) are the search keywords leading to that click. Although we have no data for actualmonetary revenue, we hypothesize that the market concentration in terms of number of clicksrepresents a good lower bound for the concentration in terms of revenue as well. This isbecause the top advertisers are more likely to get their ads displayed in the top positions, andalso for the more popular keywords, than advertisers with a low market share. Therefore,they probably pay per click at least the average market price, if not more.7.4.1 Distribution of impressions vs. distribution of clicks for the topadvertisersNext, we studied the detailed distribution of the numbers of impressions (i.e. displayedURLs) and clicks on these impressions, for the top 10000 distinct advertisers. Results areshown in Fig. 7.2.B. (right-hand side graph), using a log-log plot.The main effect that one can see from Fig. 7.2.B. is that the distribution of impressionsand the distribution for clicks received by the advertisers form two approximately parallel,3Note that an advertiser was taken, following the available data, by the domain URL of the sponsored link. Thisis a reasonable assumption, in this case. For example, Ebay uses many sponsored links to different products, eachrelevant for different search terms. However, using this technique, Ebay is taken as one advertiser, regardless ofhow many different items its URLs point to.



210 Chapter 7straight lines in the log-log space (i.e. they are two power laws of approximately the sameslope coef�cient �). There is one important difference, though, which is the size of the �longtail� of the distribution. The distribution of the number of clicks (lower line), levels off afterabout 4000-5000 positions. Basically, in data terms, this means that advertisers beyond thetop 5000 each receive a negligible number of clicks, at least in the dataset we examined.The reason for this may be that their ads almost always appear in the lower display ranks,or simply that they bid on a set of rarely used (or highly specialised) search keywords. Bycontrast, the distribution of impressions still continues for many more positions (althoughwe only represent the top 10000 distinct advertiser IDs here, as the rest do not play anysigni�cant role in the click market).7.4.2 Distribution of market share per display rank positionThe previous Section examined the power law distributions of the number of clicks eachadvertiser gets in aggregate (i.e. over all display ranks his/her links are shown in). Here, welook how an advertiser's market share distribution is affected when broken down per displayrank (an issue we already touched on in Sect. 7.3).However, we �rst make a slight restriction in the number of advertisers we consider. Asshown in Sect 7.4.1 above, there is a power law distribution in the clicks received by the top4000 advertisers, advertisers ranked beyond this position each receive a negligible numberof clicks. Therefore, in this Section, we restrict our attention to the top 4000 advertisers.As these 4000 advertisers receive over 80% of all 7.8 million clicks in the data set (see Fig.7.2.A), we do not risk loosing much useful information.Results are shown in Fig. 7.3. First, in Fig. 7.3.A. we show again, more clearly, thepower law distribution of the number of clicks for the top 4000 advertisers. Note that thisis a �wide� distribution, in the sense that it covers 4000 positions and several orders ofmagnitude. On the right-hand side graph (Fig. 7.3.B), we show the same graph, but now,for each advertiser, we also break down the number of clicks received by the position his/hersponsored URL was in when it was clicked.Surprisingly, perhaps, the smooth power law shape is not followed at the level of thedisplay rank - in fact, for the lower levels the variance becomes so great that the distribu-tion breaks down, at the display rank level. We hypothesize the most likely reason for thisvariance is the way each individual advertiser does the bidding for the preferred keywords atdifferent points in time, or the way he speci�es the way his keyword budget could be used indifferent periods. For example, some advertisers may have a short-running sale campaign,when they will bid aggresively for the preferred keyword, hence getting the top spot. Bycontrast, others may prefer to have longer-running ads, even if they don't get the top spotevery time. Some anecdotal evidence from online marketing suggests that even just the re-peated display of a link of a certain merchant on the screen may count: if a user sees an adrepeatedly in his/her attention space, that may establish the brand as more trustworthy.In Fig. 7.3.B, by looking the the top 4 advertisers in this dataset, one can already see that



The Complex Dynamics of Sponsored Search Markets: An Empirical Study 211users ranked 2 and 3 utilize a rather different strategy than �the trend� represented by users1 and 4. While their total number of clicks does follow, approximately the power law, theyseem to get, proportionally speaking, more clicks on the top-ranked slot on the page thanthe rest. While, in order to preserve the privacy of the data, we cannot mention who thesecompanies are, it does seem that users 2 and 3 are actually �aggregators� of advertisingdemand. By this, we mean online advertising agencies or engines (or automated servicesoffered by the platform itself) that aggregate demand from different advertisers and do thebidding on their behalf. Apparently, this allows them to capture, proportionally, more oftenthe top slot for the required keyword. Unfortunately, however, we cannot investigate thisaspect further, since the dataset provided does not contain any information about bidding,budgets or �nancial information in general.In the following and last Section of this chapter, we turn our attention to a somewhat dif-ferent problem: how could we use insights gained from analyzing this query data to providea bidding decision support for advertisers taking part in a sponsored search market.7.5 Using click data to derive search term recommenda-tionsThe previous Sections of this chapter used complex systems analysis to provide a high-levelexamination of the dynamics of sponsored search markets. In this Section, we look at howsuch query log data could be used to output recommendations to individual advertisers. Thisshould lead to answers to questions such as: What kind of keyword combinations look mostpromising to spend one's budget on, such as to attract a maximum number of relevant userclicks?While the previous analysis of power-law formation was done at a macro-level, in thisSection we take a more local perspective. That is, we do not consider the set of all possiblesearch terms, but rather a set that is speci�c to a domain. This is a reasonable model: inpractice, most advertisers (which are typically online merchants), are only concerned with arestricted set of keywords which are related to what they are actually trying to sell.For the analysis in this chapter, we have chosen as a domain 50 keywords related to thetourism industry (i.e. online bookings of tickets, travel packages and such). The reasonfor this is that much of this activity is already fast moving online (e.g. a very substantialproportion of, for example, �ight tickets and hotel reservations are now carried out online).Furthermore - and perhaps more important - there are low barriers of entry and the �eld is notdominated by one major player. This contrasts, for example, other domains, such as the saleof Ipods and accessories, where Apple Stores can be expected to have a dominant positionon the clicks in the market.



212 Chapter 77.5.1 Deriving distances from co-occurrence in sponsored click logsGiven a large-scale query log, one of the most useful pieces of information it provides is theco-occurrence of words in different queries. Much previous work has observed that the factthat two search keywords frequently appear together in the same query gives rise to someimplicit semantic distance between them [93].In this chapter, we take a slightly different perspective on this issue, since, in computingthe distances, we only use those queries which received at least one sponsored search clickfor the text ads (i.e. URLs) displayed alongside the results. We argue this is a subtle but veryimportant difference from simply using co-occurrence in organic search logs. The fact thatqueries containing some combination of query words lead to a click on a sponsored URLimplies not only a purely semantic distance between those keywords, more important for anadvertiser, the fact that users searching on those combinations of keywords have the possibleintention of buying things online.Formally, let N(Ti; Tj) denote the number of times two search terms Ti and Tj appearjointly in the same query, if that query received at least one sponsored search click. LetN(Ti) and N(Tj) denote the same number of queries leading to a click, in which terms Ti,respectively Tj appear in total (i.e. regardless of other terms they co-occur with). Then, thecosine similarity distance between terms Ti and Tj can be de�ned as:Sim(Ti; Tj) = N(Ti; Tj)pN(Ti) �N(Tj) (7.2)7.5.2 Constructing keyword correlation graphsThe most intuitive way to represent similarity distances is through a keyword correlationgraph. The results from our subset of 50 travel-related terms are shown in Fig. 7.4. In thisgraph, the size of each node (representing one query term) is proportional to the absolutefrequency of the keyword in all queries in the log. The distances between the nodes areproportional to the similarity distance between each pair of terms, computed Eq. 7.2, wherethe whole graph is drawn according to a so called �spring embedder�-type algorithm. Inthis type of algorithm, edges can be conceived as �springs�, whose strength is indirectlyproportional to their similarity distance, leading to cluster of edges similar to each other tobe shown in the same part of the graph.There are several commercial and academic packages available to draw such complexnetworks. The one we think is most suitable - and which was used for graph Fig. 7.4 - isPajek (see [12] for a description). Note that not all edges are considered in the �nal graph.Even for 50 nodes, there are � 502 � = 1225 possible pairwise similarities (edges), onefor each potential keyword pair. Most of these dependencies are, however, spurious (theyrepresent just noise in the data), and our analysis bene�ts from using only the top fraction,
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Figure 7.4: Visualization of a search term correlation graph, for a set of search terms relatedto the tourism industry. Each search term is assigned one coloured dot. The size of the dotsgives its relative weight (in total number of clicks received), while the distances betweenthe dots are obtained through a spring-embedder type algorithm and are proportional to theco-occurrence of the two search terms in a query. Each dot is marked with its success rate(percentage of the total number of impressions associated with that query word that receiveda click).corresponding to the strongest dependencies. In the graph shown in Fig. 7.4, containing 50nodes, only the top 150 strongest dependencies were considered in the visualization.7.5.3 Graph correlation graphs: resultsThere are several conclusions that can be drawn from the visualization in Fig. 7.4 constructedbased on the Live.com sponsored search query logs. First, notice that each node was labellednot only with the term or keyword it corresponds to, but also with the aggregate click-throughrate (CTR), speci�c for that keyword. Basically, this is the percentage of all the queries thatused the term which generated at least one click to a sponsored search URL displayed withthat query.



214 Chapter 7Note that these click-through rates may, at a �rst glance, seem on the low side: in generalonly a few percent of all queries actually lead to a click on an sponsored (i.e. advertiser) link.Nevertheless, as a search engine receives millions of queries in a rather short period of time,even a 5%-10% click-through rate can be quite signi�cant. Note that some keywords (such a�cheap�) have a higher click-through rate than others. The reason for this may be that peoplesearching for �cheap� things (e.g. cheap airline tickets, cheap holiday packages, hotel roomsetc.) may already have the intention to buy something online, and therefore are more likelyto [also] click on sponsored links.However, the most interesting effect to observe in Fig. 7.4 are the term clusters thatemerge in different parts of the graph, from the application of the spring-embedder visual-ization algorithm. For example, the leftmost part of the graph has 4 terms related to weather,such as �warm�, �tropical� and �exotic�. On the top left part of the graph, one can �nd termssuch as �entertainment�, �nightlife�, �party� and �fun�, while very bottom part includes re-lated terms as such �climbing�, �hiking� and �mountain�. The top-right part includes com-mercial terms such as: �ticket�, �tickets�, ��ight�, �cheap�, �last�, �minute�. The centralpart of the graph includes terms such a �beach�, �sand�, �sea�, �resort�, �ocean�, �island�etc. Additionally, pairs of terms one would naturally associate do indeed appear close to-gether, such as �romantic� and �getaway� and �sunset� and �sunrise� and �ocean�.In the following, we discuss an algorithm that can detect such clusters automatically.More precisely, we would like an algorithm that selects combinations of tags that lookpromising in attracting queries and clicks.7.5.4 Automatic identi�cation of sets of keywordsIn this Section, we show how keyword graphs could be automatically partitioned into rele-vant keyword clusters. The technique we use for this purpose is the so called �communitydetection� algorithm [164], also inspired by complex systems theory. In network or graph-theoretic terms, a community is de�ned as a subset of nodes that are connectedmore stronglyto each other than to the rest of the network (i.e. a disjoint cluster). If the network analysed isa social network (i.e. vertexes are people), then �community� has an intuitive interpretation.However, the network-theoretic notion of community detection algorithm is broader, hasbeen successfully applied to domains such as networks of items on Ebay [113], publicationson arXiv, food webs [164] etc.Graph partitioning and community detection algorithmThe basic algorithm used to perform the partition is the same as in the Chapter 6 of thisthesis (and adapted from [164]), with the important difference that this time applied to graphsconstructed based on click data. We do not provide again the full formal discussion in thischapter, but basically the same type of considerations, regarding computational ef�ciency,still apply.



The Complex Dynamics of Sponsored Search Markets: An Empirical Study 215Cluster 1 Cl. 2 Cl. 3 Cl. 4 Cl. 5 Cl. 6 Cl. 7 Cl. 8 Cl. 9beach party package weather getaway diving cruise show lastluxury entertainment vacation exotic romantic swimming sunrise tickets minutehotel nightlife holidays tropical sunset ticket visitisland fun destination warm cheapresort Hawaii deal �ightsun Oahu tourmountain offerocean greathikingclimbingseasand Keywords eliminated to increase modularity: holiday, holidays, relaxation, trip.Figure 7.5: Optimal partition of the set of travel terms in semantic clusters, when the top150 edges are considered. The partition was obtained by applying Newman's automated�community detection� algorithm to the graph from Fig 7.4. This partition has a clusteringcoef�cient Q=0.59.7.5.5 Discussion of graph partitioning resultsThe results from the graph partitioning algorithm, showing the partition maximises the mod-ularity Q for this setting, is shown in Fig. 7.5. Note that this is not the only possible wayto partition this graph - if one would consider a different number of strongest dependenciesto begin with (in this case we selected the top 150 edges, for 50 keywords), or a differentstopping criteria, one may get a somewhat different result. Furthermore, note that some key-words, which were very general and could �t in several clusters (shown below the �gure),were pruned in order to improve modularity, through a separate algorithm not shown here.Still, the partition results shown in Fig. 7.5 match well what our intuition would describeas interesting combinations of search terms, for such a setting. There is one large centralcluster, of terms that all have reasonably strong relations to each other, and a set of small,marginal clusters on the side. The large cluster in the middle could be further broken by thepartition algorithm, but only if we force some other stop criteria than maximum modularity(such as a certain number of distinct clusters). The partition in Fig. 7.5 �ts well with whatcan be graphically observed in Fig. 7.4: actually, most of the clusters obtained automaticallyafter partition can be identi�ed on different parts of the graph. This does not have to be aone-to-onemapping, however, because in a 2D drawing, the layout of the nodes after �springembedding� may vary considerably and, furthermore, there are keywords which could �twell into 2 clusters, and were assigned to one as that had a slightly higher modularity.It is important to stress that the above partition (and resulting vocabulary) was obtainedusing sponsored search data, rather than organic search one. This is because the purpose of



216 Chapter 7the resulting vocabulary is to inform the advertisers in this space which keyword combina-tions the users that actually click on sponsored search ads are more likely to use. This doesnot necessarily also have to be the most semantically relevant vocabulary (for which one canalso use organic search data).7.6 Discussion7.6.1 Contribution of the chapter & related workOur work can be seen as related to several other directions of research. Similar techniquesto the ones used in this chapter have been successfully applied to analyse large-scale col-laborative tagging systems (Halpin et al.'07 [93]). Other work proposes models to analyseother web phenomena, such as the dynamics of viral marketing Leskovec et. al. [141] orpreference networks for Ebay items (Jin et. al. '07 [113]).The amount of work which is speci�cally geared to sponsored search auctions, especiallyempirical studies, has so far been rather limited (probably not least due to lack of extensivedatasets in this �eld). Much of the work that exists looks mostly at user clicking behaviour,and in particular the bias introduced by a link's display rank on clicking behaviour (such asdiscussed in Sect. 7.3 of this chapter). Prominent examples of this approach are: Craswellet al. '08 [56] and Joachims et al.'05 [114].Another important direction of work uses existing intuitions about user clicking be-haviour to design different allocation mechanisms for this problem - the work of Borgs et.al. '07 [21] is a good example of this approach. By comparison to this work, this direc-tion is much more theoretical and mostly concerned with game-theoretic issues. There hasalso been recent work that uses Markov models for sponsored search. For example, Hon-sagar and Cherepanov [104] consider the problem of designing optimal bidding strategiesfor advertisers with budget constraints, participating in multi-unit, multi-slot auctions.One paper that is very related in scope to ours, since it also provides an empirical studyof search engine advertising markets is Ghose and Yang '08 [84]. This work takes, however,a different perspective on this problem, also due to the different type of data the authors hadavailable. By contrast to this chapter, the data that [84] use comes from a single, large-scaleadvertiser. This means they do get access to more detailed information (including �nancialone) and can say more about actual bidding behaviour. By comparison, the data availableto us for this study does not contain any detailed �nancial information, but it does allowus to have a much more global level view of the structure of the whole market (from theperspective of the search engine, not just a single advertiser). This provides very importantinsights about the structure of sponsored search markets.There exists previous work that has applied similar co-occurrence-based techniques toorganic search logs or tagging systems [51, 53, 93]. However, our focus in this chapter isdifferent: we do not aim to to merely deducewhat is the semantic distance between keywords



The Complex Dynamics of Sponsored Search Markets: An Empirical Study 217in the general sense, but what kind of combinations of keywords are �nancially interestingfor a sponsored search advertiser to bid on. This is the reason why the size of the nodes anddistances computed in Fig. 7.4 are built using only queries which lead to an actual click on asponsored ad. Basically, this is equivalent to �ltering only the �opinion� (expressed throughqueries) of the subset of users that are likely to buy something online, rather than all searchengine users. To our knowledge, this is the �rst approach to use sponsored search click datain this way. A related recent paper, with a somewhat different focus from ours, is Malekianet. al. '08 [150], who propose a method for recommending ef�cient query rewrites usingpay-per-click search advertising data.7.6.2 Future workThis work, being somewhat preliminary, leaves many aspects open to future research, ofwhich we only mention a few possibilities. On such aspect would be is the issue of external-ities: how the presence of links by competing advertisers in�uences the clickthrough ratesof other bidders. As the competition is basically on customers' attention space, externalitiesplay an important role in the ef�cacity of sponsored search impressions.Another very interesting topic would be to study the structure of sponsored search mar-kets (in terms of advertiser market share etc.) not only at the global, macro-level, but atthe level of individual sets of keywords. In fact, sponsored search can be seen not only asone market, as a network of markets, since most advertisers are interested in (and bid on) aspeci�c set of keywords related to what they are selling. For example, we could apply our�community detection� algorithm to partition not only sets of search keywords, but also setsof bidders (advertisers) interested in those keywords. This should allow us to derive morein-depth insights into the structure of sponsored search.7.6.3 AcknowledgementsThe authors thank Microsoft Research for their support, in the framework of a `BeyondSearch� award. We also wish to thank Nicole Immorlica and Renato Gomes (NortwesternUniversity) for many useful discussions in the preliminary stages of this work.
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Chapter 8Conclusions and further workThis thesis has investigated several aspects concerning modeling of complex preferences inagent-mediated electronic markets. The researchwork can be classi�ed into threemain parts:electronic negotiation, sequential auction bidding and web applications, each consisting of2 chapters. All the problems identi�ed and investigated here are important, open problems,and each of the chapters brings a novel contribution to existing literature in the �eld.It is important to note that the work reported in this thesis, although it's inspired bypractical, applicable problems, aims to have a contribution to the fundamental research inthis �eld. This is different from applied, industrial case-based research. While we alsodescribe one industrial case study (which also resulted in publications), this is reported in anappendix.This �nal chapter aims to give a summary of the main contributions of this thesis toliterature of the research presented in each of the chapters. Furthermore, we discuss whichdirections we identify as most promising to be explored in future research. We address thesetwo issues in separate subsections.8.1 Overview of the research contributions per chapterThe research presented in each of the chapters of this thesis brings a novel contribution tothe existing literature. In the following, we brie�y summarize the results and contribution ofeach chapter.Chapter 2: This chapter shows, in a bilateral, and partially cooperative negotiationframework, how incomplete preference information could be used to improvemulti-attributenegotiation outcomes. We propose a mechanism through which varying amounts of prefer-ence information (in the form of attribute utility weights communicated by the negotiationpartner) can be used to improve the ef�ciency of bargaining outcomes. Furthermore, when221



222 Chapter 8preference information is not available, we propose a novel �guessing� mechanism to esti-mate these utility weights from the bids of the opponent. While it is true that the results aretailored to the negotiation framework for which they were developed [116�118], at the mo-ment the original publication appeared, the results provided an important proof-of-conceptapplication about the use of incomplete preference information in multi-attribute negotia-tion. In the meantime, the �eld developed considerably and many authors, either based onor partially inspired by our research, continued to build and develop further models for themulti-issue negotiation problem, in e.g. [25, 78, 103, 109, 136, 201, 225, 233].Chapter 3: This is a more extensive chapter in the thesis, and provides a substantialcontribution to the negotiation literature. The chapter studies the problem of modeling bi-lateral negotiations over many interdependent, binary issues or over the composition of alarge bundle of items. The issue of non-linear preferences had not been much explored inexisting literature prior to our research, but was known to be much harder and more compu-tationally expensive. Our work proposed a novel utility graph formalism for modeling agentpreferences in such negotiations, assuming the non-linearities can be succinctly representedin k-additive form. We show how such utility graphs can be used for ef�cient opponentmodeling and for focusing the search for an ef�cient outcome in the most promising part ofthe complex utility space.A second contribution is the method proposed to approximate the structure of a utilitygraph for an anonymous buyer, based on collaborative �ltering of past negotiation data. Thisprovides a link between the techniques using to model utilities in agent-mediated negotiationand the techniques used in social recommendation engines. The combination of these twotechniques allows bargaining agents to �nd an ef�cient agreements relatively fast, even in ahigh dimensional utility spaces.Ideas from this work were used as a source of inspiration by other authors working oncomplex multi-issue negotiation (especially work that considers non-linear utility functions)- see, among others: [49, 76, 100, 102, 136, 137].Chapter 4: This is the �rst chapter in the thesis to deal with the complex problem ofbidding in sequential auctions. The basic contribution of this work to the literature was tointroduce explicit risk pro�les when designing bidders' strategies in sequential auctions. Weanalyze, for a category of expectations of future auction prices, the effect that a bidder's riskaversion pro�le has on her decision-theoretic optimal bidding policy.Our experimental results show that risk-averse agents have, as expected, less chance ofending up with an incomplete bundle and making a loss in any isolated auction sequence.However, for a longer time horizon, due to the fact that risk-averse agents participate infewer auction sequences, they make, on average, less expected pro�t. Furthermore, for somemarket settings (especially those with multiple types of goods), the fact that bidders are riskaverse can also decrease auctioneer revenues.Chapter 5: The research in this chapter studies the use of priced options to solve theproblem of exposure to the risk of a loss that bidders with valuation complementarities facein sequential auctions. This problem, although it often appears in practice, is known to be



Conclusions and further work 223hard, in the sense that bidders have no generally dominant bidding strategy to acquire theitems they need. Our work builds on and signi�cantly extends an idea �rst proposed by Juda& Parkes [120], which proposed a mechanism for assigning free options to buyers, undersome conditions.By comparison to [120], in our model, sellers of different items have the choice of ei-ther auctioning their items directly, or through a priced option. Each seller sets an exerciseprice for his/her option and then sell it through an auction protocol. We analyze this modeltheoretically for the case where the competition is formed by local bidders, and derive theconditions required for both buyers and sellers to have an incentive to use the options mech-anism. Furthermore, we also perform an experimental investigation of a market setting inwhich multiple synergy buyers are active simultaneously.Chapter 6: This chapter focuses on user preferences in online social systems, in partic-ular tagging systems. It uses data from the social bookmarking site del.icio.us to empiricallyexamine the dynamics of collaborative tagging systems and to study how coherent catego-rization schemes emerge from unsupervised tagging by individual users. First, we study theformation of stable distributions in tagging systems, which are seen as an implicit form of�consensus� reached by the users of the system around the tags that best describe a resource.We show that �nal tag frequencies for most resources converge to power law distributionsand we propose novel methods to examine the dynamics of the process. This convergenceanalysis is performed both for the most utilized tags at the top, and the so-called �long tail�of tag distributions.Second, we study the information structures that emerge from collaborative tagging,namely tag correlation graphs. We show how community-based network techniques canbe used to extract simple tag vocabularies from the tag correlation graphs by partitioningthem into subsets of related tags. Furthermore, we are also able to show, at least for a spe-cialized domain, that shared vocabularies produced by collaborative tagging are richer thanthe vocabularies which can be extracted from search engine query logs. Ideas from thiswork were further expanded or served as a partial source of inspiration for a large numberof subsequent publications on tagging systems, e.g. [2, 17, 18, 35, 50, 62, 98, 101, 105, 125,143, 170, 177, 198, 209, 212�214,234] (among many others).Chapter 7: This �nal chapter uses complex systems techniques (similar to Chapter 7) tostudy the structure and dynamics of online advertising markets. The work presents an empir-ical study based on real data fromMicrosoft's Live.com, and it complements the simulation-based study of electronic markets described other chapters. Furthermore, like Chapter 6, thischapter also uses a complex systems analysis perspective.First, we look at how the display rank of a URL link in�uences its click frequency,for both sponsored search and organic search. Then, we study the market structure thatemerges from these queries, especially the market share distribution of different advertisers.We show that both the number of ad impressions and the number of clicks follow powerlaw distributions of approximately the same slope gradient. However, we �nd this resultdoes not hold when studying the same distribution of clicks per rank position, which showsconsiderable variance, due to the way advertisers divide their budget on different keywords.



224 Chapter 8Finally, we provide a method to represent and visualize keywords of interest in graphicalform, as well as a method to partition these graphs to obtain desirable subsets of searchterms.Appendix A: The work in this appendix resulted from a practical case study, which wasalso used to inform design choices made in other chapters, especially the part that concernsbidding in sequential auctions. It describes an agent-based platform for the allocation ofloads in distributed transportation logistics, developed based on an case provided by VosLogistics Organizing, Nijmegen. The case study around which the simulation was builtinvolves a set of agents bidding for transportation loads to be distributed from a central depotin the Netherlands to different locations across Germany. Our simulation platform supportsboth human agents, who can bid through specialized planning and bidding interfaces, as wellas automated, software agents. The main contribution of this work to the literature is that,unlike other platforms proposed in previous literature to test bidding strategies (such as theones developed around the TAC competition [192, 230]), it follows a real business scenarioproposed by Vos. The distribution of order location and sizes follows real-life data, andthe platform includes realistic planning/bidding constraints (such as return or partial truckloads). The fact that the model closely follows a real-life scenarion makes it intuitive to usefor human transportation planners, and it allows for testing their bidding behaviour againstautomated strategies that could be designed for this particular industrial setting.8.2 Further workIn this section, we provide a discussion of the directions of further work we identify as mostpromising. Some are intuitive extensions of ideas already proposed in different chapters ofthis thesis, others are more involved and would require a more long-term research effort. Forclarity, the discussion is also done per chapter, but paying special attention to the connectionsthat can be identi�ed between the research and techniques presented in different chapters ofthe thesis.There are many possible extensions to the bilateral negotiationmodel presented inChap-ter 2. As presented here, the model is rather speci�c, so the conclusions drawn are some-what tailored to this model. Therefore, it would be interesting to make it more generic, orto study how the heuristics we propose could work (or could be adapted) for more complex,high-dimensional negotiations. Another extension we considered is dealing with other typesof incomplete preference information for some attributes, rather than a qualitative orderingheuristic (e.g. for example, if we consider the colour of the car, then fuzzy logic techniques,such as those proposed in [71, 204] could be incorporated). One of the main limitations iden-ti�ed for the negotiation model in Chapter 2, i.e. the assumption of linear utility functionsof bargaining agents using the mechanism, has already been extensively investigated by ourwork in Chapter 3. Furthermore, other very important directions for further work (especiallythe human-machine interaction aspects) have been researched in subsequent work by thegroup of my co-author, Catholijn Jonker and collaborators [23�25,102, 103].



Conclusions and further work 225The model proposed Chapter 3 also raises some interesting ideas for possible exten-sions. One of them concerns the class of utility graph structures for which our algorithmswere designed. The utility graph structures considered in Chapter 3, although we exten-sively investigated several structures, can be classi�ed as �random graphs� [20] (that means,on average, two random vertexes have the same chance of connected by an edge). This is astandard choice in graph theory. However, recent empirical evidence from large web-basedphenomena suggests that real web item graphs (e.g. books on Amazon) may have a morescale free structure. In scale free graphs, the connectivity of nodes follow highly skewedpower law distributions (see Chapter 6 of this thesis), where several items are very popu-lar and connected to many others and others much less so. In this case, the separation andlearning algorithms discussed in Chapter 3 could be adapted to be made more ef�cient forscale free structures. Another possibility, inspired by our more empirical work, would be touse the community-based graph identi�cation algorithms discussed in Chapters 7 and 8 to�rst divide the utility graphs into separate subsets (bundles) of items. Such a prior clusteringinto subsets of items (which could then be negotiated on independently, in parallel threads)would probably make the negotiation problem more tractable computationally.Finally, a point of further research which, we argue, is worthwhile to pursue by theresearch community in the �eld is coming up with some precise benchmark (or set of bench-marks) for the classes of non-linearity in utility functions which would be useful and prac-tically relevant to study in the context of multi-issue negotiation. There has been, recently,an increasing interest in this �eld, and different papers propose different models, each withtheir own techniques and own approach to the problem. Some examples include: simu-lated annealing, evolutionary techniques, utility graphs, ISO-utility based techniques, eveneliminating non-linearities, for some settings [102, 108, 109, 126, 137, 144, 185, 186]. How-ever, the different choices and underlying assumptions that these models start from makesa meaningful comparison dif�cult. Such a benchmark would not only ease comparison, butwould also indicate what kind of settings or utility classes would be interesting to study inmore depth for multi-issue negotiation. In this context, empirical work on any availableactual e-commerce data from real users could also have an important role to play - as elec-tronic commerce, broadly de�ned, is the basic �target domain� indicated by most of thesetechniques.Chapter 4, which deals with risk aversion, opens up many follow-up research questions,of which Chapter 5 has been one possibility. Especially, in the experimental results, morecomplex utility functions for the risk-averse bidding agents could be considered, as well asthe presence of several complementary-value bidders in the same market. In such a case,there is no dominant bidding strategy in sequential auctions, and the agents would need todynamically learn and adapt their strategies online, based also on the strategies and riskaversion of the competitors.Another promising idea would be to combine the option techniques proposed to deal withthe exposure problem in sequential auctions from Chapter 5, with risk aversion of the biddersdiscussed in Chapter 4. This would represent the next, challenging step in addressing theproblem of reducing the exposure to risk of loss that agents with complementary valuations



226 Chapter 8face when participating in sequential auctions. We conjecture that it is quite possible that thebene�ts of using options would increase in the case agents forming the market have differentrisk aversion pro�les.Other than the risk averse aspect, the experimental results in Chapter 5 could also beextended in other ways. For example, while we did consider the presence of several synergybidders in the market, those experiments still represent only a �proof of concept� regardingthe working of the mechanism. In a larger market, especially one in which multiple sellersand buyers interact repeatedly, learning may also play a crucial role. In such a market,buyers could learn their best bidding strategy, but sellers can also learn what exercise pricethey should �x for their items, such as to obtain maximal expected pro�t from a sequenceof auctions. Because our de�nition of options is very �exible (e.g. direct sale appears asa particular case, for K = 0), sellers of some types of items may conclude that directauctioning is their best strategy, while the sellers of other items may prefer to use options.The tagging work reported in Chapter 6 already underwent several rounds of expansionsince our initial result, published after the Santa Fe summer school. But tagging is a veryactive research area, and several authors have already taken up ideas from our WWW'07conference paper and pursued them further. Dellschaft & Staab [62], for example, proposea novel generative model to explain the shape of tag power law distributions, by introduc-ing background user knowledge. Heyman, Koutrika & Garcia-Molina [101] perform a moresystematic comparison of the dynamics of tagging systems vs. standard web search. Otherpapers build more elaborate types of graph to examine information from tagging systems.For our own research, one idea we found worth pursuing (if time is available) is more onthe social aspects of the problem: examining how sub-communities of users form, and howthe local tag vocabularies for these communities emerge (which may be different from the�general� vocabulary of all users). For example, we could use our graph and partitioningalgorithms to �rst partition users in sub-communities, and then examining the tag struc-tures each community uses. A possible step in this direction is the work resulting from ourDagstuhl paper, which looks at the social dynamics of Flickr groups [10].The work on sponsored search reported in Chapter 7 is fairly preliminary, although itputs forward some promising ideas. Some aspects we wish to investigate in further workcould be, for example, how the keyword vocabularies and graphs extracted from sponsoredsearch click data compare with those extracted from organic search data, or from collabora-tive tagging. Another important direction is the issue of externalities: how the presence of anad from a certain advertiser in�uences the number of clicks that ads of competitors receive,when displayed side by side. Potentially, such externality effects could also be represented ina (directed) graphical form and analysed. Moreover, insights gained from empirical analysisof sponsored search data can also be used to inform research on designing automated biddingstrategies (especially as most ad auctions involve repeated and sequential interactions). Forexample, it could be potentially contribute useful ideas to a new Trading Agent Competitionthat focuses on ad auctions and sponsored search, proposed to start in 2009 [119].Finally, there is considerable future work which should be performed regarding the trans-portation logistics platform described in Appendix A. Our work on this case study has now



Conclusions and further work 227led to a well-de�ned platform, which was considered realistic and intuitive for the humanlogistic planners. However, more applied and behavioural type of research could test theirbidding behaviour in sequential auctions, based on our tool. Potentially, such tests couldevolve not only human planners, but also intelligent automated bidding heuristics, for whichthe basis were laid in the more theoretical chapters of this thesis. These ideas probably in-volve longer term research, which could be done by Vos Logistics itself, or as part of a moreapplied, industrial reseach project.8.3 Concluding remarksThis thesis has investigated some important issues regarding agent-mediated electronic mar-kets. While the topics investigated in the different chapters are rather diverse, they madesome solid contributions to the literature, as can be seen from the list of resulting publica-tions and, for some, also from the list of resulting citations. As we see it, all topics coveredhere relate to the crucial issue of ef�ciently representing preferences in such complex, onlinesettings - and designing ef�cient algorithms that can model decision making based on thesepreferences.Returning to the opening paragraph of the introduction, it is fair to say, however, that weare still some way off from achieving the vision of fully automated markets, populated byfully autonomous agents taking complex decisions on behalf of their users. Nevertheless,we hope this thesis convinced the reader that, in order to make this vision closer to reality,having good preferences models is a crucial ingredient, and, furthermore, both theoretical,simulation-based and empirical approaches are needed to get us closer to this goal.
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Appendix AA Platform for Auction-BasedAllocation of Loads inTransportation Logistics
A.1 IntroductionDifferent chapters of this thesis presented theoretical investigations of the use of automatednegotiation and auction mechanisms to allocate resources between self-interested agents. Inthis appendix, we present the results from a concrete case study performed on the applicabil-ity of such techniques to an important practical setting: that of transportation logistics. Thework presented in this appendix can be characterized as applied research, i.e. developing anauction platform around a business case study - rather than a fundamental contribution, asother chapters of this thesis. To clearly mark this difference, it is included as an appendix,rather than a separate chapter.Transportation logistics and supply chain management represents a challenging, but po-tentially very fruitful area for the application of agent-based electronic market techniques,such as auctions. The increasing complexity and shifting structure of modern supply chains,as well as increasing competitive pressures in this market has led to an increasing demandand interest for such distributed optimization techniques, involving multiple parties. Thepractical impact of improved allocation which can be achieved through such techniquescan be signi�cant. For example, in the Netherlands, the average transport performance isbetween 40% and 60%. Improving this utilization rate is also the goal of the DEAL (Dis-tributed Engine for Advanced Logistics) project, which groups together several universitiesand large logistics service providers in the Netherlands. The work reported here (and muchof the research leading to this thesis) was also carried out in the framework of this project,involving two of the main partners, namely CWI, Amsterdam and Vos Logistics Organizing,231



232 Chapter ANijmegen.A.1.1 The multi-party logistics domainSeveral trends have recently produced a signi�cant impact on the area of transportation lo-gistics. One of these is an increase in competition, with the continual entry of new carriers inthe market pushing down expected pro�t margins. Another one is the increasing complexityand sophistication of modern supply chains. In fact, due to increasing and shifting tradepatterns, not only transportation chains have become more dynamic, but also their structurehas become increasingly complex.For example, nowadays it is no longer the case that the company that accepts a trans-portation order also owns the actual capacity (i.e. trucks) to carry it. Often, multinationalcompanies with large, regular amounts of cargo to be delivered prefer to outsource theseorders to other companies that undertake to �nd convenient delivery options, within a setof pre-negotiated terms. These intermediary logistic companies then negotiate how to dis-tribute these orders with other smaller companies who have the actual transportation capacity(which own the actual trucks and hire the drivers). This can be actually a cheaper option inmany cases, as smaller transportation companies often do not have the complex cost structurethat larger companies have [221, 222].In standard transportation management literature [221] such distributed supply chainsare called multi-party logistics. Existing literature [221] identi�es several classes of logis-tic provider companies, based on the type of services they offer. Although there is somedisagreement about the exact usage of the terms, in our approach (and the remainder of thisappendix) we use the term 3PL company (third-party logistics providers) to denote those thathave their own transport capacity (i.e. truck �eet) and plan this own capacity and 4PL com-pany (i.e. fourth-party logistics provider) to denote those companies which �orchestrate� thesupply chain, i.e. acquire large sets of orders from large shippers and then re-distribute theseorders among a set of other companies with actual transport capacity.A.1.2 Company pro�leFounded in 1944 as a one-truck company, transporting loads between Oss and Nijmegen inThe Netherlands, Vos Logistics has grown into one of the larger logistics service providersin Europe. It has over 3000 trucks, 10000 trailers and containers, 325 storage silos and 2rail service centers. Vos employs 5000 people working at more than 45 locations through-out Europe, while annual turnover approaches 1 billion euro. The increasing complexity oftransportation chains has determined Vos Logistics to offer new solutions to its large corpo-rate customers (shippers), which can now outsource all of their transportation activities toVos. This lets them avoid the problem of �nding and negotiating with individual suppliers,billing, following up orders etc. Another advantage of using this outsourcing service forlarge shippers is that Vos Logistics has a much better knowledge of the transportation mar-ket, so it is better positioned to �nd suitable sub-contractors. Vos Logistics Organizing from



A Platform for Auction-Based Allocation of Loads in Transportation Logistics 233Nijmegen (henceforth abbreviated VLO in this appendix) is a subsidiary of Vos LogisticsB.V. that was set up in order to handle such complex supply chain orchestration activities.Based on the taxonomy above, VLO (the subsidiary) can be seen as a 4PL company, thoughits parent company, Vos Logistics was founded as a 3PL company and does have its owntrucks. Hence, VLO acts as an intermediary company that acquires large (sets of) ordersfrom suppliers and negotiates the allocation of the orders, the terms of transportation (i.e.delivery deadlines, destination) as well as the price at which other carrier companies sub-contract these orders.A.1.3 Automating multi-party logistics using agentsThe focus of this work is on automating, through an agent system the second part of themarket interaction, i.e. the daily outsourcing of transportation orders to carrier companieswho will actually transport them. The �rst part, which is actually acquiring these orders fromlarge shippers presents less opportunities for automation through a multi-agent system. Thereason is that these contracts are usually fewer, larger and closed over a longer time horizon(e.g. a company based in the US may delegate to Vos Logistics Organizing the delivery ofthe goods imported into Europe over a period of one year). Such large, complex type ofdecisions cannot be yet expected to be delegated to software agents.However, allocation of orders on a daily basis to different 3PL carriers was identi�edas an area with clear potential to bene�t from more automated techniques (our previousAAMAS'06 survey paper [222] examined this potential). This automation would involvedecision support systems for human planners in the �rst stage, and next some of the decisionscould be delegated to software agents.A �nal note is how the allocation occurs in current practice. In the Vos case, negotiationover most orders occurs in a small group of companies who are invited to submit bids fordifferent orders as they arrive in the system. In some cases in which no reasonably pricedoffer is made, Vos may also solicit other outside companies and carriers to submit a bid(this includes multimodal options, such as rail or water transportation carriers). However,these cases are mostly exceptions (they account for less than 20% of the total value of theorders [222]), so most business is conducted in a group of (up to) 10 companies that cansubmit bids for a given set of orders. This is the case we are interested in automating throughthe auction platform presented in this appendix.A.1.4 Goals of this workOver the years, several successful auction platforms have been developed in order to allowcomparison and evaluation of automated trading strategies to each other. The Trading AgentCompetition is, perhaps, the most well known example of this (see [230] for an overview) -most related to this work being its supply-chain version [192]. These platforms are, however,simply not suitable for our basic goal, which is to convince the Vos Logistics Organizing



234 Chapter Amanagement (and their partner carrier companies) that agent-mediated electronic auctionscan actually be used in practice to automate their daily outsourcing of transportation orders.For this purpose, a custom-based platform was required, modeled around a business casewhich the planners that actually perform these operations daily can easily recognize and use.Since the �nal system is to be used by logistics planners, such a system should closelyresemble a real world case, and allow its users to identify the bidding and planning deci-sions to be taken in this platform as decisions they would usually also take in real life. Itshould have an interactive, intuitive interface and, moreover, it should seamlessly integratehuman agents who take planning and bidding decisions with automated agents implement-ing an algorithmic strategy or heuristic. This point is especially important for acceptance,since during operational adoption of such a system, it is not realistic to expect that a com-pany would immediately delegate all market decisions to a piece of software, without beingcon�dent that such decisions closely model those their human planners would make. Tosummarize, the goals of this project (and corresponding platform) are:� The overall goal of the project is to demonstrate the feasibility of applying such anauction system in the day-to-day transportation outsourcing activities of Vos LogisticsOrganizing (VLO), Nijmegen.� As a more detailed goal, the platform should allow us to illustrate how differentmecha-nism choices, such as allowing �exible pick-up/delivery times or decommitment [216](with or without a penalty) can improve ef�ciency and participant pro�ts.From an AI or agent researcher's point of view, the developed system can also form aplatform to test different aspects of distributed decision making in logistics auctions, morespeci�cally:� Testing increasingly complex automated trading strategies. At this stage, some verysimple strategies have been developed, whose role is mostly to stabilize the market,to make it more realistic. However, more intelligent strategies for this setting can beeasily added to the existing platform.� The demonstrator can also be seen as a platform for analyzing and testing the be-haviour of human planners taking part in such an auction.We wish to emphasize that this appendix is not concerned with proving that any partic-ular bidding strategy, mechanism or scheduling method is superior to others. The readerscan consult work which presents and evaluates such strategies, at a more abstract level,in [187, 216, 217]. Rather, our goal in this project is to build an environment which directlymodels current business practice in transportation logistics (more speci�cally, a real businesscase provided by Vos Logistics Organizing, Nijmegen) and in which different analytically-developed strategies can be adapted and tested.The rest of this appendix is organized as follows. Sect. A.2 provides a high-leveloverview of our platform and the business case on which it is based. Sect. A.3 describes



A Platform for Auction-Based Allocation of Loads in Transportation Logistics 235in more detail the auctioneer agent, as well as the auction protocol used. Sect. A.4 describesthe functionality and behaviour of the automated agents that are currently part of the pro-posed platform, while Sect A.5 describes the human agent interface and functionality. Sect.A.5 also introduces the cost structure that was used for the agents and the planning assis-tance interface that was built to assist human planners in taking bidding decisions. Sect. A.6presents some (very preliminary) results and impressions from a study conducted at Vos Lo-gistics, involving 6 human planners bidding against each other and against our agents, whileSect. A.7 concludes the appendix with a discussion.A.2 Overview of the business case and our platformThe demonstration takes its starting point in a real-world case of how transportation loadsfrom a depot south of the Netherlands can be distributed across Germany. In order to preservethe privacy of Vos Logistics Organizing, as well as their customers and business partners,some parts of the model are purposely left unspeci�ed or details have been slightly changed,without really affecting how realistic our model is. This especially holds for the names ofthe customer companies and some speci�c details about the data used. The main reasonfor this is that our platform is intended for evaluation not only by planners employed byVos Logistics, but also by those of some partner companies. The main parts of the problemsetting can be summarized as:� All orders used in the demonstration will be �ctive (i.e. randomly generated, not realorders), but, in order to assure the platform is realistic, their destination postcodes,weights, times of delivery etc. are based on real-world distributions.� All outgoing orders are assumed to be delivered starting from a depot near Maastricht(a town in the south of the Netherlands), while possible return freight (i.e. pick-up)orders appear at destinations across Germany.� There are n players playing in the role of the carriers (this can vary, we estimated thatin our setting it will be up to 10) and one player in the role of VLO (i.e. the auctioneer).� Each carrier has k trucks to plan (in our demonstration, in order to allow the playersto follow all the details simultaneously, we agreed k could be relatively small, e.g.k = 5::10). Each truck has a standard capacity of 26 pallets, where pallets are allassumed to have a standard weight of 1000 kg/pallet.A.2.1 Generating transportation ordersA data set of about 4000 orders was supplied by Vos Logistics, corresponding to orders fora period of time from a real case. These real orders never actually appear in our simulatedplatform, since that might violate con�dentiality agreements between VLO and the shipper



236 Chapter Acompany. However, the orders actually appearing in our platform very closely resemble realorders, as follows.The German destination (or origin) postcode for each order, which is a two-digit number,was generated as follows. The �rst digit (corresponding to the broad geographical region),was generated at random using the probability distributions extracted from real data. Theweight of the order (expressed in the number of pallets from 1..26), was also generated atrandom, again from a distribution extracted from the data. In general, some order weightsare much more common than others and, furthermore, this also varies by delivery region:some regions receive larger cargo orders, while for some smaller, more frequent orders arethe norm 1. Therefore, the distribution for generating the weight is also dependent on thedelivery region (corresponding to the �rst digit of the postcode). Finally, the second digitof the postcode (which corresponds to a speci�c town within this general postcode region)was generated at random, but 50% of the weight was given to the 2-3 most important seconddigits for the area (usually corresponding to a larger town or population center).In order to have a closed loop demonstration, we assume that the carriers also have returnorders available. The return orders are, conceptually, offered by sellers from different areas -although in our demo they will be sold through the same auction mechanism. Outgoing andreturn orders have asymmetric distributions (60% of all orders are outgoing and only 40%are return orders). This is also realistic for this business scenario, given available data. Inreal life there are two types of orders: �ON� orders (which must be delivered exactly on theirtarget delivery date) and �BY� orders (which are to be delivered by a certain deadline date,where early delivery is allowed). To simplify the setting, and also allow more competitionand �exibility in planning in the simulation, at least for now, all orders in our platform willbe considered �BY� orders.Another very important parameter in such a platform is the lead time of an order, which,roughly de�ned, represents the difference in days between the time when an order is to bedelivered (i.e. the delivery time or deadline) and the time when the order actually appears inthe platform (is put up for auction). Here, we also follow a pattern extracted from the realdata, as described in the following.Each order is assigned a random lead-time, produced using a series of adapted, lognormaldistributions. The peak of these lognormals will be the �rst acceptable lead-time day for theorder, but with a long tail (see Fig. 1 for an illustration). This means that orders that areto be delivered 3, 4 days or even a week after the minimum lead time can appear, albeitwith exponentially decreasing probability. For example, most orders to be generated with aminimum lead time of 1 are to be delivered in the next two days.The reasons why we need several lognormal distributions is that different types of ordershave different lead-times (we identi�ed 3 categories, according to the order data supplied).Thus, orders that are to be delivered to postcode regions in the west of Germany (placesclosed to the Dutch border) and whose delivery and return trip can be completed within the1While we cannot give the full details, a statistically weak, but still signi�cant correlation coef�cient of � = 0:4was found between the delivery area postcode and the size of an order.



A Platform for Auction-Based Allocation of Loads in Transportation Logistics 237same day have, in general, shorter lead-times than orders that require a minimum of twodays travel (including the return trip).A.2.2 Computing prices and costsAs onewould expect in any auction platform, the �nal price for each order will be determinedby the bidding in the open market. However, in an interactive demonstration, we had tobuild in a mechanism to assure that prices for the orders quickly converge to actual prices(in euro) that human planners would expect to see. Fortunately, also in current practice thereis a mechanism to assure this. There is a partner company of Vos Logistics (the name ofwhich, again, we cannot give for privacy reasons), that can transport orders to any destinationin Germany. They do provide a standard price scheme which quotes a delivery price forany combination of order size (in number of pallets) and German postcode region. It isvery important to stress that these are maximal prices: in general VLO expects to get (andusually gets) much better delivery prices from their closed group negotiation with the partnercarriers, otherwise it would be unable to make a pro�t. The services of this company are onlyconsidered if Vos fails to attract a realistic bid for an order from any of the carriers in theirclosed group (which can sometimes happen, though rather seldom).However, having such a set of prices is useful in our system, because it provides a bench-mark of what kind of prices are realistic. The way we use this information is in designing thebidding strategy of our automated agents, whose bidding strategy will depend on this stan-dard prices (an exact description of the functionality of these automated agents is providedin Sect. A.4). The point of these agents, in this version of the software, is not to beat thehuman planners, but to assure that the competition bids they see (and implicitly, the bids theyhave to submit to beat them), are around actual market prices they would encounter in reallife. Henceforth in this appendix, we will refer to this set of prices as the standard industryprice table.Finally, a word should be said about cost data. We have also obtained and incorporatedin the cost structure of the bidders, detailed information tables about the exact driving timesand distances to any postcode location in Germany, as well as realistic estimations of the�xed costs (e.g. driver salaries, truck maintenance) and variable costs per km (includingdriving tax and fuel costs). These were incorporated in the cost structures of the bidderswhen planning their routes (a thorough description is provided in Sect. A.5).A.3 Auction protocol and design of the auctioneer agentThis section describes the main characteristics of the auction protocols used, as well asother characteristics of the auctioneer agent. To allow more planning �exibility, but alsoto follow current tendering practices, orders with different lead-times are auctioned withslightly different auction protocols, as described below.
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Figure A.1: Example distribution of delivery deadlines for orders, in number of days fromthe present time, for a load with minimum lead time of 1. The date when an order appears inthe system corresponds to the origin.A.3.1 Auction set-upLoads are auctioned sequentially (or in 3-5 small batches distributed throughout the day).This resembles current transportation practice. Often, loads are offered by different shippers,who have different deadlines throughout the day for placing their orders.For the current set-up, all auctions are ascending (i.e. English) auctions, but adapted tobetter �t the actual tendering process, as it is currently performed. There are two main typesof auctions, differentiated by the their closing protocol.A.3.2 Auctions for loads with a short lead timeThis protocol (more similar to ascending English auctions 2), is applied to orders with deliv-ery deadlines which are 1 or 2 days away from the current time. The auction is incrementallydescending (lowest offer wins). After the last offer has been placed, the other bidders aregiven at least 1/2 hour to respond with a new offer, after which the auction closes and thelowest bidder so far is awarded the order. Of course, in our simulated environment 1/2 houris replaced by 30 seconds to 1 minute. The actual delay to be used (in number of seconds)can be speci�ed by the human user through the interface. Therefore, our auctions have a�soft� closing time (deadline), i.e. they are extended for a short time after the last bid isreceived, in order to allow other bidders the chance to respond to this bid.2To be more precise, this extending deadline protocol resembles the most to the protocol used by the e-commercesite Amazon.com.



A Platform for Auction-Based Allocation of Loads in Transportation Logistics 239A.3.3 Auctions for orders with a longer time horizonFor orders with delivery deadlines over 3 days into the future, the simpli�ed protocol cannotbe applied, since most bidders do not plan so far in advance. Additionally, some �exibilitymust be added in the simulations, in order for us to observe the bene�ts of allowing timewindow relaxation / the penalty effect for delays.Therefore, for such orders we use the following decision procedure. For each order, weset a reservation threshold (visible or invisible to the bidders themselves), which gives a rea-sonable market cost of the order which a shipper would accept in order to have a commitment(without waiting until the last moment to go through the auctions). In our demonstration, thethreshold could be set as a percentage below the standard industry price table (as describedabove) for this con�guration of load and destination postcode.When the order appears in the system, all bidders are informed and can make offers. Ifa carrier makes a bid that is higher than the reservation price (i.e. not acceptable), then theoffer is rejected, the carrier is informed of this and can bid again. A rejected offer (above thereservation price) is thus non-binding to either party, i.e. no commitment exists. If any carriermakes a bid that is below the reservation threshold, and thus acceptable, then all carriers areinformed and the auction is moved to the �usual� auction queue (i.e. sold through the auctionprotocol described in Sect. A.3.2). This means, bidders will have suf�cient time to respondafter the �rst offer is made, otherwise the contract is awarded to the initial bidder. If, by2 days before the deadline, no carrier made a bid in the �acceptable� range (i.e. below thereservation price), then the load is still auctioned using the �usual� procedure, described inSect. A.3.2.This protocol ensures that bidders that wish to plan in advance are give the chance to doso, but only if they make a reasonable offer, where by �reasonable� we mean considerablybelow the price that could be expected to be achieved by waiting closer to the actual deadline.An optional alternative, that could be of interest here, is to allow the human playing the VLOside to change the acceptable reservation threshold during the game, if time passes and anorder does not appear to attract enough attention and thus risks remaining undelivered.Finally, as a future research idea, the reservation threshold could be made dynamic (i.e.automatically increasing), according to a discount function. This function would balance theshipper's desire of getting a better price for his delivery and the risk of not getting his loaddelivered in time, as the deadline approaches. This is relatively easy to implement in thecurrent demonstration tool but, at least for the moment, we prefer to focus on testing andusability studies using the simpler setting.A.3.4 Total capacity of loads to be generated per dayA problem that arises in designing such an agent trading platform is to choose the totalcapacity of orders which should be generated per day. This choice is an important one,because it gives the player an impression of how �competitive� the whole scenario feels. In



240 Chapter Aour model, we propose an estimation for this that depends on several parameters:� n - number of participants representing carriers� k - number of trucks/participant (our case, e.g. k = 5)� p = 26 - number of standard pallets/truck� s - a coef�cient representing the �saturation� of the market. This is an important pa-rameter, which allows us to control the market balance between demand (i.e. comingfrom outstanding orders) and available supply of transportation capacity.A rough heuristic evaluation of the capacity of the total capacity of the simulated marketwe consider will be given by: s � n � k � pThus, orders will be generated at random using the above distributions, until the totalcapacity reaches the above value (after choosing the saturation parameter s). This will nec-essarily be only a very rough estimation: because orders are at random and there are timewindow constraints, there is no real way to know what is the true capacity of the market- unless we would centrally compute, in advance, the best possible plan for the day for allavailable trucks. This is not really feasible and it's also not required, because in practice notall capacity of the trucks of a carrier company is allocated in the �closed group� auction.In practice, trucks taking part in such an auction may also acquire loads elsewhere - andthey only �ll up using the current auction. Furthermore, there should be some differentiationbetween the capacities of different players.In order to account for this, we could make the following choice: of the total estimatedmarket capacity, we consider that i% is �lled from other sources (�i� stands for the initial�ll percentage). Thus, an estimated s � n � k � p � (1 � i100 ) in total capacity will be �lledthrough the auctions, and s �n � k � p � i100 will be pre-�lled, through a heuristic, before theauction starts.A.3.5 Auctioneer user interfaceA screen shot of the auctioneer interface was omitted due to lack of space 3, but we provide abrief description of its functionality below. Basically, both the order generation and awardingof orders (i.e. auction closing process) executed by the auctioneer platform can be run in twopossible ways:� Automated control: In automatic order generation, the user only speci�es the parame-ters of the generation process (as described above) and the arrival rates of orders in the3Interface pictures may not be entirely useful, since all interfaces are currently in Dutch, to ease understandingin a business environment.



A Platform for Auction-Based Allocation of Loads in Transportation Logistics 241platform. In automatic tendering mode, the auctioneer waits a number of seconds af-ter the last received bid (which the user speci�es through the interface) before makingthe decision to award the order. This actually varies based on the order lead-time, asdescribed in Sect. A.3.2. Orders with longer lead-times, which remain open for bidsuntil a few days before the delivery deadline, are temporarily shown in a different listand are moved to the �active bidding� queue two days before expected delivery.� Human control: In our interface, a human auctioneer (representing the 4PL company,in this case Vos Logistics Organizing) can make, change or correct any of the decisionstaken by the system (either order generation or tendering of orders). We found this isa very useful feature in any live, interactive simulation with several human planners,who �rst are required to get used to the interface etc. This lets the human auctioneerfeel �rmly in control of the process, even if he chooses to let the software agent takesome of the decisions on his/her behalf.The switch between these modes can be performed dynamically (and online), by simplychecking/unchecking a multi-option box.A.4 Automated bidders: description and user interfaceThe role of the automated bidding agents is to ensure the stability of the market and thatprices in the demonstrator converge to a realistic level. Therefore, it is enough in a �rstimplementation, if the automated agents use a simple, myopic bidding strategy. The bids aresimply based on a standard industry price table (c.f. Sect. A.2.2), which gives a rate for eachcombination of load/delivery region.Since this is an English auction, there are two levels, which are randomly determined foreach bidding agent: the level of the initial bid and the reservation level (i.e. the lowest theagent will go with his/her bids). Both are generated at random from normal distributions,which are centered at certain levels above and below those taken from our industry pricetable, as supplied by Vos Logistics. The parameters to be set for automated strategies are:� Percentage of mean mark-up of the initial bid over the industry price table (and thecorresponding dispersion).� Percentage of the reservation price vs. standard industry price table, for that postcoderegion and weight (again, this is the mean of the distribution, and a dispersion is alsochosen).� Concession speed (giving how fast the agent's bids go down from his initial price tothe reservation price, i.e. frequency of bidding).� Number of automated bidders and percentage of orders the automated agents bid on.This give the pressure that independent bidders apply on the market.
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Figure A.2: Basic layout of the planning support window. Each line represents a truck, andeach colored container a load (see below for a description of the symbols on each load). Foreach day, the costs (Ko), pro�ts (Wi) and total traveling times (TT) are computed by thesystem. Vertical yellow lines represent day boundaries, which can be removed for multi-dayplanning.

Figure A.3: Left: A number of pallets constraint violation (maximum admitted, 26 pal-lets/truck), and two possible solutions (center and right), with loads being moved to differentdays.A.5 The carrier agents: description and user interfacesThis Section aims to give a technical description of the problem faced by the human carriersin our model and the interface available to them in the demonstrator. More precisely, twodistinct interface windows are available to human carriers:



A Platform for Auction-Based Allocation of Loads in Transportation Logistics 243� One for visualizing ongoing auctions for loads and bidding� One for planning assistance, in which human planners are given a (stylized) impres-sion of their transportation capacity (i.e. trucks) and can visualize and (automatically)determine the way acquired orders �t in their already planned routes, as well as theexpected costs.A.5.1 Transportation model and carrier costsThe transportation planning problem, is, in itself, a complex one to solve. The biddingdecisions which the carrier takes are directly dependent on the way the carrier can �t theloads he is bidding on in his/her already existing plans (i.e. how well he/she can formpro�table bundles of loads during planning). In turn, this depends on the cost model. Ourtool does provide planning assistance, by computing the costs for each combination of loadsconsidered. In our model, costs of each carrier are of two types:� Fixed costs, per day and per truck. These are expressed as a �xed amount (in euro).� Variable costs: all these costs are assumed to be proportional to the distance traveled.These are expressed as a cost in euro per kilometer traveled.Both of these are set to a realistic level, after discussions with Vos Logistics. The dis-tances within Germany, as well as fromMaastricht to/from destination postcodes in Germanyare computed based on a supplied distance table. This distance table contains, for each pairof �rst two digits of German postcodes, a distance in kms, as well as a distance in kms fromany German postcode to/fromMaastricht.Our planning tool enables the carrier to visualize how �lled the trucks are at each timepoint, the time windows in which loads can be delivered as well as any violation of con-straints. There are several types of constraints that need to be met in transportation settings.First there are obvious capacity constraints: a truck cannot be �lled at any one time withmore than 26 pallets. Second, there is a strict legal constraint about the maximal drivingtime any driver can actually drive per day - in the EU, this is �xed at 9 hours. Any drivingplan has to satisfy these constraints to be feasible.The tool also provides decision support (see below), by computing the length of the routefor the partial daily plan - and, thus, the costs incurred so far, for each possible bid the humanplanner chooses to make. The length of the route is computed (given the distance table avail-able), through a simple insertion heuristic. Insertion heuristics are known to provide a verygood approximation of the optimum in small settings - and are known to be computationallymore ef�cient than solving the TSP problem with a more advanced method. Thus, at eachpoint, the expected pro�t the agent can make so far can also be computed.



244 Chapter AA.5.2 Penalty for late deliveriesAn issue of relative importance in actual applications is what happens if delivery is (slightly)late, compared to the agreed date4. In real life, this does happen to a very small percentageof accepted orders, because pro�t margins in transportation logistics are tight and carriershave to try to make use of all possible bundling options. Given the business of the underlyingcustomer company, we have decided not to treat slight delays as a strict, inviolable constraint,but to allow orders to be maximum one day late, against payment of a penalty. There are twoways to model the penalty in our system:� Fixed costs/day of delay (e.g. 50-100 euro for each day the truck is late).� Proportional, as a percentage of the total value of the transportation order.In our setting, we currently implement a �xed penalty/day of delay - as opposed to apenalty which is proportional to the value of the order. This is a realistic model, since anydelay can be seen as a loss in the reputation of the carrier, regardless of the size or actualvalue of the order. It is up to the bidding carrier if he chooses to incur this penalty in his plan-ning, but in the current set-up only exceptionally pro�table planning con�gurations wouldjustify the chosen level of penalty for an order. Future versions of the system could considerallowing for differentiated bidding, based on the exact date when the order is delivered (anoption discussed in [222]).A.5.3 Information supplied about other carriers during the competi-tionAn important point to be discussed is what kind of information should be available to humanbidders (carriers) in the tool, regarding the activity of the other bidding carriers. This repre-sents a trade-off decision, since on one hand we need to model real life and not compromisethe privacy of competing parties, on the other hand in a dynamic simulation environment,agents can be expected to have a reasonable idea about their competition. The followingchoices have been made:� Regarding other bids made on existing orders (which the agent is also interested in),the agent should be able to visualize the amounts of the competing bids for the loadshe/she is also interested in, but not the identity of the other bidders. Otherwise said,he can see how far he needs to lower his prices to win, but not where the competitionfor the orders is coming from.� At the end of each day, a �leader board� is displayed, giving the gross pro�ts ratesso far, for all human carriers in the game. We recognize this information about the4As already discussed in Sect A.2, early deliveries are allowed, since we consider all our orders �BY� type oforders.



A Platform for Auction-Based Allocation of Loads in Transportation Logistics 245competition may not be known in real-life, but it may be important in an interactive,game-like simulation scenario for the participants to have a signal of how well theyare doing, by comparison to their competition. Also, only knowing the pro�t marginsdoes not reveal much (if anything) about the bidding strategy and underlying planningof the competing carriers.A.5.4 Planning and bidding decision support interfaceThe software developed for human carrier agents has two distinct interfaces: the biddingand the planning support interfaces. In this appendix we only illustrate (in Fig. A.2) someof the features of the planning support interface, as the bidding interface contains relativelystraightforward lists of orders one which one can place bids.The planning interface (see Figs. A.2 and A.3) consists of several horizontal lines, oneper each truck that the carrier owns. All trips are assumed to be return trips to/from a depotin Maastricht, for any postcode address in Germany. These trips can be one-day trips, forshort-distance orders or two-day trips, for destinations further away (the choice is made bysimply clicking a yellow vertical bar).The interface is a drag-and-drop one, which makes it intuitive and very easy to use.Loads are marked in the system by colored rectangular shapes, marked by two arrows. Theside arrows represent pick-up, respectively drop-off points, within the schedule of that day.Each load is marked with: its load no (L), the 2-digit German postcodes of the source (V)and destination(T), number of pallets (P) and time it takes to transport this load (T). Thetotal number of pallets and total traveling time are shown below a black line. Constraintviolations will automatically be highlighted in red.Load symbols can have 3 possible colours:� Green: Loads which have been already acquired (and awarded to the carrier) in auctionand which need to be planned for transportation.� Light blue: Loads for which a bid has been placed (thus the agent is bound by the bidhe made, since bids are binding), but which have not been won yet by the carrier at theprice he offered.� Yellow-brown: Loads which are only placed for tentative planning to see if the plan-ning constraints (total driving time, number of pallets etc.) can still be satis�ed givenalready acquired loads, as well as an estimate of expected pro�ts.For each truck timeline and day, the system automatically computes the total drivingtime and the number of pallets loaded and automatically signals (by highlighting in red)if any constraints are being violated. The most useful feature for deciding the minimumbid level is, however, the online computation of the potential pro�t and loss to be made byinserting a load in the current route. This is basically the difference between the current bid



246 Chapter Amade for the load and the cost of the extra travel detour for delivery/picking up that load.Empty scheduled already start with a negative pro�t associated to them, equaling the �xedcosts per day and truck.For loads that have not been bid on yet, but are tentatively dragged & dropped into theschedule, the information about changes in pricing provides very useful information aboutwhat is the minimum bid that can be placed if the carrier decides to acquire that load.A.6 Outline of preliminary human bidding resultsA preliminary test of the platform involving 5-6 experiencedVos transportation planners wasperformed at Vos Logistics. In this test, planners were asked to bid against each other andagainst our software agents for loads, and their strategies as well as the pro�t they madewith the acquired loads was recorded. Results so far are preliminary, and it was agreedthat another large-scale test would be performed in the following months, in order to enableus to extract better empirical data. However, from the testing performed some preliminaryconclusions can already be highlighted:� First, the bidding and planning support interfaces were considered very helpful and re-alistic by all the planners involved. Some participants even claimed they were superiorto the planning system currently being used in everyday planning.� The presence of automated bidding agents (although they currently only bid based ona randomly perturbed set of industry prices), is crucial for the stability of the marketand the convergence of prices to realistic levels.� The pro�t levels in the simulation do, very roughly, commensurate with the skill of thebidder. However, in order to ensure that the pro�t rates actually match current practice,the pricing scheme and other system parameters require some further re�nement.� The planning scenarios considered in the simulation could be expanded to considersome other situations appearing in real life (e.g. multiple one-day return trips).� Other, more advance functionality could be built into the platform, such as supportfor combinatorial bidding [194] or allowing the possibility of decommitment for loadsalready acquired (a possibility analytically studied by us in [216]).Overall, the planners and managers present were quite impressed with the faithfulness toreality of our platform, and it was agreed that a larger test will be conducted, as well as moreconcrete steps to be taken towards operational use of such techniques.



A Platform for Auction-Based Allocation of Loads in Transportation Logistics 247A.7 DiscussionTransportation logistics represents an important application area for multi-agent systems,due to its inherently distributed and dynamic nature. Several approaches have been pre-sented in recent years to this problem, some leading to commercially successful, operationalsystems. The LS/AT system, presented in Dorer & Calisti [64] is one of the most well-known systems that uses agent techniques (mostly constraint-reasoning type techniques) fordynamic transport optimization. The Magenta system [205] is another such system, whichexplores the use of swarm-based optimization techniques in this setting.By contrast to these systems, the emphasis in our approach is not directly on optimizationof the planning (though that remains, of course, the �nal goal), but on automating the marketinteraction between several companies in a multi-party logistics negotiation. Our approachcan be seen as creating a testbed, in which each company or carrier can then apply its ownoptimization and bidding techniques, the performance of these techniques can then be easilymeasured and compared.The approach we take is most similar to the work which proposes different trading plat-forms to test different aspects of bidding and decision making in electronic markets. Thereare many such platforms proposed in multi-agent literature, the most well-known being theTrading Agent Competition (TAC); the most similar TAC to our approach is, probably, thesupply-chain TAC version [192]. Of course, our platform may not have all the sophisticatedfeatures of the TAC platforms, but unlike TAC, the starting point of our work was in theapplicability of the market setting to a real business case, rather than scienti�c curiosity orrelevance. To the best of our knowledge, it is the �rst work to describe an agent-mediatedauction platform that is modeled around a real-life business scenario, where the orders char-acteristics, costs, pro�t margins etc all resemble those encountered in real life.Another important aspect of our platform is the ability to integrate human bidders andautomated trading strategies in the same platform. We feel this is crucial for real businessadoption of agent-mediated electronic market techniques because, at least for some of theinteracting parties, the human owners will want to remain in control, before delegating any�nancial decision (e.g. bidding) to a software agent. In multi-agent literature there are somegames speci�cally developed to test human decision-making in negotiation and auctions (agood example is the Colored Trails game [90]), but again our platform has the advantage ofallowing us to asses such decisions in a real business environment.Finally, somewhat related to our approach is work on designing stock market tradingplatforms to test automated bidding strategies (of which PLAT [124] is a well-known exam-ple). While this line of work also uses real �nancial order data to design a realistic market,the characteristics of stock markets (i.e. double auction setting) is very different from thetransportation business case we consider.We conclude that, overall, our platform did achieve the scope it was built for: to con-vince Vos Logistics Organizing that the an agent-based approach is a valid solution fortheir business problem. Nevertheless, there are still many aspects open for further research.



248 Chapter AThe �rst would be to conduct a (set of)larger scale experiments to get more detailed hu-man bidding data, and to develop better techniques to analyze this data. The second is toadapt some of the bidding strategies developed analytically in our more theoretical linesof work [187, 216, 217], and test their performance in this environment, both against otherstrategies and against human planners.
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SummaryMulti-agent systems represent an important, emerging area of research at the border betweenarti�cial intelligence and distributed systems, on one hand, and economics and game theoryon the other. Brie�y de�ned, agents are autonomous, pro-active software programs that canreason and take decisions on behalf of their human owners. One of the main applicationareas for multi-agent systems is the automation of electronic markets, such as electronicnegotiation and auction environments. Some important application areas (that have beenconsidered, in depth, as part of this thesis) are the automation of complex negotiations inonline electronic commerce and task allocation between multiple companies in distributedlogistics.This thesis studies several important, open problems in agent-based electronic markets.The �rst of these is how complex preferences and utility functions can be modelled and usedto design ef�cient strategies for bilateral negotiation and auction situations. Here, we distin-guish between two classes of preferences: combinatorial preferences (over combinations ofa large number of items or issues) and preferences towards risk (i.e. how risk averse agent iswhen taking decisions in an uncertain environment). The second important aspect we studyis the strategic reasoning, especially reasoning of agents participating in a sequence of auc-tions with complementarities. For this case, we propose a novel priced options mechanism,that can reduce the exposure problem facing bidders participating in such auctions. Finally,the third important problem studied in this thesis is how collaboration can emerge in a sys-tem composed of many autonomous, self-interested agents. For this part, we use large scaleempirical data from two social web applications: collaborative tagging and sponsored searchmarkets.The contributions to the literature, per each chapter, can be summarised as follows. Chap-ter 2 considers the problem of modeling bilateral, multi-attribute negotiations in environ-ments with incomplete preference information, but in which the preferences of the negotiat-ing agents can be represented as linearly additive utility functions. We propose an algorithmthat allows agents to use incomplete preference information in automatic negotiation andreach jointly pro�table agreements.Chapter 3 also considers the problem of automated multi-issue or multi-item negotiation,but for the case that there are utility interdependencies between items sold, a problem whichis known to be considerably more challenging than the linearly independent issues case, and269



for which very few computationally ef�cient models were known to exist. We propose anovel utility graphs formalism and show how it can be used to ef�ciently encode and learnopponent utilities in complex, multi-item negotiations. In an extension of this work, we showthat the initial, starting structure of such utility graphs can be approximated by using collab-orative �ltering on concluded negotiation data. This provides an important link betweencollaborative �ltering techniques used in electronic commerce and multi-item negotiation.Another important line of work for the thesis (considered in Chapter 4) is designing ef-�cient bidding strategies in sequential auction settings, for risk-averse agents. While theproblem of designing ef�cient auction bidding strategies in uncertain, sequential environ-ments was well known, previous literature did not consider how risk aversion affects anagent's optimal bidding policy. The motivation for this problem came from the real businesscase regarding transportation logistics: in real life, transportation providers are reluctant touse bidding strategies that could lead to large losses, even if they maximize their expectedutility.Chapter 5 considers the exposure problem that agents with complementary valuationsover combinations of goods face when bidding in sequential auctions in which these goodsare sold independently. In order to solve this problem, we study a more complex marketmechanism: selling priced options for the goods, instead of the goods themselves. Our workbuilds on and extends the concept of non-priced options proposed by Juda & Parkes, and itshows how options could be priced in order to bring the maximum bene�t to both buyers andsellers participating in such an uncertain market environment.The third part of the thesis considers a somewhat different issue: how collaboration andsocial preference form in large systems composed of many self-interested agents. In orderto do this, we studied two such systems: a large dataset of sponsored search data, providedfrom a project with Microsoft Research, and collaborative tagging dataset (obtained fromDel.icio.us/ Yahoo). Chapter 6 looks at the issue of how stable vocabularies form, in theabsence of a central controller, in large-scale, collaborative tagging systems. This chapteruses techniques �rst developed in the �eld of complex systems theory. Chapter 7 uses similarcomplex systems techniques, but now applied to sponsored search markets. This chapter alsoprovides a link to the auction-based approach, used in the second part of the thesis.The dissertation is concluded by an appendix describing an industrial case study, whichinvestigated the applicability of some of the techniques described in the more theoreticalchapters (especially the auction-based techniques in Chapters 4 and 5) to distributed trans-portation logistics. This work was conducted in collaborationwith Vos Logistics Organizing,Nijmegen (VLO). Based on a real-world scenario provided by VLO, we built a multi-agentplatform in which transportation orders can be allocated dynamically between different com-panies, through a system of dynamic, distributed auctions.
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SamenvattingMulti-agent systemen is een belangrijk opkomend terrein van onderzoek, op het grensvlakvan kunstmatige intelligentie, gedistribueerde systemen, de economie en de speltheorie. Kortgede�niëerd zijn agenten autonome, pro-actieve software programmas die zelfstandig kun-nen redeneren, en vervolgens beslissingen kunnen nemen namens hun menselijke eigenaren.Een van de voornaamste toepassingsgebieden voor multi-agent systems is het automatiserenvan electronische markten, zoals electronische onderhandelingen en veiling-omgevingen.Een belangrijk toepassingsgebied, zoals diepgaand wordt bestudeerd in dit proefschrift, isde automatisering van complexe onderhandelingen in online e-commerce en taakverdelingtussen meerdere bedrijven in gedistribueerde logistiek.In dit proefschrift zijn een aantal belangrijke en open problemen in agent-gebaseerdeelectronische markten bestudeerd. Ten eerste is bestudeerd hoe complexe preferenties enutility-functies kunnen worden gemodelleerd en gebruikt om ef�ciënte strategiën te on-twikkelen voor bilaterale onderhandelingenen veilingen. We onderscheiden hier twee klassenvan preferenties: combinatorische preferenties (over combinaties van een groot aantal ob-jecten of afwegingen) en risico-preferenties (bijvoorbeeld hoe risico-mijdend een agent isbij het nemen van beslissingen in een onzekere omgeving). Een tweede belangrijk aspectdat we bestuderen, is dat van strategisch beredeneren, en dan met name wanneer agentendeelnemen aan een serie van veilingen met complementariteiten. Voor deze situatie intro-duceren we een nieuw mechanisme gebaseerd op het prijzen van opties. Dit mechanismereduceert het exposure probleem voor deelnemers aan dergelijke sequentiële veilingen. Hetderde bestudeerde probleem, ten slotte, is hoe samenwerking kan ontstaan in een systeemdat bestaat uit vele autonome en belanghebbende agenten. We bestuderen hier twee groteempirische datasets, afkomstig van twee sociale web applicaties: collaboratieve �tagging�en de markt van sponsored search.De bijdragen aan de literatuur, per hoofdstuk, kunnen als volgt worden samengevat.Hoofdstuk 2 beschouwt het probleem van het modelleren van bilaterale onderhandelingenover meerdere eigenschappen, in omgevingen met incomplete informatie, maar waarin depreferenties van de onderhandelende agenten kunnen worden gerepresenteerd als additieveutility functies. We introduceren een algoritme dat het agenten mogelijk maakt om incom-plete informatie te gebruiken in automatische onderhandelingen en zo voor allen pro�tabeleovereenkomsten te bereiken. 271



Hoofdstuk 3 beschouwt ook het probleemvan automatische onderhandelingenovermeerdereeigenschappen of objecten, maar voor het geval wanneer er interdependencies bestaan tussende objecten. Dit probleem staat bekend als aanzienlijk complexer dan het lineair onafhanke-lijke geval, en er bestaan zeer weinig computationeel ef�ciënte modellen. We introducereneen nieuw formalisme voor utiliteits grafen, en we laten zien hoe dit can worden gebruikt omde utilities van een opponenent ef�cient te leren en te coderen in complexe onderhandelin-gen over meerdere objecten. In een uitbreiding op dit werk laten we zien dat de initiële toes-tandsstructuur van dergelijke utilititeits grafen kan worden benaderd door gebruik te makenvan collaboratief �lteren op de gegevens van voorgaande onderhandelingen. Deze uitbreid-ing slaat tevens een brug tussen enerzijds collaboratief �lteren in e-commerce toepassingen,en anderzijds het onderhandelen over meerdere objecten.Een andere belangrijke lijn in dit proefschrift, zoals beschouwd in Hoofdstuk 4, is hetontwerp van ef�ciënte biedstrategiën in sequentiële veilingen, speci�ek voor risico-mijdendeagenten. Hoewel het probleem van het ontwerpen van ef�ciënte biedstrategiën in onzekereen sequentiële ongevingen bekend was in de literatuur, was niet bekend hoe risico-mijdendepreferenties van invloed zijn op de optimale biedstrategie van een agent. De motivatie voordit probleem kwam uit de transport-logistiek business case: in de praktijk zijn transporteursterughoudend in het gebruik van biedstrategiën die mogelijk tot grote verliezen zouden kun-nen leiden, zelfs als deze strategie hun gemiddelde, verwachtte utility maximaliseert.In Hoofdstuk 5 beschouwen we het exposure probleem van agenten die complementairewaarderingen hebben over combinaties van goederen, wanneer deze agenten de goederenkunnen verkrijgen in sequentiële, onafhankelijke veilingen. Om dit probleem op te lossen,bestuderen we een meer complex markt-mechanisme: het verkopen van opties op de goed-eren, in plaats van de goederen zelf. Dit werk bouwt voort op, en breidt uit, het concept vanniet-geprijsde opties van Juda & Parkes, en het laat zien hoe opties geprijst moeten wordenom de waarde te maximaliseren voor zowel kopers als verkopers in een dergelijke onzekeremarktomgeving.Het derde deel van dit proefschrift beschouwt een ander aspect van multi-agent syste-men: hoe samenwerking en social preferentie tot stand komen in grote systemen die bestaanuit zelfstandige agenten die uitsluitend handelen in hun eigen belang. Hiertoe bestuderenwe twee van dergelijke systemen: een grote dataset van sponsored search data, verkregen inhet kader van een project met Microsoft Research, en een �collaborative tagging� dataset,verkregen van Del.icio.us/Yahoo. Hoofdstuk 6 bestudeert de vorming van stabiele vocab-ulaires, in de afwezigheid van centrale sturing, in een groot collaborative tagging systeem.Dit hoofdstuk gebruikt technieken oorspronkelijk ontwikkeld in het veld van de complexesysteem theorie. Hoofdstuk 7 gebruik soortgelijke technieken, maar nu toegepast op spon-sored search markten. Dit hoofdstuk vormt zo ook een bruk naar de veiling-gebaseerdebenaderingen, zoals gebruikt in het tweede deel van dit proefschrift.Dit proefschrift wordt besloten met een appendix waarin een industriële case studie isbeschreven. Hierin wordt de toepasbaarheid bestudeerd van enkele van de technieken zoalsbeschreven in de meer theoretische hoofdstukken (en dan met name de veilingtechnieken vanHoofdstuk 4 en 5), in de context van gedistribueerde transportlogistiek. Dit werk is uitgevo-272



erd in samenwerkingmet Vos Logistics Organizing, Nijmegen (VLO). Op basis van een doorVLO aangereikt real-world scenario hebben we een multi-agent platform gebouwd waarintransport order dynamisch kunnen worden gealloceerd tussen verschillende bedrijven, doormiddel van een systeem van dynamische en gedistribueerde veilingen.
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