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Abstract. Designing efficient bidding strategies for sequential imnst represents an important, open problem area in agent-
mediated electronic markets. In existing literature, aepgrof bidding strategies have been proposed and have bheamso
perform with varying degrees of efficiency. However, modtoditegies proposed so far do not explicitly model biddattiudes
towards risk which, in mainstream economic literature,assidered an essential attribute in modeling agent preteseand
decision making under uncertainty. This paper studies ffieetethat risk profiles (modeled through the standard Arferatt

risk aversion measure), have on the bidders’ strategiesguential auctions.

First, the sequential decision process involved in biddsngodeled as a Markov Decision Process. Then, the effecatha
bidder’s risk aversion has on her decision theoretic ogthitaling policy is analyzed, for a category of expectatiohfuture
price distributions. This analysis is performed sepaydtai the case of first price and second-price sequential@ngt Next,
the bidding strategies developed above are simulateddar oo study the effect that an agent’s risk aversion hasenhinces
of winning a set of complementary-valued items. The papeclcmes with an experimental study of how the presence of
risk-averse bidders affects both bidder profits and auegonevenue, for different market scenarios of increasomyexity.

1. Introduction

Design of electronic auctions is considered an importaah@ea of research in electronic commerce,
both from a theoretical and an application perspective rd hee two main approaches to this problem.
One concerns the design of the auction mechanism itself, @s1it guarantees certain properties, such
as efficiency, individual rationality or budget balance.cBapproaches usually rely on combinatorial
auction mechanism, where a trusted center collects a setl®fiom all the agents and computes the
final allocation and payments [25].

However, many real-life markets are much more decentidlaed dynamic. Different items (or
tasks) may be auctioned by different sellers, in auctiortk @ifferent closing times, and sometimes
even in different markets. Often, the items to be allocatey mot even be known in advance. For
example, in transportation logistics, orders may be giteoughout a day, and carriers are expected to
put in offers for such orders when they appear, often in a tfpeverse second-price auction. In such
sequentiahuction settings, research has mostly focused on desigrergdding strategies of the agents
participating in such auctions, such as to guarantee maexpected revenue for their owners.

As previous shown in [4,9,23,27], the main problem that aleidhas to face in a sequential (or
simultaneous ascending) auction is the exposure problefornhally stated, exposure means that an
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agent has to commit to buying an item (and thus take a “sungf’[@83]), before she can be sure that she
will able to secure other items in her useful set or bundi the set of items that gives her a positive
utility). If she does not manage to acquire the other iterhs, is exposed to the risk of a loss. For
example, if we consider a decentralized transportatiohlpro, a truck acquiring an order for a part-truck
load in an auction may rely on acquiring other orders in thtartuto fill the remainder of the truck’s
capacity in order to make a profit.

In order to deal with this problem, several strategies haenlproposed in existing literature. Boutilier
et al. ‘99 examines the role of dynamic programming in conmgubidding policies in sequential
auctions, based on distributions over estimated pricesevé®et al. ‘03 [23] study the problem of
bidding in simultaneous ascending auctions (a problenetiaglated to the sequential settings) — in
the context of market-based scheduling. Osepayshvili.é0@al[1] continue this line of research, but
use probabilistic prediction methods of final prices andoithtice the concept of self-confirming price
distribution predictions. Gerding et al. '07 [7] derive tbptimal bidding strategy for a global bidding
agent that participates in multiple, simultaneous seqmizk auctions with perfect substitutes. Unlike
this work, however, they do not consider complementariies agents requiring bundles of items),
and the setting is slightly different, as all auctions arsuased to close exactly at the same time, not
sequentially.

In a direction of work that considers a setting very relatethts paper, Greenwald and Boyan '04 [9]
study the bidding problem, both in the context of sequeatial simultaneously ascending auctions. For
the sequential auctions case, they consider a decisiamettie model and show that marginal utility
bidding represents an optimal policy. Their result appliesvever, only to risk neutral agents. Hoen
et al. ‘05 [27] look at the related problem of bidding in refeshauctions with complementarities and
draw a parallel with the N-person iterated prisoner’s diteem The above approaches have been shown
to be efficient in many situations, both in self play and agamwide variety of other strategies, in
competitions such as the TAC. Although most do implicitiynsmler the aspect of risk, they do not
explicitly model the risk-takingttitudeof the bidding agents. By “explicitly model” we mean buildin
a profile of the agent’s risk preferences towards uncerfaiare outcomes (such as the final allocation
of a sequential auction).

In standard economic theory, since the seminal work of Kowrand J. Pratt, preferences towards risk
have been considered essential in understanding and mgdigtision making under uncertainty [2,8,
13,21]. In fact, a body of auction theory from economics P17 identifies risk preferences as a very
important, open research area. In recent econometrics rgauacfal economics literature, this has lead
to considerable research interest in efficiently modelmgjeliciting risk aversion from human users [5,
21,22} . Existing economic approaches to risk modeling do not, veweonsider sequential auctions
over combinations of items, nor propose bidding heurigocshis setting.

From the point of view of multi-agent systems literaturelyanlimited number of papers discuss risk
profiles. Babanov et al. '04 [3] use the concept of certaimyivalence, similar to our work, in the
context of optimal construction of schedules for task eXecou Liu et al. [15] do consider risk-aversion
on the part of the agents (similar to the approach takenspper) — but their work is mostly concerned
with providing an analytical solution to the one-shot aoctcase. Vytelingum et al. '04 [6] consider
risk-based bidding strategies in a double-auction settitigwever, both the auction setting (i.e. CDA)
and the risk model used (which is not based the standard AlPmatt model) make this work rather

LA practical example of risk elicitation in finance are the sfimnnaires involving probabilistic choices between save
scenarios that investment fund managers send to potemtestors.
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different in focus from ours. Finally, Vetsikas and Jensifig8] also consider a model that includes
agent attitudes towards risk (among other factors, suchidgdi constraints and reserve prices), for the
case on multi-unit, sealed-bid auctions. They provide adihgh theoretical analysis of this case, but
they do not consider complementarities (i.e. agents aesimindles of goods), hor sequential allocation.

1.1. Goals and organization of this paper

The basic goal of this paper is to study the relationship betwa bidder agent’s attitude towards risk
(measured by the standard Arrow-Pratt risk aversion monelre specifically the CARA model) and her
perceived best available bidding policy in a sequentiaian¢modeled by a Markov Decision Process).
In this context, we consider the bidding decisions of an atfeat desires a bundle of complementary-
valued goods that are sold through a sequence of auctions.

First, we investigate analytically how an agent’s percaptf her optimal bidding policy, given her
probabilistic expectation of future prices, is affectediay risk aversion profile. Similar to [4,9,10,23,
27], we take a decision-theoretic approach to the desigiddifg agents, meaning agents reason w.r.t.
the probability of future price distributions, and do nopéeitly deliberate over the preferences, risk
profiles and strategies of other bidders. Next, we conduekgerimental study of how an agent’s with
complementarities attitude towards risk affects her chamt winning a desired bundle, when bidding
against a population of local bidders, desiring only onedyoBurthermore, we also look at how this
bidding policy affects the auctioneer’s revenue. Our pringgal is to gain a qualitative understanding of
how sequential auction markets are influenced when biddéreamplementary valuations participating
in them are risk averse.

The remainder of the paper is organized as follows. Sectjgre&ents the risk aversion model, which
forms the foundation of the following sections. Section 3at#es the bidding model and discusses
the optimal bidding policies for both first and second-pseguential auctions. Section 4 provides the
experimental results, while Section 5 concludes the pajibrandiscussion.

2. Modeling utility functions under risk

The literature on risk aversion identifies several 3 mairesypf agents w.r.t. their risk profiles: risk
averse, risk neutral (indifferent) and risk proclave |Krisving”) agents. In the following we will focus
our attention mostly on the risk averse and risk neutrals;asnce these are the cases that describe the
behaviour of economic agents in most practical situatiotfs[@,17,21]). Denote the private payaff
achieved by an agent participating in an auction or lott€he utility a risk-averse agent assigns to this
payoff is described by the Arrow-Pratt utility function:

u(z)=1—e " forr>0 (1)

For the case of risk indifference & 0), we takeu(z) = z.

Note that the auction model we consider in this paper [sizate valuemodel. The payoft: of a
bidder after participating in an auction is a differencenmatn a private value and the amount of money
paid to acquire the item in the auction (or coat) Since the private value is private to each agent,
the payoff value is also private. Therefore, in a risk aveesting there are parameters describing the
private preferences of a bidder: valuand risk aversion coefficiemt Preferences of agents cannot be
directly compared by comparing their private values or fii@yas the risk factors must also be taken
into account.
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Our choice of defining Eq. (1) represents a standard formfiridg utility functions under uncertain-
ty [21] (the same choice is made in [18,21], among othersjs fiilim ensures that the following relation
holds:

Tu(z) = _W @

As defined in Eq. (2);,(z) corresponds to the Arrow-Pratt measure of absolute ristsare[2,21]. In
this paper, we considerconstant for each agent, i®,(z) = r,Vz, thus we use the constant absolute
risk aversion (CARA) model. Factorr represents a constant which differs for each agent, cleiziog
her own preference towards risk-taking.

We use a state-based representation, in which all possitieefoutcomes at timeis denoted bys;.
All s € S; are assigned by the agent a monetary payo#nd an expected probability (wherep, > 0
and) . g, ps = 1). We define the lottery.; over a set of payoffs; (corresponding to the stat)
as the set of payoff-probability pairs, i.B; = {(zs,ps)} wheres € S;. In this form, the definition is
generic, but as we show in Section 3, there is a natural quoretence between lotteries and states in a
sequential-auction game.

Theexpected utilitypf the agent at timeover the lotteryl; is described by a von Neumann-Morgenstern
utility function:

Bu L= Y piu(z) 3)

(2i,pi) €Lt

In case all the agents are risk-neutral (i.e. haie = z), it is easy to compare expected utilities and
payoffs across agents. However, for risk averse agentssthist the case, and we need a measure that
enables comparison of payoffs across agents with diffettitides to risk in uncertain domains. The
utility functions of the agents are not directly comparabhlthis setting, since each agent has a different
attitude towards future risk (differentfactor).

The widely used concept in risk modeling is to identify a mamgvalue (i.e. amount of money), such
that the agent is indifferent between receiving this valita wertainty or entering the lottery.

This amount is called theertainty equivalent (CE) of the lottery. It can be seen as the monetary
payoff the agent would attach to the future, if all the unaiatyy (and hence risk) were discounted.

Formally defined, theertainty equivalent (CE) of a lottery L; is defined as the certain payoff value
which is equivalent to the expected utility of the lottdry. That is:

uw(CE(Ly)) = Ey(Ly) (4)
Expanding both sides using Egs (1) and (3) above, we have:
_efrCE(Lt) — Z _piefrzi (5)
(zi,pi) €Lt

Hence the following expression can be derived for the aagtaiquivalent of the lottery:
—% In Z(Zi,pi)ELt pie”"Fiforr >0
CE(L) = (6)
Z(%pi)eLt piziforr =0

2This is a widely used risk aversion model, which we deemeficserit for the purpose of this work. We leave the study of
Relative Risk Aversion (RRA) models to future research.
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In other words, the certainty equivalent can be seen as tt&@rtamount of money which has the same
utility to the agent as the equivalent lottery, before thezome of the lottery is known. In the following,
we define and prove a recursive property of CE functions, Wwiscrelevant for their application to
sequential games considered in this paper.

Property 1. Suppose we have a game that occurs in stggd®ach time steppthe game can transition
into either one of 2 statesX;" (having an associated rewarg) with probability p,”, or X; (having
an associated rewarq ), wherep,” + p; = 1. In the sequential auction case considered h&fe,
respectivelyX, represent the states in which the agent wins / does not wirpaoniing auction (the
formal link is made in Section 2). The following relation sl

CE[(CE[(Z;—H’piH)’ (Zz;rl’pt_Jrl)]’p?—)’ (2 ,p7)] = (7)
= CE[(ZQEFMP;FP;LH% (Z;LMP;LP;rl)v (2 01 )]

Note that the notations™ andz~, for each timet only relate to whether the agent wins or does not
win the auction. These numbers can actually be negativeda the payoff for a state is negative. For
example, an agent with a strictly complementary valuatmrntéms sold at timesandt + 1, that wins
the item at time but does not win the item at tinte+ 1, gets the payoft,_ |, which is negative.

Proof: The proof involves repeated application of Eq. (6) to theside term:

CE[(CE[(Z;SA,F;FH), (Z;rpp;Jrl)Lpzr)a (Z;,p;)] =
— _% ln[p;_efrCE[(Z;l7pj+1)7(z,:+17p;+1)] + pt—e*’r‘zg]

+
—Tz — —-Trz
+ 7T[7%ln[pj+1e t+1+pt+1e t+1”

1 _
= ——1 7T‘Zt
“injpie |

+p; e

After reducing—r(—1) and using that'™* = X, we get:
_ —ll tot o TZy o pto— o TZi1 4 p—e—TE
=7 nlp, pie + D¢ Prya€ +pee ]

= CE[(ZtJ;lﬂpzrperrl)a (thrl’pzrptjrl)a (Z;,p;)] (qed)

Note that the above property can be applied recursively megawith any number of stages. This
property, while apparently straightforward, is importairtce it shows that performing local CE opti-
mization at each time step gives the same result as CE optimizfor the entire game (a property which
is not obvious for non-linear functions). As such, it is uasdn implicit assumption in our MDP model.

2.1. The importance of risk aversion in decision making: xaneple

In the following, we give an illustration why risk aversioarchave an important effect on monetary
values. Consider the case of two complementary-valuedsitednand B, which are sold sequentially.
Suppose the agent has to accept a sunk cost of $5 (dollarsyanametary units) for item A. If she
acquires both A and B, she makes a profit of $10, but if she dpedre makes a loss 6f$5 (thus
potential profit is double the size of potential loss). Swgipg the agent estimates the probability of
acquiring B atpg, how large doegg have to be in order for the agent to accept the gamble?

We plot the CE payoffs in this lottery for 3 risk attitudes bktagents, from — 0, » = 0.15 and
r = 0.3. The left-hand side of Fig. 1 shows the case when all ageve the same evaluation for both
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Certainty equivalent utilities for lottery between 10 and -5 Certainty equivalent when maximal outcome has different utilities
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Probability of desirable vs. non-desirable outcome Probability of desirable vs. non—desirable outcome

Fig. 1. Example of the certainty equivalents of 3 agents Witlifferent risk profiles for a lottery with 2 possible outcem
—%$5 (non-desirable) and $10 (desirable). The figure illtesr@ cases: A(left): The desirable outcome is assigned ateugn
value of $10 by all agents. B(right): The desirable outcomasisigned a monetary value of $5 (for the risk indifferemnag
(r—0), $7.5 by the slightly risk averse one £ 0.15) and $10 by the strongly risk-averse agent(0.3).

the desirable (i.e+$10) and the non-desirable-$5) outcome. From this figure, one can already see
that a risk neutral agent (= 0) would “join in” this lottery or sequence of auctions, ifetiprobability

of winning (getting the desirable outcome) exceeds 33.3%weVer, a relatively risk-averse agent£

0.3) would need to have at least 78% probability of winningiider for it to assign a positive CE value
to this lottery (and thus have an incentive to participatthimngame). In the right-hand side of Fig. 1,
we keep the payoff of the non-desirable outcome constan$at but we vary the maximal payoff from
$5 (for the risk indifferent agent), to $7.5 (fer= 0.15) and $10 (for = 0.3). Even if the estimated
probability of acquiring the bundleA, B} is exactly the same for all 3 agents, the probability of wirgni
has to be above 97% in order for the agent with the highesatialuto assign the sequence of auctions
the highest CE value, among these agents.

3. Bidding in sequential auctions with complementarities

As shown in the introduction, the main problem that a biddes to face in a sequential auction with
complementarities is the exposure problem. Following Bieuet. al. [4] and Greenwald & Boyan [9],
we model the decision problem that the bidder agent has ®ifasequential auctions as a Markov
Decision Process.

Assume there is a set of itendg sold in sequential auctions held at time poihts 1..n. A state in
this game is specified by a set of goalis acquired up to time (whereX; C I fort = 1..n). The
bidding policyof an agent in this game is described by a vector of ids (b1,...,b,), which assigns
a bidb; to each item sold at time point Fig. 2 illustrates this, for an auction with 2 items.

The bidding agent maintains a probabilistic expectatiaefclosing prices for items, . . .1, in the
form of n distributions. In the current model, these distributiorss@ssumed independent of each other
and stationary during one bidding roundrofwuctions { could also be seen as the number of auctions
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Stage 1: Stage 2: Final
Auction item A Auction item B rewards

V(A+B) - b(A)-b(B)

L(t=1.{A})

Pr[price(B)<=b(B)]

L(t=0.{})

Priprice(A)<=b(A)] Prprice(B)>b(B)]

V(A) - b(A)
. L({t=1.{})
Rriprice(A)>b(A)] Prprice(B)<=b(B)] v(B) - b(B)
Prlprice(B)>b(B)]
payoff=0

Fig. 2. The decision process faced by an agent in sequenttba, for a two stage example, with goods labeled A and B.

the agent can stay in the game before its deadline). Thisitiefiof stationarity does not exclude the
agent being able to learn, or refine its distributions oficlggrices between episodes but, in this paper,
we assume they are stationary for the duration atictions (i.e. one episode).

Considering the probabilistic distribution of future g (a similar choice as in [1,4,9]) is more
relevant to this setting than simply working with a vectotloé average past prices (such as in [23,27]),
since the thickness of the tails of the distribution may bearticular importance if the agents are risk
averse. Note thatin this form, we do not make any assumptidihetype or shape of the expected future
distributions: they can be normal, log-normal (usuallydusemodel future prices in financial markets),
uniform, binomial etc. For the results reported in this pape employed the normal distribution, but
the generic approach can be applied to other distributisnvegedl. The transition probabilities between
different states are the cumulative distribution probitibd that the agent wins the lottery with it current
bid b;:

Prob(Xip1 = Xy U{I;}) = Prob(ClosingPrice; < by) = cdf(bt) (8)

wherecdf;(b;) denotes theumulative density functioof the probability distribution over the closing
prices, when bid; is placed.

We model the utility of a future outcome at each time stépxcept the final one when all the goods
have been allocated) as equivalent to a lotteyyX;, b;). The payoffs of this lottery are determined
by the agent’s utility function, the set of items acquiredf@ao.X; and bidb;. The probabilities over
outcomes depend on the lidand expectation of future price distributions. The decigicoblem the
agent faces, at each time point is to choose abpithat provides the right balance between expected
payoff and probability of winning, given her risk aversionThis means choosirfg which maximizes
the certainty equivalent of lottely E(L(X¢, b;)). Using formal MDP notation, the value at each state
is:

Q(X¢,br) = CE(Li(Xt, b)) )
The optimal biding policy and the corresponding reward as:

by = m(Xy) = argmaxy, Q(Xy, by) (10)
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V(Xt) = maxth(Xt, bt) (11)

We can rewrite the above two equations, for the optimal bithat t b; and the associated optimal
certainty equivalent valu€ E'x, that can be obtained by taking the optimal bidding deciagin

by = argmaxy, CE(Ly(Xy, b)) (12)
CE*(Lt) = maxy, CE(Li( Xy, bt)) (13)

Note that this optimization of the certainty equivalenneaCE is performed for the current auction at
time ¢, but assuming that the optimal bidding decisions are takemvhole sequence of future auctions,
occurring at times + 1,...n. Therefore, the problem of determining the optimal lidor time point
t actually involves recursively determining the bigs. . .b} that maximize the certainty equivalents
of states atq,...n. Due to the recursive property of the CE function (capturgd.&mma 1 above),
maximizingC E(L,) at each state leads to maximizing the initial certainty eajent expectation for the
entire sequence of auctions, i.e. maximizg(L,). This means that standing MDP reasoning models
can be applied to this problem, where the Q values of the atdidDP definition are the CE values of
the lottery over future expectations at each step.

A naive alternative to this method would be the applicatioD®optimization directly to the utility
function of the agent (as done in [4] for risk neutral agerf®)y risk-averse agents, however, due to the
non-linear nature of the utility functions, definitions afitiing policies in sequential auctions can only
be defined in terms of the CE values of future stdt@is is done in the following Sections, which also
include a numerical example and an illustration that presithsight into the dynamics of the problem.

3.1. Optimal bidding policy for sequential 2nd priféckrey) auctions

Greenwald and Boyan [9] show that the optimal bidding styafer a risk-neutral agent in a second-
price sequential auction is to bid the difference betweerettpected value of the state when the auction
is won and the expected value of the state when the auctiat ison. Here we can extend these results
to the risk-averse case as follows.

Suppose at time (after a set ot previous auctions) the agent is in a state in which he hasdahefs
items X;. At the next step (i.e. after the auction occurring)athe can transition in either one of two
possible states: one in which he obtains the set of ita’gjg = Xy U{I++1} (if the auction is won) or
X, = X; (if the auction is not won. If the auction at timés a second-price one, the optimal bidding
policy available to the agent is:

bi = CE(Les1(Xih)) — CE(Liya (X)) (14)

assuming that at all subsequent stepsl, .., n the locally optimal bids are chosen.

Proof. The proof resembles the proof in the textbook of Krishnd,[Which refers, however, only
to risk-neutral bidders. First, we simplify the notation dgnoting the certainty equivalent of the state
when the item is acquired WWE,!, | = CE(L,41(X,},)) and the certainty equivalent of the state when

3We stress that the term “optimal” used in this paper, shoalihterpreted as optimal w.r.t. the bidder’s aversion tk aisd
estimation of future price distributions. This is not thexgaconcept as dominant bidding strategy from standardauttieory
(i.e. independent of the behaviour of other bidders). Aswdised in the introduction, dominant strategies are havkrio exist
for the sequential settings considered in this paper.
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the itemis notacquired bl§ F;_ | = CE(LtH(X;Ll)). There is a set af,, independent bidders in each
auction, that only desire the |tem sold in that auction. Alt#ons being second price, they always have a
dominant policy of bidding their true value. Let the valoatfunction over these, bidders be denoted
by G(z) = G;(z)"*, whereG(z) is the cumulative distribution that bids of al}, agents are smaller than
x (G;(z) here refers to a single independent bidder, but we can cantsidm in aggregate, without loss
of precision). Thery(z) is the density function of this distribution, i.e. it denstae probability that the
highest bid of the independent bidders is exagetly

Note that the state of winning the auction and having topayings a monetary gain @f'E t+1 —
for the agent, while loosing brings a monetary gairCdf,_ ;. In this case, however, the amount to be
paid depends on the highest bid of independent biddersesstdindard certainty equivalence definition
needs adjusting. Basically, tlieE' of biddingb; in a state at time can be expressed as:

bt -
CE(b) = —% 1n{/0 g(z) r(CEt+1 ) Ay +(1-G(z ))e*TCEtH}

The optimal bidh; can be obtained by taking the derivative of the above exjmess. Whenw =

0. This gives:

_g(bt) (e—r(CEZSrl—bt) - T‘CEt+1) -0
r [ g(a)e OB dg 4 (1 - G(a))e P

Of this expression, the first fraction is never zero and caretieced, which basically gives:

o T(CEfL b)) _ ,~rCE;,

Which finally, after applying the logarithm and dividing by ) gives:
CE/,—b=CE_,

Resulting in the final expression féy as:
by =CE/}, - CE_,

So basically, the marginal optimal ki in a sequence of second price auctions is always the marginal
difference between the certainty equivalents of the next states. Note that this was known from
standard auction theory for the case of risk-neutral bislflet]. Basically, since a rational agent views
all previous payments as sunk costs, they can be discountedicenot have to be accounted for in future
bids. The intuitive reason why we find this result in the cdsesk-averse bidders as well is that certainty
equivalent functions, although not linear, are basicalnotonically increasing in the monetary payoffs
of future states, so it is rational for the agent to increasebid until the differenc€' E;" , — CE, | is
covered.

3.2. Optimal bidding policy for sequential 1st price auaso numerical solutions

For first-price auctions no closed form optimal bidding pgltan be formulated, because agents have,
as in the case of risk-neutral agents, an incentive to sheaeliid. Liu et al. ‘03 [15] show, for the
case of single-shot first-price auctions that, on averasgje averse agents shade their bid less than risk
neutral agents, since they want to minimize the chance afdade auction. In this case, the optimal
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Expected CE values of different bidding policies, for r—=>0 Expected CE values of different bidding policies, for r=0.3
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Fig. 3. Example of the certainty equivalent payoff in a twage sequential auction for 2 items: A (at time= 1) and B
(att = 2). The graph shows the CE value of the corresponding 2-gjage, if the costs for both items are drawn from
N(u = 2.5,0 = 1.5), for an agent withr — 0 (left) andr = 0.3 (right).

bid levelb; given in Eq. (14) above for the second price auction reptesamupper bound on the bid
level a rational agent would place in a first-price auction.

For the sequential case, in order to get insight into the,casecomputed the numerical solutions
of the optimal bidding policy as perceived by the agentsraeti = 0 (before entering the sequence
of auctions). This is done for a sequence of 2, respectivelpé®ming auctions (items are numbered
alphabetically, by the order they are being auctioned). dredysis can be extended to any number of
auctions, and the results are largely similar).

We take the expected distributions for future prices fonviudial items are drawn from identical,
independenhormaldistributions (i.i.d.s are a choice widely used in economadeling [16]). In this
case, we chose normal distributions with meas 2.5 and dispersioa = 1.5. The chosen valuations
levels areiv; 4y = 0, vypy = 0 andv4 gy = 10 (for the 2-stage auction), respectively, g ¢y = 15
and 0 for all other subsets (for the 3-stage auction). Thaoehof values is such that the sum of the
mean expectation of the costs is exactly half the bundlefhayo

A bidding policy is defined as a combination of bids for itém b 5, with the note that the bid for B is
only placed if the agent wins A in the preceding auction (bih&e, it has a dominant policy to bid 0 and
earns a reward of 0). Using a mathematical optimization @agekin our case Matlab), we computed
the optimal bid levels of this gam@;;, b};), for each level of risk aversion from 0 to 1, as well as the
expected CE level of this optimal bidding policy, ireaxy,, 5, CE(Li—o).

In Fig. 3, we show the CE value of the initial choice to enter $let of auctions (i.e0'E(L;—)) for
one level of risk aversion and all possible combinations of bids for the first, respettisecond good
in the sequence. As can be seen in Fig. 3, the surface of pob&ils has a single optimum point, for
each level of risk aversion.

In Fig. 4 we plot the optimal bid levels for a sequence of 2peesively 3 auctions. Basically, each
point on the left (i.e. two-item) side of Fig. 4 correspondgite coordinates of the optimum point in
exactly one bidding surface, such as shown in Fig. 3. The sambe said about the right side (i.e. the 3
item case), although in this case the bidding surface cdreattually visualized (being 4-dimensional).

From the analysis of Fig. 4, we can already highlight someoirigmt effects:
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Optimal bidding policy for a two—item sequential auction payoff for A+B=10 Optimal bidding policies for a 3—item seq. auction — items labeled A, B, C

Optimal bid for item B . .
Optimal bid for C (t=3)

Optimal bid for B (t=2)

Monetary value of the bid

Optimal bid for A (t=1)

Optimal bid for item A R 2r

L 1 I I

. . . . .
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Bidder agent risk adversity (r factor) Bidder agent risk adversity (r factor)

Fig. 4. The optimal bidding policy available to an agent hauiisk aversiorr, in a 2, respectively 3-stage sequential auction.

The

items have a complementarity value of $10 (resp. $1%5)qgfied together, but no value if acquired separately. Tistsc

for all items are drawn from a normal distributiof(p. = 2.5, 0 = 1.5).

3.3

The more averse a risk agent is, the higher she will bid forseond item in a 2-stage auction
sequence. Intuitively, a risk averse agent is more condeawith reducing as much as possible the
probability she will loose the auction for B and not cover Bank cost for item A. By contrast, a
more risk-neutral agent is willing to accept a slightly héglprobability she will have a sunk cost,
if the potential gain is greater. Otherwise stated, ageiitts different risk profiles have different
levels of awareness of costs already incurred.

By contrast, the optimal bid level for item A slightly decses as the agent becomes more risk
averse. Risk averse agents are not willing to accept a higksast — thus their optimal policy is to
avoid bidding aggressively in the first round. They may pratd to participate at all in the sequence
of auctions, than to win the first auction with a high sunk cegtich would be difficult to cover.
Furthermore, note that in this example, the average measteadon of cost of the first item is only
a quarter ($2.5) of the maximal possible cost. We also peddrtests with other mean expectation
costs, and found that, if these costs become higher, thet effeonsiderably more pronounced — and
risk-averse agents’ optimal bid policy may simply be notaatigipate at all in the auction sequence.

. Bidding strategy for multiple copy auction sequences

The MDP-based bidding strategy outlined above can lead tpé&mal bidding policy, but only if all

CE

values of the states for the entire game are computed.chibecome computationally expensive,

especially if the sequence contains many stages (auctionghe simulations presented in Section 4
below, we make an approximation that enable us to significgmtine the state tree in solving the
multiple copies problem. This problem appears when theibgldgent is interested in only a limited
number of items to form a useful bundle, but these are offésedale repeatedly. Suppose items are

“Multiple copies can be seen as an instance of the subsilitytagroblem — though substitutability is wider, if we aliofor

part

ial substitutes. These are not considered in the dunerk.
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divided into several types. The agent’s expectation ofiatpprice distributions for all items of a given
particular type is the same (thus she does not model thesfetypectation probability per auction or per
item, but per type of item). If this expectation remains thme during the number of bidding rounds the
agent stays in the game, then it is possible to reduce thetstat representation from a representation
dependent on the number of future auctions to a represemtatiich depends only on the size of the
bundle the agent wishes to buy.

Formally, if there are several items of type A and the ageotgithat there are 4 more auctions of
items of type A to take place. Then the probability of trainsitfrom any stateX to a stateX U {A}
(i.e. winning at least one item of type A at some point in thetsequence of. 4 opportunities), given
that the agents bidsy in each of the auctions in that sequence is:

Prob(ClosingPrices <bs) =1—[1—cdfa(ba)]™* (15)

The above formula can be used to determine the probabitifiése getting an item of type A in the
final state (i.e. after all auctions for a good of typdhave closed). One still needs to apply the MDP to
determine the best policy based on these probabilitieghimiis straightforward, as it does not require
computing the whole tree.

Note that this policy only uses as input the number of futuretians of each type remaining before
the auction has to leave the market, not their exact orddachif one knows the exact order that future
auctions take place in, then it might be better to computevth@e tree (although that's exponentially
more expensive). However, not knowing the exact order tiatré auctions will take place in, only
the number of auctions of each type, is more realistic in maay-world settings. So, for example,
in the simplified transportation case shown in Section 4lvipen practice, planners may know that a
number of opportunities (i.e. transportation orders) faaftruck may appear before the truck needs to
start driving, but they don’t know exactly the order in whitkese will be offered.

For the experiments reported in this paper, because goeddlasf the same type (even if a bidder
may desire only a bundle consisting of several such gookis) hieuristic approximates very well the
optimal bidding policy. In this case (i.e. same-type goott®re is basically only one possible sequence
of future auctions, and the length of this sequence bagicafiresents the full information needed to
describe it. If there are several possible types of bunthes, the difference in performance may depend
on the exact auction sequence. However, even this problarbeanitigated by randomizing over all
possible auction sequences when performing experimerdahlation.

As we discussed in the numerical example, having multipleréiopportunities to buy a good may
determine risk-neutral agents to reduce their bids (simeeetis a higher chance of winning one of them),
but it may also encourage risk-averse bidders to join thdibg] bidders which would otherwise find a
short sequence of auctions to be too risky to participate.

4. Experimental analysis

The goal of the experimental results presented in this piagertest how different sequential auction
market settings are influenced by the presence of a comptamamluation bidders, with different risk
aversion levels. We look at how risk aversion influences ¥ipeeted profit that the synergy bidder makes
over a sequence of auctions, as well as the probability ofpbeting the desired bundle and ending up
with an incomplete bundle (which can result in a loss). Femttore, we also study how the expected
revenue of the seller(s) is influenced by the presence of ergyibidder in a market, as well as how the
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number of buying opportunities (i.e. length of the auctieqeence) influences the expected profits of
seller and buyer.

The first part of this paper studies these questions for aehaiikh a single synergy bidder participates
in a sequence of auctions for items of the same type. Moreretaig, we assume a market consisting of
a sequence of auctions, each populated by a set of localdstag) bidders and one synergy (global)
bidder that desires exactly one bundle of two items. The rarmabauctions that the synergy bidder can
stay in the market is fixed for each simulation round (althotlgs parameter will be varied between
different experiments). In the second part of our experimertudy, we introduce bundle differentiation,
i.e. the auction sequence consisting of auctions for twedypf items and a synergy buyer that can
choose between the two possible bundles. This setting whgaten by a transportation logistics setting
described in Section 4.5.

4.1. Experimental hypotheses

In order to better structure the presentation, we first fdateuthree hypotheses, that should be
confirmed or disproved in the experimental tests. Thesethgses are intuitively formulated based on
the properties observed in the theoretical part of this pape should help the 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#tgience of auctions
with an incomplete bundle (i.e. a bundle in which the firsiitis acquired, but not the subsequent
ones, hence resulting in a loss).

Note that the statement in Hypothesis 2 appears obvious:nibre a control hypothesis. If we do not
find this, then there may be reasons to believe somethingoisgnin our experimental set-up. The most
important side effect is stated as:

Hypothesis 2: A synergy bidder with a higher risk aversion will obtain a Emaverage profit from
bidding in a sequence of auctions than a synergy bidder whilgss risk averse.

The final hypothesis refers to the case of different auceogihs.

Hypothesis 3: For all risk aversion levels, the expected profit of a syndngyer desiring a bundle of
items will be higher if there are more auctions in the sega¢ne. more opportunities to buy), while
the chance of ending up with an incomplete bundle will be lowe

Besides these hypotheses, referring to the buyer, in o@rgrpnts we also look at the average revenue
that a seller of a set of items sold in sequence will be lowénefsynergy buyer present in the market
is more risk averse. There are a further two further hypatheaslated to markets with different item
types, but they will be introduced them later.

4.2. Experimental setup

The experimental set-up used is as follows. We consider aeseg ofn closed, first-price auctions,
in all of which exactly one item of the same typkis sold. In each of these auctions, there are an
(unspecified) number of local bidders, assumed myopic,dbsire exactly one item of typé. Since
these agents are assumed myopic (i.e. they only consideuthent auction they participate in), we can
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model their bids in each auction through some random digtab. Note that the myopicity assumption
of local bidders is important here: if the bidders are ablsttategize over the sequence of auctions, or
over the presence of a synergy buyer in this sequence, teandtel we use for their bidding behaviour
may not hold. In this model, because in all auctions an idahgjood is sold, we can model the maximum
bid received from the competition in each of thauctions in the sequence through identical, independent
probability distributions (i.i.d.) — a choice that is als@de in other decision-theoretic bidding models,
e.g. [7]. Since we do assume any prior information about thg wdependent bidders place their bids,
we take the most general case and assume they follow norstabdtionsN (., o).

In each sequence of auctions there is exactly one synergyaloal) bidder participating. This bidder
desires exactly one bundle of two items of the same t§p@nd is assumed to have no value for an
individual item). The synergy bidder must acquire this Hernd exactlyn auctions (here, the number
of auctions that a bidder can stay in the game can also belthotigs a way to model a shorter or longer
deadline that a bidder has). The valye « A) that the synergy bidder assigns to the useful bundle, the
number of auctions, as well as the parametaisando that model the behaviour of single-item bidders
are all parameters of the simulation. For each market corafigun, average results are reported over
1000 runs.

4.3. Experimental results for one-type item auctions

In this section we give the results for a market setting wiloalg one type of itend is sold, and the
synergy bidder desires exactly one bundle of two such iténitgally, we do this for sequences af= 7
auctions, where the values of independent bidders are drawna distributionNV (u = 4,0 = 2). The
synergy bidder assigns a valuewdfd, A) = 10 (notice that this means the synergy buyer values a bundle
of two item, on average, with 25% more than the independeiuidrs). The bids of the synergy buyer
are computed according to the heuristic in Section 3.3,dasdhe risk aversion coefficient shown on
the abscissa. Results (with averages over 1000 runs) annshd-ig. 5. Returning to the hypotheses
stated in Section 4.1, we see that indeed, Hypothesis 2 fwaud for this setting: the higher the risk
aversion of a synergy bidder, the lower his/her averageagperofit (the drop is quite considerable —
from 4 to around 2.5). However, one can also notice the vegiafthe results decreases slightly for the
risk-averse bidder. These results are consistent withaapens.

The right side of Fig. 5 shows the average revenues of therdeli this setting. These are somewhat
surprising, given that one would intuitively expect sellevenues to drop if bidders in the market are
more risk averse. In fact, it seems there is some type of tevequivalence, in the sense that the
revenue that a seller can expect in such a sequence of sedaewtions with a risk averse bidder does
not depend on his/her risk aversion. From further exanonathis can be explained as follows: since
these are first price auctions, a more risk averse bidderbidlless often in this sequence. However
when he does bid, he will bid considerably more which, on ager has a compensating effect for the
reduced participation. Nevertheless, a more in-depthstiyation is needed (with a larger market and
more synergy bidders), in order to formulate a hypothegjanding this point.

4.4. Results for one item and different auction lengths

In this Section, we extend the above analysis to a settingemive vary not only the risk aversion
of the synergy buyer, but also the number of auctions he/ahearticipate in to acquire the desired
two-item bundle. Furthermore, we made this setting morepaiditive: while the valuation of each
synergy buyer for a bundle of 2 A-s remains4, A) = 10, the competition is slightly more aggressive
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Fig. 5. Setting with 7 sequential auctions and one synergghwithv(A, A) = 10, and independent agents for each auction,
bidding according tav (4, 2). The left side gives the average profit of the synergy buybilevthe right the average revenue of
the seller (both averaged over 1000 runs).

and will be according tév (4.5, 2). This basically means that we reduce from 20% to 10% the ddgan
in valuation that a synergy buyer has, on average, over ttepigndent bidders. The motivation for this
is that it seems more relevant to study how the success liaftuisnced by multiple buying opportunities
(i.e. varying number of auctions), for a more competitivitisg.

Results from these tests are shown in Fig. 6, respectiveReturning to the above stated hypotheses,
we can conclude that, indeed Hypothesis 2 can be confirmedn v this modified setting, there is
a marked decrease in average synergy bidder profits, aghiigk aversion increases. This effect is
more noticeable for the higher auction lengths (5, 7 or 1@&#e The reason for this is that, for this
competitive setting, the participation rates, even fonttwee risk-neutral agents are on the low side (see
left side of Fig. 7) and relatively constant over Furthermore, it seems that the revenue the seller can
expectis also relatively constant over the risk aversicdhekynergy buyer, even for these more general
tests.

From looking at Figs 6 and 7 one can clearly see the very lalifgetehat the number of available
auctions has, both on the expected profitand success ratesyftergy buyer (thus confirming Hypothesis
3 above). This effect clearly holds for all risk aversion fficeents of the synergy buyer and all
configurations. From Fig. 7, one can also see that a more visisa bidder, while making, on average,
less profit, does have some advantages in this type of asctlia/her chances of ending up with an
incomplete bundle before the deadline (hence making a todlsait particular auction run) decrease
considerably. Thus, these results support Hypothesis éxpected. Since in many real life bidding
situations (one will be discussed in the following Sectjagent consider only the possibility of profit/loss
in an immediate run (not the long-term statistical average)imizing chance of a loss, even if it has
only 5%—-10% probability, can be an important consideration

4.5. Setting with different item types and more complexepeetes

The previous Section has already highlighted the compl@fibidding in sequential auction to get
a bundle of two items, even for the simplified setting with qessible item type. However, in most
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Fig. 6. Results for the average profit of the synergy buyédt) @ad seller revenue (right), for a setting with one sygeagent
with v(2A4) = 10 and a set of independent agents bidding accordidg(th5, 2). The number of auctions the synergy agent
can stay in the game to acquired the desired bundle, as whlk&eer risk aversion coefficient are varied for the diffare
settings. All results are averages over 1000 runs, but timlax@rloading the picture, error bars were not included.

real-life scenarios, on top of the question of how to divideit bids between complementary items in a
seguence, agents are confronted with several alterndtigethey must choose from during bidding. In
fact, the potential complexity of the space possible pexfees is very large. In this Section, while we do
not completely model the full potential complexity of pddsipreferences, we show that having a second
type of good to choose from introduces a whole different disien to the dynamics of decision-theoretic
bidding in sequential auctions.

We should mention that our choice for the valuation struectithe bundles, while simple, is motivated
by a transportation logistics application setting and dmgsure much of the dynamics of that use case.
Therefore, before we describe the experimental set-upesuts, we motivate it by briefly describing
how the experimental choices made could plausibly fit a ligEa&pplication setting.

4.,5.1. Bidding in sequential auctions for transportatioders

The problem setting we considered in our auction model isghdistributed transportation logistics
with partial truck loads (a real-life, business-orientéatform for this case, developed in collaboration
with a large logistic company, is described in [24]).

In the logistic setting we consider, transportation ordeither from one, but usually from different
sellers/shippers) are usually sold at different pointgetthrough spot market type mechanisms (usually
auctions). The bidders for these loads are small trandmrteompanies who try to acquire a suitable
set (bundle) of orders that would fit the capacity of theicksl In this model, we assume all orders
are ready for pick-up or return delivery at one central tpamgation depot. Figure 8 shows just such a
topology, with delivery point group into 2 main delivery iegs).

5This is actually a realistic assumption in many cases, ésjbei there is just one shipper, or several small shippen®
aggregate their demand to one central distribution point.
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Fig. 7. Success and failure rates for a setting with one gyregent withv(2A) = 10 and a set of independent agents bidding
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Fig. 8. Example transportation scenario with one centrpbti® and two disjoint transportation regions: A and B. A kuc
starting from the central depot (D) can only drive to one @f delivery regions, assuming it has to return to the baseaime s
day. Therefore, a bidding agent representing this truckdasquire part-load orders from exactly one of the two negio

Acquiring suitable combinations (bundles) of orders totfé same trip with one truck is crucial for
profitability in this setting. A truck acquiring, for exangglan order for 1/2 truckload to be delivered to
a certain region usually counts on acquiring another 1/&ktaad order from the same region, in order
to make a profit. In this case, item types represent diffedefivery regions — each trucking company
expecting different costs/profit structure per region,ad&jing on its transportation network. Another
possibility for bundling can concern symmetrical outgdieturn orders which originate in the same
region.

In the utility model used in our auction simulations, we ahatithe main characteristics of this setting.
In this way, bidders can be considered as truck owners éreiecs), the items are transportation orders,
item types correspond to different delivery or pick-up cegi. In practice, auctions for transportation
orders are reverse auctions: the bidders that offer thesiowest get the order. However, the correspond-
ing model with sequential ascending auctions studied syghper is basically equivalent to this, and it's
easier to compare with other models and in existing liteeatu

Furthermore, in reporting the results, we also make thenagtaon that there is a single seller for
all the goods (or orders) in the sequence. While in practeesportation orders may originate from
multiple shippers (or customers), the aggregate reventieedingle seller can be seen as indicative of a
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Fig. 9. Results for the average profit of the synergy buydt) (@nd seller revenue (right), for a setting with two itemgak
valuevas s = 10) sold in 5 auctions, and B (of valug;, 5 = 20) sold in 2 auctions. Notice there is a transition, becagsats
with risk aversion >= 0.5 do not try to get the higher value bundle (of item B).

global average, that a seller, without knowing his/her jseeplace in the sequence of auctions, has from
selling items in this sequence.

4.5.2. Multiple item simulation set-up

The sequential model we consider is as follows. The numbaucofion rounds is still fixed at 7, but
there are two types of goods: A and B. In this setting, we thiae a differentiation between the items:
items of type B are relatively “rarer” (they are sold only im@ctions out of 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 bundlecbfisams is also asymmetrical. A bundle
of 2 items of type B has a valuation of B, B) = 20, while a bundle of 2 items of type A{A, A) = 10.
The competition coming from single-item bidders for thoseds is also different. For goods of type A,
the bids from this competition are modeled through a norisatidution N (u4 = 4,04 = 2), while for
items of type B through a distributionV (1.5 = 6,05 = 2). Therefore, the additional valuation of the
synergy agent for a bundle of two items, compared toateragepaid by independent bidders is only
2/10= 20% for a bundle of type A, but 8/28 40% for a bundle of type B. at the same time, a bundle
of type B is twice as rare.

4.6. Multiple item setting: hypotheses

Before we present the result graphs for this setting, weviothe format of the previous Sections, and
formulate two additional hypotheses:

Hypothesis 4: In a market with two types of items, one of which is rarer, Habanore valuable than
the other, the synergy bidders with a risk aversion coefficéove a certain level may select to
bid for a bundle of the more common item, in order to maximiegirtchances of completing the
bundle. This can reduce the synergy bidder’s average exghpctfit from the auction sequence.
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Fig. 10. Percentages of success and failure per 1000 sionlamns, for a setting with two different types of items ditsed
above. Notice the transition at>= 0.5, showing that risk averse bidders do not try to get thelleuwith the rarer item B, but
only one of A.

Hypothesis 5: Inthe above setting, if risk averse agents prefer to bid fmrencommon, but less valuable
goods, this also reduces the revenues of the auctioneer.

4.7. Results for two-item case

Experimental results for the above setting are presentéym9 and 10. Figure 9 gives the average
profit of the synergy agent and the seller, while Fig. 10 gihespercentages of auctions that agents
complete (or fail to complete) bundles of items or eitherety@ll results reported are averages over
1000 runs.

Basically, Hypotheses 4 and 5 are, on the whole, confirmedhdgettests: there is a decrease in the
expected profit of the synergy buyer and seller. Howevergtiman important caveat: there seems,
for this parameter settings, to be an important threshdttehs the risk aversion factor of the agent
becomes = 0.5. The reason for this threshold effect is clear from F@. 4t this level, the more risk
averse agents stop trying to bid for the more valuable, Isat‘@iskier” bundle of item B (for which there
are only 2 available auctions), and go for a bundle of itemrégfwhich there is less absolute profit to
be made, but for which there are 5 available auctions.

The left-hand side of Fig. 9 shows that, while going for thedile of item B brings, on average,
slightly more profit, this result also is subject to a muchheigvariance, i.e. the bidding agents are more
likely to loose money by failing to complete their desiredtlle. By contrast, bidding for a bundle of
type A (as the more risk-averse agents do), can slightlyedeer the average expected profit, but the
bidder is less likely to loose money. In fact, the lower imgdof the variance bars, in this case, seem to
be all above the zero axis.

The seller revenue (right side of Fig. 9) is also influencethieyrisk aversion (and, hence, the bidding
behaviour) of the synergy bidder, but the decrease in sellemue that occurs at the threshold level is
relatively slight (of only a few percentage points). Neliefess, one should note this is a setting with
only one synergy bidder present in the market, thereforavkeage effect may be understated.
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5. Conclusions and further work

To summarize, the main contributions of the work presemnietis paper are as follows.

First, we establish a formal link between bidding strategiesequential auctions and standard (Arrow-
Pratt) risk aversion models from economics. Next, we daivuseful property of certainty equivalence
functions and it shows how such functions can be naturalpliegh to sequential auction games. We
study the way in which the perceived optimal bidding strategmputed by a risk averse agent, given
her probabilistic model of the future, differs from the optil strategy of a risk neutral agent. Risk
averse agents tend to bid more aggressively throughouetheesce of auctions, in order to cover their
sunk costs for the initial items in the sequence. Howevehdffuture sequence of auctions is initially
perceived as too risky (given the agent’s initial estimatid future closing prices), the best strategy
available to a risk averse agent is simply not to participat|.

Then, we study experimentally the effect that this decidfmoretic bidding behaviour of risk averse
bidders has on his/her expected profit, for markets in whiettbmpetition is formed of “myopic”, local
bidders (i.e. bidders that require only one particular go¥de show that, as expected, more risk-averse
bidders have less of a chance to end up with an incompletddyardl hence make a loss. But, on average
(i.e. assuming a market with repeated interactions), thalgentess expected profit. When bundles of
two possible items are available, we show that more risksaviidders may prefer to bid for the more
common one (even if it has less absolute value), rather tisarthre chance of making a loss. This is
rational for them, as it their reduces their risk, althoutgiso reduces their average expected profit.

The paper, while providing some important results regarttie complexity of the sequential bidding
problem for risk averse agents, leaves several issues tmsweeaed in further work. An important
one is deriving optimal bidding strategies in markets inckhseveral synergy agents (i.e. bidders with
complementary valuations) bid against each other, notagdynst myopic, single-value bidders, such as
in this work. New bidding heuristics could be developed fitware agents that do not only target raw
efficiency, but also allow their owners to select a balande&en expected profit and risk, based on their
personal preferences. Finally, the role of mechanisms asaecommitment [26] and options [11,12,
20,19]in reducing or eliminating the exposure problem tiskt-averse agents face is another promising
direction for further work.
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