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Abstract Our results make no assumptions about bidders’ arrival

Many advertiserstfidders) use Internet systems to buy diso_rderorvalue distribution. They still hold if we replace items

play advertisements on publishers’ webpages or on tra‘Hf-tth eler_?e:"lntts)g;a mre]xtrmd 33(.jt.matcr|ng:cs with |?d]?]:t3endent
tional media such as radio, TV and newsprint. They segk™> Of 1T all bidders have additive value for a set ot items.

a simple, online mechanism teservead slots in advance. .
On the other hand, media publishessl(ers) representavastl ~ Introduction

and varying inventory, and they too seek automatic, onlingany advertisers now use Internet advertising systems.
mechanisms for pricing and allocating such reservations. These take the form of advertisemead ( henceforth) place-

We propose and study a simple model for auctioninglents either in response to users’ web search queries, or
such ad slot reservations in advance. A seller will display predetermined slots on publishers’ web pages. In addi-
a set of slots at some poirft in the future. UntilT, tion, increasingly, advertisers use Internet systems that sell
bidders arrive sequentially and place a bid on the slefg slots on behalf of offline publishers on TV, radio or
they are interested in. The seller must decide immediatﬁWSPrint_ In ads p|aced in response to users’ web search
whether or not to grant a reservation. Our model allows tigeries and in some other cases, ad slots are typically sold
seller tocancelat any time any reservation made earlier, iia spotauctions, i.e., when a user poses a query, an auc-
which case the holder of the reservation incurs a utility I0§8n is used to determine which ads will show and where
amounting to a fraction of her value for the reservation amgey will be placed. On the other hand, traditionally, adver-
may also receive a cancellation fee from the seller. tisers seek ad slots in advance, i.e. réservetheir slots.

Our main result is an online mechanism for allocaroduct releases (such as movies, electronic gadgets, etc)
tion and pricing in this model with many desirable gamemnd ad campaigns (e.g., creating and testing ads, budgets)
theoretic properties. Itis individually rational. Winners havgre planned ahead of time and need to coordinate with future
an incentive to be honest and bidding one’s true value dogyents that target suitable demographics. Advertisers typi-
inates any lower bid. Further, it bounds the earnings @dlly like a reasonable guarantee of ad slots at a specific time
speculatorswho are in the game to obtain the cancellatiog.g. critical events) in the future within their budget con-
fees. The mechanism in addition has optimization guarafraints today.
tees. Its revenue is within a constant fraction of ¢hpos- Our motivation arises from systems enabling such ad-
teriori revenue of the Vickrey-Clarke-Groves (VCG) mechaance ad slot reservations. In particular, our focus is on au-
nism which is known to be truthful (in the offline case). Oubmatic systems that have to manage ad slots in many dif-
mechanism’s efficiency is within a constant fraction of th@rent pub”shers’ properties_ These properties differ W||d|y
a posteriorioptimally efficient solution. If efficiency alsoin their traffic, targeting, price and effectiveness; their inven-
takes into account the utility losses of bidders whose resgjry levels are massive. Not all publishers can estimate their
vation was canceled, we show that our mechanism matchg@ntory accurately: traffic to websites responds to time-
(for appropriate values of the parameters) an upper boundgépendent events, and sometimes webpages are generated
the competitive ratio ohnydeterministic online algorithm. dynamically so that even the availability of a slot in the fu-

Our mechanism’s technical core is a variant of the onligre is not knowra priori. Most web publishers are not able
weighted bipartite matching problem where unlike prioko estimate accurately a price for an ad slot, or provide sales
variants in which one randomizes edge arrivals or bounglgents to negotiate terms and would like automatic methods
edge weights, we may revoke previously committed edgeso price ad slots. Thus, what is desirable is a simple, effec-

tive, automatic, onlinemarket-based mechanism to enable

—~SEAS, Harard University, 33 Oxford St, Cambridge. MA. advance ad slotting over such varied, massive inventory.

fl ori n@ecs. harvard. edu. Most of this work was done while the

author was visiting Google, New York.
TGoogle, 76 9th Ave, New York, NY, 1001j.onf el d@oogl e. com IWe use theword online as inonline algorithm—i.e., the input arrives
*Google, 76 9th Ave, New York, NY, 1001tut hu@oogl e. com over time, and the algorithm makes sequential decisions —we do not mean
§Google, 76 9th Ave, New York, NY, 1001trpal @oogl e. com “on the Internet.”
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Inspired by these considerations, we study the problem earn the bump payment. We show several game theo-
of mechanism design fadvance ad slot reservations. Our  retic properties about the behavior of the speculators,
contribution is to propose a simple model, to design a including bounding their overall profit.
suitable mechanism and to analyze its properties. In more N .
detail, our contributions are as follows. Next, optimization properties:

e With respect to the bids received, thfficiency(value
of assignment) off, () is at least a constant factor (de-
pending ony and«) of the offline optimum. Under mild
player rationality assumptions, we also show that our
mechanism is competitive with respect to the optimum
offline efficiency on bidders’ trugalues.

Model. We propose the following simple model for advance
ad slot reservations. An auction starts at timéhe seller has

a set ofslotsfor sale that will be published at tini€. Bidder

i arrives at some time; < T', having a value (i) for exactly
one slot out of a subset of slof§(¢). Upon his arrival,i
places a bidv(i) (which results inV (i) becoming known to

the seller) and requests an immediate response. Bidder o \We prove similar bounds under the notioneffective
either accepted or rejected. If accepted, he may be removed efficiencywhich interprets social welfare as the sum
(bumped) later by the seller, in which case he incurs a 10SS of the winners’ bids minus bumped bidders’ losses.
of an« fraction of his value and may be compensated with  ggr suitabley(a), our mechanism’s effective efficiency
abump payment. At tim&', each accepted biddethat has matches a numerically obtained upper bound on the

n?ff been b)umped is published in one slot frafti) (his slots effective efficiency ofanydeterministic algorithm.
of interest).

This model lets the publisher accept a reservation at times The revenueof M,(y) is at least a constant factor
t for a slot available at a later tiniE, and lets the advertiser ~ (dependent ory and ) of that of the famed Vickrey-
get a reasonable guarantee. However, crucially, it lets the Clarke-Groves (VCG) mechanism on all received bids.
pubhshercancelthe rgservatlon abalaterime. CanC(.aIIat_lo?O the best of our knowledge our results are the first about
is necessary for publishers to take advantage of a spike in

d and risi . ¢ it d not be f dt chanisms with strong game-theoretic properties for ad-
mand and 1sing prices for an item and not be Iorced 1o g, o 4 reservations (more generally, online weighted bi-
the slot below the market because ofapriori contract. In

ddition. | i llation ol f artite matching) with a costly cancellation feature. We
addition, in a pragmatic Sense, cancefiation IS crucial. 1or g o g assumptions on the arrival order of the bidders or

ample, a website might overgsUmate Its |nver_1to_ry fora Iatgﬁ their values. We note that all our results extend to a more
date and accept ads, but as time progresses, its inventory eral setting where the items for sale are elements of a

be smaller, and the publisher will npt be able to hqnor atroid: we discuss this in Section 7.

the accepted ads from the past. Finally, cancellations are

very much part of the business with advance bookings, both There are specific examples of systems that implement
within advertising and beyond such as in airline bookinggdvance booking with cancellations, not necessarily though
At the same time, it comes at a cost, which is the bumpa@d automatic mechanism. For example, this is common in
bidders’ utility loss. The publisher benefits from the redu#hle airline industry, where tickets may be booked ahead of
tion in uncertainty, and pays for this via bump payments. Wene, and customers may be bumped later for a payment. In
present our model formally in Section 2. the airline case, the inventory is mostly fixed, sophisticated

) o ] models are used to calculate prices over time, and often
Mechanism. We present an efficiently implementable mechyeqotiations are involved in establishing the payment for

anism M, (v) for determining who is accepted, Who iymping, just prior to timeZ’. In some cases, the bump
bumped and also the prices and bump payments. The Basments may even be larger than the original bid (price)
rametery represents how much higher a new bid has to bedfi the customer. Likewise, in offline media such as TV
order to bump an older bid. A bumped bidder will be paid g} Radio, advance prices are negotiated by humans, and
« fraction of her bid, making up for her utility loss. often if the publisher does not respect the reservation due

Properties of Our Mechanism. We show a number of ©0 inventory crunch, a payment @& posteriori arranged

important strategic as well as efficiency- and revenue-relatBguding possibly a better ad slot in the future. These
properties oM, (7). First, the strategic properties: mgthods are not |n"!me<_j|ately applicable to the auction-
driven automatic setting like ours.

° My(’)/) is individually rational and winners have an From a technical point of view, one can view our model
incentive to bid truthfully while losers should bid ags an online weighted bipartite matching problem (or more
least their true value. generally, an online maximum weighted independent set

problem in a matroid). On one side we have slots known

e We studyspeculators, that is, ones who have no integhead of time. The other side comprises advertisers whose
est in the items for sale but who participate in order tmids (weighted nodes) arrive online. Our goal is to find
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a “good” weighted matching in the eventual graph. Eadlmknapsack problems. They provide an algorithm similar to
time an adverser appears we need to decide if we should, (~) and prove a bi-criterion approximation result, an in-

retain it or discard it; retaining it may lead to discarding Bormative bound since they also prove that no deterministic
previously retained bidder. Our mechanism builds on sualgorithm has a constant competitive ratio.

an online matching algorithm [11] to determine a suitable

bump payment and prices. 2 Auction Model

We have initiated the study of mechanisms for advanc defi i d slot i tioas foll
reservations with cancellations. A number of technic%je efine aroniin€ ad siot reservation auclticas Tollows.

problems remain open, within our model as well as in i erels a seller who has a finite set of_non-ldentsiats,
extensions, which we describe later for future study. which will b.e aIIocated. at some future_ t'@' Th? seller
runs a continuous, online auction beginning at tibpeand
1.1 Related work. Several papers consider offline seending at time?.
tings similar to ours. Bikhchandani et al. [4] present an as- Each bidde arrives online, at a unique timeg € [0, 7]
Cending, efﬁCient, truthful in equilibrium auction for Se”in%nd she reports ahoice SEW(Z) of items she is interested
elements of a matroid to patient bidders. Cary et al. [5] shg/ as well as aid (positive amounty (i), demanding an
that a random sampling profit extraction mechanism appreimediate responsé is not allowed to bid again later). She
imates a VCG-based target profit in an offline procuremegtinstantlyacceptedi.e. promised an item fronv (), or
setting on a matroid. Feige et al. [7] studyafflineweighted rejected. However, at any point between timeandT’, the
bipartite matching problem where the seller can partially sakjjer may choose tbumpan accepted bidder in which
isfy a bidder’s request at the cost of paying a proportiongdse soump payment; is given to the bumped bidder. Any
penalty. They show that approximating the optimal solutiggjection, at arrival or by being bumped, is definitive. At time
with respect to effective efficiency (see Section 2) within any there must be a matching of items to accepted bidders
constant factor is NP-hard, but they provide a bi-criterion a@rat have not been bumped such that each such bidder
proximation result for an adaptive greedy algorithm. receives one item from her choice s¥{i); each such is
There has been extensive work in the field of revenygen charged a price..
management for advance sale of goods (with or without A mechanisnfor the online ad slotting problem defines
cancellations), but only under a probabilistic distribution @he actions of the seller: whether to accept/reject incoming

bidders’ values or arrivals [13] In particular, Gallien angidderS’ when to bump accepted bidders, and how to set
Gupta [8] exhibit symmetric Bayes-Nash equilibria in onlingump payments and prices.

auctions with buyout prices. . . .
Under a worst case model like ours, no nontrivial or%'_l Bidder Valuation and Utility. We_ assume a
ivate valuemodel for the bidders: Each biddeérhas a

line results are possible without making additional assump- i | N > 0 for bei located (at im@
tions; in our case, we overcome these impossibilities by [lvate va uev(i) = or being a‘ ocate (.a imé’) any
gle item from her choice sé{(¢). The bidder does not

lowing cancellations. In contrast, in secretary problems, big " dt Cthi I her bid if it is in h
may be arbitrary but their order is assumed to be uniforml cessartly need 1o report this vaile as her bid 1t it 15 in her

random (cannot be specified by an adversary): Dimitr Jferest not to do so. Additionally, we will model the cost

and Plaxton [6] provide an algorithm with a constant efﬁpcurred by a bumped bidder as a negative vaiuev(i),

ciency competitive ratio. Generalizing their setting to maat i.s’éarﬁ‘ fraction ofEeryaIue for bbeing}a!locateg. We Véi"
troids, Babaioff et al. [2] provide &g r-competitive algo- require: that any mechanism pays baak(i) to a bumpe

rithm wherer is the rank of the matroid. Both these alpidderi' making up for her utility loss when bumped. The

gorithms observe half of the input and then set a thresh famete < a < 1 r_nodelmg the n_egatlve bump qtlhty

price. A different assumption is that of bounded values: L i I play a centra_l roqum our mechanl_s_m anc_j ana|y5|§. we

and Nisan [10] show that a simple online posted-price aﬁg_rmally model bidder’s utility as quasilinear in money:

tion based on exponential scaling is optimal among onliwl)

auctions for identical goods without cancellations. '
Independently and (_:oncurrently, Babaioff et al._ [1] ;tudy o f=0ifiisrejectedf = 1if i is accepted and granted

the same problem.as t.hIS paper, but from an algonthmlc P anitem fromN (4), andf = —a if i is bumped;

spective only, leaving incentives and revenue considerations

aside. Their paper and ours present the same algorithm ané x(7) is i's money transfeto the seller:z(i) = 0 if ¢ is

efficiency results. They focus on effective efficiency, for rejected,z(i) = p; > 0 if i is accepted and allocated,

which they analytically prove an upper bound on any deter- andz(:) = —aw(:) < 0if ¢ is bumped.

ministic algorithm’s competitive ratio (we only present nu-

mencal results in Fig. 1 strongly SqueSt'ng.th'S bound). Un= We imposethis constraint primarily to ensure that honest bidders have
like us, they go on to study costly cancellations (*buybacknpn-negative utility. See Example 3 for further motivation.

utility(i) = f - v(é) — (i), where
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For a mechanism run on bid&, we will denote by the auction is always a rational thing to do (i.e. participating
S = S(w) the set of survivors (bidders still accepted byis never worse than not participating). In our case we can
timeT") and byR = R(w) the set of bumped bidders. define this in the following way: if a bidder reports her true

2.2 Efficiency and RevenueHow do we measure value (setsv; = v;), then her utility is always non-negative.

the quality of an outcome? Thedficiency(or social welfare) .Another desirable _property of an auction mechanism s
of an auction is the total value derived by the bidde Qr it to be truthful, which means that the optimal strategy

participating in the auction. Usually in a mechanism desi o participating bidders is always to report their true value.

setting, efficiency is the sum of the valuations of the bidde glfortunately with bump payments (which we just argued
who were allocated items: were necessary) we cannot hope to have a truthful mecha-

nism since anyone with no interest in any allocation (i.e.,

efficiency= Z v(i). v; = 0) can bid hoping to get a bump payment. So, given that

ies we cannot assume bidders will be honest, the natural thing to

However there is another interpretation in our model siné® is analyze the efficiency and revenue of the mechanism in
the bidders lose value if they are accepted then bumped; tAd¥ash or other form of equilibrium. Unfortunately, a (pure-

we will also consider the notion @fffective efficiency: strategy) Nash equilibrium does not always exist, as we will
argue in Section 6.2. However we can still argue that our
effective efficiency: Z v(i) — Z av(i). mechanism has some strong incentive properties. We use the
i€ ek following standard game-theoretic terminology: a tami-
A mechanism’sevenuds its total monetary gain/loss: natesanother bid if it is at least as good a strategy giaewy
bids by other players; best-responsis the best possible bid
; — ; iven a particular set of others’ bids.
revenue= ZieS i ZZ_GR aw(1) g p

We would like a mechanism that scores favorably in allHEOREM3.1. [Basic Incentive Properties]
of these metrics on all instances of the auction, under hope; TheM,
fully mild conditions on strategic behavior. Following the
logic of competitive analysis, we will compare our mech- e Bidding truthfully dominates any lower bid,
anism to the standard offline solution: the VCG mecha- o ]
nism [9]. Mapped to our setting (but offline), this amounts to ® !f truthful, any survivor is best-responding, and
finding a maximum matching of bidders to items, and charg- Bidding truthfully is a best-response unless a higher

ing prices that induce truthfulness. - . bump payment can be achieved with a higher bid.
Finally, we note that it is essential to the novelty of this

model that the bidders derive negative Uti”ty from having This theorem (proved in Section 61) establishes indi-
their allocation promise revoked. Indeedaif= 0, one could vidual rationality, but more importantly it rules out the pos-
simply accept all bidders as they arrive, and then at timesibility that the bids will be lower than the values. To the
run the VCG mechanism (giving no bump payments) whigest of our knowledge, this is a novel form of incentive com-

() mechanism is individually rational,

makes being truthful a dominant strategy. patibility: while it does not make truthfulness a dominant
_ strategy, it ensures that competition is no less than if every
3 Main Results bidder were truthful. Furthermore, it highlights truthfulness

fasa simple viable strategy from a practical point of view, or
0flqr unsophisticated bidders. The only reason for not bidding
truthfully is the prospect of a higher bump payment. This
motivates the following definition:

In this section we will state our main results (without pr)o
and highlight the significance of each. In the next secti
we will define our mechanisnv, (y). The mechanism is
parametrized both by the model parameteas well as an
additional parametey > 0 that can be set arbitrarily as longherniTion 1. [Speculators] A speculatois a bidder who

as0 < o < 7. We will stateour main results in terms of pigs apove her true value. The auctioneer does not know if a

these two parameters. _ _ bidder is a speculator or not.
Since we are in a game-theoretic setting, we must first

reason about the strategic behavior of bidders in order to mo- By Theorem 3.1, speculators are bidders who aim for
tivate the preconditions of our results. One basic propeggtting a (higher) bump payment.
that any reasonable mechanism must have is thatiidis We can now state the efficiency and revenue bounds

vidually rational, which simply means that participating ifior M.(v) under preconditions made reasonable by Theo-
rem 3.1. From Theorem 3.1 and the speculator definition,

SMissingproofs in this paper are presented in the full version, availab®€ can assume that non'Specmatorls bid truthfully. Specqla-
from the first author’s website. tors’ bids, on the other hand, are aimed towards squeezing
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as much money as possible from bump payments. The odly M,(): an Online Mechanism
other assumption we makKor our efficiency bounds is tha
the set of speculators does not incur a loss, which is q

mild aTl adSSl:ert'on' l:jngeebd’tt'f sp;afculrt;ltorst}n.cu:a Iois I ighted-Matchinglgorithm in [11F, that uses an uncon-
can coflude they would be betler oft not participating at a strainedimprovement factory > 0. We requirea < ——

For any vectorw = (w(1),...,w(n)) of bids, we let . o 14y
. . . ie. v € (125,00) (recall thatd < o < 1) for non-negative
OPT|w] denote the weight of the optimal matching. Not%Wer bounds in Theorems 3.2 and 3.3,

that OPT[v] then gives the optimal efficiency and effective Our mechanisnM, (+) (given formally in Algorithm 1)

efficiency of an offline mechanism, achieved by VCG. On . ~". . . !
bidsw we denote the VCG revenue BEV, . [w]. maintains a set of accepted bidders for which there exists a

matching of bidders to items. For each new arriving bidder
i bidding w(i), M,(y) addsi to the current matching if
it can do so without bumping a currently accepted bidder.
yOtherwise,l\/lx(v) looks for some biddey in the accepted

set withw(j) < ;‘fw) such that replacing by i maintains

Yye present our advance-booking online mechariigrtry)
Lﬂlie his section. The allocation algorithm follows tkénd-

THEOREM3.2. [Efficiency] Let w be a set of bids such
that all bidders bid at least their true value, and total utilit
among speculators is non-negative. Thér{y) has

1—q— 2 the existence of a matching. If such a bidder exists, the
efficiency > @ a_ g)(17+ ) OPT[v] and mechanism accepisand bumpsi*, the lowest weight such
gl 7 bidder, who is paid the bump paymemntv(;*). Attime T,
l—a—2 i i
effective efficiency > 1. OPT. after all bidders have been pro_cessed, the accepted bidders
(2—-a)(1+7) become the survivors. The survivors are allocated a slot from

their choice set using an arbitrary matching, and they each
THEOREM 3.3. [Revenue]Letw be a set of bids such thatmake a payment that we define below.
all bidders bid at least their true value. Théf, () has

Algorithm 1 M,(v): Allocation algorithm. Anew bidder
is accepted if she improves by at leastyafactor over
her lowest-bidding indirect competitor. A bumped bidder

receives a bump payment making up for her utility loss.
In the full version we also ShOwREV,.[w] > Let Ay = 0.

REV,¢¢[v], implying thatM,(y)’s revenue is also competi-
tive with the offline VCG revenue on biddersue values.
Note that a limit on manipulation is needed for a lower granti a reservation#, := A;_; U {i}.
bound on true efficiency: if low value bidders bid really elselet j* be the lowest-bidding € A; , such that
high, being allocated all the items and preventing the rightful A;_1 Ui} \ {4} can be matched
winners from being allocated, the true efficiency of the if w(i) < (147)w(j*) thenrejecti: A; == A;_;.
mechanism is very low. We further discuss manipulations : ' ’
in Section 6.2, where we also give additional results on
speculator strategies. end for
Efficiency bounds that leave incentives aside (Theo-g,ch biddern in S =
rem 5.1 and Corollary 5.1 in Section 5) are tighter than the
bounds in Theorem 3.2, and can be obtained more easily.
In Section B we give ampper boundon the effective _ _
efficiency (in terms of bids) of any deterministic algorithm, Ed- (4.2) below establishes a survivor's payment to the
for which our allocation algorithm is tight (only when < Seller, andequires the following definitions.

l—a-—2%2
revenue > ————REV,,.[w].

for each ariving bidderi > 1 biddingw(i) do
if A;_1 U{i} can be matchethen

elsecancel;j*’s reservation and pay henw(;j*)
granti areservationA4; := A;_1 U{i \{5*}.

A, (i.e. survivors) is allocated an
item from N (7) and charged as in Eq. (4.2).

0.618 and for a certainy that deplends on). DEFINITION 2. Let i be a bidder and fix the bids of all
For ex?mple, suppose = ;. Theq We can Se¥ = other pidders. Letw (i) (i's acceptance weight) be the
1, and be g-competitive onefficiency, 7-competitive on infimum of all bids that can make such thatis accepted

effective efficiency, and-competitive orrevenue. giveni’s arrival a; and i's choice setN;. Similarly, let
We defer the proofs of Theorems 3.2 and 3.3 to tlggsv(i) > w(i) (i's survival weigh) be the infimum of all

full version. As a revenue benchmark, we use the offlifgys thay can make such thats acceptednd survives until
Vickrey-Clarke-Groves (VCG) mechanism [9], that chargggne 7 (the end)givena; and N;.
each bidder her externality on the other bidders. Theo-

rem 3.3's proof uses Lemma 5.1 and the following facts:~aagpe i, [11], a bidderi’s value is the same for any slot (vertices as

winning bidder’s YCG payment isa |_03ing bi.d and the VCpposed to edges are weighted). Our mechanism may then change the slot
revenue can only increase if some bids are increased. i is currently assigned to at various stages in the algorithm.
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Note thatw®(i) always &ists since it suffices to bid have w(S) > w(S) = OPT|[w] > OPT[w]/(1 + v): each
(1 + ) max,-; w(j). Also,w?*(i) andw® (i) are indepen- inequality is implied by the fact that no bidder’s contribution
dent ofi’s actual bid, but may depend on the tirharrives decreases when going from the left to the right hand side.
and on the other bidders’ bids or arrivals. Lemma 5.1 yields the equality: when going frofnto w

We are now ready to define the prices chargedbiy). only bids already in the optimum (i.&) can increase.
If 7 is a survivor, we set's pricep; as follows:

42  pi= {ws"(i)(l—a) if w2 (4) <w::(i)

w® (4) if w2¢(i) = w*v(q)

The following bound assures us that not too much utility
. (of bumped bidders) is sacrificed for high efficiency:
’ THEOREM5.2. Total bumped bidder weight(R) <5

v
These prices are designed with Theorem 3.1’s conditions in )
mind, as we will see in its proof. Proof. Foranr € R, lets*(r) € S be the survivor at the end

We present now an example run B (y). w™ (i) at of the sequence of bumps that starts fromFor ans € S,

some time step iés survival weight ifM, () stopped then. '€t Zis be the refunded bidders isis sequence of bumps:
Rs; = {r € R:s*(r) = s}. As R is the disjoint union ofR;

EXAMPLE 1. (A PARTICULAR INSTANCE OFM, (7)) for all s € S, the theorem follows by showing:
Supposer < 5¥27 and lety = 0.5. Consider two items,, '
I, and biddersB; 4 (B; arrives at timet;; T' = t4): B bids (5.3) Foralls € S, w(Rs) < w*™(s)/7.

6 on N(1) = {I,, I}, B2 bids4.4 on N(2) = {I}, B3

bids 10 on N(3) = {I,} and B, bids 7.5 on N(4) = {I,}. To show Eq. (5.3), fixs € S, and, to simplify notation,

M.(v) acceptsB; at ¢, acceptsB, at t,, acceptsBs Essumg tgalt tge’eleme\r;\t/sm are%},?,.t.h.f — L= j,+<1
and bumpsB, at t; and then rejects3, at t,. We have PUMPSJ: V1 = J < s. VVe now show ?V'%J‘:l w(j) <
w S

w(1) = 0,w™(2) = 0,w*(3) = 1.5-44 = 6.6 (to w*(s)/y. Assbumpss — 1, ws—1 < 2. Asj + 1
bump B;) and w*(4) = 1.5-6 = 9 (to bumpB;); we bumpsj, V1 < j < s —2, w; < “ff; Thus by
havew*¥(1) = 12 = 5 (to preventbeing bumped by.), induction,w; < w* (s)(1 ++)I~*,¥1 < j < s. We get
w®(2) = 6 (to prevent being bumped bB; and By), Sl < sV (8) ST 4+ )8 < wV(s) /.

W™ (3) = 66, andu™(d) — we(d) = 9. B, and B, =1 ST 2m(IEV T SwT )/
survive: B; pays(1l — a)w®¥(1) sincew®®(1) < w(1) and Let the effective weighbf a solution be the weight of the

Bs paysw*®¥(3) sincew?(3) = w"v(3). matching minus a penalty amounting to the total utility loss
by bumped biddersa(w (i) for eachi € R). Theorem 5.2
5 Online Matching with Cancellations implies w(S) — aw(R) > w(S)(1 — «/v), implying (by

. . . Theorem 5.1) the following lower bound on effective weight:
For our incentive-aware bounds from SectioV3(~) must ) g g

find a good matching given the declared bidsregardless of CoroLLARY 5.1. The M,(y) mechanism is a%—

those bidders’ true values. This is a pure online-algorithragproximation to theoptimal offline matching in terms of

question (i.e., no game theory), which we treat in thigfective weightw(S) — aw(R) > 1;‘1/WOPT[W].

section, providing theorems which not only are key for the e

Section 3 bounds, but are also of independent interest. Theorems 5.1 an8.2 have analogs in [11]. Our con-
Recall thatOPT|w] denotes the optimal offline matchstants are tighter because in our model, a bidder’s value for

ing on the bidsw. For bidsw and a set of bidder®, we let any slot is the same, and all edges incident to a bidder arrive

w(B) = Y,cpw(i) andw™ (B) = 3, w' (i). simultaneously. Our bounds are almost tight:

Th?"rem 5.1 shows a c_ompetmve ratio f(_)r emc_:lenchAMPLE 2. (TIGHT BOUNDS) Considerk+2 truthful bid-
(the difficult part of the proof is deferred to Section A): ders competing on one item: thigh bidder to arrive has

THEOREM5.1. MechanismM, (7) is a 1= -approximation value (1 + )" unlessi = k + 2, whose value ig1 +

to the optimabffline matchingw(S) > 1=~ OPT[w]. 7)¥*! —e. Bidderi + 1 bumpsi, ¥1 < i < k. Only the
k + 1-st bidder survives. Bumped bidders’ total weight is

Proof. Our key technical lemma shows that if non-survivozf:l(l +9) = ((147)F —1)/4. OPT = (14~)F*! —¢.

bids are essentially given a late-arriving penalty, then the o

optimal offline matching coincides with, (v)’s solution: We also show anpperbound on how welanydeterministic
algorithm can approximate the effective weight:

. . w¥ (i), ifie S
LEMMA 5.1. S = OPT[W] forW(Z)Z{w(i) ifi¢ g THEOREMS5.3.Fix n (the number of bidders). No deter-
147 ministic online algorithm can approximate the optimal of-
We piove this Lemma in Section A. To finish the theorem, I¢ine matching in terms of effective weight with a factor bet-

w(i) = max(w™ (i), ;"g) ifies, andﬂ? otherwise. @ ter thanc,,, wherec,, is the lowest number (if any) i), 1]
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for which Eqs(2.4)and (2.5) simultaneously hold (see Secno value for an item).
tion B). Based on computing, numerically, we conjecture Prop. 6.1 bounds speculators’ total monetary profit:

thatc,, approachega + 1 — 2a%%(a + 1)°5 asn — oc. , -
PROPOSITIONG.1. Speculators’ profit is at mostOPT /~.

Fora < @ ~ 0.618 and the besty given «, the

approximation ratio in Corollary 5.1 favl, () matches this
upper bound. (See Section B for further discussion.)

At first glance, it would seem that speculators’ best
strategy is to induce an assignment of actual bidders of
weight as high as possible in the survivor set, since then
] ] . overall bump payments would be maximized. This is true in
6 Detailed game-theoretic analysis some cases but not always, and indeed colluding speculators

We now focus on the game-theoretic properties induced By even want some of them to survive:

our mechanism. We first offer some more intuition on sur-

vival and acceptance weights and then prove Theorem 3.1.EOREM 6.1. Under theM, () mechanism,

Recall from Section 4 thatis rejected ifw(i) < w*(i), o there exist input instances such that optimal speculator
bumped ifw*‘(i) < w(i) < w*(:) and a survivor if bidding induces optimal efficiency, and truthful bidding
w™ (i) < w(i). If @ bumpsj®, w*(i) = (1 +y)w(5") is a Nash Equilibrium for all non-speculators;
but w™ (i) can either be(1 + v)w(j*), w(k) for a (past o there exist input instances where optimal speculator
or future) bumped biddek or %’2 for a futurerejectedk. bidding induces sub-optimal efficiency,

Thus,w?¢(i) can be computed wherarrives butw** (i) may o there exist input instances where there is no pure-
depend on future bidders and can only be computdd at strategy Nash equilibrium,

Let us focus now on a survivars (w(i) > wsv(7))
payment in Eq. (4.2). The common case is whefi(i) <
wv(i): 4 gets a discount amounting to the highest bump
payment she could have otherwise obtained:*" (). The
special case ob*°(i) = w®"(i) occurs wheri’'s acceptance  \We may conclude from this theorem that it is unrea-
is enough for her survival (in particularifs the last bidder). sonable to expect stronger incentive properties than Theo-
Whenw?*“(i) = w*"(i), from the bidder's point of view, rem 3.1, such as truthfulness or a Nash Equilibrium. How-
M, (7) posts a price ofv™" (7). ever, despite all the game-theoretic complexity that can arise

Say that in Example 1 a biddé?; were to arrive after from speculators, their effect on efficiency and revenue can

B, bidding 10.5 on I,. Only w*(3) would change to stjll be bounded: implicitly via the results in Section 3 or

125 = 7andBs's pricewould now be(1—a) -7 whichmay explicitly in Prop. 6.1.

1.5
belowerthan 6.6. Unless a biddés w*" (i) price coefficient . . .
¥ iddes w™ (i) pri I“I°Nt 6.3 Other game-theoretic considerationswe
now ask a couple of “what if?” questions, whose answers

goes froml to 1 — « (like in Example 1 forBs if Bs arrives),
further help motivate our model choices.

1's price cannot go down if new bidders arrive.
6.1 Proof of Theorem 3.1.f bidder i bids her true For stronger incentive properties, a standard modifica-
value v(i), then her utility is eithew (i) — p; > v(i) — tion to M,(7) is to pay a bumped bidderaw™ (i) (a bid-
w* (i) > 0 if she survives( if she is rejected, otvw(i) —  independent amount) instead @fs(i). Example 3 shows
av(i) = 0if she is bumped. This establishes (1). why this may result in a deficit:
If w*(i) < w* (i), bidderi’s highest possible bump
payment isaw™ (i). The price of(1 — a)w*¥ (i) has been EXAMPLE 3. (Alternate bump payments) Consider two
chosen such thatprefers winning to being paidw=" (i) if bidders on one itemB; arrives first, biddingl, followed by
and only ifu(i) > w™ (i). That is,i’s best response is to bidB2 bidding L > (1 + v)?/a. Bidder B; survives and pays
just belowws" () if v(i) < w™ (i) and to bid her true value 1 +7- If B1’s bump payment werew™ () = a.L/(1 + )
otherwise. This establishes (2), (3) and (4) for this case. then the choice of. ensures thaf3; is paid more than3,
If wae(i) = w (i), theni can never get a bumpPays, i.e. the mechanism runs a deficit.

pz:\;//ment _anqlz simply faC?S a take-lt-or-leave_-n o_ffer of e assumed throughout that as soon as a bidder arrives,
w* (). Bidding truthfully is a best response in this C8SRer choice set is known. If however that is private informa-
and (2), (3) and (4) follow. tion as well, incentives become weaker: in an example in the
6.2 Speculator Strategiesin this section we fo- full version, no bid by a certain bidder on her true choice
Cus on speculators’ strategic behavior, assuming speculasatsis a best-response if bidding on different item(s) instead
have more manipulations available: speculators may colludallowed. We have however the following conjecture: if a
with each other, lie about their choice sé{g:) or arrival bidder prefers surviving to being refunded, she is better off
times, and may also have valu@) = 0 (i.e., they may have bidding on her true choice set.

e there exist input instances where speculators achieve
higher profit if they “sacrifice,” i.e. some of them
intentionally survive so that others obtain high refunds.
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One can show that, if bidders myopically and simultané-(no bidder can express substitute items). In this setting,
ously best-respond Yer sequences of instancesMf(v)), the multi-item matching problem is actually a collection of
they may reach bid vectors with a negative sum of utilitiessingle-item matching problems since bids on two different

Given the instantaneous nature of bidders, tempoit@ms can never interact. We preferred the basic setup
manipulations (such as changes in the order of arrival (ipartite matching where a bidder is interested in one out
multiple bids) become less motivated. Note however thaita set of substitute items) for clarity of exposition.
in M,(v) a certain item's price is never decreasing with By starting out with dummy bidders with non-zero
a new bidder which makes more attractive only temponalues, the seller can setserve price®n items.
manipulations that improve bump payments.

6.4 Implementation in undominated strategies 8 Concluding Remarks

In this section, we position our results with respect to &dvertisers seek a mechanism to reserve ad slots in advance,
related algorithmic game theory concept. while publishers present a large inventory of ad slots and

DEFINITION 3. (BABAIOFF ET AL. [3]) A mechanism) seek automatic, online pricing and allocation of reservations.

is analgorithmic implementation in undominated strategies In this paper, we present a simple model for auctioning

(AIUS) of ac-approximation algorithm if there exists a s@t such ad slots in advance, which allows canceling allocations
ofdominatingsrzfategies such tghat at the cost of a bump payment. We present an efficiently

implementable online mechanism to derive prices and bump

e MM obtains ac-approximation whenever all players playpayments that has many desirable properties of incentives,

strategies fronD revenue and efficiency. These properties hold even though

L we may have speculators who are in the game for earning

o forany strategy ¢ D, there exists’ ¢ D (computable 1,5 payments only. Our results make no assumptions
in polynomial time frons) that dominates. about bids’ order of arrival or their value distribution.

Let D be the set of strategies representing truthful bids OUr Work leaves open several technical and modeling
and overbids. Fix a and a domainl” such that VCG's directions to study in the future. From a technical point of

revenue is & fraction of the offline optimum for any set ofVi€W: the main questions are about designing mechanisms
bids fromV/. ThenM, (v) is an AIUS of the VCG mechanismWith improved revenue and efficiency, perhaps under addi-
on V with respect to revenueM, (7) only satisfies Def. 3 tional assumptions about_ vglue distributions and bid arrivals.
for efficiency under the mild assumption of Theorem 3_é!so, meqhanlsms that I|r.n.|t further the role of speculators
Otherwise, forD, the true value of winners may be smalvill be of mte_zrest. In addition, there_ are _othe_r models that
(if winners overbid to the extreme) even though any strateg}py Pe applicable as well. Interesting directions for future
not in D is dominated by being truthful. On the other handes&arch include allowing a bidder to pay more for higher

being truthful does not dominate a higher bid: a higher burfp@king it harder for future bidders to displace this bidder)
payment may be achieved by a losing truthful bidder. or highera (being refunded more in case of being bumped).

However, being truthful is an equilibrium in undomi-Other mechanisms may allowto be a function of time be-

nated strategies ofl, () and we argue that it isfacal point tween the acceptance and bumping. Accepted advertisers

(Schelling [12]), being highlighted by Theorem 3.1. may be allowed to withdraw their bid at any time. Finally,
advertisers may want a bundle of slots, say many impres-

7 Extensions sions at_ multiple Websit_es simultaneously, which will require
a combinatorial extension of our model and mechanism.

All our results extend to a setting where the items for sale \We believe that there is a rich collection of such mech-

are elements of a matroid, which is more general than sigtism design and analysis issues of interest that will need to

allocation. A bidder bids orexactly one element of the inform any online system for advance ad slot reservations.

matroid, which is known ahead of time to the seller and may

vary across bidders. A set of bidders is then feasible if tm:knowledgments

set containing each bidder’'s element forms an independent . o
set of the matroid. In the bipartite matching setting, tH¥€ thank Stanislav Angelov for pointing us to [11] and the

seller's matroid contains sufficiently many copies of orfeconCS research group at Harvard for helpful discussions.
element for each subset of slots. A set of bidders (elements)
is independent if the bidders can be matched to slots sirgferences
that each one receives a slot from her subset.

In a different direction, our results also extend t0 g1] m. Babaioff, J. Hartline, and R. Kleinberg. Selling banner
(strictly bipartite matching) setting where a bidder's value  ads: Online algorithms with buyback. Fourth Workshop on
for a setl of items is the sum of values for each item in  Ad Auctions, 2008. To appear.
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[3] M. Babaioff, R. Lavi, and E. Pavlov. Single-value combina- a
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In SODA, 2006.

[4] S. Bikhchandani, J. Schummer, S. de Vries, and R. VohRroof. X, can be matched sincg, C A4, ;. Suppose for a
An ascending Vickrey auction for selling bases of a matroiggntradiction thaf,U{t} can be matched. Thex, # A,

- I\N/Io‘ée”(‘:t;?r 2203- Flaxman. 3. b. Hartline. and A. R Karl'nSinceAt_l is a perfect matching by assumption. Therefore
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LEMMA A.2. B; y-dominateg at timet.

A Proofof Lemma5.1. Proof. By definition, all bidders inB; are alive att. We
In this section it will be simpler to have as initial matchingroceed by induction starting with the base case i*.
Ap for M,(y) an arbitrary perfect matching on dummyf ¢ is not accepted {i = ), ¢ cannot bump any bidder
bidders instead of the empty matching. We introduce dumnmy X;: thereforevb € X;, w%(b) > w(i)/(1 + 7). X;
bidders (one per item, each bidding 0) whose choice setisihdight for i at i by Lemma A.1. Ifi is bumped, then
whole set of items, arriving before all actual bidders. This(i) < w%.(r), Vr € X;«. Bj» = X;» U {i*} \ {i} can be
will ensure that a perfect matching is maintained\dy(~y), matched since they are all aliveiat X;- U {i*} cannot be
but will not affect other arguments beléw matched: otherwis¢" would not bumpi € X;-.

At time ¢, we call currently accepted biddeative, and In the inductive step, we assume ttiat ; y-dominates
denote the set of alive bidders as. Let X; = {b € ¢ att — 1. If at time ¢, no bidder inB;_; is bumped,
Ap—1 : A1 U {t} \ {b} can be matched}X; is the set then the claim obviously holds by the induction hypothesis.
of alive bidders att — 1 that can be swapped farand Otherwise, leb € B;_, be the bidder that is bumped by
Jj* = argmin;¢ x, w(j) (see Algorithm 1). Clearly, (B;—1 U X; U {t}) \ {b} can be matched since they

Assume wlog that bidderarrives at timei. We denote are alive at. Suppose for a contradiction th&; U {i} =
by w,(b) the minimum bid biddeb must make in order to (B;—; UX,;U{t})U{i}\{b} could be matched. ¢ B; since
survive up to and including time Thenw?¢(b) = w(b) i is no longer alive.B;,_; U X; can be matched since they
andw® (b) = wi(b). Itis clear thatw® (b) < w,,(b). areallaliveat—1. As|B;_UX;| = |B;U{i}| -1, either

B;_1 UX,U{i}or B;_; UX;U{t} can be matched. The
DEFINITION 4. Let B be a set of bidders. We say thatis first case is not possible since a subg@t,; U {i}, cannot
tight for a bidder: at timet if all bidders in B are alive att, be matched (by the induction hypothesis); the second case is
B can be matched bu U {i} cannot be matched. We sayiot possible sincé; U{¢} cannot be matched (Lemma A.1).
We have reached a contradiction,Bpmust be tight for.
SWhen biddet arrives, assumel;_; = AU D whereD only contains By the induction hypothesis, Vb’ c By_1,
dummy bidders and there exists a matchip@f A U {t} which matches w¥(b)<i—1 > w(i)/(1 + ). As noted before, sur-

to some itenm;. By reassigning dummy bidders, we can assume that actual .
bidders are matched accordingfp Then biddert can bump at least the %\lal thresholds can Only increase from— 1 to ¢ and

dummy bidderd € D that is matched té; in A;_1. w(t) > (1 +y)w(b).
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Proof. [Proof of Lemma 5.1] LetV be the OPT[w] as-
signment(where ties are broken in favor of bidders ).

Suppose for a contradiction that there exists a non-survi i

i € V. By Lemma A.2 for timen, i is dominated by a set
B, C S attimen. Sincei ¢ S, butB, C S, inw any
bidder in B,, has a higher weight thain

SinceV is a perfect matching anf®,, can be matched
there must exist’ C V'\ B, |[V'| = |V| = |B,| (V' = 0if
B, is a perfect matching) such tha&, U V' is a (perfect)
matching. We know that3,, U {i} cannot be matched,
thereforei ¢ V'. However,i € V thereforei € V' \ V.
V'\ {i} can be matched and has sjzg — 1. Therefore there
e B, UV, b¢ V\{i} such that” U {b} \ {i} can be
matched. That implies € B,, C S, i.e. w(b) > w(:). But

thenV U {b} \ {i} is a perfect matching of higher weight

thanV/, contradiction. Thatisy \ S = 0, i.e. V = S since
both are perfect matchings.

B Proof of Theorem 5.3

For ¢ € R, consider one item and a sequence of bi
{ak(c)}1<k<n ON it such thats; = 1,as L > 1and

cap+1(c) = ag(c) — azl;;ll a;(c) ¥k > 2, implying

(2.4) cagr1 = (1+c)ag — (1 +a)ap_1Vk > 2

For a fixedn > 1, we will look for ac = ¢,, such that

an

1+«

= ap—-1

(2.5) an(c) — a z_: a;(c) = can(c) <=

2
1+3a+4/(1+5a)(1+a)
Unfortunately, ¢, does nothave a nice closed form for
n > 4 (in addition,c,, may be not be unique - the smalle
¢n, € [0,1] is then of interest). Furthermore, for certaiand
n No such sequence may exist.

_ 1 _ 1 —
E.g.CQ—m>03—m>C4f

Proof. [Proof of Theorem 5.3] Suppose towards a contradid

tion that there was a deterministic algorithénwith a com-
petitive ratioc’ > ¢,,. Assume that the bids that arrive ar
ai,...,ag, forsomel < ky < n. Then at eaclt, the al-
gorithm A must accepty, or its competitive ratio will be
smaller thanc,, whenk = ky. This is clear fork = 1.
Fix k € [2,n — 1]. Let M} be the highest (i.e. the offline
optimum) ofay,...,ar. If A does not accept then the
competitive ratio on inpud, . . ., a; will be at most

ar-1(en) —a Y ai(en)  cpap(en)
Mk(cn)

= Cn
Mk(Cn) -

where the equalitjollows from Eq. (2.4). Now we claim
thatwhether or notA accepts:,,, the competitive ratio will
be at mostc,,, which contradicts our assumption. df, is

Effective efficiency: Competitive ratio

1

q — Analytical upper bound (3 bidders)
0 9: —Numerical upper bound (n bidders)
0.8 O2a+1-2a% (@+1)%°

OMa(y) for besty
=max(a + (or2 + u)o's, o/(1-a))

e
3

Competitive ratio
© o o o o

o
=

s

0.4 0.6 0.8
Refund fraction a

0.2

Figure 1: Effective efficiency competitive ratio (EECR)
bounds as a functioof «. The top curve ig; = 1/(1+ 2a).
The middle curve is a numerical upper bound £ ¢,

@é Eq. (2.5)) on any deterministic algorithm’s EECR. The

ottom curve shows (dower bound on) our algorithm’s
EECR for the besty,: it matches the upper bound for
a < 0.618. v is constrained byy < /(v + 1); if it were
not, the bounds would match for ail

1,...,n — 1; if a, is rejected the effective efficiency is
an—1 — Y '~ a;. By Egs. (2.4) and (2.5), both quantities
are ac, fraction of a,,, which in turn is at most\/,,, the
optimal (effective) efficiency.

Figure 1 strongly suggests that the competitive ratio of
any algorithm cannot be higher than+1—2a"5(a+1)%-5,

Lhown as squares in the figure. Note that for thithe

characteristic equation of Eq. (2.4) has a double root.
The triangles plot the minimum found for the corre-
pondinga for different values of: (we used Fibonacci val-

ues up torank 12, i.e. largestwas 144). The values were

éound via binary search. It was true in general, although not

always, that the higher, the lowerc,,. We suspect that there
exists an increasing sequence of inteders ;> such that a
solutionc,, to Egs. (2.4) and (2.5) converges from above to
20+ 1 —2a%5(a + 1) asi — oo.

Letu(y) = 1= (1 - %) the competitiveratio from
Corollary 5.1. Subject to the constraint < # u(7y) is
maximized fory, = max{a + va? +a, 192 }. u(y) is
displayed in Fig. lby circles. The value 0.618 (the golden
ratio) is wherer2— becomes higher tham + va? + a. If
a < 0.618, u(yy) = 2a + 1 — 2a%°(a + 1), which
matches the numerical upper bound. The top curve plots
cs =1/(1+ 2a).

acceptedg Z?;ll a; has been lost due to bumping bidders

1274

Copyright © by SIAM.
Unauthorized reproduction of this article is prohibited.





