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Abstract price was captured by high school and college students who
had the time to camp out overnight in front of retail outfets.
We present a simple auction protocol for the sale of over- While there are many factors that go into Sony’s marketing
demanded goods with a delivery schedule. Under some readecisions, not the least of which is that consoles are sold
sonable assumptions, our mechanism is incentive compati-at a loss and profits made by selling games, it is interesting
ble, collects only partial information about bidder's valu- to ask how a manufacturer could have captured more of the
ations, and empirical evidence suggests it converges to theactual demand in the market.
efficient allocation. In this paper we study a model of highly demanded prod-
ucts in which buyers are willing to pay more to acquire the
object earlier. We assume that the supplier has a finite num-
1 Introduction ber of units that can be delivered each day, and that buyers
have greater utility for objects delivered sooner rather than
Many situations arise in which the supply of a product Iate_:r. Our _ob_jectives are_to create an iterative mechan_ism
does not meet the initial demand, and in which there is someWhich maximizes the social value created by the allocation
real or perceived value accrued by obtaining the object ear-While being incentive compatible, having a simple interface,
lier rather than later. A recent example was the introduc- @nd not requiring buyers to compute and communicate their
tion of the Sony PlayStation 2 (PS2), a highly anticipated v_alugs for every possmle delivery day. An efficient alloca-
new product whose introduction in the U.S. was timed to tion is one in which the goods are allocated to the persons
coincide with the Christmas 2000 holiday shopping season.Who value them the most. Thus, reaching an efficient alloca-
Component supply problems caused Sony to have only halftion implies that the participants have no reason t_o re-trade
of its target one million units available [3], which was al- the goods among themselves, as was the case with the PS2.
ready projected to be well under the pent-up demand. Al One way of achieving social efficiency would be to con-
of this played out in the media, which meant that consumersduct & sealed bid auction and then compute the best alloca-
were well aware that demand far exceeded supply when thdion and prices. However, this is unlikely to work in a case

product was released on October 26. Thus, the evening beliké Sony’s because it relies upon bidders being able to ac-
fore the introduction, consumers lined up outside of stores, curately establish their valuation for acquiring the product

and most retailers sold out within minutes of opening the ON €very delivery day in the horizon without feedback from
next morning. A great many of these purchasers turnegthe marketplace. An alternative design would be to conduct
around and sold the products on eBay for three to four times@ different auction for each of the delivery days, where each
retail price. Prices were highest closest to the product in-@uction could be run as an English auction. While there are
troduction but continued to demonstrate higher-than-retail M@ny variations of this design (say, with progressive auction
prices right through the Christmas holiday. closings, conditional bids, etc.), in general this approach is
The scenario that played out with the PS2’s is an extremeCUmbersome to operate and to bid in, and is not guaranteed

example of a common phenomenon seen with the release of© find an efficient allocation. _

terest here is that fact that a highly liquid market was createdSells a supply of multiple units of otherwise homogeneous
on eBay in which the PS2's were resold at their true market 1Although this is a generalization, the second author still asks students

prices, and Sony captured fONE of the value. Instead, they his classes if they participated in this secondary market and invariably
difference between the retail price of $299 and the marketfinds at least one.




goods differentiated by the fact that they are delivered on valuation assigned by biddgffor receiving an item on day
different days. Bidders have only one bid in the auction at d. Without loss of generality, we assume that the item will

a given time, and the auctioneer announces prices in suctbecome available for its list price on day+ 1, and the bid-

a way that every bidder can unambiguously determine onders’ valuations represent the excess monetary value they
which day they will take delivery. Moreover, prices are set are ready to pay to get the item early. For normalization
in such a way as to be incentive compatible under somepurposes, we defing (d) = 0 ford > m,Vj € B.
assumptions on bidder valuations. Our design is simple We make the standard assumptions that bidders have
for the bidders—they make myopic decisions in response toquasi-linear utility, risk neutrality, and private values. Fur-
price announcements—and easier to conduct for the auctionther, we make several assumptions that are unique to our

eer, who needs only keep a sorted list of all bids. problem domain. First, bidders have valuations that are
monotonically decreasing in delivery days. That is, for ev-
2  Model ery bidder;j and all delivery daysd, v;(d) > v;(d + 1).

Second, when deriving the incentive compatibility results,

we assume that bidders have non-crossing valuations. Non-
crossing valuations means that the rank order of bidders,
when sorted by their valuations, is the same on all days.

The setting we consider is a company that has a limited
number of indivisible units available to be auctioned. It can
supply these goods spread across different days, with POSThat is vi(d) > vi(d) = vy(d) > vy (d), for all
sibly multiple units on each day. We wish to assign these jile B afndd, 7 c jlm I S
gqods to pldders who demand at most one_unlt. We also Our objective is to find the efficient solution, that is, the
wish to price the goods anonymously, meaning that all the one that achieves
bidders who receive a good on a given delivery day will
pay the same price for it. Anonymous prices make the auc- max Z Z i (d)zjq (1)
tion transparent to the bidders and engender a sense of fair- P
ness. The bidders have their own private valuations for these

J

goods, and typically, different values for delivery on differ- 5.t ind <qa Vd,
ent days. A reasonable assumption that we make is that I

valuations decrease for delivery on later days. Thus, we ex- ijd <1 Vj
pect that the price of the goods determined by the auction d

decreases V.V'th the delivery days. . In (1), z;4 € {0,1} is the decision variable that takes on
The auction can be conducted anytime before the actual o ) . : .
. ! . . X - the value one if biddef obtains an object delivered on day
delivery. Bidders register with the auctioneer to participate

. . . . S : d, and zero otherwise. Lgt be a feasible solution, antk
in the auction. The auction proceeds in multiple iterations : L .
) - . ; be a solution that satisfies equation (1). l£éf) be the day
and terminates after a finite number of iterations when no assigned to biddef by solution f
participating bidder changes her bid, indicating that the bid- '
ders are satisfied with the outcome reached. The price vec- . )
tor declared by the auctioneer at the end of the last iteration3 AuUCtion Design
establishes the prices of the items for each of the delivery
days. The allocation is the one reached in this last iteration.  The interface between the auctioneer and the bidders is
To formalize the auction, we introduce the following no- through prices and bids. In our mechanism, the auctioneer
tation: LetB be the set of bidders who wish to participate computes and reveals a tuglg;¢, ik} for each delivery
in the auction. Letl = 1,2, ...m denote the delivery days, day.p5d is the price the bidder will pay for a good delivered
in sequence. Lef be the total quantity of items (discrete on dayd. p3* is the minimum price a bidder needs to offer
units) available to be auctioned off; these items are avail- to win an item on day!. In this sense, the pricing model is
able in limited quantities on each of the delivery days. Let akin to (M + 1)st pricing. We construct bid and ask prices
gq denote the number of units available on daguch that ~ such that they are non-increasing in delivery days. That is,
S g4 = Q. The auction must decide the allocation of p¢ > piid; andpi™ > pisk,. For convenience, we define
the goods among the bidders and determine a prigdpr ~ pg* = oo andp®k ; = 0.
each delivery dayj. Because our pricing scheme is anony-  Each bidder makes an offer of the fomn;, d,}, where
mous, all bidders who win an item on ddypay pricep,. r; is the amount that biddgris willing to pay for delivery
Each biddef demands at most one unit of the base good. on dayd, andd; is the amount more thary that the bidder
Since a bidder’s value for a particular unit of the good de- is willing to pay to upgrade to delivery on day— 1. In
pends on the day on which it is delivered, the goods avail- other words,r;(d — 1) = r;(d) + ¢;. Note thatd does
able on different days are treated as heterogeneous. Eachot have to be stated explicitly because it is implied by the
bidder j has a valuation profiley;, with v;(d) being the current ask prices. The implied day is the day for which



ask ask

P < p%*,. When a bid{r;,d;} is received, the
auctioneer will infer the implied delivery day and record it
with the bid in the form{r;, J;, d_;}. Importantly,d_j) is the
day that is impliedat the time the bid was mag# prices
changey; may no longer be in the range of ask prices that

corresponds tdj. For the boundary condition whetle= 1,
we setj; = 0.

We now consider the policy by which the auctioneer
computes prices, and a myopic bidding strategy that bid-
ders may use and which, we show in Section 4, is incentive
compatible.

<y

3.1 Auctioneer’s Policy

The auctioneer keeps only the most recent offer from

Bidder | Day 1 | Day 2
by 100 90
bo 90 82
b3 83 74
by 70 66
bs 60 58

Table 1. Example valuations.

Bidder | Day 1 | Day 2
b1 100
b (+8) 82
b3 (+9) 74
by (+4) 66
bs (+58)

each bidder. After each new bid, the auctioneer computes

the state of the auction (price vectors and winning bidders),
and announces the prices to the bidders. Prices are all zer
at the start of the auction.

The general procedure for computing the state of the auc-

tion is to sort the bids decreasingrin The auctioneer then

Table 2. Example bids.
0

Notice that in general, the auctioneer is not respecting
—
the implied delivery dated; and thus making assumptions

assigns bidders to days, with the highest bidders going to@bout the bidder’s valuations that may not be correct. For

the earliest days, until all of the objects have been assigned
Ties are broken first by the largéy, then in favor of the

earlier bid. In this process, the auctioneer igno?};s

Once the bids are sorted, and the boundaries betweer!

example, the very first bidder to bid will see prices of zero
and may make an offer for day 1. However, after many
other bidders have made offers, the first bidder’s offer may
ow be scheduled for day 10, and for the auctioneer to make

days established, the auctioneer computes the bid and aerice announcements based upon the stated value is clearly

prices. The computation of the ask prices is designed to
communicate the information necessary to the bidders for
them to know the mapping between offer prices and deliv-
ery days. The computation of the bid prices is inspired by
the Generalized Vickrey Auction.

Let H(d) and andL(d) be the highest bidder and lowest
bidder, respectively, assigned to dayExcept in a special
case when there is only one item available on a particular
delivery day, the ask price is simply the lowest offer on that
day. That s,

ask

Pq
The bid price is only slightly more complex to compute:

=TL@)

m+1

Pyt = Z OH (k)

k=d+1

)

In words, the bid price is simply the sum of the delta’s of
highest bidders on each day subsequent tdote that this
computation includes day: + 1, which is past the horizon.

It is necessary to include the highest bidder excluded from
any allocation in order to accomplish our goal of generat-
ing GVA prices. We elaborate on the relationship between
equation (2) and GVA prices in Section 4. Although this
computation of the bid price may seem indirect, it is com-

incorrect. We allow this behavior because it is @uit-of-
equilibrium effect that disappears when the bidders reach
equilibrium. Although the prices are temporarily mislead-
ing, once the first bidder has a chance to bid again, she will
revise her bid with respect to the current ask prices and put
in a more appropriate offer.

There is one special case that, when handled properly, al-
lows the mechanism to work for a wider range of valuation
functions. In particular, it is possible that the best allocation
assigns bidders to days in a manner that is inconsistent with
their sorted order even if their valuation functions do not
cross. Table 1 shows a case in which there are five bidders
and two days with two items available each day. The best
allocation is to give the day 1 objects to biddérsandbs,
and the day 2 objects tg andb,.

Suppose at an intermediate state the auctioneer had
collected the information in Table 2, where the non-
parenthetical number ig; placed on the implied delivery

day, and the parenthetical numbewjsplaced ond_;- — 1.
Sorting byr; and making assignments gives bidderand

by objects delivered on day 1, aihg andb, objects on day

2. Further, the auctioneer computes day 1 pri&s 82}

and day 2 price$58,66}. Given these pricedy, receives

a surplus of 23 from the day 1 object, and a surplus of 24

pletely hidden from the bidders and produces a meaningfulfrom a day 2 object. Thug), would prefer to purchase a

price that correctly guides their bidding decisions.

day 2 object, but has already expressed his day 2 value and



cannot further influence the auction. Nomjsmotivated to 4. Adjust the allocation of the boundary bidders as nec-
change his bid because days 1 and 2 provide her the same  essary.

surplus. _
The auctioneer, however, has enough information to rec- > Calculate the new prices.
ognize that the preferred allocation fasgetting an object 6. If the termination conditions are not met, return to

on day 2. Ignoring the other bidders and looking only at
the two bidders on the border between day 1 and day 2, the
auctioneer determines that giving day 1btoand day 2 to : ) :

b3 results in a combined value 082 + 8) + 74 = 164, 3.2 Bidder's Policy
whereas the contrary allocation produces a combined value
of 82 + (74 + 9) = 165.

step 2. Otherwise, announce final allocation and exit.

In our simulations, the bidders follow a simple, myopic

A . _ . best-response strategy. In Section 4 we show that, in equi-

Thus, to facilitate moving from a near equilibrium situa- ., : . , .
librium, our method generates incentive compatible prices,

tion into the true equilibrium, before announcing new prices . . : : o
. . -~ from which we argue that this myopic strategy is a realistic
we solve equation (1). Because the auctioneer has very lim-

ited information (i.e., two valuations from each bidder), it is strategy if it leads to the equilibrium.

o ; . A bidder’s potential surplus from selecting days the
sufﬂaent_to check only the d‘_a\y boundaries for bfnaryiwaps difference between the bidder’s valuation band the cur-
that can improve the allocation, and only whegy) # d;

, ; rent bid price ford. In the myopic strategy, a bidder finds
for one of the two bidders at a particular boundary. the day for which, given the current prices, her surplus is

More formally, leti = L(d) andh = H(d +1). Ifthe  ayimized, and for which her valuation is within the cur-
best allocation does not agree with the sorted order of the,gnt ask price rang&More formally

agents, that is, ifr; + 6;) + rn, < r; + (v, + 65), then the
auctioneer should swap the positiong ahdh in the sorted d* = argmaxv;(d) —p39
list of bidders and adjust the price computations. d

)

st pPE <w;(d) < pEk.

m—+1
phid = 5+ Z OH (k)s After identifying dayd* as the one that maximizes her
k=d+1 payoff, the bidder offers her true valug,(d*), and her true
i I A PR upgrade valué; = v,(d* — 1) — v;(d*).

If the bidder's current desired delivery day is among
In the example from Table 2, the allocation adjustment those that maximize her utility, she sticks with it. If none of
would result inb; winning day 1 and, winning day 2, with  the payoffs are positive, biddg¢iplaces a bid of0, v;(m)},
day 1 prices{66,83}. Atthese new prices, prefers day  thatis,r; =0 andd; equal to her value for the:th day.
2, andbs is indifferent between day 1 and day 2. Note that
it is important to apply this adjustment from dayback to 4 Auction Properties
day 1 in order to ensure the integrity of the bid prices that

depend upon later days. In this section, we show that in equilibrium our mech-

The auction terminates when no bidders wish to changenism produces incentive compatible prices, which means
their current bids. In the simulations reported in Section 5, yhat ng bidder has an incentive to deviate. This result also

we iterate through all of the bidders in a random fashion un- suggests that bidders will be willing to play the myopic
til all of the agents are happy with the current allocation. In strategy throughout the auction if doing so leads them to

practice, we would expect the auction to have a rolling hori- 5 efficient solution. Since we do not have a convergence
zon, with delivery dayi closing before the day on which proof yet, we support our claim that the myopic strategy

those products must ship. Further, bidders may not be payqnyerges with the experimental results in Section 5.

ing full attention to the auction at all times, and so more ey ey [g], first established that second-price auctions

flexible closing criteria are needed. are incentive compatible. Since then, many researchers
In summary, the auctioneer’s algorithm is: have studied variations of the Vickrey auction, including

work that is focused on multi-item scenarios with unit de-

mand [4, 6] . It is now well established that the incentive

2. Declare the current prices. On receiving a new bid compatibility feature continues to hold in the multi-item,
from bidderj, perform steps 3-6. unit-demand setting. Shapley and Shubik [7] observe that

1. Initialize the prices to zero for ail.

. . . 2The bidder eliminates days for which her valuation is below the ask
3. Sortthe bidders accordingtg, J;, and time. Allocate  price pecause her truthful bid will not result in her winning the day under

products to bidders. consideration.



the model always has an equilibrium and that the smallestbecause, on re-assignment, every bidder followimgoves

price vector among all the equilibrium prices is unique, and up one day, and bidder + 1 gets the last item. Recall that,

“best” from the point of view of the bidders. with truthful bidding,v;(d — 1) = v;(d) 4 ¢;. Substituting,
To prove that, at equilibrium, our auction is incentive we get

compatible and achieves the efficient allocation, we lever-

age existing literature in the areas of economics and mech- ) =t mtl
anism design. Bikchandani et al. [1] survey various auction V(B\j) = > _va(d) + Z [va(d) + da]-
environments and examine the connection between linear d=1 d=j+1

programming and Vickrey payments in auctions. Leonard
[6] considered the assignment problem and derived the re-
quirements for the final solution to be incentive compatible. -1 m+1
Equation (2) gives the pricing scheme in our auction, T = Z”d(d) + Z [va(d) 4 64]
where all bidders winning on day pay p5<. It is not dif- = d=j11
ficult to see the relationship to the pricing scheme of the m
GVA. _ [Z va(d)
Consider a slightly simplified allocation problem with i—1
items to be assigned ta delivery days, one per day. Let us
assume, without loss of generality, that the bidders, whenAfter eliminating the common terms, the price paid by bid-
sorted in the decreasing order of their valuations over all der;j according to the GVA scheme is
these days, arl, 2, ...m,m+ 1, ...n}. Because we restrict 1
bidders to monotonically decreasing, non-crossing valua- o Z s
tions, the sorted order of bidders remains the same on all the Pi &

Equation (5) becomes

+ v;(4)- (6)

days. Further assume that in the efficient allocation, bidder =t
J wins the item on day. This means thatf; and L, will Bidderd is H, thus the above equation is the same as equa-
be bidderj, as there is only one item on each day. When tion (2).
we consider the marginal economy without bidgerand In the above derivation, we considered the simplified
re-calculate the optimal allocation, biddgs position will case where there is just one item per day. The generalization
be taken by biddey + 1. to the case of multiple items per day is straightforward. Re-
Recall thatf (;j) is bidder;’s allocation inf andv; (f(;)) call that, in our scheme, we consider #eeof the “border
is bidder’s valuation for her assignment. Lgtbe the effi-  bidders” only. Identically, in the GVA, when an arbitrary
cient allocation that solves equation (1). Define bidder is removed from the system only those other bidders
who are the highest on their respective days move forward
. _ . one day and affect the computation of the payment. We
V(B) = mﬁxgg%(f(]))’ 3) conclude that our pricing scheme is the same as the GVA
pricing scheme.
VB\) = max 3 alf(R). @
KB\ 5 Experimental Results
Equation (4) defines thmarginal economyvithout bid-
derj. Thatis, we consider the economy in which biddées We conducted experiments to analyze the performance
not present, and solve the allocation problem. In the GVA, of our mechanism. In our simulations, the auctioneer pro-
the payment by biddey is given by ceeds in rounds during which a bid is elicited from every
bidder, in a random order. The state of the auction is re-
mj = V(B\j) = [V(B) = v;(f*(5))]- (®)  computed after each new bid is placed. We considered
With the assumption that biddgrwins the item on day  test cases in which the valuation functions converge with
7, equation (3) reduces to increasing delivery days, diverge with days, and combina-

tions of the two. In our experiments, the mechanism always
V(B) = ivd(d) reached the. equilibrium, Iem_jing support .to our cla_im that
— ’ the mechanism converges with non-crossing valuations.
One of our design objectives was to create an auction that

Ifwe drap bidderj irom the economy, equation (4) reduces computes the efficient outcome with as little information

to i1 mal from the bidders as possible. To measure this, we tracked
V(B\j) = Z“d(d) 4 Z va(d—1), the average number.of days for whichi a bidder rgveals her
) dejt1 valuation to the auctioneer. Note that in our auction, when



14

12 |

qmrl )
il

I

‘] L |
| “"”H‘l“
] (R ol

Avg. number of days revealed

1 26 51 76 101 126 151 176 201 226 251 276 301 326 351 376 401 426 451 476

Agent Number

Figure 1. Average number of day’s valuations exposed by each bidder.

a bidder places her bid for a particular day, she also reveals Bidders | Days | Items || Rounds

ad, effectively revealing her valuation for two days with a 20 5 16 6

single bid. 50 10 26 11
We constructed a scenario with 500 bidders in an auction 100 20 40 12

to allocate 225 items spread across 45 days. We ran the 500 45 225 15

auction 15 times and computed the average number of days 1000 100 | 500 28

of each bidder’s valuations that are revealed. Out of 45 days, 1100 | 1000 | 1000 65

the bidders revealed their valuations for relatively few days,
varying between 1 and 14, with an average of 6. Figure Table 3. Average number of rounds to con-
1 shows the number of days revealed for all 500 bidders, Vverge with different problem sizes.
with the bidders numbered from left to right by maximum
valuation.

Observe that the highest bidders and the lowest bidders
reveal relatively little information while the bidders in be- €encouraging results, shown in Table 3. We simulated our
tween expose more of their valuation functions. The low- auction with different problem sizes and observed the aver-
est bidders, as they are not able to beat the ask-prices, arége number of rounds taken to converge to the equilibrium,
quickly pushed out of the auction. The highest bidders, Which, in essence, is the average number of bidding oppor-
once they reach their optimal places, are satisfied and ddunities for each bidder.
not change their bids, revealing very little information about  |n order to measure the sensitivity of the mechanism to
later days. However, the bidders in the middle reveal rela- the inputs, we explored the effects of changing the three pa-
tively more information before they settle at their optimal rameters (number of bidders, number of items, and delivery
positions. Figure 2 shows a typical pattern in the bids of days). We observed that the number of delivery days has the
some of the bidders in the middle. Note that the myopic most influence on the number of iterations to convergence.
best response behavior of these bidders causes them to putraple 4 shows the results when we varied the number of
sue multiple different options before they settle at their op- delivery days while keeping fixed the number of bidders at
timal positions. 600 and total number of items at 400. These observations

We also measured the number of iterations that it takesare averaged over 12 trials of the auction and suggest a sub-
for our auction to converge. Our simulations produced very linear relationship.
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Figure 2. Selected agent’s bids across iterations.

Number of days | Rounds
50 16
100 26
250 35
400 51

Table 4. Average number of rounds to con-
vergence with 600 bidders and 400 items, as
a function of number of delivery days.

6 Related Work

mation from the bidders to compute the efficient allocation
and the supporting prices.

Demange et al. [4] consider the assignment problem with
multiple items in the unit demand case. They propose an
ascending auction that implements the VCG outcome. The
auctioneer collects the “demand sets” (set of all items giv-
ing a bidder the maximum payoff) at each iteration, and
computes the minimally over-demanded set of items. The
prices of these over-demanded items are progressively in-
creased until the competitive equilibrium is reached—each
bidder demands only one item, and each item is demanded
by no more than one bidder—and the auction terminates. In
this work, the authors assume that all prices and valuations

The linear programming model of our problem is very are integers; we do not restrict the valuations (and prices) to
similar to the standard assignment model, which has beerP€ integral in our mechanism. Also, for their exact mech-
widely studied. Leonard [6] studied the problem of as- &nism to work, it is necessary for the bidders to be very
signing individuals to positions under unit demand and pro- Précise in their responses to the changing prices. As a con-
posed a procedure that elicits honest preferences and use¥equence of the valuations being integral numbers of units,
them to make an efficient assignment and to determinea bidder should repOH" the items that maximize her sur-
prices to be Charged for the positions_ He finds the pricesplus, and cannot switch between items from one iteration to
that satisfy the Groves-Clarke [2, 5] definition of pricing, another. For this reason, the authors themselves admit that
thus achieving incentive-compatibility. But this method re- this might not be a very practical mechanism to implement
quires the knowledge of the Comp|ete valuation profiles of in realistic situations. Our iterative mechanism needs each
all bidders. While our mechanism has theoretical similar- bidder to report only a couplet, and requires the auctioneer
ity with this method, we describe a more practical auction t0 keep only one triplet about each bidder.

design where requiring complete information revelation by
distributed bidders is impractical.

Demange et al. [4] also propose a more flexible ap-

Our simulations have proximate mechanism that achieves the equilibrium prices

shown that our mechanism requires relatively little infor- within some error bounds. Unfortunately, the outcome of



this mechanism depends on the order of placing bids. Ourenvisage our auction being used. From the viewpoint of the
mechanism does not depend on the order of bid elicitation.auctioneer, while the entire bid history of each bidder can be
In our simulations, we randomize the order in which the stored, our mechanism does not require it. Only the most re-
auctioneer elicits bids from the bidders in every round. cent offer from each bidder is stored by the auctioneer, and
Wellman et al. [9] consider some general classes of it is enough information to compute the efficient allocation
scheduling problems and investigate the existence andand the VCG prices. This is also a desirable feature when
properties of equilibrium solutions with distributed pro- implementing large auctions.
tocols. They analyze an ascending auction protocol un- Our simulations have produced encouraging results
der various settings, including single unit resource alloca- about the convergence of the mechanism to the equilibrium,
tion problems—a class of problems that contains our model.and the number of iterations necessary to reach equilibrium.
Wellman et al. derive error bounds on the sub-optimality of Analytically proving the convergence of the mechanism is
the solution that arises in the ascending auction. the next step in validating our claims. The existing literature
One essential difference between the ascending auctiongn this area points only to ascending auctions that implement
considered in the literature and our auction is in the applica-the primal-dual algorithm. Our mechanism does not have an
tion of the mechanism to a real world scenario. We considerascending auction design, and trying to further interpret the
the problem in a particular case where sellers need to dis-dynamics of our auction should yield more fruitful research.
tribute a limited supply of goods spread across different de-  There are other aspects of auction analysis that we have
livery days. We believe such situations are common in the not yet addressed, such as potential collusion by bidders.
real world. Pricing the goods consistently for products de- Many existing auction mechanisms fail in the face of col-
livered on the same day is a reasonable and fair method thatusive behavior by bidders, including the Vickrey second
is likely to be acceptable to bidders. The existing ascendingprice auction, and it would be interesting to analyze the ro-
auctions do not explicitly deal with such issues. bustness of our design against bidder misbehavior.
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