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Mechanism desig[L0] has played a central role in much of this
research. Key results in mechanism design, such as the revelation

for single-good auctions with dominant strategy equilibria. Our Principle, have had a strong influence on the direction taken by re-
aim is to design mechanisms that minimize the number of bits re- search at the intersection of the economics and computer science.

quired to determine approximately optimal allocations by sequen- H_owe(\j/er,_ recr]ently,t)llmltg(;lonsf_ OL star(ljdard approachebs to dr(rj]echa-d
tially asking bidders to reveal their valuations with increasing preci- MS™M design have been identified, and are starting to be addressed.

sion, and limiting participation to those bidders who might win. We Chiefamong these is the computational Comp'ex“y_ of the problems
prove several necessary conditions that severely restrict the space o?ced by software agents v_vho must interact. For Instance, mecha-
mechanisms satisfying our criteria. We also study empirically the nisms bas_ed on the rev_elatlon principle mu§t reveal their type (gen-
optimization of the parameters of our sequential mechanisms, and€rally, their utility function) accurately. This presents a problem

how number of bidders and cost of communication impact expectedin circumstances where utility functions are large and difficult to
amount of communication, expected loss in welfare, and other mea_communlcate effectively and/or hard to compute accurately. Re-

sures. Finally, we show that incremental limited-precision mecha- S€Nt résearch has begun to examine methods involving limited or
nisms offer advantages over fixed, single-shot mechanisms. mcr_emental elicitation of types to circumvent some c_Jf these diffi-

culties (see, e.g., [1, 2, 14, 12, 13, 8, 3], much of this in the context
of (single-good or combinatorial) auctiohs.

In this paper, we pursue the same line of research. Specifi-
cally, in the context of single-good auctions, we develop and an-
alyze mechanisms that allow bids wiiimited precisionand that
incrementally elicit bids by allowing bidders to sequentially refine
their bids. We propose various natural constraints on such incre-
mental mechanisms—such as an activity constraint that removes
any bidder from the auction if they provably do not have the high-
est valuation—and show that any mechanism satisfying these con-
straints, and having dominant strategy equilibria, must have a very
restricted form. Specifically, it must take the form of an ascending-

INTRODUCTION style auction (much like a Japanese auction) in which the space of
Day-to-day business transactions have come to rely increasingly bidders’ actions can be safely restricted to just two actions. We then
on the computer networks that link market participants by provid- study one class of mechanisms of this type in detail. @iaptive,
ing fast, seamless communication and negotiation channels. Thissymmetric, incremental auction (ASli&)parameterized by a (con-
migration to online negotiation has led to the development of more ditional) sequence of price levels, but has simple dominant strate-
and more sophisticated software agents that mediate such transacgies based on any such thresholds. Because of this, the thresholds
tions. However, since the interests of the parties on whose behalfcan be optimized with respect to specific priors over bidder types,
such agents act generally conflict, ideally such agents should rea-using a straightforward Markov decision process formulation. In
son strategically according to the well-studied principles of game this respect, we combine the spirit of traditional mechanism design
theory and economics. As such, recent research in computer sci-(where typically, though not exclusively, dominant-strategy induc-
ence and economics has focused on the design of economic agent#g mechanisms exist independent of the priors), optimal auction
and the mechanisms through which they interact. design [11] (where the mechanism varies in a parameterized way
with the prior), and automated mechanism design [5] (where the
mechanism is optimized using the specific priors). Importantly, we
can optimize the mechanism to account for cost of communica-
tion (or computation) as well [13]. Finally, we show that by relax-
ing some of the original constraints, a stochastic variant of ASIA
(STASIA) emerges. This mechanism is interesting for two reasons.
First, it maintains the benefits of the original mechanism, but with
much improved efficiency and revenue properties. Second, it can
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be shown that, under certain conditions, STASIA is superior to any completely imposes a severe, and often unnecessary, burden on
threshold-based, single-shot auction. agents in terms of computation (e.g., to accurately compute their
We begin in Section 2 with a discussion of relevant background valuation for a good) and communication. In general settings, sim-
and a brief overview of related work on mechanism design for auc- ply communicating a full utility function to the mechanism can be
tions that adopts limited precision or incremental bidding. We dis- prohibitive (e.g., in combinatorial auctions) [3]. But even when
cuss a simple one-shot, limited-precision mechanism witika- utility function can be represented by a single number, computing
it-or-leave-itopportunity in Section 3 in order to introduce simple this accurately may be costly [13] and the level of precision re-
limited-precision mechanisms and the optimization of their param- quired to maximizef may not require accurate reporting (e.g., if
eters. Our main results are found in Sections 4 and 5. In Section 4the agent with the highest valuation for a good has a valuation that
we describe an incremental mechanism based on the same limitedis very different from all others, then this can be determined with
precision principles. We show that, under certain assumptions, all bids of very limited precision). Furthermore, communication costs
mechanisms must have a very restricted “ascending” form. We also for single valuations may be relevant in high volume settings, such
describe a model for the optimization of price thresholds, how it as auctions for packet routing [1].
reduces the expected amount of communication, and the impact of In the context of single-good auctions, significant research has
communication cost. In Section 5 we present STASIA, a stochastic tackled these problems. Among these, the work of Blumrosen,
version of the ASIA mechanism, and compare its performance to Nisan and Segal [1, 2] bears the closest relation to ours, studying
the deterministic version. We also discuss the advantages of STA-in great theoretical detail many of the issues we focus on here. In
SlA relative to the one-shot, threshold-based mechanisms of Blum- their work, bidders for a single good can offer oné afistinct bids,

rosen and Nisan [1]. requiring communication offg(k) bits. Because the possibility of
“ties” can have an effect on revenue or welfare (since it becomes
2 INCREMENTAL ELICITATION impossible to distinguish valuations to arbitrary precision), they in-

. . . o troduce tie-breaking rules that use a fixed ordering of bidders, giv-
_ Mechanism design deals with the problem of designing a game— jnq priority to bidders higher in the ordering. They show that such
in \{vh!ch a coIIect_lon_of self-interested agent_s interact—so as to priority gamesgive rise to dominanthreshold strategieswhere
optimize some objective on the part of the designer [10]. More for- ¢4c agent adopts a set of threshold values and associates a specific
mally, we suppose we have a collection of agents (e.g., potential iy \ith each induced interval. In the terms we describe below,
buyers of some good) and some set of outco@e@.g., the al- e yiew this as dimited-precisionmechanism, since bidders can
location of a good to a particular agent at a specific price). Each pg interpreted as revealing their valuation directly (and “truthfully”
agent has a type: < Ti known only to itself and utility function  gjnce we can assiga priori a meaning to each bid based on the
u; over types and outcomes, wherg(t;, o) reflects the utility of  gominant threshold strategy of any agent), but with limited preci-

outcomeo to agenti _if its type ist;. For example,_ the type ofthe  gjon. As such, the mechanism can be designed with the thresholds
agent might dictate its valuation for the good being auctioned, and given first.

@ts utility f_or any outcome_bin Which it obtains the good as given by The results of [1, 2] show that, for any prior over valuations,
its valuation less the price paid. We generally assume some ComM-ihare exists a priority game that is welfare-optimal among those
monly known prior ovefl; for eachi. We suppose the mechanism  echanisms allowing at mostdistinct bids, and that the welfare
designer has sormebcial choice objectivg it wishes to optimize,  |ogs relative to an optimal unlimited communication auction (e.g.,
where f (¢, 0) denotes the (_)b_jectlve value (to theﬁde3|gner) of out- a Vickrey auction [16]) is bounded @(1%2) for a fixed number of
comeo when the agents (jointly) have type vectoe x7;. For players (and this bound is tight in the case of uniformly distributed
example, the designer may wish to maximize social welfare by en- 51 ations). In [2], sequentiamechanism is considered in which
suring the good goes to the agent with the highest valuation; thus p;4qers reveal their bits in sequence, but with full knowledge of
f would denote the total welfare of outcomegiven type profile | hreviously revealed bits by other players. While such mecha-
t. A (deterministic) mechaniseomprises a set of strategies for nisms can do better, the gain is limited in the sense that a one-shot

each agent, and an outcome rulg : ¥ — O mapping strateQy  machanism can achieve the same welfare with only twice as much
profiles¥ = xX; into outcomes. As such a mechanism induces .ymmunication.

a Bayesian game among the agents. A mechaimspiementsa The sequential mechanisms we consider in this paper have a
social choice objectivef iff, in equilibrium, the outcome of the  yery different flavor to those above. In spirit, they are more rem-
game I1so € arg max f(t,0) whenever the agents types are given jniscent of ascending auctions, and the work of Parkes [13], who
by ¢.” The mechanism design problem then corresponds to finding ¢onsiders the cost of preference elicitation. Parkes’s model admits
amechanism that implemenfsising the desired notion of equilib-  4gents with uncertain valuations, who must decide whether to re-
rium (commonly, Bayes-Nash or dominant strategy equilibrium).  fine hounds on their current valuation in order to bid in various
The revelation principlemakes the mechanism design problem — onq of auctions. A computational cost is assumed, and the focus
somewhat simpler by noting that if a mechanism exists that imple- 5 o the computational strategies of the bidding agents themselves
mentsf, then a direct, incentive-compatible mechanism exists for (rather than the mechanism design problém).
f as well. In other words, we let strategies correspond 10 types * The pisection auction of [7] is sequential as well, refining the
(hence agents directly reveal their types), and in equilibrium, each mechanism’s estimates of agent valuations up to some limited pre-
agent willtruthfully reveal its type [10]. The revelation principle  ¢ision "hut otherwise duplicating a Vickrey auction. In order to de-
has led to an almost exclusive focus on direct, incentive-compatible (o rmine payment, losing bidders must continue to answer queries
mechanisms. _ until the second-highest price can be determined to the required
Direct mechanisms have several drawbacks. Most importantly, geqree of precision. Survival auctions [6] bear some relation in
the requirement that agents report their true type accurately andmqivation to our work as well—however these auctions do allow

2 . . . .

Morg commonly, one 'speaks of |r_np|eme_nt|ng a s_ocnal choice 3Larson and Sandholm [8, 9] study similar phenomenon in auctions
function f. [10]. These views are equivalent if one definfe§) = and bargaining settings, deriving equilibria that account for cost of
arg max f(t,0). computation.




for revelation of full precision bids. Survival auctions combine as- limited-precision variant of a second-price auction (the highest bid-
pects of sealed-bid and ascending auctions to speed up ascendinger is selected and offered the good for the second-highest bid) with
auctions by eliminating bidders at each round and setting minimum the addition of a TIOLI option offered to the winner in the case of
bids at each round. Finally, the model of rational computation pro- ties. The mechanism differs from priority games in that players are
posed in [15] bears some relationship to our work, considering the treated symmetrically, and in the added TIOLI comporfent.
question of the communication complexity of computing certain Itis not hard to see that LP-TIOLI has a dominant strategy equi-
functions through auction-like mechanisms. librium: each agent should bid the least pri¢et least as great as
Our model incorporates various aspects of all of the work de- her valuationw;; that is, bid anyp' such thatp'=* < v; < p. It
scribed above. Our general view can be characterized as follows.should be clear that if the highest bid excluding that f greater
Rather than consider direct mechanisms in which an agent’s type isthanp' or less thap' !, then biddingp' is optimal (much as in a
revealed fully, we are interested limited-revelation mechanisms  Vickrey auction). If the highest bid ig!, thens biddingp’ offers a
in which the set of strategies is limited. For example, if only a fi- utility of 0 (since she will refuse the offer at prigé if chosen); but
nite number of strategies are made available to each agent in theany bid above or below!' has utility less than or equal to 0.
case where the type space is continuous (e.g., the space of valua- We note that the TIOLI component is critical to the existence
tions is the interval0, 1]), strategy choice cannot be used to fully  of dominant strategiesIf we removed the TIOLI component and
distinguish type. Note that the amount of communication required simply considered a limited-precision second-price auction, there
to signal a choice to the mechanismgdsk) bits if only & strategies are cases in which bidding above her valuation is an agent's best
are allowed. Adirectlimited revelation mechanism is one in which  move, and cases in which bidding just below her valuation is opti-
each strategy is interpreted as corresponding to a subset of possiblenal. The best choice depends on the prior over other agent valua-
types. All of the aforementioned work can be viewed as direct in tions, thus requiring a Bayes-Nash equilibrium analysis. Interest-
this sense. Aimited-precisiormechanism is a direct mechanism in  ingly, one can derivéhreshold-base®ayes-Nash equilibria.
which each strategy choice can be associated with a unique utility Note that in the dominant strategy equilibrium, the good will
interval (or hyperrectangle in the multidimensional case), and can be allocated in the case that there is a unique highest bidder, and

be viewed as conveying the agent’s type with limited precision.
We also consideéncrementaimechanisms, iterative mechanisms

in which the types of agents are revealed sequentially. Intuitively,

we require that each move by an agmfinesthe space of possible

optimal welfare will result. The case of multiple highest bidders

results in the good remaining unallocated, leading to a loss in effi-
ciency and revenue. One can optimize this mechanism by setting
price thresholds appropriately and optimizing for either expected

valuations for that agent. Incremental mechanisms have a certainrevenue or social welfare, exploiting specific distributional infor-

intuitive appeal, since for many mechanism optimization criteria, mation. One appeal of this mechanism is that the dominant strat-
a sequential approach where valuations are refined allows certainegy equilibrium has the same form regardless of the specific prices.
agents to be “ruled out” early, thus obviating the need for them to Thus, optimization of price thresholds has no impact on the strate-

compute or communicate their valuations with maximum precision.
This can be exploited to great effect [13, 7].

Finally, we wish to consider the use of optimization criteria in the
mechanism design probletimat account for properties of the mech-
anism itself.For example, when maximizing social welfare, if we

gic reasoning of the bidders (e.g., approximation of the optimal
parameters won’t change a bidder’s strategic deliberations).

As an exercise, we used gradient ascent to derive (locally) opti-
mal price levels for LP-TIOLI using both expected revenue and ex-
pected welfare (we omit the expressions for expected revenue and

assume that each bit communicated to the mechanism has a certaiwelfare for LP-TIOLI as a function of the priceg). Figure 1(a)
cost, it makes sense to incorporate the expected cost of commu-shows the expected revenue as a function of the number of possible

nication in the objective function when designing the mechanism.
While much of the work above motivates limited revelation by ap-
pealing to cost of computation or communication, none (explicitly)
considers the problem of designing mechanisms in which this fac-
tors into the objective. We wikkxplicitly consider this (albeit in a
somewhat restricted way).

3. A ONE-SHOT TIOLI MECHANISM

We assume a single good is to be auctioned to a setpify-
ers, each playerhaving valuatiorv; € [0, 1] for the good, where
v; is drawn from some commonly known prigi. We begin by
describing an especially simple one-shot, limited-precision mecha-
nism that is similar is many ways to priority games [1, 2], specifi-
cally in its use of thresholds. This sets the stage for discussion o
our main results on incremental mechanisms. i@oited-precision,
take-it-or-leave-it (LP-TIOLI)auction works as follows: we fix a
set of k prices,0 < p' < p? < ... < p* < 1. Each bidder
announces one of these prices to the mechanisni3 le¢ the set
of such bids. If only one bidder announces the highest bif®,in
the good is allocated to this bidder at the second highest bid (from
among thek possible bids). If the highest bid is offered by two

bids for two bidders, each with valuations drawn from a (truncated)
half-Gaussian density function. The unoptimized prices (uniformly
setatd, 1/k,2/k, . ..) fare much worse than the optimized prices.

Note that the revenue exceeds that of a Vickrey auction by a con-
siderable margin and approaches that of the optimal (Myerson) auc-
tion [11]. Even though the good remains unallocated in many cases,
the fact the second-highest bid lies above the second-highest valu-
ation ensures that more surplus is extracted from the winner when
the good is allocated (relative to Vickrey). Figure 1(b) shows sim-
ilar results for five bidders with uniformly distributed valuations.
Here the probability of leaving the good unallocated outweighs the
benefit of using limited precision.

A rough approximation of loss in efficiency, measured as the

fprobability of the good not being allocated (recall that by the rules

of LP-TIOLI if the good is allocated, it must go to the bidder with
the highest valuation), is shown for the five-bidder, uniform val-
uation case in Figure 1(c). Finally, we illustrate the (locally) op-
timized price levels found by gradient ascent for the two-bidder,
uniform case in Figure 2. Note the implicit setting of a “reservation
value” of 0.5 in the case of revenue maximization (exactly as in the
Myerson auction).

or more bidders, a random highest bidder is selected and is made4g|ymrosen and Nisan [1] show that symmetric mechanisms, in the

a take-it-or-leave-it (TIOLI) offer for the good at the highest bid
price (see [14] for more on TIOLI offers). If the offer is rejected,
the good goes unallocated. Thus, LP-TIOLI can be viewed as a

two-player case, are not as efficient as priority games.

SSimply leaving the good unallocated in the case of a tie would
have the same effect.
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Figure 1: (a) Expected revenue (truncated half-Gaussiary = 0,0 = 0.3); (b) Expected revenue (uniform distribution); (c) Proba-
bility of good unallocated (uniform distribution).

The approach to optimization is closely related to optimal auc- 1 1
tion design [11] and automated mechanism design (AMD) [5] in
the sense that we wish to optimize the mechanism using specific 08 F E 08
distributional information; however, we restrict our attention to a
class of mechanisms with specific parameterized dominant strate- ~ osl i ~ osl |
gies, and simply optimize the parameters, rather than leaving the B B
whole mechanism “up for grabs.” The optimization task need not g g :
be limited to the traditional objectives, but can incorporate “mech- o4r ] o4r ]
anism properties” such as expected amount of communication as
well. In the next section on incremental mechanisms, we will study 02 1 02 Y
optimization with respect to welfare that accounts for the cost of
communication. 0 0
4. AN INCREMENTAL, LIMITED PRECI- Figure 2: Optimized prices (revenue, welfare)

SION MECHANISM

While LP-TIOLI achieved the objective of limiting both com-  tions. As before we assume each agemas valuatiorv; € [0, 1].
munication and revelation, it is not very flexible in the following
sense. Many agents may reveal much more about their valuations
than is required to determine the desired outcome. For example,

e Agents reveal one of a finite sét/* of messages at each
roundt (possibly with activity constraints).

even thought bits of precision may be used, we may easily be e Finite sequences of messages are comparable. In other words,
able to rule out many (or most) bidders as potential winners with there exists a total ordex such that eithern < m’ or

far fewer thank bits. Doing so allows the mechanism to engage m’ < m for any lengtht message sequenee and lengtht’

in precise elicitation of valuation only of a few players, reducing message sequeneg. As a consequence, for amythere is
overall communication or computation cost. This leads to a natural a minimum and maximum sequence of lengtland a min-
motivation for sequential, dncrementalmechanisms [13, 7]. For imum and maximum “extension” of any such lengttse-
example, if one wants to maximize social welfare where commu- guence to length+ k. This allows message sequences to be
nication cost is included, an incremental mechanism offers greater interpreted as bids, and the mechanism to be interpreted as
potential than a one-shot mechanism. limited precisior?

In this section, we introduce a class of incremental mechanisms . s .
for single good auctions by proposing a set of intuitive restrictions ¢ The auction is fully deterministic in a sense that a good is

on how the mechanism proceeds. We show that all such mecha- never allocated randomly. To formalize this we assume that
nisms with dominant strategy equilibria have a very specific “as- the auction terminates at iteratiowith an allocation of the
cending” nature, and describe how to optimize the messages (or good only ift is such that some bidder has specified a unique
prices) for one such mechanism. g_reatest message sequence. The good is _aIIocated to that
bidder. This takes advantage of the sequential nature of the
4.1 General Assumptions mechanism in an intuitive and powerful way. Note that the

auction may terminate at some finite stage without allocating

We consider iterative mechanisms for the allocation of a single the good if no bidder has offered a unique greatest message

good, in which bidders make moves sequentially (possibly with in-

direct knowledge of the prior moves of other players). Furthermore, sequence.
using the terminology introduced above, we will considéect, e We assume quasi-linear utility arek postrationality. As
incrementalmechanisms, where each move is viewed as providing such, only the winner makes a payment.

some information about the player’s valuation, and each succes-7
sive movereﬂnesthe |nformat|on revealed earller. The mechanl_sm tal elicitation. Arbitrary query languages (e.g., asking agents to
proceeds in iterations, with each player making a move each time. communicate upper and lower bounds on valuations) are certainly

We restrict the class of mechanisms further by imposing some possible [13]. We consider only mechanisms that can be viewed as
restrictions that seem rather natural in the space of single-good auc-allowing “limited-precision bids.”

This is not to say that this is the only way of realizing incremen-



A strategyo; for agenti in such an incremental mechanism re- The following lemmas describe necessary conditions that must
quires a choice of message’ at each round as a function of its hold for any incremental auction with limited participation to have
type v; and its historyhf’1 up to that point. For simplicity, we dominant strategy equilibria.
assume that knows only what she has bid, not what other players
have bid (and when we discuss IImltlng participation, whether or Lemma 1l Let p|ayeri have dominant strategy; and valuation;.
not she is active). But the results below do not rely on this. We |ets_; andv_; be such that it; (v;) is played against_; (v_;),
let oi(v;) to denotei’s choice of action as a function of history  the mechanism terminates at iteratibwith i winning and paying
when her valuation is;, ando—; to denote the strategy profile of  ; < v;. Then for anyv} > v; and any dominant strategy,, if i
all agents except playso;(v;) againsto_;(v_;), we must have: (a)wins and pays

We are interested in mechanisms satisfying the restrictions abovey,; (as witho; (v;)); and (b) the mechanism terminates at iteration
in which dominant strategy equilibria exist. It turns out that all ¢ (as witho; (vs)).
such mechanisms have a very specific form, in particular, they are
increasing price mechanisms Proof sketch(a) Assume the claim is not true. Then we can show

that there exists a strategy s.t. for some valuation, > v; player
Defn 1 An iterative mechanism is ancreasing price mechanism ¢ would chose to play;'(9;) for somed; instead of his dominant

if the following condition holds for any player Letv; bei’s valua- strategyo; (v;'). This shows that does not have a dominant strat-
tion and lets_; be any sequence of moves of all other players (with egy. (b) Assume the claim is not true. Then by claim (a), we can
s—;[k] denoting the lengthk initial segment). Let be the least iter- show that there exists a player without a dominant strategy, using
ation at whichi can win the good playing against sequerce and the same approach as in proof of Proposition 1.«

pay a pricep < v;***, ands; a sequence of moves that achieves Intuitively, Lemma 1 shows that with limited participation,if
this. Then for any other sequences;, 3; wheres_;[t] = s_[t], has valuatiorny; and wins at iteratior with price p using a domi-

if ¢ wins playings; againsts_; at some stagé > ¢ with price p, nant strategy, then for any greater valuation, it must win at the same
thenp > p. iteration for the same price using any dominant strategy, against

. . . . ) ) fixed opponents.
Intuitively, an increasing price mechanism has the following prop-

erty for any player: if we fix the moves of her opponent, and let

t be the earliest round at whialcould win, then the price paid by

¢ at roundt (against these fixed opponents), should she choose a
strategy that wins at must be no more than the price paid Vfins

at any later round against the same opponent moves.

Defn 2 Thelast Profitable Iteratiorior 4, given historyx’ and val-
uationv; is defined as follows: we sayPI (v, h') = now if there
exist moves of other players such thagn profitably win at round
t+ 1, but cannot profitably win at any future rountdPI (v, h') =
future if there exist moves of other players such thagan prof-
itably win at some round later than+ 1; LPI(v;,h') = past

Proposition 1 All single-good, incremental auctions satisfying the otherwise.

conditions above and having dominant strategy equilibria are in-

creasing price mechanisms. Note that it is weakly dominant to avoid winning after iteration
t+ 1if LPI(v;, ht) = now, since ifi wins at any iteration greater

Proof sketch: Suppose the incremental mechanism is not an in- thant she would make a payment equal to at least her valuation.

creasing price mechanism. Then for some playee can find an
opponent strategy profile_; where: can win with positive util- ) ) i
ity at roundt (i.e., pay less than her valuation), but can win with Lemma 2 Let playeri have dominant strategy; and valuation
greater utility at a later round (by paying less). Thus the optimal Vi SUPPose there exists some;, Ui such that, ifi Qlay50¢(vi)
o would choose moves that ensure winning at some raundt. againsto —; (v-;) (inducing historyh;), thenLPI (v;, h) = future
However, against sucha, we can easily construct an alternative 2nd playeri remains active at iteration + 1. Then for any other
profile o’_, wherei loses by playingr; but could win (with posi- Vi = vi and any dominant strategy; it must be tthe case thatif
tive utility) using an alternative strategy. To see this, consider some P1aysai(v:) againsto;(v—;) (inducing historyh; up to iteration
o', where at every iteration aftéat least one opponent obids at t), we must haveéy; = hj and oi(vi, hi) = 0:(vi, hi), for all
least as high as the bid dictated dy this ensures thatwill never r<t.

be able to win after iteration. However, by assumptiof could
win att¢ with positive utility were she to follow a different strategy.
Therefore, there does not exist a dominant strategy. for «

We now consider another important restriction on the class o
incremental mechanisms that is facilitated by the sequential nature
of the elicitation process. We say that an incremental mechanism
limits participationiff no player is allowed to participate once her
utility function has been refined to the extent necessary to permit
optimization of the mechanism’s objective. In our limited-precision . . .
auction setting, this corresponds to the following activity rule: a . T_he results_ above_ Iead_to some |ntertest|ng conclusmnf. If player
player remaingictiveas long as her message sequence is at least as' with valuationw;, |s_facmg a history; where LPI(v;, ;) = .
great as that of any other bidder. This implies that if the auction has /%¢%7¢. then any dominant strategy must choose the same actions
not yet terminated, thehis active iff her bids at all prior rounds (agam_st th/e same oppc_ment movets) at all staggs pnt)fdne_my
have been tied with other highest bids. Limiting participation is Valuationv; > vi. Thus if LPI(v;, h;) = future, i is not required
one of the main factors that allow us to achieve a reduction in both t_o_ bid SO much as she must 5|m_ply sngnf_ll her W|_II|n”gness to par-
communication and revelation. Intuitively, it ensures that we deal ticipate in the future. The only time an “interesting” message is

only with players whose valuations are potentially high enough to ”Any player can avoid winning by always offering the “least” mes-
win and to remove everyone else from the auction. sageminbid at each iteration.

Proof sketch:Since LPI (v;, ht) = future, it is possible fori to

win against some?; with positive utility at some iteratior: >
ft+ 1 wheres?; is identical too_; for all histories up to length
Lemma 1 ensures that for @] > v; and any dominant strategy,
5:(:) wins against? ; with the same payment and at the same it-
eration asr; (v;). Then, assuming limited participation, we can use
an inductive argument to show that all histories and bid sequences

will be the same. <«




proposed is whe. PI (v;, ht) = now. This severely restricts the 06
space of limited-precision mechanisms that admit dominant strate- 05
gies. The next lemma describes another useful restriction.

26 players Dl‘( —_—
20 players policy ---x---

Lemma 3 Suppose has a dominant strategy and that for some
history ¢ and valuationv;, LPI(v;, ht) = now. Then there is a
dominant strategy; in whicho; (v, h¥) = minbid for anyk >

Average loss in welfare
o
w

t + 1 and historyh? s.t.h¥[t] = h!. o e
1 1.2 14 1.6 18 2 2.2
Proof SketchSince L PI(v;, ht) = now, if  wins at any iteration Average number of bits per player
later thant + 1, she pays a price at least as high as her valuation.
Therefore it is weakly dominant in this case to ensure the objectis __ ) ] ) ]
never won. Since the object is allocated only taraquehighest Figure 3: Comparison of loss in welfare in ASIA under opti-
bidder, biddingminbid is optimal, since it ensuresnever wins. mized policy vs. ASIA under Divide(k) price update rule
<

Lemma 3 implies that, should all agents follow the suggested ] ) ) ) ]
dominant strategy, then if there is a tie among the highest bidders, are two or more bidder valuations that lie above the “highest price”
and each is at their LPI, then the object will never be allocated. that a specific instance of the ASIA mechanism could announce
Hence, extra communication from this point will be wasted. (e.g., if there is some’, v" € [0,1] for two distinct bidders s.t.

From this section we would like the reader to retain the effect the v > p', v” > p' for all t). This can be prevented of course if
necessary conditions have on the structure of any auction fitting thethe prices are set so that = vmay for some finitet. Note also
given requirements. To reiterate, in defining the auction it is suf- that early termination (e.g., stopping at rourtatfore a highest bid
ficient to provide the players with just two possible actions during S determined) does not affect incentives or the dominant strategies
all iterations (except possibly the last one), also to reduce commu- @bove. ) o _
nication costs the players should be removed from the auction as Thesecond-price, symmetric incremental auction (SP81é9r-
soon as they are found to be suboptimal. porates the LPI notion more directly than ASIA. The mechanism

Finally, in what follows, we will assume mechanisms are sym- Operates as follows. At each iteratigra price intervalfa., b] is
metric. Thus the mechanism determines its outcomes (i.e., winnersannounced to all active players, where < b;. We require only
and payments) in a way that is independent of a player's identity. ~thatax > by, for anyk > 1. All active players then announce 0

To summarize, given the assumptions and requirements discusse@! 1, where as before 1 indicates “Intention to participate” and 0 in-
the structure of the auctions one need consider are rather restricteddicates that the player wishes to become inactive. The auction con-
Specifically, in defining the auction it is sufficient to provide play- tinues as long as two or more players bid 1. If only one player bids
ers with just two possible actions (except possibly the last iter- 1 or ifall players bid 0 at iteration then the mechanism announces
ation). Furthermore, to reduce communication costs the players” Prices in the intervala,, b;] and runs the LP-TIOLI auction for

should be removed from the auction as soon as they are fail to re-the active players. SPSIA is, in essence, a combination of ASIA
main among the “high bidders.” and LP-TIOLI. This is reflected in dominant strategy equilibrium

. for the game.
4.2 Examples of Incremental Mechanisms

We now define two symmetric, incremental elicitation mecha-
nisms that satisfy the properties derived above.

The first mechanism is a simpéalaptive, symmetric, incremen-
tal auction (ASIAwith a TIOLI flavor. The rules of this mechanism
are in fact very similar to the rules of thlapanese auctiowith
discrete bid levels. ASIA operates as follows. Initially, all play-
ers are active. At iteratiof) the 1mechanism announces prigeto
all active players, witp’ > p*~'. All active players reveal either P ;
1, indicating a willingness to purchase the good ger(intention 4.3 thlmlzatlon of I?nces ) .
to participate), or 0, indicating a desire to become inactive. The AS with the LP-TIOLI, the incremental mechanisms described
mechanism terminates when: only one player bids 1, in which case above can _easnly be optlml_zed to account for specmc dlstrlputlons
that player receives the good and pays the last announced price; ofVer valuations. As well, like LP-TIOLI, the existence of simple

all active players bid 0, in which case the good is not assigned and dominant strategies that are independent of the price thresholds al-
no payments are made. low straightforward sequential optimization to be applied. In this

section, we describe a Markov decision process (MDP) model that
Proposition 2 In the ASIA mechanism, it is a weakly dominant allows optimization of the prices for ASIA, and examine its perfor-

strategy of any playet with valuationw; to bid 1 at iterationt mance empirically. _ _ o
as long as»; > p', and to bid 0 otherwise. We assume a finite horizdh, after which round the auction will

terminate if no unique highest bidder has been determined. Note,

The ASIA mechanism is basically an ascending-price auction that this does not affect the dominant strategy equilibrium, since
with bid levels set by the mechanism. As long as the sequenceif the auction is forced to terminate at roufidit will do so with-
of announced prices is non-decreasing, Proposition 2 will hold no out an allocation. Assume a prior densjfyover valuations (for
matter what prices are announced. Furthermore, as the mechanismsimplicity we assume this is the same for all bidders). We wish to
is aware of how many players are currently active, an opportunity set prices to optimize social welfare, possibly including the cost of
for optimization of the prices exists. We discuss this in the next sec- communicating (or computing bids). We do this by formulating the
tion. It is worth noting that the auction may not terminate if there optimization as an MDP as follows: states are pgitsn), wherep

Proposition 3 It is a weakly dominant strategy of any playiein
SPSIA to bid 1 (“intention to participate”) at iteration as long

asv; > b, (which means that.PI(ht,v;) = future). Other-

wise, the player should bid 0. If at any point the player is asked
to choose from some set of prices she should pick the (announced)
price which is just above her valuation.



is the prior price threshold and is the number of active biddefs. Figure 4(a) shows the relation between the cost of communi-
We usec(m) to denote the communication cost as a function of the cation (per bit) and the expected amount of communication per
number ofactivebiddersm.® At any stagek < T', and at any state player until mechanism completion (each auction is optimized for

(p*~1, m) wherem > 1, we can set any prige> p* 1. If m =0 the specific communication cost and maximum number of play-
or m = 1, the auction terminates. We define the optirhadtage ers). As expected, the amount of communication decreases as cost
value function (reflecting expected welfarg)¥ * and Q-function increases. Furthermore, per-player communication is lower with a
as follows: greater number of players, since (in expectation) more players can

be eliminated from the auction earlier. Figure 4(b) demonstrates the

k/ k—1 o
EW"(p™,0)=0 relation between communication cost and the loss in welfare (rela-

EW*p* 1, 1) = Ef(v|o > p* ) tive to the welfare optimal outcome). While this suggests that ASIA
b k1 _ P k fares worse with increasing numbers of players, we can recast our
EWS(p™m > 1) = max Q(p",m,p7) —e(m) results by considering loss in welfare as a function of the amount of

per-player communication. Figure 4(c) demonstrates that, in fact,

k/ k—1 kN _ . k—1 k k+1, k
Q*(p™ ", m,p") = Pr(1bidlp™ ", m,p ) EW™" (p", 1) with more players ASIA requirdessper-player communication to

+ Z Pr(nbids|pk_1, m7pk)EW’“+1(pk7 n) achieve the same loss in welfare. This gain is due to the fact that
2<n<m with a greater number of players, the policy can initially be more
“aggressive,” eliminating more players right away. Once only a
Here Pr(nbids|p" ", m,p") is the probability of exactly bid- few active players remain, the policy can become more conserva-
ders, amongn bidders with valuations greater thafh~*, having tive, which results in a higher chance of allocating the good. The
valuations greater thapt". sequential mechanism also appears to offer considerable improve-

We computed optimal policies for varying numbers of bidders ment over the one-shot, LP-TIOLI mechanism with respect to wel-
and communication costs, assuming uniformly distributed valua- fare loss per bit of communication.
tions and using simple price discretization to keep the action space
of the MDP finite'® These policies were examined, and the per-

formance of ASIA was measured by simulating 100,000 runs of 5. USING STOCHASTICITY TO GAIN EF-

each optimized auction, using randomly drawn valuations for each FICIENCY
bidder. _ _ _ Blumrosen and Nisan [1] showed that, in the context of single-

Some general observations verify expected behavior: for exam- ghot auctions, symmetric mechanisms—those that treat all players
ple, price thresholds within the same stage of a given auction are gqyajly—are suboptimal relative to asymmetric mechanisms Their
set higher when more bidders are active. _ _ priority gamesincorporate tie-breaking rules based on a fixed or-

To demonstrate the benefit of computing a policy versus using gering of the players. Essentially, this implies that the mechanism
a fixed price selef:t!on rule,_ we also simulated the_performance of embodies a preference ordering over players, so that in the event
ASIA ynder the_DMde(k) price update rule. We briefly state t_he that multiple players state the same “limited-precision desire” for
defln'mon of Divide(k) hgre; we defer motivation and further dis-  he good, the mechanism always allocates it to the most preferred
cussion to the next section. player. Thus the mechanism exhibits a certain unfairfiéss.

We have thus far constrained our attention to the mechanisms

Defn 3 Define the price update ruBivide(k) as follows. Given  that are nondiscriminatory, with this notion taken to the extreme:
any fixedk > 1, an iterative mechanism operating under this rule whenever the mechanism ends without determining a unique high-
would announce the prigey = 7. at iteration 0. At any other iter-  est bidder, the good remains unallocated. This is true for bBth

ationt > 0 the mechanism would announge= p;—1 + H’Tf—l TIOLI and the incremental auctioh®. For incremental auctions,
) ] this sort of allocative decision arises due to theterminismas-
The parametek was set in such a way as to force ASIA wilh- sumption made in the previous section. Since we only want to

vide(k)to use the same average number of bits per player as ASIA gjlocate the good to a player with the highest valuation, we have
with an optimized policy (assuming zero communication cost and to disallow any sort of randomness in this decision. Although de-
Uniform priors). We then Compared the resulting |OSS in Welfal’e for terminism (a|0ng with our other assumptions) imposes strict con-
each price selection strategy. Figure 3 demonstrates that under thetraints on the form of incremental mechanisms, it clearly leads to
optimized policy, ASIA achieves a much smaller loss in welfdre. 4 potential loss in efficiency and revenue.

8The number of bidders is a sufficient characterization of state as- :

suming identical priors. Bidder identities could be used in more 5.1 Stochastic ASIA

general circumstances. To alleviate this problem we need to relax the assumption of al-
°In what follows we model only bidder communication costs, not locating only to the unique highest bidder (given limited precision
those incurred by announcing prices. We could alternatively view it might not always be possible to find this player). There are a
these communication costs as a crude surrogate focdf®uta- 1 mper of ways of doing this. One would be to follow the style of
tional costsincurred by bidders when determining or refining their L . NS

valuation to the required precision. More general forms of the func- Priority gamesand introduce discrimination between players. An
tion c(m) are also possible. alternative approa_ch is to rela>_< the determlmsm assumption, but
°The discretization (with 1000 possible prices ojerl]) is largely force the mechanism to be “fair” in expectation. This is the ap-
for simplicity: methods for continuous state and action spaces proach we consider here.

could easily be adopted. Note also that approximation methods
for solving MDPs will not impact the strategic properties of the 20f course, should the priority ordering be determined randomly
mechanism produced. (and fairly) in advance, some of this concern may be mitigated.
MHowever, this fact should be considered in the context of the gen-2Although the rules of P-TIOLI state that in case of a tie the good
eral performance obivide(k) As we show in the next section, is offered randomly, any rational player will reject this offer; there-
Divide(k) exhibits some good properties which make it a feasible fore it is outcome equivalent to forgo making any offers and not
alternative to an optimized policy. allocate the good.
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Figure 4: (a) Required bits per player as costs vary; (b)Average welfare loss as costs vary; (c) Average welfare vs. bits per player.

We propose the following variant of ASIA, which we c8ochas-
tic ASIAor STASIASTASIA has a dominant strategy equilibrium,
but, as opposed to ASIA it always allocates the good. This mecha-
nism operates as follows.

e As in ASIA, initially all the players are active. Denote the

set of active players by.

At each iterationt, the mechanism randomly (and uniformly)
holds outone of the active players, say, player It then
announces pricg to all active players, witp® > p'~1.

All active playersexceptthe holdout playef are asked to
reveal either 1, indicating a willingness to purchase the good
for p; (intention to participate), or 0, indicating a desire to
become inactive.

If all players inA — {i} reveal 0, the good is allocated ito
for pricep’ 1.

If at least one of the players it — {i} reveals 1, thenis also
asked to reveal either 0 or 1 (with the same interpretation):

— Ifonly one active player (including the holdout) reveals
1, then this player receives the good and palys

— If more than one active player (including the holdout)
reveals 1, then the game moves into the next iteration
(with only players revealing 1 remaining active).

Proposition 4 In the STASIA mechanism, it is a weakly dominant
strategy for any playei with valuationwv; (if given the opportu-
nity bid) to bid 1 at iterationt as long asv; > p*, and to bid 0
otherwise.

Proof sketch:Suppose playeris held out at stage Then the only
time ¢ is asked a to bid is when at least one other player has bid for
the good at the current prigé. If v; > p;, reporting 1 ensures a
payoff of 0 or more; while reporting 0 will always result in payoff
of 0. Alternatively, ifv; < p’ reporting 0 ensures a payoff of 0,
while reporting 1 will give a payoff less than or equal to 0. The
case wheri is not held out is similar. <

As was mentioned above, without the determinism assumption,
the necessary conditions for the mechanism to have a dominan
strategy equilibrium, described in the previous section, no longer

form of the dominant strategy is independent of the precise values
of the price thresholds, which allows us to use a similar approach
to mechanism optimization. Before proceeding to the performance
results of STASIA with optimized price policies, we provide a gen-
eral comparison of STASIA to the one-shot auctions.

5.2 Stochastic ASIA versus One-shot Auctions

In this section we analyze and compare the performance of two
auction types under the assumption that the players’ valuations are
independently distributed according to the uniform distribution. The
purpose of this section is to show that, with large and variable num-
ber of players, incremental auctions, specifically STASIA, can be
significantly better than limited-precision, fixed-structure, threshold-
based, one-shot auctions. Even though the analysis is performed
under an unrealistic assumption of IID uniform distribution, it is
sufficient for demonstrating that incremental auctions can be better
than even the optimal one-shot auctions of Blumrosen and Nisan.

Consider the behavior offixed structurgthe auction structure
is known before the number of participants in announced) one-shot,
limited-precision, threshold auction as the number of participants is
increased. As more players enter the auction the expected highest
valuation of this group rises. However, the expected welfare of a
fixed structure one-shot auction will eventually start to fall or will
stabilize at some fixed level (below the expected welfare of the op-
timal auction with unrestricted communication). This is very easy
to see in the case afP-TIOLI. As the number of players increases
so does the probability of having a tie, which implies that eventu-
ally the probability of not allocating the good will become large
enough to outweigh any increase in the expected highest valuation.
This problem is not as pronounced in the case of priority games.
However, even a priority game has the highest fixed price thresh-
old, therefore as the number of players increases and the highest
valuation of the group reaches this price threshold, the expected
loss in welfare will be bounded above by a distance between this
price threshold and its closest neighbor, a fixed positive constant.
The actual expected loss is less than this upper bound (e.g., un-
der the uniform distribution, it is nondecreasing in the number of
players and equal to about half of this interval.)

Suppose we were to implement STASIA wihivide(k) price
update rule.

tDefn 4 Let m be an increasing price mechanism. We sayises
the Divide(Kk) price update rule, if for somg > 1: at iteration O,

hold. However, it is easy to see that STASIA belongs to the space it announces pricgo = 7; and at any other iteration > 0, it

of increasing price mechanisms. Furthermore, as with ASIA, the

1—ps_
announceg; = p; 1 + ——=.
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One important feature of this update rule is the fact that it does 01 ™20 players k. —
not depend on the number of participating players (i.e., the mech- conl Z0players poley -
anism structure is “fixed”). A second attractive property is that the 007 -
distance between consecutive prices decreases with each iteration. 0.06 |
Finally, the update rule also has another interesting property:

0.05 -
0.04 -
0.03 -
0.02 -
Proposition 5 Suppose that all player valuations are drawn from R I o —
a uniform density. The expected total number of bits sent by each °1 12 14 16 18 2 22 24 26 28 3
player participating in STASIA, with an unrestricted number of iter- Average number of bits per player

ations, iless thark when theDivide(k) price update rule is usetf.

Average loss in welfare

Figure 6: Comparison of loss in welfare in STASIA under opti-

Intuitively, implementing STASIA witiDivide(k), for any fixedk, mized policy vs. STASIA underDivide(k) price update rule

and allowing it to run to termination (by finding the unique highest
bidder or announcing a price above all valuations) would require
each player to submit less tharbits in expectation, independent

of the number of participants. with both auctions operating under the same price policies, specif-
With this price update rule, if STASIA terminates at iteration ically, the policies optimized for ASIA (the ones used in the pre-

then the loss in welfare is bounded py — p:—1. From the def- vious section). We ran each mechanism using ten different price

inition of Divide(k), we have thap; — pi—1 < pt—1 — p1r—2 and policies, with each policy generated by optimizing social welfare

lim;— oo (p: — pe—1) = 0. This means that, as the number of play- using a different “cost per bit” value. Each mechanism-policy pair
ers increases, the expected loss in welfare will fall. This follows was run 100000 times on randomly drawn player valuations.
from the fact that the expected value of the highest valuation in-  Figure 5(a) demonstrates that the average number of bits sent by
creases with the number of players, and therefore the ties, if any,each player is approximately the same for both mechanisms. Since
are expected to occur at later rounds. Note, that this occurs despiteboth mechanisms are using the same policies this is expected. Fig-
the fact that the expected number of bits submitted by each playerure 5(b) shows that STASIA achieves a much lower loss in social
remains unaffected. welfare than ASIA. Figure 5(c) demonstrates the same result by
As noted above, the loss in social welfare of any “fixed-structure” presenting the loss in social welfare as a function of the average
limited-precision, single-shot auction has a fixed, non-zero lower number of bits per player. These results stems from the fact that
bound, independent of the number of players. Therefore, as theSTASIA always allocates the good, and therefore the maximum
number of players is increased the expected loss of welfare of aloss in welfare it can incur ig’ — p'~! (when terminating at itera-
fixed structure single-shot threshold-based mechanism will becometion t).
greater than the expected loss of welfare of STASIA, while the to-  We use the same approach as in the previous section to produce
tal expected communication of STASIA is no greater than the total new price policies optimized for STASIA. Figure 6 compares the
communication of the single-shot mechanism. This demonstratesperformance of such optimized policies to the performance of STA-
that, even without price optimization, the types of mechanisms pre- SIA underDivide(k) update rule. We see that while the optimized
sented here offer advantages over one-shot mechanisms, even thpolicy performs better, the difference is not as pronounced as with

asymptotically optimal mechanisms of [2]. ASIA. This is primarily because being myopic under STASIA is
. not as bad as under ASIA, since the penalty of making an “incor-
5.3 Evaluating the Performance of STASIA rect” choice under ASIA is not allocating the good.

In this section we empirically evaluate the performance of STA-  Finally, we compare the performance of STASIA under the price

SIA. We begin by comparing the performance of STASIAto ASIA, Update policies optimized for ASIA to STASIA with price update
policies optimized for STASIA. Figure 7(a) demonstrates that the

4wWhile Divide(k) is “designed” for uniformly distributed valua- policies are indeed different, with policies optimized for STASIA

tions, it can be modified to work with any density, by selecting tending to use fewer bits of communication for any fixed cost per
prices so that the distance between the each price “remc%v@tﬁ" bit. Figure 7(b) shows that the policies optimized for STASIA do
the remaining probability mass. perform better than the policies optimized for ASIA.
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