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Abstract

Recently there is an increase in smaller, domain–specific
search engines that scour the deep web finding information
that general–purpose engines are unable to discover. These
search engines play a crucial role in the new generation of
search paradigms wherefederated search engines(FSEs) in-
tegrate search results from heterogeneous sources. In this pa-
per we pose, for the first time, the problem to design a revenue
mechanism that ensures profits both to individual search en-
gines and FSEs as a mechanism design problem. To this end,
we extend the sponsored search auction models and we dis-
cuss possibility and impossibility results on the implemen-
tation of an incentive compatible mechanism. Specifically,
we develop an execution–contingent VCG (where payments
depend on the observed click behavior) that satisfies both in-
dividual rationality and weak budget balance in expectation.

Introduction
Sponsored search or “pay–per–click” auctions, where search
engines auction off slots to advertisers to display targeted
sponsored links alongside the search results, account for a
significant part of the engines’ revenue. In the first half
of 2010, revenue from online advertising totalled $12.1 bil-
lion in the U.S. alone, of which search revenue accounted
for 47%, dominating display ads, the second–largest rev-
enue source (IAB 2010). In addition to the major search en-
gines Google, Microsoft, and Yahoo!, there is an increase in
smaller, domain–specific search engines that scour thedeep
web, which find information (hidden in e.g. databases) that
current general–purpose engines are unable to discover (Yu
et al. 2008). This has resulted in a new generation of
search paradigms wherefederated search engines(FSEs) in-
tegrate search results from heterogeneous sources (Braga et
al. 2008; Martinenghi and Tagliasacchi 2010). However, in
order to use their results for free, search engines require the
publishers of the information to also show their ads. For ex-
ample, Google allows other webpages to display their search
results, but only together with the ads (using AdSense). The
problem faced by an FSE, however, is that displaying a sep-
arate list from each engine is impractical, and so it has to
integrate the results by merging a selection of the ads into a
coherent list. To do this effectively, it requires detailedinfor-
mation about the ads, such as their quality, from the search
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engines. Moreover, existing revenue sharing agreements be-
tween search engines and publishers, where each receives a
fixed share of the profit, are no longer appropriate. Here, we
propose a solution to this problem using mechanism design.

There is considerable literature on sponsored search auc-
tions. Many papers focus on equilibrium bidding strategies
for thegeneralized second price(GSP) auction, which is the
most commonly used format by search engines today (Edel-
man, Ostrovsky, and Schwarz 2007; Varian 2007). While
GSP is shown not to be incentive compatible in (Edelman,
Ostrovsky, and Schwarz 2007), (Narahari et al. 2009) has
investigated a generalization of the Vickrey–Clarke–Groves
(VCG) mechanism for the setting with sponsored search
auctions. Other papers focus instead on modeling the user
behavior and learning the click probability of the ad (Deva-
nur and Kakade 2009). Among these models thecascade
model, which assumes that the user scans the links from the
top to the bottom in a Markovian way (Aggarwal et al. 2008;
Kempe and Mahdian 2008), is the most commonly used.
These models introduce negative externalities in the auction
whereby the click probability, and therefore an advertiser’s
profit, depends on which other ads are shown in conjunction.

However, none of these papers consider the problem faced
by an FSE. Specifically, in order for the FSE to effectively
select which ads to show and in what order, it needs to elicit
information about the advertisers’ bids as well as (unlike
classical sponsored search) the quality score from the search
engines (where the quality score reflects the likelihood that
an ad is going to be clicked). In this case, existing rev-
enue sharing agreements, whereby the search engines and
the publishers receive a fixed share, are no longer appropri-
ate since the search engine can inflate the score and/or de-
crease the bid to receive a better position at a lower cost. To
address this problem, in this paper we design a mechanism
that incentivizes the search engines to provide this informa-
tion truthfully, while satisfyingallocative efficiency(the op-
timal set of ads are selected in an optimal order),budget bal-
ance(the FSE makes no loss), andindividual rationality(the
domain–specific search engines have an incentive to partici-
pate). The challenge here is to design such a mechanism for
a setting with externalities caused by the user model. Fur-
thermore, we would like these properties to holdex–post,
i.e., no matter whether the ads are clicked or not. However,
we prove that these properties cannot be satisfied simultane-



ously inex–post. We then go on to show that, by only requir-
ing the latter two properties to be satisfied inexpectation(at
theex–interimstage), we can apply an execution–contingent
VCG mechanism akin to those in (Porter et al. 2008;
Gerding et al. 2010) for service–oriented domains, where
the aim is to elicit the quality as well as the costs of a ser-
vice in settings with interdependent valuations. In more de-
tail, our contributions to the state–of–the–art are as follows.

• We extend existing models of sponsored search auctions
to the federated case in a way compliant with the current
commercial exploitation of search results, and we show
how this can be posed as a mechanism design problem.

• We show, for the first time, that for our settingwithout
externalities, there exists no efficient incentive compati-
ble (in ex–postNash) mechanism that satisfies individual
rationality inex–post, while there exists a mechanism that
satisfies individual rationality inex–interim.

• Furthermore, we show, for our settingwith externalities,
that there exists no efficient, incentive compatible (ex–
postNash)standardmechanism (i.e., where the payments
are not conditional on actual click behavior).

• We then introduce an execution–contingent VCG, where
payments depend on the observed click behavior, and
show that it satisfies all properties but individual rational-
ity and weak budget balance only inex–interim.

Federated Search Engines Model
In this section we initially describe the general model of
sponsored search auctions for federated search engines. We
then review and extend the most commonly employed user
model. Finally, we pose the problem to design federated
sponsored search auctions as a mechanism design problem.

The Ads, Agents, and FSE
Our model consists of a number of domain–specific search
engines, henceforth calledagents, and a single FSE that
integrates the sponsored search results of the agents (we
do not consider the organic search results here). We let
S = {s1, . . . , sn} denote the set of agents (search en-
gines). Each agent, in turn, has a number of advertisers that
place bids to show their ads in the search engine. We let
A = {a1, . . . , am} be the set of all ads, andAs ⊂ A the set
of ads belonging to agents ∈ S. Ads are partitioned over
the agents, i.e.∪s∈SAs = A andAs∩As′ = ∅ for all s 6= s′

(each ad belongs to exactly one agent).
Each ada ∈ As is characterized by its bid,ba, that has

been submitted to agents by the advertiser, and a quality
score,qa, which is determined by agents (the quality can be
viewed as the probability of being clicked, in the absence of
any other ads). Now, given the bids received and the quali-
ties of the ad, the agent computes the advertiser’spay–per–
click (PPC). In the following, we refer to the PPC as the
agent’svalue, va, for ada, since this is the payment she re-
ceives when the ad is clicked by a user. This value can be
computed, for example, using the generalized second–price
auction (GSP). However, in this paper, since we focus on the
interaction between search engines and the FSE, we are not
concerned withhow the search engines compute this value,
and simply take this as given.

FSE

search

engines

s1 s2

a1 a2 a3

advertisersba1
ba2

ba3

{(v̂a1
, v̂a2
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Figure 1: The three levels involved in the FSE model.

We denote byV andQ the set of all values and qualities
respectively, andVs, Qs the values and qualities of the ads
belonging to agents ∈ S. This information isprivately
known by the agents and we refer toθs = {Vs, Qs} as agent
s’s type. Moreover,θ = (θs1 , . . . , θsn). We will often use
−s to denote the set with all agents excepts. For example,
A−s = ∪s′∈S\{s}As′ denotes all ads except those ofs.

The agents are asked to report theirtypes to the FSE,
so that it can allocate its own slots to the ads supplied by
the agents, and calculates appropriate renumeration for the
agents. We assume that agents are self–interested, and so
they may misreport if it’s in their best interest to do so. To
this end, we let̂θs denote agents’s reported type, and simi-
larly denote bŷva, q̂a the reported value and quality of an ad
a ∈ As. Moreover,θ̂ = (θ̂s1 , . . . , θ̂sn). An example with 2
agents and 3 ads is depicted in Figure 1. Note that the model
consists of three levels: the advertisers, the agents and the
FSE. However, in this work we only consider the latter 2
levels and treat the bids and how the search engines calcu-
late the PPC (value) as given (we note that the advertisers
are motivated to bid strategically, but this does not affectthe
interaction between the search engines and the FSE).

The FSE’s User Model
The aim of the FSE is to calculate an outcome which isef-
ficient (as defined below). To this end, the FSE requires a
user model which determines the probability of an ad be-
ing clicked, which depends on its quality score, but also,
depending on the user model, its position and (in the case
of externalities) the quality of other ads which are shown
in conjunction. For example, in the well–known cascade
model (Aggarwal et al. 2008; Kempe and Mahdian 2008),
the top positions are most likely to be clicked, and the prob-
ability of ads being clicked also depends on the quality of
ads in higher positions. In this paper we do not consider a
specific user model, but rather introduce a general model so
that our results apply to a wide range of user models, e.g. in-
cluding models with multiple advertising slates, where each
slate has different properties (Kempe and Mahdian 2008).

More formally, we use the functionαx(x, Q) ∈ [0, 1] to
denote theclick–through rate(CTR) of adx ∈ A, i.e. prob-
ability of a being clicked, given the qualities,Q, and the
allocation, x, wherex = 〈x1, x2, . . .〉 is a vector denoting
which adxi ∈ A is shown in positioni, and|x| is the total
number of slots. Note thatαx = 0 for x /∈ x.

We say that a user model hasexternalitiesif the CTR of an
ada depends on quality score of ads other thana. For exam-
ple, in the case of the cascade model, the function becomes



αxi
(x, Q) = qxi

∏i−1
j=1 cxj

, wherecxj
is the so–calledcon-

tinuation probabilityof the adxj ∈ A in positionj. Now,
when all cxj

are constant, the model reduces to classical
sponsored search without externalities. However, ifcxj

is
a function ofqxj

, then the model displays externalities.

The Mechanism Design Problem
We are now ready to define the mechanism design prob-
lem, which involves finding appropriate allocations and
payments. Importantly, we considerexecution–contingent
mechanisms, where the payments are contingent on the real-
ization of events, in this case which ads are actually clicked.
We choose this type of mechanism because, if the user
model exhibits externalities, the expected utilities of the
agents areinterdependent(the expected utility of an agent
not only depends on the allocation, but also on the types, in
this case the ad qualities, of other agents). For such settings,
it has been shown that, under certain conditions, there exist
nostandardmechanisms which are both efficient and incen-
tive compatible (Jehiel and Moldovanu 2001) (we discuss
these properties in detail below). However, this impossibil-
ity result is avoided by using contingent payments in cases
such as this one, where the interdependency is caused by
uncertainty of events occurring (Mezzetti 2004).

In more detail, a mechanism is formally characterized by
a tupleM(S,A,X,Θ, f, 〈ps〉s∈S), whereS andA are de-
fined as before,X is the set of possible outcomes,Θ is the
set of the possible agents’ types,f : Θn → X is the de-
cision function mapping agentsreportedtypes to outcomes,
andps : Θn × Ω → R specifies the payment from agent
s ∈ S to the FSE, given the (reported) types and the real-
ization of the event. In this case, an event represents all ads
that are actually clicked. Specifically,Ω = P(A) specifies
the set of possible events, andω ∈ Ω, ω ⊆ A its realization.

We assume that all agents are expected utility maximiz-
ers. The utility of an agents with true typeθs when re-
porting θ̂s to the mechanism, and given realizationω is:
us(θ̂, θ|ω) =

∑

a∈ω∩As
va − ps(θ̂|ω). This utility function

implicitly assumes a revenue sharing agreement whereby the
advertisers’ payments go to the search engines, and the FSE
receives payments from the search engines as compensation
(note that, as we will see, payments can also be negative,
which means that the FSE has to pay out). Thus the utility
of the FSE is:uF (θ̂|ω) =

∑

s∈S ps(θ̂|ω).
Then, an agent’sexpectedutility (w.r.t. Ω) is given by:

E[us(θ̂, θ)] =
∑

a∈As

αa(f(θ̂), Q) · va − E[ps(θ̂)]

Given this, we would like to designf andp such that the
following properties are satisfied:
1. Incentive Compatibility (IC) This assures that reporting

truthfully maximizes an agent’s expected utility. We con-
sider two variations: dominant strategy IC, where report-
ing truthfully maximizes expected utility regardless of the
reports of others, and the slightly weaker versionex–post
IC (Bergemann and Morris 2008), where each agent has
an incentive to be truthful if other agents are truthful (note
that this is still stronger than Bayes–Nash IC where this
decision depends on the types of other agents).

2. Individual Rationality (IR) This means that each agent
s ∈ S receives non–negative utility from taking part
(given truthful reporting). We considerex–interim IR,
whereexpected utility, E[us(〈θs, θ̂−s〉, θ)] is always pos-
itive, as well as the stronger notion ofex–postIR, where
the utility is positive for every realization of events.

3. Weak Budget Balance(WBB) This assures that the FSE
does not run a deficit, i.e. that the sum of payments re-
ceived by the agents is positive. We distinguish between
ex–interim WBB, where∀θ̂ : E[uF (θ̂)] ≥ 0, and the
strongerex–postWBB, where∀θ̂, ω : uF (θ̂|ω) ≥ 0

4. Allocative Efficiency (AE) Finally, as is common in
mechanism design, we would like the allocation function
f to beefficient, that is, to maximizesocial welfare(the
sum of the utility of all agents as well as the FSE). To this
end, the allocation is given by:

f(θ̂) = argmax
x∈X

|x|
∑

i=1

αxi
(x, Q̂) · v̂xi

(1)

Ideally, we would like the mechanism to satisfy the
strongest properties mentioned above. However, as we will
see, this is not always possible, which necessitates using
slightly weaker conditions. In the next sections, we derive
possibility and impossibility results for our setting bothwith
and without externalities.

Mechanism Design without Externalities
We first focus on a setting with no externalities where the
CTR of an ada depends only on qualityqa and whether it
is in x. In particular, we assumeαa(x, qa) = qa when-
evera ∈ x, andαa(x, qa) = 0 otherwise. Differently from
classical sponsored auctions (Narahari et al. 2009), we will
show that in the federated case no efficient incentive com-
patible (inex–postimplementation) mechanism satisfies in-
dividual rationality inex–post. Furthermore, we will show
that the VCG mechanism satisfiesex–interimindividual ra-
tionality. The main reason underlying this impossibility re-
sult is that, in addition to the value,va, the payment of an
agent must depend on its CTR, and this value is private in-
formation. The practical implications of this result are that
the pay–per–click scheme, commonly used in the sponsored
search auctions, cannot be used when search engines are fed-
erated. In the following, we discuss our arguments.

Theorem 1. For the FSE model without externalities there
exists no mechanism that is AE,ex–postIC, ex–postIR, and
ex–postWBB.

Proof. The proof is by counterexample. Consider a situation
with two agents (search engines)s1 ands2, each one with
a single ad, and only one available slot (i.e.,|x| = 1). Let
As1 = {a1} andAs2 = {a2} and callαa1

, va1
, andαa2

,
va2

the report related to the ads. For the sake of simplicity,
the proof is split into two parts.

Part I We introduce an additional constraint (relaxed in
the second part of the proof): the payment of the agent
whose ad is not displayed is zero. Calls∗ the agent whose
ada∗ is displayed on the unique available slot and−s∗ the
other agent (whose ad is denoted by−a∗). By AE, ex–post



IC, ex–postIR, andex–postWBB, we have that the pay-
ments of agents∗ must satisfy the following constraints:

{

ps∗(θ̂) = 0 if ad a∗ is not clicked
ps∗(θ̂) ≤ q−a∗v−a∗ if ad a∗ is clicked

.

To see this, note that if the link is not clicked, the valuation
of agents∗ is zero and then, byex–postIR, the payment must
be equal to or smaller than zero. Byex–postWBB (given
that we assumep−s∗(θ̂) = 0 for every θ̂), ps∗(θ̂) must be
equal to or larger than zero, and thenps∗(θ̂) = 0. Consider
instead the case in which ada∗ is clicked. By AE,qa∗va∗ ≥
q−a∗v−a∗ and, byex–postIC, ps∗(θ̂) must depend only on
the report of agent−s∗. To satisfyex–postIR, the largest
value thatps∗(θ̂) can assume isq−a∗v−a∗ , otherwise when,
e.g.,qa∗va∗ = q−a∗v−a∗ andqa∗ = 1 agents∗’s utility may
be negative and thereforeex–postIR is not satisfied.

To prove thatex–postIC does not hold, we consider the
specific case in whichva1

≥ qa2
va2

andqa1
va1

< qa2
va2

.
When both agents report truthfully their report, we have
E[us1(θ)] = 0 becauses1’s ad will not be displayed and
the payment is zero, i.e.,ps1(θ) = 0. When agents1 mis-
reports her type, reportinĝqa1

= 1, we haveE[us1(θ̂)] ≥

qa1
(va1

− qa2
va2

) (due to the above constraint onps∗(θ̂))
that is, by definition, strictly positive. As a result, agents1
strictly prefers to misreport her type and therefore there can-
not be an incentive compatible mechanism given AE,ex–
postIR, andex–postWBB.

Part II. We relax the constraintp−s∗(θ̂) = 0 and we
show that it always holds under the hypotheses of the the-
orem. We observe that the constraintqa2

va2
≥ ps1(θ̂) holds

when the link of agents1 is not clicked. Byex–postWBB,
ps1(θ̂) ≥ −ps2(θ̂) and, byex–postIR, −ps2(θ̂) ≥ 0. Since,
byex–postIC, ps2(θ̂) cannot depend on agents2’s report and
qa2

va2
≥ ps1(θ̂) ≥ −ps2(θ̂) must hold for all the agents’ re-

port (even whenqa2
= 0), we have thatps2(θ̂) = 0. That is,

the hypotheses of the theorem makesp−s∗(θ̂) = 0 always
true thereby completing the proof.

Furthermore we show that the impossibility result holds
even when WBB is inex–interim.

Theorem 2. For the FSE model without externalities there
is no mechanism that is AE,ex–postIC, ex–postIR, andex–
interimWBB.

Proof. The proof is a straightforward generalization of the
second part of the proof of Theorem 1. First, we ob-
serve that the constraintps∗ ≤ q−a∗v−a∗ holds also when
WBB is in ex–interim. Then, byex–interimWBB, we have
qa∗q−a∗v−a∗ ≥ qa∗ps∗(θ̂) ≥ −E[p−s∗(θ̂)]. Since, by
ex–postIC, E[p−s∗(θ̂)] cannot depend on agent−s∗’s re-
port andqa∗q−a∗v−a∗ ≥ qa∗ps∗(θ̂) ≥ −E[p−s∗(θ̂)] must
hold for all the agents’ reports (even whenq−a∗ = 0),
we have thatE[p−s∗(θ̂)] = 0. It is easy to see that, if
E[p−s∗(θ̂)] = 0, then the first part of the proof of Theo-
rem 1 can be applied also when WBB is inex–interimand
so the theorem is proven.

We are now ready to show that the critical property isex–
post individual rationality. Indeed, it is possible to design a
mechanism when individual rationality is inex–interim.
Theorem 3. For the FSE model without externalities, VCG
with Clarke pivot rule is AE, dominant–strategy IC,ex–
interim IR andex–postWBB.

Proof. The proof is trivial by considering the typeθs of each
search engines as a single–dimensional fictitious typeθs =
qsvs.

Mechanism Design with Externalities
We now focus on the general setting in which there are ex-
ternalities and thereforeαa = αa(x, Q̂) not only depends on
qa, but also on (with abuse of notation)Q−a andx. It is easy
to see that the results discussed in the previous section hold
also in the presence of externalities. Therefore, with exter-
nalities no incentive compatible efficient mechanism can be
implemented when individual rationality is inex–post.

In addition, however, as mentioned earlier, with external-
ities the expected utility of an agent depends on the private
information of other agents. These settings are known as
settings withinterdependent types, and a number of works
show impossibility results on implementing incentive com-
patible standard mechanisms in presence of interdependen-
cies (Jehiel and Moldovanu 2001). Here, we prove the
impossibility to design an efficientstandard mechanism
(where payments depend only on reported types) for FSE
with externalities implemented inex–post, even when IR and
WBB are inex–interim, and the cascade model is used.

Theorem 4. For the FSE model with externalities there is
no standard mechanism that is AE,ex–postIC, ex–interim
WBB, andex–interimIR.

Proof. We prove the theorem by counterexample. Consider
a situation with two agents (search engines)s1 ands2, each
one with a single ad, and two available slots (i.e.,|x| =
2). Let As1 = {a1} andAa2

= {a2}. Assume the user
model to be the cascade model, in whicha’s continuation
probability ca is a function ofqa, i.e., ca = ca(qa). Let
x1 = 〈a1, a2〉 andx2 = 〈a2, a1〉, s∗ be the agent whose ad
a∗ is allocated in the first slot and−s∗ be the agent whose
ad−s∗ is allocated in the second slot. CTRs are:

αa1
(x1, Q̂) = qa1

αa1
(x2, Q̂) = ca2

qa1

αa2
(x1, Q̂) = ca1

qa2
αa2

(x2, Q̂) = qa2

By AE, ex–postIC, ex–interimWBB, andex–interimIR we
have that the payment of agents∗ is ps∗(θ̂) = 0 for ev-
ery θ̂. To see this, note that, byex–interimIR, ps∗(θ̂) ≤

qa∗va∗ (given thatE[us∗(θ̂)] = qa∗va∗ − ps∗(θ̂)) and

by AE, qa∗va∗ ≥
q−a∗v−a∗ (1−c−a∗ )

1−c−a∗
(given thatqa∗va∗ +

ca∗q−a∗v−a∗ ≥ q−a∗v−a∗ + c−a∗qa∗va∗ ). To satisfyex–
interim IR, the largest value thatps∗(θ̂) can assume is zero,
otherwise when, e.g.,ca∗ = 1 the −s∗’s expected utility
may be negative. Byex–interimWBB (given thatps∗(θ̂) =
0 for everyθ̂) p−s∗(θ̂) ≥ 0, and byex–postIC p−s∗(θ̂) ≤ 0,
thereforep−s∗ = 0.



To prove that theex–postIC does not hold, consider
the specific case in whichx∗ = x1. In the case both
agents report truthfully their type,s2’s expected utility is
E[us2(θ)] = ca1

qs2vs2 (given that her payment is zero). In
the cases2 misreports her report such that the resulting ef-
ficient allocation isx2, her expected utility isE[u2(θ̂)] =
qs2vs2 (given that her payment is zero). Sinceqs2vs2 ≥
ca1

qs2vs2 , s2 strictly prefers to misreport her type and there-
fore there cannot be an incentive compatible mechanism
given AE,ex–interimWBB, andex–interimIR.

To overcome the impossibility, we propose a VCG
execution–contingent mechanism in which the payments de-
pend on the actual realization of the events. More precisely,
the allocation function is efficient and is defined as in Equa-
tion (1) and the payments are defined as:

ps(θ̂|ω) =
∑

a∈A\As

αa(f(θ̂−s), Q̂) · v̂a −
∑

a∈A\As,a∈ω

v̂a

Notice that the payments depend on the ads actually clicked,
captured in the formula byω ∈ Ω.

Theorem 5. For the FSE model with externalities the above
execution–contingent VCG is AE,ex–postIC, ex–interimIR,
andex–interimWBB.
Proof. Assume that all the agents buts truthfully report their
report values, i.e.,V−s = V̂−s andQ−s = Q̂−s. Then, if
agents reportV̂s andQ̂s, its expected utility is:

E[us(θ̂, θ)] =
∑

a∈A

αa(f(θ̂), (Q̂s, Q−s)) · va−

∑

a∈A/As

αa(f(θ̂−s), (Q̂s, Q−s))v̂a ≥ 0

First, we note that there is nothing that agents can do to
manipulate the second term of the expected utility, given
the reports of other agents. The reason is that this part of
the expected utility ofs is independent of her reported val-
ues. Secondly, we note that the first term of expected utility
is computed after the observation of the realization of the
event. While the selection ofx∗ depends on̂V andQ̂, the
actual outcome upon the realization depends onV andQ.
As a result, note that, by definition off(θ̂):

∑

a∈A

αa(f(θ̂), (Qs, Q−s)) · va ≥

∑

a∈A

αa(f(θ̂), (Q̂s, Q−s)) · va

Thus, if all agents−s truthfully report their valuations and
qualities, agents is also best off revealing its information
truthfully, since this will result in a mechanism selectingthe
allocation which maximize the social welfare in expectation.
This leads to the expected utility maximization of agents.

The execution–contingent mechanism isex–interimIR,
since

∑

a∈A αa(f(θ̂), Q) · va ≥
∑

a∈A αa(f(θ̂−s), Q−s) ·

va, implying thatE[us(θ̂, θ)] ≥ 0. It can be easily seen that
it is alsoex–interimWBB.

We now show that the proposed mechanism cannot guar-
anteeex–postIR andex–postWBB.

Example. Consider a situation with two agents (search en-
gines)s1 ands2, and two available slots (i.e.,|x| = 2). Let
A = {a1, a2, a3}, andAs1 = {a1, a2} andAs2 = {a3}. We
compute the agents’ payments for each possible realization
according to the above mechanism:

ps1
(θ̂|∅) = αa3

(f(θ̂s2 ), Q̂)v̂a3

ps1
(θ̂|{a3}) = αa3

(f(θ̂s2 ), Q̂)v̂a3
− v̂a3

ps2
(θ̂|∅) = αa1

(f(θ̂s1 ), Q̂)v̂a1
+ αa2

(f(θ̂s1 ), Q̂)v̂a2

ps2
(θ̂|{a1}) = αa1

(f(θ̂s1 ), Q̂)v̂a1
+ αa2

(f(θ̂s1 ), Q̂)v̂a2
− v̂a1

ps2
(θ̂|{a2}) = αa1

(f(θ̂s1 ), Q̂)v̂a1
+ αa2

(f(θ̂s1 ), Q̂)v̂a2
− v̂a2

ps2
(θ̂|{a1, a2}) = αa1

(f(θ̂s1 ), Q̂)v̂a1
+ αa2

(f(θ̂s1 ), Q̂)v̂a2
−

2∑

i=1

v̂ai

Consider the joint realization in which no displayed ads
is clicked, i.e.,ω = ∅. The utility ofs1 is:

us1(θ̂, θ|ω) = −αa3
(f(θ̂s2), Q̂)v̂a3

It is actually negative and thereforeex–postIR is not satis-
fied. Consider the joint realization in which all the displayed
ads are clicked, i.e.,ω = {a1, a2, a3}. The utility of FSE is:

E[uF (θ̂)] =
∑

s∈S

∑

a∈As

v̂a · (1− αa(f(θ̂−s), Q̂))

Both agents’ payments are strictly negative (except when
CTRs are zero) and thereforeex–postWBB is not satisfied.

The above example shows that, in addition toex–postIR
(as shown by Theorem 2), alsoex–postWBB may be not
satisfied. This may not be desirable because the FSE could,
in specific instances, run a deficit. However, we show that
this limitation is not specific to our mechanism but due to
the nature of the problem. To prove this, we show in the
next theorem that no mechanisms with WBB in ex-post can
be implemented.

Theorem 6. For the FSE model with externalities there is
no execution–contingent mechanism that is AE,ex–postIC,
ex–postWBB, andex–interimIR.

Proof. It can be easily observed that only efficient
execution–contingent mechanisms that computeex–post
payments (w.r.t. realizations) such that the payments
in expectation are those prescribed by Groves mech-
anisms can be incentive compatible. We recall that
Groves payments are defined asE[ps(θ̂)] = hs(θ̂−s) −
∑

a∈A\As
αa(f(θ̂s), Q̂) · v̂a wherehs is an arbitrary func-

tion, while execution–contingent payments are defined as
E[ps(θ̂)] =

∑

ω∈Ω ps(θ̂|ω) · ρ(ω) whereρ(ω) is the proba-
bility associated to the realizationω. Thus, in order to prove
the theorem, we just need to show that there is not any effi-
cient execution–contingent mechanism whose payments are
WBB in ex–postand are equivalent in expectation to those of
some Groves mechanism. We show it by a counterexample.

Consider a situation with two search enginesS =
{s1, s2} and two available slots. LetA1 = {a1}, A2 =
{a2}. Consider the specific case of the cascade model. The
report are:qa1

, ca1
, va1

, qa2
, ca2

, va2
wherecai

is a function
of allocationx and qualitiesQ.

To prove thatex–postWBB does not hold, consider
the caseqa1

va1
+ ca1

qa2
va2

≥ qa2
va2

+ ca2
qa1

va1
.



We have the following constraints over the expected pay-
ment of s1: (Groves payments)E[ps1(θ̂)] = hs1(θ̂s2) −

ca1
qa2

va2
, (execution–contingent payments)E[ps1(θ̂)] =

ps1(θ̂s2 |{a2}) · ca1
qa2

+ ps1(θ|∅) · (1− ca1
qa2

), (ex–interim
IR) E[ps1(θ̂)] ≤ qa1

va1
. (It can be observed that payments

of agenti cannot depend on the actual click on the agent
i’s ads; the proof is trivial.) We have the following con-
straints over the expected payment ofs2: (Groves payments)
E[ps2(θ̂)] = hs2(θ̂s1)− qa1

va1
, (execution–contingent pay-

ments)E[ps2(θ̂)] = ps2(θ̂s1 |{a1})·qa1
+ps2(θ|∅)·(1−qa1

),
(ex–interimIR) E[ps2(θ̂)] ≤ ca1

qa2
va2

.
To see that at least for one realization the payments of

both the agents are negative, we deriveps1(θ̂|∅) = hs1(θ̂2)

andps1(θ̂|{a2}) = hs1(θ̂2)−va2
from the above constraints.

Analogously, ps2(θ̂|∅) = hs2(θ̂1) and ps2(θ̂|{a1}) =

hs2(θ̂1)− va1
. Notice that, in order for both payments ofs1

(s2) to be non–negative, we needhs1(θ̂2) ≥ va2
(hs2(θ̂1) ≥

va1
). By applying theex–interimIR constraint, we can ob-

serve that (e.g., withqa1
= 0.4, va1

= 1, qa2
= 0.5,

va2
= 1) paymentsps1(θ̂s2 |{a2}) and ps2(θ̂s1 |{a1}) are

strictly negative. Therefore, there is at least a joint real-
ization such that for all the possiblehs1 andhs2 the FSE’s
payment is strictly negative inex–post.

To summarize, the results show that only an execution–
contingent mechanisms can be designed for the FSE model
with externalities (Theorems 4 and 5), and there exists no ef-
ficient andex–postincentive compatible mechanism that can
be ex–postIR (Theorem 2) orex–postWBB (Theorem 6).
The implication of the above results is that the execution–
contingent VCG mechanism we propose is the strongest
mechanism for the FSE model with interdependent types.

Conclusions and Future Works
It is commonly believed in the web technology field that the
new generation of general–purpose search engines will be
based on the integration of multiple sources, each being a
domain–specific search engine. Thesefederatedsearch en-
gines allow one to scour the deep web, finding information
that current general–purpose engines are unable to discover.
It is also expected that the main revenue stream for these
federated search engines will be derived from advertising.

To this end, for the first time, in this paper we posed
the problem of developing a revenue mechanism for fed-
erated search engines using mechanism design. In doing
so, we extended the state–of–the–art models for sponsored
search auctions to the federated case. Our work is essen-
tially theoretical and provides possibility and impossibility
results on the implementation of stable mechanisms. Specif-
ically, we showed that efficient incentive compatible mech-
anisms cannot be individually rational inex–post, but only
in ex–interimand therefore the well–known pay–per–click
scheme cannot be used in the federated case. We further-
more showed that, when user models are employed where
ads incur externalities (such as the well–known cascade
model), only execution–contingent mechanisms can be im-
plemented and they cannot be weak budget balanced inex–
post, but only inex–interim.

In our current work, we mainly focused on the interaction
between the domain–specific search engines and the feder-
ated search engine. In future work, we would like to expand
this model by also considering the strategic behavior of ad-
vertisers. Furthermore, we plan to consider computational
aspects related to our mechanisms, such as approximation
schemes for maximizing the social welfare. Finally, we con-
sider the use of automated mechanism design techniques to
get around theex–postimpossibility results by designing
mechanisms for specific cases.
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