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Abstract

We study optimal auction design in an independent private values environment
where bidders can endogenously—but at a cost—improve information about their
own valuations. The optimal mechanism is two-stage: at stage-1 bidders register an
information acquisition plan and pay a transfer; at stage-2 they bid, and allocation
and payments are determined. We show that the revenue-optimal stage-2 rule is the
Vickrey—Clarke-Groves (VCG) mechanism, while stage-1 transfers implement the
optimal screening of types and absorb information rents consistent with incentive
compatibility and participation. By committing to VCG ex post, the pre-auction
information game becomes a potential game, so equilibrium information choices
maximize expected welfare; the stage-1 fee schedule then transfers an optimal amount
of payoff without conditioning on unverifiable cost scales. The design is robust to
asymmetric primitives and accommodates a wide range of information technologies,
providing a simple implementation that unifies efficiency and optimal revenue in

environments with endogenous information acquisition.

1 Introduction

This paper studies the design of auctions for selling a single indivisible good under
costly learning to a finite set of risk-neutral bidders with independent private values
(IPV). Two benchmark objectives organize much of the modern theory. A welfare-
maximizing mechanism seeks to allocate the good to the participant who values it
most whenever trade is feasible, thereby implementing an efficient assignment (Vickrey

[1961]; Clarke [1971]; Groves [1973]). A revenue-maximizing mechanism instead chooses
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rules that maximize the seller’s expected gains subject to incentive compatibility and
participation constraints (Myerson [1981]). Although these problems are posed in the same
informational environment, they typically prescribe different allocation rules and, crucially,
they need not be implemented by the same auction format—a distinction emphasized

throughout the auction design literature (Myerson [1981]; Riley and Samuelson [1981]).

A central theme of the present paper is that another, often under-appreciated source
of divergence between revenue and welfare may arise when information acquisition is
endogenous. In many applications, bidders do not begin with perfectly precise knowledge
of their own values; rather, they can invest in information—due diligence, inspections,
expert reports—before bidding. The auction format that the seller commits to use
after any learning has taken place shapes the marginal value of information for each
participant. Formats that make a bidder’s allocation probability and payment more
sensitive to her realized private information tend to induce more information acquisition;
formats that dampen this sensitivity tend to induce less (Persico [2000]). Because
equilibrium information choices shift the distribution of bids and the composition of
winners, they influence both the revenue that can be extracted and the welfare that can
be realized (Bergemann and Valimaki [2002]; Cremer, Spiegel, and Zheng [2009]).

In our setting, bidders can flexibly—but at a cost—improve what they know about their
own valuations before bidding. We even allow them, in principle, to shift the mean of
their belief at an additional cost; although this option is not exercised in equilibrium,
keeping it available delivers a richer and more robust modeling environment. We study
two-stage mechanisms: at stage-1, each bidder pays a registration fee and commits to
an experiment (a signal technology); at stage-2, bidders submit bids in the auction.
We work with a direct-revelation formulation in which a bidder reports at stage-1 her
primitive type (a cost-scale parameter and a mean-value parameter) to determine the
experiment she may run and the fee she pays, and at stage-2 reports her realized valuation
to determine allocation and payment. Types are ex-ante random with a commonly known
distribution, and equilibrium in experiment choices is Bayesian Nash. We first assume
that registered experiments are verifiable by the seller and later relax this assumption,

showing that the main results survive under weaker verification.

Our main result shows that, unlike in static models without learning, revenue maximiza-
tion and welfare maximization coincide in the optimal two-stage design we characterize.
The stage-2 allocation rule is VCG—delivering ex-post efficiency and truthful bidding—
while stage-1 lets bidders choose any experiment compatible with their reported types after

paying the corresponding fees. Stage-1 incentive-compatibility and individual-rationality



pin down a fee schedule that is independent of unverifiable cost-scale parameters yet
robustly dependent on verifiable mean-value parameters via the registered experiments.
The rationale for leaving experiment choice unconstrained is that, once stage-2 is VCG,
the pre-auction information game is an exact potential game (Monderer and Shapley
[1996]); therefore, any maximizer of the potential—here, expected welfare—coincides

with a Bayesian Nash equilibrium of the bidders’ experiment-choice game.

The literature identifies two complementary channels on the divergence of revenue
and welfare maximization objectives. In the first, bidders choose how much to learn
before bidding. Here, the format’s payoff sensitivity to private signals determines
the equilibrium investment in information; when expected payoffs respond sharply to
incremental precision—because the probability of winning or the effective price is highly
sensitive to the realized signal—participants optimally acquire more information (Persico
[2000]). This matters for welfare because precision improves allocative matching; it
matters for revenue because sharper selection can raise the expected virtual surplus
that the seller can extract. In the second channel, the seller chooses what bidders learn
by designing the information structure itself—deciding how informative pre-auction
disclosures or signals will be—jointly with the auction rule. This transforms information
release into a policy lever for revenue and can, in general, steer the allocation away from

efficiency (Bergemann and Pesendorfer [2007]).}

These forces qualify standard format comparisons. In the symmetric IPV benchmark
without endogenous learning, a first-price auction and a second-price auction with a
common reserve implement the same allocation rule and thus are revenue-equivalent.
With endogenous information acquisition, however, the allocation rule becomes format-
dependent, precisely because the stage-2 rule changes bidders’ learning incentives. Two
formats that were revenue-equivalent absent learning can cease to be equivalent once
learning is endogenous. From a welfare perspective, formats and transfer rules that
internalize the social value of information—so that each bidder’s private incentive to learn
matches the societal benefit of more precise allocation—are desirable; in private-value
environments, VCG-type mechanisms can implement both efficient learning and efficient
allocation under natural conditions (Bergemann and Valimaki [2002]). From a revenue
perspective, the seller’s optimal policy typically co-determines reserves, disclosure, and,
when feasible, multi-stage procedures that govern when and how information is produced;

optimal reserve policies in this setting generally differ from the no-learning Myerson

'Relatedly, classic analyses of interdependent or affiliated signals show how information release and
format interact to shape both efficiency and revenue, even beyond IPV (Milgrom and Weber [1982]).



benchmark because they must account for the equilibrium response of information
acquisition (Bergemann and Pesendorfer [2007]; Shi [2012]; Gershkov, Moldavanu, Strack,
and Zhang [2021]).

In sum, even within the IPV paradigm, welfare- and revenue-maximizing designs can
diverge for structural reasons—exclusion and asymmetry in the Myerson framework—and
may diverge for strategic reasons once information acquisition is considered. Viewing the
stage-2 auction format as a commitment to stage-1 learning incentives makes clear why
the designer’s objective, the induced information environment, and the implementable
allocation rule are tightly intertwined. Our results nevertheless show that, when registered
experiments are verifiable, a single two-stage mechanism can align these forces and
simultaneously achieve both welfare and revenue objectives. These findings have practical
and theoretical implications. Practically, when pre-auction due diligence matters (e.g.,
spectrum, mineral rights, complex procurement), formats should be judged not only by
static allocation rules but by the learning incentives they create; committing to VCG at
stage-2, paired with a transparent, experiment-based registration fee, can deliver both
high revenue and efficiency. Theoretically, we refine revenue equivalence: formats that are
revenue-equivalent without learning need not remain so once learning is endogenous, but
a suitable two-stage commitment can restore alignment by making the induced allocation

rule format-invariant through efficient information acquisition.

The paper is organized as follows. Section 2 presents the framework, notation, and
the incentive and participation constraints, and states the objective functions. Section
3 develops the main analysis, characterizing and comparing the revenue- and welfare-
maximizing mechanisms. Section 4 extends the model to allow (costly) auditing of
registered experiments and cost parameters and examines the robustness of the results.
Section 5 provides a discussion of the related literature and highlights our contributions

to the research area of optimal auction design under costly learning. Section 6 concludes.

2 Framework

We adapt the framework considered in Myerson [1981] to study the optimal auction

design when buyers can flexibly learn.

Environment: There is one seller who has a single object to sell. Let N = {i1,...,i,}
denote the set of bidders with n > 2. We assume that the seller and the bidders are risk



neutral. Bidders have types 6; = (14, s;) drawn from the space ©; = [0, 1]? equipped with
the Borel sigma-algebra. We assume that bidder types 6; are drawn i.i.d. according to
the distribution F,s = F, x Fy where F, and F; are measurable c.d.f’s with continuous
density functions f, and fs over the space [0, 1], respectively. Let © = O1 x ... x O,
denote the set of type profiles including every bidder and let ©_; denote the set of type
profiles ©1 X ... X ©;_1 X Q41 X ... X O, excluding bidder i. Let § = (r, s) denote a generic
profile of types (11, S1;...;7Tn, $p) € © and similarly, let 6_; = (r_;, s_;) denote the vector
of realized types (71,815 .3 Ti—1, Si—1;Tit+1, Si+1; -} T'ns Sn) € O_; excluding bidder i. We
sometimes use the notation 6;; to indicate r; and 6,2 to indicate s; when 6; = (7, s;).
Let F(7,3) = (F» x Fy)"(#,3) denote the joint distribution [];cn F7(75) X Fs(3;) and let
FI (o, 8) = (Fr x Fo)" (74, 5_;) denote the joint distribution [T;; Fr(7;) X Fs(3;)
excluding bidder ¢ € N.

For each a € [0,1], let z, = (a + a.(b — a)) denote the mean value over the inter-
val [a,b] where a > 0 is the minimum and b > a is the maximum level each indi-
vidual is willing to pay for the object. Let D = A([a,b]) denote the set of prob-
ability density functions over [a,b] and assume that D is equipped with the weak
topology. We call each distribution f € D an “experiment”. For each a € [0,1], let
D(a) ={f € A([a,b]) : Ef(z) = [j,4y2-f(2).dz = 24} De the set of experiments with
center (i.e., mean value) pu(f) equal to z,. Note that each D(«) is closed in D and we have
D = Uqepo1]D(e). Let T = [a,b]" and for each i € N, let T; = [a,b] and T_; = [a,b]" "

For each type 6; = (r;, s;) € Oy, let ¢y, : D — Ry denote an information processing cost
function. We assume that each ¢y, satisfies the following properties: (i) ¢y, (.) is increasing
in 6;1, (i) cp,(0,) = 0 if 2z = zp,,, (iii) cp,(.) is increasing in convex-order, (iv) cy,(.) is
convex, and (v) ¢p,(.) is lower semi-continuous (l.s.c.). A feasible example of the abstract
cost function ¢y, can be given as é,(f) = r; [ k(|zi — si|) f(zi)dz; for all f € D for some
(strictly) increasing convex function k : Ry — Ry with k(0) = 0. As such, while r; can

be interpreted as a cost-scale, s; can be interpreted as a mean-value parameter.?

Mechanism: The seller uses a two-stage direct-revelation mechanism with a reservation

price to sell the good. For simplicity, assume that the object yields no value to the seller,

2The idea is that each experiment f € D determines the likelihood f(z) of each class of posterior
distributions with mean z € [a,b] where zs; denotes the mean of the initial belief of a bidder with
type 6; = (r;,s;). Bidders are allowed to consider experiments f; € D with centers u(f;) such that
u(fi) # zs;, = z,,- Moreover, depending on the particular cost function, the cost of a degenerate
experiment (i.e., 0, for some z € [a,b]) may or may not be zero. For instance, while &, (f) # 0 for any f
with p(f) # zg,,, for the cost function ¢, (f) = rs fk(|zz — u(f)]) f(zi)dzi, we have ¢, (d.) = 0 for any
z € |a, b].



and so the seller optimally sets the reservation price equal to 0. At stage-1, the seller
offers to each bidder ¢ a menu of contracts (o;,7;) such that o; : ©; — D assigns an
experiment o;(6;) € D(0;2) and 7; : ©; — R charges a fee to each type 0; = (14, ;). Each
bidder pays the fee 7;(6;) to conduct the experiment o;(6;) after revealing her type 6;
to the seller. The seller is assumed to be able to confirm that the experiment o;(6;) is

conducted once a type 0; € ©; is registered. Later we relax this assumption.

At stage-2, each bidder observes a value realization ¢; € [a,b] within the support of
her experiment o;(6;) and submits a bid t; € [a,b] where ¢, is not necessarily equal
to t;. The seller then allocates the object to the buyers according to the vector of
probabilities p(t', o(0)) = (p1(t',0(6)), ..., pn(t',0(0))) > 0 such that Y-,y pi(t, 0(0)) =1
together with [z1(t',0(0)),..,z,(t',0(0))] € R™ as the vector of payments z(t',c(0))
where t' = (t},...,t),) € [a,b]™ is the vector of bids submitted by the buyers at stage-2
and o(0) = (01(61),...,0n(0,)) is the vector of experiments registered by the buyers
at stage-1. Let (0_;,7—;) = (01,71} «oy Oim1, Ti—1; Oit 1, Ti+1; ---; On, Tn) denote the vector
of menus of contracts given to the bidders excluding buyer ¢. For any given profile of
types 0_;, let o_;(0—;) = (01(01), ..., 0i—1(0i—1), 0i4+1(0i+1), ..., on(0y)) denote the vector
of experiments excluding bidder ¢. Let M denote the set of all two-stage mechanisms

and let m = (p,z,0,7) denote a generic element of it.

Payoffs: For any vector of realized types other than bidder i, let o_;[0_;] denote
the joint density function o1(601) X ... X 0;-1(0;—1) X 0;4+1(0i4+1) X ... X 0,(0;,) and let its
corresponding c.d.f. be denoted by Fi,_;9_,. Given a two-stage mechanism m = (p,x,0,7)
in M, let

wi (i, til fi, o) = Eo_,[Ey_o_[tipi(t], t—is fi,0-i(0-5)) — zi(ti, t—s; fi, 0-i(0-4))]]
|

_[tz‘pi(téa t_i; fi,o—i(0-))

— @ity tois fi, 0-i(0-0))]dF, o (t—i) d(Fy x Fo)"7H(6-;)

be the stage-2 expected payoff bidder i receives when she submits a bid ¢, € [a, b] while
she observes a value t; € [a,b] given that she registered the experiment f; while all other

bidders truthfully registered an experiment from their offered menus.

Whenever bidder ¢ truthfully submits her bid, that is when ¢, = ¢;, we simply write
w(ti|fi,o—i). Let uw]*(filo—i) = Ef[uw(ti|fi,0—i)] be the interim expected payoff
bidder ¢ obtains when she bids truthfully according to the distribution f;. Given



m = (p,xz;0,7) € M, let v (0.|0;) = ul"(04(0})|0—i) — co,(0i(0})) — 7:(0}) denote the net
expected payoff of bidder ¢ when other bidders truthfully follow the distributions o_;(6_;)
in their offered menus depending on their type realizations 6_; = (r_;, s_;) while bidder i

with true type 6; € ©; reveals 0, = (r}, s}) to register the experiment o;(6;) € D(6)5) with
the associated information processing cost ¢y, (0;(6})) and transfer fee 7(6;). Whenever

bidder ¢ truthfully submits her type 0; = (74, s;), we write v]"(6;). Let
Uilm) = Bo,[u"(6)] = | o (B)d(F, x F1)(6)

denote the ex-ante net expected payoff bidder 7 receives when she plans to truthfully
reveal her type at stage-1 and reveal her true value at stage-2 while all other bidders also

truthfully submit their types and bids given the profile of assignment rules o_;.

Constraints: The seller does not observe the true type 6; = (r;, s;) of a bidder nor the
realized value t;. The seller, therefore, must provide the right incentives to each buyer
to participate in the mechanism, submit truthfully their realized types and values, and

conduct their intended experiments.

Given a two-stage auction mechanism m = (p,z,0,7), the constraints listed below
constitute the two-stage individual rationality and incentive compatibility constraints for

each buyer ¢ for each 6; € ©;:

1. uw*(t;|oi(6;),0-;) > 0 for each t; € [a, b] in the support of 0;(0;) (stage-2 IR);

[\)

cul(tiloi(0:),0-;) > ul™(t'i,ti|oi(0;),0-;) for each t;,t; € [a,b] in the support of
0:(0;) (stage-2 IC);

3. v™(0;) > 0 (stage-1 IR);

4. v™(0;) > vI"(0;]6;) for each 0, € ©; (stage-1 IC).

)

The first two constraints are the usual individual rationality and incentive compatibility
constraints at the allocation stage. The third constraint is the pre-allocation individual
rationality constraint implying that participation in the mechanism is voluntary. The
fourth constraint is the pre-allocation incentive compatibility constraint incentivizing the

bidders to tell the truth about their types (i.e., cost-scale and mean-value parameters).

We say that a two-stage mechanism m = (p,z,0,7) is feasible if it satisfies the above
four constraints. Let M denote the set of feasible two-stage mechanisms. There are two

separate objectives that we focus on: revenue maximization and welfare maximization.



Revenue maximization: Given m = (p,z,0,7) € M, let

R(m) = Eg[E,() Y _lwi(t, o(0)) + 7:(6:)]
1EN

= L[St 0(6)) + m(8)) dFy o) (1) d(F, x F)"(0)
O T jen
denote the total expected payment received by the seller from the bidders if mechanism
(p,x) is run at stage-2 and profiles of contracts (o, 7) are used at stage-1, while the
bidders truthfully reveal their types. Let R(m*) = max,,y; R(m) denote the maximum

level of expected revenue the seller can generate.

Welfare maximization: Let W(m) = [>,cy Ui(m)] + R(m) denote the total ex-
pected welfare that can be achieved when mechanismm = (p,x,0,7) € M is used. Let
W(m*) = max,,;; W(m) denote the maximum level of expected welfare that can be

generated .

If a two-stage mechanism m = (p, x, o, 7) maximizes the total surplus > ;¢ tipi(t, 0(6))
for each profile of types 6 € © and for each vector of values ¢ within the support of o (),
we call it ex-post efficient; when the mechanism (p, z, o, 7) maximizes the expected (total)

net surplus

Eo[)_ tipi(t, 0(0))] = Eg[ ) _ co,(0:(6:))],

iEN ieN
we call it ex-ante efficient. In other words, a mechanism m is ex-ante efficient if it

maximizes the total expected welfare (see also below).

3 Analysis

In this section, we study the optimal mechanisms that either maximize the expected
revenue or the expected welfare. We start our analysis by first simplifying the objective
functions within the class of feasible two-stage mechanisms. Suppose that m = (p,x, 0, 7)
is a given feasible mechanism in M. By definition, for each 6; = (r;,s;) we have
v (6;) = u"(0:(0;)|o—i) — co,(0:i(6;)) — 7:(0;) where

u*(0i(0:)|0—i) = Eq,0,)[Bo_.[Es_,jo_, [tivi(tist—i;0i(0:), 0-i(0—:))
— ai(t], t—i;0(0:), 03 (60-4))]]].



Taking the expectation over ©;, we obtain
Ep,[vi"(6:)] = Ep, [ui"(0i(0i)|o—i)] — Eo,[co,(0:(0:))] — Eop,[7i(6:)]-

Summing over bidders, we derive that

Eo[Y_ v (0:)] = EolY_ tipi(t, 0(0)) — wi(t, o(0))] — Bol Y co,(0:(0:))] — EolY_ 7(6:)]-

ieEN 1EN 1EN 1€EN

Rearranging the terms, we first obtain that the expected revenue of the seller can be
given as the difference between the expected net surplus (i.e., surplus net of cost of

information) and the expected information rent:

R(m) = Eg[ Y _(zi(t,0(0)) + 7:(6:))]

ieN
= Eg[Y>_ tipi(t,0(0))] — oY _ co,(0s(0:))] —  Ep[>_ vi"(6:)]-
ieN iEN iEN

expected net surplus expected information rent

We can further arrange the above equation to express the regulator’s welfare function as:

W (m) = R(m) + Eg[y_ v}"(6:)]
1EN

= Eo[>_ tipi(t, 0(0))] — Eg]Y_ co,(0:(6:)))-

€N 1EN

expected welfare

The two expressions above clearly manifest the tension between revenue and welfare
maximization. As such, the seller’s optimal mechanism may distort the level of welfare that
can be maximally obtained, and similarly the efficient mechanism may cause the seller to
leave additional rent to the bidders lowering the revenue. Naturally we come across similar
efficiency-optimality conflict among many incentive compatible mechanisms. For instance,
in the setting of Myerson [1981] where the distributions of values are fixed, the VCG
mechanism (p€, z¢) delivers an efficient outcome, whereas the Myerson mechanism (p”, z")
yields a revenue maximizing outcome. Since in our setting experiments are endogenously
determined, a conflict between revenue maximization and welfare maximization, however,
do not occur. In other words, the seller’s revenue maximizing mechanism will also be
delivering the maximum possible welfare. This means that the seller’s optimal mechanism
would not only be maximizing the expected net surplus, but also would be minimizing

the expected information rent among the feasible two-stage mechanisms.



Efficient stage-2 rule: In the following, we will focus on two-stage mechanisms
where at stage-2 the VCG mechanism, denoted by (p¢, x¢), is used. The VCG mech-
anism awards the good to the highest reported value t; (with a tie-break rule) and
the winner pays the highest reported value by the other bidders. More formally, let
w(t) ={i € N : t; > maxjcn t;} be the set of bidders who bid the highest value. Let

pE(t) = {1/|w<t>| i€ ult)
0 ifi ¢ w(),

be the winning probability and let

max;; t; ifiwins,
e (t) — ]7&1 J
0 otherwise,

be the payment for all i € N and t € T. That is, a bidder wins only when she is among
the highest bidders, and pays an amount only when she wins and the payment is equal

to the highest bid among the opponents.

It is well-known that for any fixed profile of distributions f = (fi,..., fn), the VCG
mechanism (p€, z¢) maximizes the total surplus among the incentive compatible (IC) and
individually rational (IR) allocation-payment rules (p, z); that is, for any stage-2 rule (p, )
satisfying the IC and IR constraints we have ;o tip§(t, f) > > ey tipi(t, f). As such,
for any given stage-1 contract o, we have Eg[}_;cn tip§(t,0(0))] > Ep[>;cn tipi(t, 0(6))]
implying that

Eo[)_ tipf(t,0(0)) — co,(04(6:))] = Eo[Y_ tipi(t, 0(6)) — co,(a:(6:))].
iEN €N
But this means that a two-stage mechanism which uses the efficient rule (p€, z¢) at stage-2
pointwise dominates (in terms of the expected net surplus) a two-stage mechanism which
uses another rule (p, z) at stage-2. In fact, the following result shows that for any given
feasible two-stage mechanism m = (p,z,0,7) € M, we can replace the stage-2 rule (p, z)
with the efficient rule (p¢, 2¢) while we use the same stage-1 assignments ¢/ = o but
adjust the fees 7 to some 7/ such that the new mechanism is feasible and it weakly

improves the revenue; that is, (p¢,z¢,0’,7") € M and R(p®,z¢,0’,7') > R(p,z,0, 7).

Let M€ denote the subset of the set of feasible mechanisms M such that the stage-2 rule

is fixed as the efficient second-price auction (i.e., the VCG mechanism).
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Lemma 1. For any m = (p,z,0,7) € M, there exists m' = (p/,2',0',7') € M€ such that
R(m') > R(m).

Proof. Let m = (p,x,0,7) € M be a feasible mechanism. Let m’ = (p/,2',0',7') € M
be an alternative mechanism such that (p/,2’) = (p%,2°) and ¢/ = o, and for any
bidder i, 7/(6;) = 7:(8;) + u? (0:(8:)|o_;) — u*(04(8;)|o—_;). We want to show that (i)
(p/,2',0',7") € M and (ii) R(p',2',0’,7") > R(p,x,0,7). As discussed before, constraints
1 and 2 hold when the VCG mechanism (p°, z¢) is used at stage-2. Let v (6;) be the
net expected payoff of bidder i when she truthfully reveals her type 6; = (r;, s;) under

the mechanism m/. By definition, we have

o (0:) = u (01(0:)]0”) — co,(0}(8:)) — 71(6:)
= u;"(03(0;)|o—i) — co,(0i(0:)) — Ti(6;)
=v;"(6;) 2 0

showing that constraint 3 holds under m/. Now let v* (#/|6;) denote the net expected

payoff of bidder ¢ when she reveals her type as 6, = (7}, s;) instead of telling her true

2 21

type 6; = (ri, s;). By definition, we have

o (0410;) = ul" (o4(0})]0”,) — co,(1(8})) — 71(6))
= u"(04(0])|o—i) — co,(0:(8})) — 7:(6))
= o™(0}10;) < " (6;) = vl (0;)

showing that constraint 4 holds under m’. Thus, m’ € M. Moreover we have,

R(m) = Bo[Y_ tipi(t, 0(0))] = Eol ) _ co,(0:(0:))] = Eol_ vi"(6:)]

iEN ieN iEN
= Eg| Y tipi(t, 0’ (0))] — Eo[>_ co, (0 —Ey Zv
€N 1EN 1EN
< Eg| Y tip§(t,0'(0))] — Eo[ Y co,( — Eg[) o
€N 1EN 1EN
= R(m').

where the inequality follows from the fact that the VCG rule (p€, z¢) maximizes the
surplus for any fixed profile of distributions. O

Lemma 1 shows that in searching for an optimal mechanism maximizing the expected

11



revenue, one can focus on the set of mechanisms which employ the efficient rule at stage-2.
In fact, the proof of this result shows that from the given mechanism m an alternative
mechanism m’ can be constructed such that each bidder’s information rent will remain
the same; that is, v (6;) = v*(6;) for all i € N and 6; € ©;. As such, we also have

W(m) = R(m) + Eg[Y_ vi"(6;)]
iEN

< R(m') + Eg[Y_ vi" (6:)] = W (m)
1EN
showing that to maximize the expected welfare, one can focus on the efficient mechanisms

in M¢. Thus we have the following corollary.

Corollary 1. For any m = (p,x,0,7) € M, there exists m' = (p',x',0’,7') € M€ such
that W (m') > W(m).

Corollary 1 impies that shows any feasible ex-ante efficient two-stage mechanism must
use the VCG rule at stage-1, and, thus, by Lemma 1 any revenue maximizing two-stage
mechanism must be ex-ante efficient. There are related studies in the literature which
show, similar to the above corollary, that the VCG rule maximizes the welfare whenever
bidder participation or preference determination is costly. For instance, in an IPV auction
setting where sending messages to the seller (i.e., participation in the auction) is costly,
Stegeman [1996] shows that the second-price auction has an equilibrium that is ex-ante
efficient. In another study with an IPV auction setting where bidders can acquire (covert)
information before participating in the auction, Bergemann and Valimaki [2002] show
that the VCG rule guarantees both ex-ante and ex-post efficiency. When we have an
efficient mechanism (p,x,0,7) € Me€ and we want to focus on the assignment rule o, we
also write W¢(o) to denote the expected welfare under the mechanism (p, x, o, 7) before

fees are applied.

Potential game: Given that the optimal stage-2 rule should be the efficient rule
(p¢, x¢), we are now interested in understanding the optimal stage-1 assignments o and
schedules 7 which determine an experiment o;(6;) and a fee 7;(6;) to each declared type
0; € ©; by each bidder i. Notice that stage-1 fees do not depend on the experiments
registered by the bidders. As such, the only remaining constraint for bidder i’s choice
of experiment o;(0;) is that its center u(o;(;)) must meet the declared mean value zp,,;
that is, 0;(0;) € D(0;2). Beyond this restriction the bidders are (and should be) free to

choose the best experiment they can obtain based on their types. The reason for this

12



fact is that we have a Bayesian exact potential game where each bidder’s switch of an
experiment leads to the same amount of change in the expected welfare and the expected
payoff of the bidder. To see this, let m, m’ € M¢ be two given efficient mechanisms with
assignment and fee rules (o, 7), (0, 7'), respectively such that 7 = 7/ and o_; = o’_;, but
o; # o} for some bidder i € N. Note that under the efficient rule (p¢, 2¢), for any given
profile of bids ¢t € T, payoff of bidder 7 is

ug (t) = tipf (t) + thp] maxt] = Z trpy — maxt;.
J#i ! keN i

Therefore, the interim payoff of bidder ¢ when she bids ¢; is

u (tilos(0:), 0-i) = Bg_,[Ey_jo_[tip§ (toi(0:), o) + > t;p5(tlos(6i), 0-i) — H}gftjﬂ
A

= 0_1[0 Z tkpg(tloi(0i), o) — maxt;]],

kEN i
given that all other bidders truthfully bid according to their assigned experiments in
o_;(0_;) for each realization of profile of types 0_;. Therefore, the interim payoff of

bidder ¢ when she follows her experiment o;(6;) is equal to

u§ (03(05)|0—i) = Ey,(0,)[Eo_,[Es_yjo_q[>_ tenfi(tloi(0s),0—-i(0-:))]]

keN
—FEy [E, 1 t:]].
o U,Z[e,z][rg.lgf il

But then when there is a change of assignment for bidder i from o; to o}, for each type

realization 6; € ©; we have the payoff difference as

u§(07(0:)|o—i) — uf (0i(0i)|o—i) = Egr o) [Eo_,[Es_jo_j[ > tepii(tlof(6:), o—i(6-:))]]]
ken

—E ( )[Eg Z Z] kZNtkpk t|az 2) (9—1))]“

Taking an expectation over O;, we derive that the expected payoff difference for bidder i

by switching from o; to o is equal to

Eo, [uf (07(6:)|0—i)] — Eg,[u§ (0:(8i)|o—i)] = Eo[ Y trpi(t,0'(0))] — Eo[ Y trpfi(t,a(6))].
keN keN

(3.1)
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Let II¢ (04, 0—;) = Ep,[uf(0i(0;)|o—i)] — Eg,[ce,(0i(6;))] denote the expected net interim
payoff of bidder 7 before the fees are applied. Whenever the fees are set in such a way
that the stage-1 IC and IR constraints hold, then the bidder will be maximizing the
objective function I1¢(0;,0_;) by choosing an experiment o;(6;) for each realization of
her type 0; € ©;. Notice that if we subtract Ep,[co,(05(0;))] — Ep,[co,(0i(6;))] from the
left hand side in the equation (3.1), then we obtain II$(o},0_;) — II¢(0;,0-;).

By definition, we have

We(oi,0-i) = Eg[ Y tpi(t, 0(0)] — Eg[ Y co,(o1(61))]
keN keN
as the expected welfare. If we subtract Ep[> ncn o, (0% (0k))] — Eo[>ren co, (01 (0k))]
from the right hand side of the equation (3.1), we obtain W¢(o},0_;) — W¢(0;,0_;). But
also note that since o_; = o’ ;, when switching from o; to o} the expected cost difference

for bidder 7 and the total expected cost difference are the same, and so we have

Eg,[co,(07(0:))] — Eo,[co,(0i(6:))] = Eol > co, (0% (01))] — Eo[ Y co, (o(0k))]-

kEN kEN
This means, however, that the following equality holds
11 (0}, 0-3) — I{(03,0-) = W¥(0},0-3) — W(04,0-;)

which shows that we have a Bayesian exact potential game with the potential function
W€, that is, the marginal change in the expected welfare is the same as the marginal
change in the payoff of bidder ¢ when she switches from o; to o}. As such, the game
bidders are playing at stage-1 is a Bayesian exact potential game, and so any maximizer
o* of the expected welfare function W¢(o) must be a Bayesian Nash equilibrium of the
game where each bidder freely chooses an experiment f; € D(s;) whenever her type is

some 0; = (1, 8;).3

Optimal assignments: We now show that the potential game we described above
has a solution o*. For any given type 0;, the set D(6;2) is a non-empty, convex, closed
subset of A([a,b]). Recall that the set A([a,b]) is weakly compact, and so D(6;2) is also
compact. A pure (measurable) strategy for bidder i is a map o; : ©; — A(]a,b]) such

3In a related study, Bergemann and Pesendorfer [2007] consider an TPV auction setting and show that
when the seller is in full control of the information precision of each bidder, then the optimal information
structures are partitional and the partitions are asymmetric among the bidders.
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that 0;(6;) € D(0;2) for almost all §; € ©; with respect to the measure F, x Fs. Let A; be
the space of such maps. We equip A; with the pointwise weak convergence topology since
A; C [y, A([a, b]), and therefore it inherits the product of weak topologies. Moreover, A;
is closed and since [[y, A([a, b]) is compact by Tyschonoff’s theorem, A; is compact. Now
let A= A; x ... x A, be the joint strategy space with the product of the product-weak

topologies. A is compact since it is the product of compact spaces.

Given o = (01, ...,05), we have the Bayesian exact potential as

We(o) = Eol Y tupi(t, (0))] — Eol Y co,(0n(0k))]-

keN keN

We want to show that W€(o) is upper semi-continuous (u.s.c). Clearly, the first term
above is continuous since it is a linear function of o. For each 6;, the cost function ¢, (.)
is Ls.c. on D(6;2). Thus the function cg,(0;(6;)) is L.s.c. pointwise. Taking an expectation
over ©; yields that Ejy,[cy,(0i(0;))] is Ls.c., and finally summing over the bidders gives
us the fact that Fy[Y e co,(0k(0k))] is a Ls.c. functional of f,. Thus, we derive that
We€(o) is an u.s.c functional of o. Therefore, by the Weierstrass theorem there exists at

least one maximizer o* such that W¢(o*) = max,ca W¢(0).

Furthermore, we can argue that there exists a symmetric solution such that o} = o7 for all
i,5 € N. Now let 7 be a permutation of the set N and define by o = (‘7;(1)7 vy a;(n)) the
permuted profile. Since every bidder’s type realization is i.i.d, both the first and second
terms in the welfare functional are symmetric in the bidders, we have W¢(c*) = W*¢(0%)
for all w. Thus, every permutation o of the maximizer ¢* is also a maximizer. Let
o= % > . 0% be a symmetrized strategy profile. Since A is convex, we have ¢ € A.
Recall that the first term of the welfare functional is linear in o, while the second term
is convex in o since ¢y, (.) is a convex function for each i and 6;. But then the welfare

functional W€(o) is concave in o. Therefore, by Jensen’s inequality we have
— * 1 % *
We(0'> :We<*20'ﬂ.) 2 EZW€<0—W):W6(O- )

showing that the symmetrized strategy profile & is a maximizer of W¢€. Is the solution
unique? With our current set of assumptions on the primitives, this is not necessarily
the case. However, if we assume that the cost function ¢y, is strictly convex instead of
only convex, then the potential function becomes strictly concave. In that case, there
exists a unique solution. Moreover, due to the permutation argument given above, the

unique solution must be symmetric.
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Optimal fees: We now analyze how the optimal fees 7* can be obtained. Recall that
we fixed (p®, x¢) as stage-2 rule and without loss of generality the optimal assignment
profile o™ at stage-1 can be taken symmetric such that of = o} for all bidders i, j. For
each truly reported type 0; = (73, 5;), let ®;(ry,5;) = maxy,ep(s,) (u§(filo™;) — cr s (fi))
denote the highest stage-2 utility obtained before the fees applied. If instead the

! ol

type is misreported as 6, = (ri,s.), then her best (before fees are applied) utility is

D;(r}, 8j|ri, si) = maxp,ep(sry (uf(filo™;) — ey, (fi)-

/.
'R

Note that the misreported type 6, = (r},s,) affects pre-fee payoff only through s
misreported 7 has no effect. Fix some s; and let 6; = (14, s;) be the true type and (7}, s;)
be the reported type. Let 7; : ©; — R be a feasible fee scheme for each bidder i. As such,
7; (together with stage 2 rule (p¢, z¢) and stage 1 experiment scheme ¢*) must satisfy
stage-1 IR and IC constraints. The bidder ¢’s net payoff under the fee schedule 7; is

D;(r;, s;) — 7i(r%, s;). The stage-2 IC condition in 7 then implies that
D;i(ri, 5:) — Ti(riy 8i) = Pilri, 51) — 1i(7, 54)

and so 7;(ri, s;) < 7i(r}, s;). But then swapping the roles of r; and r}, we obtain that
7i(riysi) = 7i(rl, s;) for all s;; that is, the optimal fee should be independent of the
reported parameter r;. Therefore, let 7;(s;) : [0, 1] — R denote in short the feasible fee

for each bidder ¢ and reported s;.

The stage-1 IR constraint requires that ®;(r;, s;) — 7(s;) > 0 for each r; and s;. Notice
that ®;(r;, s;) < ®;(r;, s;) for all s; where 7; = 1. Thus, the fee schedule must satisfy

7'7;(81') < (I)i(fi, Si) (3.2)
for each s; € [0, 1]. Now consider the stage-1 IC constraint in s;. We have

(1, si) — Ti(8:) > Pi(rs, si|riy si) — 7(sh)

7

for every r;, s;, and si. Let H;(s;,s;) = inf,,cpo1) (®i(ri,5:) — ®i(ri, s}|ri, si)) denote the

lowest pre-fee utility gap among the true types (74, s;) who report (r;,s;). Due to the

above stage-1 IC constraint, we must have
7i(si) < mi(si) + Hi(si, 57) (3.3)

for each s;, s, € [0,1]. It is clear that the above two conditions (equations 3.2 and 3.3)
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characterize the set of all feasible stage-1 fees (see, e.g., Rochet [1987], Theorem 1).

Now we want to find out which feasible fee can maximize the expected revenue for the
seller. Let 2 = Upenl0, 1]¥ denote the set of finite chains (e.g., w = (w1, ..., wy) for some
k € N) generated from the set [0, 1]. Let ©(s) denote the set of finite chains which end
with s € [0,1]; that is, if w € Q(s) with w € [0,1]* for some k > 0, then w;, = 5. Let (w)
denote the length of a given chain w € Q; that is, I(w) = k € N if w € [0, 1]*. Define the

chain-closure fee for each bidder 7 as follows:

l(w)
TiCC(SZ-) = inf (@i(ﬂ,wl) + Z Hi(wk7wk1)>

we(s;) )

for any s; € [0,1]. We now show that the chain-closure fee is feasible; that is, it
satisfies stage-1 IR and IC constraints. Since H;(wg,wk—1) > 0 for any w € Q, we
have inf,cq (@i(ﬂ,wl) + Zgﬁ% Hi(wk,wk,l)) < ®;(7,w1), and so 7(s;) < P;(7y, ;)
for any given s; € [0,1] showing that stage-1 IR holds. Now fix some s;,s; € [0,1].
%) is the infimum, for any € > 0 we can find a chain w € Q(s}) such that

O, (7, w1) + ZZ(:% H;(wg,wi—1) < 7(s}) + €. But then if we add H;(s;, s;) to both hand

side of the inequality we derive

Since 7(s

l(w)
®;(Fg,wi) + > Hy(wp,wi—1) + Hi(si, 87) < 7°(s;) + Hy(si, s}) + €.
k=2
By definition, the left hand side of the above inequality is bigger than 7(s;), and so we
have 77¢(s;) < 7£¢(s}) + Hi(si, 8;) + €. Since € was arbitrary, we can let it go to 0, and
obtain in the limit that 77¢(s;) < 78¢(s;) + H;(si, s;) showing that stage-1 IC condition

holds. Thus, the chain-closure fee 7/ is feasible.

Let w € (s;) be a given finite chain for some s; € [0, 1]. Since for any feasible fee 7; stage-1
IR and IC conditions hold, we have 7;(w1) < ®;(7;, w1) and 7 (wg) < 7i(wrp—1)+H;i(wg, wr—1)
for any kK = 2,...,l(w). By iterating and summing up the terms, we obtain that
Ti(81) = Ti(wk) < Pyi(r, wr) + Z%g; H;(wg,wg—1) showing that 7;(s;) is a lower-bound for
the set T'(s;) = {®;(73,w1) + ZZ(:; H;(wg,wi—1) : w € Q(s;)}. Since, by definition, 77¢(s;)
is the infimum of the set T'(s;), we conclude that 7;(s;) < 77°(s;) and so the chain-closure
fee yields the maximum amount of fee for each s; given that stage-2 allocation rule and

stage-1 experiment rule are fixed as (p¢, z¢) and &, respectively.
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Optimal two-stage mechanism: To sum up, the optimal two-stage mechanism
(p,z,0,7) in M is obtained by letting stage-2 rule to be efficient rule (p¢,z¢), while
letting stage-1 assignment rule o to be a symmetric maximizer & of the potential function

We€(o), and letting stage-1 fees 7 to be determined by the chain-closure fees 7¢€.

Theorem 1. The two-stage mechanism m* = (p°, x¢,a,7¢) maximizes both the expected

revenue R(m) and the expected welfare W (m) among the feasible mechanisms in M.

The proof of Theorem 1 follows from above discussions (including Lemma 1 and Corollary
1), therefore it is omitted. We see that (p¢, z¢, &, 7¢) is the optimal two-stage mechanism
where at stage-2 the efficient outcome is achieved, while at stage-1 the seller lets the
bidders experiment as they wish, but charges them a fee according to the chain-closure
scheme and generates the maximum level of expected revenue, while leaving a minimum
level of expected information rent to the bidders. From the welfare maximization
perspective this outcome is optimal since the efficient rule already ensures that the

maximum level of welfare is achieved.

4 Extensions

We now consider some possible extensions of the mechanism design problem we have
considered above. Firstly, we relax the assumption that the the seller can verify for free
the experiment used f; or its center u(f;) whenever the bidder i reports s;. We instead
assume that the seller pays a cost for auditing each bidder’s choice of experiment. We
identify the effects of this change on the equilibrium outcomes. In an extreme case, the
seller cannot verify any statistics about the experiment (no auditing); in that situation,
we observe that the optimal transfer is a flat fee. Secondly, we allow for the possibility
that the principal can also verify the cost parameter r € [0, 1] of each bidder with costly
auditing. We identify the effects of this change on the optimal fee schedule.

Auditing bidder experiments: Suppose that the seller cannot verify for free the
experiment undertaken by a bidder. Instead, the seller must pay a cost for auditing the
experiments. Let k. : [0, 1] — R4 denote the cost of auditing such that when the seller
incurs the cost k.(q) > 0, then with probability ¢ € [0, 1] the seller can perfectly observe
the conducted experiment, and with probability 1 — ¢ he does not observe the experiment
at all. In case a misreport by bidder 7 is detected, then bidder ¢ is punished by at most

an amount of P; < 0.
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As before, the optimal two-stage mechanism with auditing will be used (p€, z¢, &, 7) as
part of the revenue maximization process. Moreover, the seller needs to determine an
auditing rule where for each s; € [0, 1] reported by bidder 7, the seller’s success probability
of catching a non-compliance will be ¢(s;) € [0, 1]. For each reported type 6; = (7, s;), let

y(ri, i) = s (ui (filo™i) = crisi (i)
denote the best non-compliant pre-fee utility of bidder i. If bidder i reports 0; = (r;, $;)
truthfully and complies, she obtains a payoff of ®;(r;, s;) — 75(s;). If, on the other hand,
she deviates the best she can expect to receive will be (1—q(s;)) Wi (74, si) + q(si) Pi—7(s).
Therefore, truth-telling is enforced if ®;(r;, s;) > (1 — q(si)) Yi(ri, si) + q(si) P; for all ;.

Rearranging the above terms, we have the lower-bound condition on the deterrence

probability ¢(s;) > \Iji(”’si)fq)i(”_’si) € [0,1]. Thus, the minimal auditing probability when

Wi(ri,s:)—F;

s; is reported (regardless of ;) is

Wy(ri, 8i) — ®i(riys)]7
g5 (s;) = sup
R (s) ri€l0,1] Wi(ri,si) — P

where [.|Trefers to the max{0,.} operator. Note that the higher |P;| is, the lower ¢p, (s;)
is for each s;, and so the lower auditing cost ke(gp,(si)) will be. Suppose that the
auditing costs are low enough that it is optimal for the seller to audit. In that case, if
P = (P,...,P,) is the profile of maximum punishments that can be imposed on bidders,

then in equilibrium the maximum expected revenue under auditing experiments will be

Eo[>ien(@f(t,07(0)) + 77(0i2))] — Ep[Xien ke(dap, (0:2))]-

Auditing bidder costs: Suppose that the seller can verify for free the experiments.
Moreover, suppose that the seller can audit bidder costs. Specifically, let k, : [0,1] — R
denote the cost of auditing such that when the seller incurs the cost k,.(¢) > 0, then with
probability ¢ € [0, 1] the seller can perfectly observe bidder i’s cost parameter r;, and
with probability 1 — ¢ he does not observe the cost parameter. In case a misreport is

detected, each bidder ¢ is punished by at most the amount P; < 0.

Let H;(s;, si|ri) = ®i(ri, si) — ®i(ri, si|ri, si) denote the pre-fee utility gap when a true
type (ri, s;) reports (14, s;). Define the chain-closure fee for each bidder ¢ as follows:

we(s;) —2

l(w)
(i, si) = inf (@i(ri,w1)+ZHi(wk,wk—1))
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for any 6; = (r;, s;) € [0,1]?. For each fixed r;, the fee scheme 7£¢(r;,.) satisfies stage-1
IR and IC constraints, and maximizes the amount of fee that can be collected among the
feasible schemes. Suppose that bidder ¢ with true type (r;, s;) contemplates reporting

(r},s;). Then, the auditing deterrence requires
D;(ri, 80) — 77(riy 81) > (1= q(ry))[@i(rs, 80) — 77, 80)] + q(r) P

Rearranging the terms gives us the inequality that

Ticc(riv Si) — Ticc(rgv Si)
<I>2'(’l“7;, .S’i) — TZ-CC(T‘;, Si) — PZ'

/

q(r})

Y

If 7£9(rL, s;) > 7£¢(r4, 8;), then the inequality trivially holds; the fees already establish the
deterrence, and so there is no need for costly auditing. If 7£¢(r}, s;) < 7£¢(ri, si), then
the auditing probability should be at least equal to the right hand side. Choosing the

minimum detection probability deters all possible misreports for every s:

+
750 (ri, 8i) — 75°(ri, 8i)

ap, (r;) = sup
P 74,5070 (r,81) STEC(14,54) D;(ri, s0) — 77°(r}, 80) — P
By stage-1 IR and P; < 0, we have ¢, (r}) € [0,1]. Once again the higher |P;] is, the
lower g, (1) is for each r;, and so the lower auditing cost k;(gp, (r:)) will be. Suppose
that the auditing costs are low enough that it is optimal for the seller to audit. In that
case, if P = (Py,..., P,) is the profile of maximum punishments that can be imposed

on bidders, then in equilibrium the maximum expected revenue under auditing will be
Ey[>ien (i (t,07(0)) + 7°(0:))] — Eo[>ien kr(ap, (0i1))]-

No auditing: Suppose that the seller cannot audit bidder experiments or costs. In
this case, the seller cannot enforce stage-1 IC constraint in the cost-scale parameter r or
mean-value parameter s. In other words, any r or s dependent stage-1 fee is not incentive
compatible, and so stage-1 fees should be flat in both r and s. Since we still have a
potential game, the optimal assignments of experiments can be found by considering the

maximizer of the potential function in D™:

max (o) = ma (Ee[z bk (t, o (0))] — Eol Y co, (akwk))}) .

keN keN
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Then the total expected payment at stage-2 will be 2™ = Ep[Y,;c y(25(t,0™%(0))] where
o™ € D" is the maximizer of the potential function when there is no audit, and so the bid-
ders can choose any experiment without any center restriction. In this case, the highest flat
fee that the seller can enforce 7;** should satisfy stage-1 IR constraint. As such, 7;** should
satisfy 7]'* = essinf(,, 5,y @7 (14, s;) where ®7%(ry, 5;) = maxy,ep (uf(filo™}) — cry5,(fi))-

Thus, the total expected revenue for the seller will be 2™ + .-\ 7/*%.

5 Discussion

Our two-stage mechanism—VCG at stage-2 combined with a stage-1 experiment and
fee schedules (where fees are constructed via the shortest-path (i.e., the chain-closure)
solution to the s-IC/IR envelope)—differs from classic optimal auction models in two
intertwined ways: (i) it preserves efficiency ex-post (VCG) while extracting rents ex-
ante through a fee that internalizes information choices, and (ii) it treats the stage-1
information-acquisition game as a Bayesian exact potential game, so the equilibrium
experiment profile maximizes expected welfare. Because bidders are ex-ante symmetric,
the stage-1 experiment assignment rule and the fee schedule can be taken symmetric across

bidders without loss, which greatly simplifies both characterization and implementation.

Relative to Myerson [1981] and Milgrom and Weber [1982], who characterize revenue-
optimal allocation/pricing with fixed information, our two-stage mechanism keeps the
allocation rule efficient (VCG) rather than ironing virtual values. The rationale is that
with endogenous signals the informational externalities run through stage-2 payoffs; VCG
maximizes the potential (expected surplus minus information costs), so any distortion of
stage-2 would reduce the potential and, by the standard revenue decomposition, reduce
revenue. In contrast, Stegeman [1996] and Cremer, Spiegel, and Zheng [2009] introduce
participation/inspection fees and show how entry or inspection can be screened; our fee,
however, is not a uniform entry or inspection fee but the shortest-path envelope over
pairwise s-1C constraints at a given r, which achieves maximal rent extraction subject to

truthful centers and stage-1 IR.

Within the auction design with endogenous information literature, mechanisms typically
either (a) restrict or recommend information structures, or (b) embed precision choices
into the objective. Our approach is closest in spirit to Bergemann and Valimaki [2002]’s
efficiency with costly information and to Bergemann and Pesendorfer [2007]’s focus on
information structures, but it leans on two design commitments: (1) stage-2 remain

VCG precisely because the stage-1 signal game is a Bayesian exact potential game,
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so welfare-maximization at stage-2 aligns with equilibrium information choices; and
(2) rent extraction occurs entirely via a stage-1 fee, pinned down by the chain-closure
construction that aggregates all local s-deviation bounds into a global maximum-revenue,
s-IC-and-IR-feasible tariff. Compared to Shi [2012]) and Gershkov, Moldavanu, Strack,
and Zhang [2021], which allow allocation distortions to influence information incentives,
our two-stage mechanism isolates information provision from allocation by keeping VCG
at stage-2 and using the fee to implement the efficient information profile while minimizing

information rents.

There are other related work which treat information as a design primitive but differ on
who controls it, what is optimized, and whether allocation is distorted. Mensch [2022]
studies a monopoly screening problem with limited attention: buyers choose attention and
the seller uses menus (attributes/prices) to separate types, accepting distortions to extract
surplus. Eso and Szentes [2007] analyze competitive auctions where the seller designs
public disclosure/handicaps to raise revenue, often tilting competition and sacrificing
efficiency when profitable. By contrast, our IPV auction keeps allocation efficient by
committing to VCG at stage-2 and prices bidder-chosen information ex ante via a stage-1
experiment/fee menu (built from an s-IC/IR shortest-path envelope). This makes the
pre-auction learning game an exact potential game, implements efficient information

acquisition, and lets the seller achieve optimal revenue without allocation distortions.

Finally, Persico [2000] studies signal precision choice at a cost in first- and second-price
auctions within a model of affiliated values; Pernoud and Gleyze [2025] take the second-
price allocation rule as given and characterize how competition shapes how much and
what type of information bidders seek (e.g., learning about own values or rival values).
By contrast, our objective is to find an optimal mechanism which maximizes the revenue
and/or welfare. Our two-stage mechanism designs the information stage (and fees) so that
competition remains effective and revenue-optimal under IPV with endogenous learning.
The symmetry of the environment implies a symmetric fee/experiment mapping across
bidders, and the potential-game structure implies that the induced information profile is
socially optimal among feasible signals. In short, our two-stage mechanism sits at the
intersection of efficient allocation (VCG), optimal information provision (through the
potential), and maximal rent extraction (via chain-closure), offering a clean benchmark
against which the classic revenue-maximizing distortions or inspection-fee designs can be

contrasted.
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6 Conclusion

This paper revisits single-object auctions under independent private values when bidders
can flexibly—but at a cost—improve what they know about their own valuations before
bidding. We contrasted the welfare benchmark, which implements efficient allocation in
VCG /second-price environments, with the revenue benchmark characterized by virtual
values and reserves. We then asked how endogenous information acquisition reshapes this
classic dichotomy. Our main result shows that, once the seller commits to a two-stage
design in which experiments are registered up front and the stage-2 allocation rule is
VCG, the incentives to learn line up with efficiency, and the seller can implement a
transfer scheme that is incentive compatible and individually rational while also attaining
the Myerson revenue objective. Intuitively, fixing VCG at stage-2 turns the pre-auction
information game into an exact potential game, so equilibrium learning maximizes
expected welfare; the stage-1 fee schedule then extracts the value generated by better
selection without needing to condition on unverifiable cost scales, relying instead on
verifiable features of the registered experiments. This delivers a unification: in our
environment, the divergence between revenue and welfare that arises from exclusion,
asymmetries, and reserves in static models can be neutralized when learning is properly

internalized at stage-1.

These findings carry practical and theoretical implications. Practically, they suggest
that when pre-auction diligence is salient—as in spectrum, mineral rights, or complex
procurement—designers should evaluate formats not only by their static allocation rules
but by the learning incentives they embed; a simple commitment to VCG in stage-
2 coupled with a transparent, experiment-based registration fee can simultaneously
deliver high revenue and efficiency. Theoretically, our results refine the scope of revenue
equivalence: formats that are revenue-equivalent in the no-learning benchmark need
not remain so once learning is endogenous, but an appropriate two-stage commitment
can restore alignment by making the induced allocation rule format-invariant through
efficient information acquisition. Several extensions merit further work: robustness to
richer frictions in verifying experiments; budget or liquidity constraints; risk aversion;
correlated or affiliated signals beyond IPV; dynamic entry and disclosure; and optimal
auditing technologies. Each of these can interact with learning incentives and reserves in
ways that either reinforce or erode the alignment we document, offering a roadmap for

future research at the intersection of information design and auction theory.
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