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Summary. We analyze an infinite horizon model where a seller who owns an
indivisible unit of a good for sale has incomplete information about the state
of the world that determines not only the demand she faces but also her own
valuation for the good. Over time, she randomly meets potential buyers who may
have incentives to manipulate her learning process strategically. We show that i)
the seller’s incentives to post a high price and to experiment are not necessarily
monotonic in the information conveyed by a buyer’s rejection; and ii) as the
discount factors tend to one, there are equilibria where the seller always ends up
selling the good at an ex-post individually rational price.

Keywords and Phrases: Information revelation, Asymmetric information, Ex-
perimentation.
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1 Introduction

The problem studied in this paper can be illustrated as follows. Consider an
individual who has a single indivisible item for sale but does not know whether
its quality is high or low. If it is high, she knows that finding buyers who, in
principle, are willing to pay a high price for it will be relatively easy; moreover,
her own valuation for the item will be high, and she will refuse to trade it at
a price below that value. That is, she would rather keep the good instead of
underselling it. The opposite situation arises if its quality is low. In other words,
the demand and the seller’s valuation depend on the quality of the item, which is
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unknown to her. To learn more about it, she could meet buyers over time, offer
the good at a high price, observe their actions, and then update her assessment
about its quality. This is a costly strategy because she would rather sell it sooner
than later, but it may allow the seller to improve her information and make a
better decision. However, the problem can be complicated by the fact that buyers
who have a high valuation for the item, and who are likely to meet her again
in the future, may have incentives to ‘play tough’ and reject a high but still
affordable price, so as to induce the seller to believe that the quality is low, and
therefore make her more inclined to post a lower price in the future.

To capture the main features of this problem, we consider an infinite horizon
single-sale model where the demand and the seller’s valuation for the good
depend on the state of the world that is unknown to her, and she meets potential
buyers over time who behave strategically. In this environment with asymmetric
information, active learning, and strategic behavior, we characterize the Perfect
Bayesian Equilibria of the game and obtain two main results. First, we prove that,
even if the buyers do not attempt to manipulate the seller’s learning process, her
incentives to post a high price and to experiment arenot necessarily monotonic
in the information conveyed by a buyer’s rejection to buy at a high price; the
intuition is that a change in the informativeness of this signal affects not only
future beliefs, but also the ‘weight’ that the seller assigns to the payoff of selling
in the future, and these two effects can work in opposite directions. Second, we
show that, as the discount factors of the seller and the buyers tend to one, there
are equilibria where the sellernever trades at the ‘wrong’ price in the limit; i.e., in
each state of the world, she ends up selling the good at an ex-post individually
rational price. The main forces that drive this result are a) the existence of
heterogeneous buyers in each state of the world, and b) the assumption that the
number of buyers is greater than the number of sellers.

This paper is a contribution to a literature started by Wolinsky (1990), and
further developed by Serrano and Yosha (1993, 1996), and Blouin and Serrano
(1998). Wolinsky (1990) studies a model with active learning very similar to
ours, but with a large number of buyers and sellers that meet pairwise in each
period, and with informed and uninformed agents on each side of the market.
He characterizes the steady-state equilibria of the model and shows that, as
agents become almost infinitely patient then in any equilibrium a nonegligible
fraction of uninformed agents trades at the ‘wrong’ price. Serrano and Yosha
(1993) conduct the same analysis but under the assumption that one side of
the market contains only informed agents; they find that Wolinsky’s result is
reversed in this case: in particular, they show that there is always a steady-
state equilibrium where trade occurs at the ‘right’ price. Their subsequent paper
contains a welfare analysis of these environments, demonstrating an equivalence
between asymptotically ex-post individually rational and asymptotically (ex-ante,
interim, and ex-post) efficient equilibrium sequences. Finally, Blouin and Serrano
(1998) drop the steady-state assumption and focus on the one time entry case:
they show that, in the limit, a nonnegligible fraction of uninformed agents trades
at the ‘wrong’ price, and this holds whether informed agents are present on one
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or on both sides of the market. Our paper is closest to Blouin and Serrano (1998);
in fact, we consider a simple model with one time entry, pairwise meetings, and
informed agents on one side of the market. Unlike Blouin and Serrano’s model,
ours assume posted prices, heterogeneity of buyers’ valuations in each state,
and different number of agents on each side. As we explained above, the last
two assumptions allow us to reverse the negative result obtained by Blouin and
Serrano and show that there exist equilibria that exhibit trade at the right price
in the limit.

This work is also related to the seminal paper by Rothschild (1974) that
started the literature on experimentation in economics.1 The seller’s problem
analyzed in Section 3 amounts to solving a single-agent experimentation problem;
the tractability of our framework allows us to characterize the seller’s optimal
policy, her incentives to experiment, and the asymptotic properties of the model
in an elementary way. Moreover, the experimentation problem exhibits what
Datta, Mirman, and Schlee (1998) called ‘signal dependence’; i.e., the signal
observed affects future payoffs not only through changes in beliefs. We provide
an intuitive characterization of the different effects that this property has on the
seller’s behavior as the signal becomes more informative in Blackwell’s sense,
which allows us to explain why the degree of experimentation is nonmonotonic
in this variable.

Other papers that have analyzed related issues regarding strategic pricing and
learning in markets are Lazear (1986), Bergemann and Valimaki (1996), and
Taylor (1999). Lazear (1986) also analyzes a single-sale model, where a seller
faces a population of buyers whose common valuation for the good is unknown
to her; he characterizes the seller’s optimal pricing policy in the finite horizon
case. Our model can be interpreted as an infinite horizon version of his, with two
possible price announcements, noisy observations and a state-dependent seller’s
valuation; however, we also shed some light on an issue Lazear left unanswered:
the effect that the strategic behavior of buyers has on the seller’s optimal pricing
policy. Bergemann and Valimaki (1996) study a model of a buyer who buys
repeatedly from sellers who offer goods of different and unknown quality and
compete in a Bertrand fashion; they focus on the stationary equilibria of the game
and characterize the effect that price competition has on the buyer’s optimal
experimentation policy. Unlike their model, we consider a case where the seller
extracts information about a single parameter and only trades once; moreover,
we also analyze the incentives to experiment and the asymptotic properties of
the model. Taylor (1999) considers the case where a seller optimally sets prices
to manipulate how much buyers learn about quality; he pursues the analysis
under different assumptions about the observable history of the game, but always
allowing buyers to play only once and never face the seller again. Like his paper,
ours also uses posted prices as the selling mechanism; however, we focus on the
seller’s learning process and allow buyers to meet her repeatedly.

1 See also Mirman, Samuelson and Urbano (1993), Easley and Kiefer (1988), and the references
cited therein.
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The paper is organized as follows. Section 2 describes the model. The main
results are presented in Section 3. We first characterize the Perfect Bayesian
Equilibrium of the game when buyers do not have incentives to manipulate the
seller’s learning process (we call it the ‘impatient buyers’ case), and we analyze
the seller’s incentives to announce a high price and experiment as a function of
several parameters of the model. Then we study the case with ‘patient buyers’
who may have incentives to reject a high price, hoping that the seller will post a
lower price in their next meeting. Finally, we analyze the asymptotic properties
of the model as the discount factors of the seller and the buyers converge to one.
Section 4 concludes. Most of the proofs are collected in the Appendix.

2 The model

Consider an individual who has an indivisible unit of a good for sale and who
searches for potential buyers. The state of the world that prevails is unknown to
her, and it can be either high or low; i.e.,θ ∈ {H , L}. She believes that it is
H with probability 0≤ µ0 ≤ 1. In the low state, she would be willing to sell
at any price abovecL, while the minimum price she would accept in the high
state iscH . Whatever the state may be, there are two possible prices at which a
transaction can take place:ph or pl , with ph > cH > pl > cL > 0.

There areM buyers in each state of the world, and they can be of two
different types: theB -buyers, whose valuation for the good isB > ph and who
are, in principle, willing to buy at either price, and theb-buyers,
pl < b < ph , who only buy if the low price is posted. Unlike the seller, buyers
know the state of the world. The proportions of buyers of each type are different
in each state of the world: in the high state, the probability of meeting aB
is α; in the low state, this probability isε < α. Notice that this differs from
the ‘one-sided information case’ with common values uncertainty considered in
Serrano and Yosha (1993) and in Blouin and Serrano (1998), where agents on the
informed side of the market were all of the same type in stateH and similarly in
stateL. In this sense, our set-up is slightly more general and combines elements
of private and common values; moreover, it subsumes the case with common
values (i.e.,α = 1 andε = 0) as a special case. This extra generality allows us to
study the seller’s incentives to post a high price and to experiment as a function
of the informativeness of the observations (changes inα or ε), and it also affects
the limit properties of the model.2 In the sequel, we will carefully point out how
the results change ifα = 1 andε = 0.

The timing of the events is the following: in each period, the seller randomly
meets a buyer and, without observing his valuation, she announces a price. After
the announcement the buyer decides whether to buy or not (A = accept,R =
reject). If he accepts, the transaction takes place at the price posted by the seller

2 See the discussion in Section 3.4.
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and the game ends; if he rejects, then the game continues and the seller is matched
anew in the next period.3

The seller discounts payoffs using 0< β < 1; in other words, if she trades
after t periods at pricepi , i = l , h and the true state isθ = H , L, she enjoys
βt (pi − cθ). Notice thatpl − cH < 0; that is, trading at the low price in stateH
is worse than not trading at all.

Buyers discount the future with 0< δ < 1; if one of them trades aftert
periods and payspi , i = l , h, then his payoff is eitherδt (B − pi ) or δt (b − pi )
depending on his type.4

Formally, this problem is a multi-stage game with observed actions and in-
complete information where Nature choosesθ = H with probabilityµ0. Then, if
the state isH (L), it randomly assigns the valuationB to a proportionα (ε) of
the buyers andb to the rest. Each buyer observes the state of the world and his
valuation for the good; the seller does not observe these moves by Nature, but
she is fully aware of the total number of buyers and their proportions in both
states. After this, the game proceeds as described above; that is, in every period,
each buyer meets the seller with probability1

M , the seller posts a price, the buyer
accepts or rejects and if he rejects, the matching process starts again.

A behavior strategy for the seller specifies a probability distribution over
prices for each nonterminal history at which she has to make a decision;
σ(pi | ht ) is the probability that she announcespi , i = l , h, given ht . No-
tice that the only nonterminalt-history for the seller is of the formht =
((ph , R)1, (ph , R)2, ..., (ph , R)t ), since acceptance by the buyer ends the game.
We denote byµt the probability the seller assigns toH after the historyht .

Similarly, a behavior strategy for a buyer maps nonterminal histories (at
which he is matched with a seller) and types into probability distributions over
actions. Formally, we can represent this strategy as (σ(a | (ht , pi ), H , B ),
σ(a | (ht , pi ), H , b), σ(a | (ht , pi ), L, B ), σ(a | (ht , pi ), L, b)), a = A, R, i = h, l ;
for example,σ(A | (ht , ph ), H , B ) is the probability that a buyer accepts in period
t , given that the price posted isph , the state isH and his valuation isB .

The solution concept we use is Perfect Bayesian Equilibrium (PBE); that is,
we look for a profile of behavior strategies (one for each player) and beliefs for
the seller such that, at any stage of the game, strategies are optimal given the
beliefs, and these are derived using Bayes’ rule whenever possible.

Notice that we can immediately pin down the values of some of the compo-
nents of a buyer’s optimal strategy: sincepl is always accepted, it follows that
σ(A | (ht , pl ), H , B ), σ(A | (ht , pl ), H , b), σ(A | (ht , pl ), L, B ), and
σ(A | (ht , pl ), L, b) are equal to one for everyt . Also, b < ph implies that
σ(A | (ht , ph ), H , b) and σ(A | (ht , ph ), L, b) are equal to zero in every period.

3 Like the other papers cited in the introduction, we take the selling mechanism as given; we
refer the reader to Lazear (1986) for practical reasons that can make posted prices the ‘preferred’
mechanism for the seller.

4 As will become clear below, having different discount factors for the seller and the buyers
affords a neat and intuitive characterization of the set of equilibria in terms of cut-off values forβ
andδ.
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The only buyers that need not have a dominant strategy are the ones with valua-
tion equal toB when the price posted isph . As we shall see, their behavior will
play a prominent role in the determination of the seller’s optimal pricing policy.

3 Main results

The decision problem that aB -buyer faces when the price posted in periodt is
ph is the following: if he accepts, his payoff isδt (B − ph ) and the game is over;
if he rejects, there is a positive probability that he will meet the seller again in
the future and, having updated her beliefs after failing to trade, he may buy the
good atpl . In other words, rejection has an option value, and aB -buyer must
compare it with the payoff from accepting.

Notice that in equilibrium, a necessary condition for aB -buyer to reject a
price ph in any period is

B − ph ≤ 1
M

δ(B − pl ).

That is, it must be the case that the payoff from buying at a high price is less
than the expected value of buying at a low price next period.

Let δ∗ = M (B−ph )
B−pl

; then, the condition stated above is equivalent toδ ≥ δ∗.
If this condition is satisfied we will say that buyers arepatient, in the restricted
sense that a buyer may find it optimal to reject a high price and wait for a low
price; similarly, buyers are defined asimpatient if δ < δ∗, i.e. they never find
it optimal to reject a high price. Notice thatδ∗ ≥ 1 if the number of buyers is
sufficiently large; in this event, with a slight abuse of the terminology, we will
say thatB -buyers are always impatient.5

3.1 Impatient buyers

If δ < δ∗, then aB -buyer will always find acceptingph optimal in both states. In
other words,σ(A | (ht , ph ), L, B ) andσ(A | (ht , ph ), H , B ) will be equal to one.

It remains to characterize the seller’s optimal strategy. Since buyers’ strate-
gies are stationary and independent of the seller’s strategy, her problem can be
formulated in stochastic dynamic programming terms using her beliefs as a state
variable.

Let µ be the seller’s current beliefs; the value function of the seller’s problem
satisfies the following Bellman equation:6

V (µ) = max{µ(pl − cH ) + (1− µ)(pl − cL), (µα(ph − cH )

+(1− µ)ε(ph − cL)) + (µ(1 − α) + (1− µ)(1 − ε))βV (µ′)}, (1)

5 This case will become relevant in Section 3.4, where the limit properties of the model are
analyzed.

6 It is straightforward to show that the Principle of Optimality holds in this problem, and that the
solution to the functional equation we characterize is the value function of the seller’s problem.
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where

µ′ =
µ(1 − α)

µ(1 − α) + (1− µ)(1 − ε)
.

The interpretation of (1) is straightforward: if she announcespl , she trades
with probability one and this has an expected payoff equal to
µ(pl − cH ) + (1 − µ)(pl − cL). If she announcesph , then the following events
can happen: a) with probabilityµ the state isH , in which case she trades with
probabilityα and getsph −cH , and she fails to trade with probability (1−α) and
continues the search, which has an expected discounted payoff (under an optimal
strategy) given byβV (µ′); b) with probability (1− µ) the state isL and either
she trades with probabilityε gettingph −cL, or she fails to trade with probability
(1−ε) and continues the search, which has an optimal expected discounted payoff
given byβV (µ′). Rearranging terms yields the second expression inside the max
operator.

The best possible scenario for the seller is that the state be low and she sell
the good immediately at a high price, in which case she would getph − cL.
Moreover, the seller always has a ‘default strategy’ that yields a nonnegative
expected payoff: namely, ‘always announceph ’. Therefore, a strategy with a
negative expected discounted payoff can never be optimal. These remarks show
that 0≤ V (µ) ≤ ph − cL.

The following proposition characterizes the seller’s value function:

Proposition 1 There is a unique continuous and convex function V : [0, 1] −→
[0, ph − cL] that solves the Bellman equation (1).7

Proof. See the Appendix.

We now turn to the characterization of the seller’s optimal policy. For nota-
tional simplicity, define the functionsf (µ) andg(µ) as follows:

f (µ) = µ(pl − cH ) + (1− µ)(pl − cL),

g(µ) = (µα(ph − cH ) + (1− µ)ε(ph − cL)) +

(µ(1 − α) + (1− µ)(1 − ε))βV (
µ(1 − α)

µ(1 − α) + (1− µ)(1 − ε)
).

Although we focus on the case where the seller is uninformed (0< µ < 1),
it is instructive to start with the informed case. Supposeµ = 1; intuitively, if she
knows that the state isH , then she will always announceph sincepl leads to
trade for sure at a losspl − cH < 0. The situation is a bit more complex when
the seller knows that the state is low (µ = 0). If she announcespl she trades with
probability one and obtains a surplus given bypl − cL. However, for any given

7 The convexity of the value function in Bayesian control problems is a standard result; see Nyarko
(1994), Proposition 3.2 and the references cited therein. The proof contained in the Appendix is needed
in order to show that the second term inside the max operator is convex, a property that plays a key
role in the proof of Proposition 2 (iii).



340 H. Chade and V. Vera de Serio

proportion ofB -buyers in stateL, if her discount factor is sufficiently high she
might find it optimal to announceph instead. Since beliefs will not change in
this case, if she announcesph in any particular period, she will continue to do
so forever. Finally, if she is uncertain about the state of the world that prevails
(0 < µ < 1), then the optimal policy is to announce a high price so long as her
belief about the high state is above a threshold level, and to switch to a low price
the first period it falls below the threshold. However, the fact that there is only
a finite number of prices available also makes the policy ‘alwaysph ’ optimal if
the seller’s discount factor is high enough.

Let β∗ = (pl −cL)−ε(ph−cL)
(1−ε)(pl −cL) ; the following proposition characterizes the optimal

strategy for the seller.

Proposition 2 (i) If µ = 1, then the optimal policy for the seller is to announce
ph in every period and the value of this policy is α

1−(1−α)β (ph − cH ).
(ii) If µ = 0, then the optimal policy for the seller is the following:
If β ≥ β∗, then she announces ph in every period. The expected discounted

payoff of this strategy is ε
(1−(1−ε)β) (ph − cL).8

If β < β∗, then she always announces pl . The expected discounted payoff of
this strategy is (pl − cL).

(iii) If 0 < µ < 1, then the optimal policy for the seller is the following:
If β < β∗, then she announces ph if µ ≥ µ∗, and pl if µ < µ∗. The threshold

µ∗ is the unique solution to the equation

f (µ∗) − g(µ∗) = 0.

If β ≥ β∗, then she announces ph in every period.

Proof. See the Appendix.

This completes the characterization of the equilibrium strategies. In summary,
the PBE of the game is described as follows:

Proposition 3 (i) If β < β∗, then the following strategies and beliefs constitute
the unique PBE of the game when δ < δ∗:

Buyers: σ(A | (ht , pi ), θ, B ) = 1 for every t , i = l , h, θ = H , L;
σ(A | (ht , pl ), θ, b) = 1, σ(A | (ht , ph ), θ, b) = 0 for every t , θ = H , L.

Seller: σ(ph | ht ) = 1 for every t in which µt ≥ µ∗, and zero otherwise.
Beliefs: µt = (1−α)t µ0

µ0(1−α)t +(1−ε)t (1−µ0) for every t .
(ii) if β ≥ β∗, then buyers’ strategies and beliefs as in (i), with the seller’s

strategy σ(ph | ht ) = 1 for every t , constitute the unique PBE of the game when
δ < δ∗.

A special case of the PBE described above is one in whichα = 1 and
ε = 0; i.e., in stateH , all buyers areB -buyers, and in stateL, none areB -
buyers. Then,β∗ = 1 and only (i) of Proposition 3 is relevant; moreover, given

8 Without loss of generality, we assume that whenβ = β∗ the seller chooses ‘alwaysph ’, although
this is only one of the optimal policies.
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the strategy of the buyers, a rejection is anoiseless signal of the state and
therefore a single announcement ofph is all that is needed whenµ0 ≥ µ∗.
This resembles the outcome of the (steady-state) equilibrium E1 characterized
by Serrano and Yosha (1993) in the ‘large market’ set up. An intuitive way to
explain this similarity is the following: notice thatδ < δ∗ can be manipulated
and rewritten as1

M < 1
M ∗ , whereM ∗ = δ(B−pl )

B−ph
; therefore, the straightforward

behavior of buyers in equilibrium can be interpreted as arising because their
number is ‘large’, and hence there is a small probability of meeting the seller
again in the future. Unlike Serrano and Yosha (1993), the uniqueness of the PBE
when 1

M < 1
M ∗ is due to the fact that there is only one seller and one time entry,

for this ‘kills’ a B -buyer’s option value of a rejection.
When α < 1, a rejection is only anoisy signal of the true state, and the

seller’s belief changes in a slower fashion. The role that this noise plays in the
seller’s optimal strategy (and therefore in the PBE of the game) is investigated
next.

3.2 The incentives to announce a high price

In this section, we analyze how the seller’s equilibrium behavior changes when
her discount factor or the information structure of her problem (i.e., the propor-
tions of B -buyers in each state) change. The main result we obtain is that her
incentives to announce and to experiment with a high price are not necessarily
monotonic in the informativeness of the signals (rejections) she observes.

Notice that the seller’s equilibrium strategy is summarized by the threshold
µ∗, which is a function of the parameters of the model; in particular, it depends
on α, ε andβ. The following proposition derives an explicit formula forµ∗ that
allows us to characterize its behavior as a function of those parameters.

Proposition 4 (i) If β < β∗, then µ∗ is positive and equal to

(1 − β(1 − ε))(pl − cL) − ε(ph − cL)
(1 − β(1 − ε))(pl − cL) − ε(ph − cL) + α(ph − cH ) − (1 − β(1 − α))(pl − cH )

.

(2)

(ii) If β < β∗, then µ∗ is strictly decreasing in β, α, and ε; moreover, for given
values of α and ε, µ∗ converges to zero as β converges to β∗.

Proof. See the Appendix.

The intuition underlying these results is the following: asβ increases, the
seller becomes more patient and therefore more willing to announceph ; this is
reflected in a lower thresholdµ∗. On the other hand, an increase inα has three
effects:

a) it increases the likelihood of making a sale in the current period,
b) it makes a rejection ofph more informative in Blackwell’s sense, and
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c) it makes the future ‘less important’ (i.e., (µ(1 − α) + (1 − µ)(1 − ε))β
decreases).

Effects a) and b) make the seller more prone to announceph , while c) works
in the opposite direction; Proposition 4 shows that the first two effects dominate.
The same effects arise whenε increases, although the direction of b) is reversed;
however, effect a) prevails, and the net result is a decrease in the thresholdµ∗.
In other words, despite the fact that the informational content of a rejection of
ph decreases, the seller becomesmore inclined to postph .9

Using expression (2), it is easy to show that the seller’s equilibrium behav-
ior involves experimentation; if the seller were ‘myopic’, she would ignore the
impact that an announcement ofph had on future profits, and would set a belief
threshold given by

µm =
(pl − cL) − ε(ph − cL)

(cH − cL) − ε(ph − cL) + α(ph − cH )
.

Since µ∗ < µm , the seller announcesph when µ ∈ (µ∗, µm ), althoughpl is
myopically optimal.10

An interesting question is whether the length of the interval (µ∗, µm ) increases
if a rejection becomes more informative. The following example reveals that this
is not necessarily the case:

Example 1: Let ε = 0; straightforward differentiation shows that

∂(µm − µ∗)
∂α

{
< 0 if α > α∗

≥ 0 if α ≤ α∗,

where

α∗ = (
(1 − β)(cH − cL)2

(ph − cH )2 + β(cH − pl )(ph − cH )
)

1
2 .

The intuition is as follows: since both kinds of sellers, myopic and nonmyopic,
take into account effect a), it is the interplay between effects b) and c) that
determines the sign of∂(µm−µ∗)

∂α ; the example shows that b) dominates for low
values ofα, and c) prevails for high values. In other words, for low values ofα,
the informational gain from postingph offsets the reduction in the option value
due to effect c); the opposite happens for high values ofα.

9 As another example, consider the case whereε = (1 − α); it can be shown that an increase in
α, which leads to more informative observations, results in a lowerµ∗.

10 Notice that a myopic seller not only ignores that postingph and being rejected provides her with
information about the state of the world, but she also ignores the fact that if she does not sell today,
she can still sell in the future. In this sense, the model exhibits what Datta, Mirman, and Schlee
(1998) callsignal dependence; i.e., the current signal (rejection ofph ) has an additional effect on the
future discounted payoff (option to sell in the future) besides changing the seller’s beliefs about the
state. The difference betweenµm andµ∗ includes both effects; see the discussion after Example 1.
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3.3 Patient buyers

We now consider the case whereδ ≥ δ∗. In this situation, aB -buyer need not
always acceptph : since a rejection today can have a positive option value, he
may have incentives to turn down a high price hoping that the next time he
meets the seller she will post a low price. This strategic behavior decreases the
informational content of a rejection for the seller, and it therefore affects her
optimal pricing strategy.

Notice that, ifβ ≥ β∗, then the PBE described in Proposition 3 (ii) is still a
PBE when buyers are patient. For if the seller announces a high price in every
period, then aB -buyer cannot improve his payoff by rejecting it.

However, the strategies and beliefs given in Proposition 3 (i) do not constitute
a PBE anymore. The explanation is simple: given the strategy of the seller, a
B -buyer will rejectph if he meets the seller the period before her beliefµ reaches
µ∗; thus, there is a nonterminal history after whichB -buyers have a profitable
deviation, so the profile of strategies and beliefs described in Proposition 3 (i)
cannot be a PBE whenδ ≥ δ∗.

Let µ∗∗ be the belief that solves (pl − cL) − µ(cH − cL) = 0; i.e., µ∗∗ =
pl −cL

cH −cL
. This is the largest value ofµ (the belief aboutH ) that gives the seller a

nonnegative expected payoff from trading atpl . She would never announcepl if
µ > µ∗∗, for this would yield a negative expected payoff.

Proposition 5 If µ0 ≤ µ∗∗, then the following strategies and beliefs constitute a
PBE of the game when δ ≥ δ∗:

Buyers: σ(A | (ht , pl ), θ, B ) = 1, σ(A | (ht , ph ), θ, B ) = 0, σ(A | (ht , pl ), θ, b) =
1 and σ(A | (ht , ph ), θ, b) = 0 for all t , θ = H , L.

Seller: σ(ph | ht ) = 0 for all t .
Beliefs: µt = µ0 for all t .

Proof. Given the strategies of the buyers and the fact thatµ0 ≤ µ∗∗, the optimal
strategy for the seller is to announcepl after any nonterminal history. Similarly,
given the seller’s strategy, it is optimal for aB -buyer to rejectph after any
nonterminal history, sinceδ ≥ δ∗ makes it worthwhile for him to wait for a
low price in the next period. The beliefs stated in the proposition support the
optimality of these strategies in every period. 	


In other words, whenδ ≥ δ∗, there is an equilibrium in whichB -buyers
always reject a high price, and the seller’s only alternative is to post a low price
and sell in the first period; in order for this to be optimal for her, it must be the
case that selling at a low price yields a nonnegative expected payoff, and this is
true so long asµ0 ≤ µ∗∗. Notice that, compared to the case withδ < δ∗, the
strategic behavior ofB -buyers induces the seller to announce a low price when
µ0 ∈ (µ∗, µ∗∗), values that previously made her postph .

If µ0 > µ∗∗, then it is easy to see that ‘alwayspl ’ cannot be an optimal
strategy for the seller; so long asµt > µ∗∗, announcingph and being rejected is
strictly better than postingpl (which has a negative expected payoff). Therefore,
if µ0 > µ∗∗, then in any PBE the seller’s strategy must include announcements
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of ph at least until the first period in which her belief about the high state drops
below µ∗∗. Also, notice that if the seller is expected to switch topl at any
particulart , then aB -buyer will rejectph at t − 1; therefore, the seller is better
off by switching att −1 instead of att . This suggests that any PBE must involve
randomization after a certain point in time.

The following example, which is derived in the appendix, illustrates these
features. To simplify the notation, setσ(A | (ht , ph ), H , B ) = πt , and definêt as
the first time thatµt drops belowµ∗∗.

Example 2: Let α = 1
M , ε = 0, andµ0 > µ∗∗. Then there is a PBE with the

following characteristics:

(i) the seller announcesph until t̂ , and then postsph with probability 0 <
λ < 1 forever after,

(ii) the B -buyer acceptsph if he meets the seller beforet̂ , and then randomizes
between acceptance and rejection with probability 0< πt < 1,

(iii) πt increases over time and converges to one asµt converges toµ∗.
If µ∗ < µ0 < µ∗∗, then (i)-(iii) hold with t̂ = 0.

In this example, the seller announcesph until pl ceases to have a negative
expected payoff, and then she randomizes from that point onward. TheB -buyer
acceptsph with probability one if he meets the seller beforet̂ ; after that, she
randomizes between acceptance and rejection of a high price with probabilities
that change over time in such a way that they keep the seller indifferent between
pl and ph in every period. In order to accomplish this, the probability that he
acceptsph increases over time; the fact thatph is more likely to be accepted in
the future provides the seller with incentives to postph with positive probability
in every period.

3.4 Limit properties

So far we have studied the equilibria of the game for fixed discount factors
β, δ ∈ [0, 1). We now investigate what happens when both discount factors tend
to one; i.e., when the cost of waiting becomes negligible.

Our main result is that, although it is easy to construct PBE where the seller
trades at the ‘wrong’ price (pl in stateH ), there are PBE in the limit where
trade always occurs at ex-post individually rational prices. This contrasts with
the large market model with one time entry, analyzed by Blouin and Serrano
(1998), where inall equilibria there is a nonnegligible fraction of agents that
trades at the wrong price in the limit.11

An example of a PBE in which the seller trades at the wrong price in the
limit is the following:

11 The steady-state version studied in Serrano and Yosha (1993) doesn’t exhibit this feature: among
other results, the authors show that there are always equilibria where trade occurs at the ‘right’ price.
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Proposition 6 If µ0 < µ∗∗, then the PBE described in Proposition 5 is an equi-
librium in the limit, as δ → 1 and β → 1.

Proof. See the Appendix.

The outcome of this PBE is the following: the seller announcespl in the first
period and trades. Thus, trade occurs at the wrong price if the state happens to
be H .

Our model also has PBE where trade occurs at the ‘right price’ in the limit:

Proposition 7 For any µ0:
(i) The PBE described in Proposition 3 (ii) is an equilibrium in the limit, as

δ → 1 and β → 1.
(ii) If α = 1, ε = 0, and the primitives of the model are such that δ∗ ≥ 1, then

the PBE described in Proposition 3 (i) is an equilibrium in the limit, as δ → 1
and β → 1.

Proof. See the Appendix.

Let us interpret the PBE described in Propositions 6 and 7 in terms of the
following two forces identified by Serrano and Yosha (1993) as the discount
factors tend to one:

CL (cost of learning): as the seller becomes more patient, it is less costly for
her to sample buyers in order to acquire information about the state of the world;

MI (misrepresentation of information): asB -buyers become more patient, it
is less costly for them to rejectph (the option value of a rejection increases).

Consider the PBE described in Proposition 6, in which the seller postspl

in every period and trades in period one. Since in this case postingpl has a
nonnegative expected payoff for the seller, this givesB -buyers incentives to
reject ph in every period; in other words, MI prevails and no learning takes
place.

In the PBE described in Proposition 7 (i), the seller never trades at the wrong
price; that is, she never sells the good atpl in stateH . The intuition is the
following: no matter what the true state is, it is optimal for the seller to post
ph in every period; in other words, CL is zero. This makes MI too costly for
B -buyers, inducing them to behave truthfully.

Finally, in the PBE described in Proposition 7 (ii) withα = 1, ε = 0, and
δ∗ ≥ 1, MI is not active, and CL goes to zero asβ → 1; this makesph optimal
in the first period no matter what the seller’s belief is, and a rejection reveals that
the state isL with probability one.12 Thus, she either trades in the first period at
ph if the state isH , or in the second period atpl if the state isL.

Intuitively, we can explain the difference between our results and those of
Blouin and Serrano (1998) as follows: unlike their model, ours allows for het-
erogeneity of buyers’ valuations in each state of the world, and we drop the as-
sumption of equal number of buyers and sellers. The presence ofB andb-buyers

12 Recall that, in this case,β∗ = 1, andµ∗ converges to zero asβ → 1 (Proposition 4 (ii)).
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in each state allows the seller to commit herself to postph in every period until
someone accepts. Thiscannot happen without heterogeneity in each state, be-
cause one rejection revealsL with certainty when buyers behave truthfully, and
it is optimal for the seller to postpl from that point onward; in other words, she
can only make a commitment to postph for one period, and patientB -buyers
will behave truthfully in the limit only if δ∗ ≥ 1. Notice thatδ∗ ≥ 1 if M ,
the number of buyers, is sufficiently large; in other words, dropping Blouin and
Serrano’s assumption of equal number of buyers and sellers makes an important
difference.

4 Concluding remarks

We have analyzed an infinite horizon single-sale game between a seller and a
population of buyers. In this set-up with one time entry, asymmetric information,
heterogeneous buyers, and active learning, we have shown that the seller’s incen-
tives to post a high price and to experiment are not necessarily monotonic in the
informativeness of the signals she observes. Moreover, we have demonstrated
that there exist PBE with the property that, as the discount factors tend to one,
the seller always trades at an ex-post individually rational price in the limit.

It would be interesting to investigate whether these results hold in more
general optimal stopping problems with learning and in a large market set-up like
Wolinsky’s model, when agents have heterogeneous valuations and the number
of buyers is not equal to the number of sellers.

Appendix

Proof of Proposition 1. Let C ([0, 1]) be the space of continuous functionsh :
[0, 1] −→ R, endowed with the sup norm. It is well known that this is a Banach
space.

Define the operatorT as

Th(µ) = max{µ(pl − cH ) + (1− µ)(pl − cL), (µα(ph − cH )

+(1− µ)ε(ph − cL)) + (µ(1 − α) + (1− µ)(1 − ε))βh(µ′)},

where

µ′ =
µ(1 − α)

µ(1 − α) + (1− µ)(1 − ε)
.

Since the two terms inside the max operator are continuous,T mapsC ([0, 1])
into itself; i.e., T : C ([0, 1]) −→ C ([0, 1]). Moreover, T satisfies Blackwell
sufficient conditions for a contraction:

monotonicity: Suppose thath and j are two elements inC ([0, 1]) such that
h(µ) ≤ j (µ), ∀µ ∈ [0, 1]. Then,
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Th(µ) = max{µ(pl − cH ) + (1− µ)(pl − cL), (µα(ph − cH )

+(1− µ)ε(ph − cL)) + (µ(1 − α) + (1− µ)(1 − ε))βh(µ′)}
≤ max{µ(pl − cH ) + (1− µ)(pl − cL), (µα(ph − cH )

+(1− µ)ε(ph − cL)) + (µ(1 − α) + (1− µ)(1 − ε))βj (µ′)}
= Tj (µ);

discounting: Let a be a nonnegative constant. Then,

T (h(µ) + a) = max{µ(pl − cH ) + (1− µ)(pl − cL), (µα(ph − cH ) + (1− µ)

ε(ph − cL)) + (µ(1 − α) + (1− µ)(1 − ε))β(h(µ′) + a)}
≤ max{µ(pl − cH ) + (1− µ)(pl − cL), (µα(ph − cH ) + (1− µ)

ε(ph − cL)) + (µ(1 − α) + (1− µ)(1 − ε))βh(µ′) + βa}
≤ max{µ(pl − cH ) + (1− µ)(pl − cL), (µα(ph − cH ) + (1− µ)

ε(ph − cL)) + (µ(1 − α) + (1− µ)(1 − ε))βh(µ′)} + βa

= Th(µ) + βa.

Therefore,T is a contraction and, by the Contraction Mapping Theorem, there
is a uniqueV ∈ C ([0, 1]) such thatTV = V .

Let C ′([0, 1]) be the space of functions inC ([0, 1]) that are also convex. It is
straightforward to show thatC ′([0, 1]) is a closed subset ofC ([0, 1]). Therefore,
in order to show thatV is convex, it is enough to prove thatT : C ′([0, 1]) −→
C ′([0, 1]).

Let h(µ) be an element ofC ′([0, 1]), and consider two different beliefsµ1

andµ2 and a scalarλ ∈ [0, 1]. We must show that

Th(λµ1 + (1− λ)µ2) ≤ λTh(µ1) + (1− λ)Th(µ2).

Notice thatTh is the maximum of two functions. If we can show that these
functions are convex, then since the maximum of two convex functions is convex,
Th will inherit the convexity ofh. The first term inside the max operator is linear
and therefore convex. Call this termf (µ).

Consider the second term. For notational simplicity, defineµc = λµ1 + (1 −
λ)µ2. At µc , the second term inside the max operator is

g(µc) = (µcα(ph − cH ) + (1− µc)ε(ph − cL))

+(µc(1 − α) + (1− µc)(1 − ε))βh(µ′
c),

where

µ′
c =

(λµ1 + (1− λ)µ2)(1 − α)
(λµ1 + (1− λ)µ2)(1 − α) + (1− (λµ1 + (1− λ)µ2))(1 − ε)

.

After some manipulation,µ′
c can be written asγµ′

1 + (1− γ)µ′
2, where

γ =
λ(µ1(1 − α) + (1− µ1)(1 − ε))

λ(µ1(1 − α) + (1− µ1)(1 − ε)) + (1− λ)(µ2(1 − α) + (1− µ2)(1 − ε))
.
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Sinceh(µ′
c) is convex,

h(µ′
c) = h(γµ′

1 + (1− γ)µ′
2) ≤ γh(µ′

1) + (1− γ)h(µ′
2).

Using this, it is easy to show that

g(µc) ≤ λg(µ1) + (1− λ)g(µ2).

which proves thatg is convex. Since the maximum of two convex functions is
also convex, it follows thatTh(µ) = max{f (µ), g(µ)} is convex, and hence the
fixed point ofT is convex, too.13 	

Proof of Proposition 2. (i) Notice thatµ = 1 implies thatµ′ = 1. The Bellman
equation becomes,

V (1) = max{pl − cH , α(ph − cH ) + (1− α)βV (1)}.

The first term inside the max operator is negative, while the second is a convex
combination of nonnegative terms. Therefore, the optimal strategy is to announce
ph in every period and the expected payoff is the solution to

V (1) = α(ph − cH ) + (1− α)βV (1),

which rearranges to

V (1) =
α

1 − (1 − α)β
(ph − cH ),

completing the proof of part (i).
(ii) If µ = 0, thenµ′ = 0. The Bellman equation becomes

V (0) = max{pl − cL, ε(ph − cL) + (1− ε)βV (0)}.

The seller faces the same problem in every period. Consequently, she will always
announceph or she will always announcepl . In the first case, the expected
discounted payoff is the solution to

J (0) = ε(ph − cL) + (1− ε)βJ (0),

which rearranges

J (0) =
ε

(1 − (1 − ε)β)
(ph − cL).

If she finds it optimal to announcepl in every period, then the value of this
policy is pl − cL.

13 Convexity implies thatV (·) is a.e. differentiable (Royden (1988), Proposition 17, pp.113-114).
We note in passing that the only place where the value function is not differentiable is at the
intersection off (·) andg(·), where it has a kink.
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Announcingph in every period is optimal if

β >
(pl − cL) − ε(ph − cL)

(1 − ε)(pl − cL)
.

If this does not hold, then alwayspl ’ is optimal.
(iii) Consider first the case whereβ < (pl −cL)−ε(ph−cL)

(1−ε)(pl −cL) , and define the function
D(µ) = g(µ) − f (µ). It follows from (i) and (ii) thatD(1) > 0 andD(0) < 0.
Moreover, it follows from Proposition 1 thatD(µ) is continuous and convex for
0 ≤ µ ≤ 1. The first three properties ofH ensure that there exists at least oneµ∗

such thatD(µ∗) = 0. We now prove thatµ∗ is unique. Without loss of generality,
suppose thatµ∗

a andµ∗
b , µ∗

a < µ∗
b , are such thatD(µ∗

a ) = D(µ∗
b ) = 0. SinceD is

convex, it must be true that for anyλ ∈ (0, 1) and 0≤ µ, µ” ≤ 1,

D(λµ + (1− λ)µ”) ≤ λD(µ) + (1− λ)D(µ”) .

In particular, this must be true forλ = µ∗
a

µ∗
b
, µ = µ∗

b andµ” = 0. However,

D(
µ∗

a

µ∗
b

µ∗
b + (1− µ∗

a

µ∗
b

)0) = D(µ∗
a ) = 0,

and

µ∗
a

µ∗
b

D(µ∗
b ) + (1− µ∗

a

µ∗
b

)D(0) = (1− µ∗
a

µ∗
b

)D(0) < 0.

Therefore,

D(
µ∗

a

µ∗
b

µ∗
b + (1− µ∗

a

µ∗
b

)0) >
µ∗

a

µ∗
b

D(µ∗
b ) + (1− µ∗

a

µ∗
b

)D(0),

contradicting the convexity ofD . Hence,µ∗ is unique.
Sincef < g for µ > µ∗, andf > g for µ < µ∗, it is optimal for the seller to

announceph if µ > µ∗ andpl if µ ≤ µ∗.
Consider now the case whereβ ≥ (pl −cL)−ε(ph−cL)

(1−ε)(pl −cL) . It follows from (i) and (ii)
that D(1) > 0 andD(0) > 0. SinceD(·) is convex, the right derivative exists at
each point in its domain (Royden (1988), Proposition 17, pp.113-114.). If we can
show that the right derivativeD ′

+(0) is positive, then it will follow thatD(µ) > 0,
∀µ ∈ [0, 1]; otherwise, convexity would be violated. ButD(µ) > 0, ∀µ ∈ [0, 1]
is equivalent tog(µ) > f (µ) ∀µ ∈ [0, 1]; in words, this says that alwaysph ’ is
optimal.

The continuity ofD(·) and the fact thatD(0) > 0 imply thatg(·) is greater
than f (·) in a right neighborhood of the origin. HenceV (µ) = g(µ) for µ near
0; sinceµ′ < µ, V (µ′) = g(µ′) also. SinceV (·) andg(·) are convex, their right
derivatives at 0 exist; moreoverV ′

+(0) = g′
+(0). Thus,
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g′
+(0) = α(ph − cH ) − ε(ph − cL) + ((1− α) − (1 − ε))βV (0)

+(1− ε)βV ′
+(0)

dµ′

dµ
(0)

= α(ph − cH ) − ε(ph − cL) + (ε − α)β
ε(ph − cL)

1 − (1 − ε)β

+(1− ε)βg′
+(0)

1 − α

1 − ε
.

After some manipulation, this rearranges to

g′
+(0) =

(α − ε)(1 − β)
(1 − β(1 − α))(1 − β(1 − ε))

ph − α

1 − β(1 − α)
cH +

ε

1 − β(1 − ε)
cL.

Sincef ′(0) = cL − cH , it follows thatD ′
+(0) = g′

+(0)− f ′(0) > 0 if and only if

(α − ε)(1 − β)
(1 − β(1 − α))(1 − β(1 − ε))

ph + (1− α

1 − β(1 − α)
)cH

+ (
ε

1 − β(1 − ε)
− 1)cL > 0,

which is equivalent to

(α − ε)(1 − β)
(1 − β(1 − α))(1 − β(1 − ε))

ph +
(1 − α)(1 − β)
1 − β(1 − α)

cH − (1 − ε)(1 − β)
1 − β(1 − ε)

cL > 0.

Sinceph > cH > cL and the coefficients inph and cH are positive because
α > ε and 0< α, ε, β < 1,

(α − ε)(1 − β)
(1 − β(1 − α))(1 − β(1 − ε))

ph +
(1 − α)(1 − β)
1 − β(1 − α)

cH − (1 − ε)(1 − β)
1 − β(1 − ε)

cL >

(
(α − ε)(1 − β)

(1 − β(1 − α))(1 − β(1 − ε))
+

(1 − α)(1 − β)
1 − β(1 − α)

− (1 − ε)(1 − β)
1 − β(1 − ε)

)cL = 0.

Hence,D ′
+(0) > 0 and the proof is complete. 	


Proof of Proposition 4. It is easy to show that the restriction onβ implies thatµ∗ is
positive. From Proposition 2 (ii), this restriction also implies thatV (0) = f (0) >
g(0). Sincef and g are continuous,V (µ) = f (µ) in some right neighborhood
of 0. But α > ε and µ′ ≤ µ implies thatV (µ′) = f (µ′) for µ in that right
neighborhood. In fact, we haveV (µ) = f (µ) and V (µ′) = f (µ′) as long as
0 ≤ µ ≤ µ∗. Therefore, when 0≤ µ ≤ µ∗ the functiong(µ) is given by

g(µ) = µα(ph − cH ) + (1− µ)ε(ph − cL)

+(µ(1 − α) + (1− µ)(1 − ε))βf (µ′)

= µα(ph − cH ) + (1− µ)ε(ph − cL)

+β(µ(1 − α)(pl − cH ) + (1− µ)(1 − ε)(pl − cL)).

This equation and the fact thatµ∗ is defined as the solution tof (µ∗) = g(µ∗)
allow us to obtain, after some manipulation, expression (2).
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Straightforward differentiation ofµ∗ confirms that∂µ∗

∂β < 0, ∂µ∗

∂α < 0, and
∂µ∗

∂ε < 0.
That µ∗ converges to zero asβ −→ (pl −cL)−ε(ph−cL)

(1−ε)(pl −cL) is obvious by inspection
of (2). 	

Derivation of the PBE of Example 2. The optimality of the strategies and beliefs
up to period̂t is obvious, as well as the behavior ofb-buyers in everyt . Therefore,
we shall focus on what happens aftert̂ .

For the B-buyer to find it optimal to randomize between accepting and reject-
ing a high price, it must be the case that the seller’s behavior strategyλ leaves
him indifferent between acceptph today’, which gives himB − ph , and rejectph

today but accept it in the next meeting with the seller’, which yields an expected
payoff

δ

M − δ(M − 1)λ
(λ(B − ph ) + (1− λ)(B − pl )).

In other words,λ must satisfy

B − ph =
δ

M − δ(M − 1)λ
(λ(B − ph ) + (1− λ)(B − pl )),

which yields

λ =
δ(B − pl ) − M (B − ph )
δ(B − pl ) − δM (B − ph )

.

Sinceδ ≥ δ∗ and 0< δ < 1, it follows that 0< λ < 1. Therefore, our candidate
for the seller’s equilibrium strategy isσ(ph | ht ) = λ for all t ≥ t̂ .

Now, a necessary condition for the seller to randomize betweenpl andph in
every period when theB -buyer acceptsph at any t ≥ t̂ with probability πt , is
that she be indifferent between ‘announcepl today’ and announceph today and
pl tomorrow’. The first choice yields

f (µt ) = pl − cL − µt (cH − cL),

while the second has an expected payoff given by

µt (α(πt (ph − cH ) + (1− πt )β(µt+1(pl − cH ) + (1− µt+1)(pl − cL)))

+(1− α)β(µt+1(pl − cH ) + (1− µt+1)(pl − cL)))

+(1− µt )β(µt+1(pl − cH ) + (1− µt+1)(pl − cL))), (3)

where

µt+1 =
((1 − α) + α(1 − πt ))µt

µt ((1 − α) + α(1 − πt )) + (1− µt )
.

Pluggingµt+1 in (3) gives, after some manipulation

z (πt , µt ) = πt a(µt ) + βf (µt ),
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where

a(µt ) = αµt (ph − cH + β(cH − pl )) > 0.

Notice thatz (0, µt ) < f (µt ), ∂z
∂πt

> 0 and, if µt > µ∗, then z (1, µt ) > f (µt ).
Thus, there is a unique 0< πt (µt ) < 1 that solvesz (πt , µt ) = f (µt ), given by

πt =
(1 − β)(pl − cL − µt (cH − cl ))

αµt (ph − cH + β(cH − pl ))
.

It is straightforward to show thatπt decreases inµt ; since µt+1 < µt , πt >
πt+1. Moreover, it converges to 1 asµt ↓ µ∗. Therefore, the candidate for an
equilibrium strategy for theB -buyer involvesσ(A | (ht , ph ), θ, B ) = πt if t > t̂ .

To finish the characterization of the PBE, notice that if theB -buyer random-
izes with πt , then given the beliefs of the seller, the seller is indifferent about
switching at anyt ≥ t̂ . Similarly, given the seller’s behavior strategy, the payoff
from acceptingph in any meeting is the same as the option value of waiting.
Therefore, the strategies constitute a PBE once they are complemented with the
following beliefs that are derived using Bayes’ rule:

µt =




(1−α)t µ0
µ0(1−α)t +(1−µ0) if t < t̂

((1−α)+α(1−πt ))
t−t̂ µ∗∗

µ∗∗((1−α)+α(1−πt ))t−t̂ +(1−µ∗∗)
if t ≥ t̂ .

This completes the characterization of the PBE described in example 2.	

Proof of Proposition 6. The PBE described in Proposition 5 exists forδ ≥ δ∗. Fix
β and letδ → 1; given the seller’s strategy, the strategies of the buyers continue
to be optimal in the limit. Now letβ → 1; given the behavior of the buyers, the
seller cannot improve her payoff by postingph , so alwayspl ’ remains optimal
despite the fact that the cost of waiting becomes negligible. The result is the
same if we first fix a value ofδ ≥ δ∗ and reverse the order in which the limits
are taken. 	

Proof of Proposition 7. (i) The PBE described in Proposition 3 (ii) exists for
β ≥ β∗. Fix β and letδ → 1; given that the seller always postsph , the strategies
of the buyers continue to be optimal in the limit. Now letβ → 1; given the
behavior of the buyers, it is obvious that the seller’s strategy remains optimal
in the limit. The result is the same if we first fix a value ofδ and reverse the
order in which the limits are taken. For ifβ → 1 then, given the behavior of
the buyers, the seller will continue to find it optimal to postph in every period.
But then B -buyers cannot improve their payoffs by rejectingph ; hence, their
strategies remain optimal asδ → 1.

(ii) Recall that, for given values ofβ and δ, the seller announcesph if his
belief is aboveµ∗, and pl otherwise. Fixδ and letβ → 1; thenµ∗ → 0 by
Proposition 4 (ii) and the fact thatβ∗ = 1 in this case; that is, in the limit,
the seller always announcesph in period one. Now letδ → 1; sinceδ∗ ≥ 1,
it follows that accepting a high price is at least as good as rejecting it, so the
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strategy ofB -buyers continues to be optimal in the limit. Therefore, if the state
is H , then the seller trades in the first period atph ; if the state isL, she observes
a rejection in the first period and trades atpl in the second. That is, she always
trades at the right price. An argument similar to the one used in (i) reveals that
the result is the same if we reverse the order in which the limits are taken.	
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