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Abstract

Equilibrium price dispersion for identical goods can arise from dispersion
in the effective competition for each buyer, i.e. dispersion in the number of
price quotes a buyer obtains or in the number of sellers in a buyer’s choice set.
We call this competitive dispersion. This paper studies the effects of competi-
tive dispersion on equilibrium markups and price dispersion in a Burdett-Judd
search-theoretic model of imperfect competition. We find that greater competi-
tive dispersion can either increase or decrease the aggregate markup, depending
on the degree of competition. Surprisingly, greater competitive dispersion does
not always increase price dispersion. Equilibrium markups and price dispersion
are constrained efficient if and only if the search technology is Poisson, which
minimizes competitive dispersion but not necessarily price dispersion. We ap-
ply our results to the labor market and find that greater competitive dispersion
can either increase or decrease both the average wage and wage dispersion.
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1 Introduction

Price dispersion for identical goods arises in many markets. Perhaps more surpris-
ingly, price dispersion can emerge as an equilibrium outcome even when both buyers
and sellers are ex ante homogeneous. For example, consider the well-known Burdett
and Judd (1983) search-theoretic model of imperfect competition.! In this model,
equilibrium price dispersion can arise even for homogeneous firms selling identical
goods to ex ante identical buyers. This model features in many recent papers, such
as Menzio (2023, 2024a,b), Albrecht, Menzio, and Vroman (2023), Shi (2023), Nord
(2023), Pytka (2024), Mangin and Menzio (2024), Chernoff, Head, and Lapham (2024,
2025), and Sangani (2025), and has been used to study not only price dispersion but
labor markets, monetary policy, sticky prices, pass-through, and market power.

In the Burdett-Judd model, price dispersion arises as a result of dispersion in the
degree of effective competition for buyers, which may be due to search or other fric-
tions. Dispersion in effective competition for a buyer may be interpreted as dispersion
in the number of price quotes a buyer obtains, the number of sellers a buyer finds or

)

“meets,” or the size of a buyer’s choice set. We call this competitive dispersion.
Competitive dispersion is necessary for price dispersion with homogeneous sellers.
If all buyers are “captive” (i.e. obtain only one quote), there is a single price: the
monopoly price. If all buyers are “non-captive” (i.e. obtain two or more quotes),
there is a single price: the competitive price. When there is competitive dispersion
(i.e. some buyers are captive and some are non-captive), there is price dispersion.
This paper studies the effects of competitive dispersion on equilibrium outcomes
in the Burdett-Judd model. How does competitive dispersion affect both markups
and price dispersion? Does greater competitive dispersion raise or lower the aggregate
markup? Does more competitive dispersion always lead to more price dispersion?
Despite the large literature on the Burdett-Judd model, these questions have not
yet been answered — or even asked — because the standard distributions used are the
two-point distribution (i.e. buyers receive either one or two quotes) and the Poisson
distribution. In both cases, we cannot separate the effects of the degree of competition
(i.e. the average number of quotes a buyer receives) from the effects of competitive

dispersion (i.e. the dispersion of the distribution of the number of price quotes).

!By the “Burdett-Judd model”, we mean the non-sequential search model that can be attributed
to Butters (1977), Varian (1980), and Burdett and Judd (1983).



To answer the above questions, we need to move beyond these two distributions.
We consider a richer class of search technologies that determine the distribution of
the size of a buyer’s choice set. In particular, we focus on the class of invariant search
technologies introduced in Lester, Visschers, and Wolthoff (2015), which has been
recently used in Cai, Gautier, and Wolthoff (2025) and Mangin (2026).

The class of invariant search technologies is useful for a number of reasons. First,
it delivers efficiency of seller entry in the Burdett-Judd model, which is otherwise
not guaranteed. Second, it allows us to obtain tractable and intuitive closed-form
solutions for all equilibrium outcomes. Third, we can recover the standard results
for the Poisson benchmark as a special limiting case. Fourth, by considering a two-
parameter family within this class, we can cleanly separate the effect of changes in the
degree of competition from the effect of changes in competitive dispersion, which is not
possible for the Poisson. Finally, we discuss the fact that there is a one-to-one mapping
from any distribution of competitive intensity to a search technology in the invariant
class, as shown in Cai et al. (2025). This allows the Burdett-Judd framework with
invariant search technologies to incorporate buyer heterogeneity (e.g. heterogeneity
in search effort or other types of heterogeneity such as geographic location or income)
in a tractable manner that is consistent with our aggregate results, and to consider

how outcomes vary across buyers of different types (e.g. search effort or income).

Main results. First, we show that the assumption of invariance of the search
technology greatly simplifies the equilibrium outcomes in the Burdett-Judd model.
The distribution of posted prices, the equilibrium pricing condition, the quantile
markup function, and the quantity demanded can all be expressed solely in terms of
the function which determines the probability a seller has no competitors.

Second, we find that greater competitive dispersion can either increase or decrease
the aggregate markup depending on both the search technology and the degree of
competition. We consider the negative binomial family, which nests the Poisson
as a limiting case. We show that in less competitive markets, greater competitive
dispersion decreases the aggregate markup. In more competitive markets, the effect
is non-monotonic. For lower levels of competitive dispersion, the aggregate markup is
increasing in competitive dispersion, but for higher levels of competitive dispersion,
the aggregate markup is decreasing in competitive dispersion.

Third, even though competitive dispersion is necessary for equilibrium price dis-

persion, we find that an increase in competitive dispersion does not necessarily lead



to higher price dispersion. Whether or not greater competitive dispersion increases
price dispersion depends on both the search technology and the degree of competition.

Fourth, we model seller entry and show that constrained efficiency of seller entry
does not always hold outside the special case of the Poisson distribution. We derive
a precise condition that is necessary for constrained efficiency of seller entry, which
is satisfied by the class of invariant search technologies. This is consistent with the
more general result on constrained efficiency established in Lester et al. (2015).

Fifth, when we allow the planner to choose the degree of competitive dispersion,
we find that the Poisson search technology is uniquely socially optimal within the
invariant class. The Poisson search technology minimizes competitive dispersion but
not necessarily price dispersion: higher price dispersion is sometimes socially optimal.
We can interpret excess competitive dispersion relative to the Poisson as a kind of
“misallocation” of competition across buyers which reduces welfare. We provide a
numerical example to illustrate the welfare loss from competitive dispersion.

Finally, we consider a simple application of our results to the labor market. In the
labor market, competitive dispersion represents dispersion in the degree of effective
competition to hire workers. We find that greater competitive dispersion always leads
to higher unemployment, but it can either increase or decrease the average wage,
depending on both the search technology and the labor market tightness. Greater
competitive dispersion may either increase or decrease wage dispersion, depending on

the search technology, the labor market tightness, and workers” outside option.

Related literature. Menzio (2024b) examines how equilibrium markups in the
Burdett-Judd model depend on the degree of competition, i.e. the average size of buy-
ers’ choice sets, as well as on the distribution of marginal costs across heterogeneous
firms. Menzio (2024b) uses the Poisson distribution, so it is not possible to consider
the effects of competitive dispersion. Complementary to that paper, we focus on the
case of homogeneous firms but consider a richer class of search technologies. This
enables us to provide some general theoretical results regarding how both the mean
and the dispersion of the distribution of the size of buyers’ choice sets affects markups
and price dispersion. In addition, we show that the efficiency result in Menzio (2024b)
depends on the search technology and does not always hold outside the Poisson. This
allows us to consider the welfare effects of greater competitive dispersion.

There is a large literature on the Burdett-Judd model and its applications. How-

ever, the majority of papers focus on either the two-point distribution or the Poisson



distribution, which do not allow us to answer the questions we consider. The two-
point distribution is studied in the original Burdett and Judd (1983), as well as in later
applications and variations of the Burdett-Judd model, such as Head, Liu, Menzio,
and Wright (2012), Kaplan and Menzio (2016), Menzio and Trachter (2018), Lester,
Shourideh, Venkateswaran, and Zetlin-Jones (2019), Kaplan, Menzio, Rudanko, and
Trachter (2019), Nord (2023), Pytka (2024), and Menzio (2024a). The Poisson distri-
bution is used in Mortensen (2005), as well as later applications of the Burdett-Judd
model such as Burdett, Trejos, and Wright (2017), Menzio (2023), Albrecht et al.
(2023), Shi (2023), Mangin and Menzio (2024), Menzio (2024b), and Sangani (2025).
Some papers in the literature allow for more general distributions, including Head
and Kumar (2005), Head, Kumar, and Lapham (2010), and later papers by Herren-
brueck (2017), Chernoff et al. (2024, 2025), and Sangani (2025). While these papers
consider general distributions, they specialize to specific distributions for their results
(either by restriction or by endogenizing the distribution) and focus on applications
such as monetary economics, cost pass-through, and price dispersion across the in-
come distribution, which are complementary to the theoretical focus of this paper.
Our focus on invariant search technologies complements the existing literature re-
garding this class of search technologies, which was introduced in Lester et al. (2015).
That paper derived an important efficiency result: the optimality of competing auc-
tions with a reservation price equal to the sellers’ outside option requires invariance
of the search technology. Our efficiency result is consistent with their result, although
we consider a Burdett-Judd environment with homogeneous firms and we derive our
sufficient condition in a simple way. A recent paper by Cai et al. (2025) shows that the
class of invariant search technologies is equivalent to the class of mixed Poisson search
technologies, a result that is used extensively in Mangin (2026) to study extreme value

theory with heterogeneous agents using this class of search technologies.

Outline. Section 2 presents the environment. Section 3 characterizes equilibrium
under both general and invariant search technologies. Section 4 studies how equilib-
rium outcomes vary with the degree of competition. Section 5 isolates the effects of
competitive dispersion on equilibrium outcomes. Section 6 considers entry and con-
strained efficiency, and examines the welfare implications of competitive dispersion.
Section 7 provides a microfoundation via buyer heterogeneity in competitive intensity.
Section 8 applies the framework to the labor market and examines its implications.

All of the proofs omitted from the main text can be found in the Appendix.



2 Environment

There is a continuum of measure b of ex ante identical buyers and a continuum
of measure s of ex ante identical sellers. Each buyer wants to buy one unit of the
good and each seller wants to sell one unit of the good, which they can produce at
marginal cost ¢ > 0. All agents are risk-neutral.

All buyers have the same valuation v > ¢ for the good, which is identical across
sellers. For simplicity, we assume that both sellers and buyers have no outside option
so the trade surplus is v —c. A buyer’s payoff from purchasing the good at price p > 0
is v — p, and a seller’s payoff from a sale is p — ¢. If the probability of a sale is ¢, a
seller’s expected payoff is ¢(p — ¢). We can interpret g as the quantity demanded.?

Let A = s/b denote the ratio of sellers to buyers. We assume that the average
number of sellers a buyer meets is A\. We refer to A as the degree of competition.

We say that buyers “meet” & € N = {0,1,2,...} sellers if they obtain a price
quote from k sellers, i.e. have k sellers in their choice set. The number of sellers a
buyer meets is a random variable that is given by a search technology { Py}, which
we denote simply by P,. For any given )\, the search technology P, determines the
probability mass function, Px()) : N — [0, 1] where Py () denotes the probability that
a buyer meets k sellers given A\. We assume ) - Pi(A) =1 and > ;- kPe(\) = A

It is useful to consider the distribution Py(\) from the perspective of sellers. Let
Qr(\) denote the probability a seller is in a meeting with & > 1 sellers (including
that seller). Equivalently, Qx()\) is the probability that a seller has k — 1 competitors.
The distribution Qx(A) is implied by the distribution Py()), which is exogenous. An

important identity, which allows us to switch between these two distributions, is
(1) AQr(A) = EPL(A).

The above identity must hold for all £ > 1 to ensure that P, and @} are consistent.?
We assume that trades always go through if buyers and sellers are indifferent.

Therefore, buyers always purchase if they meet at least one seller. The probability of

2 Alternatively, we could assume there is a continuum of measure one of buyers per seller, in which
case ¢ would indeed be the quantity of units sold rather than the probability of a sale. All of the
results and expressions in the paper would be identical under this assumption.

3See Eeckhout and Kircher (2010) and Lester et al. (2015). To see why this identity must hold,
the measure of sellers which have k — 1 competitors is sQx(\) and this must be equal to kbPx()\),
which is k times the measure of buyers who meet k sellers, which implies (1).



purchase for a buyer is therefore the probability of matching for a buyer, which is
(2) m(A\) =1 — Py(N).

We assume that Py is at least twice continuously differentiable and that Fj(A) < 0,
PY(X) > 0, and limy_,oo Po(A) = 0, so m’(A) >0, m”"(\) <0, and limy_, m(A) = 1.
Sellers post prices and buyers purchase from the seller they meet that offers the
highest surplus v — p, provided that the surplus is weakly positive. Buyers always
choose to purchase from the lowest-price seller they meet since buyers value the
good offered by all sellers at v. The seller-symmetric mixed-strategy equilibrium is a

distribution of posted prices, each of which maximizes a seller’s expected profit.

3 Equilibrium

Burdett and Judd (1983) show that competitive dispersion is necessary for equilib-
rium price dispersion. In the case where all buyers meet only one seller (i.e. all buyers
are captive), there is no price dispersion because the posted price is p = v for all sell-
ers. In the case where all buyers meet two sellers (i.e. all buyers are non-captive),
there is no price dispersion because the posted price is p = ¢ for all sellers.

We focus on the interesting case where there is a positive probability of both
captive buyers (who meet one seller) and non-captive buyers (who meet two or more
sellers). We assume P;(A\) > 0 and P,(\) > 0 for some k£ > 2. As shown in Burdett
and Judd (1983), the equilibrium distribution of posted prices is a nondegenerate,
atomless, and continuous distribution that represents firms’ mixed strategies, which

are symmetric in the sense that all firms draw prices from the same distribution.

3.1 General search technology

We first characterize equilibrium in the Burdett-Judd model for a general search
technology. Propositions 1 and 2 are not novel but are important for understanding

the model before we consider invariant search technologies in Section 3.2.

Distribution of posted prices. Proposition 1 derives the equilibrium distribu-
tion of posted prices. This result is derived in Burdett and Judd (1983) and more
recently in Menzio (2024b) for the Poisson search technology.



Proposition 1. For any degree of competition A, there is a unique seller-symmetric
mized-strateqy equilibrium. The equilibrium distribution of posted prices has no mass
points and cdf F' with support [p,v] where p = c+ Q1(\)(v — c).

The equilibrium distribution of posted prices F' is implicitly determined by:

Q1(\)
q(p)

where q(p) is the quantity demanded at posted price p:

(3) p=c+

(v—c)

(4) a(p) =Y Qu(N) (1= F(p)*!

and Q(X\) is the probability a seller is one of k sellers that meets a buyer.

The equilibrium is a seller-symmetric mixed strategy equilibrium in the sense
that all sellers choose the same mixed strategy, which is essentially to draw prices
randomly from the distribution F. In equilibrium, all firms make equal expected
profits, so m(p) = (p — ¢)q(p) = Q1(\)(v — ¢) for all posted prices, and equation
(3) reflects this fact. Equation (4) says that the quantity demanded at price p is the
probability that every one of a seller’s k — 1 competitors is a higher-priced competitor.

Firms are indifferent between prices p on the support of F' because an increase in
the net price p — ¢ is exactly offset by a decrease in the probability of sale or quantity
demanded. Intuitively, some firms charge higher prices and face lower demand, while

other firms charge lower prices and face higher demand, but profits are the same.

Distribution of transaction prices. The distribution of transaction prices H
is the distribution of prices actually paid by buyers to their choice of seller. This is
different from the distribution of posted prices F' because buyers only purchase from
the seller they meet with the lowest price. Both distributions have the same support.

Let g(A\) = m(\)/A, the average quantity demanded for a seller in the market.*

Lemma 1. For any degree of competition \, the distribution of transaction prices has

support p € [p,v] and the cdf H of the distribution of transaction prices is

(5) H(p) _ 22021 Pk(i‘>£1p—0((i>— F(p)) ]

4The total expected number of sales is m(\)b, which must equal G(\)s, so G(A) = m(\)/\.



The density h of the distribution of transaction prices is

qa\p
©) b = 20310
Proof. Conditional on k sellers, the transaction price is the minimum of & i.i.d. draws
from F,so Pr(X <p| K =k)=1—(1-F(p))*. Taking the expectation with regard
to the distribution Py and conditioning on K > 1 yields expression (5) for H.
Next, we differentiate H to get h = H'. Using expression (4) for ¢(p) and the fact
that g(A) = m(A\)/X where m(\) = 1 — Py()\), we obtain expression (6) for h(p). O

Aggregate price. Given the distribution of transaction prices H, the average
transaction price p(\) = Eg[p] can be expressed as follows. Starting with expression

(6) for the density h, we can write the following:

7) PO) = Ealyl = [ ph(p)ap = [ p%f(p)dp-

The average transaction price is therefore the quantity-weighted average of the prices
posted by sellers. In this way, p(A) is indeed an aggregate price in the usual sense.
Proposition 2 derives a general expression for the aggregate price p(\). To express
this result, let a(\) denote the proportion of sales that are competitive, i.e. sales that
are made when a seller has at least one competitor, and let 1 — «()) denote the

proportion of monopoly sales, i.e. sales that are made with no competitors.
Proposition 2. For any degree of competition X\, the aggregate price is

(8) PA) =c+ (1 —a(A)(v -0

where 1 — a(X) = Q1(N\)/G(N) is the proportion of monopoly sales.

Observe that the aggregate price can be expressed as a weighted average of the

monopoly price v and the competitive price ¢, weighted by the proportion of sales:
9) p(A) = (1 —a(\)v+a(N)e.

In the limit as a(A) — 0, we obtain the monopoly price v. In the limit as a(\) — 1,
we obtain the competitive price c. We discuss these limits further in Section 4.3.

Given the aggregate price, the equilibrium pricing condition (3) implies the fol-



lowing relationship between relative quantities and relative (net) prices:

B (=)

If a seller sets a lower (higher) price than average (p < p(\)), the quantity demanded

is higher (lower) than the average (q(p) > ¢(\)). If a seller sets the average price
p(N), the quantity demanded is average; that is, we have ¢(p(\)) = q(\).

Price dispersion. Our primary measure of price dispersion is the coefficient
of variation cvgy(\) of the distribution H of transaction prices, which is defined by
cvy,(N) = 0% (\)/p(A)? where 02 ()\) is the variance of H. The coefficient of variation
cvg(A) is a measure of price dispersion relative to the mean and is sometimes called

the “normalized standard deviation”. Proposition 3 derives a general expression.

Proposition 3. For any degree of competition X\, equilibrium price dispersion satisfies

In the limit as marginal cost ¢ — 0, equilibrium price dispersion satisfies

(12) iy = =

Observe that the aggregate net price can be written as a weighted harmonic mean:

— 1.

- _ipn -1
(13) PN —c= (Epllp—)7])
This is because the quantity demanded ¢(p) is inversely proportional to the net price
p — ¢ and the aggregate price is a quantity-weighted average of posted prices.

The first term in our price dispersion expression (11) is a ratio of a mean to a

harmonic mean. This ratio is an intuitive measure of dispersion:

Eplp—c] _ Eplp—c  _ . R
(14) N —c  Erllp—o ] Erlp — dEr[(p — o).

This ratio is increasing in a mean-preserving spread of F since (p — ¢)~

1 is convex

in p and thus Ex[(p — ¢)7!] increases but Ep[p — ] is constant. Equilibrium price
dispersion, which is the dispersion of the distribution of transaction prices H, is thus

driven by a specific measure of the dispersion of the distribution of posted prices F.



Example: Two-point distribution

Suppose that buyers are either non-captive with probability « (they meet two
sellers) or captive with probability 1 — a (they meet one seller).

Describing this distribution in terms of the mean A = 1 4+ «, we have

2—-) k=1
A—1 k=2

Pi(A) =

To derive the equilibrium, Proposition 1 and AQk(\) = kP()\) yield

q@%:A—mA;nF@)

Given that Q1(\) = (2 — X)/A, we know that any posted price p satisfies

2 A
A-%A-UF@ﬂ“_@'

p=c+

Rearranging the above, the distribution of posted prices is

P =157 5= 1),

Applying Lemma 1, the distribution of transaction prices is
H(p) = A\F(p) = (A= )F(p)*.
By Proposition 2, the aggregate price can be expressed in terms of a as follows:
pA)=c+ (1 —a)(v—c).

By Proposition 3, equilibrium price dispersion is given by

(15) v (A) = (2(/\1_ ) 1n<2 i )\> B 1> (%)2

3.2 Invariant search technology

Consider the class of invariant search technologies introduced in Lester et al.
(2015). This is a very wide class of search technologies which includes the Poisson

distribution, the geometric distribution, and the negative binomial family.

10



Definition 1. A search technology Py is invariant if and only if for all z € [0, 1],

(16) S RN = B - 2)
k=0

where Ep[k] = X and Py is continuous and infinitely differentiable for A > 0.
We summarize some useful properties of invariant search technologies here.

Lemma 2. If Py is an invariant search technology, then (i) P5(A\) < 0 for all A > 0;
(ii) Py(A) > 0 for all X\ > 0; (iii) limy—0 Po(A) = 1; () limy—00 Po(A) = 0; (v)
limy—o PY(A) = —1, and (vi) limy_ BJ(N) = 0. In terms of Qr, we have (vii)
Q1(A) = —PF{(X) for all X > 0 and therefore limy_,0 Q1(A) = 1 and limy_,o Q1(A\) = 0.

The invariance property is equivalent to the following condition in Lemma 3.

Lemma 3. A search technology Py is invariant if and only if for all z € [0, 1],

a” S QN = Qi(A(1 - 2)

where Ep[k] = X and Q1 is continuous and infinitely differentiable for A > 0.

This form of the condition is more natural here because it involves the distribution
Qr(N) of the number of sellers a buyer meets from the sellers’ perspective, which is

the natural distribution for describing the equilibrium prices and quantities.

Invariance. The intuition behind the invariance condition can be described as
follows. Suppose you are a seller and the expected number of sellers (including you)
is A. The distribution of the number of sellers k from your perspective (as a seller) is
Qr(N\). Suppose that, for each of your competitors, the probability they are “worse”
than you is 2z and the probability they are “better” is 1 — 2.5 What is the probability
that you are the “best” seller? The answer is given by the left-hand side of (17),
which is the probability that every one of your £ — 1 competitors is “worse”.

Now consider a different problem. Suppose the search technology @) is the same
but the expected number of sellers is now A(1—z). This is essentially saying that only

the “better” sellers arrive. What is the probability that you are the “best” seller?

5In the present model, another seller is “better” if they post a lower price. However, this is just
a particular example where 1 — z = F(p). The invariance property is more general than this.

11



The answer is given by the right-hand side of (17), which is the probability you have
no competitors arrive, i.e. the probability that £ = 1 from a seller’s perspective.
What does the invariance property say? Invariance says that the search technology
has the property that the answer is the same for both problems. That is, the answer
is “invariant” to whether you sort after applying the search technology (i.e. the first

problem) or before applying the search technology (i.e. the second problem).

All of the equilibrium outcomes for the invariant class of search technologies can
be expressed entirely in terms of the function ()1, which determines the probability a
seller has no competitors and is in a monopoly situation. For the Poisson search tech-
nology, for example, equilibrium outcomes can be expressed in terms of the function

Q1(y) = e7Y, which delivers the results for homogeneous sellers in Menzio (2024b).

Distribution of posted prices. Proposition 4 derives a simple and intuitive
closed-form expression for the quantity demanded under an invariant search technol-

ogy, which delivers a closed-form expression for the distribution of posted prices.

Proposition 4. If Py is invariant with mean X\, the equilibrium distribution of posted
prices has a continuous cdf F' with support [p,v] where p = ¢+ Q1(A)(v — ¢).

The distribution of posted prices F' has the following closed-form expression:

1 v—c
18 F(p) = ~(Q1)™" A .
(18) 0 =3@)" (@ =t
Equivalently, any posted price p satisfies the equilibrium pricing condition:
Q1(\)
(19) q(p) w=a

where q(p) is the quantity demanded at posted price p:

(20) q(p) = Q1(AF(p))

and Q1(X) is the probability a seller has no competitors, i.e. has a “captive” buyer.

Proof. From Proposition 1, the quantity demanded at posted price p is given by (4).
Applying Lemma 3 with z = 1 — F(p) delivers (20). Substituting into (19) gives

(21) (p = ) (AF(p)) = Q1(A)(v — o).

12



Because () is strictly decreasing by Lemma 2, it is invertible, and rearranging the

above delivers the closed-form expression (18) for F(p). O

Quantiles. We can use Proposition 4 to state the equilibrium pricing condition
in terms of quantiles. Define p(z) as the unique solution to z = F(p(z)). That is,
p(x) = F~(z), for any = € [0,1]. A seller at quantile x = 0 is the lowest-price seller,
while a seller at quantile x = 1 is the highest-price seller. We can also define the

corresponding quantity demanded at quantile x by ¢(x) = q(p(x)).

Corollary 1. If Py is invariant with mean X\, then posted prices satisfy

R 10)
(22) p(z) =c+ 01 () (v—c)
and the quantity demanded is given by
(23) q(z) = Q:1(Ax)

where x is the seller’s quantile of the posted price distribution, i.e. x = F(p(z)).
Proof. Follows immediately from (19) and (20) in Proposition 4. O

The invariance assumption greatly simplifies the equilibrium outcomes, which can
be stated entirely in terms of the function @);. While @ (\) is the overall probability
a seller has no competitors at all, ¢);(Az) is the probability that a seller has no
competitors at quantile x or lower, i.e. no lower-priced or “better” competitors. The
probability of having no lower-priced competitors is exactly the probability of sale

(i.e. the quantity demanded) for a seller posting a price at quantile x.

Distribution of transaction prices. We can now derive the equilibrium distri-

bution of transaction prices, which again takes on a simple form for this class.

Corollary 2. If Py is invariant with mean X, the distribution of transaction prices

has support p € [Q, v] and the cdf H of the distribution of transaction prices is

(24) Hp) = - - f“gf;(f )

The density h of the distribution of transaction prices is

(25) h(p) =



Proof. From Lemma 1, the distribution of transaction prices is given by (5), where
the numerator is Y ;- | Pi(A)[1 — (1 — F(p))*]. Under invariance, Definition 1 implies
S oo Pe(N) (1 — F(p))* = Py(AF(p)), which yields the result. O

For any invariant search technology, the aggregate price is given by the general
Proposition 2, using ¢;(A\) and ¢()\), and equilibrium price dispersion is given by

Proposition 3, using the distribution of posted prices F' described in Proposition 4.

3.3 Markups and markup dispersion

We focus on the class of invariant search technologies from now onwards. In order
to align our results directly with the literature, such as Menzio (2024b), we now switch
from prices and price dispersion to markups and markup dispersion.

We now assume that ¢ > 0. Following the macroeconomics convention, we define

the markup by p = p/c. All of the results in this section follow from Section 3.2.

Markups. In the Burdett-Judd model, markups can take any value between
the competitive markup, p/c = 1, and the monopoly markup, which we denote by
i = wv/c. The aggregate markup i(N\) = Eg(p) is a quantity-weighted average of the
firm-level markups p posted by sellers. Expression (6) implies that

(26) ) = / % (%) f(p)dp = %/ph(p)dp = ]@-

Therefore, ji(\) = p(A\)/c is the aggregate markup, which is quantity-weighted.

Corollary 3. If P, is invariant with mean X, the aggregate markup is

(27) pA) =14+ 1 —a(N) (z-1)
where 1 — a(X) = Q1(N)/G(N) is the proportion of monopoly sales.
Proof. Follows from Proposition 2 using fi(A) = p(A)/c and i = v/c. O

Corollary 1 yields the following result regarding markups by quantile. The invari-

ance assumption greatly simplifies the quantile markup function p(z).

Corollary 4. If Py is invariant with mean X, the equilibrium markup is

Q1(A)
Ql ()\23)

14

(28) ule) =1+ (i—1).



Proof. Follows directly from Corollary 1 using the fact that p(z) = p(x)/c. O

Markup dispersion. Since the markup is defined as u = p/c, the transaction
markup distribution is just a rescaling of the transaction price distribution. Recall
that H is the cdf of the distribution of transaction prices and let H, denote the cdf

of the distribution of transaction markups. We have the following relationship:

(29) Hy(p/e) = Pr(u < p/c) = Pr(uc < p) = H(p).

We can obtain the moments of the distribution of transaction markups H,, directly

from the distribution of transaction prices H. For any k£ € N, we have

1
(30) En, 1] = < Eulp'].
Therefore, we have

2 _ Epg, 1] a1 By [p?] ] = 2
(31) i, (A) = FTBNE 1= 5O 1= (N).

Given that price dispersion and markup dispersion are the same using our preferred

measure, we now let cvgy(A) denote both price dispersion and markup dispersion.

Both are given by the same expression, which is derived in Proposition 3.

Example: Poisson search technology

For the Poisson search technology with mean A > 0, we have

Aee=A

Py(A) = )

It is invariant by Definition 1 because its probability generating function is

o i Aee—2
G(z) = Z Py(N\)2F = 1 k=M= = piA(1 - 2)).
k=0 k=0 '

Next, Q1 () = Pi(\)/A = e~ and q(p) = Q1(AF(p)) from Proposition 4 implies
q(p) = e M.
Given that Q;()\) = e, any posted price p satisfies

p=c+e?FE(y —¢),
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Rearranging the above, the distribution of posted prices is

Fp) :1—§1H(Z:z).

Applying Corollary 4 and using the fact that Q;(\) = e

. we have

(32) pla) =147 (5 —1).

Applying Corollary 2, the distribution of transaction prices is

33 Hp) = Lo
(33) (p) = 1 e
By Proposition 2, the aggregate price is
(34) pA) =c+ (1 —a(A)(v—0)
where
e
(35) 1—a()) = =

By Proposition 3, equilibrium price dispersion is given by

(36) cwi(N) = (ﬂ;—:) - 1) <%>

Observe that (32) is the markup expression for homogeneous firms in Menzio (2024b),

which assumes the search technology is Poisson. In Appendix B, we also consider the

geometric search technology and the negative binomial family.

4 Effect of competition

Before we turn to our analysis of the effects of competitive dispersion, we first

consider the effect of changes in the degree of competition \ on equilibrium outcomes

such as the aggregate markup, seller markups, and price dispersion.

4.1 Aggregate markup

For the Poisson, geometric, and two-point examples, the aggregate markup is

strictly decreasing in the degree of competition \. Surprisingly, for a general search
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technology, the aggregate markup may not be strictly decreasing for any degree of
competition. Greater competition — in the sense of a higher average number of firms
each buyer meets — may not necessarily decrease the aggregate markup. In fact, even
within the class of invariant search technologies, the aggregate markup may or may
not be decreasing in the degree of competition without imposing a further condition.

Before presenting our next result, we define the matching elasticity:

37 iy = ) = 2

We also present the following lemma regarding the proportion of monopoly sales. For

an invariant search technology, this turns out to be equal to the matching elasticity.

Lemma 4. If P, is invariant with mean A, the proportion of monopoly sales is
(38) 1 —a(X) = nm(A)
and therefore the aggregate markup is

(39) A(A) =14 nn(A) (7= 1)
where Ny, () is the matching elasticity.

Proof. By definition, we have 1 — a(\) = Q1(A)/G(A). Also, we have G(A) = m(\)/A
where m(A) = 1—Py(\). If Py is an invariant search technology, then Q;(\) = —Pj(\)

by Lemma 2. Therefore, we have the following:

Q) _ AR

(40) e v e o)

Applying definition (37) for the matching elasticity, we obtain the result (38). Ex-
pression (39) then follows immediately from Corollary 3. O]

We are now in a position to state the following result.

Lemma 5. If Py is invariant with mean A, greater competition decreases the aggregate

markup if and only if the matching elasticity n,, s strictly decreasing in .

Proof. 1f Py is invariant, it is clear from expression (39) that the aggregate markup

fi(\) is strictly decreasing in A if and only if 7, is strictly decreasing in A. O
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4.2 Seller markups

To derive clear monotonic comparative static results with respect to A\ regarding
quantile markups and the distributions of posted prices and transaction prices, we

need to make an additional assumption. Applying Lemma 2, the elasticity of ()1 is

Q) AR
“ V=00 T R

The elasticity 7¢, of the function @) is equal to the elasticity 7,, of the function m'.

Assumption 1. The elasticity ng, is strictly decreasing for all X > 0.

This assumption does not hold for all invariant search technologies, but it holds
for our main examples: the Poisson distribution, the geometric distribution, and the
negative binomial family, which we consider in Section 5.

For the next result, we use notation that emphasizes the dependence of F' and
H on A\, which we usually suppress for simplicity. To signify that a distribution F}

first-order stochastic dominates Fy, we write F» <posp F1 (i.e. F, has lower prices).

Proposition 5. If Assumption 1 holds and Py is invariant with mean A, then:

1. The aggregate markup is strictly decreasing in \.
2. For any x € (0,1), the quantile markup is strictly decreasing in \.
3. For any Ay > Ay, the distribution of posted prices F(-; X2) <rosp F(+;A1).

4. For any Ay > A1, the distribution of transaction prices H(-; A\2) <rosp H(:; A\1).

Figure 1 illustrates how the aggregate markup varies with the degree of competi-
tion for both the Poisson and the geometric search technologies. For the geometric,
the aggregate markup falls more sharply compared to the Poisson at lower levels
of competition, but at higher degrees of competition the aggregate markup falls to
p/c = 1 rapidly for the Poisson. For the geometric, the aggregate markup stays el-
evated above the competitive markup even at relatively high levels of competition,

although it also converges to one in the competitive limit as A — oco.
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Figure 1: Aggregate markup and competition, Poisson vs geometric (¢ = 1 and v = 2)

4.3 Monopoly and competitive limits

We now consider two limiting cases regarding the degree of competition: the

monopoly limit and the competitive limit.

Monopoly limit. First, consider the monopoly limit, i.e. the limit as the degree
of competition A — 0. In this limiting case, all buyers are “captive” and meet only one
seller. For both the standard examples, the two-point distribution and the Poisson,
the distribution of posted prices F' converges to a degenerate distribution at the
monopoly price v, the quantile markup converges to the monopoly markup i = v/c
for any quantile x € (0,1), and the aggregate markup converges to the monopoly

markup. Proposition 6 says these results are true for any invariant technology.

Proposition 6. Suppose that Py is invariant with mean A. In the monopoly limit as
A — 0, the following hold:

1. The distribution of posted prices I' is degenerate at p = v.
2. For any x € (0, 1), the quantile markup converges to the monopoly markup.
3. The distribution of transaction prices H is degenerate at p = v.

4. The aggregate markup converges to the monopoly markup, i = v/c.
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Competitive limit. Now consider the competitive limit, i.e. the limit as the
degree of competition A — oco. In this limiting case, all buyers meet two or more
sellers. For both standard examples, the two-point distribution and the Poisson, the
distribution of posted prices F' converges to a degenerate distribution at the compet-
itive price ¢ and the quantile markup converges to the competitive markup p/c = 1
for any quantile x € (0,1). Surprisingly, these results are not necessarily true for any
invariant technology. In particular, they are not true for the geometric search technol-
ogy and the negative binomial search technology more generally. While the aggregate
markup converges to the competitive markup for any invariant search technology,
and the distribution of transaction prices converges to a degenerate distribution, the
distribution of posted prices need not converge to a degenerate distribution.

Before we present our results regarding the competitive limit, we first define

(42) Y(z) = lim

for all z € (0, 1), provided this limit exists. Lemma 6 says Assumption 1 is sufficient.

Lemma 6. If Assumption 1 holds, then the limit 1(x) exists for all x € (0,1).
Moreover, either ¥)(x) =0 for all x € (0,1) or v is strictly increasing on (0, 1).

We can now characterize the competitive limit under Assumption 1. By Lemma

6, the following result covers all possible cases that apply under Assumption 1.

Proposition 7. Suppose that Assumption 1 holds and Py is invariant with mean .

In the competitive limit as X — 0o, the following hold:

1. If Y(x) = 0 for all x € (0,1), the distribution of posted prices F' is degenerate
at p = c.

2. If 4 is strictly increasing on (0, 1), the distribution of posted prices F' converges

to a non-degenerate distribution F., with support [c,v] and

(43) Foolp) = 97! (E) .

v—cC
3. For any x € (0, 1), the quantile markup converges to

(44) fioo () = 1+ (x) (B —1).
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4. The distribution of transaction prices H s degenerate at p = c.

5. The aggregate markup converges to the competitive markup, p/c = 1.

In the competitive limit as A — 0o, the equilibrium may converge to one in which
sellers choose a mized strategy given by the non-degenerate distribution of posted
prices F,, rather than the pure strategy p = ¢, which emerges as the limit of the
mixed-strategy equilibrium as A — oo for the Poisson case. In such cases where Fi,
is non-degenerate, sellers are indifferent between all p € ¢, v].

At the same time, however, the quantity demanded ¢(p) for each posted price
(except ¢) converges to zero. The possibility of a non-degenerate distribution of posted
prices F' is therefore consistent with a degenerate distribution of transaction prices H
and an aggregate markup equal to the competitive markup, as for the Poisson case.
In the competitive limit, sellers may post a range of prices but no one buys from any
sellers who post p > ¢. All sellers make zero profits because w(p) = (p — ¢)q(p) — 0
either way (either because p — ¢ or ¢(p) — 0) and therefore sellers are indifferent.

For the Poisson search technology, ¥(z) = 0 because Q1(t) = e~*. Therefore, the
quantile markup p(z) converges to p(z)/c =1 for all x € (0,1) and the distribution
of posted prices converges to a degenerate distribution at p = ¢. In general, however,
this is not necessarily true for any search technology, even within the invariant class.
For example, for the geometric search technology, the quantile markup is in Appendix
B. In the limit as A — oo, we have p(z) — 1+ 2*(z — 1) or p(z) — ¢+ 2*(v — ¢).

Figure 2 illustrates how the limiting quantile markup g (z) for £ > 0 need not

equal the competitive markup (p/c = 1) if the search technology P is not Poisson.

4.4 Price dispersion

Consider the effect of competition on price dispersion. We recover an intuitive
feature of the Burdett-Judd model: price dispersion disappears in both the monopoly
limit as A — 0 and the competitive limit as A — oo. Proposition 8 says that there is
no price dispersion in either of these limits for any invariant search technology. While
there may be dispersion in posted prices in the competitive limit, as Proposition 7

shows, there is no dispersion in transaction prices because H is degenerate.

Proposition 8. Suppose that Assumption 1 holds and Py, is invariant with mean \.
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Figure 2: Quantile markup function as A — oo, Poisson vs geometric (¢ = 1 and v = 2)

There is no price dispersion in either the competitive limit or the monopoly limit:

lim cv? (A) = 0 and lim cvy; (\) = 0.
A—=0 A—r00

Therefore price dispersion varies non-monotonically with the degree of competition \.

Proof. By Proposition 6, as A — 0 the transaction price distribution H is degenerate
at v, hence cv}(\) — 0 as A — 0. Next, by Proposition 7, the distribution H is
degenerate at ¢ in the limit as A — oo, and therefore cv%(\) — 0 as A — oo. ]

Proposition 8 guarantees that price dispersion goes to zero in both of these lim-
its, which implies that price dispersion varies non-monotonically with the degree of
competition. That is, there exist A > 0 where greater competition increases price dis-
persion and there exist A < co where greater competition decreases price dispersion.

Proposition 8 also implies there exists at least one interior global maximizer of
price dispersion. It is difficult to provide general conditions under which a unique
global maximizer of price dispersion exists, i.e. a degree of competition which max-
imizes price dispersion. However, this is true for our three main examples: the
two-point distribution, the Poisson, and the geometric search technology.

Figure 3 illustrates how price dispersion varies with the degree of competition for
both the Poisson and the geometric search technologies. Price dispersion goes to zero

both as A — 0 and as A — oo, consistent with Proposition 8. For the geometric,

22



—— Poisson
Geometric

Price dispersion, cvy

0.00

0 2 4 6 8 10
Degree of competition, A

Figure 3: Price dispersion and competition, Poisson vs geometric (¢ = 1 and v = 2)

the decline in price dispersion as A becomes large is much slower, so price dispersion

stays high even when the market is very competitive, unlike for the Poisson.

5 Effect of competitive dispersion

We can now provide some answers to our motivating questions about the effects
of competitive dispersion. How does competitive dispersion affect markups and price
dispersion? Does greater competitive dispersion raise or lower the aggregate markup?
Does more competitive dispersion always lead to more price dispersion?

To answer these questions, we need to move beyond the standard distributions
(the two-point distribution and the Poisson) so that we can separate the effects of
the degree of competition from the effects of competitive dispersion. We take A, the
degree of competition, to be exogenous. (In Section 6, we consider seller entry.)

Our measure of competitive dispersion is the coefficient of variation cv(\) of the
distribution Py (A). For any invariant search technology, this can be calculated using
the following lemma, which tells us that a mean-preserving change in the degree of

competitive dispersion is equivalent to a change in the term Q}(0) = limy_,0 Q] (\).

Lemma 7. If Py is invariant with mean X\, competitive dispersion cv(X) is given by

(45) () = 5~ Q4(0) ~ 1
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The effect of competitive dispersion on both markups and price dispersion is com-
plex and depends on the particular search technology. The aggregate markup may
be either increasing or decreasing in competitive dispersion, depending on the search
technology and the degree of competition. At the same time, an increase in compet-

itive dispersion does not always lead to an increase in price dispersion.

5.1 Aggregate markup

To study the effects of competitive dispersion, we consider two different exercises.
The first considers an example of a “large” increase in dispersion: a shift from the
Poisson to the geometric search technology, which has the same mean A\ but higher
dispersion. The second considers the general comparative static effect of a change in

competitive dispersion in a two-parameter family, the negative binomial family.

Poisson versus geometric. First, we compare the aggregate markup for the
Poisson search technology and the aggregate markup for the geometric search tech-
nology (which has higher competitive dispersion but the same mean \). Applying
Lemma 7, competitive dispersion is given by cvZ(A\) = 1/A+1 for the geometric com-
pared to cv%(A\) = 1/ for the Poisson. See Appendix B for the geometric example.

We find that a “large” increase in competitive dispersion (i.e. a shift from the
Poisson to the geometric) may either increase or decrease the aggregate markup,
depending on the degree of competition. Proposition 9 shows that there exists a

unique cut-off degree of competition at which the direction of the effect changes.

Proposition 9. Suppose there is an increase in competitive dispersion represented
by a shift from the Poisson to the geometric search technology with the same degree

of competition \. Let \* ~ 1.79 be the unique solution to e* =1+ X+ \2.

1. If X < \., the aggregate markup s strictly lower.

2. If A > XX, the aggregate markup is strictly higher.

This result tells us that in less competitive markets (lower \) greater competitive
dispersion decreases the aggregate markup, but in more competitive markets (higher
A) greater competitive dispersion increases the aggregate markup. This result, how-
ever, captures only the effect of a specific “large” jump in competitive dispersion

(namely, a shift from the Poisson to the geometric). Figure 4 illustrates this result.
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Figure 4: Aggregate markup and competition, Poisson vs geometric (¢ = 1 and v = 2)

To understand this result, consider the fact that the effect of competitive disper-

sion on the aggregate markup depends on its effect on the following term:

S

The fraction in square brackets is the only part that moves with dispersion. The

denominator m(\) is decreasing in competitive dispersion in the sense that a shift
from the Poisson to the geometric leaves more buyers unmatched, i.e. m(\) is lower.
However, the numerator Q;(A), i.e. the probability a seller is in a local monopoly,
may either increase or decrease with greater competitive dispersion.

When the average number of sellers in a meeting is low (i.e. A is close to one),
the probability a seller is in a monopoly meeting is already high and an increase in
dispersion tends to move mass away from k& = 1, thus decreasing Q;(A\). On the
other hand, when the average number of sellers is high (i.e. X is far above one), the
probability a seller is in a monopoly meeting is low and greater dispersion tends to
move mass towards k& = 1, thus increasing () (A). The overall effect on the aggregate

markup depends on the relative size of the effects on () and m(\).

Negative binomial family. To determine the general comparative static effect
of a change in competitive dispersion, we need to consider a two-parameter family

of distributions. This will enable us to separate the mean and the dispersion of the
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distribution Pj(\) and allow us to vary the dispersion continuously. We consider

the negative binomial family, which satisfies Assumption 1 and therefore all of the

propositions in Section 4 regarding the effects of competition hold for this family.
For the negative binomial family of distributions Py(\;7) with mean A\ and pa-

rameter 7 € (0, 00), the probability a buyer meets k € N sellers is given by®

= (717 () ()

Po(nr) = (riAY'

The expressions for all of the equilibrium outcomes can be found in Appendix B. In

and

the special case where r = 1, we recover the geometric search technology. In the limit
as r — 00, we recover the Poisson search technology.

Since —Q(0) = PY(0) =1+ 1/r, competitive dispersion cv(\) is given by

1 1
2(Nir) = = + —.
cv(Air) Ao

For this family of search technologies, 1/r € (0, c0) determines the competitive disper-
sion, i.e. the dispersion in the number of sellers a buyer meets. To vary competitive

dispersion while holding the degree of competition A fixed, we can just vary 1/r.

What is the effect of competitive dispersion on the aggregate markup? We find
that the effect depends on the degree of competition A and the degree of competitive

dispersion via 1/r. The next proposition, Proposition 10, describes our result.

Proposition 10. Suppose that Py is negative binomial with mean \ and competitive
dispersion 1/r. Let X ~ 1.59 be the unique solution to e* = 2/(2 — \).

1. If X < N}, the aggregate markup is strictly decreasing in competitive dispersion.

2. If X > NS, there exists a unique v*(X\) € (0,00) such that the aggregate markup is

increasing in dispersion on (0,1/r*) and decreasing in dispersion on (1/r*;00).

SFor real r > 0, we interpret the binomial coefficient in Py(\;r) as the generalized binomial
coefficient, which coincides with the usual combinatorial definition when r € N:

(k+r—1> _ T(k+r)
k) - Tk +1)

where I denotes the Gamma function and I'(n) = (n — 1)! for positive integers n > 1.
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Figure 5: Aggregate markup and competitive dispersion, NB family (A =2, c=1, v = 2)

Proposition 10 tells us that in less competitive markets (lower \), greater compet-
itive dispersion always decreases the aggregate markup. On the other hand, in more
competitive markets (higher ), the effect of competitive dispersion on the aggregate
markup is non-monotonic. For lower levels of competitive dispersion, i.e. lower levels
of 1/r, the aggregate markup is increasing in competitive dispersion, but for higher

levels of competitive dispersion it is decreasing. Figure 5 provides an example.

5.2 Price dispersion

Competitive dispersion is necessary for price dispersion in the Burdett-Judd model.
Given this, we might expect that more competitive dispersion would lead to more price

dispersion. Surprisingly, however, we find that this is not necessarily the case.

Poisson versus geometric. First, we consider the effect of a “large” increase
in competitive dispersion (i.e. a shift from the Poisson to the geometric) on equilib-
rium price dispersion. Proposition 11 shows that, in some cases, the Poisson search

technology generates higher price dispersion than the geometric.

Proposition 11. Suppose there is an increase in competitive dispersion represented

by a shift from the Poisson to the geometric search technology with the same mean \.

1. If X <2, then equilibrium price dispersion increases.
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Figure 6: Price dispersion and competition, Poisson vs geometric (¢ = 0.05 and v = 2)

2. For any A > 0, equilibrium price dispersion increases if and only if

L+ (= D) VIO = 3a())
i+ A A

where Ny, (X)) = %, and decreases if and only if the reverse holds.

Figure 6 provides an illustration of this result. When the degree of competition
A < 2, the geometric search technology delivers higher equilibrium price dispersion
than the Poisson. For higher values of A, price dispersion can sometimes be higher
for the Poisson than for the geometric, which is surprising given that the Poisson has

significantly lower competitive dispersion for any degree of competition A.

Negative binomial family. For the negative binomial family, it is difficult to get
general comparative statics results regarding the effect of competitive dispersion 1/r
on price dispersion. However, our next result describes the local effect of competitive
dispersion on equilibrium price dispersion around the Poisson benchmark as ¢ — 0.
This is sufficient to show that price dispersion can either increase or decrease locally

with greater competitive dispersion, depending on the degree of competition.

Proposition 12. Suppose that Py is negative binomial with mean \ and competitive

dispersion 1/r. Consider the limit as ¢ — 0. In a neighborhood of 1/r = 0 (Poisson),
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1. If X < 2, price dispersion is strictly increasing in competitive dispersion.

2. If X > 2, price dispersion is strictly decreasing in competitive dispersion.

Figure 7 shows an example where c is low, which illustrates Proposition 12. For
this example, A = 2.5 and price dispersion is decreasing in competitive dispersion
locally near the Poisson. By contrast, it increases locally near the geometric (1/r = 1).

Given that the search technology Py allows some buyers to meet zero sellers,
one might wonder whether changes in competitive dispersion via the parameter 1/r
primarily affect the probability Py(\;7), so that competitive dispersion among trading
buyers may not necessarily increase with the dispersion parameter 1/r. However, for
the negative binomial family, increasing 1/r not only increases unmatched buyers via
Py(A;r) but also increases dispersion in meeting size conditional on matching. The
fact that greater competitive dispersion may decrease price dispersion is even more

surprising given that competitive dispersion increases among buyers who purchase.”

"Let Pp(A\;r) = Pu(A;7 | K > 1) denote the zero-truncated distribution of the number of price

quotes and let K denote a draw from this distribution. For fixed A, the coefficient of variation of
this zero-truncated distribution, cvj (A;7), is increasing in the dispersion parameter 1/r.
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6 Entry and efficiency

Up to this point, we have taken A\, the average number of sellers a buyer meets, to
be exogenous. We now consider whether the level of seller entry would be constrained
efficient, taking the search technology P, and the measure of buyers as given, if there
was a zero-profit condition determining seller entry. That is, would the equilibrium
level of seller entry decentralize the social planner’s solution?

For the Poisson search technology, Menzio (2024b) shows that seller entry is con-
strained efficient. However, constrained efficiency of seller entry is not guaranteed
in general. Instead, it requires a certain condition on the search technology. This
follows from a more general result in Lester et al. (2015). We can see this clearly in
the Burdett-Judd model and relate it to the well-known Hosios (1990) condition.

6.1 Equilibrium seller entry

First, we consider the equilibrium level of seller entry. Suppose the cost of entry

for a seller is k > 0 and assume that v — ¢ > k. The zero profit condition is

(47) AN (GO — ) = k.

Given that all sellers make equal expected profit in equilibrium, we also have

(48) QA (v = ¢) = k.

If @ is strictly decreasing, the equilibrium level of seller entry \* = s*/b is

(49) )\*:Q11< " )

vV—=C

The equilibrium degree of competition A* is strictly decreasing in the cost of entry
and the marginal cost ¢, and strictly increasing in buyers’ valuation v. The degree
of competition A* may be either increasing or decreasing in competitive dispersion,
depending on the search technology and the parameters, even within the negative

binomial family. Greater competitive dispersion may attract more or less seller entry.
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6.2 Social planner’s problem

Define the total social surplus per buyer as follows:
W) =m\)(v—c)— KA

Taking the search technology Py as given, the planner chooses A to maximize W (\).

The first-order condition for the planner’s solution is:
(50) m' (A (v —¢) = k.

To ensure there is a unique solution to the first-order condition (50), suppose that
m/(A) > 0 and m”(\) < 0 for all A > 0, with limy_,om/(A) = 1 and limy_,,, m’(A) = 0.
Then W () is strictly concave and there is a unique interior planner’s solution.

Now consider the relationship between the zero profit condition and the planner’s
first-order condition. Equating (50) and (47) and rearranging, and using the fact that
G(A) = m(\)/A, the equilibrium decentralizes the planner’s solution if and only if

PA) —c _ m/(A)A

(51) v—c  m(\)

This is the familiar Hosios (1990) condition, which says that we have constrained
efficiency if and only if the equilibrium surplus share of sellers (the left-hand side of
the above equation) is equal to the matching elasticity (the right-hand side).®

For a general search technology, expression (8) for p(A) in Proposition 2 implies
that the equilibrium surplus share of sellers is equal to 1 — «(\). Therefore, we have

constrained efficiency if and only if the following condition holds.

Proposition 13. Seller entry is constrained efficient if and only if, for all A > 0, the

proportion of monopoly sales is equal to the matching elasticity:
(52) 1= a(d) = m(V).

The left-hand-side is the equilibrium surplus share of firms according to Proposi-
tion 2, which is equal to the probability that a sale is a monopoly sale. The right-
hand-side is the matching elasticity. The left term governs firm profits while the right
term governs how the social surplus increases with firm entry by increasing the total

number of sales. Only when these two are aligned do we get efficiency of entry.

8Note that under Nash bargaining the left-hand side would be equal to sellers’ bargaining power.
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For the Poisson search technology, the left-hand-side and right-hand-side of (52)
are identical. However, this is not always true for any search technology. In gen-
eral, there is no reason why these two things — the probability of monopoly and the
matching elasticity — should be equal to each other in the Burdett-Judd model.

For the invariant class of search technologies, this efficiency condition always holds.
Corollary 5. If P, is invariant, then seller entry is constrained efficient.

Proof. Follows from Lemma 4 and Proposition 13. O

We have constrained efficiency for the Poisson distribution and for the negative
binomial family of distributions because they are invariant search technologies. How-
ever, we do not necessarily have efficiency for any general search technology P, but
only for those which satisfy condition (52). Given that there is no reason why these
two terms should be equal to each other, it is difficult to see which natural assumptions
could guarantee this condition for efficiency, other than just assuming invariance.

In Appendix B, we present an example of a search technology which is not invariant
and does not deliver constrained efficiency of seller entry. For this search technology,
there is equilibrium under-entry of sellers relative to the social optimum. For this
example, the equilibrium surplus share of sellers is 1 — a(\) = e™*, but the planner
wants the optimal surplus share for sellers, which is n,,(A\) = 1/(1 + A). In general,
we have e™* < 1/(1 4+ \) for A > 0, so sellers are getting a lower surplus share than
is optimal and there is under-entry. We can also find examples of search technologies

which deliver over-entry of sellers relative to the social optimum.

6.3 Optimal search technology

Suppose that the search technology P, is invariant. Assume that the planner takes
the degree of competition A\ as given but can choose the search technology, with its
implied degree of competitive dispersion for any given A. The social planner chooses

the search technology P, to maximize the total surplus per buyer:
W(X; Py) = m(\; Py)(v—c¢) — kA

The solution to this planner’s problem is the Poisson search technology, which
minimizes competitive dispersion and maximizes welfare W(A; P;). This result is
similar to the result in Cai et al. (2025) regarding the Poisson (urn-ball) being surplus-

maximizing if sellers are homogeneous because it maximizes the number of trades.
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Proposition 14. If Py is an invariant search technology with mean X, then
1. Competitive dispersion is minimized if and only if Py is Poisson.
2. m(X\; By) and W(X; By) are mazimized if and only if Py, is Poisson.
3. Competitive dispersion is constrained efficient if and only if Py is Poisson.

Given that equilibrium outcomes like markups and price dispersion depend only
on the search technology and the degree of competition A\ (taking v and ¢ as given),
Corollary 5 and Proposition 14 imply that equilibrium markups and price dispersion

are socially optimal if and only if the search technology is Poisson.

Corollary 6. If Py is an invariant search technology, then equilibrium markups and

equilibrium price dispersion are constrained efficient if and only if Py is Poisson.

For example, if the search technology is negative binomial but not Poisson, then
equilibrium markups and price dispersion are not efficient from the perspective of this
extended planner’s problem. For example, if the search technology is geometric, the
aggregate markup may be either too high or too low relative to the social optimum,
and price dispersion may be either too high or too low relative to the social optimum.

We can think of the excess competitive dispersion arising from search technologies
other than the optimal Poisson as a form of “misallocation”. This is a kind of misal-
location which is possible even though firms are identical and there are no differences
in either productivity or marginal cost. It is a form of misallocation not in the way
that resources are distributed across firms, but in the way that seller competition is
distributed unequally across buyers according to the search technology. The planner
would ideally prefer all buyers to experience the same degree of seller competition in
order to maximize the number of trades. The Poisson distribution comes closest to
this by minimizing competitive dispersion within the invariant class.

Given the Poisson is socially optimal, we might wonder whether the Poisson min-

imizes price dispersion. Surprisingly, Corollary 7 says that this is not the case.

Corollary 7. If P, is an invariant search technology, then minimal competitive dis-

persion is socially optimal but minimal price dispersion is not always socially optimal.

Proof. The first part follows from Proposition 14, and the second part follows from
Propositions 11 and 12, which imply that the Poisson search technology does not

always minimize price dispersion. O
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Within the class of invariant search technologies, the Poisson distribution is indeed
the unique distribution that minimizes competitive dispersion. However, the Poisson
search technology does not always minimize price dispersion. The planner’s choice
thus minimizes competitive dispersion but does not minimize price dispersion. There
is an optimal level of price dispersion that is given by the Poisson search technology,
and this is not always the minimum possible price dispersion within this class of
search technologies. Any policy which aims to minimize price dispersion (for any

given \) may not be socially optimal and may lead to a strict decrease in welfare.

6.4 Welfare loss from competitive dispersion

To get a sense of the welfare loss from excess competitive dispersion above the
planner’s optimal level (i.e. above the Poisson level), we consider an example. We
first consider the short-run effects of competitive dispersion on equilibrium outcomes
when the degree of competition A is exogenous, and then consider the long-run effects
when seller entry is determined by a zero profit condition and X is endogenous. We

focus on the negative binomial family of search technologies where cv?(\) = 1/A+1/r.

Poisson r=5 r=2 Geom r=1/2 r=1/3

Degree of competition, A 2.00 2.00 2.00 2.00 2.00 2.00
Dispersion parameter, 1/r 0.00 0.20 0.50 1.00 2.00 3.00
Competitive dispersion, cv 0.71 0.84 1.00 1.22 1.58 1.87
Welfare, W 0.594 0.543 0479 0.396 0.282 0.207
Consumer surplus 0.594  0.548 0.500 0.444 0.374 0.328
Aggregate markup, ji 1.313  1.326 1.333 1.333 1324  1.312
Price dispersion, cvg 0.147  0.153 0.159 0.167 0.176 0.182

Table 1: Short-run equilibrium with A=2, v =2, c=1,b=1, and kK = e 2.

Table 1 presents the aggregate outcomes when the degree of competition A is
exogenous. Welfare is highest for the Poisson search technology. Price dispersion is
lowest for the Poisson search technology for this example (although this is not always
true). The aggregate markup varies non-monotonically with the degree of competitive
dispersion. At first, the aggregate markup is increasing in competitive dispersion, but
it later falls. This illustrates the non-monotonicity result in Proposition 10.

Table 2 considers the same example except that the degree of competition is

endogenized according to expression (49) for equilibrium seller entry, A*.° In contrast

9In Table 2, competitive dispersion is cv(\*), the coefficient of variation of the distribution Py, (\*),
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Poisson r=5 r=2 Geom r=1/2 r=1/3

Degree of competition, A* 2.00 1.98 1.90 1.72 1.40 1.16
Dispersion parameter, 1/r 0.00 0.20 0.50 1.00 2.00 3.00
Competitive dispersion, cv(A*) 0.71 0.84 1.01 1.26 1.65 1.97
Welfare, W 0.594  0.543 0.480 0.400 0.298 0.236
Consumer surplus 0.094  0.543 0.480 0.400 0.298 0.236
Aggregate markup, [ 1.313 1.330 1.348 1.368 1.389 1.399
Price dispersion, cvg 0.147  0.153 0.158 0.162 0.165 0.166

Table 2: Long-run equilibrium with A endogenous, v =2, c=1,b=1, and K = e~ 2.

to Table 1, which isolates the direct effect of competitive dispersion while holding
the degree of competition fixed (as in our results for Section 5), Table 2 incorporates
both the direct effect of competitive dispersion and the indirect effect of competitive

dispersion through its effect on equilibrium seller entry A\* in the long run.

(1) short run (A exog.) (2) long run (A* endog.)

Welfare, W —4.62% —4.55%
Consumer surplus —4.34% —4.55%
Aggregate markup, i +0.63% +0.72%
Price dispersion, cvg +2.26% +2.18%

Table 3: Effects of 10% increase in competitive dispersion cv relative to the Poisson.

Table 3 summarizes the welfare loss from a 10% increase in the degree of com-
petitive dispersion from the efficient (Poisson) benchmark, i.e. a 10% increase in the
coefficient of variation cv of the distribution Pg(\) of the number of sellers each buyer
meets.'® We use the same parameter values as in Tables 1 and 2 for columns (1) and
(2) respectively. A 10% increase in competitive dispersion from the efficient (Poisson)
benchmark leads to a 4.62% decrease in welfare, a 0.63% increase in the aggregate
markup, and a 2.26% increase in price dispersion for this example. The welfare effects

are similar in the long run when seller entry adjusts and A* is endogenous.

which varies with both the dispersion parameter 1/r and the endogenous value of \*.

10T implement the 10% increase in competitive dispersion in Table 3, we restrict attention to the
negative binomial family Py (A;r), with the Poisson benchmark given by the limit 7 — co. In this
family, cv? (A\;r) = 1/A +1/r, so cv (A;00) = 1/3/A. In column (1), we hold A = 2 fixed and choose
r so that cv (2;r) = 1.1 X cv (2; 00), which implies r ~ 9.52. In column (2), we determine \* = A\*(r)
from the zero profit condition (47) and choose r so that cv (A\*(r);r) = 1.1 x cv (A\p; 00), where A%
is the Poisson value, which is A}, = 2 under our chosen parameters, and this yields r ~ 9.67.
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7 Buyer heterogeneity

In this paper, we have assumed that the search technology Py is a primitive. We
can indeed treat the search technology as a primitive that captures search frictions,
but in some situations we may want to microfound it in terms of heterogeneity in
the degree of competitive intensity faced by different types of buyers. Competitive
intensity is a measure of the relative extent of the effective competition for a buyer.
Certain types of buyers may tend to have larger or smaller choice sets of sellers.
Heterogeneity in competitive intensity may arise due to differences in search intensity,
search costs, income, geography, platforms, advertising, network position, and so on.!

One of the advantages of our invariance assumption is that any search technology
in this class can be microfounded by some distribution of competitive intensity. On
the other hand, any distribution of competitive intensity microfounds some search

technology in the invariant class. We describe this one-to-one mapping here.

Microfoundation. Suppose the average number of sellers a buyer meets is A,
but buyers may differ in their competitive intensity 7 and therefore in the expected
number of sellers they meet, i.e. the expected number of price quotes they obtain.
The distribution of competitive intensity has mean one and is continuous with cdf ®
and support [7,7] € R,. In expectation, buyers with 7 > 1 meet more sellers than
average, while buyers with 7 < 1 meet fewer sellers than average.'?

If a buyer with competitive intensity 7 draws a number of price quotes from
a distribution P} that is Poisson with mean 7\, we say that the distribution of
competitive intensity ® “generates” a search technology P, in the sense of Definition
2. This search technology P gives us the (unconditional) distribution of the number

of price quotes obtained across all buyers in the market.'?

Definition 2. A distribution of competitive intensity ® with support [r,7] C Ry
generates a search technology Py if and only if, for all k € N and any A > 0,

o] k ,—AT
(53) Pi()) = / %d@(f).
0 !

"UNote that this interpretation of the search technology in terms of buyer heterogeneity means
that the welfare results in Section 6 need no longer apply, depending on the source of heterogeneity.

12We also allow the case where ® is degenerate at 7 = 1, i.e. there is no buyer heterogeneity.

13The search technology generated is a mixed Poisson distribution and @ is sometimes called the
“mixing distribution”. See Cai et al. (2025) and Mangin (2026) for further discussion of this class.
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For any distribution of competitive intensity ®, it is clear that there exists a
unique search technology Py that the distribution generates because we can use (53) to
construct this search technology. This is known as a mixed Poisson search technology
and it is straightforward to show that it is invariant.'* Perhaps more surprisingly,
the converse is also true. Any invariant search technology can be generated by some

distribution of competitive intensity. This result was proven in Cai et al. (2025).

Proposition 15. Any distribution of competitive intensity ® generates a unique in-
variant search technology P,. Conversely, for any invariant search technology Py,

there exists a unique distribution of competitive intensity ® that generates Py.

If we observe only the distribution of the size of buyers’ choice sets, i.e. the distri-
bution of the number of price quotes, then we can determine the unique distribution
of competitive intensity that generates it. Conversely, if we start with a distribution
of competitive intensity, we can determine the corresponding search technology and
then apply any of our results for the invariant class. For example, the Poisson search
technology is generated by a degenerate distribution of competitive intensity (i.e. all
buyers have the same competitive intensity), while the geometric search technology
is generated by an exponential distribution of competitive intensity and the negative
binomial search technology is generated by a Gamma distribution.'®

Our use of invariant search technologies allows us to model buyer heterogeneity,
either in search intensity or any other type of heterogeneity (e.g. income) which may
lead buyers to differ in the size of their choice sets. This generates heterogeneity in
the (conditional) distribution of prices — and thus the average price and the price
dispersion — faced by buyers. For example, suppose the search technology P, is
geometric. Equivalently, the distribution of competitive intensity ® is exponential.
In this case, the distribution of posted prices F' is given by (107) for the geometric
example. However, the (conditional) distribution of transaction prices H(p|r) for a
buyer with competitive intensity 7 is the same as (33) for the Poisson example with
mean equal to A7, except that the distribution of posted prices F' is now different.

In fact, for any invariant search technology Py, the (conditional) distribution of
transaction prices H(p|7) for a buyer with competitive intensity 7 takes the same

form — except the distribution F' is different. For all buyers, the distribution F' of

14\We verify this in the proof of Proposition 15 in the Appendix.
15For examples of invariant search technologies and their corresponding distributions of “types,”
see the examples in Cai et al. (2025) or the table in Appendix E of Mangin (2026).
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posted prices is given by Proposition 4, the aggregate markup is given by Proposition
2, and overall price dispersion is given by Proposition 3. However, the (conditional)

distribution of prices H(p|7) for a buyer of type 7 is described by our next result.

Proposition 16. Suppose Py is an invariant search technology that is generated by
a distribution of competitive intensity ® with support [r,7] C R,. For a buyer with

competitive intensity T > 0, the (conditional) distribution of transaction prices is

1 — 67/\7'F(p)

(54 Hplr) = ——

where the equilibrium distribution of posted prices I is

> =

(59 Fi) = 5@)7 (@i=s)

and Q1(X) is the probability a seller has no competitors, i.e. has a “captive” buyer.

Proof. For a buyer with competitive intensity 7 > 0, the distribution P of the
number of sellers they meet is Poisson with mean 7A. The expression for H(p|7)
follows from (33) for the Poisson with mean Ar. However, the distribution of posted

prices F' is different from the Poisson case: it is given by (18) in Proposition 4. [

Importantly, the (conditional) distribution of transaction prices H (p|7) for a buyer
with competitive intensity 7 depends on both A7 and the equilibrium distribution of
posted prices F. The effects of competitive intensity 7 on the average price and on
price dispersion are not the same as the effects of A\ because of this dependence of
H(p|7) on the distribution F', which depends on the search technology F.

Corollary 8 summarizes the effects of competitive intensity on the distribution
of the number of price quotes P7, the distribution of transaction prices H(p|7), the
average transaction price p(A|7) = Eg(j-[p], and the price dispersion cvy (A|7). For
any invariant search technology, greater competitive intensity leads to more price
quotes and lower transaction prices on average. The average price paid by a buyer is
decreasing in the buyer’s competitive intensity 7, and the price dispersion experienced

by a buyer converges to zero as the buyer’s competitive intensity becomes large.

Corollary 8. Suppose that Py is an invariant search technology that is generated by

a distribution of competitive intensity ® with support [r,7] C R, .
1. If o > 11, the distribution of the number of quotes P] (A1) <rosp PL(AT2).
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Figure 8: Price dispersion and competitive intensity, NB family (A =3, ¢ = 0.05, v = 1)

2. If 79 > 7, the distribution of transaction prices H (-, A\T2) <rosp H (-, A\11).
3. The average price paid is decreasing in a buyer’s competitive intensity T.
4. If T = oo, then price dispersion cvy (A7) — 0 in the limit as T — oo.

5. If T =0, then price dispersion cv?(\|T) — cvi()) in the limit as T — 0.

If the distribution of competitive intensity 7 has unbounded upper support, then
price dispersion converges to zero in the limit as 7 becomes large. However, price
dispersion need not be strictly decreasing in a buyer’s competitive intensity, but can
instead be non-monotonic. Figure 8 illustrates some non-monotonic examples.'® As
the figure shows, buyers with higher competitive intensity do not necessarily experi-

ence lower price dispersion, although they do pay lower prices on average.

8 Application: Labor market

In the labor market, competitive dispersion represents dispersion in the degree of
effective competition for workers. This may be captured by dispersion in the number

of job offers a worker receives or the number of firms in a worker’s “choice set”. In

6For the Poisson, ® is degenerate at 7 = 1, so we take 1/r = 0.001 instead of the Poisson limit.
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this section, we present a simple application of our results to the labor market. We
ask: How does competitive dispersion in the labor market affect wages? How does
competitive dispersion affect equilibrium wage dispersion?

As in Sections 2-6, we assume that the search technology P, which determines
the distribution of the number of job offers a worker receives, is a primitive. We
also assume that this search technology is invariant. However, as shown in Section 7,
any invariant search technology can be generated by a distribution of worker search

intensity, which may arise due to heterogeneity across workers, via Definition 2.

8.1 Environment

The environment is the same as in Section 2 except that we interpret the “sellers”
as firms that are searching for workers, and the “buyers” as unemployed workers. A
worker who does not receive (or does not accept) an offer remains unemployed.

There is a continuum of measure U of unemployed workers and a continuum of
measure V of firms. The labor market tightness is @ = V/U. Workers have an outside
option z > 0, which represents the flow value of unemployment. A filled job produces
output y > z. Workers obtain flow payoff w if they are employed at wage w, and z if
unemployed. A vacancy that hires a worker at wage w obtains profit y — w.

Let Py(#) denote the probability that a worker receives k € N wage offers. Let
Qr(0) denote the probability that a vacancy is in a meeting with k& vacancies (i.e.
the worker it meets receives k job offers including its own). As before, consistency
implies the relationship 0Qy(0) = kP (0) for all k& € N, which corresponds to (1).

Workers accept the highest wage offer w they receive provided that w > z. Define
the match profit as p = y — w. A worker who accepts wage w obtains surplus
w—z =1y —p— z and thus chooses the lowest profit p among their offers. After
setting p = y — w, the labor market environment is isomorphic to the Burdett—Judd
environment in Section 2 with “marginal cost” ¢ = 0, buyer “valuation” v = y — z,

and “degree of competition” A = 6, the labor market tightness.

8.2 Wage distribution

Let F,, denote the equilibrium cdf of posted wages, with density f,. Let ¢, (w)
denote the probability a vacancy posting wage w hires a worker (i.e. the “quantity”

of workers hired). Let ¢(#) = m(0)/6 denote the average “quantity” of workers hired
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per vacancy, where m(0) = 1 — Fy(0) is the workers’ matching probability.

Proposition 17. For any market tightness 8 > 0, there exists a unique symmetric
mixed-strateqy equilibrium. The equilibrium distribution of posted wages has no mass
points and cdf F,, with support w € [z, w], where w =y — Q1(0) (y — 2).

If Py is invariant, the distribution of posted wages F,, is given by

1 1 Yy— 2
(50 Fufw) = 1= 5 (@) (o)L=

y—w

Equivalently, any posted wage w satisfies the wage condition:

(57) w=z+ (1— Sil(g) (y— 2)

where q,(w) is the “quantity” of workers hired at wage w:

(58) qw(w) = Q1(0 (1 — Fyy(w)))
and Q1(0) is the probability a firm has no competitors, i.e. a monopsony hire.

Let H, denote the cdf of the distribution of accepted wages. We measure wage
dispersion using the coefficient of variation cvy, () of the distribution of accepted

wages. That is, wage dispersion is given by cvy; (0) = o7, (0)/w(6)>.

Lemma 8. If P, is invariant with mean 0, the distribution of accepted wages is

P (1= Fy(w)) = P(0)

Equilibrium wage dispersion is given by

2 Ep, ly — w] y—a(6)
o 0= (5 1) ()

Let w(f) = Eg, [w], the average wage paid for accepted job offers. Define the share
of monopsony hires by 1 — a(0) = Q1(0)/¢(0). This is the share of hires occurring
when the hiring vacancy has no competitors. The share of competitive hires, where
there was direct competition to hire the worker, is equal to a(9).

If Py is invariant, the share of monopsony hires is equal to the matching elasticity,
Nm(0). As we have seen in Section 6, this is why invariance delivers constrained

efficiency via the Hosios condition because it means that firms’ surplus share is equal
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to the matching elasticity. Given this, it is clear that the average wage w(6) is strictly

increasing in market tightness @ if and only if 7,,(0) is strictly decreasing in 6.

Proposition 18. For any market tightness 8 > 0, the average wage is
(61) w(0) = z+ a(0)(y — 2)
where a(0) is the share of competitive hires. If Py is invariant, then

(62) w(0) = z+ (1 —nm(0)) (y — 2).

Proof. Let p =y — w be match profit. Then w(6) =y — p(#), where p(f) = Eg [p] is
the average accepted profit. Applying Proposition 2 with ¢ = 0 and v = y — z yields
(61). If Py is invariant, Lemma 4 implies 1 — a(0) = n,,(6), which yields (62). O

Figure 9 depicts some examples of how the average wage varies with the labor
market tightness for the negative binomial family of search technologies. In all cases,
the average wage is increasing in market tightness. However, for the geometric exam-
ple and the highest dispersion example (1/r = 4), the average wage increases more
sharply at first compared to the Poisson (for lower levels of market tightness) but also
flattens significantly later on (for higher levels of market tightness). For the Poisson,

the average wage increases with market tightness at a relatively constant rate.

8.3 Effect of competitive dispersion

Competitive dispersion in the labor market corresponds to dispersion in the num-
ber of wage offers workers receive, holding market tightness 6 fixed. Our measure of
competitive dispersion is again the coefficient of variation cv(f) of the distribution
P..(6), which is given by Lemma 7 for any invariant search technology.

As in Section 5, we consider the negative binomial family and vary competitive
dispersion by varying the parameter 1/r while holding the market tightness 6 fixed.

Next, we ask: How does competitive dispersion affect the average wage? Again, we
consider the negative binomial family of search technologies. Similarly to Proposition
10, we find that the direction of the effect of competitive dispersion on the average
wage depends on both the search technology and the labor market tightness.

We also ask: How does competitive dispersion affect unemployment? In equilib-

rium, workers are hired provided they receive at least one job offer, so the unemploy-
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Figure 9: Average wage and labor market tightness, NB family (z = 1 and y = 2)
ment rate is u(f) = 1 — m(0) = Py(0), i.e. the probability that a worker receives no
job offers. We find that unemployment is strictly increasing in competitive dispersion.

Proposition 19. Suppose that Py is negative binomial with mean 6 and competitive
dispersion 1/r. Let 0% ~ 1.59 be the unique solution to ¢’ =2/(2 —0).

1. The unemployment rate u(0) is strictly increasing in competitive dispersion.
2. If 0 < 0, the average wage is strictly increasing in competitive dispersion.

3. If 0 > 03, there exists a unique r*(0) € (0,00) such that the average wage is de-

creasing in dispersion on (0,1/1*(0)) and increasing in dispersion on (1/r*(0), c0).

Finally, it is difficult to obtain general comparative statics results regarding the ef-
fect of competitive dispersion 1/r on wage dispersion, so our next result describes the
local effect of competitive dispersion on equilibrium wage dispersion around the Pois-
son benchmark for the special case where z = 0. This case is sufficient to determine

that higher competitive dispersion may either increase or decrease wage dispersion.

Proposition 20. Suppose that Py is negative binomial with mean 6 and competitive
dispersion 1/r. Assume that workers’ outside option is z = 0. There exists a unique
cutoff 0% ~ 0.91 such that, in a neighborhood of 1/r =0 (Poisson),
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1. If 0 < 0%, wage dispersion s strictly decreasing in competitive dispersion.
2. If 0 > 0%, wage dispersion is strictly increasing in competitive dispersion.

Greater competitive dispersion does not necessarily increase wage dispersion, which
is surprising and counter-intuitive. The direction of the effect depends on the search

technology, the labor market tightness, and workers’ outside option.

9 Conclusion

This paper introduces the notion of competitive dispersion, which represents dis-
persion in the effective competition for different buyers. We study the effect of com-
petitive dispersion on both markups and price dispersion in a Burdett-Judd search-
theoretic model of imperfect competition. We find that greater competitive dispersion
can either increase or decrease the aggregate markup, depending on both the search
technology and the degree of competition. Surprisingly, while competitive dispersion
is necessary for price dispersion, greater competitive dispersion does not always lead
to higher price dispersion, but may sometimes decrease price dispersion. Seller en-
try is constrained efficient whenever the search technology is invariant. However, if
the planner can choose the search technology, then equilibrium markups and price
dispersion are constrained efficient if and only if the search technology is Poisson,
which minimizes competitive dispersion but not necessarily price dispersion. If the
search technology is not Poisson, excess competitive dispersion can be seen as a kind
of “misallocation” of competition across buyers which reduces welfare — although the
interpretation of this welfare result depends on how exactly the dispersion arises.

We consider a simple application of our results to the labor market. In a labor
market setting, competitive dispersion represents dispersion in the degree of effective
competition for workers. Greater competitive dispersion always leads to higher un-
employment. However, it can either increase or decrease the average wage, depending
on both the search technology and the labor market tightness. Similarly, greater com-
petitive dispersion may either increase or decrease wage dispersion, depending on the
search technology, the labor market tightness, and workers’ outside option.

This paper has focused on the case of homogeneous firms because the effects of
competitive dispersion are sufficiently interesting even in this extreme case where all

firms have the same marginal cost and produce identical goods for which all buyers
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have the same valuation. This has allowed us to highlight the role played by the
search technology, i.e. the distribution of the number of price quotes. In future
work, however, it would be interesting to extend the model to the case where buyers
have idiosyncratic valuations for the goods produced by different firms, or the case of
heterogeneous firms where there is a distribution of firms’ marginal costs. Another
direction for future research would be to endogenize the distribution of competitive
intensity based on buyer heterogeneity — in terms of search effort, geographic location,
or income — in order to study how markups vary across the income distribution or

across locations and to determine the welfare consequences of this heterogeneity.
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Appendix A: Proofs

A.1 Proofs for Section 3

Proof of Proposition 1

Proof. We first show that F' has no mass points and its support is an interval [p, v].

Suppose, for the sake of contradiction, that F' has a mass point at some py € (¢, v].
Consider a seller who deviates from pgy to pg—e for € > 0. For any meeting size k > 2,
with strictly positive probability at least one rival posts exactly py and no rival posts
a price below pg. In this event, a seller posting py (at best) ties with those rivals,
while the deviator wins the sale. Hence the deviator’s probability of sale increases
by a strictly positive amount that does not vanish as € — 0, while its profit margin
falls by only €. For ¢ small enough, this deviation strictly increases expected profit,
contradicting seller optimality. Therefore, F' has no mass points.

Now suppose, for the sake of contradiction, that the support of F'is not an interval.
Then there exist pyg < p; such that F is constant on (pg, p1). Since the probability of
sale depends on p only through F'(p), it follows that the quantity demanded ¢(p) is
constant on (po,p1). A seller posting py can therefore profitably deviate to py + ¢ €
(po,p1), which strictly increases its profit without affecting its probability of sale,
contradicting seller optimality. Hence the support of F' is an interval [1_9, D).

Next, we have p < v clearly. Now suppose, for the sake of contradiction, that
p < v. Since F' is supported on [p,p], all other sellers post prices at most p almost
surely. Hence any seller who posts any price p € (p,v] can make a sale only when
it faces no rivals, i.e. only when k = 1. Therefore its probability of sale is Q1 (\),
independent of the choice of p € (p,v]. But then posting v yields strictly higher profit
than posting any p < v, contradicting that p is the top of the support. Thus p = v.

We now derive the equilibrium expressions in Proposition 1. If a buyer meets
k sellers, a seller posting p trades if and only if all £ — 1 rivals post prices above p,
which occurs with probability (1— F(p))*~1. Therefore, since Qx()) is the probability

a seller has k — 1 rivals, the quantity demanded for a seller posting price p is given by

a(p) = > QuN(1 — F(p))* .

46



The expected profit for a seller from posting price p is
m(p) =(p—)glp) =(p— )Y _ QN1 - F(p))*".
k=1

In a seller-symmetric mixed-strategy equilibrium, sellers are indifferent across all p

in the support, so m(p) is constant on [p,p]. Since F(v) = 1, we obtain 7(v) =

Q1(\)(v — ¢). Since profit is constant for all posted p, we have

(63) m(p) =7(A) = (M) (v —¢)

for all posted prices p. Finally, F(p) = 0so q(p) =1, thus p = c+ Q1(N\)(v —¢). O

Proof of Proposition 2

Proof. To start with, we have the following:
A
4 Eulp — ¢ = —o)h(p)dp = ——— — d
6 Ealp—cd= [ (= hpd = =5 [ 0= ) @)
using (6) for h(p). The equilibrium pricing condition and Q;(\) = P;(A)/A imply
Pi(AN)(v—rc¢)
—

Substituting the above into (64) and simplifying yields (8) because [ f(p)dp = 1.
Finally, letting 1 — a(\) denote the probability a buyer meets only one seller,

(65) m(p) = (p— c)q(p) =

conditional on purchasing, we have the following:

P(A)
66 1—a(\) = .
(66) o) = T2
Substituting into (8) and rearranging yields the weighted average (9). O

Proof of Proposition 3

Proof. Substituting equation (10) into (6) delivers the following expression:

(67) hp) = PN pp).
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Since h is a density, integrating (67) over the support gives

(63) 1= [ by =G0~ o) [ 1w,
so we have
(69) pA) —c= (Epllp— o))

Next, using (67), we have

2
By 7] = [ (o) do = GO — o) [ T 1) dp
Rewriting p as p = (p — ¢) + ¢, we obtain

2 — )+ ¢)? 2
p—c p—c p—c

Combining the above two results yields
. 1
Ba 1) = G0 - ) (Brlp - d 20+ [ L)),
Using (69), this becomes

(70) Ey [p2] = (p(\) —e)Ep[p —c] +2¢(p(A) — ¢) + .

By definition, Ey [p] = p(\) and simplifying yields

Ey [p? p(A) —c)Ep [p — 2ep(A) — 2
iy < Bl G0 =B -d 20 -
Ex [p] p(A)
Rearranging the above gives us the desired expression (11). O]

Proof of Lemma 2

Proof. Tt is useful to first state the following lemma derived in Cai et al. (2025), which
uses the fact that if P, is invariant then the function Fj is completely monotone to

provide a Laplace transform representation for F,. See Appendix E in Mangin (2026).

Lemma 9. If Py is an invariant search technology with mean A\ > 0, then
(71) Py(\) = / e dd(T)
0
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for some probability distribution with cdf ® and mean Eg[r] = 1.

We can use this result to prove parts of Lemma 2. We can also use the fact that,

by Definition 1, the probability generating function of P, is given by
(72) ZPk & = Py(A1 = 2)).

(i) and (7). Differentiating expression (71) yields Pj(\) < 0 and Py(\) > 0.
(7). Because G(1) = 1, invariance implies Fy(0) = 1, and thus limy_,o Py(A) = 1.

(iv). By Lemma 9, Py(\) has a Laplace transform representation Py(A) = E¢ [¢77]
for some distribution ® with E¢[7] = 1. The Laplace transform converges to Pr(7 = 0)
as A — oo, implying limy o, Py(A) = 0 if and only if Pr(7 = 0) = 0. In Section 2, we

assume that limy ., Py(A) = 0, which is equivalent to assuming Pr(r = 0) = 0.

(v). Differentiating Py(A(1 — z)) and evaluating at z = 1 yields G'(1) = —AP}(0).
Since G'(1) = Y _po, kP(X) = A, we have limy_,q Pj(\) = —1.

(vi). Differentiating Py(\) = Eg [e77] yields Pj(A) = —E¢ [re™*"]. By domi-

nated convergence, e~ — 0 pointwise and is bounded by 7, so limy ., P5(A) = 0.

(vii). Using Qx(A\) = kP,(\)/A and the identity Py(\) = G/(0), invariance implies
Q1(\) = —F}(A) for all A > 0. The limits for @; follow from parts (v) and (vi). O

Proof of Lemma 3

Proof. Suppose that Py is invariant. By Definition 1, for all z € [0, 1], we have
(73) Z P(N)z" = Py(A(1—2)).
Differentiate (73) with respect to z to obtain
(74) D kPN = —AR(A (1 - 2)).
k=1
Next, using AQ(\) = kP()\), we have

(75) > Qe AT =—Pi(A(1-2)).
k=1
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Finally, by Lemma 2 part (vii), invariance implies Q1(z) = —Fj(x) for all > 0.
Substituting this identity into (75) yields

(76) D QN = QA1 - 2)).

Now assume that (76) holds. Let y =1 — z. Then (76) can be rewritten as

(77) ZQk 1—y)* .

Next, integrate (77) from y = 0 to y = 1. The left-hand side is

1 1 A
[ etway=5 [ @
0 A Jo
The right-hand side is

where we used AQx(\) = kP,(\) and >~ Px(\) = 1. Equating both sides yields

A
(78) 1—PF(N) = /0 Q1(u) du

Next, integrate from 0 to 1 — z. Integrate (77) fromy =0toy =1 — z:

11—z 1—z ©© k )
/0 Qi(Ny) dy = /0 > Q) dy.

The left-hand side becomes

1-2 A(1—2)
[ awma=5 [ a5 0-roa-2)

where the last equality uses (78). The right-hand side is

z [e's) _Zk 00
S [ -t =3 et =1 R (-2
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Equating both sides and multiplying by A yields
1 — Py(M1 — 2)) = (1 — Py(\ ZPk

Rearranging, we obtain

Py(AM(1 = 2)) +ZPk 2 :iPk()\)zk

Therefore, we have equation (73) as desired. O

A.2 Proofs for Section 4

Proof of Proposition 5

Proof. 1t is clear from (41) that the elasticity nq, of the function (), is equal to the
elasticity 7, of the function m’. By Assumption 1, ng, ()) is strictly decreasing for
all A > 0 and therefore 7,,/()) is strictly decreasing for all A > 0.

1. By Lemma 10 below, we know that if 7, is strictly decreasing then 7, is
strictly decreasing, i.e. 7/, (\) < 0 for all A > 0. Lemma 5 then implies that the

aggregate price and the aggregate markup are strictly decreasing in \.

2. Fix x € (0,1). Under invariance, the quantile price given by Corollary 1 is
A
ey

Q1(Az)

where Q1 (\) = —PBJ(\) by Lemma 2. Since v > ¢, it suffices to show that Q1(\)/Q1(Ax)
is strictly decreasing in A. Differentiating log(Q(\)/Q1(Ax)) yields

(79) p(z; A) =

(U—C),

5 Qi) ()
Y [log @1 () —log Q1 (Az)] = Q:1(\) le()w)
_ B RO

(\) 7 Fy(a)

(80) =

by the definition of 7,,. Because z € (0,1) implies Az < X and 7, is strictly
decreasing, the right-hand side of (80) is strictly negative. Hence Q1()\)/Q1(Az)
is strictly decreasing in A\, and (79) implies that p(z; ) is strictly decreasing in .
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Therefore, the quantile markup u(x; A) is strictly decreasing in \.

3. Let Ay > A;. Since p(-; A) is the quantile function of F'(-; \), part 2 implies
p(w; A2) < p(a; A1)

for all z € (0,1), which is equivalent to the result F'(-; A\2) <rosp F(-; A\1).
4. Under invariance, Corollary 2 tells us that

1= FB(AF(p;A)  m(AF(p; )

where m(A) = 1 — Py(\). Define
(82) T(x) = ”ZS(AAQ“;), € [0,1].

Then H(p; \) = Ta(F(p; A)). For each A > 0, T)\(z) is strictly increasing in x since

0 ’()xx)

Differentiating log T (z) = log m(Ax) — logm(\) with respect to A, we have

0 m'(Az)  m/(\)
N log Th(z) =« m(Az)  m())
(53) = 1 () = (V).

By Lemma 10, if 0, is strictly decreasing then 7, is strictly decreasing. Since Az < A,
the right-hand side of (83) is strictly positive, so T)(z) is strictly increasing in A.
Now let Ay > A; and fix p < v. From part 3, we have F(p; A2) > F(p; A1). Using

the monotonicity of T in both arguments, we have
H(p; A2) = T5,(F(p; A2)) = Th, (F(p; M) > Tx, (F(p; M) = H(p; A1)
Hence we obtain the desired result that H(-; A2) <rosp H (- A\1). O

Lemma 10. If n,, is strictly decreasing, then n,, is strictly decreasing.

Proof. Since m(0) = 0 and m’(\) > 0, we can write

(84) /m @_/mn
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where the second equality follows from the change of variables s = At. Using (84),

am'(A) /(N
(%) =Ty Jomr(At) dt

Taking logs and differentiating with respect to A yields

m'(\)  fo tm"(\t) dt
m'(A) [T\ dt

(56) L logna()) =

Next, we can rewrite integrand in the numerator of the second term as

nm’(/\t>

tm" (A\t) = m/(At).

Substituting the above into (86) and multiplying both sides by A, we obtain

Jo e M) (M) dt

[ m/(\) dt

(57) AT 108 1 (A) = e (V)

The second term on the right-hand side of (87) is a weighted average of 7, ()
over t € [0, 1] with strictly positive weights proportional to m/(At). If 5, is strictly
decreasing, then 7,,/(At) > n,/(\) for all ¢ € (0,1), implying this weighted average
exceeds 7,y (). So ALk logn,,(A) < 0, which implies 7/, (A) < 0 for all A > 0. O

Proof of Proposition 6

Proof. 1. By Corollary 1, for any = € (0, 1), we have

Q1(})
Q1(Az)
which is (22). By Lemma 2 part (vii), Q:(A\) = —Fj(A) and limy_0Q1(N\) = 1.
Therefore, for any fixed « € (0, 1), we have Az — 0 as A — 0 and hence

lim @) =

A=0 Q1(Ax)

Substituting into (22) yields limy ,op(z) = v for all x € (0,1). It follows that F

converges to a degenerate distribution at p = v.

(U_C)v

p(r) =c+

2. For any x € (0,1), u(x) = p(x)/c. Since p(z) — v, we have u(x) = v/c = fi.

3. If F is degenerate at v, then the transaction price distribution H is also

53



degenerate at p = v in the limit A — 0 because H is the distribution of the lowest

price quote a buyer obtains from the degenerate distribution F'.

4. By (39) in Lemma 4, the aggregate markup is given by

f(A) =14+ nm(A) (2= 1)

so it suffices to show that 7,(A\) — 1 as A — 0. Recall m(\) = 1 — Py(\) and
Nm(A) = Am/(X)/m(X). By Lemma 2 parts (iii) and (v), Py(A) — 1 and Pj(\) — —1
as A — 0, hence m(A\) — 0 and m/(\) = —F}(\) — 1. Moreover, by L'Hopital’s rule,

Com(A)
Mmoo Tty =t
80 Nm(A) = Am/(X)/m(A) — 1 as A — 0. Therefore g(\) = 1+ (7 — 1) = f. O

Proof of Lemma 6
Proof. Consider any = € (0,1) and define for any A > 0 the following:

_ i)

By Lemma 2, () is strictly positive, continuously differentiable, and strictly decreas-

ing on R, so ¥, (x) is well defined. Next, we can write

* i)
(89) log 5 () = log Q1(A) —log Q1(A\x) = [ =t
Az Ql (t>
Recalling the definition of the elasticity ng, in (41), we have
1, (t) " 0o, (Au)
(90) log x(x) = / arll) gy - / o) g,
Ax T

where the second equality follows from the change of variables t = Au.

By Assumption 1, g, is strictly decreasing. Hence, for all u € [z, 1],

Q1 (/\) < N, (/\u) < Qs ()‘I)

Dividing the above by u > 0 and integrating over u € [z, 1] yields

(91) N0, (A) log (i) <log¥n(z) < ng, (Az)log (i) .
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Since 7¢, is monotone, the limit 7w = limy_,o 79, (A) € [—00,0) exists.

Letting A — oo in (91) implies that log,(z) converges, and therefore the limit
P(x) = limy0o ¥a(z) exists for all x € (0,1). If 9o = —oo, then (91) implies
log 5 (x) = —00, so P(x) =0 for all z € (0,1). If 5 € (—00,0), then (91) yields

log ¥ () = neo log (1>

T
and thus ¢(z) = x77~. Because —1, > 0, 9 is strictly increasing on (0, 1). O

Proof of Proposition 7

Proof. Suppose that P is invariant with mean A\ and Assumption 1 holds, so that
the limit ¢ (z) defined by (42) exists for all x € (0,1). By Lemma 6, either we have
(x) =0 for all x € (0,1) or otherwise 1 is strictly increasing on (0, 1).

Starting with Corollary 1, taking A — oo, and applying (42) yields

poo() = Jim pla) = ¢+ () — o).
1. If¢(z) =0 forall x € (0,1), then p(x) — cfor all x € (0,1), hence F' converges

to a degenerate distribution at p = c.

2. If 4 is strictly increasing on (0,1), then p., is strictly increasing and x =

Fo(poo) for a non-degenerate limit distribution Fl, with support [c,v] given by (43).

3. For any = € (0,1), we have limy o p(z) = 1 +¢(x) (2 — 1), which is (44).

4. Using (6) in Lemma 1, we can write h(p) = f(p)q(p)/G(X), which delivers

1—mm=/%@ﬁ:a%/2@ﬂWﬁsi—u—mm

where the inequality uses the fact that ¢(-) is weakly decreasing in p. Next, by
Proposition 4, we have ¢(p; \) = Q1 (AF(p; \)) and ¢(\) = m(X)/A, and therefore

AQ1 (AF(p; N))
m(A)

_ A (AF(p V)

- H(p ) < (1= F(p;A) = OF (i A)

(1= F(p; ).

It follows from the equilibrium pricing equations (19) and (20) that AF(p; ) — oo
as A — oo because Q1(A\) — 0 as A — co. By Lemma 11 below, P;(t) — 0 as t — oo,
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and by Lemma 2 part (iv), we have m(\) = 1—Fy(\) — 1. Therefore, 1—H(p; A\) — 0

for every p > ¢, which implies that H converges to a degenerate distribution at p = c.

5. By (39), we have fi(A) = 14+n,(\) (& — 1), so it suffices to show that 7,,(A) — 0
as A — 0o. Under invariance, we have —Pj(\) = Q1(\) = P;(\)/A, and therefore

_ ARG AW
C1=R0) =BG

Nm(A)

Now, Py(A) — 0 and P;(\) — 0 by Lemma 11, so 7,,(A) — 0 and f(A) — 1 in the
limit as A — oo. O

Lemma 11. If P, is invariant, then

A—00
Proof. Setting k = 1 in expression (53) gives
Pi(\) = / Are M dd(T).
0

For each 7 > 0, we have A\Te™ — 0 as A\ — co. Moreover, letting y = A7, the bound
ye ¥ < 1/e for all y > 0 implies 0 < ATe M < 1/e for all A > 0 and 7 > 0. Since 1/e
is ®-integrable, the dominated convergence theorem yields P (A\) — 0. O

A.3 Proofs for Section 5

Proof of Lemma 7

Proof. Standard properties of a probability generating function G imply
AN =G"(1)+ X -\

where A is the mean. Therefore, we have

() _G'(1) 1

2 e —i—x—l.

If Py is invariant, G(z) = By(A(1 — 2)) by (16) in Definition 1. Differentiating yields

(92) cv?(N) =

G/'(z) = =AP(M1 - 2)), G"(z) = NPy(A\(1 - 2)).
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Evaluating at z = 1 and substituting into (92), and then using the fact that Q1(\) =
—P}(A\) by Lemma 2 and thus Q}(\) = —P}(\), gives us the desired result. O

Proof of Proposition 9

Proof. Let ji(\; P) and fi(\; G) denote the aggregate markup under the Poisson and

geometric search technologies, respectively. By (34) and (109), we have

1 e
1+ 1—e

HG) i P) = (1= 1) |
Since 1 — 1 > 0, the sign of i(\; G) — fi(\; P) is the sign of

1 e L—e M (1+ A+ 22
A(N) = - = —
I+X 1—e (14+X)(1—e?)

The denominator is strictly positive for all A > 0, so A()\) has the same sign as
g =t — (1+ 1+ )N).

Note that g(0) = 0. For small A > 0 we have e* = 1+ X + A\2/2 + 0 (\?), so g(\) < 0
for A close to 0. Also g(\) — oo as A — oo. Moreover, ¢"(\) = e* — 2 is strictly
increasing in A, implying ¢ is strictly decreasing on (0,In2) and strictly increasing
on (In2,00). Since ¢'(0) = 0 and ¢”(0) = —1, we have ¢’(\) < 0 for A small, while
g'(\) — 00 as A — 00, so there exists a unique \g > 0 with ¢’(A\g) = 0. Therefore g
is strictly decreasing on (0, \g) and strictly increasing on (Ao, 00). Because g(0) =0
and ¢ is negative for A\ just above 0 and tends to +o0, it follows that there exists a
unique A} > 0 such that g(\X) = 0. Finally, since fi(\; G) — fi(A; P) has the same sign
as g(\), it is negative for A < A% and positive for A > \’. O

Proof of Proposition 10

Proof. By Lemma 4, we have the following expression for the aggregate markup:

(93) A7) =14+ nm(A7) (B —1),

Therefore, we have that fi(\;r) is strictly increasing (decreasing) in 7 if and only if
N (A; 7) is strictly increasing (decreasing) in r since i > 1.

For the negative binomial family, 7,,(\; ) is given by (115). The proof of Proposi-
tion 2 in Mangin and Zhang (2026) shows that, letting A\ ~ 1.59 solve e* = 2/(2—\),
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the function 7,,(A; r) is strictly decreasing in competitive dispersion 1/r when A < A3,
while for A > A} it is increasing in 1/r for low dispersion and decreasing in 1/r for
high dispersion, with a unique cut-off 7*(\) € (0,00) at which the change occurs.

Therefore, the same comparative statics hold for the aggregate markup fi(A\;7r). [

Proof of Proposition 11

Proof. Under the Poisson search technology, equilibrium price dispersion is

(94) vt (A P) = ( C 1> ( (v=c) ﬁm(A)A))Q,

Tim(A)? c+ (v —¢) fjm(

— de?

where 7,,(\) = 7%=. Rearranging (94) yields the equivalent form

Under the geometric search technology, equilibrium price dispersion is

(96) (X G) = 3(1{ N (UU; c(;)?'

(95) WO P) = (= 10) (

Therefore, the inequality cv (\; G) > cv(\; P) is equivalent to

)‘2 1 67)\ B ﬁm()‘)Z

(97) BAEN (wr e (et (0—)im))7

Using i = v/c, we have v+cA = ¢ (i + A) and c+(v — ¢) N (A) = ¢ (1 + (& — 1) ().
Substituting into (97) yields

. 1t m#—ﬂ () _ V3N GEERPE:)

The inequality cv% (A\; G) > cv%(X; P) holds if and only if the above inequality holds.
It is straightforward to verify numerically that inequality (98) holds and thus
cv? (N G) > cv¥(X; P) for any i > 1 under the sufficient condition A < 2. O
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Proof of Proposition 12

Proof. For the negative binomial family, the closed-form expression for equilibrium

price dispersion is given by equation (116) and when ¢ = 0 this reduces to

(99 i) = s =

where we define a(r) = (TL\)T and b(r) = (TiA)TH.
In the Poisson limit r — oo, we have a(r) — e~ and b(r) — e~*. The sign of the
local effect of competitive dispersion 6 = 1/r is the opposite of the sign of %cv%{()\; T)

as r — oo. Differentiating (99) and taking the limit as r — oo yields

0 5 Ar(Y)
(100) ThHIgO %CUH(A,T) =5
where
(101) ApN)=2-N(1-eM)(A+2+(A—2)¢Y).

The denominator in (100) is strictly positive for all A > 0. Moreover, 1 —e~* > 0 for
all A > 0 and it can be verified that A +2 + (A — 2) e* > 0 for all A > 0. So, the sign
of the local effect of competitive dispersion near the Poisson is the sign of 2 — A.

It follows that price dispersion cv%(\;r) is strictly increasing in dispersion 1/r in

a neighborhood of the Poisson if A < 2 and strictly decreasing in 1/r if A > 2. O

A.4 Proofs for Section 6

Proof of Proposition 14

Proof. 1. We know from Lemma 7 that, for any invariant search technology,

1
(102) cv?(\) = Tt PJ(0) -1
because FY(0) = —Q'(0). Since Py is invariant, then for all z > 0, we have

Po(z) = /O e da(r)
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for some distribution ® with mean one. Differentiating twice yields

P/(0) = /0 2 ga(r).

By Jensen’s inequality, we know that

/OOOTqu)(T) > (/Ooordcb(ﬂ)z =1,

with equality if and only if ® is degenerate at 7 = 1, i.e. if and only if P is Poisson.
Therefore B}(0) > 1 and (102) implies cv*(\) > 1/, which is the Poisson cv*(\).

2. Welfare W(\; P;) depends on the search technology only through the term
m(\; Py) = 1 — PBy(A), so it suffices to consider only Fy(A). By Lemma 9, Py()\)
has a Laplace transform representation, Py(\) = Eg[e™*"]. Since e *7 is convex in
7, Jensen’s inequality implies that Py(A) is strictly increasing in a mean-preserving
spread of ®. Therefore, Py(\) is minimized if ® is degenerate, i.e. if and only if Py is

Poisson. So W (A; P,) and m(\; Py) are maximized if and only if Py is Poisson.

3. Part 2 implies that, for any given A, the planner would choose Py to be Poisson

from within the invariant class, so the efficient competitive dispersion is Poisson. []

A.5 Proofs for Section 7

Proof of Proposition 15

Proof. Consider a distribution of competitive intensity ® that satisfies our assump-
tions. It generates the unique search technology Py described by (53) in Definition 2,
which is a mixed Poisson search technology with mixing distribution ®. This search

technology is invariant by Definition 1 because its probability generating function is

6 =S A= [ A gy = [T et gm(n) = By (A (1 - 2)).
; B!

0

Now consider any invariant search technology Pi. By Lemma 9, which was proven

in Cai et al. (2025), we have the following Laplace transform representation:

(103) Py(\) = / h e dd(T)

for some distribution ® with mean E¢[7] = 1. By Corollary 6 in Mangin (2026), it
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follows that Py is a mixed Poisson distribution with mixing distribution ®. So ¢ is
the unique distribution of competitive intensity that generates P, by Definition 2. [
Proof of Corollary 8

Proof. 1. For a buyer with competitive intensity 7 > 0, the distribution P] (A7) of

the number of sellers they meet is Poisson with mean A7. For any N > 0,

= ()
=T
Pr(K < Njr)=e g o
k=0
Differentiating with respect to 7 gives
a —A\T ()\T)N
EPF(KSN’T):—)\Q T<0

Thus the cdf of K|7 is decreasing in 7, so P{ (A1) <rosp Py (A12) for any 7 < 7o.

2. By Proposition 16, the conditional cdf of transaction prices satisfies (54). For

each p, expression (54) is increasing in 7, thus H(:|72) <rosp H(-|n1) for any 7 > 7.
3. It follows from part 2 that p(A|7) = Eg(jn[p| is decreasing in 7.

4. The lower bound of the support of F'is p = ¢+ Q1(A\)(v — ¢). For any
p > p, we have F(p) > 0 and therefore e MFP) 5 0and e — 0 as 7 — o0o. So
lim, o H(p|T) = 1 for all p > p. It follows that, as 7 — oo, the distribution H(-|7)

converges to a degenerate distribution at p. Consequently, cvy (A7) — 0 as 7 — oo.
5. From expression (54) in Proposition 16, for any 7 > 0 in the support of @,

1 — e—ATF(p)

H(p|7):ﬁ

Fix any p € [p,v]. As 7 — 0, both the numerator and denominator converge to zero.

Applying L’Hopital’s rule gives

lim H(p|7) = lim

7—0 7—0 6_>‘T
So H(:|1) = F(:) as 7 — 0, hence
Encinlp] = Erlp]  and  Egqn[p’] = Er[p?).
2

Hence we have 0% (A7) — 0%()\) and therefore cv? (A7) — cvi()\) as 7 — 0. O
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A.6 Proofs for Section 8

Proof of Proposition 17

Proof. Define match profit p = y — w. A worker maximizes w by minimizing p, so
the labor market is isomorphic to Section 2 with ¢ =0, v =y — 2, and A = 6.

Let F' denote the equilibrium cdf of posted profits p = y — w. By Proposition 1,
there exists a unique symmetric mixed-strategy equilibrium, F' has no mass points,
and its support is an interval [p,v] where p = ¢+ Q1(0) (v —c) = Q1(9) (y — 2).
Since w = y — p, the support of the distribution of posted wages F, is [z, w] where
0 =1y — Q1(0) (y — z). The relationship between F,, and F is as follows:

(104) Fow)y=Pr(W<w)=Pr(P>y—w)=1—-F(y—w)=1—F(p).

If P, is invariant, Proposition 4 applied to the profit problem (with ¢ =0, v =y — z,
A = 0) yields F(p) = 5 (Q1)~ (Ql( )5F > Substituting in p = y — w yields (56).

Next, under invariance, Proposmon 4 implies that any posted profit p satisfies p =

DI (y — 2) and g,(p) = Q1(OF (p)). Using p = y — w and F(p) = 1 — F,,(w), define

qw(w) = ¢, (y — w) to obtain ¢,(w) = Q1(6 (1 — F,(w))), which is (58). Finally,
rewriting y — w = 21)1((1‘19))) (y — 2) gives w = z + (1 — ﬁ}((w))> (y — z), which is (57). O

Proof of Lemma 8

Proof. Conditional on receiving k > 1 offers, the accepted wage is the maximum of k

i.i.d. draws from F,,. Conditioning on K > 1 therefore gives us

220:1 Pk?(e)Fw(w)k.

Hotw) = ==—"p%

Applying Definition 1 and subtracting the k£ = 0 term Py(0) yields (59).
For wage dispersion, note that p = y — w is a linear transformation, so o3, (6) =

02 (0), where H is the accepted profit distribution. Let p(6) = Eg [p]. Since p = y—w,

we have p(f) =y — w(é’) and Er [p] = Ep [y — w]. By Proposition 3, in the ¢ = 0 case
we have cv(0) = Ep [p| /p(0) — 1 as in (12). Therefore,
2 2 ~ 2
2 o UHM(Q) o oy (0) 9 p(0)
CUHU,(9> - w(g)g - 71)(9)2 - CUH(Q) Ib(&) )

which is exactly (60) after substituting p(6) = y —w(0) and Er [p] = Ep, [y —w]. O
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Proof of Proposition 19

Proof. For parts 2 and 3, Proposition 18 implies that the average wage is given by
(61), which is increasing in competitive dispersion if and only if «(0) is increasing in
competitive dispersion. By Corollary 3, the aggregate markup is increasing in com-
petitive dispersion if and only if the function « is decreasing in competitive dispersion.
Therefore, parts 2 and 3 follow from Proposition 10 translated to the labor market

and with the directions reversed. Part 1 follows directly from Lemma 12 below. [

Lemma 12. If P, is negative binomial family with mean 6 and competitive dispersion

1/r, then Py(0;r) is strictly increasing in competitive dispersion 1/r.

Proof. For any given 6 > 0, we can define

r
g(r) =log Py(0;r) = rlog (7“ m 0) .

It suffices to determine the sign of ¢/(r). Differentiating the above yields

'(ry=1lo LA, Ry LN =lo ")y 0
gAT) =208 r+60 ror+60) & r+60 r+0

Letting z = 6/(r+6) € (0, 1), we can write ¢'(r) = log(1—xz)+z. Since log(1—z) < —x
for all z € (0,1), we have ¢'(r) < 0 for all » > 0 and 6 > 0. Therefore Py(0;r) is

strictly decreasing in r and strictly increasing in competitive dispersion 1/r. O

Proof of Proposition 20

Proof. Assume z = 0 and let § = 1/r. From Lemma 8, wage dispersion is

2 R Er [p] p(o;7) ’
105 w00 = (5 1) (o)
where p =y —w, p(0;r) =Ey [p] =y — w(0;7r), and Eg [p] = Eg, [y — w].

For the negative binomial family, the local effect of § on the first term in (105) at

the Poisson limit (r — oo) is given by the proof of Proposition 12 as follows:

0 (Bl ) 5r0)

lim =
v 5(6;7) 20°

T—00 a(s
Now consider the second term on the right-hand side of (105). Under invariance and

63



at z = 0, Proposition 18 implies that

p(O;r)  mw(0;r)

1) W) T @)

For the negative binomial family, we have

0( r )7'+1
(83 7) = =
1— 7‘-1-0)

A first-order expansion around § = 0 (or r — o0) yields

63ef 62
(6>T) - 2(60 _ 1)2 - 60 _ 1

lim 0
s 93
Differentiating cvy; (6;r) with respect to § at § = 0 (or r — oo) by combining the
previous two steps via the product rule and simplifying yields

Arn(0)
2(e? —0 —1)% e

Tlirglo %cﬁqw(@; r) =
for some function Ap/(#). The denominator is strictly positive for all > 0 because
e’ > 1+ 6. Therefore, the sign of Zcv} (6;r) at § = 0 is the sign of Apy(6). It is
straightforward to verify numerically that Az (6) has a unique root 6 ~ 0.91, with
App(0) < 0 for 6 < 0% and Ay (0) > 0 for 6 > 6. Therefore, in a neighborhood
of 6 = 0 (Poisson), wage dispersion is strictly decreasing in competitive dispersion

d =1/rif 0 < 0% and strictly increasing in competitive dispersion if 0 > 6%. O

64



Appendix B: Examples

Example: Geometric search technology

For the geometric search technology with mean A\, we have

1 A\
PN =—— (2~ .
«() 1+A(1+)\>

It is invariant by Definition 1 because its probability generating function is

1

m = Po(A(1 = 2)).

G(z) =) Pe(N)z" =

We have Q1(\) = Pi(\)/X\ = 1/(1 4+ \)? and therefore Proposition 4 implies

1

q(p) = eSO

Given that Q1(\) = 1/(1 + \)?, any posted price p satisfies

SR (ESL)

Rearranging, the distribution of posted prices is

(=)

Applying Corollary 4, the equilibrium markup by quantile is

(107) F(p)=1-——

(108) ) =1+ (TE50) n -,

By Corollary 2, the distribution of transaction prices is

(1+M)F(@)

") = 350

By Proposition 2, the aggregate price is

(109) pA) =c+ (1 —aN))(v—rc)
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where

1

(110) 1—a(N) =

By Proposition 3, equilibrium price dispersion is given by

(111) cwn(A) = 3(1AJ2r N (UUJ:CCA)Q‘

Example: Negative binomial family of search technologies

For the negative binomial family with mean A and parameter r» > 0, we have

- (1) () ()"

It is invariant by Definition 1 because its probability generating function is

z:oo L G — ’”:0 —2);r).
6() = LA = (yry) = A0

To derive the equilibrium, Proposition 4 and AQx(A\) = kPx(\) give

0= ()

Given that Q1(\) = (Tj;/\)r“, any posted price p satisfies

(112) p=c+ (%FA@))M (v — o).

Rearranging (112), the distribution of posted prices is

__1
vV —C r41
11— .
p—cC

Applying Corollary 4, the equilibrium markup by quantile is

A
Fip)=1-"7

(113) mm=1+(ijfjr<n—n.
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Applying Corollary 2, the distribution of transaction prices is

1= < r+>\;’(P) >

T Gy
By Lemma 4, the aggregate price is
(114) PA) = c+nmm(Xs7)(v —0)
where
|
(115) mer) = 2

1= (F)

By Proposition 3, equilibrium price dispersion is

P OG- (0=ey’

rt2 X () B)

(116) cvi(\r) =

Example: Non-invariant search technology

Consider the following (non-invariant) search technology:

1 A e ML

A=y ad A= Gy

for k > 1.

Equivalently, with probability 1/ (1 + A) a buyer meets no sellers, and conditional on
meeting at least one seller the buyer meets K = 1+ N sellers where N ~ Poisson ().

This distribution has mean A and its probability generating function is

— P k = — )\(Z_l)'
G(z) ,;_0 e (A)z T + T )\ze

This is not invariant by Definition 1 because G(z) # Py (A(1 — 2)) for z € (0, 1).
For this example, m(\) = 1 — Py(A) = A/ (1 +X) and Q1(\) = P(N)/A =
e /(14 )). The quantity demanded at posted price p is given by

q(p) = ;Qk()\) (1-— F(p))k_l = 1+ )‘il—’—_/\F(p))e_)\F(p).
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Applying Proposition 1, any posted price p satisfies

o MI-F(p))
(117) p:c+1+)\(1_F(p>>(v—c).

The equilibrium markup by quantile is

(118) p(r) =14+
By Lemma 1, the distribution of transaction prices is
H(p) =1~ (1~ F(p))e M.

By Proposition 2, the proportion of monopoly sales is

QA
1 —a(N\) == =e
») G(A)
and therefore the aggregate price is
(119) PN =c+eMv—o).

By Proposition 13, we do not have constrained efficiency. The matching elasticity is

1

(120 1) = T

which is not equal to the proportion of monopoly sales, 1 — a()\) = e~
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