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Abstract

We study the role of firm-to-firm matching in shaping firm dynamics and ag-
gregate productivity. Using transaction-level data from a large Indian state, we
document lifecycle patterns of customer and supplier networks. We find that
younger firms have fewer customers and suppliers, lower sales and intermediate
expenditures, and higher input costs. Motivated by these patterns, we develop a
model of endogenous network formation where heterogeneous firms slowly match
with partners over time using a random search technology. Firms in the de-
centralized equilibrium search inefficiently due to standard search externalities.
This inefficiency turns out to be central for understanding how search technology
shapes aggregate productivity. Calibrating the model to the Indian data, we find
that most of the gains from technology improvement come from improvement in
allocative efficiency, rather than in technical efficiency.
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1 Introduction

Firms grow, to a large degree, through matching with trading partners (Afrouzi et al., 2023;

Einav et al., 2022; Argente et al., 2023). As firms form new relationships with customers

and suppliers, and dissolve existing ones, they reconfigure the production network. These

matching decisions determine the network’s structure, which, under production complemen-

tarities or gains from variety, influences aggregate productivity. Importantly, the technology

governing firm-to-firm matching varies systematically across countries, reflecting differences

in information infrastructure (Jensen, 2007; Aker, 2010; Goyal, 2010) and legal institutions

(Boehm and Oberfield, 2020; Boehm, 2022). As such, cross-country differences in match-

ing frictions, and firms’ endogenous responses to them, are first-order determinants of firm

dynamics, aggregate productivity, and economic development.

How does firm-to-firm matching technology shape firm dynamics, production network struc-

ture, and aggregate productivity? To answer this question, we develop a novel model of

endogenous network formation where firms slowly match with customers and suppliers over

time using a random search technology. The model rationalizes lifecycle patterns of customer

and supplier networks, which we document in new firm-to-firm transaction data from India.

Firms in the model make inefficient search choices due to standard externalities. Firms

do not internalize the match surplus they generate for partners they match with, nor the

congestion for other firms searching for partners.

Our new insight is that this inefficiency is central to understanding how search technology

shapes aggregate productivity. When firms can scale their customer and supplier networks

more easily, high-productivity firms grow faster and occupy a greater share of links in the

production network, leading to higher aggregate productivity. However, calibrating the

model to match moments of the Indian data, we find that most of the gains from such

technology improvement come from improvements in allocative efficiency (distance from

efficient frontier), rather than in technical efficiency (position of efficient frontier).

We start our analysis by documenting lifecycle patterns of customer and supplier networks

using firm-to-firm trade data from a large Indian state.1 The data cover the near universe

of transactions, where at least one partner in the transaction lies within the state. We find

that younger firms have fewer customers and suppliers, and lower sales and intermediate

expenditure. We then view the data through the lens of a CES demand system. This allows

us to map trade flows between firms to the input costs firms face and the output prices they

charge. We find that younger firms face higher input costs.

1The state is twice Chile’s population and three times Belgium’s, both popular sources of similar data.
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Conditioning on firm sales, we find that younger firms have fewer customers and suppliers,

face higher input costs, and charge lower output prices. These patterns are difficult to

generate in models that feature only dynamics in idiosyncratic productivity. The premise

of the customer capital literature, that firms must spend resources to match with trading

partners due to the presence of search and matching frictions (e.g., Arkolakis, 2010; Drozd

and Nosal, 2012; Gourio and Rudanko, 2014), provides a natural way to rationalize them.

Motivated by these patterns, we develop a novel model of endogenous network formation

where firms slowly match with trading partners over time using a random search technol-

ogy. In the model, a continuum of monopolistically competitive firms produce differentiated

varieties using labor and varieties produced by other firms. The economy features search

and matching frictions, which entail that a firm is only able to trade with partners it is

connected to. In order to connect with trading partners, in each period, firms exert costly

search effort, both for matching with customers and matching with suppliers, and matches

are made via an aggregate matching function. The cost of search effort is strictly convex,

creating an incentive for firms to spread out search efforts over time. At the firm level, these

search efforts give rise to the lifecycle patterns observed in the data. At the aggregate level,

these search efforts give rise to an endogenous production network.

In general, introducing dynamics into an endogenous production network model adds signif-

icant complexity. When firms decide how much search effort to exert, they have to consider

how potential partners will evolve over time. However, how a given customer (supplier)

evolves over time depends itself on how the customer’s (supplier’s) own customers and sup-

pliers evolve over time. This logic continues ad infinitum, such that an individual firm’s

evolution depends on the evolution of all firms upstream and downstream of it. In our set-

ting, we maintain tractability by making assumptions on the network formation technology

and firm productivity process, which imply that, in equilibrium, the age and productivity of

a partner become a sufficient type to describe it.

We use the model to study how search technology shapes firm dynamics and aggregate

productivity. We study the normative properties of our model and find that the decentralized

equilibrium is inefficient due to standard vertical and search externalities. Firms set prices

too high and underutilize intermediate inputs due to double marginalization. In addition,

firms search inefficiently due to the presence of search externalities. When choosing search

effort, firms do not internalize the surplus they generate for partners they match with.

Furthermore, firms fail to internalize how their customer (supplier) search effort reduces

matching probabilities for other firms searching for customers (suppliers).

Calibrating the model to the Indian data, we find that inefficient pricing and search choices
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generate large aggregate productivity losses. Aggregate productivity in the efficient allo-

cation is 15% greater than in the decentralized equilibrium. Correcting only the double

marginalization inefficiency increases aggregate productivity by 5.2%. Thus, most of the

productivity gain in the efficient allocation comes from correcting search inefficiencies. These

inefficiencies are central to understanding how differences in search technology map to ag-

gregate productivity differences.

In the model, the search technology is summarized by two parameters, capturing the level

and curvature of search costs. When firms are able to scale their trading partners more

easily, due to lower curvature in search costs, search effort responds more to idiosyncratic

productivity differences. As a result, high-productivity firms grow faster relative to low-

productivity firms and make up a greater share of links in the production network. This

generates higher aggregate productivity. On the other hand, when the level of search costs is

lower, all firms search more and match with more partners. The resulting network features

more links, generating higher aggregate productivity as firms benefit from gains from variety.

In the calibrated model, the curvature of search costs is disciplined by the elasticity between

the number of customers and sales. In our data, we estimate this elasticity to be 0.33.

For comparison, Arkolakis et al. (2023) find a higher elasticity in Chilean firm-to-firm data,

suggesting that Chilean firms are able to scale their customer and supplier networks more

easily. Using this moment as a plausible estimate of technological variation, we recalibrate

our model to target the Chilean moment, holding fixed the total number of links. At the

firm level, we find that lifecycle growth increases by 10% relative to the baseline. At the

aggregate level, we find that aggregate productivity increases by 2%.

The inefficiencies present in our environment play a central role in generating this produc-

tivity gain. In inefficient economies, technology changes affect aggregate productivity by

affecting both technical efficiency (position of the efficient frontier) and allocative efficiency

(distance of the decentralized equilibrium from the efficient frontier). We find that roughly

85% of the 2% gain in aggregate productivity is due to improvement in allocative efficiency,

while only 15% is due to improvement in technical efficiency.

Stagnant firm growth has been posited to be a crucial determinant of the differences in

economic prosperity across countries. Hsieh and Klenow (2014) document lower lifecycle

growth and aggregate productivity in India and Mexico in comparison to the US. Existing

work has studied the importance of various factors in generating these patterns, including

financial frictions (Cole et al., 2016) and managerial delegation frictions (Akcigit et al., 2021).

Our results suggest that firm-to-firm matching technology may be a complementary driver of

these patterns. Slow growth of firms in developing countries may be, in part, due to stronger
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search and matching frictions, which make scaling customer and supplier networks more

difficult. These frictions, in turn, reduce aggregate productivity by reducing the prevalence

of high-productivity firms in the production network.

Furthermore, our results suggest that much of the gains from improving firm-to-firm match-

ing technology can be realized through policy which corrects search inefficiency. This is

useful, given that improving firm-to-firm matching technology, for example, through im-

proving information technology or legal institutions, appears to be prohibitively costly. In

particular, our results imply that subsidizing search for high-productivity firms can gener-

ate significant aggregate productivity gains. Conversely, policies that subsidize search in

an untargeted manner or those that subsidize search for low-productivity firms can lead to

significant losses in productivity.

Related Work. This paper contributes to several strands of the literature studying endoge-

nous production networks. This literature has taken seriously the idea that the production

network is an endogenous object arising out of individual firm decisions and has documented

numerous facts on firm-to-firm trade (e.g., Chaney, 2014; Oberfield, 2018; Bernard et al.,

2019; Acemoglu and Azar, 2020; Taschereau-Dumouchel, 2020; Eaton et al., 2022; Bernard

et al., 2022). Empirically, we contribute to this literature by adding facts on the lifecycle

dimension of firm-to-firm links.

Theoretically, we relate to models in this literature where trading partners evolve over time.

Lim (2018) studies a model where the value of relationships varies over time due to idiosyn-

cratic shocks, and so the dynamics of customers and suppliers arise out of the dynamics of

idiosyncratic shocks. Huneeus (2020) builds on this framework by introducing adjustment

costs which prevent firms from readjusting customers and suppliers. In Boehm et al. (2024),

potential suppliers arrive randomly according to a Poisson process. We differ from existing

work by modeling dynamics that arise from a random search technology. This technologi-

cal assumption provides a natural way to rationalize the lifecycle patterns we document in

the data, and is consistent with evidence on search and matching frictions in firm-to-firm

trade (e.g., Brancaccio et al., 2020; Miyauchi, 2024; Bergquist et al., 2024). We contribute

by studying how inefficiencies from search externalities shape firm dynamics and aggregate

productivity. In particular, we find that inefficiency in search is central to understanding

how technological differences generate productivity differences.

In modeling the production network as being formed through search and matching, we

relate to Arkolakis et al. (2023) and Demir et al. (2023). We extend these static models by

introducing dynamics in customer and supplier networks. As discussed above, this introduces

significant complexity as the evolution of an individual firm depends on the evolution of all

5



firms upstream and downstream from it. We contribute by developing a tractable model of

random search in a dynamic network setting.

The normative properties of our model are similar to those of other endogenous production

network models. Though we differ by featuring dynamic customer and supplier networks,

the underlying inefficiencies in our model are the same as those in models that rely on search

and matching as the network formation technology (Arkolakis et al., 2023; Demir et al.,

2023). The inefficiencies in our model are related to those in endogenous network models

that rely on other network formation technologies (e.g., Lim, 2018; Huneeus, 2020), as even

in these models, firms do not fully internalize how their network formation choices affect

their partners. We contribute by demonstrating that inefficiency in search effort generates

quantitatively large aggregate productivity losses, and that changes in allocative efficiency

are central for understanding how technological differences map to aggregate productivity

differences.

This paper also contributes to the literature on customer capital. Theoretically, this liter-

ature has posited that firms must spend resources to match with trading partners due to

the presence of search and matching frictions (e.g., Arkolakis, 2010; Drozd and Nosal, 2012;

Gourio and Rudanko, 2014). This is also the case in our model. We differ from the cus-

tomer capital literature by embedding firms in an endogenous network. As a result, search

efforts of firms have implications for upstream and downstream partners and the structure

of the production network. Empirically, this literature has documented the importance of

customer growth in explaining sales growth. Examples of recent work include Einav et al.

(2022), Fitzgerald et al. (2023), Afrouzi et al. (2023), and Argente et al. (2023). Our lifecycle

patterns align with the findings of this literature, that firms grow through expanding their

customer networks. We also add complementary patterns with respect to supplier networks.

The paper is organized as follows. In Section 2, we describe our data and document lifecycle

patterns of customer and supplier networks. In Section 3, we describe our model and discuss

its normative properties. In Section 4, we describe our calibration strategy and compare

lifecycle patterns generated by the model against the data. In Section 5, we use the model to

quantitatively study how search technology shapes firm dynamics and aggregate productivity.
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2 Data and Lifecycle Facts

2.1 Data

Data on firm-to-firm relationships comes from daily transactions between firms in a large

Indian state and trading partners in India and abroad. In April 2018, the state tax au-

thority created an E-Way Bill System to improve tax compliance. Under the new system,

any transaction with value exceeding 50,000 Rs (700 USD) must be reported electronically

using the system. The system generates a waybill which the transporter must carry during

shipment. The waybill contains the Permanent Account Number (Tax ID) of the supplier

and customer, the 4-digit HSN code of the product, and the value of the shipment.

We use the sample of transactions that occurred between April 2018 and March 2020 (before

the start of the Covid-19 pandemic). We drop any firms that are born after 2017 to ensure

we observe a full year of transactions for every firm in the sample. As our empirical strategy

relies on a connected set of firms, we keep the largest connected set (giant component) in

each HSN. This leaves us with 5,000,000 links between 390,000 firms.

We add data on firm age from two separate sources. The first source is state records on

various types of registration (e.g., year of incorporation, year of registration with state tax

authority, etc.). We call the first year a firm is registered with the state as the registration

year of the firm. The second source is a large online platform connecting buyers and sellers

called IndiaMART. IndiaMART is the largest online B2B marketplace in India and contains

rich information about firms on the platform. Included in this information is the year of

establishment. We assign the birth year of a firm as the minimum between the year of

establishment and the year of registration. In total, we can assign birth years to 170,000

firms in our sample.

Due to the introduction of a new state value added tax system in 2005, there is a large mass

of firms with ages 11-14. Under the new law, many previously existing firms registered with

the state authority. For this reason, in our empirical analysis, we will bin firms 11 and older

into a single group.

2.2 Lifecycle Facts on Customers and Suppliers

In this section, we document lifecycle patterns of customer and supplier networks. Specif-

ically, we define four age groups, {Age 1-3, Age 4-6, Age 7-10, Age 11+}, and estimate
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lifecycle patterns using using the following specification:

yi,h,t =
4∑

a=2

γa1(age(i, t) ∈ ga) + δo(i,h,t),h,t + ϵi,h,t (1)

Here, yi,h,t denotes firm i’s outcome in product HSN h and year t; 1(age(i, t) ∈ ga) is an

indicator which equals 1 if the age of firm i in year t, age(i, t), is in age group ga; and o(i, h, t)

is the location of the firm for HSN h in year t.2 Our estimates of interest are age effects γa.

We include δo(i,h,t),h,t to control for differences in firm outcomes across location-HSN-year.

We omit the first age category, a = 1, so the age effects estimate outcomes of firms in a given

age group relative to the youngest age group in a location-HSN-year. We refer to firms in

the youngest age group as “entrants.” Note that outcomes are within HSN, e.g. number of

customers within an HSN or intermediate expenditure within an HSN.

Fact 1 Younger firms have fewer customers and lesser sales.

Taking yi,h,t as firm i’s log number of customers and log sales in HSN h, we document lifecycle

patterns of the number of customers and sales. Figure 1 plots the estimated age effects, γa,

from Equation 1. Again, as we omit the youngest age group, our age effects estimate the log

number of customers and log sales of firms in a given age group relative to entrants who sell

products in the same HSN. Firms that are 11+ years old have 38% more customers within

an HSN than entrants in the same HSN. Firms that are 11+ have 40% greater sales within

an HSN than entrants in the same HSN.

Fact 2 Younger firms have fewer suppliers and lesser intermediate expenditure.

Taking yi,h,t as firm i’s log number of suppliers and log intermediate expenditure in HSN h,

we document lifecycle patterns of number of suppliers and intermediate expenditure. Figure

2 plots the estimated age effects, γa, from Equation 1. Again, as we omit the youngest

age category, our age effects estimate the log number of suppliers and log intermediate

expenditure of firms in a given age category relative to entrants who purchase intermediate

inputs from the same HSN. Firms that are 11+ years old have 12% more suppliers in an

HSN than entrants who purchase inputs from the same HSN. Firms that are 11+ have 61%

greater intermediate expenditure in an HSN than entrants who purchase inputs from the

same HSN.

We next document lifecycle patterns of input costs and output prices. In order to do so, we

impose additional restrictions on pricing and input demand.

2We assign the location of the firm in year t as the state from which the firm ships the greatest value of
HSN h goods.
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Figure 1: Sales and Number of Customers

Note: We plot estimated age effects, γa, from Equation 1 along with 95% bootstrap confidence intervals,
taking yi,h,t to be log number of customers and log sales. The age effects estimate the log number of customers
(within an HSN) and log sales (within an HSN) of firms in a given age category relative to entrants who sell
products in the same HSN.

Assumption 1 (CES Demand System):

1. Supplier i charges constant price, pi,h,t, in HSN-year (h, t). Supplier i provides quality,

qi,h,tεi,j,h,t to customer j in HSN-year (h, t).

2. For each HSN h, customer j minimizes the cost of sourcing an h intermediate good,

where intermediate good h is a composite of varieties purchased from different suppliers:

min
νi,j,h,t

∑
i∈Gj,h,t

pi,h,tνi,j,h,t s.t.

 ∑
i∈Gj,h,t

((qi,h,tεi,j,h,t)νi,j,h,t)
σ−1
σ

 σ
σ−1

≥ xj,h,t

Here xj,h,t denotes the quantity of intermediate good h customer j requires in year t,

Gj,h,t denotes the set of h suppliers customer j is connected to in year t, and νi,j,h,t

denotes the quantity of supplier i’s variety customer j demands in year t. Varieties

are imperfect substitutes with constant elasticity of substitution, σ ≥ 1.

Solving the customer’s cost minimization problem, the share of HSN h expenditure customer

j spends on supplier i is given by a log-linear function of the supplier’s quality-adjusted

output price and the customer’s quality-adjusted input cost:
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Figure 2: Intermediate Expenditure and Number of Suppliers

Note: We plot estimated age effects, γa, from Equation 1 along with 95% bootstrap confidence intervals,
taking yi,h,t to be log number of suppliers and log intermediate expenditure. The age effects estimate the
log number of suppliers (within an HSN) and log intermediate expenditure (within an HSN) of firms in a
given age category relative to entrants who purchase inputs from the the same HSN.

ei,j,h,t = (1− σ)log

(
pi,h,t
qi,h,t

)
− (1− σ)log (cj,h,t)− (1− σ)log (εi,j,h,t) (2)

where

cj,h,t =

 ∑
i∈Gj,h,t

(
pi,h,t

qi,h,tεi,j,h,t

)1−σ
1/(1−σ)

Guided by Equation 2, we estimate the following regression equation.

ei,j,h,t = ψi,h,t + ϕj,h,t + ϵi,j,h,t (3)

That is we project log expenditure share onto a supplier fixed effect, ψi,h,t, and a customer

fixed effect ϕj,h,t. With the following additional assumption, our fixed effects are unbiased

estimates for the (quality-adjusted) output prices and input costs of firms.

Assumption 2 (Exogenous Mobility):

E
[
s′i,h,tlog(ε)

]
= 0 ∀i, h, t; E

[
d′j,h,tlog(ε)

]
= 0 ∀j, h, t
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where S =
[
s1,1,1, ..., sNs,h̄Ns ,t̄Ns

]
is the (N ×Ns) seller fixed effect design matrix;

D =
[
d1,1,1, ..., dNc,h̄Nc ,t̄Nc

]
is the (N ×Nc) customer fixed effect design matrix; log(ε) is the

(N × 1) vector of match-specific shifters; Ns is the number of supplier-HSN-year tuples; Ns

is the number of customer-HSN-year tuples; and N is the total number of observations.

Assumption 2 states that for each seller i, the average match-specific effect is zero within

hsn-period (h, t); and that for each buyer j, the average match-specific effect is zero within

hsn-period (h, t). Assumption 2 is referred to as the “exogenous mobility” assumption in

the labor literature (Abowd et al., 1999; Card et al., 2013). It requires that the assignment

of customers to suppliers is exogenous with respect to match-specific effects, log(εi,j,h,t). In

Appendix A.1, we argue that in the case that Assumption 2 is violated, our estimated output

prices and input costs understate the true differences in these objects between young and

old firms.

Assumptions 1 and 2 allows one to map trade flows between firms to input costs firms face

and output prices they charge. This comes at the cost of imposing additional restrictions.

However, this proves useful when one is interested in studying quality-adjusted costs and

prices, but lacks information on product quality; as is the case in our setting.

We estimate Equation 3 and use ϕj,h,t and ψi,h,t to document lifecycle patterns of input costs

and output prices.3 We refer to these patterns as CES Facts since interpreting ϕj,h,t and

ψi,h,t as input costs and output prices requires Assumption 1 and 2.

CES Fact 1 Younger firms face higher input costs.

Taking yj,h,t in Equation 1 to be ϕ̂j,h,t estimated in Equation 3, we document lifecycle patterns

of input costs. Figure 3 plots the estimated age effects, γa, from Equation 1. Again, as we

omit the youngest age category, our age effects estimate the customer fixed effect ϕj,h,t of

firms in a given age category, relative to entrants who purchase intermediate inputs from the

same HSN. Firms that are 11+ have customer fixed effects that are 0.28 lower than entrants

who purchase inputs from the same HSN. Noting that ϕj,h,t corresponds to (σ− 1)log (cj,h,t)

under Assumption 1, if σ = 4.30, this implies that firms that are 11+ have 8% lower input

costs than entrants.

Taking yi,h,t in Equation 1 to be ψ̂i,h,t estimated in Equation 3, we document lifecycle patterns

of output prices. Figure 4 plots the estimated age effects, γa, from Equation 1. Again, as

we omit the youngest age category, our age effects estimate the supplier fixed effect ψi,h,t of

3In order for ψi,h,t to be identified, a firm must have at least 2 customers in year t. Similarly, in order for
ϕj,h,t to be identified, a firm must have at least 2 suppliers in year t. Thus, we will only be able to recover
fixed effects for firms in our sample which meet this criteria. Furthermore, the estimated fixed effects can
only be compared within a connected set. Thus, for each HSN, we isolate the largest connected set.

11



Figure 3: Expenditure Share Customer Effect ϕj,h,t

Note: We plot estimated age effects, γa, from Equation 1 along with 95% bootstrap confidence intervals,
taking yj,h,t to be ϕ̂j,h,t estimated in Equation 3. The age effects estimate customer fixed effects ϕj,h,t of
firms in a given age category, relative to entrants who purchase intermediate inputs from the same HSN.
Under Assumption 1, ϕj,h,t corresponds to (σ − 1)log (cj,h,t).

firms in a given age category, relative to entrants who sell products in the same HSN. We

do not find that ψi,h,t varies systematically with firm age.

Summarizing the patterns documented thus far, we find that younger firms have fewer cus-

tomers and suppliers, lesser sales and intermediate expenditure, and higher input costs. The

premise of the customer capital literature, that firms must spend resources to accumulate

trading partners over time (Gourio and Rudanko, 2014; Drozd and Nosal, 2012), provides

a natural way to rationalize these patterns. In the next section, we develop a model of

endogenous network formation that builds on this premise.

These patterns, however, are also consistent with alternative theories of firm dynamics in

which firm growth is driven by the evolution of idiosyncratic productivity (Hopenhayn,

1992). Introducing period-by-period firm-to-firm matching into such models could also give

rise to similar patterns. In the case that more productive firms match with more partners,

a positive correlation between the number of trading partners and age could just reflect a

positive correlation between productivity and age.

In order to understand the extent to which our patterns can be accounted for by this ex-

planation, we document patterns controlling for firm size. For downstream patterns, we
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Figure 4: Expenditure Share Supplier Effect ψi,h,t

Note: We plot estimated age effects, γa, from Equation 1 along with 95% bootstrap confidence intervals,
taking yj,h,t to be ψ̂i,h,t estimated in Equation 3. The age effects estimate supplier fixed effects ψi,h,t of firms
in a given age category, relative to entrants who sell products in the same HSN. Under Assumption 1, ψi,h,t

corresponds to (1− σ)log
(

pi,h,t

qi,h,t

)
.

estimate the following regression equation:

yi,h,t =
4∑

a=2

γa1(age(i, t) ∈ ga) + βhs(i, h, t) + δo(i,h,t),h,t , (4)

where the only difference from Equation 1 is that we now control for log firm sales, s(i, h, t).

We allow the coefficient on sales to vary by the HSN of the product. For upstream patterns,

we estimate the following regression equation,

yi,h,t =
4∑

a=2

γa1(age(i, t) ∈ ga) + βh,hd(i,t)s
d(i, t) + δo(i,h,t),h,t , (5)

where the difference from Equation 1 is that we introduce the log downstream sales of the

firm, sd(i, t).4 We allow the coefficient on downstream sales to vary by the upstream HSN

for which yi,h,t is observed, h, and the downstream HSN in which the firm sells, hd(i, t).5

CES Fact 2 Conditional on sales, younger firms have fewer suppliers and face higher input

4exp(sd(i, t)) sums sales of firm i across all downstream HSNs.
5We assign the downstream HSN of a firm as the HSN that makes up the greatest share of its sales.
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costs.

In Figure 5, we plot estimated age effects from Equation 5. The left panel takes number of

suppliers as yi,h,t. The right panel takes ϕ̂i,h,t estimated in Equation 3 as yi,h,t. As seen in

the figure, conditional on having the same downstream sales, firms which are 11+ have 14%

more suppliers than entrants and 0.24 lower estimated customer fixed effects, ϕ̂i,h,t. Under

Assumption 1, if σ = 4.30, this implies 7% lower input costs.

Figure 5: Upstream Patterns Controlling for Firm Size

Note: We plot estimated age effects, γa, from Equation 5 along with 95% bootstrap confidence intervals,
taking yj,h,t to be number of suppliers in the left panel and ϕ̂j,h,t estimated in Equation 3 in the right panel.
The age effects estimate yj,h,t of firms in a given age category, relative to entrants who purchase intermediate
inputs from the same HSN. Under Assumption 1, ϕj,h,t corresponds to (σ − 1)log (cj,h,t).

CES Fact 3 Conditional on sales, younger firms have fewer customers and charge lower

output prices.

In Figure 6, we plot the estimated age effects from Equation 4. The left panel takes number

of customers as yi,h,t. The right panel takes ψ̂i,h,t estimated in Equation 3 as yi,h,t. As seen in

the figure, conditional on having the same sales, firms that are 11+ have 24% more customers

than entrants and 0.15 lower estimated supplier fixed effects ψ̂i,h,t. Under Assumption 1, if

σ = 4.30, this implies 4% higher output prices. Put differently, comparing firms of the same

size, younger firms achieve these sales, despite having fewer customers, by charging lower

output prices and selling more on the intensive margin.

Notice in the case that a firm’s customer and supplier networks are completely determined
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Figure 6: Downstream Patterns Controlling for Firm Size

Note: We plot estimated age effects, γa, from Equation 4 along with 95% bootstrap confidence intervals,
taking yi,h,t to be number of customers in the left panel and ψ̂i,h,t estimated in Equation 3 in the right panel.
The age effects estimate yi,h,t of firms in a given age category, relative to entrants who sell products in the

same HSN. Under Assumption 1, ψi,h,t corresponds to (1− σ)log
(

pi,hsn

qi,hsn

)
.

by their idiosyncratic productivity, there should be no variation in these objects, conditional

on sales. In contrast, we find that conditioning on sales, customer and supplier networks are

systematically related with firm age. These patterns imply that dynamics of customer and

supplier networks cannot be explained by idiosyncratic productivity alone. An alternative

theory is required.

3 Model of Network Formation

In this section, we develop a develop a model of endogenous network formation in which

firms slowly match with trading partners over time using a random search technology. In

Section 4, we show that the model rationalizes the lifecycle patterns documented in the

previous section. We use the model to quantitatively study how search technology shapes

firm dynamics and aggregate productivity in Section 5.
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3.1 Environment

Time is discrete. The economy is inhabited by a representative household which supplies

labor and a continuum of monopolistically competitive firms that produce differentiated

varieties. Each firm is endowed with a permanent productivity and operates a constant

returns to scale technology that uses labor and varieties produced by other firms as inputs.

The economy features search and matching frictions, which entail that a firm can only trade

with other firms it has links with. In order to connect with trading partners, firms, in each

period, exert costly search effort and match with new customers and suppliers via a random

search technology.

Firms. There exists a continuum I of monopolistically competitive firms. Firm i ∈ I

produces a differentiated variety using a constant returns to scale technology:

yt(i) = κz(i)lt(i)
αxt(i)

1−α

Here, z(i) denotes the firm’s permanent productivity, lt(i) denotes the quantity of labor it

uses in time period t, and xt(i) denotes the quantity of an intermediate bundle it uses. The

intermediate bundle is a composite of varieties the firm purchases from its suppliers.

xt(i) ≡

(∫
Gi,t

νt(i, k)
(σ−1)/σdk

)σ/(σ−1)

Gi,t denotes the set of suppliers of firm i in time period t, and νt(i, k) denotes the quantity of

goods purchased from supplier k. Varieties are imperfect substitutes with constant elasticity

of substitution, σ ≥ 1. There exist search and matching frictions which entail that a firm

can only trade with suppliers it has matched with. Firms exert costly search effort and

match with new suppliers using a random search technology described further below. This

search effort leads to the endogenous evolution of its supplier set over time. Given the set

of suppliers in period t, firms minimize the cost of satisfying downstream demand ȳt(i):

minlt(i),νt(i,k) lt(i) + p̃t(i, k)νt(i, k) s.t. κz(i)lt(i)
αxt(i)

1−α ≥ ȳt(i) , (6)

where the wage is set as the numeraire and p̃t(i, k) denotes the price supplier k charges firm

i. Solving the cost minimization problem, the price of firm i’s intermediate bundle is given

by:

ct(Gi,t) =

(∫
Gi,t

p̃t(k, i)
1−σdk

)1/(1−σ)
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We will refer to this price, c(Gi,t), as the “input cost” of the firm. The marginal cost of firm

i is given by:

mct(i) =
ct(i)

1−α

z(i)

Firms sell their variety to the representative household and to other firms. The set of firms

that are customers of firm i is denoted by Hi,t. Again, the presence of search and matching

frictions entails that a firm can only trade with customers it has matched with. Firms exert

costly search effort and match with new customers using the random search technology

described further below.

Representative Household. There exists a representative household that inelastically

supplies its labor endowment L = 1, owns all firms, and consumes differentiated varieties.

The household does not face any frictions in matching with firms, so that all firms are ex-

ogenously connected to the household. Household utility is given by a composite of varieties

it consumes:

Xt =

(∫
I

νft (i)
(σ−1)/σdi

)σ/(σ−1)

,

where νft (i) denotes final consumption of variety i. Varieties are imperfect substitutes with

constant elasticity of substitution, σ ≥ 1. Note that the household and firms share the same

elasticity of substitution.

The household’s price index is given by:

Pt ≡
(∫

I

pft (i)
1−σdi

) 1
1−σ

,

where pft (i) is the price firm i charges the household. The representative household owns all

firms. Household income is the sum of labor income and firm profits:

Et = 1 +

∫
I

πt(i)di

Search and Matching Frictions. There exist search and matching frictions which entail

that a firm can only trade with other firms it has matched with. Firms enter without

any firm-to-firm links and slowly match with partners over time using a random search

technology.

Specifically, in period t, firm i exerts search effort for finding customers, ut(i), and search

effort for finding suppliers, vt(i). Exerting effort ut(i) costs the firm φh(ut(i)) units of labor

and exerting effort vt(i) costs the firm φg(vt(i)) units of labor. We assume ∂φh(u)
∂u

> 0,
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∂2φh(u)
∂u2 > 0, ∂φg(v)

∂v
> 0, and ∂2φg(v)

∂v2
> 0. The assumption of strictly convex search costs

creates an incentive for firms to spread out search efforts over time, generating the feature

that firms slowly match with partners over time. This assumption captures the premise of

the customer capital literature which posits that firms must spend resources to accumulate

trading partners over time (Gourio and Rudanko, 2014; Drozd and Nosal, 2012). It will

allow us to rationalize the lifecycle patterns documented in Section 2.

Given the search efforts of firms, the measure of new links formed in time period t is given by

an aggregate matching function M (Ut,Vt), where Ut ≡
∫
I
ut(i)di is the aggregate customer

search effort and Vt ≡
∫
I
vt(i)di is the aggregate supplier search effort. We assume the

matching function exhibits constant returns to scale.6

Thus, exerting customer search effort ut(i) results in a measure of new customers:

ut(i)
M (Ut,Vt)

Ut

Similarly, exerting supplier search effort vt(i) results in a measure of new suppliers:

vt(i)
M (Ut,Vt)

Vt

Note that the firm matches with a measure of new customers and a measure of new suppliers,

rather than discrete numbers. This implies that each firm is connected to a continuum of

customers and a continuum of suppliers. Conditional on matching with a customer, the

probability the customer is in measurable set C ⊂ I is proportional to the supplier search

effort of firms in that set. Thus, the measure of new customers in set C is given by:

ut(i)
M (Ut,Vt)

Ut

∫
C vt(k)dk

Vt

Similarly, conditional on matching with a supplier, the probability the supplier is in measur-

able set C ⊂ I is proportional to the customer search effort of firms in that set. Thus, the

measure of new suppliers in set C is given by:

vt(i)
M (Ut,Vt)

Vt

∫
C ut(k)dk

Ut

6There is limited empirical work estimating firm-to-firm matching functions. The assumption of constant
returns to scale is in line with Krolikowski and McCallum (2021). It is also in line with empirical work
estimating matching functions between workers and jobs in the labor market (Petrongolo and Pissarides,
2001). However, there is also some work suggesting increasing returns to scale in firm-to-firm matching
functions (Miyauchi, 2024; Eaton et al., 2022).
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At the end of every period, a share δ of existing relationships are exogenously destroyed.

In modeling the production network as arising from a search-and-matching technology, our

model relates to Demir et al. (2023) and Arkolakis et al. (2023). We extend these models in

introducing dynamics in the customer and supplier sets of firms.

The existence of frictions in firm-to-firm matching is also supported by our data. In Appendix

A.3, we utilize plausibly exogenous variation generated by Covid-19 lockdown restrictions to

identify the presence of frictions in our setting. Using an event-study design, we find that

firms that were more exposed to lockdown restrictions experienced significant and persistent

declines in their numbers of partners.

Let Hi,t(z
′, a′) denote the measure of productivity z′, age a′ customers a firm is matched with

in time period t and let Gi,t(z
′, a′) denote the measure of productivity z′, age a′ suppliers

a firm is matched with in time period t.7 Furthermore, let ṽt(z
′, a′) denote a conjecture

about the supplier search effort of (z′, a′) firms and ũt(z
′, a′) denote a conjecture about the

customer search effort of (z′, a′) firms. These conjectures, combined with the matching and

separation processes, imply the following laws of motion for customer and supplier sets:

Hi,t(z
′, a′) = ut(i)

M (Ut,Vt)

Ut

ṽt(z
′, a′)nt(z

′, a′)

Vt

+ (1− δ)Hi,t−1(z
′, a′ − 1) (7)

Gi,t(z
′, a′) = vt(i)

M (Ut,Vt)

Vt

ũt(z
′, a′)nt(z

′, a′)

Ut

+ (1− δ)Gi,t−1(z
′, a′ − 1) , (8)

where nt(z
′, a′) denotes the measure of (z′, a′) firms in the economy. Notice that these laws

of motion conjecture that all (z′, a′) firms exert the same customer search effort and the same

supplier search effort. These conjectures will be true in equilibrium.

Intuitively, the measure of (z′, a′) customers a firm is connected to in period t is equal to

the measure of new (z′, a′) matches made this period plus the measure of (z′, a′ − 1) links

from the previous period which survive. Similarly, the measure of (z′, a′) suppliers a firm is

connected to in period t is equal to the measure of new (z′, a′) matches made this period

plus the measure of (z′, a′ − 1) links from the previous period which survive. We will refer

to the laws of motion described in Equation 7 and Equation 8 by:

Hi,t = Γh
t (ut(i), Hi,t−1)

Gi,t = Γg
t (vt(i), Gi,t−1)

7This is an abuse of notation, as before Gi,t and Hi,t were defined as sets.
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The choice of indexing customers and suppliers by (z′, a′) is a deliberate one. Firms require

information on potential customers and suppliers when choosing search effort. With respect

to suppliers, firms require information on the output prices charged by potential suppliers,

as well as how these prices will evolve over time. This depends not only on the productivity,

z′, of a given supplier, but also on the supplier’s set of suppliers. With respect to customers,

firms require information on the input demand of potential customers, as well as how this

demand will evolve over time. Again, this depends not only on the productivity, z′, of a

given customer, but also on the customer’s customers and the customer’s suppliers. Due to

our assumptions on the network formation technology and the firm productivity process, in

equilibrium, all (z′, a′) suppliers will charge identical output prices, and all (z′, a′) customers

will have identical input demand. They will also exert identical search efforts and evolve

in an identical manner. Thus, (z′, a′) serves as a sufficient type to identify customers and

suppliers.

Timing. Timing in the model is as follows:

1. Measure ne
t of new firms enter and draw permanent productivity.

2. Firms exert search effort and match with new customers and suppliers.

3. Firms produce and sell to the household and other firms.

4. Share (1 − β) of firms exogenously exit and share δ of relationships are exogenously

destroyed.

3.2 Decision Problems

This section describes the decision problems faced by firms and the representative household.

Static Demand. In each period, firms sell to other firms and the representative household.

As every firm and the representative household is connected to a continuum of suppliers, we

assume the market structure is monopolistic competition.

Let pi,t(z
′, a′) denote the price firm i charges a (z′, a′) customer in time period t, c̃t(z

′, a′)

denote a conjecture about a (z′, a′) customer’s input cost, and m̃t(z
′, a′) denote a conjecture

about a (z′, a′) customer’s total intermediate expenditure. The production technology implies

that sales to a (z′, a′) customer are given by:

ri,t(z
′, a′) =

(
pi,t(z

′, a′)

c̃t(z′, a′)

)1−σ

m̃t(z
′, a′)
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Similarly, sales to the representative household are given by:

rfi,t =

(
pft (i)

P̃t

)1−σ

Ẽt ,

where P̃t and Ẽt are conjectures about the household’s price index and income. The conjec-

tures about other firms and the household will be true in equilibrium.

Summing sales to downstream firms and the household, total sales for firm i are given by:

st(z(i), Gi,t, Hi,t) =

(
pft (i)

P̃t

)1−σ

Ẽt +

∫
Z,A

(
pit(z

′, a′)

c̃t(z′, a′)

)1−σ

m̃t(z
′, a′)Hi,t(z

′, a′)dz′da′

Dynamic Firm Problem. Firms maximize the discounted sum of profits. The firm’s

problem is described by the value function in Equation 9. A firm with talent z, previous-

period customer set Gt−1 and previous-period supplier set Ht−1 chooses customer search

effort ut, supplier search effort vt, price to charge the household pft , and price to charge

a (z′, a′) customer pt(z
′, a′) to maximize the sum of current-period profits and value next

period.

Vt(z,Gt−1, Ht−1) = max
ut,vt,p

f
t ,pt

pft −mct(z,G)

pft

(
pft

P̃t

)1−σ

Ẽt

+

∫
Z,A

pt(z
′, a′)−mct(z,G)

pt(z′, a′)

(
pt(z

′, a′)

c̃t(z′, a′)

)1−σ

m̃t(z
′, a′)Ht(z

′, a′)dz′da′

−φh(ut)− φg(vt) + βVt+1(z,Gt, Ht)

where:
Gt = Γg

t (vt, Gt−1), Ht = Γh
t (ut, Ht−1)

mct(z,G) =
1

z

(∫
Z,A

p̃t(z
′, a′)1−σGt(z

′, a′)dz′da′
) 1−α

1−σ

(9)

Modeling both pricing choices and search choices together introduces a potentially compli-

cated problem. For example, in certain environments, firms may initially offer low prices to

accumulate customers faster. Pricing choices can interact with search choices in a non-trivial

way to shape the evolution of trading partners. Our assumptions on the network formation

process provide tractability here.

First, notice that the price a firm charges does not affect the evolution of its customer

or supplier network in Equations 7 and 8. This implies that a firm faces a static pricing

problem and charges the standard monopolistic competition markup over its marginal cost.
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This feature in our model, that firms use non-price activities to accumulate demand, is in

line with recent empirical evidence. Argente et al. (2023) find that markups in the consumer

food sector do not systematically vary with a firm’s age in a market. Fitzgerald et al. (2023)

find that following successful entry into export markets, exporters have post-entry dynamics

of quantities, but no post-entry dynamics of markups.

Second, the fact that all customers have the same constant elasticity of substitution implies

that every firm charges the same markup µ = σ
σ−1

to all of its customers. Taking this into

account, we can rewrite the firm’s value function as:

Vt(z,Gt−1, Ht−1) = max
ut,vt

µ− 1

µ
st(z,Gt, Ht)− φh(ut)− φg(vt) + βVt+1(z,Gt, Ht)

where:

st(z,Gt, Ht) =
(

µct(Gt)1−α

zP̃t

)1−σ

Ẽt +
∫
Z,A

(
µct(Gt)1−α

zc̃t(z′,a′)

)1−σ
1−α
µ
s̃t(z

′, a′)Ht(z
′, a′)dz′da′

ct(Gt) =

(∫
Z,A

(
µc̃t(z′,a′)1−α

z′

)1−σ

Gt(z
′, a′)dz′da′

)1/(1−σ)

Gt = Γg
t (vt, Gt−1), Ht = Γh

t (ut, Ht−1)

(10)

Relative to Equation 9, there are no longer explicit pricing choices as the firm charges a

constant markup µ over its marginal cost. The firm still requires conjectures about the

search efforts of other firms, ũt(z
′, a′) and ṽt(z

′, a′). However, now the firm only requires

conjectures about other firms’ input costs, c̃(z′, a′), and sales, s̃t(z
′, a′), using the fact that

all firms charge a constant markup µ over their marginal costs.

Solving the firm’s problem, a firm’s optimal customer search effort satisfies:

µ− 1

µ

(
∞∑
τ=0

∑
z′,a′

((1− δ)β)τ
(
µct+τ (Gt+τ )

1−α

zc̃t+τ (z′, a′ + τ)

)1−σ
1− α

µ
s̃t+τ (z

′, a′ + τ)

× M (Ut,Vt)

Ut

ṽt(z
′, a′)nt(z

′, a′)

Vt

)
=
∂φh(ut)

∂ut
(11)

The term on the left is the marginal benefit of customer search effort. This is equal to the

discounted sum of future profits generated by additional matches. Future profits generated

from matching with a (z′, a′) customer depend on the path of the customer’s sales, which

governs their intermediate expenditure, and the path of the firm’s output price relative to

the customer’s input cost, which governs the firm’s share in the customer’s intermediate

expenditure. This marginal benefit is set equal to the marginal cost of search, which is the

term on the right.
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A firm’s optimal supplier search effort satisfies:

µ− 1

µ

(
∞∑
τ=0

∑
z′,a′

((1− δ)β)τ
(
µc̃t+τ (z

′, a′ + τ)1−α

z′ct+τ (Gt+τ )

)1−σ

(1− α)st+τ (z,Gt+τ , Ht+τ )

× M (Ut,Vt)

Vt

ũt(z
′, a′)nt(z

′, a′)

Ut

)
=
∂φg(vt)

∂vt
(12)

The term on the left is the marginal benefit of supplier search effort. This is equal to the

discounted sum of future profits generated by additional matches. Matching with suppliers

reduces the marginal cost of the firm, allowing the firm to charge lower prices to their

customers and sell more on the intensive margin. This marginal benefit is equated to the

marginal cost of search, which is the term on the right.

We emphasize here that the presence of constant markups does not preclude competition

among suppliers. As seen through Equation 12, when firms choose supplier search effort,

they take into account how the output price they charge compares to the input cost of their

customers. In other words, how their output price compares to the output prices charged by

other suppliers. This informs their decision to search for suppliers and reduce their marginal

cost. Competition incentivizes firms to reduce their price in this setting, but the channel

through which they do this is through reducing their marginal cost, rather than their markup.

3.3 Equilibrium

Definition 1 An equilibrium is a set of optimal search policies
{
ut(z,G,H), vt(z,G,H)

}∞
t=0

;

optimal labor and intermediate input policies {lt(z,G,H), νt(z,G,H)}; conjectures about

other firms’ search efforts
{
ũt(z, a), ṽt(z, a)

}∞
t=0

, input costs
{
c̃t(z, a)

}∞
t=0

, sales
{
s̃t(z

′, a′)
}∞
t=0

,

and customer and supplier sets
{
H̃z,a,t(z

′, a′), G̃z,a,t(z
′, a′)

}∞
t=0

; and conjectures about aggre-

gate objects,
{
P̃t, Ẽt

}∞
t=0

such that:

1. Optimal search policies solve firm problem (10).

2. Optimal labor and intermediate input policies solve cost minimization problem (6).

3. Conjectures about customer and supplier sets are consistent with laws of motion:

H̃z,a,t = Γh
t

(
ũt(z, a), H̃z,a−1,t−1

)
, G̃z,a,t(z

′, a′) = Γg
t

(
ṽt(z, a), G̃z,a−1,t−1

)
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4. Conjectures about search efforts of other firms are consistent with optimal policies:

ũt(z, a) = ut(z, G̃z,a−1,t−1, H̃z,a−1,t−1), ṽt(z, a) = vt(z, G̃z,a−1,t−1, H̃z,a−1,t−1)

5. Conjectures about input costs and sales are consistent with customer and supplier sets:

c̃t(z, a) = ct(G̃z,a,t), s̃t(z, a) = st

(
z, G̃z,a,t, H̃z,a,t

)
6. Conjectures about household objects are consistent with optimal policies:

P̃t =

(∫ (
µz(i)−1ct(Git)

1−α
)1−σ

di

)1/(1−σ)

, Ẽt = 1 +
µ− 1

µ

∫
st (z(i), Git, Hit) di

7. Labor market clears:

1 =

∫
I

(
lt(zi, Git, Hit) + φh(ut(zi, Git, Hit)) + φg(vt(zi, Git, Hit))

)
di

For the remainder of this paper, we will focus on stationary equilibria.

Definition 2 A stationary equilibrium is defined as an equilibrium in which optimal policies

and conjectures are time-independent.

Even in a static setting, solving for equilibria in endogenous network models is a complex

problem. A firm’s choice to form links depends on payoff-relevant attributes of potential

trading partners. However, these attributes of trading partners depend themselves on the

attributes of their own trading partners. Thus, in equilibrium, one needs to solve for two

fixed points. First, a fixed point in payoff-relevant attributes, as the attributes of a firm

depend on the attributes of its partners. Second, a fixed point in the link formation choices

of firms, as the link formation choices depend on the attributes of potential trading part-

ners. The endogenous production network literature has made progress here by considering

environments in which these fixed points can be easily characterized and solved for.

Our setting further complicates this problem by introducing dynamics in customer and sup-

plier networks. As in the static setting, a firm’s decision to form links depends on the

payoff-relevant attributes of potential trading partners. However, as trading partners them-

selves match with new customers and suppliers over time, their payoff-relevant attributes

evolve over time. Furthermore, as the payoff-relevant attributes of trading partners depend

on the attributes of their own trading partners, the evolution of their attributes depends on

how their trading partners’ attributes evolve over time. Again, in equilibrium, we need to
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find a fixed point in attributes and a fixed point in link formation choices, but here, as firms

evolve over time, it cannot be a fixed point in attributes and choices of individual firms.

Instead, our assumptions on the network formation technology and the firm productivity

process provide a state, (z, a), such that these fixed points can be easily characterized and

solved for.8

3.4 Constrained Inefficiency

In this section, we discuss the normative properties of the model. These properties turn out

to be important for understanding how technology differences map to productivity differences

in Section 5.

Consider the problem of a constrained planner who chooses household consumption of vari-

eties, labor and intermediate input choices of firms, and search efforts of firms, to maximize

consumption in a stationary equilibrium, imposing that the planner has available the same

random search technology as decentralized firms:

max
νf ,l,ν,u,v

(∑
z,a

νf (z, a)
σ−1
σ n(z, a)

) σ
σ−1

subject to the following constraints:

νf (z, a) +
∑
z′,a′

νz′,a′(z, a)Hz,a(z
′, a′) ≤ y(z, a) ∀z, a

∑
z,a

l(z, a)n(z, a) +
∑
z,a

φh(u(z, a))n(z, a) +
∑
z,a

φg(v(z, a))n(z, a) ≤ L

y(z, a) = κzl(z, a)α

(∑
z′,a′

ν(z, a, z′, a′)(σ−1)/σGz,a(z
′, a′)

)σ(1−α)
σ−1

Hz,a(z
′, a′) = u(z, a)

M (U ,V)
U

v(z′, a′)n(z′, a′)

V
+ (1− δ)Hz,a−1(z

′, a′ − 1) ∀z, a, z′, a′

Gz,a(z
′, a′) = v(z, a)

M (U ,V)
V

u(z′, a′)n(z′, a′)

U
+ (1− δ)Gz,a−1(z

′, a′ − 1) ∀z, a, z′, a′

Here, y(z, a) denotes the output of a firm with productivity z and age a, u(z, a) and v(z, a) de-

note its customer and supplier search efforts, l(z, a) denotes its labor input, and ν(z, a, z′, a′)

denotes its intermediate usage of a productivity z′, age a′ supplier’s variety. Household

8In Appendix B.1, we describe the exact solution algorithm.
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consumption of a (z, a) firm’s variety is denoted by νf (z, a).

The first constraint imposes that the sum of household consumption of a variety and usage

of it by other firms in production must be less than the output of that variety. The second

constraint imposes that aggregate labor usage must be less than aggregate labor supply.

The third constraint is just the production function of the firm. The last two constraints

impose that the planner uses the same random search technology as firms in the decentralized

equilibrium.

We discuss the planner’s solution in detail in Appendix B.3. Here, we briefly highlight the

inefficiencies present in the decentralized equilibrium.

First, firms in the decentralized equilibrium set prices too high and underutilize intermediate

inputs as they fail to internalize a vertical externality (double marginalization). The price

a supplier charges its customer affects the marginal cost and so the profits of the customer.

Similarly, the price the customer charges its own customers affects demand for its variety,

which in turn, affects its demand for inputs and so the profits of the supplier. As both

customer and supplier in the decentralized equilibrium choose prices to maximize private

profits rather than joint profits, they set prices too high and use too little intermediate input

relative to the planner’s solution.

Second, firms search inefficiently as they fail to internalize search externalities. When a

firm exerts more search effort, it generates more matches, which creates surplus for both

the firm and the partners it matches with. While firms internalize their private surplus,

they do not internalize the surplus generated for partners. This externality has been termed

the “thickness” and “composition” externalities in the search literature, and the “match

creation” externality in some of the endogenous network literature. In addition, firms fail

to internalize how their customer (supplier) search effort affects matching probabilities for

other firms searching for customers (suppliers). This externality has been termed the “con-

gestion” externality. In the case the match creation externality exactly offsets the congestion

externality for every firm in the decentralized economy, the decentralized search efforts are

efficient. However, under the decentralized surplus-splitting rule (i.e. constant markups),

this is not possible and so search effort is inefficient. In particular, it will turn out that

low-productivity firms search too much relative to high-productivity firms.

It is important to emphasize here that the inefficiency of search effort depends critically on

the decentralized surplus-splitting rule.9 It is because firms in the decentralized equilibrium

charge constant markups that the private surplus from matching differs from the social

9See Brancaccio et al. (2023) for a detailed discussion of efficiency in random search models with hetero-
geneous agents.
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surplus, and decentralized firms’ search efforts do not coincide with the planner’s.

In Appendix A.2, we decompose variation in unit values for the subset of transactions for

which we observe them. The quantity of goods shipped is not required by the tax authority,

so it is sometimes missing in the waybills. We find that most of the variation in unit values

can be explained by supplier fixed effects, in line with a model of firms charging constant

markups. Additionally, we find that alternative theories of surplus-splitting, which imply

that markups should be correlated with quantity or bilateral market share, add little in

terms of explaining variation. That is, there does not appear to be an alternative theory of

surplus-splitting that fits the data significantly better.

In our quantitative analysis, we will find that these inefficiencies lead to quantitatively large

steady-state aggregate productivity losses. In addition, they turn out to be central for

understanding how technology differences map to productivity differences. Most of the

difference in productivity comes from a difference in allocative efficiency (distance to efficient

frontier), rather than technical efficiency (position of efficient frontier).

4 Calibration

In this section, we estimate structural parameters of the model to match moments of the

Indian data and compare lifecycle patterns generated by the model against the data.

4.1 Calibration

We estimate structural parameters of the model to match moments of the Indian data.

Structural Parameters. We first impose some functional forms. We assume a standard

form for search costs:

φg(v) =
ξ

ζ
vζ , φh(u) =

ξ

ζ
uζ

The level parameter ξ governs the level of costs, while the curvature parameter ζ governs

how easily firms can scale their customer and supplier networks. We impose that the level

and curvature parameters are the same for both customer and supplier search effort.

We assume that the aggregate matching function is Cobb-Douglas, where γ governs the

elasticity of matches with respect to customer search.

M (U ,V) = UγV1−γ

Finally, we specify the firm’s productivity process. Upon entry, a firm draws a productivity
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of 1 with probability plow, and draws a productivity of z̄ > 1 with probability (1− plow)

Fe(z) =

1 with prob. plow

z̄ with prob. (1− plow)

In addition, in the quantitative version of our model, we allow for productivity to exogenously

evolve over time at rate ρ:

zi,t = ρzi,t−1

This allows the model to better quantitatively match the lifecycle patterns we document in

Section 2. This does not cause any issue in the exposition of previous sections, as long as z

is now taken to be productivity upon entry rather than permanent productivity.

This results in ten parameters that require estimation. The model parameters are listed in

Table 1. Most of these parameters are common to many models and will be estimated using

standard moments. The two which are less common are the level and curvature of search

costs. We briefly discuss how these parameters affect equilibrium objects in our setting. This

will inform our strategy for estimating them.

How do search cost parameters affect equilibrium objects? We first explore the role

of the level parameter ξ. In Appendix B.2, we show that the level parameter only affects

the level of equilibrium objects (e.g., firm sales, number of partners) and does not affect any

cross-sectional or lifecycle patterns. Thus, in our calibration, we will use this parameter to

normalize the equilibrium to a given level.

Next, we explore the role of the curvature parameter ζ. Taking the ratio of first order

conditions (i.e. Equation 11) for two firms i and j, we can express their relative customer

search efforts in Equation 13:

ui,t
uj,t

=

 µ−1
µ

∑∞
s=0

∑
z′,a′((1− δ)β)s

(
µc(Gi,t+s)

1−α

zi,t+sc̃(z′,a′+s)

)1−σ
1−α
µ s̃(z′, a′ + s)M(U,V)

U
ṽ(z′,a′)n(z′,a′)

V

µ−1
µ

∑∞
s=0

∑
z′,a′((1− δ)β)s

(
µc(Gj,t+s)1−α

zj,t+sc̃(z′,a′+s)

)1−σ
1−α
µ s̃(z′, a′ + s)M(U,V)

U
ṽ(z′,a′)n(z′,a′)

V


1

ζ−1

(13)

The relative search efforts of firms i and j depends on the ratio of expected profits generated

from matching with additional customers. Notice that the only differences in customer search

effort across firms arise from differences in marginal cost. Firms that expect to have lower

marginal costs today and in the future exert more search effort, as conditional on matching

with a customer, they sell more on the intensive margin. The curvature of the cost function,

ζ, governs the elasticity between search effort and marginal cost. When ζ is low, small

differences in marginal costs lead to large differences in search effort. On the other hand,

when ζ is high, all firms exert similar search effort, despite large differences in marginal costs.
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This elasticity between search effort and marginal cost governs the correlation between the

number of customers and sales. Thus, we will be able to use this correlation to calibrate the

curvature parameter.

An advantage of this moment is that it has been reported for other countries and has been

used similarly to calibrate search cost curvature in other papers. In particular, Arkolakis

et al. (2023) use the same moment to calibrate a search cost curvature using data from

Chile. Thus, we can use variation in this moment across countries to get plausible estimates

of technological variation.

As firm-to-firm links arise out of search effort in our setting, differences in search technology

lead to differences in firm dynamics and production network structure. In Section 5, we

utilize variation in this moment to quantitatively study how differences in search technology

generate differences in firm dynamics and aggregate productivity. We find that both lifecycle

growth and aggregate productivity are higher under lower curvature of search costs, as search

efforts respond more to differences in idiosyncratic productivity.

Estimation Procedure. We assign existing estimates to a subset of our parameters. We

use the labor share from the 2019 Penn World Table to set α = 0.52. We set σ = 4.30,

referring to Baqaee et al. (2023). We set γ = 0.5, which is in line with Krolikowski and

McCallum (2021).

The remaining parameters are jointly estimated to match moments in our firm-to-firm data.

Though all parameters are jointly estimated, there exists an intuitive mapping between

parameters and target moments. We set exogenous survival rate β = 0.93 to match the

fraction of firms which are 11+ in age.10 We set exogenous separation rate δ = 0.50 to

match the 1-year survival rate of links. As discussed above, we normalize ξ such that

the average number of customers is equal to 1, and estimate ζ by targeting the correlation

between the number of customers and sales.11 This moment in our data is 0.33. We estimate

the productivity of the high type z̄ and probability of drawing the low type plow by targeting

the interquartile range and skewness of log sales. Finally, we estimate exogenous growth in

idiosyncratic productivity, ρ, by targeting the lifecycle growth of sales.

We summarize our estimation results in Table 1. We match all moments well.

10We target the share of Age 11+ firms due to the issue described in Section 2.1.
11To be clear, in the model, firms have “measures” of partners rather than “numbers”, though at times

we imprecisely use the two terms interchangeably.
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Table 1: Estimation Results

Parameter Description Value Target Moment Data Model
α labor share 0.52 Penn World Table 2019 - -
σ elasticity of substitution 4.30 Baqaee et al. (2023) - -
γ matching function elasticity 0.50 Krolikowski and McCallum (2021) - -
β exogenous firm survival rate 0.93 population share of 11+ Age Firms 0.46 0.46
δ exogenous separation rate 0.49 1-year survival rate of links 0.47 0.47
z̄ initial productivity of high type 1.63 IQR of log sales 2.89 2.89
plow probability of low type 0.57 skewness of log sales 0.28 0.28
ρ exogenous productivity growth 1.0007 lifecycle growth of log sales 0.33 0.33
ξ level of search costs 0.97 normalization (average NC = 1) - -
ζ curvature of search costs 3.10 elasticity between NC and Sales 0.33 0.33

Note: We summarize results from our calibration strategy. We estimate values for structural parameters
to jointly match moments of the Indian data. Column 1 lists structural parameters. Column 2 provides
descriptions. Column 3 displays estimated parameter values. Column 4 lists target moments. Columns 5
and 6 display values of target moments in the data and model, respectively.

4.2 Model Validation: Lifecycle Patterns

In Figure 7 and Figure 8 we plot lifecycle patterns from the calibrated model against the

data. Figure 7 plots downstream patterns, while Figure 8 plots upstream patterns. Except

for the lifecycle growth of sales, all patterns here are untargeted.

Qualitatively, the model output matches the data well. Older firms have more customers and

suppliers, greater sales and intermediate expenditure, and lower input costs. Importantly,

the model also matches patterns conditional on firm size. Conditioning on sales, older firms

have more customers and charge higher output prices. Conditioning on sales, older firms

have more suppliers and face lower input costs. As discussed in Section 2, it is difficult to

generate these size-conditional patterns in a model featuring only dynamics in idiosyncratic

productivity. In contrast, the frictional model presented here naturally rationalizes these

patterns.

Quantitatively, the model is somewhat less successful, undershooting some patterns and

overshooting others. However, given the relative simplicity of the model, we do not expect

to fully capture the richness of the true data generating process.12

12In the data, we find no systematic variation of supplier fixed effects, ψiht, with age; while in the model,
there is an increasing relationship. This deviation is not an inherent feature of the model. Under alternative
calibrations, the model can generate flat, and even declining, relationships between age and ψiht.
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Figure 7: Model Output (Downstream Patterns)

Note: We plot downstream patterns generated by the calibrated model against the data. The circle markers
display the data moments documented in Section 2, while the cross markers display model moments. Other
than the lifecycle growth of sales, all downstream patterns are untargeted in the calibration strategy.

5 Quantitative Analysis

In this section, we use the calibrated model to study how search technology shapes firm

dynamics and aggregate productivity.

5.1 Efficient Allocation

Having calibrated the model to the Indian data, we solve the constrained planner’s problem

introduced in Section 3.4 and discuss the efficient allocation below. We find large productivity

losses from inefficient production and search choices. Aggregate productivity is 15% greater

in the efficient allocation, relative to the decentralized equilibrium.

In Figure 9, we compare the efficient supplier and customer search efforts to the decentralized

efforts. The two left panels display search efforts, while the right panels display the corre-

sponding number of partners. As seen in the figures, all firms exert too much search effort.

This is especially true for firms that draw low productivity upon entry (“low-productivity

firms”). While search effort in the efficient allocation is roughly similar in magnitude for

firms that draw high productivity upon entry (“high-productivity firms”), the planner exerts

almost no search effort for low-productivity firms. As a result, while high-productivity firms
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Figure 8: Model Output (Upstream Patterns)

Note: We plot upstream patterns generated by the calibrated model against the data. The circle markers
display data moments documented in Section 2, while the cross markers display model moments. All up-
stream patterns are untargeted in the calibration strategy.

maintain similar numbers of partners, low-productivity firms have virtually no partners in

the efficient allocation.

The efficient search efforts give rise to the efficient production network. In Figure 10, we

compare the efficient network to the decentralized network. We plot the difference in the

share of links between given supplier-customer pairs. The horizontal axis displays the type of

the supplier, with the left half corresponding low-productivity suppliers of various ages, and

the right half corresponding to high-productivity suppliers. The vertical axis displays the

type of the customer, with the bottom half corresponding to low-productivity customers, and

the top half corresponding to high-productivity customers. At each grid point in the figure,

a positive value indicates that the efficient network has a greater share of links between these

types, while a negative value indicates that the efficient network has a lesser share.

The efficient network features a greater share of links between high-productivity suppliers

and high-productivity customers. These are the most productive matches in the economy.

As decentralized search efforts depend on the private surplus from matching, rather than

the social surplus, the decentralized production network features too few links between the

most productive pairs.

We find large aggregate productivity differences between the efficient allocation and the
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Figure 9: Efficient Search Efforts

Note: The two left panels display search efforts in the decentralized equilibrium and the efficient allocation.
The right two panels plot the corresponding number of partners. “High Z” refers to firms which draw high
productivity upon entry, while “Low Z” refers to firms which draw low productivity upon entry.

decentralized equilibrium. Final output (household consumption) is 15% greater in the

efficient allocation. As the stock of labor is inelastic here, this gain entirely reflects an

improvement in aggregate productivity stemming from the better coordination of search

and production choices.

In order to understand the relative contributions of the double marginalization and search

inefficiencies, we also solve a problem in which the planner takes the decentralized network as

fixed, but can choose production choices for firms. Aggregate productivity increases by 5.2%

in the solution to this “fixed network” planner’s problem. Thus, most of the productivity

gain in the full constrained planner’s solution comes from correcting search inefficiencies.

5.2 Search Technology and Aggregate Productivity

Next, we study how differences in search technology map to differences in firm dynamics and

aggregate productivity. The normative properties discussed in the previous section will be

central for understanding how technology shapes productivity differences.

In our model, the search technology is governed by the parameters of the search cost. Thus,

we study comparative statics with respect to these parameters.
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Figure 10: Efficient Network vs. Decentralized Network

Note: We plot the difference between the decentralized production network and the efficient production
network. The horizontal axis corresponds to suppliers of varying ages who enter with either low productivity
(left half) or high productivity (right half). The vertical axis corresponds to customers of varying ages
who enter with either low productivity (bottom half) or high productivity (top half). Each grid point
displays the difference in the share of links between the corresponding types in the efficient allocation and
the decentralized equilibrium. A positive value indicates that the efficient network has a greater share of
links between the corresponding types, while a negative value indicates the opposite.

We begin by studying the role of the curvature of search costs ζ. As discussed in Section 4,

ζ is disciplined by the elasticity between the number of customers and sales. In our data,

we find this moment to be 0.33. This moment, however, is reported to be 0.42 in Arkolakis

et al. (2023) for Chile.13 We use the variation in this moment as a plausible estimate of

technological variation. Through the lens of our model, these moments imply that Chilean

firms are able to scale their customer and supplier networks more easily than Indian firms

due to the lower curvature of search costs.

In a counterfactual exercise, we recalibrate ζ in our model to match the Chilean moment,

holding the total measure of links fixed by adjusting ξ. All other parameters are held fixed.

The counterfactual calibration is summarized in Table 2. The elasticity between the number

of customers and sales implies ζ = 2.40 in Chile, compared to ζ = 3.10 in India.

Under the lower curvature corresponding to Chile, firm search efforts respond more to id-

iosyncratic productivity differences. As a result, lifecycle growth of sales rises by 10% in the

13Again, similar to our moment, this is an average across sectors.
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counterfactual economy. Notice, this is despite idiosyncratic productivity growth being iden-

tical in both economies. Moreover, high-productivity firms grow relatively faster compared

to low-productivity firms. Lifecycle growth of sales is 13% higher for high-productivity firms

in the counterfactual economy, compared to 7% higher for low-productivity firms.

Table 2: Chile ζ Counterfactual

Parameter Value: India Value: Chile Target Moment Model: India Model: Chile
α 0.52 0.52 Penn World Table 2019 - -
σ 4.30 4.30 Baqaee et al. (2023) - -
γ 0.50 0.50 Krolikowski and McCallum (2021) - -
β 0.93 0.93 population share of 11+ Age firms 0.46 0.46
δ 0.49 0.49 1-year survival rate of links 0.47 0.47

zhigh 1.63 1.63 IQR of log sales 2.89 3.61
plow 0.57 0.57 skewness of log sales 0.28 0.28
ρ 1.0007 1.0007 lifecycle growth of log sales 0.33 0.37
ξ 0.97 0.58 normalization (average NC = 1) - -
ζ 3.10 2.40 elasticity between NC and sales 0.33 0.42

Note: We summarize our counterfactual calibration, in which we recalibrate ζ to match the Chilean moment.
Column 1 lists structural parameters. Columns 2 and 3 display parameter values under the baseline Indian
and counterfactual Chilean calibrations. Column 4 lists target moments. Columns 5 and 6 display values of
the target moments under the baseline and counterfactual calibrations.

As the production network arises from search effort, the expansion of high-productivity

firms relative low-productivity leads to greater prevalence of high-productivity firms in the

production network. In Figure 11, we document how the structure of the production network

in the counterfactual economy differs from the baseline. The figure plots the difference in

the share of links between given supplier-customer pairs. The horizontal axis displays the

type of the supplier, with the left half corresponding low-productivity suppliers of various

ages, and the right half corresponding to high-productivity suppliers of various ages. The

vertical axis displays the type of the customer, with the bottom half corresponding to low-

productivity customers of various ages, and the top half corresponding to high-productivity

customers of various ages. At each grid point in the figure, a positive value indicates that

the counterfactual network has a greater share of links between these types, while a negative

value indicates that the counterfactual network has a lesser share. Note that by construction,

the total measure of links in each economy will be the same.

The counterfactual network has a greater share of links between high-productivity suppliers

and high-productivity customers, and a lesser share between all other pairs. As search efforts

respond more to idiosyncratic productivity differences under the Chilean technology, high-

productivity firms grow faster relative to low-productivity firms and make up a greater share

of links in the production network.
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Figure 11: Production Network: Chilean Technology vs. Indian Technology

Note: We plot the difference between the production network in the baseline economy and the network
in the counterfactual economy calibrated to match the Chilean moment. The horizontal axis corresponds
to low-productivity (left half) and high-productivity (right half) suppliers of varying ages. The vertical
axis corresponds to low-productivity (bottom half) and high-productivity (top half) customers of varying
ages. Each grid point displays the difference between the share of links between the corresponding types in
the counterfactual economy and the baseline economy. A positive value indicates that the counterfactual
economy has a greater share of links between the corresponding types, while a negative value indicates that
the counterfactual economy has a lesser share.

We find that under the Chilean technology, aggregate productivity rises by 2.1%. As the

total number of links is held fixed, this difference is due to the production network being

more concentrated in links between high-productivity firms.

Much attention has been paid to understanding differences in firm dynamics and aggregate

productivity across countries (Hsieh and Klenow, 2014; Bento and Restuccia, 2017; Akcigit

et al., 2021). Our results suggest that firm-to-firm matching technology may be an important

driver of these differences. Slow growth of firms in developing countries may be, in part,

due to stronger search and matching frictions which make scaling customer and supplier

networks more difficult. These frictions, in turn, reduce aggregate productivity by reducing

the prevalence of high-productivity firms in the production network.

Importantly, as the decentralized economy is inefficient, differences in search technology af-

fect aggregate productivity by affecting both technical efficiency (productivity in efficient

allocation) and allocative efficiency (distance of decentralized allocation from efficient al-

location). In Table 3, we compare aggregate productivity under both the baseline Indian
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technology and the counterfactual Chilean technology, for both decentralized and efficient

allocations. We normalize by aggregate productivity in the Indian decentralized allocation.

The second column displays productivities in the decentralized allocations, while the third

column displays productivities in the efficient allocations. The last column computes the pro-

ductivity difference between the efficient and decentralized allocations for each technology.

The last row computes the productivity difference between the two decentralized allocations

and the two efficient allocations.

We find that productivity differences between the efficient allocations are much smaller than

those between the decentralized allocations. While aggregate productivity in the Chilean

decentralized allocation is 2.1% greater than the Indian decentralized allocation, aggregate

productivity in the Chilean efficient allocation is only 0.3% greater than in the Indian efficient

allocation. Decomposing the productivity gain realized in our counterfactual, roughly 85%

comes from an improvement in allocative efficiency, while 15% comes from an improvement in

technical efficiency. In other words, though the efficient frontier does not shift significantly

under the Chilean technology, firms in the decentralized economy are much closer to the

efficient frontier. Aggregate productivity in the efficient allocation is 13% greater than in

the decentralized allocation under the Chilean technology, compared to 15% under the Indian

technology.14

Table 3: Technical vs. Allocative Efficiency

Technology Decentralized Productivity Efficient Productivity % Difference
India 100.0 115.3 15.3
Chile 102.1 115.7 13.3

% Difference 2.1 0.3

Note: This table compares aggregate productivity under the baseline Indian and counterfactual Chilean
technologies. The first column displays productivity in the decentralized allocations under both technologies.
The second column displays productivity in the efficient allocations under both technologies. We normalize
by productivity in the Indian decentralized allocation. The last column displays the productivity difference
between the efficient and decentralized economies for each technology. The last row displays the productivity
difference between the two decentralized allocations and the two efficient allocations.

These results suggest that much of the gains from improving firm-to-firm matching tech-

nology can be realized through policy intervention. This is useful, given that improving

firm-to-firm matching technology, for example, through improving information technology

or legal institutions, appears to be prohibitively costly. In particular, our results imply that

14As described in Section 5.1 we also solve a “fixed network” planner’s problem, in which the planner
takes the decentralized network as fixed, but chooses production choices for firms. We find that aggregate
productivity rises by 5.3% in the “fixed network” solution under the Chilean technology, as compared to
5.2% under the Indian technology.
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subsidizing search for high-productivity firms can generate significant aggregate productiv-

ity gains. Conversely, policies that subsidize search in an untargeted manner or those that

subsidize search for low-productivity firms can lead to significant losses in productivity.

Finally, we study the role of the level of search costs, ξ. In Appendix B.2, we show that the

elasticity of final output with respect to the level of search costs depends only on labor share,

α, elasticity of substitution, σ, and curvature of search costs, ζ (holding all other parameters

fixed); and is decreasing in all three. When ζ is greater, search efforts are less elastic and

so respond less to changes in the level of search costs. When α is greater, intermediates are

less important in production. As a result, gains from variety generated by reductions in the

level of search costs matter less for final output. Finally, when σ is higher, the change in

final output is lower due to lower gains from variety. Under our baseline calibration, a 10%

reduction in the level of search costs leads to a 0.9% increase in aggregate productivity.

6 Conclusion

We study the role of firm-to-firm matching in shaping firm dynamics and aggregate produc-

tivity. Using transaction-level data from a large Indian state, we document lifecycle patterns

of customer and supplier networks. The patterns support a theory of firm dynamics in which

firms grow through matching with trading partners. Motivated by these patterns, we de-

velop a model of endogenous network formation where heterogeneous firms slowly match with

partners over time using a random search technology. Firms in the decentralized equilibrium

search inefficiently due to standard search externalities. This inefficiency turns out to be

central for understanding how search technology shapes aggregate productivity. Calibrating

the model to the Indian data, we find that most of the gains from technology improvement

come from improvement in allocative efficiency, rather than in technical efficiency.
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A Empirical Appendix

A.1 Bias of Coefficients under Endogenous Mobility

In our baseline specification, we project log expenditure share onto supplier and customer

fixed effects in order to estimate firm output prices and input costs:

ei,j,h,t = ψi,h,t + ϕj,h,t + εi,j,h,t

For the estimates of ψi,h,t and ϕj,h,t to be unbiased, we require Assumption 2, which imposes:

E
[
s⊺i,h,tε

]
= 0 ∀i, h, t; E

[
d⊺j,h,tε

]
= 0 ∀j, h, t ,

where S =
[
s1,1,1, ..., sNs,h̄Ns ,t̄Ns

]
is the (N ×Ns) seller fixed effect design matrix;

D =
[
d1,1,1, ..., dNc,h̄Nc ,t̄Nc

]
is the (N×Nc) customer fixed effect design matrix; ε is the (N×1)

vector of match-specific shifters; Ns is the number of supplier-HSN-year tuples; Ns is the

number of customer-HSN-year tuples; and N is the total number of observations.

Assumption 2 states that for each seller i, the average match-specific effect is zero within

hsn-period (h, t); and that for each buyer j, the average match-specific effect is zero within

hsn-period (h, t). Assumption 2 is referred to as the “exogenous mobility” assumption in

the labor literature (Abowd et al., 1999; Card et al., 2013). It requires that the assignment

of customers to suppliers is exogenous with respect to match-specific effects, εi,j,h,t.

In the case that Assumption 2 is violated, our estimated output prices and input costs

understate the true differences in these objects between young and old firms.

Suppose customers take into account both price pi,h,t, and match-specific shifter, εi,j,h,t, when

matching with a supplier. In this case, customers match with suppliers that have low prices

or those for whom they have high match-specific shifters. As a result, while suppliers with

low prices will match with customers fairly independently of match-specific shifters, suppliers

with high prices will only match when the match-specific shifter is sufficiently high. As a

result, our OLS estimates of supplier prices will be biased downward for high-price suppliers.

Thus, our estimated differences between low-price and high-price suppliers will understate

the true differences.

On the other hand, suppose suppliers take into account both input cost, cj,h,t, and match-

specific shifter, εi,j,h,t, when matching with a customer. In this case, suppliers match with cus-

tomers that have high input-costs or those for whom they have high match-specific shifters.

As a result, while customers with high input costs will match with suppliers fairly inde-
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pendently of match-specific shifters, customers with low input costs will only match when

the match-specific shifter is sufficiently high. As a result, our OLS estimates of input costs

will be biased upward for customers with low input costs. Thus, our estimated differences

between low input cost and high input cost customers will understate the true differences.

—

A.2 Variation in Unit Values

In this section, we study variation in unit values. The waybills which comprise our trans-

action data also have entries for units15 and quantities. This information is not required by

the tax authority, so it is sometimes missing in the waybills.

Let Ri,j,hsn,u,y,m denote the value of sales between supplier i and customer j within HSN

hsn and unit unit in year y and month m. Let Qi,j,hsn,unit,y,m denote the corresponding

quantity of good shipped. Different from our main analysis, here we let HSN hsn refer to an

8-digit category. As we are interested in understanding the extent to which suppliers charge

different prices for the same product, we study variation at the most granular product level

available to us. This comes at the cost of losing 60% of our sample, as the Tax Authority

only requires reporting up to the 4-digit level.

Define the log unit value supplier i charges customer j in an HSN-unit-year-month as:

pi,j,hsn,unit,y,m ≡ log

(
Ri,j,hsn,unit,y,m

Qi,j,hsn,unit,y,m

)
As we are interested in studying variation in unit values within product, we compute partial

R2 of various “full” models relative to a “reduced” model specified in Equation 14.16 The

reduced model includes only product-unit-year-month effects:

pi,j,hsn,unit,y,m = χhsn,unit,y,m + εi,j,hsn,unit,y,m (14)

In the “full” models, we also include supplier-HSN-unit-year-month fixed effects, ψi,hsn,unit,y,m,

and covariates, Xi,j,hsn,unit,y,m:

pi,j,hsn,unit,y,m = ψi,hsn,unit,y,m + βXi,j,hsn,unit,y,m + χhsn,unit,y,m + εi,j,hsn,unit,y,m (15)

15Examples of units include “boxes”, “kilograms”, and “bales”.
16Partial R2 is defined as 1− SSEfull

SSEreduced
where SSEfull and SSEreduced are the sum of squared residuals

of the full and reduced model, respectively. The partial R2 gives the proportion of variation explained by
the full model that cannot be explained by the reduced model.
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In Table 4, we display the partial R2 from the reduced models. The first row displays the

partial R2 when Equation 15 includes only supplier fixed effects. We find that supplier

fixed effects alone explain roughly 3/4 of the variation within hsn, unit, y,m. In other

words, variation within suppliers across customers plays a small role in explaining the total

variation in unit values. We take this as support for our assumption in the paper that firms

charge the same price to all of their customers. In the second row, we show that including

buyer-state-seller-state effects slightly improves the variation explained by the specification.

We also test specifications motivated by alternative theories of pricing. In the third row,

motivated by models in which sellers offer nonlinear pricing schedules to customers, we

show results from a specification which includes log quantity in addition to seller effects and

buyer-state-seller-state effects. In line with the literature, we find that firms offer quantity

discounts. We find an estimate of β̂ = −0.12, implying that a 8% higher quantity is associ-

ated with a 1% lower unit value. However, the variation explained by the specification rises

only slightly.

Finally, in the fourth row, motivated by models in which sellers with higher market shares

charge higher markups (e.g. Kimball (1995), Atkeson and Burstein (2008)), we include log

bilateral market share.17 We find a slightly positive coefficient β̂ = 0.003, implying that a

10% increase in bilateral market share is associated with a 0.03% increase in unit value. The

specification including bilateral market share does not perform better than the specification

including only seller and location fixed effects.

Table 4: Explaining Variation in Unit Values

Specification Partial R2 Observations
ψi,hsn,unit,y,m 0.77 2,674,395

ψi,hsn,unit,y,m + ιloc(i),loc(j),hsn,unit,y,m 0.78 2,674,395

ψi,hsn,unit,y,m + βqi,j,hsn,unit,y,m + ιloc(i),loc(j),hsn,unit,y,m 0.80 2,674,395

ψi,hsn,unit,y,m + βei,j,hsn,unit,y,m + ιloc(i),loc(j),hsn,unit,y,m 0.78 2,674,395

Note: We display partial R2 of various specifications relative to the reduced model specified in Equation 14.

17We define bilateral market share, ei,j,hsn,unit,y,m, as the share of HSN hsn expenditure in period y,m
which customer j spends on supplier i.
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A.3 Evidence of Matching Frictions

In this section, we provide reduced-form evidence of matching frictions in firm-to-firm trade.

Identifying matching frictions from observational data alone is generally difficult, as one does

not observe which firms are in need of new partners. We overcome this challenge by relying

on plausibly exogenous variation generated by Covid-19 lockdown restrictions introduced in

India, as in Khanna et al. (2022).

In March of 2020, in response to the growing Covid-19 pandemic, the Indian government

unexpectedly introduced district-specific lockdown restrictions. Districts were classified into

one of three categories: Red, Orange, Green. Red districts faced the most stringent restric-

tions, with rickshaws, taxis, and public transport remaining shut. Orange districts faced

fewer restrictions, with taxi operation being allowed as well as inter-district movement for

permitted activities. Green districts faced the least stringent restrictions, which, in addition

to the activities permitted in Orange districts, also allowed for operation of buses at 50%

capacity.

Firms with partners located in more restricted districts experienced greater rates of separa-

tion. Following separation, these firms were plausibly in need of new partners. We utilize

this plausibly exogenous variation in the need for new trading partners to identify the ex-

tent of matching frictions. If matching frictions are negligible, we should observe that more

exposed firms quickly recovered to comparable firms that were less exposed. On the other

hand, in the case that matching frictions are significant, more exposed firms should only

slowly recover.

Formally, we test the extent of matching frictions in the following manner. We first define an

index to measure a firm’s exposure to lockdown restrictions. As there are only three ordinal

categories for restrictions, we assign district l’s restriction stringency as:

R̃(l) =


1 if l is a Green District

2 if l is an Orange District

3 if l is a Red District

We then define firm i’s downstream exposure in HSN h as the sales-weighted average of its

customers’ lockdown stringency:

Rdown
i,h =

∑
j∈Hi,h

ωdown
i,j,h R̃(l(j))
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where Hi,h denotes firm i’s set of customers in the year preceding the lockdown (April 2019-

March 2020), and ωi,j,h denotes the share of customer j in firm i’s HSN h sales during this

period.

Similarly, we define firm i’s upstream exposure in HSN h as the expenditure-weighted average

of its suppliers’ lockdown stringency:

Rup
i,h =

∑
j∈Gi,h

ωup
i,j,hR̃(l(j))

where Gi,h denotes firm i’s set of suppliers in the year preceding the lockdown, and ωi,j,h

denotes the share of supplier j in firm i’s HSN h expenditure.

Given our lockdown exposure measures, we estimate the following regression specifications,

first for downstream outcomes:

ydown
i,h,t =

t0+4∑
t=t0−3, ̸=t0

γdown
(t−t0)

sRdown
i,h + αdown

i,h + δdown
i,t + χdown

l(i),h,t + εdown
i,h,t , (16)

and then for upstream outcomes:

yupi,h,t =

t0+4∑
t=t0−3, ̸=t0

γup(t−t0)
Rup

i,h + αup
i,h + δupi,t + χup

l(i),h,t + εupi,h,t (17)

Here, t refers to a quarter, and the omitted period, t0, is the quarter in which the lockdown

policies were announced (Q1 of 2020). Our coefficients of interest, γs, estimate differences

in outcome, y, due to differential exposure to lockdown restrictions; after controlling for

firm-HSN level differences, αi,h, firm-level shocks, δi,t, and HSN-district shocks, χl(i),h,t.

In Figure 12, we plot our estimated coefficient of interest, γdown
s , taking the log number of

customers as the outcome variable. In Figure 13, we plot our estimated coefficient of interest,

γups , taking the log number of suppliers as the outcome variable. Immediately following the

imposition of restrictions, firm-products with greater exposure experienced large declines in

their number of partners. Moreover, these declines in number of partners were persistent.

Even four quarters after the imposition of lockdown restrictions, firm-products with one unit

higher exposure (e.g., Green to Orange, or Orange to Red) had 10% fewer customers and

4% fewer suppliers. Our findings imply that matching frictions are indeed significant in this

context. Importantly, we also do not detect any meaningful pre-trends in the lead up to

the shock, supporting our identifying assumption that lockdown exposure was exogenous to

unobserved trends in firm outcomes.
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Figure 12: Covid Restrictions: Number of Customers

Note: We plot estimates of γx from Equation 16, taking the log number of customers as the outcome variable.
Standard errors are clustered at the district level.

Figure 13: Covid Restrictions: Number of Suppliers

Note: We plot estimates of γx from Equation 17, taking the log number of suppliers as the outcome variable.
Standard errors are clustered at the district level.
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B Theoretical Appendix

B.1 Solution Algorithm

In this section, I describe our solution algorithm. A stationary equilibrium is a solution to

6 systems of equations. Equations 18 and 19 are fixed points in payoff-relevant attributes

of firms. Payoff-relevant attributes depend on the structure of the network, as seen through

{Hz,a} and {Gz,a} entering these equations. Equations 20 and 21 are the first order optimality

conditions of customer search effort u(z, a) and supplier search effort v(z, a). Optimal search

efforts of a (z, a) firm depend on its own payoff-relevant attributes, c(z, a) and s(z, a), and

those of other firms, c(z′, a′) and s(z′, a′). Equations 22 and 23 are laws of motion for

customer and supplier networks implied by the search technology. They depend on the

optimal search efforts of firms u(z, a) and v(z, a).

s(z, a) =

(
µc(z, a)1−α

zP

)1−σ

E +

∫
Z,A

(
µc(z, a)1−α

zc(z′, a′)

)1−σ
1− α

µ
s(z′, a′)Hz,a(z

′, a′) (18)

c(z, a) =

(∫
Z,A

(
µc(z′, a′)1−α

z′

)1−σ

Gz,a(z
′, a′)

)1/(1−σ)

(19)

µ− 1

µ

∞∑
τ=0

∑
z′,a′

((1− δ)β)τ
(
µc(z, a+ τ)1−α

zc(z′, a′ + τ)

)1−σ
1− α

µ
s(z′, a′ + τ)

M (U ,V)
U

v(z′, a′)n(z′, a′)

V
=

∂φh(u(z, a))

∂u
(20)

µ− 1

µ

∞∑
τ=0

∑
z′,a′

((1− δ)β)τ
(
µc(z′, a′ + τ)1−α

z′c(z, a+ τ)

)1−σ

(1− α)s(z, a+ τ)
M (U ,V)

V
u(z′, a′)n(z′, a′)

U
=

∂φg(v(z, a))

∂v
(21)

Hz,a(z
′, a′) = u(z, a)

M (U ,V)
U

v(z′, a′)n(z′, a′)

V
+ (1− δ)Hz,a−1(z

′, a′ − 1) (22)

Gz,a(z
′, a′) = v(z, a)

M (U ,V)
V

u(z′, a′)n(z′, a′)

U
+ (1− δ)Gz,a−1(z

′, a′ − 1) (23)

B.2 How does the level of search costs affect equilibrium objects?

In this section, we discuss how the level of search costs, ξ, affects equilibrium objects. Propo-

sition 1 states that changing the level parameter from ξ0 to ξ1 uniformly scales equilibrium
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search efforts of firms by a factor
(

ξ1
ξ0

)−1/ζ

. As a result, the equilibrium sales, input costs,

number of customers, and number of suppliers all scale by constant factors. However, as all

firms scale by the same factor, there are no changes in patterns across the lifecycle nor across

the cross-section of firms. In our calibration, we will use the level parameter to normalize

the equilibrium to a given level, understanding that we can use Proposition 1 to calculate

how the level of equilibrium objects would differ for alternative values of ξ.

Proposition 1 Suppose search policies in an equilibrium with search cost φ0(x) =
ξ0
ζ
xζ are

given by:

u(z,H−1, G−1), v(z,H−1, G−1)

In an equilibrium with cost function φ1(x) =
ξ1
ζ
xζ (holding all other parameters fixed), equi-

librium search policies are given given by:(
ξ1
ξ0

)−1/ζ

u(z,H−1, G−1),

(
ξ1
ξ0

)−1/ζ

v(z,H−1, G−1)

As a corollary of Proposition 1, we derive an expression that relates differences in ξ to

differences in aggregate output.

Corollary 1 Suppose final output in an equilibrium with search cost φ0(x) =
ξ0
ζ
xζ is given

by Y0. Final output in an equilibrium with search cost φ1(x) = ξ1
ζ
xζ (holding all other

parameters fixed) is given by:

Y1
Y0

=

(
ξ1
ξ0

)− 1−α
ζα(σ−1)

Corollary 1 states that the elasticity of final output with respect to the level of search

costs (holding all other parameters fixed) depends on only the labor share α, elasticity of

substitution σ, and curvature of search costs ζ; and is decreasing in all three. When ζ is

greater, search efforts are less elastic and so respond less to changes in the level of search

costs. When α is greater, intermediates are less important in production. As a result, gains

from variety generated by changes in ξ matter less for final output. Finally, when σ is higher,

the change in final output is lower due to lowers gains from variety.

B.3 Constrained Inefficiency

In this section, we study the normative properties of our environment. We find that the

decentralized equilibrium is inefficient as firms fail to internalize vertical externalities and

search externalities. First, we describe the problem of a planner who chooses production
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choices for firms, taking the production network as given. Next, we describe the full problem

of a planner who chooses both production and search choices for firms, imposing that the

planner must use the same search technology as firms in the decentralized economy. Proceed-

ing in this manner helps distinguish inefficiencies that arise from production choices versus

search choices. We find that inefficient production and search choices generate quantitatively

large aggregate losses.

B.3.1 Efficiency of Fixed Network Equilibrium

We first study the problem of a planner who chooses production choices for firms, taking

the production network as given. The “fixed network” can be described as a collection of

customer and supplier sets {Hz,a, Gz,a}z,a. The problem of the planner is to choose con-

sumption of varieties, νf (z, a), labor input of firms, l(z, a), and intermediate inputs of firms,

ν(z, a, z′, a′), to maximize aggregate consumption. Here, ν(z, a, z′, a′), denotes the quantity

of a (z′, a′) variety a (z, a) firm uses. The planner’s choices are subject to firm output and

aggregate labor constraints.

max
νf ,l,ν

(∑
z,a

νf (z, a)
σ−1
σ n(z, a)

) σ
σ−1

s.t. νf (z, a) +
∑
z′,a′

ν(z′, a′, z, a)Hz,a(z
′, a′) ≤ y(z, a) ∀z, a

∑
l(z, a)n(z, a) ≤ L

y(z, a) = κzl(z, a)α

∑
z′,a′

ν(z, a, z′, a′)(σ−1)/σGz,a(z
′, a′)


σ(1−α)
σ−1

{Hz,a, Gz,a}z,a Exogenously Given

The first constraint imposes that the sum of final consumption of a variety and usage of

it by other firms in production must be less than the output of that variety. The second

constraint imposes that aggregate labor input must be less than aggregate labor supply.

We find that the decentralized choices for consumption and labor input match the planner’s

choices, however intermediate input usage does not. In Equation 24, we express the de-

centralized firm’s input demand. In Equation 25, we express the choice which satisfies the

planner’s first order condition.

ν(z, a, z′, a′) =

(
µc(z′, a′)1−α

z′

)−σ

c(z, a)σ−11− α

µ
s(z, a) (24)
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ν(z, a, z′, a′) = µσ

(
µc(z′, a′)1−α

z′

)−σ

c(z, a)σ−11− α

µ
s(z, a) (25)

Comparing the planner’s choice to the decentralized choice, we see that the two diverge.

Firms in the decentralized equilibrium underutilize intermediate inputs relative to the plan-

ner’s allocation. The reason for this inefficiency is that firms fail to internalize a “vertical

externality” and set prices inefficiently high (double marginalization). The price a supplier

charges its customer affects the marginal cost and so the profits of the customer. Similarly,

the price the customer charges its own customers affects demand for its variety, which in

turn, affects its demand for inputs and so the profits of the supplier. As both customer and

supplier in the decentralized equilibrium choose prices to maximize private profits rather

than joint profits, they set prices too high and use too little intermediate input relative to

the planner’s solution.

It is useful to compare the setting here to a similar setting that lacks intermediate input

usage. Suppose firms still sell to the household, but no longer sell to other firms (nor use

intermediate inputs). If labor supply is inelastic, then this modified setting is efficient. Con-

stant markups preclude distortions between firms. The inelasticity of labor supply precludes

underutilization of labor. In contrast, in the fixed network setting, firms underproduce due

to the underutilization of intermediate inputs. The point is that market power is not enough

in this setting to generate inefficiency. This inefficiency requires both market power and

intermediation chains.

B.3.2 Efficiency of Endogenous Network Equilibrium

We next study the efficiency of an endogenous network equilibrium. As in the fixed net-

work problem, the planner chooses consumption of varieties νf (z, a), labor input l(z, a),

and intermediate inputs ν(z, a, z′, a′), to maximize aggregate consumption. In addition, the

planner also chooses customer search effort u(z, a), and supplier search effort v(z, a). The

production network then arises out of the same search technology available to decentral-

ized firms. Again, we can describe the network as a collection of customer and supplier

sets {Hz,a, Gz,a}z,a. However, here, these sets are endogenous objects which arise out of the

planner’s search efforts.

max
νf ,l,ν,u,v

(∑
z,a

νf (z, a)
σ−1
σ n(z, a)

) σ
σ−1
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νf (z, a) +
∑
z′,a′

νz′,a′(z, a)Hz,a(z
′, a′) ≤ y(z, a) ∀z, a

∑
z,a

l(z, a)n(z, a) +
∑
z,a

φh(u(z, a))n(z, a) +
∑
z,a

φg(v(z, a))n(z, a) ≤ L

y(z, a) = κzl(z, a)α

(∑
z′,a′

ν(z, a, z′, a′)(σ−1)/σGz,a(z
′, a′)

)σ(1−α)
σ−1

Hz,a(z
′, a′) = u(z, a)

M (U ,V)
U

v(z′, a′)n(z′, a′)

V
+ (1− δ)Hz,a−1(z

′, a′ − 1) ∀z, a, z′, a′

Gz,a(z
′, a′) = v(z, a)

M (U ,V)
V

u(z′, a′)n(z′, a′)

U
+ (1− δ)Gz,a−1(z

′, a′ − 1) ∀z, a, z′, a′

The first constraint imposes that the sum of the final consumption of a variety and its usage

by other firms in production must be less than the output of that variety. The second

constraint imposes that aggregate labor input must be less than aggregate labor supply.

Different from the fixed network problem, however, here aggregate labor input is the sum

of labor used for production and labor used for search. The third constraint is just the

production function of the firm. The last two constraints impose that the planner uses the

same search technology as firms in the decentralized equilibrium.

The planner’s first order conditions with respect to consumption, labor input, and interme-

diate input usage are identical to the fixed network problem, so we omit further discussion,

and instead focus on the first order conditions with respect to customer and supplier search.

Let λ(z, a) denote the shadow value of a (z, a) variety and W denote the shadow wage. The

planner’s choice for customer search effort u(ẑ, â) is given by:

∑
z,a

∞∑
s=0

(1−δ)s
(
λ(z, a+ s)

∂y(z, a+ s)

∂Gz,a+s(ẑ, â+ s)
v(z, a)n(ẑ, â)− λ(ẑ, â+ s)ν(z, a+ s, ẑ, â+ s)v(z, a)n(z, a)

)
M (U ,V)

UV

+
∂M(U,V)

U
∂u(ẑ, â)

1
M(U,V)

U

[Γ1 − Γ2] =W
∂φh(u(ẑ, â))

∂u(ẑ, â)
n(ẑ, â)

Γ1 =
∑
z,a

∑
z′,a′

λ(z, a)
∂y(z, a)

∂Gz,a(z′, a′)
Gz,a(z

′, a′)

Γ2 =
∑
z,a

∑
z′,a′

λ(z, a)ν(z′, a′, z, a)Hz,a(z
′, a′)

The first term on the left is the marginal surplus generated by a (ẑ, â) firm connecting with

more customers. This term is equal to the increase in customers’ output due to adding a
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(ẑ, â) supplier, multiplied by the value of that output, minus the value of (ẑ, â) output used

in production by the customers. The second term on the left is the marginal effect firm (ẑ, â)

has on all other matches through congestion in the matching function. The planner equates

the sum of these two terms to the marginal cost of search, which is the term on the right.

The planner’s choice for supplier search effort v(ẑ, â) is given by:

∑
z,a

∞∑
s=0

(1−δ)s
(
λ(ẑ, â+ s)

∂y(ẑ, â+ s)

∂Gẑ,â+s(z, a+ s)
u(z, a)n(z, a)− λ(z, a+ s)ν(ẑ, â+ s, z, a+ s)u(z, a)n(ẑ, â)

)
M (U ,V)

UV

+
∂M(U,V)

V
∂v(ẑ, â)

1
M(U,V)

V

[Γ1 − Γ2] =W
∂φg(v(ẑ, â))

∂v(ẑ, â)
n(ẑ, â)

The first term on the left is the marginal surplus generated by a firm (ẑ, â) connecting with

more suppliers. This term is equal to the increase in firm (ẑ, â)’s output due to adding sup-

pliers, multiplied by the value of that output, minus the value of the additional intermediate

inputs firm (ẑ,â) now uses. The second term on the left is the marginal effect firm (ẑ, â) has

on all matches through congestion in the matching function. The planner equates the sum

of these two terms to the marginal cost of search, which is the term on the right.

The decentralized firm’s optimal customer search effort satisfies Equation 26. In Equation

27, we express the search effort which satisfies the planner’s first order condition.

µ− 1

µ

∞∑
τ=0

∑
z′,a′

((1−δ)β)τ
(
µc(z, a+ τ)1−α

zc(z′, a′ + τ)

)1−σ
1− α

µ
s(z′, a′+τ)

M (U ,V)
U

v(z′, a′)n(z′, a′)

V
=
∂φh(u)

∂u
(26)

µ2 − 1

µ

∑
z′,a′

∞∑
τ=0

((1− δ)β)τ
(
µc(z, a+ τ)1−α

zc(z′, a′ + τ)

)1−σ
1− α

µ
s(z′, a′ + τ)

M (U ,V)
U

v(z′, a′)n(z′, a′)

V

+
∂M(U,V)

U
∂u

1
M(U,V)

U

P
µ
[Γ1 − Γ2] =

∂φh(u)

∂u
(27)

The decentralized firm’s optimal supplier search effort satisfies Equation 28. In Equation 29,

we express the search effort that satisfies the planner’s first order condition.

µ− 1

µ

∞∑
τ=0

∑
z′,a′

((1−δ)β)τ
(
µc(z′, a′ + τ)1−α

z′c(z, a+ τ)

)1−σ

(1−α)s(z, a+τ)M (U ,V)
V

u(z′, a′)n(z′, a′)

U
=
∂φg(v)

∂v
(28)
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µ2 − 1

µ2

∑
z′,a′

∞∑
τ=0

((1− δ)β)τ
(
µc(z′, a′ + τ)1−α

z′c(z, a+ τ)

)1−σ

(1− α)s(z, a+ τ)
M (U ,V)

V
u(z′, a′)n(z′, a′)

U

+
∂M(U,V)

V
∂V

1
M(U,V)

V

P
µ
[Γ1 − Γ2] =

∂φg(v)

∂v
(29)

Firms search inefficiently as they fail to internalize search externalities. First, when a firm

exerts more search effort, it generates more matches, which creates a surplus for both the firm

and the partners it matches with. While firms internalize their private surplus, they do not

internalize the surplus generated for partners. The planner, on the other hand, internalizes

joint surplus. This externality appears in the first term on the left when comparing Equations

26 and 27, and when comparing Equations 28 and 29. This externality has been termed

the “thickness” and “composition” externalities in the search literature, and the “match

creation” externality in some of the endogenous network literature.

Second, the planner internalizes congestion externalities, which arise through the matching

function. This is the second term on the left in Equations 27 and 29. The planner un-

derstands that a (z, a) firm’s customer search effort affects matching probabilities for other

firms searching for customers, and takes this into account when choosing search effort for

the firm. Similarly, the planner understands that a (z, a) firm’s supplier search effort affects

matching probabilities for other firms searching for suppliers, and takes this into account

when choosing search effort for the firm.

In the case the two externalities exactly offset for all firms in the decentralized economy, the

decentralized search efforts are efficient. However, under the decentralized surplus-splitting

rule (i.e. constant markups), this is not possible and search effort is inefficient.
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