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1 Introduction

The empirical international trade literature has documented several stylized facts that shed light
on the role that heterogeneous firms play in shaping prices and flows of goods across borders.
Bernard et al. (2003) and Bernard et al. (2012) document that exporters constitute a minority
of producing plants but they enjoy a large productivity and size advantage over non-exporters.
De Loecker and Warzynski (2012) show that more productive firms, and especially exporters,
extract higher mark-ups than less productive ones, while Simonovska (2015) finds that a typical
exporter enjoys higher mark-ups in richer over poorer destinations. Finally, Arkolakis (2010)
and Mrazova et al. (2015) highlight that the size distribution of firms includes a Pareto right
tail and the existence of many small exporters. Reconciling these facts proves to be important
for the quantification of gains from trade as derived in Arkolakis et al. (2017).

We outline a theoretical framework that can reconcile these facts, both qualitatively and
quantitatively. In particular, we analyze a general equilibrium model of international trade
that features monopolistically competitive heterogeneous firms and identical consumers whose
preferences are represented by a generalized CES (GCES) utility function—Dixit-Stiglitz utility
with displaced origin. According to the model, the marginal utility that each consumer derives
from positive consumption is bounded, which implies the existence of a choke price above
which demand is zero. Hence, only firms with sufficiently high productivity draws that offer
their products at prices below the choke price survive in a given market, and the marginal
firm realizes zero sales. Within a market, firms charge variable markups, but the markup of
the most productive firms is bounded above by the familiar Dixit-Stiglitz markup. Iceberg
trade barriers raise the cost to serve foreign markets, which implies that a subset of productive
firms constitute the set of exporters. These firms enjoy an advantage in sales and measured
value added over non-exporters, while constituting a minority when trade barriers are high.
In turn, for the majority of exporters, high trade barriers erode foreign relative to domestic
sales. Finally, consumers that reside in countries characterized by higher income levels are less
responsive to price changes than those that live in poorer ones, so firms optimally price identical
products higher in more affluent markets.

Having reconciled theory and fact, we examine the ability of the model to quantitatively
account for the observations in the data. Under the assumption that firm productivities are
Pareto distributed, the framework falls within the class of models investigated in Arkolakis
et al. (2017) (ACDR); therefore, it is easily quantifiable.1 We rely on the model’s predicted
gravity equation of trade as well as bilateral trade-flow data for 66 countries to uncover all, but
two of, the parameters necessary to simulate moments at the firm level. The two key remaining

1We are indebted to Andres Rodriguez-Clare for pointing this out to us.
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parameters constitute the Pareto shape parameter and the utility curvature parameter. We
identify these parameters by matching moments from the sales and markup distributions for
the universe of Chilean domestic and exporting firms.

The fact that the model falls within the non-homothetic class of models studied in ACDR is
important because the same key model parameters that drive welfare are those that ensure the
quantitative fit of the model to cross-sectional data. Yet, the nature of our quantitative exercise
is different than ACDR’s. While ACDR compare welfare gains from trade between homothetic
and non-homothetic models for a given identical trade elasticity and given aggregate trade data,
we parameterize our non-homothetic model so as to reconcile aggregate trade observations as
well as sales and markup distributions observed in the data. The ACDR welfare results rely
on two structural parameters: the shape parameter of the productivity distribution and the
revenue-weighted average elasticity of markups with respect to marginal costs. Since the sales
and markup distributions contain information about these two parameters, we argue that our
model’s ability to match moments from these distributions is essential for quantifying welfare
and running counterfactuals. We do not calculate the welfare gains from trade – the formula is
derived in ACDR – but instead we estimate the parameters necessary to compute the gains from
a counterfactual reduction in the domestic consumption share and we examine the implications
of these estimates for a number of micro- and macro-level moments in cross-country data.2

We find that the GCES model performs very well with respect to both micro and macro
data; hence, it represents a plausible quantitative framework that can be used to study the
welfare gains from trade in the presence of pro-competitive effects. While the framework’s
aggregate outcomes are easily quantifiable, the model does not yield analytical representa-
tions of firm-level variables. We provide an algorithm to take this model to the data that
requires minimal computational costs. A natural question, however, is whether existing non-
homothetic frameworks that share key qualitative predictions with the GCES model represent
equally plausible alternatives. In particular, Melitz and Ottaviano (2008) (MO), Behrens et al.
(2014) (BMMS), and Simonovska (2015) (SIM) offer frameworks that share the supply-side
structure of the GCES model but rely on different utility functions.3 Therefore, when framed
in a multi-country general equilibrium setting, these models are qualitatively in line with the
price discrimination facts described above. If, in addition, the MO model is parameterized
appropriately, the three models satisfy the assumption of separable preferences so that the
choke prices in all the models are proportional to the one generated by the GCES.4 Hence, for

2Dhingra and Morrow (2018) and Weinberger (2017) examine the welfare consequences of variable markups
and incomplete pass-through in similar frameworks.

3Feenstra andWeinstein (2017) also examine firm-level price variation in a monopolistically competitive world
that features heterogeneous firms; however, the authors rely on translog preferences, which are homothetic.

4In the MO model, the parameter denoted by η must be set to zero. For completeness, we also examine
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a given Pareto shape parameter value, all models—existing as well as GCES—yield identical
productivity cutoffs and macro aggregates.

Given a unique set of gravity variables and choke price that can be computed for all the
models, we show that the three existing models cannot jointly account for the observed mo-
ments in the sales and markup distributions, unlike the flexible GCES model. We demonstrate
theoretically that, in general equilibrium with free entry and under the assumption that firm
productivity is Pareto distributed, a single parameter, the Pareto shape parameter, governs the
sales and markup distributions in the three existing non-homothetic models. In those models,
markups are unbounded which limits the sales of superstar firms. Alternatively, in the GCES,
the markups of the largest firms approach a constant determined by the demand curvature
parameter. Consequently, the existing models cannot reconcile observed behavior of the largest
firms and yield different predictions about price dispersion and ultimately quantitative measures
of welfare than the GCES model. In particular, when the models attempt to match the hetero-
geneity in sales and markup data, the resulting Pareto shape parameter and revenue-weighted
markup elasticity are mismeasured, which highlights the need for a flexible parameterization
such as the GCES.5

With the above discussion in mind, a natural question arises: why focus the analysis on
these particular moments in the data? First, the cross-section of sales and markups have con-
stituted core moments traditionally examined by the quantitative trade literature of micro-level
heterogeneity (see Bernard et al. (2003), Arkolakis (2010), and Behrens et al. (2014) among
others). Second, a unification of the two distributions has proven elusive. CES frameworks are
successful on the sales side, but do not generate price discrimination. In this paper, we demon-
strate that existing non-homothetic frameworks that are consistent with firm pricing behavior
cannot generate the very large sales of the most productive firms seen in data.6 Finally, as ar-
gued above, moments from these distributions directly speak to the key parameters that govern
welfare in a non-homothetic model (see ACDR).7 Nonetheless, for robustness: i) we evaluate
the performance of the GCES along a number of other dimensions in the data; ii) in order to
provide meaningful comparisons to the literature that estimates trade elasticities, we explore
an alternative estimation that relies on micro-level price data similar in spirit to Simonovska

MO’s general non-separable case qualitatively and quantitatively.
5Feenstra (2018) examines the role that the upper bound of the Pareto distribution for productivity plays

in governing welfare in a large class of models. In results available upon request, we find that incorporating a
bounded Pareto into all the models examined in this paper further restricts the predicted sales heterogeneity.

6On this front, Mrazova et al. (2015) also attempt to bridge markup and sales distributions, though their
paper does not explore a quantitative exercise to evaluate the performance along other dimensions.

7Our estimation procedure identifies the parameters necessary to compute local welfare gains. We discuss
an extension that could recover additional parameters needed to compute global gains. It should be noted,
however, that ACDR compute both for the GCES model and find that they are quantitatively very similar.
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and Waugh (2014b), but modified accordingly to account for non-homothetic preferences.
Focusing on additional moments in the data for a cross-section of firms, we evaluate several

predictions of the model. Using parameters estimated to match moments from the sales and
markup distributions, the revenue-weighted pass-through of costs to markups is between 0.4 and
0.48, within the range documented by De Loecker and Warzynski (2012) and De Loecker et al.
(2016). Further, the model yields average markups between 13 and 26 percent – consistent with
the markups we find in Chile. Focusing on exporters, as documented by Simonovska (2015),
there is a positive relationship between prices of tradable goods and destination per-capita
income, although our estimated elasticity of price with respect to income is higher than the
one reported in the data.8 Relatedly, the minority of firms are exporters and the majority
of these exporters sell mostly domestically, although we do not match the percent of firms
that export due to our simple gravity-based trade-barrier estimation strategy which relies on
bilateral trade data only. We outline estimation strategies that could match the number of
exporters, but require additional data that we do not have access to. Finally, we compare
our benchmark estimation results that target distributional moments to an alternative strategy
that relies only on micro-level price data to match the trade elasticity. This yields an estimate
for the Pareto shape parameter that is similar to our benchmark as well as to results found in
the trade-elasticity literature, notably in Simonovska and Waugh (2014b).

Overall, the GCES model fits the data better than existing non-homothetic frameworks.
In the GCES model, sales follow a Pareto distribution in the right tail, and there exist a
large number of very small (in fact infinitesimally so) firms as in the data. We also outline
shortcomings that apply to the use of a Pareto distribution in the quantitative analysis. For
a given Pareto shape parameter, the model matches one important moment from the sales
distribution–the ratio of average domestic sales of exporters relative to non-exporters. To
simultaneously target multiple moments of the empirical sales distribution, we conduct an over-
identified estimation that further targets the ratio of sales for firms in the upper percentiles
relative to firms in lower percentiles. The strategy yields a larger productivity dispersion and
a higher substitution parameter relative to the exactly-identified benchmark. It under-predicts
the size advantage of the firms in the 90th relative to the 10th percentile, but over-predicts the
size advantage of exporters over non-exporters.9 The short-comings exemplified by this exercise
motivate an avenue for future research: to explore non-homothetic demand along with more
flexible productivity distributions.

We contribute to a large and important literature that emphasizes the role that heteroge-
8It is difficult to compare the estimates quantitatively because we compute the average elasticity for all

Chilean exporters while Simonovska (2015) documents an estimate for one large Spanish exporter (Mango). In
our model, large firms price discriminate less, which is consistent with Mango’s lower magnitude.

9Still, a test for over-identifying restrictions does not reject the null that the model is valid.

4



neous firms play in shaping international prices and trade flows. Most notably, to reconcile the
documented facts about US exporters, BEJK develop a model in which suppliers with hetero-
geneous productivities compete within and across countries à la Bertrand and sell to consumers
with homothetic (CES) preferences. A key prediction of the model is that, on average, more
efficient suppliers have greater cost advantage over their rivals, set higher mark-ups, sell more
and enjoy higher measured productivity.10 The models examined in the present paper are
distinct from theirs in that consumer preferences are assumed to be non-homothetic and the
market structure is monopolistically competitive. These two features allow us to derive testable
predictions about individual firms’ price discrimination practices within and across countries.

Finally, our paper relates to a large literature that quantitatively examines the role of het-
erogeneous firms in the global economy. Most notably, the workhorse model by Melitz (2003),
parameterized as in Chaney (2008), features firms with heterogeneous productivity levels that
incur fixed domestic and (in addition) export market access costs, thus accounting for the size
and productivity advantage of exporters over non-exporters. Dispensing with Melitz’s (2003)
fixed market access cost formulation and incorporating into the model Arkolakis’s (2010) ad-
vertising technology that allows firms to reach only a fraction of consumers in each market
enables the framework to rationalize the co-existence of few exporters with exporters’ tiny sales
per export market. In addition, recent studies such as Bas et al. (2017), Sager and Timoshenko
(2017), and Fernandes et al. (2017) examine more flexible productivity distributions to ratio-
nalize observed export sales moments. The unifying feature of these models is the assumption
that consumer preferences are of the homothetic (CES) form. The formulation makes the mod-
els tractable, but it yields the theoretical prediction that firms charge identical prices across
different destinations, net of trade costs. However, Waugh (2010) relies on the gravity equation
of trade predicted by a large class of models, including the ones described above, and shows
that, if trade costs are estimated from bilateral trade data, they are, at best, uncorrelated with
destination income. This implies that the models yield no systematic link between a coun-
try’s level of development and prices of tradables, which is at odds with the data. In contrast,
the GCES model rationalizes the existence of small exporters via non-homothetic preferences,
which also yield predictions about the cross-section of prices that are in line with data.

We organize the remainder of the paper as follows. We outline the supply side of the
economy in Section 2. In that section, we also outline the GCES model and go on to derive
important predictions in line with the current heterogeneous-firm literature. We compare these
to the existing non-homothetic models in Section 3. We describe the solution algorithm for the
GCES model and we generate moments for estimation in Section 4. In Section 5 we quantify

10Notably, deBlas and Russ (2015) and Edmond et al. (2015) generalize the BEJK model and derive richer
predictions about aggregate pass-through and welfare.
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the GCES model and analyze the fit to micro and macro data. We conclude in Section 6.

2 Generalized CES Model

In this section we outline the generalized CES (GCES) model. We begin by describing the
market structure, which the model shares with existing models that we summarize in Section 3.

2.1 Framework

The environment is static. Goods are differentiated by the producers’ identity and by the
country of origin. I countries are engaged in trade of final goods, where I is finite. Let i
represent an exporter and j an importer, that is, i is the source country, while j is the destination
country. In every country, i, there exists a pool of potential entrants who pay a one time cost,
fe > 0, which is common across countries. Since labor is the only factor of production, the fixed
cost is paid in units of labor. Each entrant gets a single draw from a distribution, Gi(φ), with

support [bi,∞). We assume that Gi(φ) = 1 −
(
bi
φ

)θ
, so that dGi(φ) = θ(bi)

θ

φθ+1 . Therefore, the
productivity distribution is Pareto with shape parameter θ and lower bound bi, which governs
average productivity in i. We denote Ji as the measure of entrants in market i. Only a subset of
these entrants have positive demand in market j. Thus, a subset of entrants immediately exit
and, in equilibrium, the expected profit of an entrant is zero. Hence, aggregate profit rebates
to each consumer are also zero. We assume that each consumer has a unit labor endowment
which, when supplied (inelastically) to the local labor market, earns a wage rate of wi; hence,
per-capita income in country i necessarily equals wi.

The production function of a monopolistically-competitive firm with productivity draw φ is
x(φ) = φl, where l is the amount of labor used toward the production of final output. Moreover,
each firm from country i wishing to sell to destination j faces an iceberg transportation cost
incurred in terms of labor units, τij ≥ 1, with τii = 1(∀i). For a firm with productivity draw φ,
we define the marginal cost to produce in country i and ship to country j by cij =

wiτij
φ

. Then,
the cdf of firms from i who can deliver their good to j at a unit cost below c is:

µij(c) =

(
c

ĉij

)θ
, where ĉij =

wiτij
bi

. (1)

We show below that there exists a good produced by a firm from country i with cost draw c̄ij

whose demand is zero in market j and the firm producing it earns zero profits from its sale.
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Then the subset Nij of entrants from i whose cost is below the threshold c̄ij is:

Nij = Jiµij(c̄ij). (2)

The total measure of goods consumed in j is the sum across sources that sell to it: Nj =∑I
i=1Nij.
We maintain the above assumptions throughout the remainder of the paper. In Section 3

we explore the role that utility parameterizations as in the SIM, (separable) MO, and BMMS
models play in governing cutoff costs as well as mark-up and sales distributions of firms. In
Appendix F we repeat the analysis for the non-separable/flexible MO model. Below, we outline
the GCES model.

2.2 Consumer and Firm Problems

The GCES utility function corresponds to a Dixit-Stiglitz utility function with a displaced
origin. One special case of it is the CES utility function found in Melitz (2003). Another special
case of it was introduced into a heterogeneous-firm model of international trade by Simonovska
(2015) (SIM). Relative to the SIM specification, the GCES utility function features an extra
parameter that governs the curvature of the utility function and therefore the elasticity of
substitution across goods. Specifically, the utility function is:

U c =

(∫
ω∈Ω

(qc(ω) + q̄)
σ−1
σ dω

) σ
σ−1

, (3)

where q (ω) is individual consumption of good ω, Ω is a compact set containing all potentially
produced goods, q̄ > 0 is a constant, and σ ≥ 1 governs curvature. Notice that a monotonic
transformation of the utility function is possible such that U(0) = 0.11 Finally, the sign of q̄ is
important. If it is equal to 0, our utility function becomes the ubiquitous CES and preferences
are homothetic. A negative q̄ implies that the demand elasticity increases with sales, and
therefore more productive firms have lower markups. Conversely, our assumption of q̄ > 0 will
imply that more productive (and larger) firms have larger markups.12

The preference relation described above is non-homothetic. Moreover, the marginal utility
from consuming a good is bounded from above at any level of consumption. Hence, a consumer

11For qc(ω) = 0, u =
(
q̄
σ−1
σ

) σ
σ−1

. Since these are all parameters, a monotonic transformation such that
u(0) = 0 is possible by just subtracting from the utility function the value of those parameters. For example,
we could examine the following utility function: U c =

(∫
ω∈Ω

(qc(ω) + q̄)
σ−1
σ − q̄ σ−1

σ

)
dω.

12This is supported by much of the empirical literature (e.g. De Loecker and Warzynski (2012), Berman et al.
(2012), and others), and consistent with Marshall’s “Second Law of Demand.”
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does not have positive demand for all goods as there exists a choke price such that demand is
zero for all goods whose prices exceed it.

It can be shown that demand for a good ω originating in i that is consumed in a positive
amount in j is:

qij(ω) = Lj

(
(wj + q̄Pj)(pij(ω))−σ

P 1−σ
jσ

− q̄

)
(4)

where pij(ω) is the good’s price, and Pj =
∑I

i=1

∫
ω∈Ωij

pij(ω)dω and P 1−σ
jσ =

∑I
i=1

∫
ω∈Ωij

(pij(ω))1−σdω

are aggregate price statistics.
Relabeling each good by the productivity of its supplier and substituting for the demand

function using expression (4), the profit maximization problem of a firm with cost draw cij is:

πij(cij) = max
pij≥0

(pij − cij)Lj

(
(wj + q̄Pj)(pij)

−σ

P 1−σ
jσ

− q̄

)
(5)

The total profits of the firm are simply the summation of profits flowing from all destinations
it sells its good to:

πi(ci1, ..., ciI) =
I∑
j=1

πij(cij).

From (5), notice that there exists a good produced by a firm with cost draw c̄ij whose demand is
zero in market j and whose price equals the choke price in that destination. The firm producing
this good earns zero profits from its sale. This cutoff cost is the maximum cost that enables
firms to serve market j:

qij(c̄ij) = 0

⇐⇒ (c̄ij)
σ =

wj + q̄Pj

q̄P 1−σ
jσ

(6)

Since the RHS of (6) is entirely determined by the market conditions of the destination j, it
must be that c̄ij = c̄jj ≡ c̄j, ∀i 6= j.

Each firm takes as given the aggregate price statistics and wages. Taking FOCs of (5) and
using expression (6) yields the following implicit equation that characterizes the unique optimal
price that a firm charges for a good supplied in a positive amount:

(1− σ)pij + σcij = pσ+1
ij (c̄j)

−σ (7)
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Furthermore, the quantity of a good sold and a firm’s sales are:

xij (cij) = Lj q̄

[(
c̄j

pij(cij)

)σ
− 1

]
(8)

rij (cij) = pij (cij)xij (cij) = Lj q̄
[
(c̄j)

σ (pij(cij))
1−σ − pij(cij)

]
(9)

By restricting the domain of (7) to cij ∈ [0, c̄j], notice that a firm with cost cij → 0 will charge
a price pij(cij)→ 0, which is the only non-negative price that satisfies the FOC for σ > 1. Any
firm with a higher cost draw will charge a higher price. Finally, the firm with a cost draw c̄j

charges a price that equals its marginal cost, a solution that satisfies (7) and yields zero profits.
For any cij ∈ [0, c̄j], the RHS of (7) is increasing and convex in pij while the LHS is linear
and decreasing. For each cij ∈ [0, c̄j] there exists a unique pij ∈ [0, c̄j], which characterizes the
unique real number that constitutes the optimal price that a firm charges.

A few key predictions of the model follow. There is incomplete pass-through of costs onto
prices. Using the implicit function theorem in expression (7), it follows that dpij/dcij > 0, so
high cost firms charge higher prices. However, price rises by less than proportionally with cost.
To see this, define the mark-up as mij = pij/cij and use the implicit function theorem once
again to find the sign for dmij/dcij. In Appendix A we show that the range for mark-ups is
[1, σ/(σ − 1)], and that in this range dmij/dcij < 0.

Notice that the upper bound on mark-ups is the Dixit-Stiglitz markup found in the Melitz
(2003) model, which also has implications for the shape of the sales distribution of the largest
firms. This is in contrast to the implications that follow from imposing the restriction that
σ = 1, which corresponds to the SIM model. In that case, expression (7) above yields a closed-
form solution for individual firm prices and a prediction that the most productive firm charges
an infinite mark-up. The upper bound on mark-ups in the GCES model, together with the fact
that sales are unbounded above (see expression (9)), has the following implications: the most
productive firm can only have infinite sales if it demands infinite labor. Because this would bid
up the wage to infinity, only measure zero of firms can attain this outcome. As shown in the next
subsection, sales of the largest firms reflect those of a model with CES demand. In contrast,
firms will not demand infinite labor in the σ = 1 model. There can be many such firms— which
bounds above differences in sizes between exporters and non-exporters. In Section 3 we discuss
why this limitation, which is shared by other existing non-homothetic models, is an important
aspect of our analysis.
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2.3 Equilibrium

To derive aggregate predictions, we follow the insights by Arkolakis et al. (2017) (ACDR) and
we define a new variable at the firm level: tij ≡ pij

c̄j
. This strategy will yield very tractable

aggregate equilibrium objects, which will greatly simplify the analysis. To start, we rewrite the
implicit function that characterizes optimal prices as:

(1− σ)tij − tσ+1
ij = −σ

(
cij
c̄j

)
(10)

To solve the model in general equilibrium, we characterize average profits of firms from country
i, total sales from a source i in destination j, and the aggregate price statistics (details of the
derivation can be found in Appendix A):

πi =
I∑

υ=1

∫ c̄υ

0

πiυ(c)dµiυ(c) =
I∑

υ=1

c̄υ

(
c̄υ
ĉiυ

)θ
Lυ q̄θ

σθ+1

(
1

σ − 1

)1−θ

β1 (11)

Tij =

∫ c̄j

0

Jirij(c)dµij(c) = Jic̄j

(
c̄j
ĉij

)θ
Lj q̄θ

σθ

(
1

σ − 1

)1−θ

β2 (12)

Pj =
I∑

υ=1

∫ c̄j

0

Jυpυj(c)dµυj(c) =
I∑

υ=1

Jυ
c̄θ+1
j bθυ

(τυjwυ)
θ
βP (13)

P 1−σ
jσ =

I∑
υ=1

∫ c̄j

0

pυj(c)
1−σdµυj(c) =

I∑
υ=1

Jυ
c̄j
θ+1−σbθυ

(τυjwυ)
θ
βσP (14)

where β1, β2, βP and βσP are constants that depend on θ and σ, and πiυ(c) denotes the profit
of a firm with cost draw c from country i in destination υ and is characterized in expression
(38) in Appendix A. The change of variables was an essential step that allowed us to arrive at
the closed-form solutions for the integrals above as it changed the range of integration to be
independent of the destination country, and in particular equal to [0, 1].

Next, we use the aggregates above to characterize equilibrium wages and cost cutoffs. The
free-entry (FE) and income-spending (IS) conditions pin down the measure of entrants:

wife = πi (15)

wiLi =
I∑

υ=1

Tυi (16)

Specifically, plugging (11) and (12) into (15) and (16) yields the measure of entrants: Ji =

βELi/fe, where βE is a constant (see Appendix A). To solve for wages, we first impose the
income-spending equality (via trade balance), which yields the following characterization for
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trade shares:

λij =
Tij∑I
υ=1 Tυj

=
Li (wiτij/bi)

−θ∑I
υ=1 Lυ (wυτυj/bυ)

−θ (17)

We then combine market clearing with the expression for trade shares to obtain the following
implicit solution for wages:

Liwi =
I∑
j=1

Ljwjλij (18)

⇐⇒ wθ+1
i

bθi
=

I∑
j=1

(
wjLj

τ θij
∑I

υ=1 Lυb
θ
υ (wυτυj)

−θ

)
(19)

Lastly, substituting aggregate objects into the cutoff costs yields:

c̄j =
[
(βσP − βP )βE q̄f

−1
e

]− 1
θ+1

 wj∑I
υ=1

Lυbθυ
(τυjwυ)θ

 1
θ+1

. (20)

2.4 Model Predictions

2.4.1 Sales Distribution

A key feature of the GCES model that differentiates it from existing frameworks with directly
additive non-homothetic preferences is its prediction about the shape of the distribution of
firm sales. There is no closed form solution of the sales distribution, but an important aspect
is that the sales of the largest firms asymptote to the sales in the model that features CES
preferences. This feature yields a sales distribution with a Pareto right tail, consistent with
empirical observations made in Mrazova et al. (2015).

To examine the behavior of the very large firms, combine Equations (8) and (9) to write

sales as rij (cij) =
(
xij(cij)

Lj q̄
+ 1
)−1/σ

c̄jxij (cij). 13 Then, in the limit sales are CES:

lim
x→∞

pij (cij)xij (cij) = lim
x→∞

c̄jxij (cij)
σ−1
σ

(
1

xij (cij)
+

1

Lj q̄

)−1/σ

∝ xij (cij)
σ−1
σ (21)

Thus, the distribution of sales will be Pareto in the tail as long as productivity is distributed

13rij (cij) = mij (cij)mij (cij)
−1
(
xij(cij)
Lj q̄

+ 1
)−1/σ

c̄jxij (cij) using the fact that c
c̄ = m−1

(
x
Lq̄ + 1

)−1/σ

.

11



Pareto (Mrazova et al. (2015)).14 We will show in the next section that existing directly additive
non-homothetic models cannot reconcile this behavior.

The GCES model also has the attractive feature of replicating the existence of small firms
found in census data, a fact established by Arkolakis (2010).15 Although this feature is an im-
provement relative to the Melitz-Chaney framework, it is also a feature of other non-homothetic
models since those also rely on a bounded marginal utility. For that reason we do not stress
this point in the quantitative analysis but do stress that it should be a part of quantitative
exercises that rely on assumptions about the firm sales distribution.

2.4.2 Distribution of Markups

Next, we investigate the distribution of markups in the GCES model.16 The markup of a firm
from i in destination j relative to the average markup in j is expressed as: m̃ (vij) =

mij(cij)

m̄ij(c̄ij)
,

where vij ≡ cij/c̄j and m̄ij(c̄ij) ≡
∫ c̄ij
0 mijdµij(cij)

µ(c̄j)
. Given the definition of dµij(cij), the latter

becomes:

m̄ij(c̄ij) =
θ

σθ−1

∫ 1

0

[
tσ+1
ij + (σ − 1)tij

]θ−2 [
(σ + 1)tσ+1

ij + (σ − 1)tij
]
dtij. (22)

The mean markup reduces to a constant that is a function of two main parameters, θ and σ,
which we rewrite as m̄ij(c̄ij) = βM(θ, σ).

We use the distribution for normalized markups, Pr[M̃ ≥ m̃|M̃ ≥ m̃min] = 1 − F (m̃) =

(vij)
θ, where m̃min is the markup of the firm with a cost equal to the cutoff and F is the

distribution of m̃, to get a closed form solution of the distribution of normalized markups:

FGCES(m̃) = 1−

[(
1

m̃

)θ (
βM(θ, σ)

(1− σ)βM(θ, σ) + σm̃−1

)−θ
σ
(

1

βM(θ, σ)

)θ]
(23)

2.4.3 Pass-through Elasticity

An advantage of the model analyzed in this paper is that it fits within the class of models studied
by Arkolakis et al. (2017) (ACDR). We can therefore refer to their (local) welfare results which
show that gains from a reduction in domestic expenditure share are governed by the Pareto
shape parameter and the weighted average markup elasticity with respect to marginal cost (or

14This is consistent with our findings in the Chilean firm-level data that we describe below.
15That framework is successful at explaining the behavior of small and large firms as has been documented

in firm-level datasets. Our model allows us to capture the observed sales heterogeneity, but the two frameworks
differ in their predictions regarding the distribution of markups.

16Markups are defined as the price to cost ratio: mij ≡ pij
cij

.
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one minus the price-cost pass through elasticity).17 With variable markups, a reduction in trade
costs allows foreign firms to raise the markups due to incomplete pass-through and this lowers
the gains from trade relative to the case where markups are constant. The magnitude of this
latter effect depends on a revenue-weighted average markup elasticity with respect to marginal
costs.

To solve for this elasticity in the GCES model, we write markups as the implicit solution
to the following function:

H(mij, vij) = (1− σ)mij + σ −mσ+1
ij vσij.

The implicit function theorem implies that dmij
dvij

=
σmσ+1

ij vσ−1
ij

(1−σ)−(σ+1)mσijv
σ
ij
. The Pareto assumption

guarantees that markup elasticities do not depend on the source country. Following ACDR, we
compute the expenditure-weighted average of the markup elasticity:

ρ =

∫ 1

0

[
σ

(σ+1)+(σ−1)m−σv−σ

]
mv [m−σv−σ − 1] vθ−1dv∫ 1

0
mv [m−σv−σ − 1] vθ−1dv

=

∫ 1

0

[
σ−σm(v)+m(v)
σ−σm(v)+m(v)+1

]
r(v)dµ(v)∫ 1

0
r(v)dµ(v)

. (24)

The predictions imply that there is a relationship between the model’s implications for the
sales and the markup distribution. The behavior of the very large firms allows us to capture
the finite number of “superstar” firms observed in various datasets. This is possible due to the
upper bound on markups, which implies a smaller pass-through elasticity in the GCES model
compared to the other directly additive models where the largest firms have infinite markups.
The reason why these predictions are important is that they will contain information about the
Pareto shape parameter and the revenue-weighted markup elasticity, the two parameters that
govern the local welfare gains from a reduction in the domestic consumption share (Arkolakis
et al. (2017)). In the quantification, we take moments from these two distributions to identify
the Pareto shape parameter and revenue-weighted trade elasticity.

2.4.4 Income Per Capita and Prices

A key prediction of the model is that prices of tradable goods are higher in richer destinations,
as documented by Alessandria and Kaboski (2011) . In fact, a major feature of variable markup
models is that they can explain a large portion of the variation in the prices of identical tradable
goods (see the discussion in Simonovska (2015)). To see this, apply the implicit function
theorem to expression (7) to verify that dpij/dc̄j > 0. Furthermore, differentiating the cutoff

17We can set their β parameter, which represents the difference between the total price elasticity and cross-
price elasticity, equal to 0 in the additively separable cases.
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in expression (20) with respect to the destination’s per-capita income, wj, yields a positive
elasticity. Combining the two elasticities, as verified in Appendix A.3, implies that the price of
each good is increasing in the per-capita income of the destination.

Different firms, however, price discriminate to different degrees. In order to compare the
quantitative performance of the model to existing frameworks, it is useful to derive moments
from the distribution of price-income elasticities. We compute the average price-income elas-
ticity of all exporters from source country i, which we denote by ε∗p−w. This is all relegated to
Appendix A.3 because these expressions are very cumbersome. In summary, for a given σ and
θ, the average can be computed using simulated firms as described in Section 4. In Section 5 we
use the calibrated parameters and we compute the average elasticity of tradable goods’ prices
with income. We compare this result with the findings in Simonovska (2015) who uses prices
of one company (Mango) that exports to a variety of destinations.18

2.5 Discussion

The predictions above suggest that our framework can be used to reconcile important facts
about firm heterogeneity. With respect to firm sales, there is a left tail in the distribution, while
the right tail reflects the success that CES frameworks have had in replicating the behavior of
the largest firms. Our model can also generate markups that increase with firm size, existence
of incomplete pass-through, and firm price discrimination on the basis of consumer income.
ACDR show that reconciling these facts is crucial: the size of the welfare gains from trade
depend on the productivity dispersion, the ability of firms to pass through cost advantages
onto markups, and the sales weights of firms. Therefore, to quantify the gains from trade, the
structural parameters should be disciplined in a way that the model matches moments from
the sales and markup distributions. This motivates the moments from the data that we target
in our estimation in Section 4.

3 Existing Non-homothetic Models

In order to evaluate the contribution of the GCES model to the literature, we discuss key pre-
dictions from widely-used models that feature non-homothetic preferences: Simonovska (2015)
(SIM), Behrens et al. (2014) (BMMS), and the separable-preference case of Melitz and Ot-
taviano (2008) (MO).19 We derive predictions within the general framework developed at the

18In the quantitative section, we document different moments for Chilean firms. However, we cannot calculate
this elasticity for Chilean exporters since we do not have the necessary customs data.

19This corresponds to the quadratic utility in MO with η = 0. For completeness, we solve the general case
where η > 0 in Appendix F.
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outset of the paper for comparability. When framed as such, the models fit within the ACDR
class of a strong CES import demand system with a finite choke price. Hence, the predicted
welfare gains can also be quantified by invoking theoretical results from ACDR.

In general equilibrium, the existing models, alongside the generalized one, yield non-constant
demand elasticity along two dimensions. First, in a given destination, firms face heterogeneous
demand elasticities and therefore charge different markups depending on their productivity. In
particular, the models predict that more productive firms enjoy higher mark-ups relative to
less productive ones, as documented in De Loecker and Warzynski (2012). Markup differences
directly translate into differences in value added, measured productivity, and sales across firms.20

Second, for a given firm, there is markup variation across destination markets because a firm
faces different consumer willingness to pay. Therefore, these models produce an empirically-
relevant non-degenerate markup distribution and predict that firms engage in price discrimina-
tion across markets with different characteristics. The models’ prediction of price discrimination
is key because it represents a plausible explanation for the observation that tradable consump-
tion goods are more expensive in countries with higher per-capita income levels, as documented
in Alessandria and Kaboski (2011). The distinctive feature of these models is that preferences
are non-homothetic. In particular, the reservation price is higher in richer markets reflecting
higher willingness to pay. Demand elasticities directly reflect this reservation price and drive
firms’ pricing behavior. In richer countries, firms face lower demand elasticities, which allows
them to raise their price-cost margin.

In the remainder of this section, we derive the predictions regarding the mark-up and sales
distribution in the SIM, MO, and BMMS models and we demonstrate the limitations of these
frameworks along this particular dimension. To do that, we first present the utility specification
for each model while keeping the same supply environment as in Section 2. In each case, we
solve for the cost cutoffs, firm prices, markups and sales in Appendices B-D. In Appendix G,
we explore quantitative properties of the three separable non-homothetic models as well as of
the non-separable MO model with η > 0.

Simonovska (2015)—SIM Assume each country is populated by identical consumers of
measure L, whose utility is:

U c =

∫
ω∈Ω

log(qc(ω) + q̄)dω (25)

20Recently, ACDR point to these moments, but the authors perform a separate quantification exercise. In
addition, BMMS examine the measured-productivity moment in their model.
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where qc (ω) is individual consumption of good ω, Ω is a compact set, and q̄ > 0 is a constant
common across countries. Notice that this is a special case of the GCES model in Section 2,
which occurs when σ → 1. Below we show that this particular parameterization yields very
different predictions regarding the sales behavior of large firms compared to the GCES model
where σ > 1.

Melitz and Ottaviano (2008) with η = 0—MO The framework builds on Melitz and
Ottaviano (2008) and, in particular, on the extension to general equilibrium that is outlined
in the Web Appendix of Simonovska (2015). Additionally, we let η = 0, which makes the
preference class separable. Assume that each country is populated by identical consumers of
measure L, whose utility function is:

U c =

∫
ω∈Ω

qc(ω)dω − 1

2
γ

∫
ω∈Ω

(qc(ω))2 dω,

where γ > 0 governs the degree of product differentiation between the varieties.

Behrens et al. (2014)—BMMS Behrens et al. (2014) assume that each country is popu-
lated by identical consumers of measure L, whose utility function is:

U c =

∫
ω∈Ω

[
1− e−αqc(ω)

]
dω

where α > 0 governs the degree of “love of variety.” We will follow Behrens et al. (2014) in
order to derive closed form solutions of aggregates that involve the Lambert function (shown
in Footnote 22 below).

3.1 Sales and Markup Distributions

In each of the three models above, the cost cutoff is proportional to the one for the GCES
model summarized in expression (20), differentiated only by the parameters in the first part of
Equation (20). We derive the cost cutoffs for the three models, respectively, in Appendices B-D.
For a given cutoff, we compare the sales and markup distributions of each existing model to
the GCES explored in Section 2.4.

In order to suppress country-specific scale differences, for any model M , we examine the
(normalized) sales of a firm from country i in destination j, relative to the average sales there,
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r̄Mij =
∫ c̄Mj

0 rMij (c)dµij(c)/µ(c̄Mj ):21

r̃M
(
cij
c̄Mj

)
=
rMij (cij)

r̄Mij (c̄Mj )

The normalized firm-level sales for the three models are:

r̃SIM
(

cij
c̄SIMj

)
= (1 + 2θ)

(
1−

(
cij
c̄SIMj

) 1
2

)
if 0 ≤ cij

c̄SIMj

≤ 1 (26)

r̃MO

(
cij
c̄MO
j

)
=
θ + 2

2

(
1−

(
cij
c̄MO
j

)2
)

if 0 ≤ cij
c̄MO
j

≤ 1 (27)

r̃BMMS

(
cij

c̄BMMS
j

)
=

1

κ1(θ)

eW
(

cij

c̄BMMS
j

e

)
−1

−
(

cij
c̄BMMS
j

) if 0 ≤ cij
c̄BMMS
j

≤ 1, (28)

where κ1(θ) = θe−(θ+1)
∫ 1

0
(z−1 − z)(zez)θezdz is a positive constant that depends only on θ.22

Notice that in all three cases, sales are increasing, concave in firm productivity (inverse of cost),
and bounded from above.23 Furthermore, the normalized firm-level sales are once again neither
source nor destination specific since cost draws relative to cutoffs, cij/c̄Mj , lie between 0 and 1.
For this reason there are no country subscripts on the normalized firm sales.

Using these expressions for normalized sales, we derive the distributions of (normalized)
firm sales following the steps from Eaton et al. (2011). The distribution is Pr[R̃ ≥ r̃|R̃ ≥
r̃min] = 1 − FM(r̃) =

(
cij
c̄Mj

)θ
, where r̃min is the normalized sales of the cutoff firm and FM is

the distribution of r̃ in model M . Therefore, for each model we can derive the distribution of
normalized sales as:

F SIM(r̃) = 1−
[
1− r̃

2θ + 1

]2θ

FMO(r̃) = 1−
[
1− 2r̃

θ + 2

] θ
2

FBMMS(r̃) = 1−

[
(r̃κ1(θ))θ

(
1

W ([1− FBMMS(r̃)]1/θe)
− 1

)−θ]
,

21rMij (c) are model-specific firm revenues. For the SIM, MO, and BMMS models they are given respectively
by equations (48), (54), and (59) in Appendices B-D.

22To understand κ1(θ), define the following change of variables: z ≡ W
(

cii
c̄BMMSi

e
)
⇒ cii

c̄BMMSi
e = zez. W

denotes the Lambert W function with argument
(

cij
c̄BMMSj

e
)
and c̄BMMS

j is the cost cutoff for this model, which
we derive in detail in Appendix D.

23In each model, cij = c̄Mj yields zero sales and cij → 0 yields positive but finite sales.

17



where the last expression constitutes an implicit function. Notice that these distributions are
a function solely of the parameter θ. Although there is no closed form solution for the BMMS
distribution, it is evident that it is implicitly defined as a function of θ. We demonstrate next
that the same is true for the markup distributions in these models.

As we did for sales, let m̃
(
cij
c̄Mj

)
be the markup relative to the mean markup, m̄M

ij =∫ c̄Mj
0 mM

ij (c)dµij(c)/µ(c̄Mj ). The closed form solutions for the mean markups are shown in Ap-
pendix E. We point out here that in all three cases markups are unbounded. This is related to
the point about bounded sales: since markups approach infinity as the cost approaches zero,
then the sales of these zero cost firms are finite. Finally, for each model we can derive the
distribution of normalized markups:

ΓSIM(m̃) = 1−
(
θ − 0.5

θm̃

)−2θ

ΓMO(m̃) = 1−
[

2θ − 1

θ − 1
m̃− 1

]−θ
ΓBMMS(m̃) = 1−

[
eW([1−ΓBMMS(m̃)]1/θe)−1

(
1

m̃

)(
1

κ1(θ)

)]θ
.

As is apparent, the distributions of markups are also governed by θ in all three models.
The two sets of distributions derived above demonstrate the limitations of the existing models.
An important advantage of the GCES model is the flexibility to jointly reconcile the sales and
markup behavior in the data.24 Limiting the sales distribution implies that the sales-weighted
average of the elasticity of markups with respect to costs (ρ) in the restrictive cases must be
pinned down by θ as well (see Appendix E). Therefore, the lack of flexibility has implications
for the estimation of the trade elasticity and the revenue-weighted markup elasticity with respect
to costs, which are necessary to compute the welfare gains from trade presented in Arkolakis
et al. (2017).25

4 Solution Algorithm

This section describes our solution algorithm to conduct a quantitative analysis of the GCES
model. A similar exercise can be done for the existing models in the literature, but given

24Recently Bertoletti et al. (2018) present a heterogeneous-firm model of trade where consumer preferences are
indirectly additive (IA)—a distinct class of non-homothetic preferences from the directly additive class studied
here. The IA framework also has the flexibility to reconcile the markup and sales advantage of exporters over
non-exporters. However, it does not match well the behavior of the largest firms. A desirable feature of GCES
is that sales asymptote to CES for the largest firms, thus matching the data well.

25We discuss the non-separable version of the MO model, namely the case in which η > 0, in Appendix F.
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that only the GCES has the flexibility to match moments from both the markup and the sales
distribution, we restrict the analysis to this model.26

In order to derive quantitative cross-sectional and aggregate predictions, we need to solve
the model via simulation. Relative to the existing literature, we aim to match key moments on
firm sales and markups, which we document using Chilean firm-level data. Although we use
the gravity framework and workforce data to compute wages and cost cutoffs for every country
(relative to a numeraire), the moments in the model that pin down the remaining parameters
are created using simulated firms. In other words, for a guess of the parameters, we simulate
firm-level outcomes and attempt to reproduce moments from the sales and markup distributions
in the data. The continuum of firms in the model is discretized, which means that the number
of simulated draws has to be large enough so as to best approximate the entire continuum. In
principle, the numerical algorithm is cumbersome as it involves a large number of firms and
countries. However, if we follow insights by Eaton et al. (2011) and relabel firm-level indicators
from costs into “inherent efficiency”, we can simulate the latter from a parameter-free uniform
distribution only once and re-use them throughout the entire quantitative analysis.

For all countries i = 1, ..., I, we derive predictions for all firms that operate in equilibrium;
namely, firms with costs cii ∈ [0, c̄i]. In the presence of trade costs, all exporters are a subset
of these firms. Using (20), given wages, trade costs, and labor force, we compute all cutoffs
relative to a numeraire. We proceed as follows. We draw 3,000,000 realizations of the uniform
distribution on the [0, 1] domain, U ∼ [0, 1], we order them in increasing order, and find the
maximum realization, denoted by umax. Define s = u

umax
. Then, we let cii = s

1
θ c̄i. We thus

have 3 million firms in each country, with only the cutoffs being specific to each country.

Notice that cii ∈ [0, c̄i] by construction, and it has a pdf of dµii(cii) = θcθ−1
ii

(
bi
wi

)θ
; yet the

normalization allows us to utilize all draws in the subsequent analysis. Multiplying each cii by
the appropriate trade cost yields the cost to serve each market. Comparing the cost (inclusive
of trade costs) to the cost cutoff for each source-destination pair determines the set of exporters
to every destination. Notice that the number of exporters and the number of destinations those
exporters can reach vary across origins.

4.1 From Model to Data

To simulate predictions from the model, we need (i) values for the following parameters Θ ≡
(θ, σ, {Li}i=1,...,I−1 , {τij}i,j=1,...,I) and (ii) values for the endogenous objects, most notably wages
and cost cutoffs ({wi, c̄i}i=1,...,I−1). We normalize labor Li relative to a numeraire country.
Similarly, we compute wages and cost cutoffs relative to a numeraire country.

26In the Online Appendix, we conduct a full quantitative analysis of all these models along with the GCES.
Appendices B-D do describe how to quantify the other models and Appendix G discusses the general conclusions.
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To reduce the computational burden, we leverage equation (17) to solve for all endogenous
objects for any guess of the parameters. Since trade shares yield a standard log-linear gravity
equation, we first specify a parametric functional form that relates bilateral trade barriers to
country-pair-specific characteristics, and we estimate the coefficients that govern the function
directly from bilateral trade data, up to a constant, θ. Specifically, motivated by Waugh (2010),
we assume a functional form for bilateral trade costs:

log(τij) = α + exi + γhdh + γdlog(dist)ij + γt log(tdij) + γgcepiiij

where α is a constant, exi is an exporter-specific fixed effect, dh is an indicator that takes
on the value of one if trade is internal (i = j), dist is the distance between country pairs,
tdij is the time zone difference between country pairs, and cepiiij is a matrix that contains
vectors of indicator variables that capture country-pair-specific characteristics collected from
CEPII including: shared border, language (official), language (ethnic), common colony, colony
in 1945, legal system, currency, free trade agreements, hegemony of origin/destination over the
trade partner. We substitute this functional form for trade costs into the gravity equation, we
take logs, and we estimate the coefficients via OLS. In particular, we estimate the following:
log
(
λij
λjj

)
= Φj − Φi − θ log(τij), with Φi ≡ log(Li(wi/bi)

−θ) ∀i recovered from country-specific
fixed effects.27 We normalize all trade costs relative to their domestic counterparts so that
τii = 1 (∀i).

Without specifying a value for θ, all trade costs (in logs) are scaled by θ. We take these
trade costs as well as estimated country-specific coefficients and we recover implied trade shares:
log
(
λ̂ij

λ̂jj

)
= Φ̂j − Φ̂i − θ log(τ̂ij). To recover the wages, we substitute estimated trade shares

into (18) and we use data for Li.28 All Li are computed relative to a numeraire country; hence,
the wage rate for that country is set to unity. Finally, we back out cost cutoffs from expression
(20), where again these are relative to a numeraire. Notice that the summation terms in the
cost cutoffs (modulo proportionality factor), as defined in equation (20), can be rewritten in
terms of the gravity objects, Φi, only.

Given estimates of Φi, data on labor force, and estimated wages, we could back out the
technology parameters bi with the definition of Φi = log(Li(wi/bi)

−θ). For each guess of θ, the

technology parameters would satisfy b̂i =
(

exp(Φ̂i)
Li

)1/θ

ŵi, where ŵi is the equilibrium wage
rate computed above. At this step, a value for θ would be needed, which would suggest
that the vector of technology parameters would have to be jointly estimated with the key
parameters, θ and σ. However, given our strategy to identify these two key parameters from

27See Simonovska and Waugh (2014a) for a discussion regarding the separate identification of Φi and exi.
28An alternative strategy is to use per-capita income directly from the data. Quantitative results obtained

using this method are very similar and they are available upon request from the authors.
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moments that relate to Chilean exporters and non-exporters, the technology parameters are
not necessary. Moreover, given the predictions of the model that we are interested in, the
technology parameters need not be computed. It is for this reason that these parameters were
not included in the set of parameters described at the outset of this section.

To summarize, the first step in our estimation will be to calculate bilateral (asymmetric)
trade costs, scaled by any θ, and recover the implied trade shares. The second step will be the
computation of wages from market clearing, predicted trade shares, and labor force data. This
allows us to also characterize cost cutoffs relative to a benchmark country, which renders the
scale of the cutoffs irrelevant. From (20), notice that:

Ψj =
c̄j
c̄i

=

 ŵj/ŵi∑I
υ=1 exp(Φ̂υ)(τ̂υi)−θ∑I
υ=1 exp(Φ̂υ)(τ̂υj)−θ

 1
θ+1

. (29)

The denominator is recovered completely from gravity, while wages are recovered from (18).
Then, c̄j = Ψj c̄Chile.29 The third and final step will be to simulate firms, and use these firms to
create moments that identify σ and θ. Although each moment could be constructed for any of
the countries that appear in the bilateral trade data, we only have access to firm-level Chilean
data, so we choose to compare the moments in the model to moments for Chilean firms. Thus,
the moments from the sales and markup distribution that are detailed below are computed only
for i = Chile.

4.1.1 Identifying θ and σ

To identify these two parameters, we begin with an exactly-identified calibration exercise and
we engage in over-identified exercises for robustness. We focus on moments from the sales
and markup distribution because they directly speak to the key parameters of interest. First,
we derive the following two moments from the model that we perfectly match in the Chilean
data: 1) measured markup advantage of exporters over non-exporters (in logs) and 2) domestic
sales advantage of exporters over non-exporters. These are equivalent to the two key moments
described in BEJK, since the markup in our model with no intermediate inputs is equal to the
value added per worker. However, i in our case should be interpreted as Chile, as we are only
trying to match the behavior of Chilean firms. For robustness, in an over-identified strategy,
we add moments from the sales and markup distribution of firms at different percentile levels.
In particular, we use the following percentile ratios: 99-90, 90-10, and 90-50.

29An important implication is that the parameter that characterizes the gains from variety (q̄) will also cancel
out and is essentially governed by gravity variables.
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Markup Advantage. To derive the first moment, we begin by deriving value added per
worker as in BEJK. The value added for each s from i is:

vai(s) =
I∑

υ=1

δiυ(s)piυ(s)xiυ (s)

=
I∑

υ=1

δiυ(s)c̄υLυ q̄(t
1−σ
iυ (s)− tiυ(s))

where δiυ(s) is an indicator that takes on the value of one if firm s from i sells in market υ and
tiυ is the change of variables introduced earlier. There are no intermediate goods in this model,
so only labor is used for production. Therefore, the value added is the same as the revenue for
each s.
Employment of the same s is

empi(s) =
I∑

υ=1

δiυ(s)
τiυxiυ (s) ciυ(s)

τiυwiυ

=
I∑

υ=1

δiυ(s)c̄υLυ q̄
tσ+1
iυ (s) + (σ − 1)tiυ(s)

σ

t−σiυ (s)− 1

wi

Notice that due to the iceberg transportation cost τiυ, a firm must produce τiυxiυ so that xiυ
units reach the consumer. With no intermediate goods, variations in markups are the same as
variations in measured productivity, where measured productivity of s is the ratio of the two
objects,

mpi(s) = log

(
vai(s)

empi(s)

)
It remains to compute the average measured productivity for exporters and non-exporters. To
separate firms into these two groups, we use expression (20) to compute the cost draw necessary
for a firm from i to reach its easiest export destination: c̃xii ≡ maxυ 6=i

c̄υ
τiυ

. Hence, all firms from
i with cost draws below this cutoff necessarily export to at least one destination, while the
remaining firms serve the domestic market only. To aggregate over exporters and non-exporters,
it is useful to employ the change of variables introduced earlier. Let us characterize t̃ii: the
value for tii that corresponds to the cutoff cost that differentiates exporters from non-exporters.
Focus on expression (10) and let j = i. Then, solve this for the marginal exporter, i.e., set
cii = c̃xii into expression (10). It yields the desired value implicitly: (1 − σ)t̃ii + σ

c̃xii
c̄i

= t̃σ+1
ii .

Notice that t̃ii = f(
c̃xii
c̄i
, σ); namely the variable of interest is a function of country i’s domestic

cost cutoff and cost cutoff to export as well as σ.
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Integrating over the logged measured productivity of all non-exporters yields the average
non-exporter logged markup:

MPNX
i =

θ

σθ(1− ξθi )

∫ 1

t̃ii

[
log
(
t1−σii (s)− tii(s)

)
− log

([
t−σii (s)− 1

] [tσ+1
ii (s) + (σ − 1)tii(s)

σ

])
+ log(wi)

]
[
tσ+1
ii (s) + (σ − 1)tii(s)

]θ−1
[(σ + 1)tσii(s) + σ − 1] dtii(s)

=
θ

σθ(1− ξθi )

[
log(wi)

(
σθ

θ
−
t̃ii
(
σ − 1 + (t̃ii)

σ
)θ

θ

)
+ βNXMP,i(σ, θ, t̃ii)

]

where ξi ≡ c̃xii
c̄i

and βNXMP,i(σ, θ, t̃ii) is a constant term given (σ, θ, t̃ii).30 See Appendix A.4 for the
closed form solution of this constant.

To compute the equivalent moment for exporters, we rely on a similar change of variables.
For any destination υ, we introduce a mapping between tiυ(s) and tii(s) so as to be able to
integrate over tii(s) in every export destination υ as we did in the case of non-exporters above.
In equation (10), set ciυ = ciiτiυ, then (1 − σ)tiυ(s) − tσ+1

iυ (s) =
[
(1− σ)tii(s)− tσ+1

ii (s)
]
τiυ c̄i
c̄υ

,
and this allows us to solve for tii(s). We integrate over the logged measured productivity of
all exporters (expression relegated to the Appendix), which yields the average exporter logged
markup:

MPEXPi =
θ

(ξiσ)θ
βEXMP,i

(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
+

1

(ξiσ)θ
(
t̃ii(σ − 1 + t̃σii)

)θ
log(wi)

where χij =
c̄j
c̄i
and βEXMP,i

(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
is a constant for given

(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
.31

We point out that there is no closed form expression forMPEXP
i , but we can solve it numerically

using the simulated firms.
Finally, the markup moment is defined as:

Mm
i,mkup = MPEXPi −MPNXi

=
θ

(ξiσ)θ
βEXMP,i

(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
− θ

σθ(1− ξθi )
βNXMP,i(σ, θ, t̃ii)

+

(
t̃ii(σ − 1 + t̃σii)

)θ
(ξiσ)θ(1− ξθi )

log(wi)−
1

1− ξθi
log(wi) (30)

30The above integration requires the conditional distribution of tii. The following relates the cost distribution

to the pdf of tii: dµii(c) = c̄i

(
c̄i
ĉii

)θ
θ
σθ

[(σ + 1)tσii + (σ − 1)]
[
tσ+1
ii + (σ − 1)tii

]θ−1
dtii.

31Although there is no closed form solution for βEXMP,i

(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
, it can be solved

numerically which requires the simulated firms. The main takeaway here is that it depends only on(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
.
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Sales Advantage. The second moment of interest is the domestic sales advantage of ex-
porters. Following BEJK, we derive the ratio between the average domestic sales of exporters
and non-exporters. Using equations (9) and (10), and integrating, yields the corresponding
statistic in the model (again, for an explicit closed-form expression of this moment see Ap-
pendix A.4):

Mm
i,sales =

1− ξθi
ξθi

∫ t̃ii
0

[tii(s)
1−σ − tii(s)] [(σ + 1)tii(s)

σ + (σ − 1)] [tii(s)
σ+1 + (σ − 1)tii(s)]

θ−1
dtii(s)∫ 1

t̃ii
[tii(s)1−σ − tii(s)] [(σ + 1)tii(s)σ + (σ − 1)] [tii(s)σ+1 + (σ − 1)tii(s)]

θ−1 dtii(s)
.

(31)

Notice that this expression also reduces to a constant characterized in terms of parameters
(σ, θ, t̃ii).

Remaining Parameters. It is worth pointing out that neither of our two moments of interest
depend on q̄ or fe as can be seen from the moment equations derived above. Additionally, cost
cutoffs (modulo proportionality constant) are independent of these parameters, since the level
of every cutoff is not necessary to derive the moments in the model. Essentially, q̄ and fe are
subsumed into the gravity results. Hence, we need not identify these two parameters in order
to study the moments of interest in this paper. It is for this reason that q̄ and fe were not
included in the set of parameters Θ defined at the outset of this section.

The fact that q̄ and fe are not required for the moments we choose to target does not imply
that these do not play a role in the model. In fact, q̄ parameterizes the “love of variety” and
is intuitively important for the level of welfare. However, ACDR show that the local gains
from trade can be computed using only trade shares, θ, and ρ (defined in (24)). Targeting
moments that are independent of the variety parameter allows us to simplify the estimation
method by not parameterizing q̄. Although this parameter would be necessary if we wanted to
speak to global changes in welfare, ACDR show that the welfare results for large changes in
trade costs are almost identical to the local gains. For this reason we view the simplification
as an important advantage of our quantification strategy. We stress however that if we were
to calibrate q̄, and this resulted in different estimates for θ and ρ, then the welfare predictions
would change as well. Next, we give one example where parameterizing q̄ would be necessary.

The value for the utility parameter q̄ > 0 does not affect our moments of interest only because
it is not country specific. In the case of country-specific utility parameters (i.e. q̄j 6= q̄j′), the

cost cutoff would be given by c̄j = [(βσP − βP )βEf
−1
e ]
− 1
θ+1

[∑
υ

Lυbθυ
(τυjwυ)θ

]− 1
θ+1

(wj/q̄j)
1
θ+1 . In this

case, cutoffs (relative to a numeraire) no longer depend on gravity-estimated parameters alone
as can be seen by the previous expression. In this case, we would need I more moments to
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identify all the parameters. In the next section we show that I such informative moments are
the percentages of firms that export in each country. However, such data are not available,
which makes the exercise infeasible with many countries.

4.1.2 Exact- and Over-Identified Techniques

Having derived the sales and markup advantage of exporters over non-exporters in the model,
the exactly identified strategy involved estimating θ and σ by perfectly matching the two cor-
responding moments in Chilean data: Mm

CHL,sales = Md
CHL,sales and Mm

CHL,mkup = Md
CHL,mkup,

where the superscript d denotes data.
For robustness, we engage in over-identified estimation. In particular, we add more moments

from the distribution of sales and markups. In both the data and the model, we compute the
99th, 90th, 50th, and 10th percentile of the two variables, and we construct 3 ratios: 99-90, 90-
10, and 90-50, which adds six moments to the two moments above. We identify θ and σ using a
GMM procedure with an optimal weighting matrix, which we discuss in detail in Appendix H.

4.2 Alternative Identification: Trade Elasticity

It is important to discuss the difference between our quantitative exercise and the exercise
in Arkolakis et al. (2017). The authors use disaggregate trade data to identify σ and q̄ by
using changes in demand (through changes in tariffs) to explain changes in prices of traded
goods. They compute the gains from trade for a given trade elasticity by assuming θ = 5.
An interpretation of their result is: “by fixing θ (the trade elasticity) to be the same across
homothetic and non-homothetic models, how much of the difference in welfare comes from
non-homothetic demand?” The main advantage of that method is it allows for a comparison
across the two types of frameworks. Our exercise above is different since we pin down θ using
moments from firm distributions.32 The downside to this exercise is that our estimate of
the trade elasticity may differ substantially from standard estimates in the literature, which
would result in substantially different welfare gain estimates. For this reason, we consider an
alternative identification strategy for θ, which is more in the spirit of the existing literature
that estimates trade elasticities within gravity frameworks using price variation, but follows the
structural estimation strategy described in the previous subsection.

We motivate the new set of moments in the alternative identification by deriving the ex-
pression for the trade elasticity that is identical in all additive models (of which the GCES is

32Notice that our method does not require us to pin down q̄ as long as it is positive and equal across countries.
This is an advantage since the parameter is not needed to identify θ, σ, nor ρ, so that local welfare gains from
trade can still be computed. Furthermore, the assumption that it is constant across countries is taken in ACDR
as well.
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an example). Following similar arguments as in Simonovska and Waugh (2014a), relative trade
shares can be written using relative cost cutoffs, and then using Equations (13) and (14), the
following estimating equation arises:

log

(
λij
λii

)
= −θ log τij + log

(
wi
wj

)
+ (θ + 1) log

(
Pj
Pi

)
+ (θ + 1) log

(
Ni

Nj

)
. (32)

As is the case in ACDR, the trade elasticity is given by θ, which they set equal to 5. Instead,
in this exercise, we use (32) to motivate a structural estimation of the parameters in our GCES
model.

The strategy follows closely Simonovska and Waugh (2014a) and Simonovska and Waugh
(2014b), and we refer to those papers for greater detail. Notice that the trade elasticity is
identified through variation in trade frictions that is independent of trade flows plus the other
aggregate statistics in (32). The gravity equation only allows one to recover trade frictions
scaled by θ. The authors therefore rely on moments from price data that are informative
about log τij, such as the maximum price difference across identical goods between countries
(Eaton and Kortum, 2002). However, those papers concentrate on homothetic models, while
in this paper we require the trade elasticity of a non-homothetic model which yields different
predictions about markups. A closed-form solution for prices is not available in our model,
but in Appendix A.5 we derive price gaps under some simplifying assumptions. We argue
that even in the non-homothetic model, similar price moments are informative about the trade
elasticity, with the additional prediction that the price gaps covary with wages and trade shares.
Therefore, if we estimate our model to match moments from the maximum price difference across
goods between countries, and the covariance of these price differences with relative wages and
bilateral trade shares, then θ reconciles the observed cross-country variation in tradable goods
prices with the trade elasticity.

The empirical literature has established a strong link between price differences and income
differences, but trade share differences have not been documented to drive price differentials
(see discussion in Simonovska (2015)). Consequently, with these insights in mind, we choose
three moments to infer information about trade costs and separate them from the parameter
of interest, θ. The three moments are simulated in the GCES model and compared to their
counterparts in the data. The first moment is the maximal price gap, adjusted for fixed effects:
dni = log τ̃ni + ζi + ζn where log τ̃ni = maxl∈Ñ {log pn(l)− log pi(l)} and Ñ is the number of
micro-level prices in the sample.33 Notice that our estimation procedure detailed above allows
us to simulate a matrix that includes the prices charged by all firms, in each of the 66 origin

33Fixed effects are incorporated by controlling for the average logged prices over all available goods in each
country. In the simulation, we can record prices of all available goods in each country. We set Ñ to 110 to
mimic the Economist Intelligence Unit data we try to match.
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countries, to both home consumers and foreign consumers. Given trade costs and cost cutoffs
in each destination, we keep track of the simulated firms that sell a “common good”, defined
as a firm from one origin that sells to at least a certain number of destinations. Of all the
“common goods”, we randomly choose 110 goods. The matrix of prices of the 110 goods in
each destination is used to construct the model-implied maximal price gap dmni. Similarly, we
construct a second moment: the price gap at the 85th percentile of prices, also adjusted for
fixed effects for countries i and n. These first two moments are used in Simonovska and Waugh
(2014b), but simulated assuming alternative homothetic models. The third moment is the
covariance of the maximal price gap with relative per-capita incomes in the two destinations.
This is a new moment that is not used in the previous literature and captures the distinct
prediction of the non-homothetic model that prices covary strongly with per-capita income. We
construct this moment by computing the model-implied wages in each country (from Equation
(18)), and then calculate the covariance of relative wages between each pair of countries and
their maximal price gap as recorded in the simulation.34

The solution algorithm is identical to the one described earlier. First, we make a guess of the
parameters, then we solve for trade costs scaled by θ, implied trade shares, wages, and cutoffs
from market clearing. Armed with the necessary parameters and cost cutoffs, we simulate firms
and compute their domestic price and export price to each destination (given they can sell
below the destination cutoff). Having recorded the set of goods that are common to a certain
number of destinations – defining a set of “common” goods that is as close as possible to the
procedure used by our data source – we construct model-implied price gaps defined above.35

Finally, to compute the data counterparts of the price moments, we require micro-level prices
of identical goods sold in every destination. The Economist Intelligence Unit (EIU) database
reports prices for 110 “commonly-available” goods for our sample of countries. This allows us
to compute the price difference for the same good across destination pairs, which we use to
construct the moments in the data.36 Since the strategy is over-identified, we once again use a
GMM procedure with an optimal weighting matrix. Finally, for robustness, we explore fixing
σ and using the first of the three moments to exactly identify θ.

34Equation (45) in the Appendix makes it clear that the covariance of the maximal price gap and relative
wages is informative about the trade costs. For completeness, we experimented with the covariance of the
maximal price gap with logged trade shares and logged distance as well, with similar results.

35A good is defined as a firm-origin observation. We randomly choose 110 of the common goods that are
simulated in the model, but produce 100 matrices for each simulation and take the average price gaps.

36Notice that a “common” good is not necessarily purchased by all countries. In the EIU data, there are some
missing country-good observations. In our simulation, we check the results under different criteria for what
constitutes a “common good”.
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5 Quantitative Results

In this section, we describe the data, report the estimation results, and judge the quantitative
fit of the GCES model.

5.1 Data

There are two sets of data used in the quantitative analysis: firm-level data of the Chilean
manufacturing sector to construct sales and markup distributions, and macro-trade data to
construct the cutoff costs in Equation (20).

Firm-level data The Chilean data allows us to measure sales and markups for a cross-section
of manufacturing firms. This census of manufacturing firms has been used extensively in the
trade literature, including in Weinberger (2017). It is provided by Encuesta Nacional Industrial
Anual (ENIA, National Industrial Survey) and collected by the National Institute of Statistics
(INE). It covers a census of manufacturing firms, ISIC (rev. 3) classification 15-37, with more
than 10 workers. There are approximately 5,000 firm level observations per year, although we
restrict the sample to the year 2004 because we are interested in a cross section of firms. Each
firm provides detailed economic data such as total sales, number of workers, wages, value of
fixed capital, expenditures on intermediate inputs, etc. Importantly, firms also report the value
of their total sales that are exports. We can therefore construct domestic sales for each firm
and also markups using value added and compensation to labor.37 This is the basis for the
construction of the moments introduced in Section 4.1.

Data for trade shares We use data on 66 countries for the year 2004.38 We construct bilat-
eral trade shares, λij =

Xij
Yj

, using nominal trade flows Xij, and gross output (Yj) adjusted for
trade imbalances, all taken from UNIDO.39 To estimate parameters from the gravity equation,
we use country-pair gravity variables from CEPII. The Penn World Table (PWT) 8.0 provides
our variable L, the total workforce.

37To get at a markup measure that is as close as possible to the model, in the data, we subtract capital
expenditure from value added and divide by firm labor compensation. A separate option is to construct markups
using the method in De Loecker and Warzynski (2012). In this case markup differences are slightly more
compressed.

38This is based on data availability in the EIU database, which is a sample of 71 countries. We drop 5
small countries where the predicted trade costs are so large we cannot simulate enough exporters to compute a
meaningful maximal price gap. This is because even with 3 million draws, there are too few firms that export
to multiple destinations.

39For each country, this corresponds to Yj = GOj − Xj + Mj . This is gross output minus manufacturing
exports (to the rest of the world) plus manufacturing imports (in the sample).
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Sales and Markups Moments In this section, we present the moments that we use in the
estimation. For the exactly-identified case, we use the markup advantage and domestic sales
advantage of exporters relative to non-exporters as described in section 4. In 2004, we find that
exporters had markups that are 28% higher, and their domestic sales are 4.48 times those of
non-exporters. Computing domestic sales in the data is very easy because the value of exports
is reported. However, the construction of the markup advantage moment in the data is slightly
different, but aims to reproduce the model as much as possible. Wages in the model are not
firm-specific, but in the data bigger firms pay higher wages. Therefore, we multiply the firm
value added in the data by the ratio of average wages to the firm wage (where the wage is total
compensation of employees divided by number of employees). We then divide by the number
of employees to create a firm specific vai(s)

empi(s)
as in the model.

Figure 1: Chilean Sales and Markup Distribution

The plots report pdfs of log domestic sales and markups relative to the mean in the Chilean data. We use the cross-section of firms in 2004
and eliminate the Basic Metal industry as in Weinberger (2017).

Figure 1 plots the distribution of domestic sales and markups of the 2004 Chilean census of
firms. Notice that the sales distribution appears Pareto in the right tail, as has been established
in other firm-level datasets. As discussed in Sager and Timoshenko (2017), there is also a fat
left tail. This is consistent with our model, which will generate Pareto tails on both ends. The
largest firms behave as with CES demand, while the generalized CES can also produce the left
side of the distribution that a CES model with fixed costs cannot.40 The markup distribution
has a more negative skew, but our model will not generate this distribution of markups since
it does not generate the left tail. However, we will be able to match the fat tail at the right of

40See Arkolakis (2010) for a discussion and a solution to this problem in the CES framework.
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the distribution.41 Next, we use moments from these distributions to identify the parameters
in our model.

5.2 Estimates

The quantitative results for the generalized CES model verify our claim that adding curvature
to the demand function (relative to the SIM benchmark), or allowing σ to be greater than one,
is necessary to jointly match the two firm-level moments of interest. Notice that σ affects the
size distribution of firms by varying the substitution across goods. As σ increases, the market
power of each firm is smaller, and more productive firms gain sales relative to less productive
firms as consumers do not value variety as much. In the working paper version, Jung et al.
(2015), results from which can be found in the Online Appendix, we verify that a demand curve
that is linear or log-linear cannot match the sales moment unless there is a large increase in the
trade elasticity. The Pareto shape parameter determines the variability in firm productivity, so
a lower θ (higher variance) raises the markup advantage of more productive firms.

Panel A of Table 1 displays the estimation results and is split between the estimation that
uses firm-level moments (sales and markups from Chilean firm data) and price moments (micro
price data and trade shares). In the former case we can match the exporter advantage moments
exactly with θ = 3.45 and σ = 1.26. Once we attempt to match the tails of the sales and
markup distributions in the over-identified case, θ decreases and σ increases to match the large
dispersion in the firm-level data. Panel B compares the data to the model moments and there
is evidence that we cannot fully match the large dispersion. However, the J-statistic computed
from the optimal weighting matrix is 3.37 (p-value=0.76), which is not close to rejecting the
null that the over-identifying restrictions are valid at 95% confidence level.42 This is important
as it strengthens our claim that the GCES utility with Pareto productivity is a plausible model
to match the sales and markup heterogeneity displayed in firm-level data.43

The results from targeting firm moments differ from ACDR, who set θ to 5 and find a σ of
2.88. Compare this to our results: if θ were to increase to 5, it would lower the productivity
dispersion and raise the sales advantage. However, since we target different moments from
ACDR, it is difficult to compare parameter estimates. We view the second set of results, which
uses micro-level price data to match the trade elasticity, as an important robustness check. Due
to the role of the trade elasticity in computing the welfare gains from trade, we believe that it

41Mrazova et al. (2015) have shown that CREMR demand with a log-normal distribution of productivity
will generate a “Log-Normal-Odds” distribution of markups. However, this would also generate a Log-Normal
distribution of sales.

42The over-identified case is done using an optimal weighting matrix (Gourieroux and Monfort (1997)).
43We note that the restrictive non-homothetic models would perform extremely poorly in this exercise, as

they cannot match the right tail of the sales distribution.
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Table 1: Estimates of θ and σ

Panel A: Parameter Estimates

Firm Moments Price Moments

Exact ID Over ID Exact ID (σ = 2) Over ID
θ 3.45 (.001) 2.15 (.008) 2.74 (.000) 3.08 (.000)
σ 1.26 (.001) 1.57 (.002) - 3.98 (.000)

J-stat - 3.37 - 0.07

Panel B: Data Targets and Simulation Results

Firm Moments Price Moments

Data Exact ID Over ID Data Exact ID (σ = 2) Over ID
Sales Adv 4.48 4.48 5.70 Max Price Gap 1.6 1.6 1.62

Markup Adv 0.28 0.28 0.38 85th Price Gap 0.62 - 0.35
90-10 Sales 57.62 - 22.22 Cov(gap,wages) 0.12 - 0.09

90-10 Markups 1.51 - 0.46
90-50 Sales 12.18 - 3.38

90-50 Markups 0.94 - 0.33
99-90 Sales 7.24 - 2.19

99-90 Markups 1.14 - 0.08

Panel A reports standard errors in parenthesis. Standard errors computed from bootstrap samples (100 samples). For details on the
estimation see Section 4. Data in Panel B is based on authors’ estimates. Firm moments are computed using the 2004 census of Chilean
firms (provided by INE). Price moments are based on micro price reports of the Economist Intelligence Unit (EIU).

is important to show that our results are robust to matching the trade-elasticity moment. This
exercise also provides an extension to the work in ACDR, because the authors take this value as
given. In this robustness exercise, we follow Section 4, which describes the three moments used
in the over-identified estimation. The result that θ = 3.08 is consistent with both the results
from our benchmark firm-level estimations and the findings in Simonovska and Waugh (2014b).
The authors find a trade elasticity of 3.15-3.32 in a model with variable markups, albeit with
CES preferences. The substitution parameter that we estimate in the robustness exercise is
however higher than the estimate from our firm-level results (now σ = 3.98). For this reason
we also check an exactly identified case where we set σ = 2 and we match the average maximal
price gap in the data. In this case, θ is slightly lower (2.74) but still in line with Simonovska
and Waugh (2014b).

Finally, as a separate cross-check of the general validity of our results, we use our parameter
estimates to simulate US firms and we compare their behavior to US data as reported in Bernard
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et al. (2003). Using the parameter estimates from the benchmark exactly-identified procedure,
the model generates an exporter advantage of sales of 5.4 (about 10% higher than that found
in BEJK), and an exporter measured productivity advantage of 0.19 (BEJK report this to be
between 0.15 and 0.33, with the smaller number being within 4-digit industries). Notice that
the data moments in Chile and the U.S. are fairly similar to each other, and in fact the sales
distribution of firms is consistent across most datasets that we are aware of.

5.3 Model’s Fit to the Data

This section uses the estimation results to simulate the model and compare model predictions to
the data. Section 2.4 derived theoretical results relating to the sales and markup distributions,
which have been recently highlighted in Arkolakis et al. (2017). Evaluating the performance
with observations from the data is an important contribution to the literature as the quan-
titative fit of monopolistic competition models with heterogeneous firms and non-homothetic
preferences is a direction that has thus far not been explored. We also confirm the consistency of
the current model with the existing literature in the prediction of a positive correlation between
income per capita and prices of tradable goods.

Figure 2: Calibrated Model Sales and Markup Distribution

Firms are simulated given the calibration results of the over-identified case where we match firm level moments. For given parameter values,
domestic sales and markups can be computed for each firm. The plots report pdfs of log sales and markups relative to the mean.

Figure 2 plots the distributions of log sales and markups for the calibrated economy (firm
moments with the over-identified procedure). Comparing these to the firm data in Figure 1, we
match the fat tails on both sides of the sales distribution, but with less heterogeneity (fewer of
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the very big firms). As noted earlier, this model will not generate the left tail of the markup
distribution seen in the data. Nonetheless, the generalized CES model performs very well along
the sales-distribution dimension while generating variable markups, which makes it a desirable
framework for trade-policy analysis.

Table 2: Model Predictions

Data Firm (Exact) Firm (Over) Price (Exact) Price (Over)
Markup Elas. (ρ) 0.30-0.65 (DW and DGKP) 0.48 0.40 0.35 0.06
Avg Price-Income Elast. 0.14 (SIM 2015) 0.68 0.35 0.30 0.03
% of Exporters 21% (Chile) 4% 4% 4% 4%

21% (U.S.) 54% 47% 50% 52%
- (average) 7% 6% 6% 6%

Average Markup 0.18-0.3 (Chile) 0.16 0.26 0.19 0.14
SD of Log Sales 1.7 (Chile) 1.25 1.29 1.34 1.68

Table 2 displays the predictions for various moments in the data that are generated using our
estimated model. The first row is the sales-weighted markup elasticity, which we have argued is
important because of its place in the gains from trade calculations. In the benchmark estimation
this value is between 0.40 and 0.48. For reference, ACDR find a value of 0.36 when they fix the
trade elasticity at 5 and calibrate the model to trade data. This parameter has been difficult
to pin down in the empirical literature, with a large range depending on the methodology. Two
recent papers have relevant cross-sectional results: De Loecker and Warzynski (2012) (DW)
find a markup elasticity with respect to productivity of 0.3, while De Loecker et al. (2016)
(DGKP) find a price elasticity with respect to costs of 0.35 (which corresponds to 0.65 for our
estimate). In the alternative estimation we find a smaller markup elasticity which is due to the
high substitution parameter. With a σ = 2, ρ = 0.35, but the markup elasticity is only 0.06

when σ rises to 3.98 in order to match the price gap moments.
The second row is our measure of price discrimination: the elasticity of price with respect to

income for an average exporter. There is clear price discrimination in this model as this statistic
is positive. Although the value is above that found by Simonovska (2015), it is a difficult
comparison because that study uses only one exporter (Mango) to compute that statistic.44

Due to the bound on markups, larger exporters will price discriminate less in our model, and
it is expected that a large exporter like Mango would have a price-income elasticity well below
the average. The price moment results show that this statistic can be reduced by raising the
substitution across varieties as firms have less market power.45

44We are not aware of another study that computes a similar statistic.
45In the Online Appendix, we compare the price-income relationship with what is found in micro price data
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The next two moments, the fraction of exporters and the average markup, are straight-
forward to compute. The average markup is very reasonable, in the range of 13-26% for all
specifications. Using Chilean firm data, we find average markups of 18-30% depending on the
method used.46

The fraction of exporters in the model varies depending on the origin country, as large
estimated trade costs will reduce the fraction of exporters. The percent of firms in a country j
that export is given by the following equation:

% exportersj =
Ñx
jj

Njj

=

(
maxυ 6=j

c̄υ
τjυ

c̄j

)θ

(33)

where the numerator displays the cutoff cost to the easiest export destination of a firm whose
origin is country j. In the data, 21% of Chilean firms export, a number similar to what has
been found for the U.S. In the model, only 4% of Chilean firms export, but 47-54% of US firms
export. It is much easier (a combination of trade costs and demand in the destination) for a
U.S. firm to sell in Canada (the easiest destination) than for a Chilean firm to sell in Argentina
(Chile’s easiest destination). Across all 66 countries in the model, the mean percentage of
exporters is 6-7%, with a large variance. This result is driven by the trade costs, which can
vary widely when θ is low. When θ is estimated to match moments from the firm distribution,
trade costs and cutoffs are generated entirely from gravity (for a given θ). The tight link can be
broken if we allow the utility parameter q̄ to be country-specific. In this case, we can potentially
match each country’s fraction of exporters. We are not able to target this moment because it
requires the fraction of exporters for every country in our gravity framework, but we hope that
the future literature extends the GCES model for quantitative analysis both across sectors and
countries.47

Finally, we compute the standard deviation of the log of normalized domestic sales. Log
(normalized) domestic sales are firm domestic sales relative to total domestic sales: log

(
rii(s)
Tii

)
(as given by (9) and (12)). For the GCES model, the value amounts to 1.25, which falls
somewhat short of the statistic in Chile of 1.7. However, for a large σ this can be matched

reported by the Economist Intelligence Unit (EIU) and the International Comparison Program (ICP). It is
possible to simulate prices in our model for each country, then show the relationship of an average price level
and country income. The relationship of prices with destination income is extremely close to what is found in
the data. In fact all of the existing non-homothetic models that we summarize in this paper perform reasonably
well along this dimension, which is reassuring as it is one of the main goals of this class of models. However,
the usefulness of the generalized CES is in the flexibility to get at the sales and markup distributions.

46We computed them using price-cost margins from sales and input cost data, and also using the DLW
procedure. Markups are computed by sector, and we compute the average using sector fixed effects.

47This is a moment matched more closely by the estimation procedure of Behrens et al. (2014) using trade
between the United States and Canadian provinces.
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almost exactly (last column).48 Relying on the micro price data requires less price dispersion
and higher sales dispersion. The tradeoff of having a large substitution parameter is that the
exporter advantage in sales is much bigger than in the data.

The results point to a tradeoff between matching moments from different parts of the price
and sales distributions. For a range of the trade elasticity which is stable across our speci-
fications (between 2.15 and 3.45), the ability to match moments from the sales distribution
hinges on huge variations in the substitution parameter. A relatively small value (although
greater than 1) is necessary to be consistent with moments that relate to exporters versus non-
exporters, but a much higher value is needed to match the very fat right tail in sales or the
price gaps observed in the micro price data (at least in the EIU sample). We note that we can
match either of these facts but not both simultaneously. This hints at the fact pointed out
by Sager and Timoshenko (2017) that to match the very fat left and right tails of the sales
distribution we need something more flexible than Pareto. They also connect their findings to
gains from trade as the trade elasticity depends on the ability to match the sales moments.
However, that study does not incorporate the cross-sectional markup distribution as it relies on
CES preferences. In our model, it is not only the trade elasticity that hinges on these moments,
but also the sales-weighted markup elasticity.

An alternative extension is to incorporate additional sources of price variation into the
model. Fan et al. (2017) offer one such extension of the present model, where firms not only
price discriminate across destinations, but they also offer products of different qualities. We
believe that reconciling these aspects of the sales and price distributions is an important avenue
for future research.

We also compute the export intensity of Chilean exporters as in Bernard et al. (2003). To
evaluate the models’ predictions along this dimension, for Chilean exporters, we compute the
fraction of total firm sales that are exported and refer to this object as the export intensity:

EXINTi(s) =

∑
υ 6=i δiυ(s)c̄υLυ q̄(t

1−σ
iυ (s)− tiυ(s))∑I

υ=1 δiυ(s)c̄υLυ q̄(t
1−σ
iυ (s)− tiυ(s))

with firms indexed by s. Then, we measure the percentage of exporters that fall into certain
ranges of export intensity. In Table 3, we report the moments in the data and the model. We
condition on only exporting firms and split export intensity into deciles in order to measure the
percentage of firms that fall within a certain range of export intensity. For example, the first
row shows that in the GCES model, 97-99% of exporting firms have export revenue that is less
than 10% of their total revenue. The results are similar for each estimation exercise, where the

48Similarly, BEJK struggle to match this statistic using the model that they develop. As in BEJK, higher
values of σ raise the sales variance, but they also raise the sales advantage of exporters relative to non-exporters.
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model fails to match the fraction of firms that export a large percentage of their sales. There
are a couple ways to improve the fit in this regard. First, relaxing the assumption of identical
cross-country variety parameters, which would raise the predicted percent of Chilean firms that
export, would improve the fit in this aspect. Second, the model does not attempt to explain
the observed behavior of exporters that do not sell domestically. In the data, it is evident that
there are exporters that sell either all or the majority of their sales abroad (last row of second
column).49

Table 3: % of Exporting Plants Conditional on Export Intensity

Exp. Intensity (%) Data (Chile, %) Firm (Exact) Firm (Over) Price (Exact) Price (Over)
0-10 42.7 97.1 97.3 97.3 98.7
10-20 12.1 0.5 0.6 0.6 1.2
20-30 7.3 0.5 0.6 0.8 0.1
30-40 5.6 0.6 0.7 0.8 0.0
40-50 4.8 0.6 0.5 0.2 0.0
50-60 6.0 0.4 0.1 0.1 0.0
60-100 21.5 0.3 0.3 0.2 0.0

In this table, we condition on only exporting firms and split export intensity into deciles in order to measure the percentage of firms that fall within
a certain range of export intensity. For example, the first row shows that in the GCES model, 97-99% of exporting firms have export revenue that
is less than 10% of their total revenue.

6 Conclusion

In this paper, we quantify a flexible general equilibrium model of international trade and
pricing-to-market that features firm-level heterogeneity and consumers with non-homothetic
preferences. We argue that the model’s flexibility to match aspects of the firm sales and
markup distributions is key because it allows one to precisely estimate the parameters neces-
sary in order to quantify the predicted welfare gains from trade. The quantification exercise
highlights the importance of different models’ predictions regarding the firm sales distribution.
In particular, we find that the parameter that governs the demand curvature in these models
is essential to match the observed heterogeneity in sales. Future work is needed to reconcile
the disconnect between mean and dispersion moments of the sales distribution, and there is
already progress on this front. Work on more general productivity distributions — notably
the log-normal (Bas et al., 2017; Fernandes et al., 2017) and double EMG (Sager and Timo-

49We are only aware of Behrens et al. (2014) as a type of model that allows for this behavior, as they
incorporate internal trade costs. We are indebted to an anonymous referee for bringing to light these ways in
which export intensity fails in our model.
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shenko, 2017) — combined with CES preferences, allow for flexibility in sales distributions.50

However, by construction markups are constant in these papers. We view the combination of
flexibility, non-homotheticity, and tractability in our framework as an attractive feature. An
avenue for future research would be to connect more flexible productivity distributions with
non-homothetic preferences.
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Appendix

A Generalized CES Model

A.1 Consumer and Firm Problems

Given the utility function and the budget constraint (
∫
ω∈Ω

p(ω)qc(ω)dω ≤ w+π), the first order
conditions are: (∫

ω∈Ω

(qc(ω) + q̄)
σ−1
σ dω

) σ
σ−1
−1

(qc(ω) + q̄)−
1
σ = λp(ω),

where λ is the Lagrange multiplier. We use the FOCs and integrate over all ω to get the total
demand, equation (4), in the main text. The FOC’s of (5) yield:

(1− σ)p−σij Lj
wj + q̄Pj

P 1−σ
jσ

− Lj q̄ + σcijp
−σ−1
ij Lj

wj + q̄Pj

P 1−σ
jσ

= 0 (34)

This is the expression that is used to obtain the implicit equation for prices (7) in the main
text (substitute (6) into these FOC’s).

The following provides details on the comparative statics of prices and markups. Define the
following implicit function that attains zero at the optimal price:

F (pij, cij) = (1− σ)pij + σcij − pσ+1
ij (c̄j)

−σ (35)

By the implicit function theorem, dpij/dcij > 0. Hence, high cost firms charge higher prices.
However, price rises by less than proportional with cost. To see this, define the mark-up as
mij = pij/cij. Dividing both sides of expression (35) by

(
mσ+1
ij cij

)
yields the implicit function

for mark-ups and costs as:

G(mij, cij) = (1− σ)m−σij + σm
−(σ+1)
ij − cσij(c̄j)−σ (36)

By the implicit function theorem,

dmij

dcij
=

cσ−1
ij (c̄j)

−σ

(σ − 1)m−σ−1
ij − (σ + 1)m−σ−2

ij

(37)

with dmij/dcij < 0 iff mij < (σ + 1)/(σ − 1), which is larger than the Dixit Stiglitz mark-up.
Notice that if dmij/dcij < 0, then, as cij → 0, mij must approach an upper bound. To find this
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upper bound, set G(mij, 0) = 0. Clearly, the solution to this system is mij = σ/(σ − 1)—the
Dixit Stiglitz mark-up—which falls below the necessary bound. Hence, the necessary restriction
always holds and mark-ups fall with costs and converge to the D-S mark-up as costs fall to zero.
Therefore, the range for mark-ups is [1, σ/(σ − 1)].

Finally, profits are given by:

πij (cij) = (pij (cij)− cij)xij (cij)

= Lj q̄
(
(c̄j)

σ (pij(cij))
1−σ − pij(cij)− (c̄j)

σ cij(pij(cij))
−σ + cij

)
(38)

A.2 Equilibrium

We use the change of variables described in the text to derive the aggregate predictions. Here
we give more details of the work done to arrive at equations (11)-(14). Given the change of
variables, we rewrite profits and sales normalized by c̄j. Aggregate and normalized sales are
given by the following two expressions:

Tij = Jic̄j

(
c̄j
ĉij

)θ
Lj q̄θ

σθ

∫ 1

0

[
t1−σij − tij

] [
(σ + 1)tσij + (σ − 1)

] [
tσ+1
ij + (σ − 1)tij

]θ−1
dtij

T̃ij =
Tij
c̄j

= Jiq̄Lj

∫ c̄j

0

[t1−σij − tij]dµij(c)

Notice that we use dµij(c) = θ
cθ−1
ij

ĉθij
dcij, where cij =

c̄j
σ

(tσ+1
ij + (σ − 1)tij) and dcij =

c̄j
σ

((σ +

1)tσij + (σ − 1))dtij.
Let πij denote average profits of firms from i in destination j. Then, normalized profits are

given by:

π̃ij =
πij
c̄j

= q̄Lj

∫ c̄j

0

1

σ
[t1−σij + tσ+1

ij − 2tij]dµij(c)

=
I∑
j=1

c̄j

(
c̄j
ĉij

)θ
q̄Ljθ

σθ+1

∫ 1

0

[
σtij

(
tσ+1
ij + (σ − 1)tij

)θ−1
+ t−σij

(
tσ+1
ij + (σ − 1)tij

)θ
+ σt2σ+1

ij

(
tσ+1
ij + (σ − 1)tij

)θ−1
+ tσij

(
tσ+1
ij + (σ − 1)tij

)θ − 2σtσ+1
ij

(
tσ+1
ij + (σ − 1)tij

)θ+1

− 2
(
tσ+1
ij + (σ − 1)tij

)θ ]
dtij

Since the integration range is between 0 and 1, the integrals reduce to constants. The
following are the constants in the sales and profit equations used in the main text: β1 =

− (σ−3) 2F1(1−θ, θ+1
σ

;σ+θ+1
σ

; 1
1−σ )

θ+1
+

(σ+1) 2F1(1−θ, 2σ+θ+1
σ

; 3σ+θ+1
σ

; 1
1−σ )

2σ+θ+1
− (σ−1) 2F1(1−θ,−σ+θ+1

σ
; θ+1
σ

; 1
1−σ )

σ−θ−1
−

(σ+3) 2F1(1−θ,σ+θ+1
σ

; 2σ+θ+1
σ

; 1
1−σ )

σ+θ+1
and β2 =

2 2F1(1−θ, θ+1
σ

;σ+θ+1
σ

; 1
1−σ )

θ+1
− (σ−1) 2F1(1−θ,−σ+θ+1

σ
; θ+1
σ

; 1
1−σ )

σ−θ−1
−
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(σ+1) 2F1(1−θ,σ+θ+1
σ

; 2σ+θ+1
σ

; 1
1−σ )

σ+θ+1
, where

F2,1(α, β; δ; z) =
Γ(δ)

Γ(β)Γ(δ − β)

∫ 1

0

tβ−1(1− t)δ−β−1

(1− tz)α
dt,

Γ(z) =

∫ 1

0

[
log

(
1

t

)]z−1

dt

is the hypergeometric function with vector (α, β), scalar δ, and element z evaluated at the two
endpoints. In practice, we either solve the integrals in Matlab using the simulated data, or
compute a closed form solution for the constants using the hypergeom function in Matlab.51

The aggregate price statistics are:

Pj =
I∑
υ

Jυ c̄j

(
c̄j
ĉυj

)θ
θ

σθ

∫ 1

0

[
tσ+1
υj + (σ − 1)tυj

]θ−1 [
(σ + 1)tσ+1

υj + (σ − 1)tυj
]
dtυj

=
I∑
υ

Jυ
c̄θ+1
j bθυ

(τυjwυ)
θ
βP (39)

P 1−σ
jσ =

I∑
υ

Jυ
c̄θ+1−σ

ĉθυj

θ

σθ

∫ 1

0

[
tσ+1
υj + (σ − 1)tυj

]θ−1 [
(σ + 1)tυj + (σ − 1)t1−συj

]
dtυj

=
I∑
υ

Jυ
c̄θ+1−σbθυ

(τυjwυ)
θ
βσP (40)

where again we group constants in βP and βσP .
The measure of entrants results from substituting profits and total sales into FE and IS.

The expression for the equilibrium measure of entrants is:

Ji =
Γ1

Γ2

Li
fe

(41)

where we group together constants. Specifically, these are: Γ1 = θ
σθ+1

(
1

σ−1

)1−θ
β1 and Γ2 =

θ
σθ

(
1

σ−1

)1−θ
β2. Finally, in the main text we have βE = Γ1

Γ2
.

Lastly we obtain the expression for the cutoff costs (20) by substituting the aggregate price
51In Matlab, the Hypergeometric function, hypergeom(a, b, z), corresponds to the generalized Hypergeometric

function where a is a vector of “upper parameters”, b is vector of “lower parameters” and z is the argument.
F2,1(α, β; δ; z) is the special case where a = (α, β) is a 1 by 2 matrix and b = δ is a scalar. We checked that
using the hypergeom and solving the integrals results in the same values.
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statistics into (6):

c̄j =

 wj

(βσP − βP )q̄
∑I

υ Jυ
bθυ

(τυjwυ)θ

 1
θ+1

(42)

In the main text we substitute for Jυ which results in equation (20).

A.3 Income Per-Capita and Prices

As stated in the main text we can show analytically that prices of identical goods are higher in
richer destinations. We apply the implicit function theorem to (7) to verify that dpij/dc̄j > 0

and combine this with dc̄j/dwj, which we derive using expression (20):

dpij
dwj

=
dpij
dc̄j

dc̄j
dwj

=

[
σpσ+1

ij (c̄j)
−σ−1

(σ + 1)pσij (c̄j)
−σ − (1− σ)

]
︸ ︷︷ ︸

>0

[
dc̄j
dwj

]

We need to verify that the second term is positive:

∂c̄j
∂wj

=
1

θ + 1

 wj

(βσP − βP )βE q̄f
−1
e
∑I

υ=1 Lυ
bθυ

(τυjwυ)θ

 1

θ+1
−1

×

 1

(βσP − βP )βE q̄f
−1
e
∑I

υ=1 Lυ
bθυ

(τυjwυ)θ

−
wj(βσP − βP )βE q̄f

−1
e Ljb

θ
j(−θ)w

−θ−1
j τ−θjj[

(βσP − βP )βE q̄f
−1
e
∑I

υ=1 Lυ
bθυ

(τυjwυ)θ

]2


=

1

θ + 1

 wj

(βσP − βP )βE q̄f
−1
e
∑I

υ=1 Lυ
bθυ

(τυjwυ)θ

 1

θ+1

×

 1

wj
+

θLjb
θ
jw
−θ−1
j∑I

υ=1 Lυ
bθυ

(τυjwυ)θ


=

1

θ + 1
c̄j

1 + θλjj
wj

> 0

The end result is therefore that dpij
dwj

> 0.
Next, we derive moments from the distribution of price-income elasticities. To do so, write

the price as markup times cost and then apply the change of variables from above before
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differentiating with respect to income. For a producer from i selling to j:

∂
(
pij
pjj

)
∂
(
wi
wj

) wi
wj
pij
pjj

=
∂ln

(
pij
pjj

)
∂ln

(
wi
wj

) =
∂ (ln pij − ln pjj)

∂ln
(
wi
wj

) =
∂ (ln mij + ln cij − (ln mii + ln cii))

∂ln
(
wi
wj

)
=

(
−σ

(σ + 1) + (σ − 1) t−σij

)(
−1 + θλjj

θ + 1

)
−
(

−σ
(σ + 1) + (σ − 1) t−σii

)(
− θ

θ + 1
λji

)
, (43)

where tij ≡ pij/c̄j, and we also used the fact that vij ≡ cij/c̄j, and mij = tij/vij. From above
we have that ∂ ln(c̄j)

∂ ln(wj)
=
(

1+θλjj
θ+1

)
.

Finally, the average price income elasticity is:

ε∗p−w = − θ

(c̃xiiσ)θ

∫ t̃ii
x

0

∑
i 6=j

δij(s)

[(
σ

(σ + 1) + (σ − 1) (hij(tii(s))
−σ

)(
1 + θλjj
θ + 1

)

−
(

σ

(σ + 1) + (σ − 1) tii(s)−σ

)(
θ

θ + 1
λji

)]
/
∑
i

δij(s)(
tii(s)

σ+1 + (σ − 1)tii(s)
)θ−1

((σ + 1)tii(s)
σ + (σ − 1)) dtii(s)

where δij(s) is an indicator that takes the value of one if firm s from i sells in market j, hij(tii(s))
is an implicit solution of hij(tii(s)) = tij(s), c̃xii is the cutoff cost of the marginal exporter sx

from source country i, and t̃xii is the corresponding tii(sx). This value is the average of the
simple mean of price-income elasticity of all exporters across only export destinations and we
compute it using simulated firms as described in Section 4.
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A.4 Moments in the Generalized CES

In the main text we simplify the solutions. The full solution for the measured productivity of
non-exporters requires βNXMP,i(σ, θ, t̃ii), which is given by:

βNXMP,i(σ, θ, t̃ii) =
1

(σ − 1)θ(σ + θ)
×[

σθ
(

1

σ − 1
+ 1

)−θ{
(σθ log σ + θ log σ + σ) 2F1

(
1− θ, σ + θ

σ
;
θ

σ
+ 2;

1

1− σ

)
− (σ − 1)(σ + θ)×(

− log σ 2F1

(
1− θ, θ

σ
;
σ + θ

σ
;

1

1− σ

)
+

(
1

σ − 1
+ 1

)θ
log σ

)}

−
(
t̃ii
(
t̃σii + σ − 1

))θ ( t̃σii
σ − 1

+ 1

)−θ{
t̃σii

(
σθ log σ + θ log σ + σ

)
2F1

(
1− θ, σ + θ

σ
;
θ

σ
+ 2;− t̃σii

σ − 1

)

− (σ − 1)(σ + θ)

(
(− log σ) 2F1

(
1− θ, θ

σ
;
σ + θ

σ
;− t̃σii

σ − 1

)
+

(
t̃σii

σ − 1
+ 1

)θ
log
(
t̃σii + σ − 1

))}]

where 2F1 is Gauss’s hypergeometric function.
For exporters, we also skip over the integration in the main text and show the full solution

here. We use the notation hiυ(tii(s)) to refer to the implicit solution of hiυ(tii(s)) = tiυ(s).
Integrating over the logged measured productivity of all exporters yields the average exporter
logged productivity:

MPEXPi =
θ

(ξiσ)θ

∫ t̃ii

0

[
log

{∑
υ

δiυ(s)χiυLυ
(
hiυ(tii(s))

1−σ − hiυ(tii(s))
)}

− log

{∑
υ

δiυ(s)χiυLυ
(
hiυ(tii(s))

−σ − 1
) hiυ(tii(s))

σ+1 + (σ − 1)hiυ(tii(s))

σ

}]
[
tii(s)

σ+1 + (σ − 1)tii(s)
]θ−1

[(σ + 1)tii(s)
σ + σ − 1] dtii(s) +

θ

(ξiσ)θ

(
t̃ii(σ − 1 + t̃σii)

)θ
θ

log(wi)

=
θ

(ξiσ)θ
βEXMP,i

(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
+

1

(ξiσ)θ
(
t̃ii(σ − 1 + t̃σii)

)θ
log(wi)

where χij =
c̄j
c̄i
and βEXMP,i

(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
is a constant for given

(
{χij}Ij=1 , {Lj}

I
j=1 , t̃ii, σ, θ

)
.

Finally, the sales moment is also not written out completely in the main text. The closed
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form solution is:

Mm
i,sales = (1− ξθi )

[
t̃2ii(t̃ii(t̃

σ
ii + σ − 1))θ−1

(
t̃σii

σ − 1
+ 1

)1−θ{
2

θ + 1
2F1

(
1− θ, θ + 1

σ
;
σ + θ + 1

σ
;
t̃σii

1− σ

)
+

1

(σ − θ − 1)(σ + θ + 1)
t̃−σii

(
(1− σ)(σ + θ + 1)2F1

(
1− θ, 1− σ + θ

σ
;
θ + 1

σ
;
t̃σii

1− σ

)

− (σ + 1)(σ − θ − 1)t̃2σii 2F1

(
1− θ, 1 + σ + θ

σ
;

2σ + θ + 1

σ
;
t̃σii

1− σ

))}]
÷

(ξθi )

[
σθ−1

(
1

σ − 1
+ 1

)1−θ

×

{
2

θ + 1
2F1

(
1− θ, θ + 1

σ
;
σ + θ + 1

σ
;

1

1− σ

)

+
1

(σ − θ − 1)(σ + θ + 1)

(
(1− σ)(σ + θ + 1)2F1

(
1− θ, 1− σ + θ

σ
;
θ + 1

σ
;

1

1− σ

)

− (σ + 1)(σ − θ − 1)2F1

(
1− θ, 1 + σ + θ

σ
;

2σ + θ + 1

σ
;

1

1− σ

))}
−

t̃2ii(t̃ii(t̃
σ
ii + σ − 1))θ−1

(
t̃σii

σ − 1
+ 1

)1−θ{
2

θ + 1
2F1

(
1− θ, θ + 1

σ
;
σ + θ + 1

σ
;
t̃σii

1− σ

)
+

1

(σ − θ − 1)(σ + θ + 1)
t̃−σii

(
(1− σ)(σ + θ + 1)2F1

(
1− θ, 1− σ + θ

σ
;
θ + 1

σ
;
t̃σii

1− σ

)

− (σ + 1)(σ − θ − 1)t̃2σii 2F1

(
1− θ, 1 + σ + θ

σ
;

2σ + θ + 1

σ
;
t̃σii

1− σ

))}]

A.5 Alternative Calibration: Price Moments

Motivation of the Trade Elasticity Moments We show that the maximal price gap
continues to be informative about trade costs as in Simonovska and Waugh (2014b), but we
add further moments as required by the non-homothetic model to identify θ. For analytical
convenience, we begin by looking at the symmetric 2-country case. This allows us to derive
logged price differences with subscripts denoting country 1 and 2, respectively:

log(p12(c))− log(p11(c)) = log(τ12) + log

[
(σ − 1)− pσ11

(σ − 1)− pσ12

]
. (44)

When wages and trade shares are equal in the two countries, price differences depend on trade
costs and σ.

If countries are asymmetric, cost cutoff differences enter price differences, which implies
that gravity-estimated objects as well as wages also drive these price differences. A closed-form
solution for the GCES model is not available in this case. However, to gain some insight into
the asymmetric multi-country case, we examine the special case where σ → 1, as in Simonovska
(2015), which is an additive model that yields an identical gravity equation of trade as the GCES
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model. Focusing on this model, if countries i and j source the same product from country k,
their logged price difference is given by:

log(pkj(c))− log(pkn(c)) =
2θ + 1

2(θ + 1)
[log(τkj)− log(τkn)]

+
1

2(θ + 1)
[log(λkj)− log(λkn)] +

1

2(θ + 1)
[log(wj)− log(wn)] (45)

As is obvious in this case, implied logged trade cost differences are linear in logged price gaps,
wages and trade shares. Similarly, in the GCES model, wages and trade shares in the two
countries, alongside prices, contain information about trade costs; the relationship is simply
non-linear. This suggests that, in order to approximate trade costs in the non-homothetic
model, we should use data not only on price differences, but also trade share and wage/per-
capita income differences, since part of the price variation is driven by the last two variables.

Description of EIU Data and its Model Equivalent The EIU reports prices of 110 goods
sold in all the countries in our sample. The EIU surveys the prices of individual goods across
various cities in two types of retail stores: mid-priced, or branded stores, and supermarkets, or
chain stores. The dataset contains the nominal prices of goods and services, reported in local
currency, as well as nominal exchange rates relative to the US dollar, which are recorded at
the time of the survey. While in the majority of the countries, price surveys are conducted in
a single major city, in 17 of the 71 countries multiple cities are surveyed. For these countries,
we use the price data from the city which provided the maximum coverage of goods. In most
instances, the location that satisfied this requirement was the largest city in the country.

We follow a similar strategy to generate prices of “common goods” in the model, which are
then used to compute maximal price gaps. We proceed by following a simulation and sampling
methodology introduced by Simonovska and Waugh (2014a), which aims to replicate steps taken
to construct the EIU database. In particular, we construct a set of “common” goods and then
we draw 100 random samples of 110 products from the set. We define a good to be “common”
if it appears in at least 30 destinations—nearly half the destinations used in our analysis. Since
each good is produced by a single firm, this rule implies that we consider firms that serve at
least 30 destinations. The motivation to follow this rule is that Eaton et al. (2011) report that
only 1.5% of exporters serve more than 50 destinations but many exporters (20%) serve at least
10 destinations. We choose a value in the middle that would still include a significant number
of exporters.
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B Details and Moments in the SIM Model

To solve the model, we follow the same steps as for the general model. We calculate total
bilateral sales and pin down the maximum cost allowed in order to serve market j using the
cost of the firm with zero demand:

c̄j ≡ c̄SIMj =
[
feβ

SIM
E q̄−1

] 1
θ+1

 wj∑I
υ=1

Lυbθυ
(τυjwυ)θ

 1
θ+1

where βSIME = (1+2θ)(θ+1)2

θ
. All else equal, a higher income raises the cutoff cost and prices/markups.

Clearly, the cost cutoff (modulo proportionality constant) is identical to the one for the gener-
alized model in expression (20). The resulting price, mark-up, and sales are:

pij(cij) = (cij c̄j)
1
2 (46)

mij(cij) =

(
c̄j
cij

) 1
2

(47)

rij (cij) = Lj q̄
(
c̄j − (c̄jcij)

1/2
)
. (48)

These are used to solve for total sales:

Tij =
q̄Lif

−1
e

(θ + 1)(1 + 2θ)
Lj ĉ

−θ
ij c̄

θ+1
j ,

The moments below can be used to estimate the value of θ. We present the two firm-level
moments that we derived for the GCES model. The first firm level moment is the productivity
advantage of exporters over non-exporters. To construct it, we compute value added for each s
as in BEJK, where there are no intermediate inputs:

vai(s) =
I∑

υ=1

δiυ(s)c̄υLυ q̄ (1− tiυ(s)) ,

where tiυ(s) = piυ(s)
c̄υ

and δiυ(s) = 1 if firm s from i sells to υ. Employment of the same s is

empi(s) =
I∑

υ=1

δiυ(s)c̄υLυ q̄
tiυ(s)− tiυ(s)2

wi

48



Measured productivity of s is the ratio of the two objects

mpi(s) = log

(
vai(s)

empi(s)

)
For exporters the average measured productivity (in logs) is:

MPEXP
i =

θ

(ξi)θ

∫ t̃ii

0

[
log

{
I∑
υ

δiυ(s)χiυLυ(1− hiυ(tii(s)))

}

− log

{
I∑
υ

δiυ(s)χiυLυ
(
hiυ(tii(s))− hiυ(tii(s))2

)}]
2tii(s)

2θ−1dtii(s) +
1

ξθi
t̃2θii log(wi) (49)

As in the general model: ξi =
c̃xii
c̄i
, χiυ = c̄υ

c̄i
, hiυ(tii(s)) is an implicit solution of hiυ(tii(s)) =

tiυ(s), c̃xii is the cutoff cost of the marginal exporter sx from source country i, and t̃ii is the
corresponding tii(sx). The average measured productivity of non-exporters (in logs) is:

MPNX
i = log(wi) +

1

2θ
+

ξθi
1− ξθi

log(t̃ii) (50)

We compute the moment as the difference between the average logged measured productivity
of exporters and non-exporters: MSIM

i,prod = MPEXP
i −MPNX

i .
The second firm level moment is the domestic sales advantage of exporters. BEJK compute

this statistic as the ratio between the average domestic sales among exporters and non-exporters.
In the model the statistic is:

MSIM
i,sales =

(
1− ξθi
ξθi

)
(t̃ii)

2θ/θ − 2(t̃2θ+1
ii /(2θ + 1))

(1/θ − 2/(2θ + 1)− ((t̃ii)2θ/θ − 2(t̃ii)2θ+1/(2θ + 1)))
(51)

The moment equations above and the discussion in the text lead to the observation that, in
the SIM model, there is only one parameter, θ, that governs both the measured productivity
and sales advantage. Given the quantitative results from Section 5, where the estimate of σ is
not unity, it is clear that there does not exist a value for θ such that the SIM model can match
both moments in the data.
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C Details and Moments in the Separable MO Model

This specification corresponds to the MO model where η = 0. To solve the model we derive
the cost cutoffs, which are:

c̄j ≡ c̄MO
j =

[
feβ

MO
E 2γ

] 1
θ+1

 wj∑I
υ=1

Lυbθυ
(τυjwυ)θ

 1
θ+1

,

where βMO
E = (θ + 2)(θ + 1). Clearly, the cost cutoff (modulo proportionality constant) is

identical to the one for the generalized model from expression (20).
The price, mark-up, and sales are:

pij(cij) =
1

2
(cij + c̄j) (52)

mij(cij) =
1

2

(
cij + c̄j
cij

)
(53)

rij (cij) =
Lj

4c̄jγ

(
c̄2
j − c2

ij

)
. (54)

We refer to the Web Appendix of Simonovska (2015) for derivations of the positive relationship
between destination per-capita income and prices/markups. Total sales are given by:

Tij =
JiLj c̄

θ+1
j

ĉθij2γ(θ + 2)

Then, define a new variable vij(s) ≡ cij(s)

c̄j
such that:

cij(s) = vij(s)c̄j =⇒ dcij(s) = c̄jdvij(s) (55)

Since we will be integrating over firms indexed by vii we must compute the range of v over
which firms export and do not export. Let the marginal exporting firm be vxii.

We compute the same moments as in the general model, so we start with the relative
advantage of exporters in terms of average logged measured productivity. As in the general
model, let ξi ≡ c̃xii

c̄i
, where c̃xii corresponds to vxii.

The markup advantage of exporters, equivalent to the measured productivity advantage in
BEJK, requires the calculation of total value added divided by employment. The value added
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for each s is:

vai(s) =
I∑

υ=1

δiυ(s)
Lυ c̄υ
4γ

(1− viυ(s)2)

where δiυ(s) = 1 if firm s from i sells to υ. There are no intermediate goods in this model, so
only labor is used for production. Therefore, the value added is the same as the revenue for
each s.
Employment of the same s is

empi(s) =
I∑

υ=1

δiυ(s)
Lυ c̄υ

(2γ)wi
viυ(s)(1− viυ(s))

Measured productivity of s is the ratio of the two objects

mpi(s) = log

(
vai(s)

empi(s)

)
For exporters the average logged measured productivity is:

MPEXP
i =

θ

(ξi)θ

∫ vxii

0

[
log

{
I∑

υ=1

δiυ(s)Lυ
1

2

(θ + 2)wυ∑I
j=1 Lj (wjτjυ)

−θ c̄θυ

(
1− (τiυvii(s))

2
)}

− log

{
I∑

υ=1

δiυ(s)Lυ
(θ + 2)wυ∑I

j=1 Lj (wjτjυ)
−θ c̄θυ

τiυvii(s)(1− τiυvii(s))/wi

}]
vii(s)

θ−1dvii(s)

The average logged measured productivity of non-exporters is:

MPNX
i =

θ

1− ξθi

∫ 1

vxii

[
log

(
1

2

)
+ log

(
(1− vii(s)2)

)
− log (vii(s)(1− vii(s))) + log(wi)

] (
vii(s)

θ−1
)
dvii(s)

Again we compute the moment as the difference between the average logged measured produc-
tivity of exporters and non-exporters: MMO,η=0

i,prod = MPEXP
i −MPNX

i .
The domestic sales advantage of exporters is the ratio between the average domestic sales

among exporters and non-exporters. In the model, the statistic is

MMO,η=0
i,sales =

(
1− ξθi
ξθi

) (vxii)
θ
(

1
θ
− (vxii)

2

θ+2

)
2

θ(θ+2)
−
(

(vxii)
θ
(

1
θ
− (vxii)

2

θ+2

)) . (56)

The model shares the same limitations as the SIM model. Quantitative results can be found in
the Online Appendix.
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D Details and Moments in the BMMS Model

Given the Lambert function and change of variables described in the main text, cij = c̄jzije
zij−1

and dcij = (ezij−1c̄j) (1 + zij)dzij with integration bounds between 0 and 1. Incorporating this
change of variables and solving for the free entry measure of entrants we obtain cost cutoffs:

c̄j ≡ c̄BMMS
j =

[
αfe
κ2(θ)

] 1
θ+1

 wj∑I
υ=1

Lυbθυ
(τυjwυ)θ

 1
θ+1

,

where κ2(θ) = θe−(θ+1)
∫ 1

0
(z−1− z− 1 + z2)(zez)θezdz. Clearly, the cost cutoff (modulo propor-

tionality constant) is identical to the one for the generalized model from expression (20).
The resulting price, mark-up, and sales are:

pij(cij) =
cij

W
(
cij
c̄j
e
) (57)

mij(cij) =
1

W
(
cij
c̄j
e
) (58)

rij (cij) =
Lj
α
cij

1−W
(
cij
c̄j
e
)

W
(
cij
c̄j
e
) , (59)

As in the generalized CES model, per-capita income is positively associated with prices and
mark-ups (see Behrens et al. (2014) for derivations).

Total sales are given by:

Tij =
Lj
α
Lif

−1
e κ2(θ) (c̄j)

θ+1 ĉ−θij , where κ2(θ) = θe−(θ+1)

∫ 1

0

(z−1 − z − 1 + z2)(zez)θezdz,

As in the general model, we compute the relative advantage of exporters in terms of average
logged measured productivity and domestic sales.

Productivity in BEJK is defined as the labor productivity, or total value added divided by
employment. The value added for each s is:

vai(s) =
I∑

υ=1

δiυ(s)
Lυ
α
c̄υ(ziυ(s)e

ziυ(s)−1)
[
ziυ(s)

−1 − 1
]

where δiυ(s) = 1 if firm s from i sells to υ. There are no intermediate goods in this model, so
only labor is used for production. Therefore, the value added is the same as the revenue for
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each s.
Employment of the same s is

empi(s) =
I∑

υ=1

δiυ(s)
Lυ c̄υ
αwi

[1− ziυ(s)] ziυ(s)eziυ(s)−1

Measured productivity of s is the ratio of the two objects:

mpi(s) = log

(
vai(s)

empi(s)

)
We map ziυ(s) into zii(s) so as to be able to integrate over zii(s). z̃ii = f(

c̃xii
c̄i

) is once again
used for the marginal exporter, where W ( ciυ(s)

c̄υ
e) is solved with costs equal to c̃xii

c̄i
. We rely on a

change of variables to compute the average logged productivity of exporters. We integrate over
zii(s) by using h̃iυ(zii(s)) = ziυ(s) as the implicit solution to ziυ(s) = (zii(s))

τiυ c̄i
c̄υ

and solve for
ziυ(s).

For exporters the average logged measured productivity is:

MPEXP
i =

θ

(ξi)θ

∫ z̃ii

0

[
log

{
I∑

υ=1

δiυ(s)Lυ c̄υ

(
h̃iυ(zii(s))

−1 − 1
)(

h̃iυ(zii(s))e
h̃iυ(zii(s))−1

)}

− log

{
1

wi

I∑
υ=1

δiυ(s)Lυ c̄υ

(
1− h̃iυ(zii(s))

)(
h̃iυ(zii(s))e

h̃iυ(zii(s))−1
)}]

(
zii(s)e

zii(s)−1
)θ−1

ezii(s)−1(1 + zii(s))dzii(s) (60)

where ξi ≡ c̃xii
c̄i

as in the main text.
The average logged measured productivity of non-exporters is:

MPNX
i =

θ

1− ξθi

∫ 1

z̃ii

[log(wi)− log(zii(s))]
(
zii(s)e

zii(s)−1
)θ−1

ezii(s)−1(1 + zii(s))dzii(s) (61)

We then compute the moment as the difference between the average logged measured produc-
tivity of exporters and non-exporters: MBMMS

i,prod = MPEXP
i −MPNX

i .
The domestic sales advantage of exporters in the model is:

MBMMS
i,sales =

1− ξθi
ξθi

∫ z̃ii
0

(zii(s)
−1 − zii(s))(zii(s)ezii(s))θezii(s)dzii(s)∫ 1

z̃ii
(zii(s)−1 − zii(s))(zii(s)ezii(s))θezii(s)dzii(s)

(62)

The model shares the same limitations as the SIM model. Quantitative results can be found in
the Online Appendix.
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E Markup Elasticities in Existing Models

The average markup in each model is:

m̄SIM =
θ

θ − 0.5

m̄MO =
θ − 0.5

θ − 1

m̄BMMS = κ1(θ)

As with the generalized CES model, we can derive the ρ parameter in ACDR. The following
equations summarize the parameter for the three existing variable markup models:

ρSIM = 0.5 (63)

ρMO =
θ + 2

2(θ + 1)

ρBMMS =

∫ 1

0
(1
z
− 1)(zez)θezdz∫ 1

0
(1
z
− z)(zez)θezdz

,

where z, as defined above, is in the range (0, 1).52 Notice that the lower bound for the markup
elasticity is one-half in all three models. It is constant and always equal to one-half in the SIM
model. In the MO and BMMS models, the most productive firms have a price pass-through
of zero since their markups go to infinity, so ρ is in the range of (0.5, 1). There is a clear
differentiation with the generalized CES model where ρ ∈ (0, 0.5).

F MO Model in General Equilibrium

F.1 Linear Demand with Non-Separable Preferences

We show that this model exhibits some of the flexibility of the generalized CES model in that
the two moments of interest do not rely solely on the Pareto shape parameter. While the
model generates identical functional forms for the distributions of firm sales and mark-ups as
its separable counterpart, the general model yields different cost cutoff expressions. In fact, the
cost cutoffs are no longer solely characterized by “macro variables” and θ as was the case for all
the other models that we examine in this paper (including the generalized CES model). In the
non-separable MO model, η > 0 affects the relative cutoffs across destinations, thus yielding a
flexible number of exporters and non-exporters. The implication is the following: a value of θ

52For costs that approach 0, z ≡W (0) = 0 and as costs approach the cutoff, W (e) = 1.
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and a value of η can reconcile the measured markup advantage of exporters as well as the sales
advantage by adjusting relative cutoffs rather than the curvature of the sales distribution.

While this added flexibility of the model is a desirable feature in theory, in order for the
model to match the moments in the Chilean data, it would require an unreasonably high fraction
of exporters—in fact, it would predict that exporters are in the majority, which is not in line
with data. In addition, the model would predict an extremely high level of price discrimination.

F.2 Model

The framework comes from Melitz and Ottaviano (2008), with an extension to general equi-
librium outlined in the Web Appendix of Simonovska (2015). Assume that each country is
populated by identical consumers of measure L, whose utility function is:

U c
j =

I∑
i=1

∫
ω∈Ωij

qcij(ω)dω − 1

2
γ

∫
ω∈Ωij

(
qcij(ω)

)2
dω − 1

2
η

(∫
ω∈Ωij

qcij(ω)dω

)2

,

with γ > 0 and η > 0. This yields the following price, markup and sales:

pij(cij) =
1

2
(cij + c̄j) (64)

mij(cij) =
1

2

(
cij + c̄j
cij

)
(65)

rij (cij) =
Lj(θ + 1)

2c̄ij (2γ(θ + 1) + ηNj)

(
c̄2
ij − c2

ij

)
(66)

where Nj is the measure of consumed varieties in country j,
∑I

i=1 Nij (see 2). We refer to the
Web Appendix of Simonovska (2015) for a result that the link between per-capita income and
prices/markups is positive.

We define a new variable vij ≡ cij
c̄j
. Then it follows that:

cij = vij c̄j =⇒ dcij = c̄jdvij (67)

To solve the model we need total sales and the cost cutoffs. We start with total sales:

Tij =
JiLj c̄

θ+1
j (θ + 1)

ĉθij (2γ(θ + 1) + ηNj) (θ + 2)
(68)

Substituting total sales into the income-spending equation: wiLi =
∑

j Tij and using balanced
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trade,
∑

j Tij =
∑

j Tji, yields:

θ + 1

θ + 2
c̃θ+1
j − c̃θjwj =

wj2γ(θ + 1)η−θ−1∑I
υ Jυb

θ
υ (wυτυj)

−θ

where we let c̃j =
c̄j
η
. Then, we define cutoffs for all j relative to a numeraire country, k:

θ+1
θ+2

c̃θ+1
j − wj c̃θj

θ+1
θ+2

c̃k(K)θ+1 − wkc̃k(K)θ
=
wj
wk

∑I
υ Lυb

θ
υ (wυτυk)

−θ∑I
υ Lυb

θ
υ (wυτυj)

−θ , (69)

where K = 2γ(θ + 1)η−θ−1. In the normalization of the cost cutoffs we solve for c̃k given a
value of K. Given c̃k(K), we find relative cutoffs. Notice that we must also calibrate K since
relative cutoffs change for different values of c̃k(K).

Since we will be integrating over firms indexed by vii we must compute the range of v over
which firms export and do not export (with vij(K) ≡ cij

c̄j(K)
). Let the marginal exporting firm

be vxii(K).
We compute the same moments as in the general model, so we start with the relative

advantage of exporters in terms of average logged measured productivity. As in the general
model, let ξi(K) ≡ c̃xii(K)

c̄i(K)
.

Productivity in BEJK is defined as the labor productivity, or total value added divided by
employment. The value added for each s is:

vai(s) =
I∑

υ=1

δiυ(s)
Lυ(θ + 1)c̄υ(K)

2(2γ(θ + 1) + ηNυ)
(1− viυ(s)2)

where δiυ(s) = 1 if firm s from i sells to υ. There are no intermediate goods in this model, so
only labor is used for production. Therefore, the value added is the same as the revenue for
each s.
Employment of the same s is

emp(s) =
I∑

υ=1

δiυ(s)
Lυ c̄υ(K)(1− ηQc

υ)

(2γ)wi
viυ(s)(1− viυ(s))

where Qc
j is the aggregate consumption over varieties defined as Qj =

∑I
i=1

∫
ω∈Ωij

qcij(ω)dω =
Nj

2γ(θ+1)+ηNj
.
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Measured productivity of s is the ratio of the two objects

mpi(s) = log

(
vai(s)

empi(s)

)
For exporters the average logged measured productivity is:

MPEXP
i =

θ

(ξi(K))θ

∫ vxii(K)

0

[
log

{
I∑

υ=1

δiυ(s)Lυ
1

2

wυ∑I
j=1 Lj (wjτjυ)

−θ c̄υ(K)θ
(1− (τiυvii(s))

2)

}

− log

{
I∑

υ=1

δiυ(s)Lυ
wυ∑I

j=1 Lj (wjτjυ)
−θ c̄υ(K)θ

τiυvii(s)
(1− τiυvii(s))

wi

}]
vii(s)

θ−1dvii(s) (70)

The average logged measured productivity of non-exporters is:

MPNX
i =

θ

1− (ξi(K))θ

∫ 1

vxii(K)

[
log

(
1

2

)
+ log

(
(1− vii(s)2)

)
− log (vii(s)(1− vii(s))) + log(wi)

]
(
vii(s)

θ−1
)
dvii(s) (71)

We compute the moment as the difference between the average logged measured productivity
of exporters and non-exporters: MMO

i,prod = MPEXP
i −MPNX

i .
The second firm level moment is the domestic sales advantage of exporters, the ratio between

the average domestic sales among exporters and non-exporters. In the model, the statistic is

MMO
i,sales =

(
1− (ξi(K))θ

(ξi(K))θ

) (vxii(K))θ
(

1
θ
− (vxii(K))2

θ+2

)
2

θ(θ+2)
−
(

(vxii(K))θ
(

1
θ
− (vxii(K))2

θ+2

)) (72)

In this non-separable case (η > 0), the relative cost cutoffs are not fixed by wages and
gravity variables, but shift according to the parameter values in K above: namely, they depend
on a combination of parameters θ, γ, η. Therefore we can calibrate θ along with K to match
the two moments.

G Quantitative Analysis of Existing Models

The above discussion suggests that the non-separable MO model, like the generalized CES one,
can potentially match both the sales and the markup advantage of exporters. However, it does
so via a very different channel: the (normalized) sales distribution is still fixed by θ in this
model, but the value of K allows for a flexible cost cutoff, which is not the case in the separable
models. In this model, the relative cost cutoffs are not fixed by wages and gravity variables,
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but shift according to the parameter values of K. Therefore K affects the average sales and
markups of exporters versus non-exporters by adjusting the extensive margin but does not allow
flexibility in the shape of the sales distribution.

In the Online Appendix, we conduct a quantitative analysis as in Section 5 for all the non-
homothetic models described above: MO (both cases), SIM, and BMMS. For the separable
models we find a θ such that either the markup advantage or the sales advantage are as in
the data. For the non-separable MO model we can match the markup and sales advantage
exactly for a (θ,K) pair. As discussed in the main text, the separable non-homothetic models
are comparable to the GCES in terms of price discrimination but cannot jointly match the
sales and markup moments. Allowing θ to match the markup advantage of exporters, all three
models predict a sales advantage that is below what is seen in the data. For this reason we argue
that the trade elasticity calibrated in these models will be mismeasured, leading to incorrect
gains from trade estimates.

The non-separable MO model performed very poorly in all of the tests conducted in Sec-
tion 5. As mentioned above, since the sales distribution is still fixed by θ, adjusting K does not
allow one to reconcile the sales distribution. In fact the standard deviation of log sales is much
smaller than in the GCES model. Furthermore, the average markup is extremely large — over
50%. The amount of price discrimination is much larger than the data, which together with
the markup results shows that markups are too high and not in line with the data. Overall,
while the model can match the two moments of interest in the data, it does so at the expense
of generating highly counterfactual predictions along many dimensions.

H Over-Identified Procedure

In this section we discuss the GMM procedure with an optimal weighting matrix to identify
σ and θ using six additional percentile moments from the sales and markup distributions,
in addition to the two original moments used in the exact-identified estimation.53 The eight
moments are: 99-90, 90-10, and 90-50 percentile ratios of the sales and markup distributions,
and sales and markup advantages of exporters over non-exporters as described in the main text.

For these moments, the orthogonality restriction is defined as

E [h (θ0, σ0; e)] = 0. (73)

where h (σ0, θ0; s) is a 8 × 1 vector of differences between data moments and moments from
53This percentile moments matching estimation method is similar to the Method of Simulated Quantiles of

Dominicy and Veredas (2013) that introduce quantile matching estimation, which is useful for situations where
the density function does not have a closed form.
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simulation for given a seed of simulation e and the true value of parameters (σ0, θ0). The
sample average of h (θ0, σ0; e) is denoted by g(σ, θ) such that

g(σ, θ) = Md
CHL −

1

E

E∑
e=1

Mm
CHL

(
σ, θ, t̃ii(e)

)
, (74)

with E the number of times we run the simulation. Note that t̃ii is the value of tii (domestic
price relative to domestic cutoff) that corresponds to the cutoff cost that differentiates exporters
from non-exporters. Then, we choose a pair of estimates of (σ, θ) that satisfy(

σ̂

θ̂

)
= arg min

σ,θ
g(θ)W ∗−1g(θ), (75)

where W ∗ is the optimal weighting matrix that produces the estimator with the smallest vari-
ance. We use the approximated optimal weighting matrix instead of W ∗ to reduce simulation
burden following Gourieroux and Monfort (1997) and Adda and Cooper (2003).

Standard errors are computed using a parametric bootstrap technique that follows Si-
monovska and Waugh (2014b). First, we generate a random error term drawn from the Normal
distribution with zero mean and the same variance to the estimate from the gravity regres-
sion. Then we create artificial data with the error terms added to the trade share data and
re-estimate the country-specific terms ŵi and Φ̂i from the artificial data. We also generate
uniformly distributed random numbers between 0 and 1 to make a series of e independent from
the previous random error terms and simulate costs and prices of firms for given e. Then we
do the same estimation procedure with the new simulated result to get σ and θ. We repeat
this procedure 100 times to compute standard errors of estimation. The standard errors allow
us to compute the J-statistic from the Sargan-Hansen test for the over-identifying restrictions,
reported in Table 1.

I Data
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Table 4: List of Countries Used in The Analysis

Country Code Country Names Country Code Country Names
ARG ARGENTINA KOR KOREA
AUS AUSTRALIA MYS MALAYSIA
AUT AUSTRIA MEX MEXICO
BEL BELGIUM MOR MOROCCO
BRA BRAZIL NEZ NEW ZEALAND
BRN BRUNEI NOR NORWAY
BUL BULGARIA OMN OMAN
CAN CANADA PAK PAKISTAN
CEF CENTRAL AFRICAN REPUBLIC PAR PARAGUAY
CHL CHILE PER PERU
CHN CHINA PHL PHILIPPINES
COL COLOMBIA POL POLAND
COT IVORY COAST PRT PORTUGAL
CZE CZECH REPUBLIC ROM ROMANIA
DNK DENMARK RUS RUSSIA
ECU ECUADOR SAU SAUDI ARABIA
EGY EGYPT SVK SLOVAKIA
FIN FINLAND ZAF SOUTH AFRICA
FRA FRANCE SPA SPAIN
GER GERMANY SRI SRI LANKA
GRC GREECE SWE SWEDEN
HUN HUNGARY SWI SWITZERLAND
ISL ICELAND SYR SYRIA
IND INDIA THA THAILAND
INDO INDONESIA TUN TUNISIA
IRN IRAN TUR TURKEY
IRL IRELAND UKR UKRAINE
ISR ISRAEL UKX UNITED KINGDOM
ITA ITALY USA UNITED STATES
JAP JAPAN URY URUGUAY
JOR JORDAN VEN VENEZUELA
KAZ KAZAKHSTAN VNM VIETNAM
KEN KENYA ZMB ZAMBIA

Notes: This list represents the countries used in our analysis. There are 71 countries in the Economist
Intelligence Unit (EIU) data of prices in each destination. Each of these countries are also available in the
trade matrix. We drop 5 countries, and are therefore left with this list of 66 countries. The 5 dropped
countries are: Azerbaijan, Ethiopia, Nigeria, Nepal, and Senegal.
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