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Abstract

This paper examines how internal migration and trade openness shape spatial and aggre-
gate economic growth through knowledge diffusion. Using data from China’s rapid growth
period, we provide causal evidence that regions attracting migrants, especially from more pro-
ductive regions, and those more exposed to international trade, experience faster knowledge
accumulation. We develop a dynamic spatial model in which idea flows, mediated by trade
and migration, drive forward-looking factor accumulation (labor and capital) and endogenous
productivity growth. Our quantitative analysis highlights the significant impact of initial spa-
tial conditions on China’s long-term growth path and reveals that factor accumulation and
idea diffusion vary in importance across different phases of its transition. Furthermore, our
quantitative analysis highlights the crucial role of idea diffusion in explaining spatial growth
heterogeneity.
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1 Introduction

Understanding economic growth requires understanding how countries accumulate factors of
production and increase the productivity of these factors. Furthermore, aggregate economic growth
is shaped by the process of development across space within a country—namely, the dynamics of
the distribution of economic activity, the extent to which locations have differential exposure to
trade, the internal mobility of labor, the local evolution of productivity, and other local characteris-
tics. In this paper we study empirically, theoretically, and quantitatively how factor accumulation
and knowledge diffusion through internal migration and international trade drive spatial growth
and, consequently, aggregate economic growth.

Empirically, we provide causal evidence showing that diffusion through migration and trade
contributes to local knowledge growth. Theoretically, we develop a dynamic spatial growth model
that incorporates knowledge diffusion through migration and trade, featuring forward-looking
migrants and capital investors. We identify structural parameters that govern knowledge diffu-
sion by estimating the law of motion of the local knowledge stock derived from the model. Using
the estimated model, we quantitatively analyze how knowledge diffusion and factor accumula-
tion have shaped spatial and aggregate growth in China from the 1990s to the 2010s.

We begin by documenting that internal migration and international trade positively affect lo-
cal knowledge growth. We focus on China because it experienced significant increases in GDP,
trade openness, and internal migration during the 1990s and 2000s, making it a highly relevant
context for our research. We construct gross migration flows across provinces in China using pop-
ulation census data, and measure changes in the local knowledge stock through the stock and
flow of patents. Building on Card (2001), we develop an identification strategy to estimate the
causal impact of migration on the local stock of knowledge. We establish that provinces receiv-
ing more migrants experience greater knowledge growth. More importantly, our analysis reveals
that migrants from more developed regions (defined as areas with 1990 total factor productivity
above the median province) contribute more to the local knowledge stock than those from less
developed regions. Additionally, we find that provinces more open to imports (instrumented by
historical degrees of openness) experience higher growth. These findings hold across various out-
come measures and specifications that control for year and province effects. Our results remain
robust when using an alternative set of migration instruments. Specifically, we find consistent em-
pirical results following Burchardi et al. (2020), extending Card (2001)’s approach to construct an
instrument based on the pre-existing distribution of migrants in a given location. This constitutes
our first contribution: to provide evidence that both migration and trade contribute to the local
stock of knowledge and demonstrate that the origin of migrants plays a central role.

Our second contribution is theoretical. To interpret our empirical findings and quantify the
role of migration and trade in shaping both spatial and aggregate economic growth, we develop
a new dynamic spatial growth model that features endogenous local productivity growth driven

2



by innovation and knowledge diffusion through trade and migration, as well as forward-looking
agents making migration and capital investment decisions. Given the significant spatial hetero-
geneity within China, the model also accounts for spatial variation in international trade exposure
and local factor accumulation driven by capital investment and internal migration. In particular,
we consider a world economy with multiple countries and multiple locations within a country. In
each location, growth is shaped by a process of factor accumulation and the endogenous evolution
of local productivity. Workers supply labor in their location and make forward-looking migration
decisions, which determine labor supply across locations. Capital accumulation at each location
is determined by forward-looking landlords who make investment decisions in local capital. The
evolution of local productivity is modeled as a stochastic process driven by the diffusion of global
and local ideas. Global ideas are embedded in imported intermediate goods and diffuse more ef-
fectively to locations with greater exposure to international trade. Workers learn about local ideas
and carry insights with them when they migrate, and the quality of these insights depends on the
origin of the migrants. Consequently, the evolution of the local stock of knowledge depends on
the degree of international trade openness and migration patterns, consistent with our empirical
evidence described above.

Our third contribution is quantitative. We show how to bring the model to spatial data and
demonstrate that the initial conditions significantly influence the transition dynamics of the econ-
omy. These conditions include the equilibrium spatial distribution of economic activity in 1990,
which reflects prior policies and changes in economic fundamentals, such as the establishment of
special economic zones. By extending the dynamic-hat algebra method of Caliendo et al. (2019)
to a growth model, we do not need to assume that the economy is on a balanced growth path
and instead perform counterfactual analysis along the transition path. This approach is essential
for analyzing how initial conditions influence China’s economic transition in the 1990s and 2000s,
relative to the impact of changing trade and migration frictions during this period. Since com-
prehensive data to identify these earlier changes in fundamentals are unavailable, analyzing the
economic transition driven by initial conditions offers novel insights into their role in subsequent
growth in China.

Before performing the quantitative analysis, we estimate the elasticities that govern the strength
of idea diffusion. We derive from the model a structural equation that connects trade and migra-
tion shares to changes in the local knowledge stock. This non-linear equation is the key equation
for our estimates, though we face the challenge of having endogenous trade and migration flows
in the non-linear estimation. To address this endogeneity, we construct instruments for those flows
in a consistent way as in our empirical section. We then use instrumented non-linear least squares
(NLLS) to estimate structural parameters that govern the rate of idea flows through trade and mi-
gration, as well as the rate of innovation. With data from 1990 and these estimates in hand, we
proceed to our quantitative assessment.

We first examine how initial conditions shaped spatial and aggregate growth in China during
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the 1990s and 2000s. In particular, we ask: How would China have developed given the initial
distribution of fundamentals in 1990 but assuming no changes in trade and migration costs there-
after? We find that initial conditions played a significant role in China’s subsequent growth. In
particular, the set of economic fundamentals in 1990, reflected in the initial conditions, placed the
economy on a transition path characterized by high economic growth in the following decades.
During the 1990s, idea diffusion and capital accumulation contributed roughly equally to this ag-
gregate growth. However, while the contribution of capital accumulation to growth remained sta-
ble in the 2000s, the relative importance of idea diffusion increased significantly. Initial trade open-
ness and worker mobility facilitated the spread of ideas and increased China’s stock of knowledge.
As knowledge diffused and locations expanded their knowledge stocks, individuals contributed
better insights to their local areas and to other regions through migration. We also find that re-
forms related to changes in trade costs and migration frictions after 1990 played a relatively small
role in growth compared to the impact of initial conditions.

The processes of factor accumulation and idea diffusion through trade and migration in our
framework account for most of the observed spatial heterogeneity in both GDP levels and growth
rates. Eastern provinces experienced higher growth rate due to capital accumulation and ideas
diffusion from international trade relative to western and other provinces. Growth in the west-
ern and northern regions was primarily supported by idea diffusion from migrants coming from
highly productive locations in eastern China. In the eastern provinces, growth during the 1990s
was driven more by capital accumulation than by ideas diffusion. As noted earlier, the initial con-
ditions in 1990 reflect earlier economic changes, including the establishment of special economic
zones, most of which were located in eastern China and fostered capital accumulation and access
to the world economy. By contrast, in the 2000s, the relative contribution of idea diffusion as a
source of growth increased in eastern locations. Migrants from other regions brought better in-
sights compared to the previous decade, enhancing the stock of knowledge in these areas. The
growth effects of idea diffusion through trade and migration are crucial for understanding spatial
growth during China’s economic transition in the 1990s and 2000s. Removing knowledge dif-
fusion from the model causes the correlation between the model-implied spatial growth and the
observed growth in the data to decline by almost half.

Our empirical evidence on how migration affects knowledge flows is closely aligned with
recent findings by Burchardi et al. (2020) on the impact of immigrants on ideas, innovation, and
growth in the United States. We find evidence that internal migration enhances knowledge growth
in China. Moreover, we present causal evidence demonstrating that migrants from more devel-
oped regions contribute more significantly to knowledge growth in a given destination area com-
pared to those from less developed regions. These findings are closely related to the work of Pel-
legrina and Sotelo (2024), which examine the role of migration in disseminating knowledge across
regions in Brazil. In particular, the authors present reduced-form evidence showing that average
labor productivity in a specific region-crop group is higher when migrants to that region originate
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from areas with high productivity in the same crop. Moreover, we contribute to this literature by
providing causal evidence on the impact of trade openness on local knowledge growth.1

The knowledge diffusion from trade in our model builds on quantitative frameworks of knowl-
edge diffusion and growth, as in Eaton and Kortum (1999), Eaton and Kortum (2001) and Cai et al.
(2022). More specifically, our approach of relating knowledge diffusion to trade is grounded in
Buera and Oberfield (2020).2 In a different context, our paper also relates to Cai and Xiang (2022),
who study global growth and technology diffusion through multinational production across coun-
tries. Unlike those frameworks, we propose a dynamic spatial model that incorporates forward-
looking factor accumulation and endogenous local productivity growth through the diffusion of
global and local ideas to study aggregate and spatial growth.

The knowledge diffusion process in our framework also relates to spatial growth models in-
volving the local diffusion of technology (e.g., Desmet and Rossi-Hansberg (2014) and Desmet
et al. (2018)), and frameworks that incorporate frictional idea diffusion across space (e.g., Berkes
et al. (2022)). Our framework shares some aspects with these papers, such as the spatial hetero-
geneity in fundamentals and the geographic aspect of local knowledge diffusion. However, in our
framework, local knowledge growth is mediated by endogenous economic mechanisms—trade
and migration—instead of being dictated by exogenous geographical distance or technological
frictions. While distance is likely correlated with trade and migration due to gravity forces, our
framework enables us to study how policy interventions or changes in economic fundamentals in-
fluence growth through equilibrium adjustments in trade and migration patterns. More broadly,
this distinction sets our framework apart from studies focusing on other types of exogenous spa-
tial spillovers or externalities. Additionally, our framework distinguishes itself from these papers
by incorporating forward-looking migration and capital accumulation decisions, which are es-
sential for capturing the impact of agents’ anticipations on growth throughout China’s transition
dynamics.

The factor supply side of our framework is based on forward-looking migration decisions,
as in Caliendo et al. (2019), while locations trade goods with the rest of the world, as in Eaton
and Kortum (2002). As previously described, capital accumulation in our framework involves

1More generally, our connection of knowledge diffusion to migration is also related to recent empirical evidence
on knowledge flows resulting from interactions among people (e.g., Atkin et al. (2022), Buzard et al. (2020)), as well
as studies on the impact of immigrants on ideas, innovation, and growth in the United States and other countries
(e.g., Kerr (2008), Hunt and Gauthier-Loiselle (2010), Lewis (2011), Akcigit et al. (2017), Bernstein et al. (2018), Sequeira
et al. (2019), Arkolakis et al. (2020), Prato (2021)). There is also recent evidence on how internal migration impacts
productivity and other related outcomes in destination regions in countries that have experienced significant internal
migration episodes (e.g., Facchini et al. (2019), Imbert et al. (2022)).

2The model in Buera and Oberfield (2020) also relates to Kortum (1997) when there is no idea diffusion, and to Jones
(1995) and Atkeson and Burstein (2019) which has intertemporal knowledge spillovers that are not modeled explicitly
as a function of insights. Our paper also relates to and builds on studies that find that the diffusion of ideas across
agents can generate sustained growth, as seen in Alvarez et al. (2013), Lucas and Moll (2014), and Perla and Tonetti
(2014). Idea diffusion through trade in our paper is also related to other recent frameworks modeling innovation and
diffusion of technologies as stochastic processes to study the connection between trade and the diffusion of ideas (e.g.,
Lucas (2009), Sampson (2016), and Perla et al. (2021)). For a broad review of semi-endogenous growth models, see Jones
(2022).
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forward-looking atomistic landlords who make investment decisions in local capital to maximize
intertemporal utility, following the structure outlined in Kleinman et al. (2023).3 Our main de-
parture is that, in our framework, aggregate growth arises from both factor accumulation and
endogenous productivity growth at each location. This aspect is crucial for connecting spatial
growth with the traditional sources of aggregate growth emphasized in macroeconomic literature.

This paper contributes to the literature on China’s aggregate economic growth, which inves-
tigate factors such as financial frictions, innovation, hierarchical structures, and institutional re-
forms (e.g., Song et al. (2011), König et al. (2022), Song and Xiong (2023), Fernández-Villaverde
et al. (2023), Brandt et al. (2023), Chen et al. (2024), Cheremukhin et al. (2024)).4 In addition, Zhu
(2024) highlights that knowledge diffusion, alongside the previously mentioned factors, is a pri-
mary driver of China’s aggregate productivity growth. Relatedly, König et al. (2022) develop an
endogenous growth model to study how diffusion through random interactions among firms and
innovation contributed to TFP growth in China from 2007 to 2012, while Chen et al. (2024) empiri-
cally examine how policy diffusion across space impacts growth in China. Our work advances this
strand of literature in three key dimensions. First, we provide novel causal evidence on knowl-
edge diffusion across space, facilitated by the surge in international trade and internal migration
during the 1990s and 2000s. Our empirical evidence offers insights into how each location acts as
a source of ideas that diffuse spatially through migration and through trade, each making distinct
contributions to growth in the destination. Second, we develop a new dynamic spatial model to
incorporate this important diffusion mechanism and show that knowledge diffusion is crucial for
rationalizing the observed heterogeneity in spatial growth in China. Third, we highlight the role
of initial conditions in 1990, reflecting the influence of earlier policies and economic fundamentals
on China’s growth path post-1990. The feature of our quantitative framework, combined with our
empirical evidence from the 1980s and 1990s—a pivotal period during which the Chinese econ-
omy began its rapid ascent—contrasts with existing literature, which primarily focuses on periods
after the year 2000.

This paper also contributes to the literature on the role of China’s internal migration in its
development (Tombe and Zhu (2019), Fan (2019), Hao et al. (2020), Guo et al. (2022), Imbert et al.
(2022), and Egger et al. (2024)). This strand of literature examines how internal migration in China
impacts welfare, structural change, technology adoption, and TFP, typically through the lens of

3The distinction between landlords and workers is also related to the formulations in Angeletos (2007) and Moll
(2014), and as discussed later on, adds tractability in the context of a dynamic spatial model with forward-looking
mobile workers. Capital accumulation in our dynamic spatial framework also connects to dynamic models of capital
accumulation and international trade (e.g., Eaton et al. (2016), Alvarez (2017), Ravikumar et al. (2019), Anderson et al.
(2019)), with the key difference that labor is assumed to be immobile across countries in that strand of literature.

4Comprehensive reviews of the drivers behind China’s rapid growth have been provided by Xu (2011), Zhu (2012),
Storesletten and Zilibotti (2014), Zilibotti (2017), and Zhu (2024). A recent paper by Fernández-Villaverde et al. (2023)
employs a Ramsey-Cass-Koopmans one-sector growth model augmented with a parsimonious TFP catch-up process to
explain China’s growth trajectory from 1995 to 2019, while remaining agnostic about the specific mechanisms driving
TFP catch-up in China. We differ from their work in three key ways. First, our study provides explicit mechanisms that
influence TFP to explain China’s growth. Second, we explore how regional growth contributes to aggregate growth.
Third, we account for growth in the 1990s and the role of initial conditions reflecting earlier economic fundamentals.
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static models. Our study advances this literature by introducing a dynamic spatial framework
with semi-endogenous growth to analyze how diffusion through internal migration influences
both regional and aggregate growth during transitional dynamics—a defining characteristic of
China’s development in the 1990s.

The rest of the paper is structured as follows. In Section 2, we present stylized facts on trade,
migration, and GDP in China during the 1990s, and provide casual evidence on how trade and mi-
gration affect local knowledge stock. In Section 3, we develop the dynamic spatial growth model.
In Section 4, we estimate the model and describe the method for counterfactual analysis. Section
5 presents our quantitative results and Section 6 concludes. We relegate all proofs, theoretical
derivations, and detailed data descriptions to the appendix.

2 Empirical Evidence

In this section, we document several salient characteristics of spatial development in China dur-
ing the 1990s. To do this, we use the most comprehensive data available for China since 1987.
With this data, we present facts on China’s trade, growth, and migration. After that, we estab-
lish a casual relationship between trade, migration and idea flows. We now proceed to describe
our dataset. Appendix A presents a more comprehensive description of all the data used in the
empirical sections of this paper.

2.1 Data

The data we use include comprehensive information on inter-province migration flows in China
over multiple decades. Specifically, it combines data from three Population Censuses conducted
in 1990, 2000, and 2010, along with four Population Sample Surveys (1% representative sample)
from 1987, 1995, 2005, and 2015. Additionally, the data we use includes macroeconomic indicators
such as trade, production, GDP, employment, and capital formation. These are sourced primarily
from the China Compendium of Statistics (1949–2008) and the National Bureau of Statistics online
data (1995–2015). For data beyond China, we use resources such as the Penn World Tables and the
World Development Indicators (WDI).

We access patent data through provincial-level statistics using National Statistical Yearbooks
compiled by National Bureau of Statistics from 1985 to 2015, supplemented by Google patent data
to represent global patent stocks. Google patent data serves as a publicly available counterpart
of the European Patent Office’s World Patent Statistical Database (PATSTAT) (Liu and Ma (2021)).
With this dataset, we describe and analyze spatial growth in China and how it has been influenced
by trade, and by migration dynamics in China.
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2.2 Trade, Migration and Growth in China

Table 1 displays aggregate trends in trade, migration, and growth in China during the 1990s and
2000s. As we can see, during the first half of the 1990s, imports as well as exports increased
by around 140%. Both figures continued to grow throughout the sample period presented in
the table. Part of the growth in imports and exports during the beginning of our sample period
can be attributed to the process of economic transformation and policies aimed at integrating the
economy into the global economy. In fact, in the early 90s China had agreed to remove trade
barriers and open its markets to foreign competition as it prepared to accede to the WTO by the
year 2000. One policy in this direction was the implementation of place-based industrial policies
for economic development, focusing on the establishment of special economic zones (see Lu et al.
(2023) and Alder et al. (2016)). In the year 1990, special economic zones where in place in the
provinces of Guangdong, Xinjiang, Fujian, and Hainan.

Table 1: Aggregate Trends
Year Annual GDP Growth Rate Change in Imports Change in Exports Number Migrants

1990-95 12.3% 148% 140% 10,440,127
1995-00 10.4% 70% 67% 34,264,210
2000-05 10.2% 193% 206% 38,597,107
2005-10 10.5% 112% 107% 57,400,107

Notes: This table shows the aggregate trends in GDP growth, changes in imports and exports, and inter-province
migration. The data are sourced from the World Development Indicators, China Population Censuses, and population
surveys conducted in various years.

Table 1 also shows the annual GDP growth in the 1990s and 2000s. As we can see, China
experienced double-digit growth rates throughout this period. The annual growth rate in the first
half of the 1990s was higher than that observed in the remainder of the period. This growth was
very uneven across regions, with the eastern provinces experiencing the highest growth rates.
Figure 1 presents the annualized growth rates across provinces over different time intervals.5

As we can see in Figure 1, eastern provinces experienced higher growth rates than those in
the western and northern regions of China. In addition, growth rates were more dispersed across
regions in the early 1990s compared to later periods, when they tended to converge. This hetero-
geneity in growth across space and time is a salient characteristics of China’s growth path that we
aim to explain with a spatial growth model. In Appendix A.2, Figure A.3 presents the levels of
GDP for each province over time, indicating that the ranking of provinces in terms of real GDP
levels of provinces over time remained stable despite the heterogeneity in spatial growth.

The last column in Table 1 shows inter-province migration flows. As we can see, the number
of migrants has been rapidly increasing over time, starting from 10 million in the first half of the
1990s, and becoming more than 5 times large by the end of the sample period.6

5Appendix A.2 displays the annual growth rate and the level of GDP for each province.
6Note that this figure includes only inter-province migrants and excludes intra-province migrants, making it a
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Figure 1: Real GDP Annual Growth Rates Across Provinces
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Notes: The figure presents the annual GDP growth rate for each province in China for different time periods.

To depict mobility patterns across provinces in China, Figure 2 presents the five-year mobility
flows across provinces that occurred from 1990 to 1995. As an illustration of the migration patterns
(see Appendix A for more details on inter-province migration patterns), we show the mobility
flows from other provinces to Beijing, Shanghai, and Guangdong (left panel) and from these three
provinces to the rest of the provinces in China (right panel). Origin provinces are on the left axis,
destination provinces are on the right axis, and a thicker line in the figure indicates a larger flow.
These three provinces have higher initial measured productivity, and we can see how they receive
migrants from all provinces in China. In the right panel, we also observe how migrants move
from these high-productivity places to the rest of China, which indicates the importance of return
migration in China, partly due to the Hukou restrictions, which impose extra costs for migrants to
reside in provinces they were not born.7 These return migration patterns in the data will be useful
for studying the extent to which return migrants diffuse knowledge from high-productivity areas
to lower ones.

All of these patterns of trade and migration in China influenced the development process
during the 1990s and 2000s. We now proceed to establish a casual relationship between migration,
trade, and knowledge diffusion.

lower bound on the total number of migrants.
7See Chan (2010) for a summary of the Hukou system.
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Figure 2: Mobility Across Provinces in China (1990-1995)

Notes: The upper panel shows migration from other provinces to Beijing, Shanghai, and Guangdong between 1990 and
1995, measured in millions of people. The lower panel depicts migration from Beijing, Shanghai, and Guangdong to
other provinces during the same period in the same units. Data are sourced from the 1995 mini population census.

2.2.1 Trade, Migration and Knowledge Flows

In this section, we present evidence of idea flows through inter-province migration and interna-
tional trade. We first document that provinces receiving more migrants experience larger increases
in their stock of local knowledge. We then show that migrants from more productive origins con-
tribute more significantly to the growth of knowledge in the destination provinces. Additionally,
we document that provinces with higher import shares experience greater growth in their knowl-
edge stock. We establish causality using instrumental variables for migration and import shares.

To establish that migration affects knowledge growth, we begin by estimating the following
specification:

yn,t+1 → yn,t = β ↑ Migration
n,t + γ + γt + γn + εn,t, (1)

where Migration
n,t measures the number of migrants flowing into destination province n be-

tween t and t + 1, where each period is five years. We use migration data for the years t =1985,
1990, 1995, ..., and 2010. The outcome of interest yn,t is the number of patents per capita, hence
yn,t+1 → yn,t is the change in the number of patents. We use several measures of yn,t, including
patents granted, patents filed, patent stocks, and patent flows. In particular, patent flows are de-
fined as new patents in each period t, and patent stocks are defined as accumulated patents flows
up until t.8 This specification in changes controls for long-lasting differences between provinces,

8Our province-level patent data are obtained from the China Statistical Yearbook compiled by the National Bureau
of Statistics, with the patents themselves sourced from China’s State Intellectual Property Office (SIPO). In Appendix
A.2, we show that patents are highly correlated with TFP at the provincial level. This is the same data source used by
König et al. (2022), who also find a positive correlation between R&D and patenting.
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Table 2: Migration, Trade, and Changes in Patents

Granted Filed

Flow Stock Flow Stock

∆Patent Per Capita (1) (2) (3) (4)

MigrationH

n,t 0.58*** 0.85*** 0.95*** 1.55***
(0.12) (0.20) (0.13) (0.25)

MigrationL

n,t -0.07** -0.11** -0.13*** -0.22***
(0.03) (0.05) (0.04) (0.06)

(Import/GDP)n,t 0.23*** 0.37*** 0.34*** 0.63**
(0.04) (0.13) (0.10) (0.24)

Observations 180 180 180 180
R

2 0.640 0.635 0.726 0.714
Number of provinces 30 30 30 30
Year FE ↭ ↭ ↭ ↭

Province FE ↭ ↭ ↭ ↭

Notes: This table presents the correlation between changes in patents per capita and migration as well as the import-
to-GDP ratio across provinces. Migrants are separated into those from high-TFP provinces (MigrationH

n,t) and low-TFP
provinces (MigrationL

n,t). High-TFP provinces are defined as those with TFP levels above the national mean in 1990,
while the remaining provinces are classified as low-TFP. Migrationk

n,t, where k = H, L are measured in units of 10,000
people. (Import/GDP)n,t is measured in units of 1 percentage point. Patents per capita are expressed as the number
of patents per 10,000 residents, including both migrants and stayers in 1990. The dependent variables in columns (1) to
(4) are the flow per capita of granted patents, the stock per capita of granted patents, filed patent flow per capita, and
filed patent stock per capita, respectively. The data covers years 1990, 1995, 2000, 2005, 2010, and 2015. All columns
include controls for year and province fixed effects. Robust standard errors, clustered at the province level, are reported
in parentheses, and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

mitigating concerns about the potential skewness of yn,t. The terms γt and γn are time and
province fixed effects, respectively, and γ is a constant. Since we control for province-specific
trends in yn,t and also include a province fixed effect γn, our specification exploits only deviations
from the province’s average growth of patents flows and stocks over time. εn,t is the error term.

Table 3 presents the results. Panel A shows that, for all of our measures of knowledge, there
is a positive correlation between the number of migrants a region receives and the change in local
knowledge. Panel B shows that this correlation is stronger for migrants from more productive ori-
gins compared to those from less productive provinces. Specifically, MigrationH

n,t and MigrationL

n,t

refer to migrants from H provinces and L provinces, where an H province is defined as one whose
TFP was larger than the median TFP level across all provinces in 1990. Remarkably, the corre-
lations with these two variables are stronger compared to the simple correlation with the total
number of migrants.

We then expand the previous regressions to explore the role of international trade in knowl-
edge diffusion by estimating the following specification:
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Table 3: Effects of Migration on Knowledge Growth

Granted Filed

Flow Stock Flow Stock

∆Patents Per Capita (1) (2) (3) (4)

Panel A: Pooled Migrants
Migration

n,t 0.07* 0.10** 0.10* 0.16*
(0.03) (0.05) (0.05) (0.08)

Observations 180 180 180 180
R

2 0.451 0.452 0.507 0.484
Number of provinces 30 30 30 30
Year FE ↭ ↭ ↭ ↭

Province FE ↭ ↭ ↭ ↭

Panel B: Migrants of Two Types
MigrationH

n,t 0.57*** 0.83*** 0.93*** 1.51***
(0.07) (0.11) (0.13) (0.18)

MigrationL

n,t -0.06** -0.09** -0.11** -0.19***
(0.03) (0.04) (0.04) (0.06)

Observations 180 180 180 180
R

2 0.596 0.587 0.683 0.659
Number of provinces 30 30 30 30
Year FE ↭ ↭ ↭ ↭

Province FE ↭ ↭ ↭ ↭

Notes: This table presents the correlation between migration and changes in patents per capita across provinces.
Migration

n,t and Migrationk

n,t, where k = H, L are measured in units of 10,000 people. Patents per capita are expressed
as the number of patents per 10,000 residents, including both migrants and stayers in 1990. The dependent variables in
columns (1) to (4) are the flow per capita of granted patents, the stock per capita of granted patents, filed patent flow
per capita, and filed patent stock per capita, respectively. In Panel A, the main independent variable is the total number
of migrants from other provinces (Migration

n,t). In Panel B, migrants are separated into those from high-TFP provinces
(MigrationH

n,t) and low-TFP provinces (MigrationL

n,t). High-TFP provinces are defined as those with TFP levels above
the national mean in 1990, while the remaining provinces are classified as low-TFP. All columns include controls for
year and province fixed effects. Robust standard errors, clustered at the province level, are reported in parentheses,
and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

yn,t+1 → yn,t = ∑
j↓{H,L}

βj ↑ Migrationj

n,t + βIM↑( Import

GDP
)n,t + γ + γt + γn + εn,t. (2)

The results in Table 2 show that, as before, knowledge growth is positively correlated with mi-
grants from high-TFP provinces compared to low-TFP provinces. Additionally, the results show
a positive correlation between knowledge growth and international trade, measured as import
shares in GDP.

Even though we estimate (2) in differences and control for fixed effects that account for province-
specific trends, a concern with the OLS regressions is that unobserved shocks may influence both
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knowledge growth and migration. We discuss potential sources of endogeneity and propose a
solution using two sets of instrumental variables.

Suppose there is a positive shock to productivity and knowledge growth in provinces with
high TFP (e.g., coastal provinces). This shock could lead to production expansion by incumbent
firms, attracting cheap labor from low-TFP provinces and retaining local workers. Consequently
GDP may increase, causing the import-to-GDP ratio to decline in those provinces. This scenario
would introduce a downward bias in βH and βIM and an upward bias in βL. Alternatively, con-
sider a positive shock to productivity and knowledge growth in interior provinces with low TFP.
Such shock could encourage the entry of new firms requiring high-skilled managers from high-
TFP provinces, alongside local cheap labor. In this case, the bias would be upward in βH and βIM,
and downward in βL.

To address these endogeneity concerns and similar issues, we follow Card (2001) and Bur-
chardi et al. (2020) in constructing instrumental variables for internal migration. Additionally, we
use a five-year lag of import shares as an instrument for current import shares.

The Card IV is defined as follows: I
Card

in,t = Ii·,t ↔ Iin,t→1
Ii ·,t→1 , where Ii·,t is total number of out-

migration from i in time t, and n ↗= i. The IV is a combination of push factors Ii·,t, and pull factors
measured by the previous share of migrants from i and into n. Our IV is constructed as

I
j,IV

n,t = ∑
i↓I j

I
Card

in,t , j = L, H,

where IL stands for the set of origin provinces with TFP below the national median in 1990, and
IH is the set with TFP above the national median in 1990. The identification assumption for our
Card IV is that εn,t is orthogonal to Ii·,t ↔ Iin,t→1

Ii·,t→1
for all i and t. This requires that any unobserved

shocks εn,t that cause temporary increases in a given destination province’s knowledge growth
do not systematically correlate with migrants from an origin province to other provinces (Ii·,t)
interacted with the share of migrants in that destination five years ago ( Iin,t→1

Ii·,t→1
).

Table 4 presents the results from the second stage, and Tables B.1 in Appendix B presents the
first-stage results. The results show causal evidence that provinces that receive more migrants
from more productive places experience a larger increase in their knowledge relative to those that
receive fewer migrants from those places. The results also indicate, as reflected by the negative
sign on MigrationL

n,t, that migration from less productive provinces contributed less to knowledge
growth compared to migration from more productive places, where the results vary slightly across
specifications. Finally, we also find that a larger import share contributed to higher growth in local
knowledge.

One of the possible concerns regarding the Card IV is that both push and pull factors might still
be endogenous. As a result, we also follow Burchardi et al. (2020) and construct an instrumental
variable that accounts for the possible endogeneity of the push and pull factors. In particular,
the approach relies on the past history of migrants to instrument the push and pull factors in
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Table 4: IV Regressions: Migration, Trade, and Changes in Patents

Granted Filed

Flow Stock Flow Stock

∆Patent Per Capita (1) (2) (3) (4)

Panel A: Card (2001)’s IV
MigrationH

n,t 0.67*** 1.00*** 0.88*** 1.56***
(0.23) (0.28) (0.13) (0.28)

MigrationL

n,t -0.08 -0.12* -0.10** -0.22***
(0.06) (0.07) (0.05) (0.07)

(Import/GDP)n,t 0.47*** 0.85*** 0.81*** 1.58***
(0.16) (0.27) (0.25) (0.40)

Observations 150 150 150 150
Number of provinces 30 30 30 30
Year FE ↭ ↭ ↭ ↭

Province FE ↭ ↭ ↭ ↭

First Stage F-statistic 16.41; 18.72; 48.26
AR Wald F-test P-value 0.000 0.000 0.000 0.000

Panel B: Burchardi et al. (2020)’s IV
MigrationH

n,t 1.77*** 2.85** 2.21** 4.05**
(0.68) (1.15) (0.88) (1.59)

MigrationL

n,t -0.40** -0.64** -0.49** -0.91**
(0.16) (0.28) (0.22) (0.40)

(Import/GDP)n,t 1.35** 2.29*** 1.87*** 3.52***
(0.57) (0.89) (0.68) (1.11)

Observations 150 150 150 150
Number of provinces 30 30 30 30
Year FE ↭ ↭ ↭ ↭

Province FE ↭ ↭ ↭ ↭

First Stage F-statistic 12.93; 11.11; 6.12
AR Wald F-test P-value 0.015 0.005 0.016 0.006

Notes: This table shows the IV regression results. Migrants are separated into those from high-TFP provinces
(MigrationH

n,t) and low-TFP provinces (MigrationL

n,t). High-TFP provinces are defined as those with TFP levels above
the national mean in 1990, while the remaining provinces are classified as low-TFP. Migrationk

n,t, where k = H, L are
measured in units of 10,000 people. (Import/GDP)n,t is measured in units of 1 percentage point. Patents per capita are
expressed as the number of patents per 10,000 residents, including both migrants and stayers in 1990. The dependent
variables in columns (1) to (4) are the flow per capita of granted patents, the stock per capita of granted patents, filed
patent flow per capita, and filed patent stock per capita, respectively. We instrument migration following Card (2001)
in Panel A and Burchardi et al. (2020) in Panel B. We instrument (Import/GDP)n,t using (Import/GDP)n,t→1. We re-
port the Sanderson-Windmeijer F-statistic in the first stage to accommodate our specification with multiple endogenous
variables. The Anderson-Rubin Wald F-test p-value is reported in each column. All columns include controls for year
and province fixed effects. Robust standard errors, clustered at the province level, are reported in parentheses, and *,
**, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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the Card IV. In Appendix B.2 we describe all the steps taken to construct the Burchardi et al.
(2020)-style instrument. Panel B of Table 4 shows that we find the same casual evidence as we
did using the Card IV; namely, that migrants from more productive provinces contribute more
to local knowledge than migrants from less productive places, and that provinces more open to
international trade also experience a larger increase in local knowledge. In Table B.2, we present
the estimated first-stage regression using the Burchardi et al. (2020)’s IV.

Motivated by the empirical evidence, we now introduce a dynamic spatial growth model that
both aligns with these findings and allows us to quantify the role of diffusion through trade and
migration in shaping regional and aggregate growth.

3 Dynamic Spatial Growth Model

In this section, we develop the dynamic spatial growth model. We begin with a description of
technology diffusion in a single economy in Section 3.1. In Section 3.2 we introduce locations
in the framework and describe the trade and production structure of the model. After that, we
specify the supply of factors in our framework. In Section 3.3 we describe the capital accumula-
tion decisions made by local landlords, and in Section 3.4 we specify the dynamic labor supply
decisions made by migrants. In Section 3.5 we endogenize the idea diffusion process, relate it to
migration and trade, and derive the evolution of the stock of knowledge across space. We also
define the balanced growth path equilibrium of the economy and detrended model.

3.1 Innovation and Idea Diffusion

In this section, we model idea diffusion as a stochastic process in a generic economy to derive
the distribution of ides and law of motion of the stock of knowledge. Later, by incorporating the
structure of our framework, this law of motion of knowledge across locations will be linked to
trade and migration in a way that rationalizes our empirical findings from the previous section.

To simplify the exposition, consider a single economy in which there is a continuum of inter-
mediate varieties produced in the unit interval. For each variety, there is a large set of potential
producers who have different technologies to produce the good. Each potential producer is char-
acterized by the productivity of her idea, which we denote by q, to produce an intermediate vari-
ety. Between time t and time t + 1, producers interact with other agents in the economy and are
exposed to new ideas to produce a variety. The productivity of a new idea might or might not be
higher than that of the ideas the producer already has, so she only adopts a new idea if the new
idea’s productivity is greater than q. Both the number of new ideas and the productivity of them
are stochastic, which generates randomness in the usage of the new ideas.

In particular, the number of new ideas to which a producer is exposed is stochastic and follows
a Poisson distribution. Each new idea corresponds to a new productivity to produce the variety
and is given by zq

↘ϱ. This new idea has two random components: z is the original component,
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drawn from an exogenous distribution H(z); and q
↘ is an insight drawn from a source distribution

Gt(q↘) whose evolution we describe subsequently. Producers generate new ideas originating from
their internal source of ideas, drawn from their own distribution of original ideas H(z). Diffusion
is a component that is external to the producer and that allows her to be exposed to the ideas
of other producers. These ideas diffuse at a rate that is captured by the parameter ϱ. In this
context, the original component of the producer’s ideas can also be interpreted as randomness in
the adaptation of insights from others to alternative uses.

To gain tractability, in Assumption 1 we specify the distribution of original ideas, the process
for the arrival of ideas, and the parametric restrictions required to characterize the evolution of
the knowledge frontier over time. We then impose these assumptions, and in Proposition 1 we
characterize the frontier of knowledge in the economy and the evolution of the stock of knowledge
over time.

Assumption 1

a) The distribution of original ideas is Pareto; H(z) = 1 → (z/z̄)→θ , where z̄ is the lower bound of the

support and θ > 1 is the shape parameter of the distribution.

b) The strength of idea diffusion, ϱ ↓ [0, 1), is strictly less than 1.

c) The number of new ideas that arrive between t and t + 1 follows a Poisson distribution with mean

Λt = αtz̄
→θ .

d) The source distribution has sufficiently thin tail; i.e. lim
z̄≃0

z̄
→θ

[
1 → Gt

((
q

z̄

) 1
ϱ

)]
= 0.

In what follows we impose Assumption 1 to solve for the distribution of productivity in the
economy. The next proposition presents the result.

Proposition 1. Under Assumption 1, between t and t + 1, the probability that the best new idea has a

productivity no greater than q, F
best new

t
(q), is given by

F
best new

t (q) = exp
(
→αtq

→θ
∫ ∞

0
x

ϱθ
dGt(x)

)
.

Proof. See Appendix C.

Proposition 1 shows that the probability distribution of the best new idea is Fréchet with shape
parameter θ and a location parameter determined by αt

∫ ∞
0 x

ϱθ
dGt(x). Note that, in order to obtain

this result, there is no need to specify the external source distribution. This is an important result
that we will use when we impose more structure over the source distribution. In addition, we can
use the result of Proposition 1 to characterize the frontier of knowledge and its evolution over time.
In particular, we denote by Ft(q) the fraction of varieties whose best producer has productivity no
greater than q. In a probabilistic sense, Ft(q) is also the probability that the best productivity for
a specific variety is no greater than q at time t. We call this object the frontier of knowledge. As the
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new ideas arrive with potentially better productivity than the current best ideas, the evolution of
Ft(q) between t and t + 1 follows

Ft+1(q) = F0(q) ·
t

∏
τ=0

F
best new

τ (q).

Proposition 2. The frontier of knowledge, Ft(·), at any t given follows a Fréchet distribution given by

Ft(q) = exp

[
→

(
A0 +

t→1

∑
τ=0

ατ

∫ ∞

0
x

ϱθ
dGτ(x)

)
q
→θ

]
= exp

(
→Atq

→θ
)

,

where the law of motion for the knowledge stock is given by

At+1 = At + αt

∫ ∞

0
x

ϱθ
dGt(x).

Proof. See Appendix C.

Proposition 2 establishes two results that we use in subsequent sections. First, at each moment
in time the frontier of knowledge follows a Fréchet distribution, which we use to specify the pro-
duction and trade structure in our framework, as described in the next section. Second, we can see
that both the arrival rate of new ideas αt and the source distribution Gt(·) matter for the evolution
of At. Later in the paper, after we describe the economic environment, we return to discuss how
ideas diffuse over space and relate the source distribution Gt(·) to ideas from sellers and from
migrants.9

3.2 Production, Factor Demand, and Trade

We now consider a world with N different locations indexed by i and n. At each location i there
are heterogeneous and perfectly competitive producers of varieties of intermediate goods. The
technology to produce these intermediate goods requires labor and capital, which are the primary
factors of production, and material inputs. The efficiency of an intermediate good producer is

9In Appendix C.1, we provide two approaches to derive the endogenous emergence of the Fréchet distribution for
frontier productivity. The first approach is closely related to that of Buera and Oberfield (2020). We characterize how
the distribution of frontier knowledge at t, combined with the arrival of ideas between t and t + 1, gives rise to the
distribution in t + 1. This is akin to Buera and Oberfield (2020)’s method in a continuous-time framework, where they
derive the evolution of the frontier knowledge distribution from t to t + ∆ as ∆ ≃ 0. In both cases, we assume the
initial distribution follows a Fréchet distribution. However, with the second approach (which we refer to as the Poisson

approach), we can relax this assumption. The characterization of productivity distributions using the Poisson approach
began with Eaton et al. (2011) and has since been adopted by Eaton et al. (2025) in the context of firm-to-firm trade. Cai
and Xiang (2022) use the Poisson approach to characterize the endogenous emergence of Fréchet-distributed frontier
technology in the context of technology diffusion through multinational production. Xiang (2023) employs similar
approach to demonstrate how the endogenous innovation of multinational firms results in a Fréchet-distributed frontier
technology. Similarly, Lind and Ramondo (2023)’s characterization of Max-stable Fréchet productivity, emerging from
Poisson innovation and independent diffusion, mirrors the underlying spirit of the Poisson approach.
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given by qi,t, where we now index efficiencies by location. The output for a producer of an inter-
mediate variety with efficiency qi,t in location i is given by

yi,t = qi,t

(
L

ξ
i,tK

1→ξ
i,t

)γ
M

1→γ
i,t ,

where Li,t, Ki,t, and Mi,t are labor, capital, and material inputs, respectively. The parameters γ and
1 → γ are the shares of value added and material inputs in output, and ξ and 1 → ξ are the shares
of labor and capital in value added, respectively. It follows from the cost minimization problem
of the producers that the unit price of an input bundle is given by

xi,t = B

(
w

ξ
i,tr

1→ξ
i,t

)γ
P

1→γ
i,t ,

where wi,t, ri,t, and Pi,t denote the price of labor, rental rate of capital, and the price of materials,
respectively, and where B is a constant.10

We now use the results from the previous section in which we derived the law of motion for
the stock of knowledge in an economy. Firms purchase intermediate goods from the lowest-cost
supplier in the world. The frontier of knowledge in each location at each time t is described by
a Fréchet distribution with shape parameter θ and location-specific scale parameter Ai,t; namely,
Fi,t(q) = exp(→Ai,tq

→θ).
Shipping goods across locations, from n to i, is subject to iceberg trade costs, κin,t, and therefore,

the cost of purchasing an intermediate variety with efficiency q from n in location i is given by
κin,txn,t/q. Hence, we can now follow the Eaton and Kortum (2002) formulation and derive the
fraction of goods purchased by location i from location n (see Appendix D.1 for the derivation),
which is given by

λin,t =
An,t (κin,txn,t)

→θ

∑N

h=1 Ah,t (κihxh,t)
→θ

. (3)

Similarly, we can solve for the price index in location i, which is given by

Pi,t = T

(
N

∑
n=1

An,t (κin,txn,t)
→θ

)→1/θ

, (4)

where intermediate varieties are aggregated with a constant elasticity of substitution η, and T

is related to the gamma function; T ⇐ Γ (1 + (1 → η) /θ)1/(1→η) . Given this environment, total
expenditure in location i, which we denote by Xi,t, is given by

Xi,t = (1 → γ)
N

∑
n=1

λni,tXn,t + Ii,t,

10In particular, B =
[
ξξ (1 → ξ)1→ξ

→γ
γ→γ (1 → γ)γ→1 .
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which reflects that the total expenditure on goods is firms’ expenditure on intermediate goods
plus households’ expenditure where a household’s income is given by Ii,t = wi,tLi,t + ri,tKi,t. The
term ∑n λni,tXn,t is the total demand for goods produced in i from all locations. The trade balance
condition is given by

N

∑
n=1

λin,tXi,t =
N

∑
n=1

λni,tXn,t,

where the left-hand side is the total imports by location i, and the right-hand side is the total
exports from i (with domestic purchases entering both sides of the equation). Finally, using the
expenditure equation, trade balance, and the relative demand for capital and labor, it follows that
the labor market clearing condition can be expressed as

wi,tLi,t =
N

∑
n=1

λni,twn,tLn,t. (5)

3.3 Capital Accumulation Across Locations

We now turn to the supply of factors of production in the model. We start by describing cap-
ital accumulation decisions across space. At each location, we assume that there are atomistic
landowners who consume the local consumption bundle with logarithmic preferences over con-
sumption goods and whose source of income is from renting capital structures.11 Landowners are
forward-looking and seek to maximize the present discounted value of their utility by deciding
how much to consume and invest at each moment in time. Landowners are geographically im-
mobile, have access to an investment technology in local capital, and make their investment in
units of consumption goods. We follow Kleinman et al. (2023) and interpret capital as buildings
and structures that are geographically immobile once installed, and we specify the problem of a
landowner in location i as

max
{ci,t,Ki,t+1}∞

t=0

U =
∞

∑
t=0

βt log(ci,t),

s.t. ri,tKi,t =Pi,t [ci,t + Ki,t+1 → (1 → δ)Ki,t] for all t,

where δ is the depreciation rate and Ki,0 is taken as given. The solution to this dynamic program-
ming problem can be characterized by the policy functions on consumption and investment,

ci,t = (1 → β) [ri,t/Pi,t + (1 → δ)] Ki,t,

Ki,t+1 = β [ri,t/Pi,t + (1 → δ)] Ki,t, (6)

which give rise to the law of motion of capital accumulation across locations. In Appendix D.3

11Our assumption regarding the logarithm preferences of landlords is consistent with the preferences we specify for
workers in the next subsection.
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we provide the detailed derivation of these policy functions. Note that since capital structures
are accumulated locally and used for local production, the evolution of capital structures in part
shapes the evolution of economic activity across space. Similar to Kleinman et al. (2023), the
immobility of landlords allows us to introduce forward-looking capital accumulation decisions in
dynamic spatial economies with workers’ mobility in a tractable way, and it prevents the number
of state variables from increasing exponentially over time.12

We now turn to describe the dynamic labor supply decisions made by workers and migrants
across locations in the model.

3.4 Dynamic Labor Supply Decisions

There is a continuum of heterogeneous forward-looking workers in the economy. Each worker
observes the economic conditions and optimally decides where to locate in each period subject to
mobility frictions and idiosyncratic taste shocks. We model this migration decision as a dynamic
discrete-choice problem. In particular, workers maximize the present discounted value of their
utility by deciding at each moment in time where to live. They supply one unit of labor inelasti-
cally at where they live, and they consume given their labor income (wi,t) and the local price of
goods (Pi,t). We denote by Ui,t(ci,t)= log(ci,t) the current utility of a worker living in location i,
where ci,t = wi,t/Pi,t. We assume that the decision of where to live the next period is affected by
idiosyncratic amenity shocks that vary across locations denoted by εn,t and by mobility frictions
of going from location i to location n, denoted by min,t. The presence of migration costs and id-
iosyncratic shocks generates a gradual adjustment of labor supply in response to changes in the
economic environment.

As a result, the value of a worker in region i at time t is given by

vi,t = log(wi,t/Pi,t) + max
{n}N

n=1

{βEt[vn,t+1]→ min,t + νεn,t}, (7)

where β is the discount factor, which is assumed to be the same as the discount factor of landown-
ers.

We assume that the idiosyncratic shocks εn,t are i.i.d. realizations from a Gumbel (Type I Ex-
treme Value) distribution with dispersion parameter ν. We denote by Et[vn,t+1] the expectation at
time t over the future realizations of the idiosyncratic shocks that shape the continuation value
of each location. Using the properties of the Gumbel distribution, we can integrate both sides of
equation (7) over εn,t. We then obtain the value of location i for a representative worker in that

12As long as landlords are immobile, this framework can accommodate alternative capital accumulation formula-
tions such as assuming decreasing return to investment, as in Lucas and Prescott (1971) and Hercowitz and Sampson
(1991).
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location at time t, denoted by Vi,t = Et[vi,t]. The value of location i is given by

Vi,t = log(wi,t/Pi,t) + νlog

(
N

∑
n=1

exp (βVn,t+1 → min,t)
1/ν

)
. (8)

We denote by µin,t the fraction of workers that moves from location i to location n, which using
the properties of the Gumbel distribution can be derived in closed form as

µin,t =
exp (βVn,t+1 → min,t)

1/ν

∑N

h=1 exp (βVh,t+1 → mih,t)
1/ν

. (9)

This equilibrium condition determines the gross migration flows of workers across space (see
Appendix D.2 for the derivation). It shows that individuals are forward-looking and decide where
to supply labor tomorrow by evaluating the relative net future value of each location. The elastic-
ity of the migration flow (1/ν) shapes how changes to migration costs affect migration flows. This
expression for gross migration flows determines the evolution of the labor supply at each location
i over time. In particular, the supply of workers at location i at time t + 1 is given by the workers
who decide to migrate to location i from all locations n (including stayers in i) at time t. Therefore,
the stock of workers at each location evolves according to

Li,t+1 =
N

∑
n=1

µni,tLn,t. (10)

Having described the demand and supply sides of the model, in the next subsection we return
to the idea diffusion process to specify the evolution of the local stock of knowledge across space
as a result of trade and migration.

3.5 Idea Diffusion with Trade and Migration

We now specify the innovation and diffusion process described in Section 3.1 to allow for migra-
tion and trade to contribute to the local pool of ideas. Producers in location n obtain new insights
from two sources. First, they obtain insights from sellers; namely, ideas from producers in other lo-
cations are embedded in imported intermediate varieties; like blueprints. Second, migrants carry
insights with them when they arrive in a new location. A migrant becomes exposed to the local
ideas in their previous location, and then as they move across locations, they randomly meet a lo-
cal producer. When they meet, the migrant shares ideas from her previous location and provides
insights that can contribute to the local stock of knowledge. As a result, the productivity of a new
idea that arrives can be generalized to

q = zq
ϱω
ω q

ϱm

m ,
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where qω is the insight drawn from a source distribution that is shaped by migration and qm the
insight drawn from a source distribution that is shaped by trade. The parameters ϱω, ϱm ↓ [0, 1)
capture the learning intensity from both types of insights (migration and trade) with ϱω + ϱm < 1.

After imposing Assumption 1 and following the same steps as in Section 3.1, extending the
notation by indexing the location by n, and given the results from Propositions 1 and 2, we obtain
that the frontier of knowledge at each location is

F
best new

n,t (q) = exp

(
→An,tq

→θ
)

,

and the stock of knowledge evolves over time as

An,t+1 → An,t = αt

∫ ∞

0

∫ ∞

0

(
q

ϱω
ω q

ϱm

m

)θ
dG

ω
n,t(qω)dG

m

n,t(qm).

When a worker from i at the end of period t decides to move to n, she carries with her an insight
qω, which is a random draw from the frontier distribution in i, whose cumulative distribution
function is Fi,t(qω). At the end of time t, in location n, producers randomly meet a worker currently
living in n, and the insight from this individual is the insight component of the new idea. Hence,

G
ω
n,t(qω) =

N

∑
i=1

sin,tFi,t(qω),

where sin,t = µin,t Li,t

∑N

h=1 µhn,t Lh,t
is the share of workers in location n that arrived from i at the end of

period t (see the derivation in Appendix C.2).
In the case of the source distribution of goods, we assume that diffusion opportunities are

randomly drawn from the set of best practices across all goods sold to location n. In this way the
source distribution G

m

n,t(qm) is given by the fraction of goods for which the lowest-cost provider
of the good to location n is a producer with productivity less than or equal to qm. Under these
mechanisms for idea diffusion, we derive the law of motion of the stock of knowledge across
locations with idea flows from people and goods (see Appendix C.3). We obtain that the difference
equation that determines the evolution of the stock of knowledge at each location is given by

An,t+1 → An,t = αtΓϱω,ϱm

[
N

∑
i=1

sin,t (Ai,t)
ϱω

]

  
migration

[
N

∑
i=1

λni,t

(
Ai,t

λni,t

)ϱm

]

  
trade

, (11)

where Γϱω,ϱm
is a constant given by Γ(1 → ϱω)↔Γ(1 → ϱm) and where Γ(x) is gamma function eval-

uated at x.
Equilibrium condition (11) shows that the local stock of knowledge evolves over time accord-

ing to the arrival rate of new ideas αt, according to how the location is connected and exposed
to ideas from migrants, sin,t, and according to how open the location is to trade, λni,t. The term
Ai,t/λni,t on the right-hand side reflects the selection effect in trade, where location n gets insights
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only from the best producers (i.e., lowest-cost suppliers) in i. We also emphasize that the diffusion
of ideas from migrants and sellers is endogenous since both migration and trade patterns are equi-
librium objects in our framework. Additionally, it is worth noting that ideas diffuse not only from
migrants and foreign sellers but also from local active producers and from non-migrants, hence
the stock of knowledge also grows even in locations that are closed to trade or migration, namely
where sii,t = 1 or λii,t = 1. As described previously, the relative strength of idea diffusion, gov-
erned by the diffusion parameters ϱω and ϱm, determine the importance of learning from people
and goods.

Importantly, we can see how the evolution of stock of knowledge at each location rationalize
the causal evidence in Section 2.2.1 regarding how trade and migration impact the local stock of
knowledge. In particular, the equilibrium condition (11) reflects how locations receiving migrants
from places with a higher stock of knowledge experience a larger knowledge stock relative to
locations receiving migrants from less productive places. Additionally, locations more open to
trade experience higher knowledge growth through the selection in trade. Our empirical evidence
found in Section 2.2.1 is consistent with both aspects of equilibrium condition (11).

The fact that there are diminishing returns to technological improvement from insights, given
that the strength of idea diffusion is less than one, makes it harder to obtain insights that are good
enough over time. Hence, if αt is time-invariant, then as the knowledge frontier evolves over time,
the growth rate of the stock of knowledge falls with a limiting value of zero. As a result, as the
knowledge frontier evolves, ideas need to arrive faster over time in order to sustain a constant
growth rate. This feature is shared by semi-endogenous growth models in Buera and Oberfield
(2020), Jones (1995), Kortum (1997), and Atkeson and Burstein (2019). Given this, we make the
following assumption about the arrival rate.

Assumption 2 αt has constant growth rate gα, that is

αt = α0(1 + gα)
t.

We now define formally the equilibrium of the dynamic spatial growth model.

Definition 1. Equilibrium of the Spatial Growth Model. Given an initial distribution of the lo-

cal stock of knowledge


Ai,0
N

i=1 and factor endowments


Li,0, Ki,0
N

i=1, the evolution of fundamentals


α0, κin,t, min,t
N,N,∞

i=1,n=1,t=0, and parameters and elasticities (ϱω, ϱm, θ, ν, γ, ξ, β), the sequential competitive

equilibrium of the dynamic spatial growth model is characterized by a sequence of values, factor prices, goods

prices, labor allocations, capital stocks, and stock of knowledge,


Vi,t, wi,t, ri,t, Pi,t, Li,t, Ki,t, Ai,t
N,∞

i=1,t=0, that

satisfies the equilibrium conditions determined by the bilateral trade shares (3), the equilibrium location

prices (4), the labor market clearing condition (5), the capital accumulation condition (6), the location value

function (8), the worker gross flow condition (9), the law of motion of labor (10), and the evolution of the

stock of knowledge (11).
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In the long run, as the economy evolves over time, it approaches a balanced growth path equi-
librium in which all equilibrium variables grow at a constant long-run rate. We now characterize
the balanced growth path of the model. We first formally define the balanced growth path. We
then express all equilibrium variables in the model relative to their balanced growth rate (what
we refer to as the detrended variables).

Definition 2. Balanced Growth Path. Along the balanced growth path all equilibrium variables grow at

a constant rate. In particular, denote by gy the growth rate of a generic variable y at the balanced growth

path. At the balanced growth path the stock of knowledge grows at a rate 1 + gA = (1 + gα)
1

(1→ϱω→ϱm) ,
capital grows at a rate 1 + gk = (1 + gA)

1
θξγ , and values grow at a rate 1 + gv = (1 + gA)

1
θξγ(1→β) .

Appendix E solves for the equilibrium long-run growth rates of all variables along the bal-
anced growth path.

We now turn to quantitatively study the importance of our mechanisms for aggregate and
spatial growth. To do so, we apply our framework to study spatial growth in China, an economy
that features heterogeneous locations in terms of stock of knowledge, initial supply of labor and
supply of capital, exposure to international trade, and mobility flows.

4 Quantitative Analysis

During the 1990s and far into the 2000s, China experienced fast economic growth, considerable
capital accumulation, shifts in the distribution of economic activity and factors of production
across space, increased productivity, and trade openness. We now turn to study spatial growth in
China in the 1990s and 2000s through the lens of the dynamic spatial growth model developed in
the previous section. We take the model to year 1990 in a world composed of 30 Chinese provinces
and a constructed rest of the world. In doing so, we use migration, production, and value added
data. We also use trade data between provinces and the rest of the world. Importantly in the case
of China, where there are well-defined mobility frictions across provinces, we condition gross mi-
gration flows across provinces by Hukou status. To understand how the Hukou system works,
think about a province-level “passport” that identifies an individual based on their province of
origin and restricts non-locals’ access to certain amenities.

Accordingly, in the quantitative analysis we extend our framework to take into account these
considerations. In particular, we allow for workers with different Hukou statuses to value loca-
tions differently, as Hukou restrictions give them access to different amounts of amenities, and
we also allow workers to face different mobility restrictions. In equilibrium, this implies different
mobility rates across provinces for individuals with different Hukou statuses that we discipline in
the data.

Hence, the equilibrium conditions of the dynamic labor supply decisions of workers are now
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given by

V
H

i,t = log(ψH

i
wi,t/Pi,t) + νlog

(
N

∑
n=1

exp

(
βV

H

n,t+1 → m
H

in,t

)1/ν
)

, (12)

µH

in,t =
exp

(
βV

H

n,t+1 → m
H

in,t

)1/ν

∑N

g=1 exp

(
βV

H

g,t+1 → m
H

ig,t

)1/ν
, (13)

Li,t+1 = ∑
H

N

∑
n=1

µH

ni,tL
H

n,t, (14)

where the H index denotes the Hukou status and ψH

i
is the amenity parameter of location i for

an individual with Hukou status H. Once in the same location, workers with different Hukou
statuses consume the same basket of goods and earn the same real wages although their levels of
utility are different because they have access to different amenities. In this way, we aim to capture
a characteristic of this economy in transition: that is, that migrants to a given province registered
in a different province have access to different amounts of amenities, face different mobility costs,
and as a result, make different migration decisions compared with migrants registered in the des-
tination province.

4.1 Data for Quantification

To bring the model to the data, we use the data described in Section 2.1 and Appendix A across
provinces in China and for the rest of the world to obtain bilateral trade shares λin,t, total expen-
diture Xi,t, value added wi,tLi,t + ri,tKi,t, the distribution of employment Li,t, and migration flows
across provinces conditional on Hukou type µH

in,t. We also obtain the share of value added in gross
output γ, the share of labor in value added ξ, and the initial capital stocks Ki,0. In addition, we
need estimates of the trade elasticity θ, the migration elasticity 1/ν, the discount factor β, and the
depreciation rate δ. We later describe how we discipline the elasticities that govern innovation
and idea diffusion (α0, ϱω, ϱm).

We consider a model in which each period represents five years. Hence, we use a discount
factor β of 0.86, equivalent to an annual discount factor of 0.97, which implies a yearly interest
rate of roughly 4 percent. The trade elasticity θ = 4.55 is obtained from Caliendo and Parro (2015).
We set a migration elasticity of 1/ν = 0.15, which is the value estimated by Cruz (2021) for a five-
year period in a sample of developing countries. We set a depreciation rate (1 → δ) = 0.895, which
corresponds to an annual depreciation rate of 10.96 percent following Shan (2008), consistent with
our capital stock estimation (see Appendix A.1 for more details.).13 We compute the values of
γ = 0.38 and ξ = 0.54, which correspond to the parameter values for the year 1990 from the
world’s aggregates in the EORA multi-region input-output table. Finally, we set a value of η = 2

13Our choice capital depreciation rate is also consistent with that of Bai et al. (2006).
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in the gamma function in equation (4). Our quantitative analysis will center on the role of local
idea diffusion through internal migration and global idea diffusion through international trade.

4.2 Initial Stock of Knowledge

To estimate the initial stock of knowledge across locations, we start with the definition of real GDP.
In our model, real GDP in location n at t = 0 is given by

Real GDPn,0 =
wn,0Ln,0 + rn,0Kn,0

Pn,0
= (An,0/(λnn,0Υ))

1
γθ (Kn,0)

(1→ξ) (Ln,0)
ξ , (15)

where Υ = (BT)θ (1 → ξ)(1→ξ)γθ (ξ)ξγθ .14 Real GDP in our model is determined by factor accu-
mulation (capital, labor) and by measured productivity. In particular, measured productivity is
captured by the term (An,0/(λnn,0Υ))

1
γθ . It has two main components: average productivity An,o,

and trade openness captured by the inverse of the domestic expenditure share λnn,0. The intuition
is that in a closed economy— namely, when λnn,0 = 1—measured productivity is the same as
average productivity An,o (scaled by a constant power coefficient), which is the average efficiency
of the set of all goods produced and consumed in n. In an open economy, due to selection, firms
purchase a fraction of goods from abroad and produce only that set of goods of which they are
the lowest-cost supplier in the world. Hence, a smaller domestic expenditure share λnn,0 results
in firms in n producing a smaller set of goods with higher marginal efficiency.

Inverting equation (15), and solving for fundamental productivity An,0, we obtain

An,0 = Υ

(
Real GDPn,0

(Kn,0)
1→ξ (Ln,0)

ξ

)γθ

λnn,0. (16)

Using our data, we compute the initial stock of knowledge across provinces in China as well
as for the rest of the world. Figure 3 presents the initial stock of knowledge (year 1990) across loca-
tions. In the upper panel, we see that the 1990 stock of knowledge for provinces in China is smaller
than that for the rest of the world. Across provinces in China, the initial stock of knowledge is very
heterogeneous, with Shanghai, Liaoning, and Guangdong being the top three provinces in terms
of the initial stocks of knowledge, and Gansu, Guizhou, and Ningxia the bottom three provinces.
The bottom panel presents the 1990 measured productivity across locations, which corrects for the
impact of trade as previously explained. Again we observe that the rest of the world has higher
measured productivity in 1990 than the provinces in China. We can see that Shanghai, Beijing, and
Guangdong are the top three provinces with the highest measured productivity, whereas Gansu,
Guizhou, and Ningxia are the bottom three provinces.

14See Appendix A.1 for the details of this derivation.
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Figure 3: Initial Stock of Knowledge and Measured Productivity Across Locations (1990)
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Notes: The figures present the initial stock of knowledge (upper panel), computed as described in this section, and
measured TFP (bottom panel), computed as (An,0/(λnn,0/Υ))1/γθ .

4.3 Estimation of Idea Diffusion from Trade and Migration

In our dynamic spatial growth model, three parameters govern productivity growth and idea
diffusion across locations: the strength of idea diffusion through trade in goods ϱm, the strength
of idea diffusion through migration ϱω, and the arrival rate of insights α0. To discipline these
parameters in the our dynamic spatial model, we proceed as follows.

The equilibrium condition (11) provides a structural relation between the evolution of knowl-
edge stocks, the diffusion elasticities, the arrival rate of insights, migration and trade. We use this
structural relation to estimate the diffusion parameters. To do so we need to confront several is-
sues. The first issue is the measure of knowledge stock to estimate these parameters. For example,
one possibility is to use our model-consistent inverted A

↘s (from the previous subsection), but one
could argue that this involves using data affected by migration and trade, and as a result, it might
bias our estimates. Another possibility is to use our patent measures as proxies of knowledge
stock; while using this measure could help identify ϱ↘s, it might get the units of α wrong (note that
the magnitude of α is directly related to the magnitude of the change in A on the left-hand side of
equation (11), which depends on the units of A’s). To address this issue, we proceed with an iter-
ative procedure. We first estimate ϱ↘s using the cumulative number of patents granted as proxies
for A

↘s. After we estimate the ϱ↘s, we then use the estimated coefficients along with our inverted
A
↘
s into (11) to estimate α. A second issue we need to address is the fact that the observed evolu-

tion of knowledge stock, or TFP, could be partly influenced by determinants outside of our model.
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To address this, we assume that the arrival rate of ideas is subject to i.i.d. location-specific shocks
resulting in unobserved residuals in the TFP evolution that are not predictable by migrants and
therefore are not part of their migration decisions. Consequently, our empirical strategy allows for
an unobserved residual that captures the effects of factors influencing TFP besides idea diffusion.
Finally, there is a possible concern that the migration shares sin,t may be correlated with the error
term, as in the model people make forward-looking migration decisions. Similarly, trade shares
λni,t might also be correlated with the error term. To address these concerns, we use instruments
for both, migration shares (based on Card IV) and trade shares (based on lagged trade shares).
Therefore, we use instrumented non-linear least squares (NLLS) from (11) and estimate ϱm, ϱω,
and α0.

We first define the left-had side of (11) as ynt and the right hand side as g(snt, λnt, At, t, ρ, ε̃),with
α̃t ⇐ αtΓϱω,ϱm

. For notational brevity, we use bold letters to represent vectors. Our NLLS estimator
is defined as the solution to

min
ρ,ε̃

1
NT

N

∑
n=1

T

∑
t=1

(ynt → g(snt, λnt, At, t, ρ, ε̃))2 ,

where At are the cumulative number of patents granted. Equivalently, the NLLS corresponds to
the following moment condition

E
[
unt · D(ρ,ε̃)g(snt, λnt, At, t, ρ, ε̃)


= 0, (17)

where D(ρ,ε̃)g(snt, λnt, At, t, ρ, ε̃) is the gradient of the g(·) function, and unt ⇐ ynt → g(snt, λnt, At, t, ρ,

ε̃). Denote by siv

nt
, and λiv

nt to the instrumented migration and trade flows such that E
[
unt|siv

nt
, λiv

nt, At



= 0. The NLLS IV estimator that we construct is given by

E
[
unt · D(ρ,ε̃)g(siv

nt, λiv

nt, At, t, ρ, ε̃)

= 0. (18)

Table 5 presents the results of our NLLS estimation with and without IV. As we mentioned
before, unlike ϱ̂’s, the magnitude of the estimate of α0 is closely linked to the units used in the
measure of knowledge stock.

Table 5: Non-linear Least Squares Estimation Results

NLLS With IV:

Diffusion from people (ϱ̂ω) 0.363 ***
(0.063)

0.353 ***
(0.062)

Diffusion from trade (ϱ̂m) 0.247 **
(0.107)

0.265 **
(0.113)

Notes: This table shows the Non-linear Least Squares estimation results. Standard errors, clustered at the province level,
are reported in parentheses, and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.
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We proceed to estimate α0 given ϱ̂ω and ϱ̂m from the previous step. In particular, we run the
following specification to estimate α0,

ynt = α0mnt + unt,

where

mnt ⇐ (1 + gα)
t→1Γ(1 → ϱ̂ω)Γ(1 → ϱ̂m)

[
N

∑
i=1

sin,t (Ai,t)
ϱ̂ω

] [
N

∑
i=1

λni,t

(
Ai,t

λni,t

)ϱ̂m

]
.

In this equation, 1+ gα = (1+ gTFP)γθ(1→ϱ̂ω→ϱ̂m), we use our model-inverted Ai,t, and the values
of gTFP = 0.03974, γ = 0.38, and θ = 4.55.15 We then run a pooled linear regression without
intercept to estimate α0. We obtain α̂0 = 0.67(0.10). With this set of estimates, ϱ̂ω, ϱ̂m, α̂0, we
proceed to conduct our quantitative analysis.

4.4 Computing Counterfactuals

To compute the dynamic spatial growth model, we extend the dynamic-hat algebra technique
developed in Caliendo et al. (2019) and show that by expressing the equilibrium conditions in
relative time differences, we are able to compute the model without needing to estimate the lev-
els of exogenous fundamentals or assuming that the economy is in the balanced growth path in
the initial period. The intuition is that solving the model in relative time differences requires
conditioning the model on observable allocations, which contain all the information about the
fundamentals, and matching the cross-section of the actual economy in the initial year that does
not need to be in a balanced growth path. Proposition 4 establishes this result. As a previous
step, we first define formally the detrended economy. Appendix E shows how to detrend all the
equilibrium variables and equilibrium conditions, namely, how to express them relative to their
balanced long-run growth. In particular,

Definition 3. Detrended Economy. Denote with a “~” the variable relative to its long-run growth. In the

detrended economy ỹt ⇐ yt/
(
1 + gy

)t
for all variables yt, where gy is the growth rate of variable yt at the

balanced growth path.

At the balanced growth path all the detrended variables are not growing, and as a result, the
equilibrium variables of the detrended model reach a steady state.

Proposition 4. Dynamic-Hat Algebra. Define the variable ŷt+1 as the relative time difference of the

detrended endogenous variable denoted by ỹ; namely, ŷt+1 = ỹt+1/ỹt. Given an initial observed alloca-

tion


λin,0

N,N
i=1,n=1,


µin,0

N,N
i=1,n=1,


wi,0Li,0

N

i=1,


Ki,0
N

i=1,


Li,0
N

i=1


, the parameters and elasticities

15The U.S. TFP data in the 1990s is extracted from https://fred.stlouisfed.org/series/RTFPNAUSA632NRUG. We
use data between 1990 and 2000 to calculate the five-year growth rate of TFP.
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(ϱω, ϱm, θ, ν, γ, ξ, β), the initial rate and growth rate in the arrival of ideas (α0, gα) and a convergent se-

quence of future changes in fundamentals under perfect foresight


κ̂in,t, m̂in,t
N,N,∞

i=1,n=1,t=1, the solution for

the sequence of changes in the model’s endogenous variables in the detrended model


ŷt+1
∞

t=1 does not

require information on the level of fundamentals (trade and migration costs).

Proof. See Appendix F.

In the detrended balanced growth path, Ân = 1, and therefore ŷ = 1 for all variables ỹ. We use
this property of the detrended model to develop an algorithm to compute counterfactuals in the
dynamic spatial growth model, which is described in Appendix G. In addition, as the proposition
establishes, solving the model in relative time differences requires conditioning the model on the
initial observable allocations λin,0, wi,0Li,0, Li,0, µin,0, and Ki,0, and parameters and elasticities θ, ν,
β, δ, ϱω, ϱm, and α0. The previous sections have described our process for collecting these initial
allocations and disciplining the parameters and elasticities in our framework.

Applying dynamic-hat algebra to compute the spatial growth model without assuming that
the economy is initially on the balanced growth path requires conditioning on the factual alloca-
tions in the initial year, which, in our case, is 1990. There are two important aspects of conditioning
on initial observable allocations. First, these initial factual allocations contain all the relevant infor-
mation on initial fundamentals (e.g., productivities, trade costs, migration costs) and also dictate
how far the economy is in its transition to a balanced growth path. Second, one way to inter-
pret the initial allocations is as summarizing the equilibrium or state of the economy due to past
changes in economic fundamentals. Specifically, changes in trade costs, migration costs, and other
policies that affect productivity across provinces in China—such as the special economic zones im-
plemented by 1990—resulted in an equilibrium of the economy that is reflected in the distribution
of economic activity, the level of internal mobility, and trade openness across space, as shown by
the data in 1990. These two features of our approach allow us to use our framework to study the
importance of initial conditions on spatial and aggregate growth in China, which, as mentioned
above, resulted from economic changes prior to 1990. This is a key contribution of our quantitative
empirical analysis which we now proceed to describe.

5 Mechanics of Spatial Growth in China

Table 6 highlights the importance of initial conditions for aggregate growth in China during the
1990s and 2000s. The first row shows that changes in economic fundamentals prior to 1990, as
reflected in the 1990 distribution of economic activity in China, set the economy on a transition
path marked by high economic growth in the following decades. The subsequent rows illustrate
the relative contributions of different sources of growth within this transitional dynamic.

In the 1990s, idea diffusion and capital accumulation contributed roughly equally to aggregate
growth. The second and third rows of Table 6 show that aggregate growth would have been
halved without either mechanism during this period. However, while the contribution of capital
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Table 6: Annual GDP Growth Rates

90-95 90-00 90-05 90-10 90-15

With fundamentals in 1990 10.23% 9.86% 9.51% 9.17% 8.86%
W/o capital accumulation 5.66% 5.46% 5.28% 5.12% 4.98%
W/o idea diffusion (ϱω = 0 , ϱm = 0) 5.22% 4.31% 3.65% 3.15% 2.76%
W/o ideas from people (ϱω = 0 ) 6.03% 5.21% 4.60% 4.14% 3.78%
W/o ideas from goods (ϱm = 0 ) 6.49% 5.73% 5.16% 4.72% 4.38%
W/o technology growth (α0 = 0 ) 5.09% 4.16% 3.48% 2.98% 2.58%

Notes: This table shows the annual GDP growth rate in different cases with 1990 fundamentals. GDP growth with
1990 fundamentals is computed by solving the dynamic spatial growth model with constant fundamentals. The second
row presents the aggregate GDP growth in the absence of capital accumulation. The third row presents the aggregate
growth with capital accumulation and no idea diffusion, obtained by computing the model with ϱω = 0 and ϱm = 0.
The growth rate without idea flows from people is obtained by computing the model with ϱω = 0, and the growth rate
without idea flows from goods is obtained by computing the model with ϱm = 0. The last row presents the case with
no technology growth.

accumulation to transitional growth remained stable during the 2000s, the relative importance of
idea diffusion increased significantly. Initial trade openness and worker mobility facilitated the
spread of ideas and enriched China’s stock of knowledge across locations. As knowledge diffused
and locations expanded their knowledge stocks, individuals contributed better insights to their
local areas and to other regions through migration.

Provinces more open to international trade also benefited disproportionately more from global
insights as the global stock of knowledge grew over time. As we will describe below, this dynamic
is also important for rationalizing the observed heterogeneity in spatial growth in China during
this period. Among the two sources of idea diffusion, rows four and five of Table 6 show that
diffusion through people contributed slightly more to aggregate growth than diffusion through
goods. On the one hand, international trade spread good ideas to all provinces in China, particu-
larly as the global stock of knowledge in 1990 far exceeded China’s domestic stock of knowledge.
On the other hand, idea flows through people had more nuanced effects on growth. For example,
return migration from high-productivity areas stimulated growth in the destination province’s
knowledge stock, while receiving migrants from low-productivity locations slowed knowledge
accumulation. Nonetheless, the best insights from migrants contributed more to a province’s stock
of knowledge (due to a higher diffusion elasticity) than the best insights from goods.

The last row of Table 6 presents the annual growth rates that would occur in the absence
of any technology growth. In this scenario, GDP growth is driven by capital accumulation and
internal migration. The small difference between the last and third rows of the table suggest that
exogenous technology growth alone doesn’t play an important role in aggregate growth in this
period.

In the 1990s and 2000s, China implemented reforms related to changes in trade costs and mi-
gration frictions that may have also influenced aggregate growth. Specifically, when China joined
the World Trade Organization, provinces more exposed to trade may have experienced greater
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relative development compared to less exposed provinces. Similarly, Hukou reforms likely facili-
tated the flow of ideas by increasing mobility across provinces.

Using the framework, we quantitatively assess the impact of these reforms on spatial growth
in China. We capture the changes in trade costs between China and the rest of the world over the
period 1990-2010 using the time variation in bilateral trade shares relative to domestic expenditure
shares across provinces, given by λ̂in,tλ̂ni,t

λ̂ii,tλ̂nn,t
= (κ̂in,tκ̂ni,t)

→θ .16 We also explore migration reforms
in a simple and similar way. We capture the changes in migration frictions across provinces in
China using the cross-variation in five-year mobility rates from 1985-1990 to 2010-2015 as µ̂in,tµ̂ni,t

µ̂ii,tµ̂nn,t
=

(m̂in,tm̂ni,t)
→ 1

v .17

Table 7: Annual GDP Growth Rates: Changes in Fundamentals

90-95 90-00 90-05 90-10 90-15

With fundamentals in 1990 10.23% 9.86% 9.51% 9.17% 8.86%
Fund. in 1990 & change in trade cost 10.32% 10.04% 9.85% 9.57% 9.26%
Fund. 1990 & change in mig. restrictions 10.23% 9.90% 9.58% 9.26% 8.96%
Fund. in 1990 & change in fundamentals 10.32% 10.07% 9.92% 9.66% 9.36%

Notes: The first row of the table reproduces the growth rate with 1990 fundamentals displayed in Table 6. The second
row presents the annual growth rate with 1990 fundamentals and changes in international trade costs. The third row
presents the annual growth rate with 1990 fundamentals and changes in migration restrictions. The fourth row presents
the annual growth rate with 1990 fundamentals and changes in international trade costs and migration restrictions.

Table 7 presents aggregate growth in China attributable to both the 1990 initial conditions and
the changes in international trade costs and migration restrictions during the 1990s and 2000s.
The first row of the table reproduces the growth rate based solely on the 1990 initial conditions,
while the subsequent three rows incorporate the growth effects of changes in trade costs and mi-
gration restrictions. As shown in the table, our second key quantitative finding is that, relative
to the initial conditions, changes in trade costs and mobility restrictions during the transition pe-
riod contributed relatively little to growth—less than one percentage point annually. Another
interpretation of these empirical findings is that the reforms that resulted in changes in economic
fundamentals (e.g., productivity, trade costs, migration costs) before 1990 were much more signif-
icant in setting the economy on a high growth path, relative to those captured by changes in trade
and migration costs in the 1990s and 2000s.

We then turn to analyze the implications of our quantitative analysis for the spatial distribution
of economic activity and spatial growth in China. In particular, in Table 8 we describe how factor
accumulation and idea diffusion influence the spatial distribution of economic activity, measured
by real GDP across provinces in China. This analysis considers both the 1990 initial conditions

16This statistic is known as the Head-Ries index (Head and Ries (2001)) and is widely used in the trade and spatial
literature to measure bilateral trade frictions.

17Note that since Hukou type is assigned to either the origin or the destination province in the data, changes in
mobility frictions are isomorphic to changes in amenities by Hukou type. Also note that most of the Hukou migration
reforms occurred after 2015 (see Fan (2019)).
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and changes in trade and migration costs and compares them with the actual spatial distribution
of real GDP at different points during the economy’s transition in the 1990s and 2000s. In 1990,
the correlation is exactly one by construction because, as previously explained, the dynamic-hat
algebra aligns the model with the data for that year. Over the remainder of the 1990s and into
the 2000s, the table shows that the processes of factor accumulation and idea diffusion in our
framework account for most of the spatial heterogeneity in real GDP, with correlations ranging
between 0.95 and 0.99.

Table 8: Correlation of Real GDP Across Space

1990 1995 2000 2005 2010 2015

Fund. in 1990 & change in fundamentals 1 0.994 0.991 0.984 0.972 0.954

Notes: The table shows the correlations between observed real GDP across provinces in China and the spatial real GDP
based on 1990 initial conditions and changes in economic fundamentals thereafter.

In terms of spatial growth, Figure 4 illustrates how factor accumulation and idea diffusion—
stemming from the 1990 initial conditions and subsequent changes in fundamentals—shape growth
across provinces, and how these results compare with actual growth rates during the economy’s
transition in the 1990s and 2000s.

Each dot in Figure 4 represents a province, and provinces are color-coded by region. As we
can see, capital accumulation and idea diffusion lead to higher growth rates in eastern provinces
such as Guangdong, Jiangsu, Beijing, Shanghai, Fujian, and Zhejiang, aligning with the higher
observed growth rates in these provinces during this period. Conversely, in western and north-
eastern provinces such as Heilongjiang, Liaoning, Gansu, and Tibet, the mechanisms of the spa-
tial model result in lower growth rates, which are also consistent with the relatively lower ob-
served growth rates in these provinces. The only notable outlier is the southern island province
of Hainan, where capital accumulation and idea diffusion in our framework predict much higher
growth rates than the observed factual rates. Excluding Hainan, the spatial correlation between
growth rates derived from factor accumulation and idea diffusion in our framework and the actual
growth rates during the economy’s transition in the 1990s and 2000s is approximately 0.7.

To gain insights how the previously described spatial growth in China materialized, Figure
5 illustrates the relative importance of idea diffusion versus capital accumulation for growth in
each province in China during the 1990s and 2000s. Specifically, the dashed line at one in the
figure represents an equal contribution from both margins in a given province. Values above one
indicate a relatively greater contribution from idea diffusion, while values below one signify a
relatively larger contribution from capital accumulation.
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Figure 4: Growth Across Space (1990 Conditions and Changes in Trade and Migration Costs)
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b) 1990 - 2000
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c) 1990 - 2005
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d) 1990 - 2010
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e) 1990 - 2015
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Notes: The graphs plot the annual growth rates (since 1990) in model against the observed ones. Annual growth rates
in model is obtained by computing the baseline model with 1990 initial conditions and subsequent changes in trade
and migration costs. The dashed line represents a 45-degree line.

Interestingly, in the eastern provinces, where growth rates were relatively higher, growth dur-
ing the 1990s was primarily driven by capital accumulation. As noted earlier, the 1990 initial con-
ditions reflect earlier economic changes, including the establishment of special economic zones,
most of which were located in eastern China. These zones spurred capital investment and trig-
gered rapid capital accumulation during the 1990s. By contrast, in the 2000s, the relative contribu-
tion of idea diffusion as a source of growth increased. Migrants from other regions brought better
insights compared to the previous decade, reflecting the enhanced stock of knowledge in the west-
ern and northern regions resulting from idea diffusion during the 1990s. In fact, in the western
provinces, where growth rates were relatively lower, growth was primarily driven by idea diffu-
sion, as migrants from coastal, high-productivity areas carried good-quality insights and spurred
the local stock of knowledge in the western provinces. This knowledge diffusion benefited the
eastern provinces receiving migrants in the 2000s.

34



Figure 5: Diffusion versus Capital Accumulation

a) 1990 - 1995
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b) 1990 - 2000
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c) 1990 - 2005
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d) 1990 - 2010
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e) 1990 - 2015
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Notes: The graphs show the ratio of annual growth rates (since 1990) in two scenarios: with only idea diffusion versus
with only capital accumulation. A ratio above 1 (dashed red line) indicates that idea diffusion is more important than
capital accumulation in the province. ⇒ indicates values exceeding 9, ↫ indicates values below 0. With only capital
accumulation, the model predicts a negative growth rate for figure (b) (-0.99%) and figure (d) (-0.17%) for Tibet.

Importantly, these growth effects of idea diffusion through trade and migration are crucial for
understanding spatial growth during China’s economic transition in the 1990s and 2000s. To see
this, we consider a version of our model with capital accumulation and exogenous technological
growth but with no idea diffusion. We examine the spatial heterogeneity in growth rates pre-
dicted by this alternative model against data, as shown in Figure 6. The correlation in the first part
of the 1990s is similar to that in Figure 4, as growth in high-growth areas was primarily driven
by capital accumulation, as described previously. However, during the transition, without the
contribution of idea diffusion, the correlation between spatial growth and actual growth drops
to approximately 0.36, as idea diffusion became a more important contributor of growth across
provinces, and especially in high-growth areas. As a result, over the period 1990 to 2015, remov-
ing knowledge diffusion from the model causes the correlation between the model-implied spatial
growth and the observed growth in the data to decline by almost half. This finding reinforces our
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previous message about the importance of both factor accumulation and idea flows through trade
and migration as essential mechanisms for understanding the heterogeneity in spatial growth in
China during its transition in the 1990s and 2000s. As discussed above, we find that the condi-
tions of 1990 are the primary drivers of China’s growth path compared to changes in trade and
migration costs. Therefore, we relegate to Appendix H the results on spatial growth driven solely
by initial conditions, as they closely resemble those resulting from initial conditions and changes
in the fundamentals described in this section.

Figure 6: Annual Growth Rates Without Idea Flows
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b) 1990 - 2000
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c) 1990 - 2005
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d) 1990 - 2010
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e) 1990 - 2015

Correlation: 0.331
Correlation without Hainan: 0.361

Anhui

BeijingFujian

Gansu

Guangdong

Guangxi

Guizhou

Hainan

Hebei

Heilongjiang

Henan
Hubei

Hunan

Inner Mongolia

Jiangsu

Jiangxi
JilinLiaoning

NingxiaQinghai Shaanxi

Shandong

Shanghai

Shanxi
Sichuan

Tianjin

Tibet

XinjiangYunnan
Zhejiang

0%

5%

10%

15%

0% 5% 10% 15%
Actual Growth Rate

G
ro

w
th

 R
at

e

Central
Eastern
Northeastern
Western

Notes: The graphs plot the annual growth rates (since 1990) in model against data. Annual growth rates in model is
obtained by computing the model with 1990 initial conditions and subsequent changes in trade and migration costs,
but we shut down the diffusion channel by setting (ϱω = ϱm = 0). In panel (b), the data point for Tibet (8.1%, -1.0%)
is out of range and not shown. In panel (d), the data point for Tibet (9.5%, -0.2%) is out of range and not shown. The
dashed line represents a 45-degree line.
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6 Concluding Remarks

Using various instruments and province-level data from China, we provide causal evidence that
migrants from more developed regions contribute more significantly to the local knowledge stock
than those from less developed regions. Additionally, we find that provinces with greater open-
ness to imports (instrumented by historical levels of openness) experience higher growth. Moti-
vated by this empirical evidence, we develop a dynamic spatial growth model to study, under-
stand, and quantify the impact of spatial growth on aggregate economic activity. In our model,
internal migration and trade drive spatial growth, as producers and migrants share ideas with one
another. The flow of ideas across space and time serves as the primary mechanism fueling spatial
growth. We show how to take the model to data, enabling quantitative analysis without assuming
that the economy is initially on its balanced growth path, and how to perform counterfactuals
along the transition path.

As an application, we study the importance of trade and migration as engines of growth for
the Chinese economy after 1990. Initial conditions, idea diffusion through international trade and
internal migration, and capital accumulation, play a crucial role in shaping spatial development
and aggregate growth during the 1990s and 2000s in China. Changes in economic fundamentals
driven by trade openness and migration restrictions contribute less to aggregate growth and the
observed heterogeneous spatial development across the country.

The framework can be used to explore a wide range of questions related to spatial and aggre-
gate growth. This opens up interesting avenues for research, such as the study of optimal placed-
based, migration, industrial, and other policies. For instance, the model assumes that firms and
workers do not consider the impact of their insights on the stock of knowledge across locations,
leading to externalities. In such a context, there might be a role for regional policies to correct these
externalities. Furthermore, the framework can also be applied to understand the growth patterns
of cities and towns, and gain a better understanding of issues such as optimal infrastructure in-
vestment across different regions, and the aggregate growth implications of place-based policies.
Also, in the study we have abstracted from a sectoral analysis, where insights from producers and
people in the same industry might be better than those from other industries. The framework is
tractable enough to accommodate this extension.
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Appendix: Mechanics of Spatial Growth

The appendix includes detailed theoretical derivations and proofs, additional quantitative re-
sults, and detailed data descriptions described in the paper.

A Data Sources and Empirical Moments

In this section of the appendix, we provide a detailed description of the data sources and construc-
tion used in the empirical and quantitative analysis.

A.1 Data and Measurements

List of Provinces. The geographic units used in the quantitative analysis are Chinese provinces
and the rest of the world. Strictly speaking, the province-level administrative divisions in China
include provinces, autonomous regions, and municipalities under the direct jurisdiction of the
central government. For simplicity, we call provinces to these highest-level administrative divi-
sions of China. These provinces are Beijing, Tianjin, Hebei, Shanxi, Inner Mongolia, Liaoning, Jilin,
Heilongjiang, Shanghai, Jiangsu, Zhejiang, Anhui, Fujian, Jiangxi, Shandong, Henan, Hubei, Hu-
nan, Guangdong, Guangxi, Hainan, Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai,
Ningxia, and Xinjiang.

Province-Level Data and National Accounts. We obtain GDP, employment, export, and import
data from the China Compendium of Statistics 1949–20081, National Bureau of Statistics online
data 1995–2015, as well as Provincial Statistical Yearbooks 2009–2015. In particular, we obtain
GDP, export, and import data after 1995 from the National Bureau of Statistics online database,
while data prior to 1995 come from the Compendium. We obtain employment data after 2008
from Provincial Statistical Yearbooks and data prior to 2008 from the Compendium. We obtain
patent data from National Statistical Yearbooks 1985–2015.2 The China Compendium of Statistics
consists of three main parts.The first part contains national-level data compiled by the National
Bureau of Statistics. The second part includes provincial, regional, and municipal data compiled
by local statistical bureaus for provinces, autonomous regions, and municipalities under the ju-
risdiction of the central government. The third part provides data for the Special Administrative
Regions of Hong Kong and Macao, edited by the National Bureau of Statistics. The national GDP,
employment, and trade data do not include those of the Hong Kong SAR, Macao SAR, or Taiwan
Province.

We make several adjustments to the data. First, the Chinese national accounts are based on
data provided by local governments to the National Bureau of Statistics (Bai, Hsieh, and Qian

1The digitized data is available at https://data.oversea.cnki.net/yearBook/single?id=N2010042091&pinyinCode=YXZLL
2The digitized data can be extracted from the China statistical yearbooks available at

https://www.stats.gov.cn/english/Statisticaldata/yearbook/ and https://data.stats.gov.cn/easyquery.htm?cn=C01
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(2006), and Chen, Chen, Hsieh, and Song (2019)). Given the incentive for local governments to
overstate local GDP figures and other measurement discrepancies, the National Bureau of Statis-
tics adjusts data reported by local governments to calculate national GDP using independent data
sources. As a result, the reported aggregate national GDP is generally lower than the sum of
the province-level GDPs. To address this discrepancy, we scale down the province-level GDP uni-
formly across all provinces to align with the reported national GDP. We apply the same adjustment
strategy to province-level employment, export, and import data to match their respective national
aggregates.

Second, we account for the evolving status of Chongqing. Prior to 1997, Chongqing was not
designated as a municipality directly under the central government. Since this paper focuses on
China’s economic rise during the 1990s—a period when Chongqing remained part of Sichuan—
we treat Chongqing and Sichuan as a single integrated region, referred to as Sichuan-Chongqing,
or simply Sichuan in quantitative result when the context is clear, throughout our analysis. Rele-
vant variables for the two regions are aggregated accordingly.

Third, for some provinces, measurement units are inconsistent with those used for national
aggregates. For instance, Guangdong Province’s export and import data are inaccurately reported
by the local statistical bureau in units of 100 million Chinese Yuan, despite being labeled as 10,000
Chinese Yuan. We carefully identify and correct such inconsistencies in the data.

International Trade Data. We obtain export and import data between Chinese provinces and
the rest of the world from the China Compendium of Statistics, 1949–2008 and the National Bu-
reau of Statistics online data 1990–2015. This data includes export and import values based on
firm locations for each province. However, the National Bureau of Statistics online database does
not provide province-level trade data for the early 1990s. Therefore, we rely on the China Com-
pendium of Statistics, 1949–2008 to obtain province-level international trade data for the 1980s
and 1990s.

One potential concern about the international trade data from the 1990s is that two government
agencies reported export and import data in China over the last four decades: the Ministry of
Trade and Customs. The names of the Ministry of Trade’s provincial counterparts varied; for
instance, in Shanghai, it was known as the Foreign Trade and Economic Cooperation Commission,
which oversaw export and import data collection in Shanghai before 1999. Historically, during the
1980s and 1990s, trade data for many provinces were reported by the Ministry of Trade, whereas,
in the past two decades, nearly all provinces have had their trade data reported by Customs.

The province-level international trade data from the China Compendium of Statistics are con-
sistent with those from National Bureau of Statistics for the year 2000 onward. For these years, we
rely on the Yearbook data, as it explicitly states the definitions and methodologies used to report
province-level international trade flows between provinces and the rest of the world. However,
for the year 1995, due to mixed sources of province-level export and import data, the trade data
for some provinces in the Compendium show discrepancies compared to the National Bureau
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of Statistics. Specifically, for 1995, the Compendium data for provinces such as Beijing, Fujian,
Guangdong, Guizhou, Hebei, Heilongjiang, Henan, Hunan, Jiangxi, Liaoning, Shaanxi, Shan-
dong, Shanxi, Sichuan, and Zhejiang align with the Yearbook data, with discrepancies smaller
than 3%, while the discrepancies are larger for the remaining provinces.

We use the deviations between the Compendium and National Bureau of Statistics data in 1995
to adjust the data for 1985 and 1990. A potential concern is that the data sources for 1985, 1990,
and 1995 in the Compendium might differ, making this adjustment less reliable. Reassuringly,
the international trade data for all provinces except Gansu are reported by the same government
agency across these years.3

GDP Data. We use the GDP deflator from the World Development Indicators compiled by the
World Bank, to compute the real GDP of each province at 1990 prices. We rely on the Penn World
Table 10.0 (PWT 10.0) to construct data for the rest of the world. The PWT 10.0 reports real GDP
at constant 2017 national prices (rgdpna) and employment (emp). We first keep all countries but
China. Second, we drop countries with missing data for either GDP or employment. We aggregate
all countries in our sample to obtain GDP and employment for the rest of the world. The World
Development Indicators database reports the world GDP deflator from 1985 to 2017. Combining
the two data sources, we compute GDP for the rest of the world at current year prices and real
GDP at 1990 prices. We express GDP, exports, and imports in 100 million USD, while employment
is measured in units of 10,000 people.

Capital Stock. We follow Shan (2008) to estimate province-level capital stock from 1952 to 2015.
We use the perpetual inventory method to estimate the time series of capital stock. For capital
stock at the base year, we follow Young (2003), using 10 percent of the gross capital formation in
1952. As Young (2003) and Bai et al. (2006) argue, the most appropriate measure of investment in
China is fixed capital formation. We obtain this measure from the China Compendium of Statistics
and National Bureau of Statistics. The investment price deflator is constructed by Shan (2008)
based on official statistics. We follow Shan (2008) to choose the value for the depreciation rate.

For the rest of the world, we obtain capital stock at constant 2017 national prices from the PWT.
We deflate country-level capital stock to reflect 1990 national prices using the GDP deflator. We
further adjust the capital stock of the rest of the world by matching the percentage gross fixed cap-
ital formation in GDP compiled by the World Bank. We start from the aggregate capital stock of
all countries (including China) in 1985 according to the PWT. We adjust for the aggregate capital
stock in the years 1990, 1995, 2000, 2005, 2010, and 2015 to match the average gross capital forma-
tion (percentage of GDP) in 1985-1990, 1990-1995, 1995-2000, 2000-2005, 2005-2010, and 2010-2015
respectively. Afterward, by excluding the capital stock of China, we obtain the capital stock for
the rest of the world.

3The international trade data for Gansu in 1985 and 1990 were reported by the Ministry of Foreign Trade, while
the data for 1995 were sourced from Customs Statistics. Gansu represents a very small fraction of China’s international
trade; in 1990, its exports accounted for 0.24% of the national total, while its imports made up 0.18% of the national
total.
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Input Shares. We compute the values of γ = 0.38 and ξ = 0.54, which correspond to the pa-
rameter values for the year 1990 from world’s aggregates in the Eora multi-region input-output
table.

Gross Migration Flows. The People’s Republic of China (PRC) conducted its first population
census in 1953, with subsequent censuses held in 1964, 1982, 1990, 2000, 2010, and 2020. Between
these full censuses, inter-census surveys, or mini-censuses, were conducted in 1987, 1995, 2005,
and 2015, each sampling 1% of the total population. Migration data was first collected during the
1987 mini-census. This study uses migration data from Chinese population censuses and surveys
conducted in 1987, 1990, 1995, 2000, 2005, 2010, and 2015. Data from 1987, 1995, 2005, and 2015
are drawn from 1% sample surveys, while data from 1990, 2000, and 2010 are obtained from full
population censuses.

We focus on inter-province migration flows for several reasons. First, all population censuses
and mini-censuses report inter-province migration flow matrices, providing a consistent and com-
parable measure of spatial mobility across time from 1990 to 2015. Second, obtaining migration
flows at a more granular geographic level typically requires using micro-samples from population
or mini-censuses. However, inter-city migration flow data is unavailable in the micro-sample of
the 1990 population census, and there is no access to the micro-sample of the 1995 mini-census.
While the micro-sample of the 2000 population census includes province-to-city migration in-
formation, the 1990s represent a crucial period of analysis for this paper. Therefore, we focus
exclusively on inter-province migration flows.

For inter-provincial migration between 1995 and 1990, we directly obtain the data from the
1990 Population Census, where respondents reported both their current province of residence and
the province they lived in five years earlier. In the 2000 and 2010 Population Censuses, there were
both short and long forms. All individuals completed the short form, while 10% of the population
filled out the long form. The long form included migration-related questions for respondents
aged five years and older. We extracted the inter-provincial migration flow matrix from responses
on the long form, then scaled the migration flow and stayers values proportionally to match the
total population aged five and older. For the 1987, 1995, 2005, and 2015 surveys, we obtain inter-
provincial migration matrices and similarly scale the migration flows and stayers values to align
with the total population aged five and older.

Hukou Status We obtain the total number of people holding Hukou from different provinces
within a given province (Hukou stocks) using data from the Chinese population censuses and
surveys conducted in 1987, 1990, 1995, 2000, 2005, 2010, and 2015. For the Hukou stocks in 1990,
the data is directly sourced from the 1990 Population Census. For the 2000 and 2010 censuses,
the data is derived from the short-form respondents. For the years 1987, 1995, 2005, and 2015, we
obtain the Hukou stocks matrices and scale the values to align with the total population.
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Migration Flows Conditional on Hukou Status In the quantitative exercise, we use inter-provincial
migration flows conditional on Hukou status between 1985 and 1990. To do so, we use IPUMS
data to construct a migration flow matrix by Hukou status. Specifically, we rely on the 1% sample
from the 1990 Population Census provided by IPUMS to calculate migration flows for the period
1985-1990.

To construct the migration flows for 1985-1990, we proceed as follows. Using the 1% sample
from the 1990 Census, we focus on the working-age population (15-64) and retain only those
who were actively employed in 1990. We apply a weight to each province to ensure that the
provincial employment shares in our sample match the shares reported in the China Compendium
of Statistics.

Figure A.1: Data validation
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Notes: This figure shows each province’s employment share in the national total employment. The horizontal axis
represents the employment share based on the 1% micro sample from the 1990 population census, while the vertical
axis represents the employment share based on the 1985 data from the China Compendium of Statistics 1949–2008.

For each individual, we determine their Hukou location as follows. In the 1990 Census, re-
spondents were asked about the status and nature of their Hukou registration. If a respondent
chose "(1) residing and registered here," we assign their 1990 location as their Hukou place. If they
chose "(2) residing here for over 1 year, but registered elsewhere," "(3) living here for less than
1 year but absent from the registration place for over 1 year," or "(4) living here with unsettled
registration," we assign their Hukou place as the province they lived in during 1985.

For respondents whose Hukou status falls under categories (2)-(4) but who remained in the
same province in both 1985 and 1990 (i.e., "stayers"), we assign their Hukou location based on the
following procedure. We first identify a sample of migrants who changed their residence province
between 1985 and 1990, as recorded in the data. For each destination province, we calculate the
share of migrants coming from each origin province, then assign the Hukou place to the stayer
according to this distribution.4 For each Hukou location (at the provincial level), we construct a

4A potential concern is step migration, i.e., a person does not directly migrate from her registration location to the
current location. We cannot check this using the 1990 census. Imbert, Seror, Zhang, and Zylberberg (2022) uses 2005
mini census data to show that step migration was negligible in 2000-2005. We do not expect this to be any different for
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five-year migration flow matrix from origin to destination provinces. By combining this migration
matrix with the 1990 Census data, we can verify whether the employment share of each province,
relative to the nationwide total, aligns with the figures reported in the China Compendium of
Statistics (see Figure A.1).

Measures for Knowledge We measure knowledge using patent flow and accumulated patents
(patent stock) per capita. Province-level data on patents applications and patents granted were
obtained from the National Statistical Yearbooks compiled by National Bureau of Statistics for the
years 1985 to 2015. There are three types of patents: innovation, utility, and design. For each type,
the yearbook reports the number of patent applications and patents granted in a given year. To
proxy the measure of knowledge stock, we calculate the cumulative number of patents granted of
all three types at the provincial level for each year, starting from 1985. Using this data, we compile
province-level knowledge stock for the years 1985, 1990, 1995, 2000, 2005, 2010, and 2015, enabling
us to calculate changes in knowledge stock every five years from 1985 to 2015. For data on patents
granted in the rest of the world, we use information from Google Patent spanning 1985–2015,
following the methodology of Liu and Ma (2021). To represent global patent stocks, we use data
from Google Patents data, which serves as a reliable counterpart to PATSTAT.

Our province-level patent data are obtained from the China Statistical Yearbooks compiled by
the National Bureau of Statistics, with the patents themselves sourced from China’s State Intellec-
tual Property Office (SIPO). Figure A.2 shows that patents are highly correlated with measured
TFP and knowledge stock (A) at the provincial level. This finding is related to the one presented
in König et al. (2022); where using the same data source find a positive correlation between TFP,
R&D, and patenting.

Stock of Knowledge in the Model We derive the model inversion used to estimate the initial

local stock of knowledge. We start from the domestic expenditure λnn,0 = An,0

(
xn,0

Pn,0/T

)→θ
. Using

this equation, we obtain

An,0 =




B

(
w

ξ
n,0r

1→ξ
n,0

)γ
P

1→γ
n,0

Pn,0/T





θ

λnn,0.

Using the first-order condition of the firm’s problem, wn0Ln0
rn0Kn0

= ξ
1→ξ , we obtain

An,0 = (BT)θ
(

1 → ξ

ξ

)(1→ξ)γθ



wn,0Ln0

Pn,0

(Kn,0)
1→ξ (Ln,0)

ξ




γθ

λnn,0.

Finally, using the fact that wn,0Ln0 = ξ (wn,0Ln,0 + rn,0Kn,0), we find that the initial stock of

the period 1985 to 1990.
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Figure A.2: Patent Count, Measured TFP, and Knowledge Stock
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Notes: The left panel shows the correlation between cumulative patent counts and measured Total Factor Productivity
(TFP), while the right panel shows the correlation between cumulative patent counts and knowledge stock. Each dot
represents a province in a specific year. The patent data are sourced from the National Statistical Yearbooks, compiled
by the National Bureau of Statistics. Measured TFP and knowledge stock are calculated by the authors.

knowledge across locations is given by

An,0 = Υ

(
Real GDPn,0

(Kn,0)
1→ξ (Ln,0)

ξ

)γθ

λnn,0,

where Υ = (BT)θ (1 → ξ)(1→ξ)γθ (ξ)ξγθ = Γ
(

1 → η→1
θ

) θ
1→η

[
γ→γ (1 → γ)γ→1

θ
.

A.2 Descriptive Patterns

We begin by categorizing provinces into four regions—eastern, central, western, and northeastern—
based on classifications from the National Bureau of Statistics and examine inter-regional migra-
tion flows. Next, we present the level of real GDP across provinces and the annual growth rates
of real GDP for each province. One takeaway is that provinces experienced uneven economic
growth in this period. We then focus on migration patterns from major origin provinces and to key
destination provinces, showing that both origins and destinations exhibit significant geographic
diversity.

Real GDP Levels and Growth

Figure A.3 shows the dispersion in levels of real GDP across provinces in China for different time
periods.
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Figure A.3: GDP by Provinces
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Notes: The figure presents the level of real GDP for each province in China over different time periods.

Table A.1 shows the annual growth rates of real GDP in each province in data.

Cross-region Migration

People migrated across all regions and not necessarily to the geographically less distant region.
In addition, not all migration is to coastal areas (high-growth places), and coastal areas received
migrants from all locations, not only from the geographically closer provinces. To illustrate these
migration patterns, we categorize provinces into four regions as described above, and exam inter-
regional migration flows. We focus on migration patterns from major origin provinces and to key
destination provinces, showing that both origins and destinations exhibit significant geographic
diversity. Figure A.4 illustrates cross-region migration flows in China. The figure highlights that a
significant number of migrants move from the central, eastern, and western regions to the eastern
region. While the eastern region is a major destination, it also serves as an important source of
migrants relocating to the central, eastern, and western regions.

In-migration

Inter-province migration gained momentum in the 1980s, with a significant surge in the 1990s.
All provinces receive significant number of migrants. The primary destination provinces were
Guangdong, Jiangsu, Beijing, Shanghai, and, later, Zhejiang (Figure A.5).

Among migrants to Guangdong, the top destination province, the sources of origin span a
wide geographic range, from South to North and East to West. In the late 1980s and early 1990s,
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Table A.1: Annual Growth Rates of Real GDP
Province 1990-1995 1995-2000 2000-2005 2005-2010 2010-2015
Beijing 11.91% 13.86% 12.56% 10.28% 7.71%
Tianjin 11.68% 8.61% 10.45% 11.00% 6.87%
Hebei 11.80% 8.68% 9.44% 9.84% 5.12%
Shanxi 7.76% 8.71% 12.85% 11.21% 3.08%
Inner Mongolia 9.25% 9.71% 13.65% 12.64% 6.69%
Liaoning 8.79% 8.15% 5.19% 8.32% 4.95%
Jilin 9.16% 6.39% 5.60% 12.46% 6.47%
Heilongjiang 7.73% 7.14% 6.65% 6.36% 4.26%
Shanghai 13.31% 11.08% 9.62% 8.70% 5.61%
Jiangsu 16.10% 7.99% 11.90% 12.22% 8.55%
Zhejiang 17.96% 8.89% 11.85% 10.38% 6.81%
Anhui 10.75% 7.90% 8.51% 12.71% 9.50%
Fujian 18.38% 9.72% 7.14% 12.75% 9.37%
Jiangxi 9.61% 8.67% 10.26% 13.16% 9.38%
Shandong 13.70% 8.14% 9.79% 10.63% 7.37%
Henan 13.14% 8.40% 10.92% 11.50% 7.46%
Hubei 8.20% 8.27% 8.61% 14.34% 10.36%
Hunan 10.67% 8.07% 8.24% 13.76% 9.91%
Guangdong 17.17% 10.00% 10.97% 10.27% 7.32%
Guangxi 14.09% 4.21% 8.30% 12.23% 8.66%
Hainan 15.51% 5.12% 6.83% 12.21% 10.10%
Sichuan 11.71% 7.33% 8.92% 13.11% 9.93%
Guizhou 7.23% 7.46% 9.30% 12.66% 15.35%
Yunnan 9.42% 8.01% 7.37% 11.50% 11.10%
Tibet 3.26% 13.20% 11.32% 10.45% 12.23%
Shaanxi 8.25% 9.02% 11.87% 14.98% 9.74%
Gansu 5.90% 10.81% 7.96% 10.51% 7.79%
Qinghai 6.82% 6.82% 9.42% 12.29% 9.00%
Ningxia 9.39% 8.31% 10.24% 16.13% 7.52%
Xinjiang 12.56% 8.17% 8.89% 10.63% 8.73%

Notes: GDP growth in data. GDP after 1995 are from the National Bureau of Statistics online database, while data prior
to 1995 come from the Cempendium.
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Figure A.4: Cross-region Bilateral Migration Flows

Notes: These figures illustrate cross-region migration flows within the country every five years from 1985 to 2015,
measured in millions of people. The Eastern regions include Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian,
Shandong, Guangdong, and Hainan. The Central regions consist of Shanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan.
The Western regions encompass Inner Mongolia, Guangxi, Sichuan, Chongqing, Guizhou, Yunnan, Tibet, Shaanxi,
Gansu, Qinghai, Ningxia, and Xinjiang. Lastly, the Northeastern regions include Liaoning, Jilin, and Heilongjiang.The
data are sourced from population censuses and mini-censuses conducted in various years.
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Figure A.5: Distribution of In-migration across Provinces
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Notes: These figures show the distribution of in-migration across provinces every five years from 1985 to 2015, measured
in millions of people. The data are sourced from population censuses and mini-censuses conducted in various years.

11



Sichuan, Chongqing, Guangxi, and Hunan were the primary sources. By the late 1990s and early
2000s, Henan, Hubei, and Jiangxi also emerged as major contributors, each sending over 800,000
people to Guangdong within a five-year period (Figure A.6).

Notably, Guangdong later became significant sources of migrants relocating to other regions,
as we will illustrate next.

Out-migration

All provinces experience a notable number of outmigrants (Figure A.7). Leading the list are
Sichuan, Chongqing, Henan, Hunan, and Anhui. Figures A.8 and A.9 illustrate that the desti-
nation provinces for migrants from these top origin provinces are also geographically diverse.

Figure A.8 illustrates that the destination provinces of migrants from the top origin provinces
are also geographically diverse. Sichuan and Chongqing, located in the Midwest of mainland
China, have seen the majority of their migrants move to Guangdong in the Southwest. By the late
1990s, Zhejiang in the East emerged as the second-largest destination, followed by Fujian in the
Southeast, Xinjiang in the Northwest, and Yunnan in the South.

Since we combine Sichuan and Chongqing into one geographic unit, the fact that they send out
the most number of outmigrants might be driven by the size of population. Hence, we also report
the the Sankey diagram in Figure A.9 for origin provinces that send the second largest number of
migrants to other provinces. Notably, Henan surpassed Sichuang and Chongqing combined and
became the largest origin province between 2010 and 2015.
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Figure A.6: Distribution of Source Provinces Among Migrants to Guangdong

Notes: These figures show migration flows from other provinces to Guangdong, the largest migration destination,
every five years from 1985 to 2015, measured in millions of people. The data are sourced from population censuses and
mini-censuses conducted in various years.
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Figure A.7: Distribution of Out-migration across Provinces

0

2

4

6

8

T
o

ta
l O

u
t−

M
ig

ra
n

ts
 (

in
 m

ill
io

n
s)

S
ic

h
u

a
n

&
C

h
o

n
g

q
in

g

H
e

b
e

i

Z
h

e
jia

n
g

Ji
a

n
g

su

H
e

ilo
n

g
jia

n
g

H
e

n
a

n

G
u

a
n

g
xi

S
h

a
n

d
o

n
g

A
n

h
u

i

H
u

n
a

n

S
h

a
a

n
xi

Ji
lin

H
u

b
e

i

G
u

iz
h

o
u

In
n

e
r 

M
o

n
g

o
lia

L
ia

o
n

in
g

Ji
a

n
g

xi

G
a

n
su

Y
u

n
n

a
n

X
in

jia
n

g

G
u

a
n

g
d

o
n

g

F
u

jia
n

S
h

a
n

xi

S
h

a
n

g
h

a
i

B
e

iji
n

g

H
a

in
a

n

Q
in

g
h

a
i

T
ia

n
jin

N
in

g
xi

a

T
ib

e
t

Total Number of Migrants to Other Provinces  (1985−1990)

0

2

4

6

8

T
o

ta
l O

u
t−

M
ig

ra
n

ts
 (

in
 m

ill
io

n
s)

S
ic

h
u

a
n

&
C

h
o

n
g

q
in

g

H
e

b
e

i

Z
h

e
jia

n
g

Ji
a

n
g

su

H
e

ilo
n

g
jia

n
g

H
e

n
a

n

G
u

a
n

g
xi

S
h

a
n

d
o

n
g

A
n

h
u

i

H
u

n
a

n

S
h

a
a

n
xi

Ji
lin

H
u

b
e

i

G
u

iz
h

o
u

In
n

e
r 

M
o

n
g

o
lia

L
ia

o
n

in
g

Ji
a

n
g

xi

G
a

n
su

Y
u

n
n

a
n

X
in

jia
n

g

G
u

a
n

g
d

o
n

g

F
u

jia
n

S
h

a
n

xi

S
h

a
n

g
h

a
i

B
e

iji
n

g

H
a

in
a

n

Q
in

g
h

a
i

T
ia

n
jin

N
in

g
xi

a

T
ib

e
t

Total Number of Migrants to Other Provinces  (1990−1995)

0

2

4

6

8

T
o

ta
l O

u
t−

M
ig

ra
n

ts
 (

in
 m

ill
io

n
s)

S
ic

h
u

a
n

&
C

h
o

n
g

q
in

g

H
e

b
e

i

Z
h

e
jia

n
g

Ji
a

n
g

su

H
e

ilo
n

g
jia

n
g

H
e

n
a

n

G
u

a
n

g
xi

S
h

a
n

d
o

n
g

A
n

h
u

i

H
u

n
a

n

S
h

a
a

n
xi

Ji
lin

H
u

b
e

i

G
u

iz
h

o
u

In
n

e
r 

M
o

n
g

o
lia

L
ia

o
n

in
g

Ji
a

n
g

xi

G
a

n
su

Y
u

n
n

a
n

X
in

jia
n

g

G
u

a
n

g
d

o
n

g

F
u

jia
n

S
h

a
n

xi

S
h

a
n

g
h

a
i

B
e

iji
n

g

H
a

in
a

n

Q
in

g
h

a
i

T
ia

n
jin

N
in

g
xi

a

T
ib

e
t

Total Number of Migrants to Other Provinces  (1995−2000)

0

2

4

6

8

T
o

ta
l O

u
t−

M
ig

ra
n

ts
 (

in
 m

ill
io

n
s)

S
ic

h
u

a
n

&
C

h
o

n
g

q
in

g

H
e

b
e

i

Z
h

e
jia

n
g

Ji
a

n
g

su

H
e

ilo
n

g
jia

n
g

H
e

n
a

n

G
u

a
n

g
xi

S
h

a
n

d
o

n
g

A
n

h
u

i

H
u

n
a

n

S
h

a
a

n
xi

Ji
lin

H
u

b
e

i

G
u

iz
h

o
u

In
n

e
r 

M
o

n
g

o
lia

L
ia

o
n

in
g

Ji
a

n
g

xi

G
a

n
su

Y
u

n
n

a
n

X
in

jia
n

g

G
u

a
n

g
d

o
n

g

F
u

jia
n

S
h

a
n

xi

S
h

a
n

g
h

a
i

B
e

iji
n

g

H
a

in
a

n

Q
in

g
h

a
i

T
ia

n
jin

N
in

g
xi

a

T
ib

e
t

Total Number of Migrants to Other Provinces  (2000−2005)

0

2

4

6

8

T
o

ta
l O

u
t−

M
ig

ra
n

ts
 (

in
 m

ill
io

n
s)

S
ic

h
u

a
n

&
C

h
o

n
g

q
in

g

H
e

b
e

i

Z
h

e
jia

n
g

Ji
a

n
g

su

H
e

ilo
n

g
jia

n
g

H
e

n
a

n

G
u

a
n

g
xi

S
h

a
n

d
o

n
g

A
n

h
u

i

H
u

n
a

n

S
h

a
a

n
xi

Ji
lin

H
u

b
e

i

G
u

iz
h

o
u

In
n

e
r 

M
o

n
g

o
lia

L
ia

o
n

in
g

Ji
a

n
g

xi

G
a

n
su

Y
u

n
n

a
n

X
in

jia
n

g

G
u

a
n

g
d

o
n

g

F
u

jia
n

S
h

a
n

xi

S
h

a
n

g
h

a
i

B
e

iji
n

g

H
a

in
a

n

Q
in

g
h

a
i

T
ia

n
jin

N
in

g
xi

a

T
ib

e
t

Total Number of Migrants to Other Provinces  (2005−2010)

0

2

4

6

8

T
o

ta
l O

u
t−

M
ig

ra
n

ts
 (

in
 m

ill
io

n
s)

S
ic

h
u

a
n

&
C

h
o

n
g

q
in

g

H
e

b
e

i

Z
h

e
jia

n
g

Ji
a

n
g

su

H
e

ilo
n

g
jia

n
g

H
e

n
a

n

G
u

a
n

g
xi

S
h

a
n

d
o

n
g

A
n

h
u

i

H
u

n
a

n

S
h

a
a

n
xi

Ji
lin

H
u

b
e

i

G
u

iz
h

o
u

In
n

e
r 

M
o

n
g

o
lia

L
ia

o
n

in
g

Ji
a

n
g

xi

G
a

n
su

Y
u

n
n

a
n

X
in

jia
n

g

G
u

a
n

g
d

o
n

g

F
u

jia
n

S
h

a
n

xi

S
h

a
n

g
h

a
i

B
e

iji
n

g

H
a

in
a

n

Q
in

g
h

a
i

T
ia

n
jin

N
in

g
xi

a

T
ib

e
t

Total Number of Migrants to Other Provinces  (2010−2015)

Notes: These figures show the distribution of out-migration across provinces every five years from 1985 to 2015, mea-
sured in millions of people. The data are sourced from population censuses and mini-censuses conducted in various
years.
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Figure A.8: Distribution of Out-migration across Provinces

Notes: These figures show migration flows from the largest migration origin to other provinces every five years from
1985 to 2015, measured in millions of people. The data are sourced from population censuses and mini-censuses con-
ducted in various years.
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Figure A.9: Distribution of Out-migration across Provinces

Notes: These figures show migration flows from the second largest migration origin to other provinces every five years
from 1985 to 2015, measured in millions of people. The data are sourced from population censuses and mini-censuses
conducted in various years.
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B Identification Strategy – Migration, Trade, Idea Flows

B.1 Regressions using Card IV

We present the first-stage results of the IV regression using Card (2001)’s instrument in Table B.1.
Results suggest a strong correlation in the first stage.

Table B.1: First Stage Results for Card IV

MigrationH

n,t MigrationL

n,t (Import/GDP)n,t
(1) (2) (3)

MigrationH,Card IV
n,t 0.598*** -0.333 0.482***

(0.15) (0.46) (0.10)
MigrationL,Card IV

n,t 0.031 0.819*** -0.093***
(0.03) (0.09) (0.02)

(Import/GDP)n,t→1 -0.090 -0.008 0.452***
(0.10) (0.18) (0.04)

Observations 150 150 150
R

2 0.793 0.810 0.751
Number of provinces 30 30 30
Year FE ↭ ↭ ↭

Province FE ↭ ↭ ↭

F-statistic 16.41 18.72 48.26

Notes: This table shows the first-stage results of the IV regression using Card (2001)’s instrument. Migrants are sep-
arated into those from high-TFP provinces (MigrationH

n,t) and low-TFP provinces (MigrationL

n,t). High-TFP provinces
are defined as those with TFP levels above the national mean in 1990, while the remaining provinces are classified
as low-TFP. Migrationk

n,t, where k = H, L, are measured in units of 10,000 people. is measured in units of 1 percent-
age point. Dependent variables in column (1)-(3) areMigrationH

n,t, MigrationL

n,t, and (Import/GDP)n,t, respectively.
Migrationk,Card IV

n,t is the instrument for Migrationk

n,t, where k = H, L, following Card (2001), and (Import/GDP)n,t→1

is the instrument for (Import/GDP)n,t. We report the Sanderson-Windmeijer F-statistic in the first stage. All columns
include controls for year and province fixed effects. Robust standard errors, clustered at the province level, are reported
in parentheses, and *, **, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

B.2 Regressions using Burchardi IV

We also construct instruments proposed by Burchardi et al. (2020). We first estimate, for each t,

Min,t = δn,t + δi,t +
t

∑
τ=1982

aτ,t Ii,→n,τ
I→i,n,τ

I→i,·,τ
+ νin,t, (1)

where Ii,→n,τ is the total number of migrants flowing from i at τ who arrive in provinces outside of
the province n, which captures a “push” shock from i. I→i,n,τ

I→i,·,τ
is the share of migrants flowing from

provinces other than i who arrive in n at τ, capturing a “pull” shock to n. Min,t is the stock of
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migrants in province n from province i, measured by the number of residents in province n that
have their Hukou from province i. The terms δi,t and δn,t are origin and destination province fixed
effects, respectively. We estimate (1) separately for each t = 1995, 2000, 2005, 2010, 2015. We then
derive the predicted stock of migrants

M̂in,t =
t

∑
τ=1982

âτ,t

(
Ii,→n,τ

I→i,n,τ

I→i,·,τ

)⇑
,

where âτ,t are the coefficients estimated from (1), and
(

Ii,→n,τ
I→i,n,τ
I→i,·,τ

)⇑
is the obtained from residu-

alizing Ii,→n,τ
I→i,n,τ
I→i,·,τ

with respect to δn,t and δi,t in (1). Having predicted migration stocks in hands,
we apply the shift-share approach by interacting the predicted migration stock in a province with
its migration flow from the same origin province,

Iin,t = δn,t + δi,t + δt + bt

[
M̂in,t ↔

(
Ii,→n,t

I→i,n,t

I→i,→n,t

)]
+ uin,t

where δi,t, δn,t, and δt are origin province, destination province, and time fixed effects, respectively,
and Ii,→n,t

I→i,n,t
I→i,→n,t

is a scaled push shock from i. uin,tis an error term.
We finally construct our instrument for the total number of migrating arriving in province n in

period t, Immigration
n,t, in (1),

Îin,t = b̂t

[
M̂in,t ↔

(
Ii,→n,t

I→i,n,t

I→i,→n,t

)]
.

Finally, we construct our IV as

I
j,BCHTT IV
n,t = ∑

i↓I j

Îin,t, j = L, H.

Identifying assumption. The identification assumption for our IV, constructed following Card
(2001), is that εn,t is orthogonal to Ii·,t ↔ Iin,t→1

Ii·,t→1
for all i and t. This requires that any unobserved

shocks εn,t that cause temporary increases in a given destination province’s knowledge growth
do not systematically correlate with migrants from an origin province to other provinces (Ii·,t)
interacted with the share of migrants in that destination five years ago ( Iin,t→1

Ii·,t→1
).

The identification assumption of our IV, constructed following Burchardi et al. (2020), is that
M̂in,t is exogenous. The corresponding exclusion restriction is that εn,t is orthogonal to Ii,→n,τ ↔
I→i,n,τ
I→i,·,τ

for all i and τ ⇓ t. This requires that any unobserved shocks εn,t affecting knowledge growth
in a given destination province do not systematically correlate with migration from an origin
province to other provinces, excluding the given destination province (Ii,→n,τ), interacted with the
share of migrants in that destination among those not flowing from the given origin province
( I→i,n,τ

I→i,·,τ
).
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Table B.2: First-stage Results for Burchardi et al. IV

MigrationH

n,t MigrationL

n,t (Import/GDP)n,t
(1) (2) (3)

MigrationH,BCHT IV
n,t -2.809** -4.711 -1.468

(1.11) (2.87) (1.09)
MigrationL,BCHT IV

n,t 0.779*** 3.470*** 0.123
(0.15) (0.75) (0.09)

(Import/GDP)n,t→1 -0.197 0.405* 0.314**
(0.21) (0.21) (0.14)

Observations 150 150 150
R

2 0.649 0.725 0.530
Number of provinces 30 30 30
Year FE ↭ ↭ ↭

Province FE ↭ ↭ ↭

F-statistic 12.93 11.11 6.12

Notes: This table shows the first-stage results of the IV regression using Burchardi et al. (2020)’s instrument. Mi-
grants are separated into those from high-TFP provinces (MigrationH

n,t) and low-TFP provinces (MigrationL

n,t). High-
TFP provinces are defined as those with TFP levels above the national mean in 1990, while the remaining provinces
are classified as low-TFP. Migrationk

n,t, where k = H, L are measured in units of 10,000 people. is measured in units
of 1 percentage point. Dependent variables in column (1)-(3) are MigrationH

n,t, MigrationL

n,t, and (Import/GDP)n,t,
respectively. Migrationk,BCHT IV

n,t is the instrument for Migrationk

n,t, where k = H, L, following Burchardi et al. (2020),
and (Import/GDP)n,t→1 is the instrument for (Import/GDP)n,t. We report the Sanderson-Windmeijer F-statistic in the
first stage. All columns include controls for year and province fixed effects. Robust standard errors, clustered at the
province level, are reported in parentheses, and *, **, and *** denote statistical significance at the 10%, 5%, and 1%
levels, respectively.

As our migration stocks measure started in 1990, we lost one cross section of data. To make
coefficients comparable, we run our OLS specification using data after 1990. We present our results
in Table B.3.

C Proofs and Derivations of Idea Diffusion

In this appendix, we derive the idea diffusion process with a generic source distribution of in-
sights. We then endogenize the source distribution as a result of idea diffusion from migrants and
sellers.

C.1 Law of Motion of the Stock of Knowledge

We present two distinct approaches to derive the endogenous emergence of the Fréchet distribu-
tion for frontier productivity and subsequently link them to the existing literature.
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Table B.3: Migration, Trade, and Changes in Patents

Granted Filed

Flow Stock Flow Stock

∆Patent Per Capita (1) (2) (3) (4)

ImmigrationH

n,t 0.46*** 0.62*** 0.82*** 1.20***
(0.10) (0.21) (0.12) (0.28)

ImmigrationL

n,t -0.06* -0.08 -0.11*** -0.18***
(0.03) (0.05) (0.04) (0.06)

(Import/GDP)n,t 0.62*** 1.04*** 0.77*** 1.62***
(0.17) (0.14) (0.18) (0.21)

Observations 150 150 150 150
R

2 0.698 0.712 0.756 0.779
Number of provinces 30 30 30 30
Year FE ↭ ↭ ↭ ↭

Province FE ↭ ↭ ↭ ↭

Notes: This table presents the correlation between changes in patents per capita and migration as well as the import-
to-GDP ratio across provinces. Migrants are separated into those from high-TFP provinces (MigrationH

n,t) and low-TFP
provinces (MigrationL

n,t). High-TFP provinces are defined as those with TFP levels above the national mean in 1990,
while the remaining provinces are classified as low-TFP. Migrationk

n,t, where k = H, L are measured in units of 10,000
people. is measured in units of 1 percentage point. Patents per capita are expressed as the number of patents per 10,000
residents, including both migrants and stayers in 1990. The dependent variables in columns (1) to (4) are the flow per
capita of granted patents, the stock per capita of granted patents, filed patent flow per capita, and filed patent stock
per capita, respectively. The data covers years 1995, 2000, 2005, 2010, and 2015. All columns include controls for year
and province fixed effects. Robust standard errors, clustered at the province level, are reported in parentheses, and *,
**, and *** denote statistical significance at the 10%, 5%, and 1% levels, respectively.

C.1.1 Approach 1: Distribution in Time Difference (Limit)

The arrival of new ideas between t and t + 1drives changes in the distribution of frontier knowl-
edge. Our focus is on the evolution of the entire distribution over each unit time interval.

We start by providing a proof of Proposition 1 and then derive the law of motion with idea
flows after specifying the external source of ideas. In this section we use uppercase letters for
random variables, and lowercase letters for their realized values.

Proposition 1. Under Assumption 1, between t and t + 1, the probability that the best new idea has

productivity no greater than q, F
best new

t
(q), is given by

F
best new

t (q) = exp
(
→αtq

→θ
∫ ∞

0
x

ϱθ
dGt(x)

)

in the limiting case when z̄ ≃ 0.

Proof. For any new idea that arrives between time t and t + 1, the probability at time t that its
productivity is no greater than q is given by
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F
new

t (q)

= Pr[ZQ
↘ϱ ⇓ q]

=
∫ ∞

0
Pr

[
Z ⇓ q

Q↘ϱ

 q
↘
]

dGt(q
↘)

=
∫ (q/z̄)1/ϱ

0
Pr

[
Z ⇓ q

Q↘ϱ

 q
↘
]

dGt(q
↘) +

∫ ∞

(q/z̄)1/ϱ
Pr

[
Z ⇓ q

Q↘ϱ

 q
↘
]

dGt(q
↘)

=
∫ (q/z̄)1/ϱ

0
Pr

[
Z ⇓ q

Q↘ϱ

 q
↘
]

dGt(q
↘).

=
∫ (q/z̄)1/ϱ

0
H

(
q

q↘ϱ

)
dGt(q

↘),

where the fourth equality follows from the fact that Pr
[

Z ⇓ q

Q↘ϱ

 Q
↘ > (q/z̄)1/ϱ


= Pr [Z ⇓ z̄]= 0.

Using Assumption 1 a), on the functional form of H(·), we obtain

F
new

t (q) =
∫ (q/z̄)1/ϱ

0

[
1 →

(
q/z̄

q↘ϱ

)→θ
]

dGt(q
↘).

Note that in order to derive this expression, we do not need to specify the source distribution
of the insights. Assumption 1 c) implies that between t and t + 1, the probability that the best new
idea has productivity no greater than q is given by

F
best new

t (q)

= Pr [all new ideas are no greater than q]

=
∞

∑
s=0

Pr[# new ideas = s] · Pr [all new ideas are no greater than q |# new ideas = s]

=
∞

∑
s=0

(αtz̄
→θ)s

e
→(αt z̄

→θ)

s!
· F

new

t (q)s

=
∞

∑
s=0

[αtz̄
→θ

F
new

t
(q)]s · e

→(αt z̄
→θ)F

new

t
(q)

s!
  

=1

·e→(αt z̄
→θ)(1→F

new

t
(q)),

and therefore we obtain that

F
best new

t (q) = e
→(αt z̄

→θ)(1→F
new

t
(q)).

In order to characterize the probability distribution of the best new ideas, we hold αt constant
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and investigate the limiting case where z̄ ≃ 0. We then have that

lim
z̄≃0

αtz̄
→θ(1 → F

new

t (q)) = lim
z̄≃0

αtz̄
→θ

(
1 →

∫ (q/z̄)1/ϱ

0

[
1 →

(
q/z̄

q↘ϱ

)→θ
]

dGt(q
↘)

)

= lim
z̄≃0

αtz̄
→θ

(
1 → Gt

(
(

q

z̄
)

1
ϱ

)
+

∫ (q/z̄)1/ϱ

0

[(
q/z̄

q↘ϱ

)→θ
]

dGt(q
↘)

)

= αt lim
z̄≃0

z̄
→θ

[
1 → Gt

(
(

q

z̄
)

1
ϱ

)

+ αt lim
z̄≃0

z̄
→θ

∫ (q/z̄)1/ϱ

0

[(
q/z̄

q↘ϱ

)→θ
]

dGt(q
↘)

= αt lim
z̄≃0

z̄
→θ

[
1 → Gt

(
(

q

z̄
)

1
ϱ

)
+ αt

∫ ∞

0

(
q

q↘ϱ

)→θ

dGt(q
↘),

where the first term on the right-hand side is zero by Assumption 1 d). In the limiting case when
z̄ ≃ 0, the expression is equal to the second term only, which is →αtq

→θ
∫ ∞

0 x
ϱθ

dGt(x).
Henceforth, we assume z̄ ≃ 0 and focus on the limiting case. The best new idea then follows

F
best new

t (q) = exp
(
→αtq

→θ
∫ ∞

0
x

ϱθ
dGt(x)

)
.

The productivity of the economy depends on the frontier of knowledge, Ft(q). The frontier
of knowledge denotes the fraction of varieties whose best producer has productivity no greater
than q. In a probabilistic sense, Ft(q) is also the probability that the best productivity for a specific
variety is no greater than q at time t.

Proposition 2. . The frontier of knowledge, Ft(·), at any t given follows a Fréchet distribution given by

Ft(q) = exp

[
→

(
A0 +

t→1

∑
τ=0

ατ

∫ ∞

0
x

ϱθ
dGτ(x)

)
q
→θ

]

= exp
(
→Atq

→θ
)

,

where the law of motion for the knowledge stock is given by

At+1 = At + αt

∫ ∞

0
x

ϱθ
dGt(x).

Proof. We prove this result following two different approaches. The first approach relies on the
assumption that the initial distribution at time 0 follows a Fréchet distribution. The second ap-
proach, which we label as the Poisson Approach, does not impose this assumption.
First note that the frontier Ft(q) changes from t to t + 1 because some new ideas might have better
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productivity than the current best. At t + 1, we then have

Ft+1(q) = Pr [the best productivity is no greater than q at t + 1]

= Pr [the best productivity is no greater than q at t] ·

Pr[no new ideas greater than q between t and t + 1]

= Ft(q) · F
best new

t (q)

= F0(q) ·
t

∏
τ=0

F
best new

τ (q),

where the last line follows from iteration back to t = 0.
Approach 1: Assume that the initial distribution at time 0 follows a Fréchet distribution;

namely,
F0(q) = exp(→A0q

→θ).

Then it follows that Ft(·) is Fréchet at any t:

Ft(q) = exp

[
→

(
A0 +

t→1

∑
τ=0

ατ

∫ ∞

0
x

ϱθ
dGτ(x)

)
q
→θ

]

= exp
(
→Atq

→θ
)

.

It also follows that the law of motion of the knowledge stock is

At+1 = At + αt

∫ ∞

0
x

ϱθ
dGt(x).

As we can see from this equation, both the arrival rate of new ideas αt and the learning pool
Gt(·) matter for the evolution of At.

Related literature. This approach shares similarities with Buera and Oberfield (2020). We de-
scribe how the distribution of frontier knowledge at time t, combined with the arrival of ideas
between t and t + 1, shapes the distribution at t + 1. This is akin to Buera and Oberfield (2020)
who use a continuous-time framework to trace the evolution of the frontier knowledge distribu-
tion from t to t + ∆ as ∆ ≃ 0. Both approaches assume an initial Fréchet distribution; however,
the second method, which we introduce next, allows for relaxing this assumption.

Approach 2: Poisson Approach
We propose an alternative approach to deriving the Fréchet-distributed frontier technology. At

any given moment, the distribution of frontier knowledge reflects the cumulative arrival of ideas
up to that point. Rather than examining the evolution of the distribution over a unit time interval,
we focus on how the accumulation of ideas from the initial time period to the present shapes the
resulting distribution.
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With H(z) = 1 → (z/z̄)→θ and Λt = αtz̄
→θ , the number of newly arrived ideas with an original

component’s productivity Z ⇔ z between t and t + 1 follows a Poisson distribution with mean
Rt (z) = (1 → H(z))Λt = αtz

→θ . The support of Rt (z) is (0, ∞] when z̄ ≃ 0.
The number of new ideas with productivity greater than or equal to q between t and t + 1

follows a Poisson distribution with mean

R̃t (q) =
∫ ∞

0
Rt

(
q/q

↘ϱ
)

dGt

(
q
↘
)

= q
→θ

∫ ∞

0
αt

(
q
↘
)ϱθ

dGt

(
q
↘
)

= q
→θαt

∫ ∞

0
x

ϱθ
dGt (x) .

It follows from that given Q
↘
= q

↘ , an idea Z ⇔ q/q
↘ϱ implies ZQ

↘ϱ ⇔ q. Now we denote ∆At ⇐
αt

∫ ∞
0 x

ϱθ
dGt (x). The number of new ideas with productivity greater than or equal to q between 0

and t follows a Poisson distribution with mean

µt (q) =
t→1

∑
τ=0

R̃τ (q)

= q
→θ

t→1

∑
τ=0

ατ

∫ ∞

0
x

ϱθ
dGτ (x)

= q
→θ

t→1

∑
τ=0

∆Aτ

= q
→θ

At,

where we denote At ⇐ ∑t→1
τ=→∞ ∆Aτ, which we refer to as knowledge stock. The probability that

no idea with productivity greater than or equal to q follows

Ft (q) = exp [→µt (q)] = exp
[
→q

→θ
At


,

where
At+1 → At = αt

∫ ∞

0
x

ϱθ
dGt (x) .

Note that if the knowledge stock starts at zero, the random arrival of new ideas with varying
productivity levels immediately results in a Fréchet-distributed frontier technology from the con-
sequent period onwards. In this case, we no longer need to assume that the initial distribution of
frontier technology has to be Fréchet.

Related literature. Eaton et al. (2011) first introduced the Poisson approach, which has since
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been adopted by Eaton et al. (2025) to study firm-to-firm trade. Cai and Xiang (2022) and Xi-
ang (2023) use the Poisson approach to characterize the endogenous emergence of multivariate
Fréchet-distributed frontier technology in the context of multinational production. Similarly, Lind
and Ramondo (2023)’s characterization of Max-stable Fréchet productivity, resulting from Poisson
innovation and independent diffusion, aligns with the spirit of the Poisson approach.

C.2 Migration and the Source Distribution of Insights

Assume that at time t in location n, when a new idea arrives, the insight from a randomly drawn
person currently living in n is the insight component of the new idea. Then

Gn,t(q
↘) = Pr[the insight component is no greater than q

↘]

=
N

∑
i=1

Pr[the person with the insight lives in i at t]·

Pr[the insight is no greater than q
↘|the person with the insight lives in i at t]

=
N

∑
i=1

sin,tFi,t(q
↘),

where sin,t is the share of households from location i living in location n. In particular, we denote
by µin,t the fraction of households that relocate from from i to n. We then have sin,t =

µin,t Li,t

∑N

h=1 µhn,t Lh,t

and

∫ ∞

0
x

ϱωθdGt(x) = Γ(1 → ϱω)
N

∑
i=1

sin,t(Ai,t)
ϱω .

Finally, the law of motion of the stock of knowledge with ideas from people is given by

An,t+1 → An,t = αn,tΓ(1 → ϱω)
N

∑
i=1

sin,t(Ai,t)
ϱω .

C.3 Derivation of the Law of Motion of Knowledge with Ideas from Migrants and
Sellers

Now we derive the law of motion of the knowledge stock with idea flows from both trade and
migration.

We impose the following version of Assumption 1 to incorporate both sources of idea flows:

Assumption 1’

a) The same as Assumption 1 a)
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b) The strength of idea diffusion, ϱm + ϱl ↓ [0, 1), is strictly less than 1.

c) The same as Assumption 1 c)

d) The source distribution has a sufficiently thin tail such that for any monotonically decreasing sequence of

z̄n ≃ 0, αt limn≃∞ z̄
→θ
n

[
1 →

∫ ∫
B(z̄n)

dG
ω
t
(qω)dG

m

t
(qm)


= 0, where B(z̄) :=


(x1, x2) : z̄x

ϱl

1 x
ϱm

2 < q

↖

R2
. In addition, the integral

∫ ∫ (
q

q
ϱω
ω q

ϱm
m

)→θ

dG
ω
t
(qω)dG

m

t
(qm) exists.

Proposition 1’. Under Assumption 1’, between t and t + 1, the probability that the best new idea has

productivity no greater than q, F
best new

t
(q), is given by

F
best new

t (q) = exp
(
→αtq

→θ
∫ ∞

0

∫ ∞

0

(
q

ϱω
ω q

ϱm

m

)θ
dG

ω
t (qω)dG

m

t (qm)

)

in the limiting case where z̄ ≃ 0.

Proof: For any new idea that arrives between time t and t + 1, the probability at t that its produc-
tivity is no greater than q is given by

F
new

t (q)

= Pr[ZQ
ϱω
ω Q

ϱm

m ⇓ q]

=
∫ ∫

R2
+

Pr

[
Z ⇓ q

Q
ϱω
ω Q

ϱm

m

 qω, qm

]
dG

ω
t (qω)dG

m

t (qm)

=
∫ ∫

B(z̄)
Pr

[
Z ⇓ q

Q
ϱω
ω Q

ϱm

m

 qω, qm

]
dG

ω
t (qω)dG

m

t (qm)

+
∫ ∫

R2
+\B(z̄)

Pr

[
Z ⇓ q

Q
ϱω
ω Q

ϱm

m

 qω, qm

]
dG

ω
t (qω)dG

m

t (qm)

=
∫ ∫

B(z̄)
Pr

[
Z ⇓ q

Q
ϱω
ω Q

ϱm

m

 qω, qm

]
dG

ω
t (qω)dG

m

t (qm),

where B(z̄) is defined in Assumption 1’ d). Using Assumption 1’ a), we obtain

F
new

t (q) =
∫ ∫

B(z̄)



1 →
(

q/z̄

q
ϱω
ω q

ϱm

m

)→θ


 dG
ω
t (qω)dG

m

t (qm).

The probability that the best new idea has productivity no greater than q is the same as before:
F

best new

t
(q) = e

→(αt z̄
→θ)(1→F

new

t
(q)). Consider a monotonically decreasing sequence of z̄n ≃ 0. We

prove by the dominated convergence theorem that

lim
n≃∞

αtz̄
→θ
n (1 → F

new

t (q)) = αt

∫ ∫ (
q

q
ϱω
ω q

ϱm

m

)→θ

dG
ω
t (qω)dG

m

t (qm).

The integral exists under Assumption 1’ d).
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Define gn : R+ ≃ R,

gn(q) = z̄
→θ
n (1 → F

new

t (q))

= z̄
→θ
n



1 →
∫ ∫

B(z̄n)



1 →
(

q/z̄

q
ϱω
ω q

ϱm

m

)→θ


 dG
ω
t (qω)dG

m

t (qm)





= z̄
→θ
n

[
1 →

∫ ∫

B(z̄n)
dG

ω
t (qω)dG

m

t (qm)

]
+

∫ ∫

B(z̄n)

(
q

q
ϱω
ω q

ϱm

m

)→θ

dG
ω
t (qω)dG

m

t (qm)

= z̄
→θ
n

[
1 →

∫ ∫

B(z̄n)
dG

ω
t (qω)dG

m

t (qm)

]
+

∫ ∫ (
q

q
ϱω
ω q

ϱm

m

)→θ

1B(z̄n)dG
ω
t (qω)dG

m

t (qm).

By Assumption 1’ d), we have limn≃∞ z̄
→θ
n

[
1 →

∫
B(z̄n)

dG
ω
t
(qω)dG

m

t
(qm)


= 0. Since ↙q ⇔ 0, ↙n,



(
q

q
ϱω
ω q

ϱm

m

)→θ

1B(z̄n)


⇓

(
q

q
ϱω
ω q

ϱm

m

)→θ

,

and

lim
n≃∞

(
q

q
ϱω
ω q

ϱm

m

)→θ

1B(z̄n) =

(
q

q
ϱω
ω q

ϱm

m

)→θ

,

by the dominated convergence theorem, we have

lim
n≃∞

∫ ∫ (
q

q
ϱω
ω q

ϱm

m

)→θ

1B(z̄n)dG
ω
t (qω)dG

m

t (qm) =
∫ ∫ (

q

q
ϱω
ω q

ϱm

m

)→θ

dG
ω
t (qω)dG

m

t (qm),

so

lim
n≃∞

gn(q) = lim
n≃∞

αtz̄
→θ
n (1 → F

new

t (q))

= lim
n≃∞

z̄
→θ
n

[
1 →

∫ ∫

B(z̄n)
dG

ω
t (qω)dG

m

t (qm)

]
+ lim

n≃∞

∫ ∫ (
q

q
ϱω
ω q

ϱm

m

)→θ

1B(z̄n)dG
ω
t (qω)dG

m

t (qm)

=
∫ ∫ (

q

q
ϱω
ω q

ϱm

m

)→θ

dG
ω
t (qω)dG

m

t (qm).

Henceforth, we assume z̄ ≃ 0 and focus on the limiting case. The best new idea then follows

F
best new

t (q) = exp
(
→αtq

→θ
∫ ∫ (

q
ϱω
ω q

ϱm

m

)θ
dG

ω
t (qω)dG

m

t (qm)

)
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or, using the Riemann integral,

F
best new

t (q) = exp
(
→αtq

→θ
∫ ∞

0

∫ ∞

0

(
q

ϱω
ω q

ϱm

m

)θ
dG

ω
t (qω)dG

m

t (qm)

)
.

As in the previous section, in this section it follows that the frontier distribution Fn,t(·) follows
a Fréchet distribution with location parameter An,t and shape parameter θ, and the law of motion
of An,t is

An,t+1 = An,t + αt

∫ ∞

0

∫ ∞

0

(
q

ϱω
ω q

ϱm

m

)θ
dG

ω
n,t(qω)dG

m

n,t(qm).

Then the law of motion becomes

An,t+1 = An,t + αt

∫ ∞

0
q

θϱω
ω dG

ω
n,t(qω)

∫ ∞

0
q

θϱm

m dG
m

n,t(qm).

The first integral,
∫ ∞

0
q

θϱω
ω dG

ω
n,t(qω) = Γ(1 → ϱω)

N

∑
i=1

sin,t(Ai,t)
ϱω ,

is the same as in the previous section. The derivation of this term follows the previous section of
this appendix. For the second integral, we assume learning from sellers as in Buera and Oberfield
(2020). Namely, the insights from goods are randomly drawn from the set of goods sold locally.
To simplify the notation, we omit intermediate goods in the derivation that follows. In this case,

G
m

n,t(x) = ∑
i

P [qi ⇓ x, i is the lowest-cost supplier to n at t]

= ∑
i

P

[
qi ⇓ x, qj ⇓

wj,tκnj,t

wi,tκni,t
qi ↙j

]

= ∑
i

∫
x

0
fi,t(q)

(

∏
j ↗=i

Fj,t

(
wj,tκnj,t

wi,tκni,t
q

))
dq,

where Fi,t(·) and fi,t(·) are the cumulative distribution function (CDF) and probability density
function (PDF) of a Fréchet distribution with location parameter Ai,t and shape parameter θ, re-
spectively:

Fi,t(q) = exp
(
→Ai,tq

→θ
)

,

fi,t(q) = Ai,tθq
→θ→1 exp

(
→Ai,tq

→θ
)

.
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Therefore,

G
m

n,t(x) = ∑
i

∫
x

0
fi,t(q)

(

∏
j ↗=i

Fj,t

(
wj,tκnj,t

wi,tκni,t
q

))
dq

= ∑
i

∫
x

0
Ai,tθq

→θ→1 exp
(
→Ai,tq

→θ
)

exp

(
→∑

j ↗=i

Aj,t

(
wj,tκnj,t

wi,tκni,t

)→θ

q
→θ

)
dq

= ∑
i

∫
x

0
Ai,tθq

→θ→1 exp

(
→∑

j

Aj,t

(
wj,tκnj,t

wi,tκni,t

)→θ

q
→θ

)
dq

= ∑
i

Ai,t (wi,tκni,t)
→θ

∑j Aj,t
(
wj,tκnj,t

)→θ
exp

(
→∑

j

Aj,t

(
wj,tκnj,t

wi,tκni,t

)→θ

x
→θ

)

= ∑
i

λni,t exp

(
→∑

j

Aj,t

(
wj,tκnj,t

wi,tκni,t

)→θ

x
→θ

)
.

It follows that the second integral, which represents the learning from goods, is given by

∫ ∞

0
q

θϱm

m dG
m

n,t(qm) =
∫ ∞

0
q

θϱm

m d ∑
i

λni,t exp

(
→∑

j

Aj,t

(
wj,tκnj,t

wi,tκni,t

)→θ

q
→θ
m

)

= ∑
i

λni,t

∫ ∞

0
q

θϱm

m d exp

(
→∑

j

Aj,t

(
wj,tκnj,t

wi,tκni,t

)→θ

q
→θ
m

)

Using change of variables, define x = ∑j Aj,t

(
wj,tκnj,t
wi,tκni,t

)→θ
q
→θ
m , and we have

∫ ∞

0
q

θϱm

m dG
m

n,t(qm) = ∑
i

λni,t

∫ ∞

0
∑

j

A
ϱm

j,t

(
wj,tκnj,t

wi,tκni,t

)→θϱm

x
→ϱm d exp (→x)

= Γ(1 → ϱm)∑
i

λni,t

(
Ai,t

λni,t

)ϱm

.

Therefore, the law of motion of An,t is given by

An,t+1 → An,t = αtΓ(1 → ϱω)Γ(1 → ϱm)

[
N

∑
i=1

sin,t(Ai,t)
ϱω

] [
N

∑
i=1

λni,t

(
Ai,t

λni,t

)ϱm

]
.

D Additional Derivations

In this section, we provide detailed derivations of the trade shares, migration shares, and the
solution to landowner consumption and investment decisions.
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D.1 Derivation of the Trade Shares

Let Ω be the variety space and intermediate variety ω ↓ Ω. Let pin,t(ω) be the price that firms in
location i pay for good ω purchased from location n at time t. Then perfect competition implies

pin,t(ω) =
κin,txn,t

q(ω)
,

where xn.t is the unit cost of inputs to produce in location n. Since {q(ω)}ω↓Ω are i.i.d., for all
ω ↓ Ω, they have the same distribution. Let Hin,t(p) be the cumulative distribution of prices, i.e.,
Hin,t(p) = P [pin,t(ω) ⇓ p]. Then

Hin,t(p) = P[pin,t(ω) ⇓ p]

= P

[
κin,txn,t

q(ω)
⇓ p

]

= P

[
q(ω) ⇔ κin,txn,t

p

]

= 1 → P

[
q(ω) ⇓ κinxn,t

p

]

= 1 → Fn,t

(
κin,txn,t

p

)

= 1 → exp

{
→An,t

(
κin,txn,t

p

)→θ
}

,

(D.1)

where Fn,t(·) denotes the Fréchet distribution with scale parameter An,t and shape parameter θ.
Let λin,t be the fraction of goods purchased by location i from n. For location i to buy good ω

from n, n must be the lowest-cost supplier among all locations. By the law of large numbers, we
have

λin,t = P

[
pin,t(ω) ⇓ min

h↓S\{i}
pih,t(ω)

]

=
∫ ∞

0
P

[
min

h↓S\{i}
pih,t(ω) ⇔ p

]
dHin,t(p)

=
∫ ∞

0
P



 ⋂

h↓S\{i}
{pih,t(ω) ⇔ p}



 dHin,t(p)

=
∫ ∞

0
∏

h↓S\{i}
P [pih,t(ω) ⇔ p] dHin,t(p)

=
∫ ∞

0
∏

h↓S\{i}
[1 → Hih,t(p)] dHin,t(p),

where the law of iterated expectation is used for the second equality and independence is used for
the fourth equality.
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Using the expression of price distribution derived in (D.1), we have

λin,t =
∫ ∞

0
∏

h↓S\{i}
exp

{
→Ah,t

(
κih,txh,t

p

)→θ
}

exp

{
→An,t

(
κin,txn,t

p

)→θ
}

An,t(κinxin,t)
→θ

dp
θ

= An,t(κin,txn,t)
→θ

∫ ∞

0
exp

{
→

N

∑
h=1

Ah,t(κih,txh,t)
→θ

p
θ

}
dp

θ

=
An,t(κin,txn,t)→θ

∑N

h=1 Ah,t(κih,txh,t)→θ
.

D.2 Derivation of Gross Flows Equation

Let µin,t be the fraction of individuals who relocate from location i to location n at time t. By
definition, we have

µin,t = P

[
βVn,t+1 → min,t

ν
+ εn,t ⇔ max

l ↗=n

{
βVl,t+1 → mil,t

ν
+ εl,t

}]

=
∫ ∞

∞
P

[
βVn,t+1 → min,t

ν
+ x ⇔ max

l ↗=n

{
βVl,t+1 → mil,t

ν
+ εl,t

}]
dM(x)

=
∫ ∞

→∞
P



⋂

l ↗=n

{
βVn,t+1 → min,t

ν
+ x ⇔ βVl,t+1 → mil,t

ν
+ εl,t

}

 dM(x)

=
∫ ∞

→∞
∏
l ↗=n

P

[
βVn,t+1 → min,t

ν
+ x ⇔ βVl,t+1 → mil,t

ν
+ εl,t

]
dM(x)

=
∫ ∞

→∞
∏
l ↗=n

P

[
εl,t ⇓

β(Vn,t+1 → Vl,t+1)→ (min,t → mil,t)
ν

+ x

]
dM(x)

=
∫ ∞

→∞
∏
l ↗=n

M

(
β(Vn,t+1 → Vl,t+1)→ (min,t → mil,t)

ν
+ x

)
dM(x),

where M(·) denotes the cumulative distribution function of a Gumbel Type I distribution.
Define ε̄ln,t =

β(Vn,t+1→Vl,t+1)→(min,t→mil,t)
ν with ε̄nn,t = 0. Using this notation and the expression of

M(·), we have

µin,t =
∫ ∞

→∞
exp{→e

→x→γ}e
→x→γ exp{→e

→x→γ ∑
l ↗=n

e
→ε̄ln,t}dx

=
∫ ∞

→∞
e
→x→γ exp{→e

→x→γ
N

∑
l=1

e
→ε̄ln,t}dx.
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Define Ξin = log(∑N

l=1 e
→ε̄ln,t) and y = x + γ → Ξin. Then

µin,t =
∫ ∞

→∞
e
→y→Ξin e

→e
→y

dy

= e
Ξin .

Finally, plugging in the expression of Ξin, we have

µin,t =
1

∑N

l=1 exp


β(Vl,t+1→Vn,t+1)→mil,t+min,t
ν



=
exp(βVn,t+1 → min,t)

1
ν

∑N

l=1 exp(βVl,t+1 → mil,t)
1
ν

.

D.3 Landlord’s Problem

The landlord’s problem is defined as

max
{ci,t,Ki,t+1}∞

t=0

U =
∞

∑
t=0

βt log(ci,t),

s.t. ri,tKi,t = Pi,t [ci,t + Ki,t+1 → (1 → δ)Ki,t] all t,

where δ is the depreciation rate and Ki,0 is taken as given. Set up the Lagrangian equation,

L =
[
βt{log(ci,t) + λt[ri,tKi,t → Pi,t(ci,t + Ki,t+1 → (1 → δ)Ki,t)]}

]
, (D.2)

where λt is the Lagrangian multiplier for the constraint in period t.

The first-order conditions for the problem are

1
ci,t

= λtPi,t

λtPi,t = β [λt+1[ri,t+1 + Pi,t+1(1 → δ)]] .

Define Ri,t = 1 → δ + ri,t
Pi,t

. Then eliminating λt yields the Euler equation,

1
ci,t

= β

[
Ri,t+1

1
ci,t+1

]
, (D.3)

together with the budget constraint

Ri,tKi,t = ci,t + Ki,t+1. (D.4)
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To solve this problem, we use the guess-and-verify strategy. We guess that ci,t = ςRi,tKi,t,
where ς is a constant to be determined. Plugging in (D.4), we have

Ki,t+1 = (1 → ς)Ri,tKi,t. (D.5)

Combining equations (D.5) and (D.3), we have

1
ςRi,tKi,t

= β

[
Ri,t+1

1
ςRi,t+1(1 → ς)Ri,tKi,t

]
.

The undetermined coefficient method implies that ς = 1 → β. Hence, the consumption and
saving policy functions are as follows:

ci,t = (1 → β)[ri,t/Pi,t + (1 → δ)]Ki,t,

Ki,t+1 = β[ri,t/Pi,t + (1 → δ)]Ki,t.

E Detrended Model and Balanced Growth Path

In this appendix we characterize the long-run growth rates of the equilibrium variables of the
model at the balanced growth path. In what follows, we denote the long-run growth rate of any
variable yt by (1 + gy), and we also refer to a variable with a “~” as a detrended variable. In
particular, ỹt = yt/

(
1 + gy

)t .
The equilibrium conditions of the detrended model are given by

Ṽi,t = βlog (1 + gv) + log

(
w̃i,t

P̃i,t

)
+ νlog

(
N

∑
n=1

exp
(

βṼn,t+1 → min,t
)1/ν

)
, (E.1)

P̃i,t = T

(
N

∑
n=1

Ãn,t (κin,t x̃n,t)
→θ

)→1/θ

, (E.2)

w̃i,tLi,t =
N

∑
n=1

Ãi,t

(
κni,t x̃i,t

P̃n,t/T

)→θ

w̃n,tLn,t, (E.3)

r̃i,tK̃i,t =
N

∑
n=1

Ãi,t

(
κni,t x̃i,t

P̃n,t/T

)→θ

r̃n,tK̃n,t, (E.4)

Li,t+1 =
N

∑
n=1

µni,tLn,t, (E.5)

K̃i,t+1 =
β

(1 + gk)

(
r̃i,t/P̃i,t + (1 → δ)

)
K̃i,t, (E.6)
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Ãn,t+1 →
Ãn,t

(1 + gA)
=

α0Γϱω,ϱm

(1 + gA)

N

∑
i=1

sin,t
(

Ãi,t
)ϱl

N

∑
i=1

λni,t

(
Ãi,t

λni,t

)ϱm

, (E.7)

where we note that since there is no population growth, employment does not have a long-run
growth rate; namely, L̃n,t = Ln,t. Since values grow at the same rate in the long run, it follows that
µ̃ni,t = µni,t, as we show below.

We start with the evolution of the stock of knowledge. At the balanced growth path, An,t for
all n grow at a rate 1 + gA. From the law of motion of the stock of knowledge, we have

An,t+1 → An,t = αtΓϱ

N

∑
i=1

sin,t (Ai,t)
ϱl

N

∑
i=1

λni,t

(
Ai,t

λni,t

)ϱm

,

using Assumption 2 and after detrending the variables, we obtain

Ãn,t+1 (1 + gA)
t+1 → Ãn,t (1 + gA)

t

= α0 (1 + gα)
t Γϱ

N

∑
i=1

sin,t

(
Ãi,t (1 + gA)

t
)ϱl

N

∑
i=1

λni,t

(
Ãi,t (1 + gA)

t

λni,t

)ϱm

or

Ãn,t+1 (1 + gA)→ Ãn,t = (1 + gα)
t (1 + gA)

t(ϱl+ϱm→1) α0Γϱ

N

∑
i=1

sin,t
(

Ãi,t
)ϱl

N

∑
i=1

λni,t

(
Ãi,t

λni,t

)ϱm

,

which then implies that the long-run growth rate of the stock of knowledge is related to the growth
rate of the arrival of ideas in the following way:

1 + gA = (1 + gα)
1

(1→ϱ
l
→ϱm) .

As a result, the detrended equilibrium evolution of the local stock of knowledge evolves ac-
cording to

Ãn,t+1 →
Ãn,t

(1 + gA)
=

α̃0Γϱ

(1 + gA)

N

∑
i=1

sin,t
(

Ãi,t
)ϱl

N

∑
i=1

λni,t

(
Ãi,t

λni,t

)ϱm

or
Ãn,t+1

Ãn,t
=

1
1 + gA

+
α0Γϱ

(1 + gA) Ān,t

N

∑
i=1

sin,t
(

Ãi,t
)ϱl

N

∑
i=1

λni,t

(
Ãi,t

λni,t

)ϱm

.

We now consider the detrended value functions of the workers. Let e
Vi,t = e

Ṽi,t (1 + gv)
t. We

then have

Ṽi,t + log (1+gv)
t = log

(
w̃i,t

P̃i,t

(
1+gw/p

)t
)
+ νlog

(
N

∑
n=1

exp

(
βṼn,t+1+βlog (1+gv)

t+1 → min,t

)1/ν
)

, (E.8)

34



where gw/p is the growth rate of w̃i,t/P̃i,t at the balanced growth path. It follows that

Ṽi,t + log (1+gv)
t = log

(
w̃i,t

P̃i,t

)
+ log

(
1+gw/p

)t

+ log (1+gv)
β(t+1) + νlog

(
N

∑
n=1

exp
(

βṼn,t+1 → min,t
)1/ν

)
,

which immediately implies that

(1 + gv)
(1→β)t =

(
1 + gw/p

)t ,

1 + gv =
(
1 + gw/p

) 1
(1→β) .

Hence, the detrended equilibrium values become

Ṽi,t = log
(
w̃i,t/P̃i,t

)
+ log (1 + gv)

β + νlog

(
N

∑
n=1

exp
(

βṼn,t+1 → min,t
)1/ν

)
.

This result immediately implies that µin,t is not growing in the long run since

µin,t =
exp (βVn,t+1 → min,t)

1/ν

∑N

l=1 exp (βVl,t+1 → mil,t)
1/ν

=
exp

(
βṼn,t+1 → min,t

)1/ν

∑N

l=1 exp
(

βṼl,t+1 → mil,t
)1/ν

.

It also implies that Li,t does not have long-run growth since

Li,t+1 =
N

∑
n=1

µni,tLn,t,

=
N

∑
n=1

exp (βVi,t+1 → mni,t)
1/ν

∑N

l=1 exp (βVl,t+1 → mnl,t)
1/ν

Ln,t

=
N

∑
n=1

exp
(

βṼi,t+1 → mni,t
)1/ν

∑N

l=1 exp
(

βṼl,t+1 → mnl,t
)1/ν

Ln,t.

Let us now consider the labor market clearing condition,

wi,tLi,t =
N

∑
n=1

Ai,t

(
κni,txi,t

Pn,t/T

)→θ

wn,tLn,t.

First note that

xi,t = x̃i,t (1 + gx)
t = B

((
w̃i,t

P̃i,t

(
1 + gw/p

)t

)ξ (
r̃i,t

P̃i,t

(
1 + gr/p

)t

)1→ξ
)γ

P̃i,t
(
1 + gp

)t

= x̃i,t
(
1 + gw/p

)tξγ (
1 + gr/p

)t(1→ξ)γ (
1 + gp

)t .
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Using this expression, we express the labor market clearing condition in a detrended form as

w̃i,t (1+gw)
t

Li,t

=
N

∑
n=1

Ãi,t (1+gA)
t



κni,t x̃i,t
(
1+gw/p

)tξγ (
1+gr/p

)t(1→ξ)γ (
1+gp

)t

P̃n,t
(
1+gp

)t /T




→θ

w̃n,t (1+gw)
t

Ln,t,

where we use the fact that Li,t does not grow in the long run. It follows that

1 = (1 + gA)
t
((

1 + gw/p

)tξγ (
1 + gr/p

)t(1→ξ)γ
)→θ

,

(
1 + gw/p

)θξγ (
1 + gr/p

)θ(1→ξ)γ
= (1 + gA) . (E.9)

We follow the same steps for the capital accumulation equation. Then the detrended labor and
capital market equilibrium conditions become

w̃i,tLi,t =
N

∑
n=1

Ãi,t

(
κni,t x̃i,t

P̃n,t/T

)→θ

w̃n,tLn,t,

r̃i,tK̃i,t =
N

∑
n=1

Ãi,t

(
κni,t x̃i,t

P̃n,t/T

)→θ

r̃n,tK̃n,t,

where K̃n,t is the detrended value of capital that we subsequently characterize.
We now detrend the price index equilibrium condition,

Pi,t = T

(
N

∑
n=1

An,t (κin,txn,t)
→θ

)→1/θ

,

which once detrended can be expressed as

P̃i,t
(
1 + gp

)t
= T

(
N

∑
n=1

Ãn,t (1 + gA)
t
(

κin,t x̃n,t
(
1 + gw/p

)tξγ (
1 + gr/p

)t(1→ξ)γ (
1 + gp

)t
)→θ

)→1/θ

.

Using equation (E.9), we obtain the detrended equilibrium condition for the price index:

P̃i,t = T

(
N

∑
n=1

Ãn,t (κin,t x̃n,t)
→θ

)→1/θ

.

Now note that since in equilibrium we have that

wi,tLi,t =
ξ

1 → ξ
ri,tKi,t,
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then
w̃i,t

P̃i,t

(
1 + gw/p

)t
Li,t =

ξ

1 → ξ

r̃i,t

P̃i,t

(
1 + gr/p

)t
K̃i,t (1 + gk)

t ,

which immediately implies that

1 + gw/p =
(
1 + gr/p

)
(1 + gk) . (E.10)

We now detrend the law of motion of capital accumulation,

Ki,t+1 = β (ri,t/Pi,t + (1 → δ))Ki,t,

which can be written as

K̃i,t+1 (1 + gk)
t+1 = β

((
1 + gr/p

)t r̃i,t

P̃i,t
+ (1 → δ)

)
K̄i,t (1 + gk)

t

or
K̃i,t+1 =

β

(1 + gk)

((
1 + gr/p

)t r̃i,t

P̃i,t
+ (1 → δ)

)
K̃i,t.

We then require that
gr/p = 0, ∝, gr = gp,

and in this way, the detrended capital accumulation equation becomes

K̃i,t+1 =
β

(1 + gk)

(
r̃i,t

P̃i,t
+ (1 → δ)

)
K̃i,t.

From equation (E.9) we obtain that

1 + gw/p = (1 + gA)
1

θξγ ,

and from equation (E.9) we also obtain that

1 + gk = (1 + gA)
1

θξγ .

F Dynamic-Hat Algebra

Proposition 4. Dynamic-Hat Algebra. Define the term ŷt+1 as the relative time difference of
the detrended endogenous variable ỹ; namely, ŷt+1 = (ỹt+1/ỹt). Given an initial observed alloca-

tion


λin,0

N,N
i=1,n=1,


µin,0

N,N
i=1,n=1,


wi,0Li,0

N

i=1,


Ki,0
N

i=1,


Li,0
N

i=1


, the parameters and elasticities

(ϱω, ϱm, θ, ν, γ, ξ, β), the initial rate and growth rate in the arrival of ideas (α0, gα) and a convergent se-

quence of future changes in fundamentals under perfect foresight


κ̂in,t, m̂in,t
N,N,∞

i=1,n=1,t=1, the solution for

the sequence of changes in the model’s endogenous variables in the detrended model


ŷt+1
∞

t=1 does not
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require information on the level of fundamentals (trade and migration costs).

Proof. Let us define the variable ŷt+1 as the time difference in the detrended variable ỹ; namely,
ŷt+1 = (ỹt+1/ỹt). The equilibrium conditions in time differences of the detrended system are given
by

log(ûi,t+1) = log
(
ŵi,t+1/P̂i,t+1

)
+ ν log

(
N

∑
n=1

µin,t (ûn,t+2)
β/ν (m̂in,t+1)

→1/ν

)
, (F.1)

µin,t+1 =
µin,t (ûn,t+2)

β/ν (m̂in,t+1)
→1/ν

∑N

h=1 µih,t (ûh,t+2)
β/ν (m̂ih,t+1)

→1/ν
, (F.2)

Li,t+1 =
N

∑
n=1

µni,tLn,t, (F.3)

x̂i,t =
(

ŵ
ξ
i,tr̂

1→ξ
i,t

)γ
P̂

1→γ
i,t , (F.4)

P̂i,t+1 =

(
N

∑
n=1

λin,t Ân,t+1 (κ̂in,t+1 x̂n,t+1)
→θ

)→1/θ

, (F.5)

λin,t+1 = λin,t Ân,t+1

(
κ̂in,t+1 x̂n,t+1

P̂i,t+1

)→θ

, (F.6)

ŵi,t+1 L̂i,t+1 =
1

w̃i,tLi,t

N

∑
n=1

λni,t+1ŵn,t+1 L̂n,t+1w̃n,tLn,t, (F.7)

K̃i,t+1 =
β

(1 + gk)
R̃i,tK̃i,t, (F.8)

R̃i,t+1 = 1 → δ +
ŵi,t+1 L̂i,t+1

P̂i,t+1K̂i,t+1

[
R̃i,t → (1 → δ)

]
, (F.9)

Ân,t+1 =
1

(1 + gA)
+

α0Γϱ

Ãn,t(1 + gA)

N

∑
i=1

sin,t
(

Ãi,t
)ϱω

[
N

∑
i=1

λni,t

(
Ãi,t

λni,t

)ϱm

]
, (F.10)

where ûi,t+1 = exp(Ṽi,t+1 → Ṽi,t), m̂in,t+1 = exp(min,t+1 → min,t), R̃i,t = r̃i,t/P̃i,t + (1 → δ). Note we
use the fact that Ln,t = L̃n,t, µni,t = µ̃ni,t, and λin,t = λ̃in,t.

In what follows we provide the algebra to arrive in the system of equilibrium conditions in
changes. As the system of equations in time differences shows, solving the model in relative time
differences requires conditioning the model on the initial observable allocations λin,0, w̃i,0Li,0 +

r̃i,tK̃i,0, Li,0, µin,0, and K̃i,0, and elasticities θ, ν, β, δ, ϱω, ϱm, and α0, which contains information on
the initial level of fundamentals as the model inversion shows.

To derive the system of equations in time differences, we first reproduce the equilibrium con-
ditions of the detrended model derived in Appendix E,
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Ṽi,t = βlog (1 + gv) + log

(
w̃i,t

P̃i,t

)
+ νlog

(
N

∑
n=1

exp
(

βṼn,t+1 → min,t
)1/ν

)
, (F.11)

P̃i,t = T

(
N

∑
n=1

Ãn,t (κin,t x̃n,t)
→θ

)→1/θ

, (F.12)

w̃i,tLi,t =
N

∑
n=1

Ãi,t

(
κni,t x̃i,t

P̃n,t/T

)→θ

w̃n,tLn,t, (F.13)

r̃i,tK̃i,t =
N

∑
n=1

Ãi,t

(
κni,t x̃i,t

P̃n,t/T

)→θ

r̃n,tK̃n,t, (F.14)

Li,t+1 =
N

∑
n=1

µni,tLn,t, (F.15)

K̃i,t+1 =
β

(1 + gk)

(
r̃i,t/P̃i,t + (1 → δ)

)
K̃i,t, (F.16)

Ãn,t+1 →
Ãn,t

(1 + gA)
=

α0Γϱω,ϱm

(1 + gA)

N

∑
i=1

sin,t
(

Ãi,t
)ϱl

N

∑
i=1

λni,t

(
Ãi,t

λni,t

)ϱm

, (F.17)

Recall first that the share of workers moving from location i to n at time t + 1 is given by

µin,t+1 =
exp (βVn,t+2 → min,t+1)

1/ν

∑N

h=1 exp (βVh,t+2 → mih,t+1)
1/ν

=
exp

(
βṼn,t+2 → min,t+1

)1/ν

∑N

h=1 exp
(

βṼh,t+2 → mih,t+1
)1/ν

,

where for the second equality we use the definition e
Vi,t = e

Ṽi,t(1 + gv)t for all i and t.
By multiplying and dividing µin,t in the numerator and µih,t for each term in the summation in

the denominator, we have

µin,t+1 =
µin,texp

(
βṼn,t+2 → βṼn,t+1 + min,t+1 → min,t

)1/ν

∑N

h=1 µih,texp
(

βṼh,t+2 → βṼh,t+1 + mih,t+1 → mih,t
)1/ν

=
µin,t (ûn,t+2)

β/ν (m̂in,t+1)
→1/ν

∑N

h=1 µih,t (ûh,t+2)
β/ν (m̂ih,t+1)

→1/ν
,

which is equation (F.2).
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To obtain equilibrium condition (F.1), we take the time difference using (F.11). We obtain

log(ûi,t+1) = Ṽi,t+1 → Ṽi,t

= log
(

w̃i,t+1/P̃i,t+1

w̃i,t/P̃i,t

)
+ ν log

(
N

∑
n=1

exp
(

βṼn,t+2 → min,t+1
)1/ν

∑N

h=1 exp
(

βṼh,t+1 → mih,t
)1/ν

)

= log
(
ŵi,t+1/P̂i,t+1

)
+ ν log





N

∑
n=1

exp
(

βṼn,t+1 → min,t
)1/ν exp(βṼn,t+2→min,t+1)

1/ν

exp(βṼn,t+1→min,t)
1/ν

∑N

h=1 exp
(

βṼh,t+1 → mih,t
)1/ν





= log
(
ŵi,t+1/P̂i,t+1

)
+ ν log

(
N

∑
n=1

µin,t exp
(
Ṽn,t+2 → Ṽn,t+1

)β/ν exp (min,t+1 → min,t)
→1/ν

)

= log
(
ŵi,t+1/P̂i,t+1

)
+ ν log

(
N

∑
n=1

µin,t (ûn,t+2)
β/ν (m̂in,t+1)

→1/ν

)
,

where for the third equality we use the expression of µin,t previously derived.
Since labor in each location is constant in the long run, we immediately obtain (F.3) from the

law of motion (F.15).
To obtain equation (F.4), note that

x̃i,t = B

(
w̃

ξ
i,tr̃

1→ξ
i,t

)γ
P̃

1→γ
i,t .

Taking the time difference yields

x̂i,t ⇐
x̃i,t+1

x̃i,t
=

(
w̃

ξ
i,t+1r̃

1→ξ
i,t+1

)γ
P̃

1→γ
i,t+1

(
w̃

ξ
i,tr̃

1→ξ
i,t

)γ
P̃

1→γ
i,t

=
(

ŵ
ξ
i,tr̂

1→ξ
i,t

)γ
P̂

1→γ
i,t .

Recall that in the detrended version of the model, the trade flow share from location n to
location i at time t is

λin,t =
T
→θ

Ãn,t (κin,t x̃n,t)
→θ

P̃
→θ
i,t

,

where T is some constant. Taking the time difference yields

λin,t+1

λin,t
= Ân,t+1

(
κ̂in,t+1 x̂n,t+1

P̂i,t+1

)→θ

,

which leads to equilibrium condition (F.6).
Note that the detrended price index in location i is

P̃i,t = T

(
N

∑
n=1

Ãn,t (κin,t x̃n,t)
→θ

)→1/θ

.
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Taking the time difference, we have

P̂i,t+1 =

(
N

∑
n=1

Ãn,t+1 (κin,t+1 x̃n,t+1)
→θ

∑N

h=1 Ãh,t (κih,t x̃h,t)
→θ

)→1/θ

=

(
N

∑
n=1

Ãn,t (κin x̃n,t)
→θ

Ãn,t+1 (κin,t+1 x̃n,t+1)
→θ /Ãn,t (κin,t x̃n,t)

→θ

∑N

h=1 Ãh,t (κih,t x̃h,t)
→θ

)→1/θ

=

(
N

∑
n=1

λin,t Ân,t+1 (κ̂in,t+1 x̂n,t+1)
→θ

)→1/θ

,

where we use λin,t =
Ãn,t(κin x̃n,t)

→θ

∑N

h=1 Ãh,t(κih x̃h,t)
→θ and which gives equilibrium condition (F.5).

To obtain equilibrium condition (F.7), we use labor market clearing condition (F.13),

w̃i,t+1Li,t+1 =
N

∑
n=1

λni,t+1w̃n,t+1Ln,t+1,

and divide by w̃i,tLi,t on both sides, to obtain

ŵi,t+1 L̂i,t+1 =
1

w̃i,tLi,t

N

∑
n=1

λni,t+1w̃n,t+1Ln,t+1

=
1

w̃i,t+1Li,t+1

N

∑
n=1

λni,t+1ŵn,t+1 L̂n,t+1w̃n,tLn,t,

where as before we use L̃n,t = Ln,t.
Equation (F.8) is exactly the detrended law of motion of capital as in equation (F.16). To obtain

equation (F.9), we use the equilibrium condition:

w̃i,t L̃i,t[
R̃i,t → (1 → δ)

]
P̃i,tK̃i,t

=
ξ

1 → ξ
.

Taking the time difference and rearranging this expression yields the desired result.
Finally, to obtain the law of motion of knowledge in relative time changes (F.10), note that

equation (F.17) gives the detrended law of motion of knowledge:

Ãn,t+1 →
Ãn,t

(1 + gA)
=

α0Γϱ

(1 + gA)

N

∑
i=1

sin,t
(

Ãi,t
)ϱl

N

∑
i=1

λni,t

(
Ãi,t

λni,t

)ϱm

.

Divided by Ãn,t on both sides, we have

Ân,t+1 =
1

(1 + gA)
+

α0Γϱ

Ãn,t(1 + gA)

N

∑
i=1

sin,t
(

Ãi,t
)ϱω

[
N

∑
i=1

λni,t

(
Ãi,t

λni,t

)ϱm

]
.
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G Solution Algorithm

In this section we describe the algorithm used to compute the dynamic spatial growth model.

G.1 Algorithm to Solve for the Sequential Equilibrium Given Initial Conditions

In what follows, we describe the algorithm to solve the detrended model given an initial allocation
of the economy,

(
{Li,0}N

i=1 ,


K̃i,0
N

i=1 , {λin,0}N

i,n=1 , {µin,→1}N

i,n=1 ,


Ãi,0
N

i=1

)
, and given an unantic-

ipated convergent sequence of changes in fundamentals,

{m̂in,t}N

i,n=1 , {κ̂in,t}n

i,n=1

∞

t=1
. We first

describe the algorithm to solve the model under the given initial conditions and constant fun-
damentals going forward; namely, with


{m̂in,t = 1}N

i,n=1 , {κ̂in,t = 1}n

i,n=1

∞

t=1
. We then describe

how to solve the model under a change in fundamentals.

1. Initiate the algorithm at t = 0 with a guess for the path of


û
(0)
i,t+1

T

t=0
, where the superscript

(0) indicates that it is a guess. The path should converge to û
(0)
i,T+1 = 1 for sufficiently large

T.

2. For all t ⇔ 0, use


û
(0)
i,t+1

T

t=0
and {µin,→1}N

i,n=1 to solve for the path of

{µin,t}N

i,n=1

T

t=0
using

equation (F.2).

3. Use the path for

{µin,t}N

i,n=1

T

t=0
and {Li,0}N

i=1 to obtain the path for

{Li,t+1}N

i=1

T

t=0
using

equation (F.3).

4. Solve for the trade equilibrium:

(a) For each t ⇔ 0, given L̂i,t+1, define the term ω̂i,t = w̃
ξ
i,tr̃

1→ξ
i,t . Guess a value for ω̂i,t+1.

(b) Obtain x̂i,t+1, P̂i,t+1, λin,t+1, R̃i,t+1, K̃i,t+1, and Âi,t+1 using equations (F.4), (F.5), (F.6), (F.8)
and (F.9). Use the fact that r̂i,t+1 = ŵi,t+1 L̂i,t+1/K̂i,t+1 and ŵi,t+1 = ω̂i,t+1

(
K̂i,t+1/L̂i,t+1

)1→ξ .

(c) Check if the market clearing condition (F.7) holds using ŵi,t+1 = ω̂i,t+1
(
K̂i,t+1/L̂i,t+1

)1→ξ .
If it does not, go back to step (a) and adjust the initial guess for ω̂i,t+1 until labor markets
clear.

(d) Repeat steps (a) through (d) for each period t and obtain paths for


ŵi,t+1, P̂i,t+1
T

t=0 for
all i.

5. For each t, use µin,t, ŵi,t+1, P̂i,t+1, and û
(0)
n,t+2 to solve backwards for û

(1)
i,t+1 using equation (F.1).

This solution delivers a new path for
{

û
(1)
i,t+1

N

i=1

}T

t=0
, where the superscript 1 indicates an

updated value for û.

6. Check whether
{

û
(1)
i,t+1

N

i=1

}T

t=0
′

{
û
(0)
i,t+1

N

i=1

}T

t=0
. If it does not, go back to step 1 and

update the initial guess with
{

û
(1)
i,t+1

N

i=1

}T

t=0
.
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G.2 Solving for Counterfactual Changes in Fundamentals

We now describe how to solve the dynamic spatial growth model given an unanticipated conver-
gent sequence of changes in fundamentals, Θ̂t+1 =


{m̂in,t}N

i,n=1 , {κ̂in,t}n

i,n=1

∞

t=1
.

The algorithm used to solve for a change in fundamentals follows the same steps described in
the previous section, but the sequence of changes in fundamentals is fed into the model. The main
difference from the previous section is that we now consider the fact that agents are surprised in
the first period by the changes in fundamentals. The surprise in the changes in fundamentals is
captured in the initial gross flow equation. That is, in the first period we now use the following
equilibrium condition:

µin,1(Θ̂) =
ϑin,0

(
ûn,2(Θ̂)

)β/ν
(m̂in,1)

→1/ν

∑N

i=1 ϑih,0
(
ûh,2(Θ̂)

)β/ν
(m̂ih,1)

→1/ν
,

where ϑin,0 = µin,0exp
(
Vn,1(Θ̂)→ Vn,1

)β/ν. Therefore, we also use the equilibrium condition,

log(ûi,1) = log
(
ŵi,1/P̂i,1

)
+ ν log

(
N

∑
n=1

ϑin,0 (ûn,2)
β/ν (m̂in,1)

→1/ν

)
.

H Additional Quantitative Results

In this section of the appendix we describe additional results from our quantitative analysis.

H.1 Calculating Migration Costs

We capture the changes in migration frictions across provinces in China using the cross-variation
in five-year mobility rates from 1985-1990 to 2010-2015 as µ̂in,tµ̂ni,t

µ̂ii,tµ̂nn,t
= (m̂in,tm̂ni,t)

→ 1
v . We apply the

same change in migration costs to all Hukou types. We calculate mobility rates µin,t from the raw
migration flows. Sometimes, the raw migration flows contain 0. In this case, we add a small value
(one-hundredth of the smallest non-zero migration flow in the same year) first before we calculate
mobility rates. We restrict our focus on m̂in,t that reflect reductions of migration costs.

H.2 Regional Distribution of Economic Activity

Figures H.1 and H.2 display the evolution of actual GDP shares in China and their evolution under
initial 1990 conditions. The figure presents the GDP shares across provinces in China every five
years during the period 1990-2015.
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Figure H.1: GDP Shares

a) 1990
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Notes: The figures show the distribution of economic activity across provinces in China, measured as GDP shares, in
the data.

H.3 Initial Conditions and Spatial Growth

Figure H.3 plots initial distribution of fundamentals and spatial development. Figure H.4 presents
the growth rate in each province under initial conditions.

H.4 Additional Tables

Table H.1 presents the results with fundamentals in 1990. Table H.2 presents the results with fun-
damentals, incorporating changes in both trade and migration costs.

44



Figure H.2: GDP shares (1990 conditions)

a) 1990

0.0%

3.0%

6.0%

9.0%

12.0%

b) 1995 c) 2000

d) 2005 e) 2010 c) 2015

Notes: The figures show the distribution of economic activity across provinces in China, measured as GDP shares, in
the model with 1990 fundamentals.

Figure H.3: Real GDP Growth versus Initial Conditions

a) Initial stock of knowledge
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Notes: The figures show scatter plots of annual GDP growth across provinces in China over the period 1990-2010 against
initial conditions in 1990: initial knowledge stock in Panel (a), initial level of domestic expenditure share, λii, in Panel
(b) (two outlier provinces were trimmed), and initial share of stayers, sii, in Panel (c).
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Figure H.4: Spatial Growth (Annual, Percent)

a) 1990 - 1995
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b) 1990 - 2000
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c) 1990 - 2005
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d) 1990 - 2010
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e) 1990 - 2015

0%

5%

10%

15%

20%

Sh
an

gh
ai

Be
iji

ng
G

ua
ng

do
ng

Ti
an

jin
Zh

ej
ia

ng
Fu

jia
n

Jia
ng

su
Sh

an
do

ng
H

eb
ei

H
ai

na
n

H
ub

ei
Jia

ng
xi

A
nh

ui
Sh

an
xi

H
un

an
H

en
an

Li
ao

ni
ng

H
ei

lo
ng

jia
ng Jil
in

In
ne

r M
on

go
lia

Xi
nj

ia
ng

Yu
nn

an
Q

in
gh

ai
Ti

be
t

G
ua

ng
xi

Sh
aa

nx
i

Si
ch

ua
n

N
in

gx
ia

G
an

su
G

ui
zh

ou

Region

Eastern
Central
Northeastern
Western

Notes: The figures show the annual real GDP growth across provinces in China in different time frames over the period
1990-2015. Spatial growth in each figure is computed in the model under the initial 1990 conditions.
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Table H.1: With Fundamentals in 1990
Province 1990-1995 1995-2000 2000-2005 2005-2010 2010-2015
Beijing 11.54% 10.51% 9.59% 8.78% 8.08%
Tianjin 8.61% 8.39% 8.04% 7.65% 7.24%
Hebei 11.02% 9.85% 8.94% 8.22% 7.62%
Shanxi 6.31% 6.96% 7.26% 7.29% 7.15%
Inner Mongolia 10.48% 9.44% 8.62% 7.95% 7.39%
Liaoning 7.55% 7.26% 6.94% 6.61% 6.29%
Jilin 9.11% 8.57% 8.05% 7.57% 7.12%
Heilongjiang 5.57% 6.06% 6.28% 6.31% 6.21%
Shanghai 11.09% 9.27% 8.07% 7.22% 6.58%
Jiangsu 12.56% 10.66% 9.37% 8.43% 7.71%
Zhejiang 12.18% 10.17% 8.86% 7.94% 7.25%
Anhui 7.92% 8.02% 7.90% 7.64% 7.33%
Fujian 10.67% 9.70% 8.88% 8.18% 7.58%
Jiangxi 10.77% 9.80% 8.99% 8.31% 7.73%
Shandong 10.64% 9.61% 8.78% 8.10% 7.52%
Henan 9.47% 9.24% 8.86% 8.42% 7.96%
Hubei 9.78% 9.12% 8.50% 7.95% 7.45%
Hunan 7.79% 8.09% 8.08% 7.88% 7.57%
Guangdong 13.81% 11.53% 10.00% 8.90% 8.07%
Guangxi 10.86% 10.12% 9.40% 8.74% 8.14%
Hainan 19.44% 14.73% 12.01% 10.26% 9.05%
Sichuan 8.67% 8.94% 8.86% 8.58% 8.20%
Guizhou 7.73% 8.54% 8.86% 8.82% 8.57%
Yunnan 11.52% 10.36% 9.42% 8.65% 8.00%
Tibet 10.49% 9.97% 9.39% 8.80% 8.24%
Shaanxi 7.79% 8.28% 8.39% 8.25% 7.97%
Gansu 8.69% 9.07% 9.07% 8.83% 8.46%
Qinghai 6.70% 7.29% 7.53% 7.51% 7.34%
Ningxia 7.96% 8.53% 8.68% 8.55% 8.26%
Xinjiang 11.22% 9.89% 8.90% 8.12% 7.49%

Notes: GDP growth with 1990 fundamentals is computed by solving the dynamic spatial growth model with constant
fundamentals.
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Table H.2: Changes in Fundamentals

Province 1990-1995 1995-2000 2000-2005 2005-2010 2010-2015
Beijing 11.00% 10.41% 10.47% 9.86% 8.77%
Tianjin 9.20% 9.95% 10.59% 9.34% 9.23%
Hebei 11.02% 9.82% 9.01% 8.36% 7.77%
Shanxi 6.36% 7.03% 7.36% 7.19% 6.79%
Inner Mongolia 10.49% 9.59% 8.78% 8.18% 7.55%
Liaoning 7.72% 7.50% 7.34% 7.06% 6.63%
Jilin 9.22% 8.63% 8.20% 7.75% 7.28%
Heilongjiang 5.56% 6.05% 6.39% 6.56% 6.44%
Shanghai 11.60% 10.79% 11.13% 9.67% 8.37%
Jiangsu 12.76% 11.35% 11.24% 9.78% 8.74%
Zhejiang 12.39% 10.52% 9.78% 8.85% 7.91%
Anhui 7.97% 8.03% 7.87% 7.73% 7.49%
Fujian 10.95% 10.01% 9.68% 8.78% 8.09%
Jiangxi 10.76% 9.71% 8.83% 8.42% 7.88%
Shandong 10.79% 9.88% 9.31% 8.74% 7.99%
Henan 9.49% 9.24% 8.87% 8.48% 8.00%
Hubei 9.82% 9.21% 8.64% 8.21% 7.66%
Hunan 7.76% 7.89% 7.77% 7.63% 7.39%
Guangdong 13.73% 12.69% 12.45% 10.57% 9.31%
Guangxi 10.98% 9.93% 8.87% 8.27% 7.65%
Hainan 19.47% 14.82% 12.07% 11.10% 9.59%
Sichuan 8.68% 8.81% 8.45% 8.36% 7.96%
Guizhou 7.78% 8.56% 8.71% 8.66% 8.37%
Yunnan 11.64% 10.49% 9.57% 8.84% 8.17%
Tibet 10.56% -0.13% 13.60% 2.25% 11.92%
Shaanxi 7.85% 8.43% 8.57% 8.53% 8.24%
Gansu 8.75% 9.19% 9.26% 9.13% 8.75%
Qinghai 6.72% 7.94% 7.57% 8.35% 7.48%
Ningxia 8.00% 8.75% 8.99% 9.22% 8.81%
Xinjiang 11.29% 10.23% 9.38% 8.70% 8.01%

Notes: This table presents the annual growth rate with 1990 fundamentals and changes in international trade costs and
migration restrictions.
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