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Abstract

Are entrepreneurs and their capital allocated optimally across space? Should governments
employ place-based entrepreneurial policies? To study these questions, we first develop a
dynamic spatial quantitative framework featuring financial frictions, dynamic capital accumu-
lation, occupational and location choice and agglomeration forces. We then take this model
to the largest 20 Urban Areas (UA) of the Spanish State by relying on rich administrative and
balance sheet data. A key prediction of the model, which the data supports, is that there are
heterogeneous returns to capital across space, and more productive UAs are more capital con-
strained. Intuitively, financial frictions, albeit symmetric, disproportionately hinder more pro-
ductive UAs from reaching their production frontier. Second, we provide an efficient solution
method by exploiting the parallel nature of GPUs in CUDA. Speed-ups in the range of 60 to
20,000 are obtained compared to standard methods. Third, the policy analysis suggests that,
compared to a spatially neutral policy, targeting a subset of the most productive UAs achieves
greater welfare and production gains. However, these policies pose a trade-off to policymakers
between aggregate gains and increased regional disparities.
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1 Introduction

Entrepreneurship is widely recognized as an engine of job creation and growth, and has conse-

quently gained the support of policymakers. 1 Currently, expenditure in entrepreneurial subsidies

amounts to 0.74% of GDP in the EU and 0.65% in the US. In the Spanish economy, which is the

focus of this paper, specific policies include a flat monthly social security contribution of 80€ for

the first year. 2 A primary motivating factor behind these subsidies are the financial frictions faced

by entrepreneurs ((Banerjee and Duflo, 2014), (Schmalz et al., 2017), among others).

Despite this support, there is no consensus on how these funds should be allocated. However,

entrepreneurship varies considerably across space, as it is shaped by the composition of the local

workforce and agglomeration forces. Thus, a natural question arises: should policymakers ac-

count for the spatial dimension when designing entrepreneurial policies? Studying this question

calls for a framework with occupational and location choice, endogenous capital accumulation,

agglomeration forces and financial frictions. Thus far, neither the spatial nor the entrepreneur-

ship literatures have provided an answer, as they have not explored the spatial misallocation of

entrepreneurship and their capital due to the dimensionality of the problem.

To this end, we present a dynamic spatial quantitative framework featuring these occupa-

tional and location choices, financial frictions, endogenous capital accumulation and agglomera-

tion forces. We take the model to the largest 20 urban areas (UA henceforth) of the Spanish State

using rich administrative-level panel data on households and balance-sheet data on firms. A key

prediction of the model, which estimates from the data on support, is that there are heterogeneous

returns to capital across space, and more productive UA are more capital constrained. Intuitively,

even in the presence of symmetric financial frictions across locations, since these are more bind-

ing for the more productive entrepreneurs in the more productive locations, this leads to more

productive UAs operating disproportionately below their production frontier. We tackle the com-

1In the European Union (EU), for example, where growing concerns regarding the widening gap in productivity
and innovation between itself and both the USA and China are ubiquitous (the recently published Draghi report em-
bodies precisely this perception) fostering entrepreneurship has been identified as a key policy instrument to ameliorate
said concerns.

2The figures for the EU and USA are as reported in the Draghi report for R&D expenditure. Other specific examples
in the Spanish economy include: (i) the ability to capitalize unemployment benefits in one payment (ii) in several
regions, a lump-sum transfer averaging 3,000€ (varies by age, gender, urbanization, and other factors). To provide
context on the monthly 80€ flat contribution, the standard minimum one is 300€ and on average entrepreneurs need to
pay 28.3% of their net income as social security contributions.
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putational challenge of solving this class of models by proposing a solution method that exploits

the parallelizable nature of the algorithms employed in macroeconomics along with a hardware

component specifically optimized around throughput and parallel tasks: GPUs (Graphics Pro-

cessing Units). The attained speed-ups from employing GPUs are up to 20,000, higher than the

previously reported two to three times faster in the literature. 3 Lastly, we use our framework to

explore the long-run policy implications of place-based entrepreneurial policies. Our results sug-

gest that compared to a spatially neutral policy, targeting entrepreneurial subsidies towards a sub-

set of the most productive Urban Areas leads to higher welfare and production gains. However,

these policies pose a trade-off to policy-makers between aggregate gains and increased regional

disparities.

The first section of the paper briefly presents three stylized facts that motivate the model in-

gredients. The first one provides empirical evidence of the substantial variation in incorporated

entrepreneurial rates across space, thus highlighting the spatial nature of entrepreneurship. The

second one shows the heterogeneity in the correlation between entrepreneurial rates and agglom-

eration force proxies (density and skill composition) across sectors of the economy, which moti-

vates the inclusion of heterogeneous agglomeration forces by sector. Lastly, the third provides sug-

gestive evidence on the correlation between individual resources and entry into entrepreneurship,

which along with the vast evidence on financial frictions in the literature motivates the financial

constraints in the model.

The second section presents a dynamic spatial model that combines key elements from the spa-

tial and entrepreneurship literatures. It thus features heterogeneous workers and entrepreneurs

along the assets, entrepreneurial productivity, skill, sector and location dimensions who are mo-

bile across space and endogenously accumulate capital. Since we are interested in entrepreneur-

ship, the occupational choice is a central component. Workers provide labour in the local labour

markets and entrepreneurs produce intermediate sectoral goods which are combined to form the

final good subject to agglomeration forces and financial frictions 4 . The latter stem in the model

3This is with respect to the single-core C++ implementation in Fernández-Villaverde and Valencia (2018). We take
this paper as the main reference as it has the most comprehensive set of languages and has publicly available code for
replication.

4We corroborate empirically key findings in the literature that motivate these elements in the model. To this end,
we leverage rich administrative-level data on the employment histories of individuals across time and space from the
MCVL (Muestra Continua de Vidas Laborales - Continous Sample of Employment Histories) for the period 2013-2018
in the Spanish Economy.

2



from limited enforceability in the capital rental market, which leads to a borrowing constraint as a

function of the assets of the entrepreneur. Sectors are heterogeneous in their sensitivity to the ag-

glomeration forces, degree of financial frictions, and their intensity of the use of the inputs in the

economy. Locations differ in their productivity, housing supply elasticity and amenities 5. A key

challenge to solve this class of models, as in Giannone et al. (2020), is that the rich individual het-

erogeneity, combined with multiple locations, generates a high dimensional state space. Moreover,

the spatial dimension imposes additional structure by requiring agents to make forward-looking

dynamic decisions while keeping track of the distribution of prices within and across locations.

An additional consideration is that the presence of non-convexities (occupational choice) and the

highly non-linear policy functions stemming from the borrowing constraints of the entrepreneurs

prevent us from employing other methods such as that in Kleinman et al. (2023), which relies on

linearization. 6

The third section discusses the employed numerical methodology. To solve and calibrate the

model, plus conduct policy experiments efficiently, we make extensive use of GPUs (Graphics

Processing Units), whose distinguishing feature is the availability of thousands (even tens of thou-

sands) of cores. The intuition is simple: as an example, to sum c[i] = x[i] + y[i] for i = 0, ..., N,

rather than iterating sequentially on i = 0, i = 1, i = 2 ..., each index of the vector i is assigned

to a core c on the GPU. This allows the entire vector sum to be computed in parallel, leading to

substantial speed-ups. In particular, we are able to compute the model up to 20,000 times faster

than a standard fully-vectorized MATLAB implementation would do 7, and the proposed custom

implementations in native CUDA (the language employed to program on GPUs), attain higher

speed-ups than previously reported in the literature (Fernández-Villaverde and Valencia, 2018)

(x20,000 against x27-28). We are careful to explain and decompose the sources of these speed-ups

in sections 4 and Appendix D.

In the fourth section, the model is taken to the largest 20 UAs of the Spanish State which

account for roughly 50% of the population and above 70% of GDP by relying on rich micro data

5A summary of the main blocks of the model is provided in table 1
6Note that in this model the heterogeneity in returns to capital is critical in order to study the effect of policies on

aggregate outcomes.
7To put this in perspective, it takes around 4 minutes to compute a place-based policy in general equilibrium so

that it results in a given % expenditure out of the country-wide GDP. This would require 56 days in MATLAB. At an
electricity cost of 0.25$/kWh, that would result in 0.00396$ in CUDA and 31.92$ in MATLAB.
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from both the household side and the firm side. On the households side, administrative-level

panel data on social security affiliation episodes is employed, the MCVL (Continuous Sample of

Employment Histories). One key advantage from this dataset is the ability to identify who, when

and where becomes an incorporated entrepreneur since 2013. On the firm side, given that the

MCVL provides no data on the firms of the entrepreneurs, balance sheet data from SABI (Iberian

Balance Analysis System) is employed, which offers the required geographical coverage. The

population share and skill composition of each location are closely matched, as they regulate the

agglomeration forces and hence productivity. On the untargeted dimensions, the calibrated model

can properly replicate the heterogeneous slopes across sectors in the correlation between the stock

of entrepreneurs or entry rates and both the size and skill composition of UAs. In addition, the

mobility patterns in the model match those of the data: agents are more likely to out-migrate from

smaller, less productive urban areas to their larger and more productive counterparts.

The fifth section discusses the main predictions of the model regarding the interaction between

financial frictions, endogenous capital accumulation and heterogeneous locations. At the individ-

ual level, entrepreneurs face collateral constraints and must therefore accumulate wealth in order

to reach the optimal production scale. Spatially, they sort across locations in order to maximize

their profits, with higher productivity locations providing the fastest path for wealth accumula-

tion. At the aggregate level, there are heterogeneous returns to capital across space, and more

productive UAs have higher MPK Premiums 8. The main driver behind this result is the inten-

sive margin. Given the symmetric borrowing constraints across locations, a higher productivity

of the urban area widens the gap between the attainable capital and the unconstrained one, thus

increasing the MPK Premiums for given idiosyncratic asset holdings and productivities across the

entire distribution. 9 In other words, the gap between the attained production and the production

frontier, both at the individual and aggregate level, is wider in more productive UAs given the

8MPK Premiums are defined as the difference between the MPK and the user cost of capital. Intuitively, a positive
value implies that entrepreneurs would be willing to pay a higher user cost of capital to have increased access to capital.

9The second force is compositional. On the extensive margin, the assumption on tradable goods leads to a negative
selection channel between the idiosyncratic productivity of the entrepreneur and the productivity of the UA. Given the
log-normal distribution assumption on the idiosyncratic productivity of the entrepreneurs, the marginal entrepreneur
is notably less productive idiosyncratically, thus muting the benefits obtained from the higher productivity of the UA.
Thus, we find no clear evidence that the marginal entrepreneur in a more productive UA is more constrained than its
counterpart in a less productive UA. The bulk in the variation in MPK Premiums across UAs is therefore explained by
the intensive margin, leading to a positive relationship between average UA productivity and average MPK Premiums
at the UA level.
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more pronounced impact of financial frictions.

Lastly, motivated by the obtained heterogeneous returns to capital across locations, the seventh

section studies place-based entrepreneurial transfers. We begin with a place-based lump-sum

transfers to entrepreneurs policy that mimicks the current EU’s 0.1% of GDP expenditure level. 10

This policy is subsidized by an increase in the labour tax. Both in terms of efficiency and welfare,

at country-wide level, targeting the most constrained and productive UAs leads to the largest

positive gains. Intuitively, these are the locations where the additional resources spent on capital

have the higher returns for both entrepreneurs and workers, as wages increase as a result of the

increased productivity. However, the increase in labour taxes to subsidize a single location as well

as the increased house prices due to congestion forces lead to a more muted response of welfare

compared to that of output. These policies targeted at a single UA, while they can achieve higher

efficiency and welfare gains than a country-wide untargeted policy, result in a notable increase in

regional economic disparities.

Therefore, the targeting of a set of UAs is considered. Since this is an expensive combinatorial

problem at 220 possible sets, a heuristic rule consisting on progressively targeting the UAs by size

is followed. The results suggest that targeting a subset of the largest and most productive UAs

leads to higher welfare and efficiency gains than an untargeted policy at little cost in terms of

regional disparities. Intuitively, expanding the set of covered UAs expands the mass of agents

directly benefiting from the policy and mitigates the congestion forces by spreading the influx of

people across multiple locations.

Does the design of the policy matter? To address this question, an alternative proportional-

to-collateral policy is considered which consists on handing out entrepreneur-specific transfers to

alleviate the collateral borrowing constraints in equal proportion. This is relevant since it speaks

to size-dependent policies such as investment subsidies, loans or guarantees. We find that such

policy leads to a small and positive efficiency response. The intuition stems from the fact that

this policy concentrates most of the funds on larger, less constrained entrepreneurs. In terms of

welfare, the regressive nature of taxing workers to subsidize these on average larger and less con-

strained entrepreneurs (compared to lump-sum transfers) at limited wage growth and extensive

10This is the expenditure level on the Horizon Europe programme and EIC (European Innovation Council) institu-
tion.
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margin occupation switching leads to negative welfare gains across the board. This holds regard-

less of what set of locations is targeted or what the expenditure level of the policy is.

Lastly, to underline the role of financial frictions, we conduct the same policy experiments un-

der no borrowing constraints. In this scenario, firms operate at optimal scale everywhere, entry

is determined by productivity only and there are no heterogeneous returns to capital. The results

indicate that increasing the labour tax in order to subsidize entrepreneurs leads in this case to

a negative response of welfare. Intuitively, workers pay higher taxes to subsidize wasteful ex-

penditure 11 targeted towards on average richer entrepreneurs. In terms of production, there is

increased inefficient entry into entrepreneurship as a consequence of the subsidies. Consequently,

the marginal entrepreneur is now less productive, and the average entrepreneur operates at a

lower scale. At the aggregate, the extensive margin dominates and this results in limited but

positive gains in total production. Therefore, financial frictions are key in generating a positive re-

sponse of both efficiency and welfare and quantitatively drive most of the efficiency gains (>85%)

that are attainable through place-based entrepreneurial subsidies. 12

Relationship to the literature

This work relates to several strands of the literature. First, it is related to the literature that

studies misallocation across space either due to zoning, taxation, or local externalities Desmet and

Rossi-Hansberg (2013), Ferrari and Ossa (2023), Fajgelbaum et al. (2019), Herkenhoff et al. (2018),

Niebuhr et al. (2020), Fajgelbaum and Gaubert (2020). We contribute to this literature by studying

the implications of the misallocation of capital across space induced by financial frictions in an

spatial setting.

Related to this, we contribute to the growing body of dynamic spatial models Kleinman et al.

(2023), Giannone et al. (2020), Desmet et al. (2018) by providing an efficient solution method

and studying capital accumulation subject to frictions in an occupational choice setting. We also

show that dynamics and space interact in a non-trivial manner for the wealth accumulation of

entrepreneurs: more productive entrepreneurs sort across space to the locations that allow them

to accumulate capital faster.

11Note that in this setting place-based entrepreneurial policies could still address a potentially suboptimal allocation
of agents due to the agglomeration forces.

12In the absence of financial frictions, optimal policy would shift to place and skill based transfers to agents (both
workers and entrepreneurs) to optimally exploit the agglomeration forces, as in Rossi-Hansberg et al. (2019).
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We also relate to the literatures on the macroeconomics of entrepreneurship and its policy im-

plications Quadrini (2000), Cagetti and De Nardi (2006), Boar and Midrigan (2023), Morazzoni

and Sy (2022) and financial frictions Evans and Jovanovic (1989), Holtz-Eakin et al. (1994), Baner-

jee and Duflo (2014), Schmalz et al. (2017), Banerjee and Blickle (2021), by exploring the spatial

dimension of the interaction between financial frictions and entrepreneurship. We find that het-

erogeneous returns are not only created across individuals, but also across locations, leading to

a joint distribution of returns to capital over individuals and space. This has clear implications

for policy: there are heterogeneous returns to capital across space and public spending in more

constrained urban areas attains higher marginal returns.

Lastly, we contribute to the literature on computational economics arguing for the use of GPUs

Fernández-Villaverde and Valencia (2018), Aldrich (2014), Aldrich et al. (2011). Here, we provide

a full-fledged custom implementation in native CUDA/C++ that allows the model to be solved,

from calibration to policy exercises, within this CPU-GPU heterogeneous model. We also dis-

cuss the benefits of the newly introduced features in CUDA, like the Cooperative Groups API for

within-kernel thread synchronization. In addition, we find higher relative gains with respect to

either a MATLAB or serial C++ implementation than previously reported in Fernández-Villaverde

and Valencia (2018) (which offers the most comprehensive set of languages and open source code).

In particular, we find a speed-up of x20,000 relative to MATLAB compared to x27 and a speed-up

relative to C++ of 2,000 compared to x2-3 . Lastly, we discuss two algorithms to understand when

the parallelization works more satisfactorily and we break down the speed-up gains by idiosyn-

crasy of the CUDA programming model.

This paper is organized as follows: Section 2 provides suggestive evidence for the assumed

model ingredients. Section 3 presents a Dynamic Spatial model with Occupational Choice. Sec-

tion 4 discusses the solution methodology. Section 5 discusses the calibration procedure and per-

formance of the model on targeted and untargeted moments. Section 6 builds the intuition for the

policy exercises by discussing key results from the steady-state. Section 7 presents the results of

the policy exercises. Lastly, 8 concludes.
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2 Stylized facts

The present section discusses the three main stylized facts that motivate the modelling choices in

the quantitative model. The data employed for this section is the MCVL (Continous Sample of

Employment Histories). This is an administrative-level panel dataset on social security affiliation

episodes which allows us to identify who, when and where becomes an incorporated entrepreneur

since 2013. The empirical appendix A provides the details on the methodology, data source and

variable construction.

2.1 Stylized Fact #1: the substantial Spatial Variation of Incorporated Entrepreneurial

Rates in the Spanish State

A consistent finding in the empirical literature studying the relationship between local economic

characteristics (human capital, social norms towards entrepreneurship, industrial composition,

...) and entrepreneurship ((Eriksson and Rataj, 2019), (Hundt and Sternberg, 2016), (Ghani et al.,

2017), among others) is the differential rates in entrepreneurship across space. This first stylized

fact thus aims to provide evidence on the spatial variation of incorporated entrepreneurship in

the Spanish State. Figure 1 displays the obtained results. We focus on incorporated entrepreneur-

ship rather than any type of self-employment. This stems from evidence in the literature pointing

towards this group showing higher employment, income and growth potential than their unin-

corporated counterparts ((Levine and Rubinstein, 2017), (Åstebro and Tåg, 2017), ... ).

Two major comments are in place regarding the map. First, it is worthwhile to note that becom-

ing an incorporated entrepreneur is a rather unlikely event. On average (throughout the 2013-2018

period), about 25 people out of 10,000 became one at the median urban area (UA) by year. 13 14

The main point to notice is the substantial spatial variation of these entrepreneurial rates. The

obtained
p90

p10
ratio is about three, which implies that the top 10% UAs experience triple the incor-

porated entrepreneurship than their bottom 10% counterparts. Moreover, this spatial distribution

is greatly amplified when looking at the conditional distributions by sector of the economy (see

13While comparisons across countries in the rates of incorporated entrepreneurs are not widely available, this figure
is in line with the 10 to 15 out of 10,000 rate reported in the Kauffman New Employer Businesses series https://
indicators.kaufn.org/indicator/rate-of-new-employer-businesses

14Appendix A.1.2 provides the details on identifying these entrepreneurs in the data and well as their individual
characteristics, and Appendix A.1.3 provides details on the Urban Areas under study.
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Figure 1: Spatial Distribution of Incorporated Entrepreneurship

Entrepreneurial Rate: New Incorporated per 10,000 inhabitants (Working Age)
Averaged Over 2013-2018, by Urban Area (MCVL data)

Decile Values
0 to 10 %: 0.00 to 11.11

10 to 20 %: 11.11 to 14.06

20 to 30 %: 14.06 to 16.85

30 to 40 %: 16.85 to 19.37

40 to 50 %: 19.37 to 21.15

50 to 60 %: 21.15 to 24.27

60 to 70 %: 24.27 to 25.95

70 to 80 %: 25.95 to 28.62

80 to 90 %: 28.62 to 31.56

90 to 100 %: 31.56 to 45.35

Notes: Spatial distribution of incorporated entrepreneurship. The rate is defined as those transitioning
from workers in year t − 1 to those starting an incorporated business in year t over 10,000 working-age
inhabitants per Urban Area over the period 2013-2018. The colours correspond to a given decile, whose
values are provided on the legend to the left.

Appendix B.1). For example, in high skilled sectors (such as the “Telecommunications" and “Pro-

fessional and Scientific"), this ratio explodes as some UAs (small ones in particular) experience no

entrepreneurship into these sectors at all during this period.

2.2 Stylized Fact #2: Sectoral Heterogeneity in the Correlation between Incorporated

Entrepreneurship and the Local Agglomeration Forces

The empirical literature has also has long documented the relationship between the density of a

UA and its rate of entrepreneurship ((Carlino et al., 2007), (Eriksson and Rataj, 2019), (Glaeser and

Gottlieb, 2009) ). Overall, agglomeration economies bring with them the benefits of infrastructure

and input sharing, knowledge spillover effects and matching, among others, which contribute

towards the UA’s productivity 15. The main goal of this second point is to verify that this cor-

15Input sharing allows firms to access specialized suppliers and services at lower costs, while labor pooling enhances
the efficiency of matching between firms and workers (Duranton and Puga, 2004). Knowledge spillovers—the informal
exchange of ideas and innovations facilitated by proximity—are particularly crucial for fostering creativity and new
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relation holds in the context of the Spanish UAs. Figure 2 displays the obtained results by sec-

tors of the economy. The construction of these sectors is detailed in Appendix A.1.4. Following

Rossi-Hansberg et al. (2019) and Giannone (2017), our two proxies of agglomeration forces are the

experienced density 16 (Duranton and Puga, 2020), see Appendix A.1) and skill composition of the

UAs.

Figure 2: Correlation between Incorporated Entrepreneurship and the Proxies of the Agglomera-
tion Forces by UA and sector
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Notes: Correlation between incorporated entrepreneurship and the proxies for the agglomeration forces,
share of high skilled and (log) experienced density, at the UA-sector level (averaged over 2013-2018). The
top row presents the results for the different sectors (columns) as a function of the share of high skilled by
UA. The bottom row does similarly for the density of the UA. The estimated coefficients are available at
B.7.

Upon inspection, one feature is salient: the heterogeneous response by sector. While the cor-

relation between the proxies for the agglomeration forces and entry into the Low or Medium

business formation (Rosenthal and Strange, 2004).
16This is a measure of density that aims to control for the artificial administrative boundaries that delimit a given

territory. Rather than computing the usual population to terrain ratio, this definition measures density by computing
how many people there are on average in a 10km radius from the average person in an UA. We estimate this measure
of the UAs of the Spanish State by relying on grid cell population data.
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Skilled sectors is either flat or downward sloping, the results for the High Skilled sectors are non-

equivocal: there exists a positive and significant relationship between incorporated entry and both

the size and skill level of the UA for the highly skilled 1st digit NACE sectors. These findings mo-

tivate the heterogeneous agglomeration forces by sector in the model. The estimated coefficients

are reported in Appendix B.2.

2.3 Stylized Fact #3: Positive Correlation between Individual Resources and Entry

into Entrepreneurship

The literature on entrepreneurship has long emphasized the role of financial frictions in shaping

entrepreneurial dynamics. A substantial body of work documents both the presence and conse-

quences of these frictions ((Evans and Jovanovic, 1989), (Holtz-Eakin et al., 1994), (Banerjee and

Duflo, 2014), (Schmalz et al., 2017), among others). Key findings highlight that financial con-

straints adversely affect entrepreneurship by (i) reducing the rate of entry into entrepreneurial

activities, (ii) establishing a positive relationship between individual wealth and the likelihood of

starting a business, (iii) limiting the growth potential of firms on the intensive margin, and (iv)

generating a mismatch between entrepreneurial ability and probability of entry, among others.

The MCVL (see Appendix A.1 for the data description) provides the opportunity to find sug-

gestive evidence on the first and second results in the context of the Spanish economy 17. The

proposed approach is to study whether the accumulated income during one’s working history

is correlated with entry into entrepreneurship 18. A positive and significant coefficient would

suggest that individuals need to wait to have accumulated enough wealth before pursuing their

entrepreneurial endeavours.

Overall, we find that that a 10% increase in cumulative income leads to a 3.9% increase in the

relative probability of becoming an entrepreneur. We are careful to control for observable charac-

teristics both at the individual (sex, age, household composition, skill, ...) and UA (average skill,

average income, experienced density, age composition, unemployment rate, ...) level. This sug-

gestive evidence hence complements the findings in the literature in motivating the incorporation

17Note that since neither fiscal data on entrepreneurial episodes nor information on the entrepreneurial firm is
observed in the MCVL the last result can not be tested.

18Note that the MCVL provides no wealth data but only labor income. Consequently, past accumulated income is
treated as a proxy for an individual’s own funds
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of financial frictions in the model. Further details are provided in Appendix B.2.2.

3 Model

We propose a quantitative dynamic spatial equilibrium model with occupational choice that aims

to explain the geographical variation in entrepreneurship. Primarily, it allows to study the in-

teraction between financial frictions, dynamic capital accumulation and heterogeneous locations.

Table (1) provides a summary of the environment of the model. The model borrows insights from

the literature in dynamic models of economic geography ((Giannone et al., 2020), (Kleinman et al.,

2023)) as well as from those in entrepreneurship ((Cagetti and De Nardi, 2006), (Quadrini, 2000)).

Table 1: Summary of the Model

Block Key Points

Occupational Choice Agents choose between being workers or entrepreneurs every period

Technology J sectors
Tradable Intermediate Sectoral Goods Yj, produced by price-taker Entrepreneurs at prices pj

Intermediate Good Production subject to Agglomeration Forces (size and skill), Financial Frictions and DRS
These are aggregated into the Final Good Y

Heterogeneity Ex-ante Heterogeneity in Sectors and Skill Level
Ex-ante Homogeneity in Entrepreneurial Ability z

Financial Markets Financial Frictions: Entrepreneurs can borrow up to k ≤ λja
Single Country-Wide market for Capital at rate r

Mobility Agents are able to move across the L locations of the Economy
subject to Utility Costs τl,l′

Labour Markets Labour Markets are at the location-sector-skill level and Supply and Demand clear at wages ws,j,l

Trade Costless trade across locations, prices of intermediates and final good equalize

Housing Assume simple supply equation Hl = pηl
h,l H̄l (Supply)

HH have CB preferences over the final good and housing (Demand)
Housing sector profits get rebated to households on a location basis

Government The Government levies taxes on labour τL and on profits τK
to pay for an exogenous level of expenditure G

and may employ place-based policies τL,l , τK,l , Tl to promote entrepreneurship

Notes: The table presents the main ingredients of the model. The first column indicates the block of the
model under consideration. The second column provides the details on the assumptions made for each
block.
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3.1 Setting

3.1.1 Heterogeneous Households

The model features infinitely-lived heterogeneous households. These households have permanent

and fixed sectoral j and skill types s (either low or high skilled). They face the period by period

problem of choosing their occupation. They may choose to either become workers and supply a

unit of labour in the local labour markets or become entrepreneurs and produce the intermediate

good in their sector j. In addition, these agents are mobile across locations in an endogenous

manner, subject to utility moving costs. Lastly, every period they receive innovations to their

entrepreneurial productivity z in their given sector j. The entrepreneurial ability z is assumed to

follow an AR(1) process:

zt = ρzzt−1 + ϵt s.t. ϵt ∼ N (0, σy)

Where z denotes productivity, ρ is the auto-correlation coefficient and σz is the standard devi-

ation of the error term.

3.1.2 Sectors

In order to account for the observed heterogeneous distribution of sectors across space in the data

and their differential sensitivities to agglomeration forces, the model features J sectors. These

sectors are heterogeneous along three key dimensions. First, each sector has an exogenous amount

of workforce of each skill s category, given the assumption that agents in the economy have fixed

sectoral j and skill s types. Second, each sector employs the three inputs in production (unskilled

labour, skilled labour and capital) in varying intensities αi,j, where i denotes the input and j the

sector. This allows for some sectors to be more capital or labour intensive than others. Lastly,

sectors have varying degrees of sensitivities to agglomeration forces. 19

19Thus, the model allows for some sectors to benefit more from knowledge spillovers, and others from urbanization
economics (or from neither).
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3.1.3 Space

The economy consists of L locations indexed by l ∈ {1, 2, ..., L}. Locations are heterogeneous

along several dimensions. First, each location has an exogenous sector-specific productivity Aj,l .

Second, each location has a housing supply elasticity ηl that determines how costly it is to build

in that location. Third, there are location-skill specific amenities as,l . The discussion of these

parameters shall be postponed to their respective sections.

3.2 Model Environment

Technology

Production in the economy has two layers. First, each sector of the economy produces an

intermediate good Yj. Second, these are aggregated in CES fashion into the final good of the

economy Y. We shall discuss each layer in detail.

Intermediate Goods

The first layer of production is carried out by the entrepreneurs. An entrepreneur in location l

and sector j, with idiosyncratic productivity z, skill level s and assets a produces an amount Ye,j,l

of the intermediate good Yj, subject to the following profit function:

πa,z,s,j,l = pj︸︷︷︸
PRICE-TAKERS

( z︸︷︷︸
IDIOSYNCRATIC PRODUCTIVITY

+ ϕj︸︷︷︸
PRODUCTIVITY SCALER

) Φs,j︸︷︷︸
MULTIPLIER HIGH-SKILLED

Aj,l︸︷︷︸
EXOGENOUS PRODUCTIVITY1 +

(
Ll

L

)ΩSIZE,J

︸ ︷︷ ︸
SIZE AGG. FORCES

(
Hl

Ul

)Ωskill,j

︸ ︷︷ ︸
SKILL AGG. FORCES

(αH,jh
(ξ−1)

ξ + αU,ju
(ξ−1)

ξ + αK,jk
(ξ−1)

ξ

) µj︸︷︷︸
DRS,µj<1

ξ
ξ−1

− (WH,j,lh + WU,j,lue)︸ ︷︷ ︸
LABOUR COSTS

− (rt + δ)k︸ ︷︷ ︸
CAPITAL COSTS

− Fj︸︷︷︸
FIXED COSTS

S.T.

k ≤ λja︸ ︷︷ ︸
BORROWING CONSTRAINT
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A few comments are in place regarding the structure thereof. First, entrepreneurs are assumed

to be price-takers at price pj on the single variety of the intermediate good Yj. Second, each en-

trepreneur e has its own idiosyncratic productivity ze, which is assumed to follow a standard

AR(1) process. Third, the productivity of the entrepreneur is further amplified by the terms ϕj

and Φs,j. These are sector and sector-skill specific parameters whose role will be discussed in

length in the calibration section 20. Lastly, there is the exogenous productivity term Aj,l which is

location-sector specific. 21

The production function in this economy is a CES with three inputs: high-skilled labor, low-

skilled labor, and capital. Each input has its corresponding weight αI,j, which are input and sector

specific. The elasticity of substitution between inputs in production is ξ. Lastly, production takes

place at decreasing returns to scale (DRS). Thus, we would obtain a well-defined distribution of

entrepreneurs over the state space even in the absence of financial frictions, as this assumption

guarantees that the most productive entrepreneurs can not service the entire market by them-

selves. 22

Sector-location specific agglomeration forces enter in production through the terms Ωsizes,j and

Ωskill,j. Thus, larger locations ↑ Ll

L
and/or more skilled ↑ Hl

Ul
locations are more productive.

Importantly, these agglomeration forces enter in a neutral manner such that the productivity gains

affect all inputs equally 23. The term on the agglomeration forces includes a 1+ to capture the

notion that agglomeration forces increase the productivity of a given location above the base level.

Fixed costs Fj play the role of regulating the overall share of entrepreneurs in the economy, are

paid in terms of the final good, and need to be paid every period in order to produce.

Lastly, entrepreneurs are subject to financial frictions. We assume limited enforceability of

contracts in the in the capital rental market. Therefore, each entrepreneur will only be able to rent

20Intuitively, the sector-specific parameter ϕj regulates the share of fixed costs over total profits, and Φs,j determines
the fraction of high-skilled that become entrepreneurs in each sector.

21Intuitively, the exogenous UA-sector productivities allow us to target the spatial distribution of production. The
intuition for this is that the GDP per capita differentials across space might differ by more than implied by the agglom-
eration forces, for example.

22Note that this would not be the case in a frictionless world under constant returns to scale.
23Giannone (2017) estimate separate skill and size agglomeration forces per worker type. Rossi-Hansberg et al.

(2019) find that skill agglomeration forces are more prominent than their sizes counterparts, and more so for the high-
skilled. Here, inasmuch as agglomeration forces are estimated for all three sectors and the skill composition varies
systematically across sectors, as well as there being a correlation between city size and skill composition, neutral and
non-neutral agglomeration forces result in very similar results. The prominence of the skill agglomeration forces is also
corroborated, in line with the cited authors.

15



capital at user cost rt + δ up to ke ≤ λjae
24. This will result in constrained entrepreneurs having a

high private return of capital, which will incentivize them to accumulate wealth in order to grow

out of the constraint. This is the main mechanism in the model that embodies the stylized fact #3,

namely that would-be entrepreneurs accumulate assets prior to entry.

Final Good

Once the intermediate goods are produced, they are combined in CES fashion into the final

good of the economy Y:

Y =

(
J

∑
j

γ
1
ρ

j Y
ρ−1

ρ

j

) ρ
ρ−1

Where J is the number of sectors in the economy, ρ is the elasticity of substitution and γj are

the weight parameters for each intermediate. The final good is taken as the numeraire and its

price normalized to unity.

Trade

Trade in this economy is costless across locations and therefore both intermediate goods prices

pj,l and final good prices Pl equalize across locations pj,l = pj ∀l and Pl = P ∀l.

Financial Markets

Households in this economy supply their assets a to an intermediary for a return thereon of rt.

Entrepreneurs rent capital k from these intermediaries, for which they are required to pay the user

cost, consisting of the return rt given to the households and a cost of δ per unit of capital to cover

for depreciation.

Several other points are in place. First, borrowing is only allowed for entrepreneurial endeav-

ours and household asset positions are imposed to be non-negative a ≥ 0 25. Second, production

takes place after the idiosyncratic entrepreneurial ability realization z has been observed (the ex-

act timing is explained below). Third, there exists a single country-wide market for capital, and

therefore all the funds supplied by households are put into the same intermediary which can be

24This constraint is the one proposed in Moll (2014). Note that despite the reduced form structure of the constraint, it
can be micro-founded from a limited enforcement angle. Assume that an entrepreneur could run away with a fraction
1
λ

of the borrowed funds, then in equilibrium the lender would only lend up to the point of indifference, k < λa (Buera

and Shin, 2013).
25This ensures that the collateral borrowing constraint of entrepreneurs is always well specified. It also generates

precautionary behaviour by households in the event of receiving a bad entrepreneurial productivity draw or a bad
location preference shock.
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accessed by entrepreneurs in all locations, thus there is a unique interest rate in the economy 26.

Mobility

Agents are free to move across locations l in this economy subject to the presence of utility τl,l′,o

costs of moving from location l to l′, and may vary by occupation {WORKER, ENTREPRENEUR}.

Every period, agents receive an i.i.d vector of L Extreme Type 1 location preference shocks with

scale parameter v. This will induce agents to move in probabilistic terms and endogenously based

on their position on the state space. The exact timing is explained below.

Labour Markets

The economy is made up of multiple local labour markets that operate at the skill-sector-

location level. Agents, both workers and entrepreneurs, are assumed to work or operate in the

same location where they reside. 27 Thus, the wage ws,j,l equalizes the supply of labour by work-

ers and demand by entrepreneurs for labour of characteristics s and j in location l, for a total of

S × J × L labour markets.

Housing

Following the structure in Ganong and Shoag (2017), there exists a construction sector in the

economy which can build housing in location l, Hl . The supply is an upward function of the price

for housing in that location ph,l with slope given by the elasticity of the housing supply in location

ηl . Each location has a pre-existing stock of land H̄l upon which the construction sector can build.

Households are assumed to rent their housing units and home ownership is not allowed.

Therefore, the supply side of the housing sector has the following curve Hs
l = pηl

h,l H̄l . Hence,

ceteris paribus, it will be more expensive to construct in those locations with a lower housing supply

elasticity ηl and likewise in those locations with a lower initial level of housing stock H̄l .

Turning to the demand side, households enjoy Cobb-Douglas (CB) utility over the final good

and housing, and are able to consume any amount. This implies that the demand for housing in

a given location Hd
l is equal to the product of the share of people living in a given location times

their housing consumption given their location on the state space.

26A concern regarding this assumption might be the heterogeneity in funding opportunities depending on the loca-
tion, among which Venture Capital stands out. However, note that VC in Europe and Spain in particular is not as promi-
nent as in the US. According to Bellucci et al. (2021), only about 10% of the global VC market is located in the EU, with
the Spanish State accounting for only 3% of that figure. This results in the country accounting for 0.3% of global VC vol-
ume, significantly less than its 1.36% GDP contribution https://www.imf.org/external/datamapper/profile/ESP.

27We allow for no commuting in the model but note that since we are going to take the model to the urban areas of
the Spanish State these are effectively the local labour markets.
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Lastly, the profits made by the housing sector at each location get rebated to households in

in the form of reduced income taxes τh,l . This is done by local councils that have the following

budget constraint: Πh,l = τh,l Il , where Πh,l are the profits from the housing sector and Ll is the

share of inhabitants in location l. Lastly, Il is the income being subsidized.

Government

The government in this model economy levies flat tax rates on labour τL and profits τK in

order to finance an exogenous amount G as a fraction of total output. Therefore, workers pay

taxes τLws,j,l on their unitary supply of labour and entrepreneurs pay τKπa,z,s,j,l . Note that since

labour supply is fixed and the tax on profits does not directly interact with the input choices,

these taxes are not distortionary inasmuch as they do not distort labour supply or input choices in

production.

The budget constraint of the government therefore reads as follows:

L

∑
l=1

J

∑
j=1

S

∑
s=1

τLwl,j,sLSl,j,s︸ ︷︷ ︸
REVENUES FROM LABOUR

+
∫

τKπ(a, z, s, j, l)occ(a, z, s, j, l)dλ∗(a, z, s, j, l)︸ ︷︷ ︸
REVENUES FROM PROFITS

= GY

Where LSs,j,l denotes the share of workers of skill s and sector j in location l, occ(a, z, s, j, l) is the

occupational choice policy function and λ∗(·) stands for the invariant measure in the stationary

equilibrium.

Timing

The sequence of events in the economy within a given time period t is outlined in figure (3).

Figure 3: Timeline of the Model

(i) Location Preference Shocks ϵl Realized
(ii) Agents make location decisions
and utility mobility costs are paid

T0

(i) Households observe idiosyncratic states
(entrepreneurial ability z in particular)

(ii) Households make their occupation choice
(iii) Households lend their money to financial intermediates

(iv) Entrepreneurs borrow capital and hire labour

T1

(i) Production takes place and fixed costs are paid
(ii) Workers are paid their wage ws,j,l

(iii) Entrepreneurs receive profits π(·) and pay user costs
(iv) Households receive interest on assets ra

T2

(i) Government levies taxes
on labour τl and capital τk

T3

(i) Consumption and savings
choices made by households

(ii) Households pay their rent ph,lht
(iv) local councils hand out the housing sec-

tor profits as a reduction on income taxes
(v) Government spends fraction of output G

T4

First, at time 0, the location preference vector shock ϵt is realized and moving decisions are
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made. If households switch locations, l ̸= l′, moving costs are paid in terms of utility, τl,l′,o.

Second, once households are installed in their new location, idiosyncratic entrepreneurial

shocks z are realized and agents observe their idiosyncratic states {a, z, s, j, l}. Households then

make their occupational choice, whether to become workers or entrepreneurs, based on these.

Once occupation choices are made, households lend their financial resources a to the intermedi-

ary and entreprenerus borrow the capital they require for production up to the borrowing limit

k ≤ λja and hire labour.

Third, production takes place. Intermediate goods Yj are produced across locations and are

combined in CES fashion to produce the final good Y. The inputs of production are paid their

renumerations. Workers receive wages ws,j,l and entrepreneurs pay the user cost of capital rt + δ

for renting it. After the inputs of production are paid, entrepreneurs receive the remainder of the

revenues obtained net of the fixed costs Fj. Finally, households are paid their returns on assets.

Fourth, after households receive their income, the government taxes labour income at rate τl

and profits at τk.

Lastly, households simultaneously decide their consumption, housing and assets to carry to

the next period, mindful of the uncertainty stemming from the location preference shocks and

entrepreneurial productivity process. Local councils then redistribute the obtained profits from

the housing sector in the form of reduced income taxes τh,l . The period ends with the government

exogenously spending an amount equivalent to a fraction G of output. After the period is over,

the economy transitions to period t + 1 which is structured in the same manner.

3.3 Households’ Problem

Agents in the economy are characterized by their idiosyncratic states {a, z, s, j, l}, where a denotes

assets, z is the realization of the entrepreneurial ability, s and j are the fixed skill and sectoral types

and l is the current location of the individual. After locations choices are made, households decide

whether to become workers or entrepreneurs in the given period by evaluating the value yielded

by each alternative:

Vt(at, zt, st, jt, lt) = max{Vw
t (at, zt, st, jt, lt), Ve

t (at, zt, st, jt, lt)}

19



Where Vt(at, zt, st, jt, lt) denotes the beginning of period value, Vw
t (at, zt, st, jt, lt) is the value

of becoming a worker and Ve
t (at, zt, st, jt, lt) is the value of becoming an entrepreneur. Note that

households make the occupation choice taking the prices wt,s,j,l , rt, pt,h,l , pt,j, taxes τt,L, τt,K, fixed

costs Ft,j and housing sector income reductions τt,h,l as given.

Worker’s Problem

A worker in period t with assets at, entrepreneurial ability zt, skill st, sector jt and in location

lt faces the following problem:

Vw
t (at, zt, s, j, lt) = max

at+1,hr,t,ct

(
cαc

t h1−αc
r,t

)1−σ

1 − σ
+ as,lt + β Et

(
max
lt+1

Vt+1(at+1, zt+1, s, j, lt+1)− τl,lt+1,o + vϵ
lt+1
t+1

)

subject to the budget constraint:

ct = (1 + rt)at + (1 − τt,L + τt,h,l)wt,s,j,l − pt,h,lhr,t − at+1,

and the borrowing constraint:

at+1 ≥ 0.

Where the expectation operator E is taken with respect to the idiosyncratic entrepreneurial

and location preference shocks.

The worker’s current utility flow is given by the consumption of the bundle comprised of the

final good and housing plus the the skill-dependent local amenities as,l , that enter additively and

therefore do not interact with the consumption level. The worker’s budget constraint states that

consumption is equal to the assets of the worker plus the returns on it (1 + rt)at, plus the wage

received wt,s,j,l net of taxes (1− τt,L), plus the housing sector income tax reductions τt,h,l minus the

paid housing rental costs pt,h,lhr,t and the assets that are chosen to be carried to the next period

at+1.

The remainder of the value is given by the expected continuation value. It consists of three

components. First, there is the value provided by each potential future location lt+1. Second,

there is the utility moving costs, which enter directly into the value function in terms of utils.

Lastly, there is the term involving the location preference shocks vϵ
lt+1
t+1. Given the assumptions
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that these follow an i.i.d Extreme Error Type I process, note that the expected continuation can be

re-expressed as (McFadden, 1972):

v log

(
L−1

∑
lt+1=0

exp
(

βEVt+1(at+1, zt+1, st+1, jt+1, lt+1)− βτlt,lt+1,o
) 1

v

)
(1)

This expression greatly helps in the computation in the model by replacing the previous max-

imization over locations given the expectation over the location preference and entrepreneurial

shocks by a sum of the expected continuation values with respect to the entrepreneurial process.

Here the role of the scale parameter v also becomes more apparent. A higher ↑ v implies that fun-

damental differences across locations V(at+1, zt+1, st+1, jt+1, lt+1)− V(at+1, zt+1, st+1, jt+1, qt+1) for

different future locations lt+1 ̸= qt+1 will be muted, while v → 0 will result in moving decisions

being based solely on the fundamental value provided by each location. 28

In addition, the assumption on the distribution of the location preference shocks also allows to

express the (occupation-dependent) migration matrices µlt,lt+1,o(at, zt, st, jt, lt) in closed-form:

µlt,lt+1,o(at, zt, s, j, lt) =
exp

(
βEVt+1(at+1, zt+1, st+1, jt+1, lt+1)− βτlt,lt+1,o

) 1
v

∑L−1
lt+1=0 exp

(
βEVt+1(at+1, zt+1, st+1, jt+1, lt+1)− βτlt,lt+1,o

) 1
v

Where µlt,lt+1,o(at, zt, st, jt, lt) denotes the share of people in occupation o in location l with states

{at, zt, st, jt} in period t moving to location lt+1 in t + 1.

Therefore, the expression for the expected continuation value in the model can be thought of

as a weighted average over locations that is governed by the fundamental value provided by each

location as well as the strength of the location preference shocks. The resulting probabilities will

embody the spatial equilibrium notion that agents move until utilities are equalized across space.

Entrepreneurs’ Problem

An entrepreneur in period t, with assets at, entrepreneurial ability zt, skill st, sector jt and in

location lt faces the following problem:

28To put it differently, we can think of v as regulating the strength of the location preference shocks. The higher
is v, the more migration decisions are guided by the location preference shocks. The lower is v, the more migration
decisions are guided by the fundamental value provided by each location.
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Ve
t (at, zt, s, j, lt) = max

at+1,ct,ut,hr,t,kt

(
cαc

t h(1−αc)
r,t

)1−σ

1 − σ
+ as,lt + βE

(
max
{lt+1}

Vt+1(at+1, zt+1, s, j, lt+1)− τlt,lt+1,o + vϵ
lt+1
t+1

)

Subject to the budget constraint:

ct = (1 + rt)at + (1 − τt,K + τt,h,l)πt(zt, s, j, at, lt)− hr,t pt,h,l − at+1

Where profits are given by (we omit time subscripts here in the interest of clarity):

π(·) = pj(zt + ϕj)Φs,j Aj,l

(
1 +

(
Ll

L

)ΩSIZE
(

Hl

Ul

)Ωskill
)(

αH,jh
(ξ−1)

ξ

f ,j + αU,ju
(ξ−1)

ξ

f ,j + αK,jk
(ξ−1)

ξ

f

)µ ξ
ξ−1

−WH,j,lh f ,j − WU,j,lu f ,j − (rt + δ)k f − Fj

And subject to the collateral and borrowing constraints:

kt ≤ λat at+1 ≥ 0

The problem of the entrepreneur shares many features with that of the worker. However,

note that there are three major differences. First, the revenues of the entrepreneur emerge from

profits πt(·) net of the capital tax (1 − τt,K) rather than wages. Second, the entrepreneur needs to

choose optimal inputs of production ut, ht, kt. Third, the entrepreneur faces a borrowing constraint

for financing the firm. Note that even if the production input choice is static every period for

a given level of assets at, the associated Lagrange multiplier results in the intertemporal asset

accumulation motive being essential in driving the savings policy function.

3.4 Equilibrium

The Stationary Recursive Competitive Equilibrium (SCRE) in this economy consists of prices

{ws,j,l}S,J,L
s=1,j=1,l=1, {ph,l}L

l=1, {pj}J
j=1, r, allocations of people across space {Ll}L

l=1, labour {LSs,j,l}s=1,j=1,l=1,S,J,L,

entrepreneurs {Ej,l}J,L
j=1,l=1, housing supply stocks {Hl}L

l=1 and income tax reductions {τh,l}L
l=1 ,

supply of intermediates {Yj}J
j=1, exogenous government expenditure G and shares of entrepreneurs
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by sector {Ej}J
j=1 that are consistent with households’ optimization and that clear the respective

markets. The definition of the equilibrium is provided in the appendix (C).

4 Solution Method

Solving dynamic spatial economic models involves two key challenges. The first one is the large

state space, which arises from the richness in the heterogeneity that this class of models allows

for. In this case, the state space is five dimensional and the number of elements given by A × Z ×
S × J × L. The second is the structure imposed by the spatial structure of the model. Contrary to

a standard DSGE model with a single location, where agents would face common prices and the

expected continuation value would involve a single term (the expected value in that location), this

class of models requires agents to keep track of prices within and across all locations, as well as

evaluating all value functions associated to different locations. 29

The literature has proposed a number of methods to alleviate these difficulties. Caliendo et al.

(2019) develop a hat-algebra methodology to solve for counterfactuals in a dynamic spatial econ-

omy with log utility. Kleinman et al. (2023) build upon this methodology to incorporate capital

accumulation, and are able to solve for the endogenous transition path by relying on spectral anal-

ysis. A key assumption of these methodologies however is the ability to linearize the model. In

the present setting, given the endogenous capital accumulation, borrowing constraints, location

choice and occupational choice, the model is non-convex and the policy functions are non-linear.

Therefore, the approach proposed in Giannone et al. (2020) is followed, which relies on employing

global solution methods.

Following the authors, insights from the literature are borrowed in order to solve the model.

First, the assumption that location preference shocks follow a Extreme Type I distribution greatly

simplify the computation of the model, since it allows to rewrite the discrete maximization over lo-
29Note that the spatial dimension imposes more structure. As an example, let’s compare the dynamic problem of a

firm that needs to choose optimal tangible k and intangible I capital in a single location l versus a firm that needs to
solve for optimal tangible capital in an spatial setting. In the former case, there is a single continuation value (that of
the single location evaluated at some values for tangible and intangible capital), and the prices are those at that single
location (say price of labour and the user cost of capital). In clear contrast, in the latter case the firm needs to evaluate
each potential value of future tangible capital at each potential future location. Moreover, since each location has its
own prices (at least on some inputs), we need to solve for many additional market clearing conditions in GE. Lastly,
we need to compute the migration policy function µ(·), which increases the state space by an additional dimension, as
we need to compute the probability that a firm in a given point on the state space today (k, l) ends up in each potential
future location l′ tomorrow, µ(k, l, l′).
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cations in the expected continuation value E
(

max{k}L
k=1

Vt+1(at+1, zt+1, s, j, k)− τl,k,o + vϵk
t+1

)
as a

sum of the value function in the different locations v log
(

∑L−1
k=0 exp (βEV(a′, z′, s′, j′, k′)− βτl,k,o)

1
v

)
,

thus effectively integrating out the location preference shock.

Second, there exists a literature in computational economics that aims to exploit the paralleliz-

able nature of Graphics Processing Units (GPUs) to solve economics models such as Fernández-

Villaverde and Valencia (2018). Here, compared to this literature, we first provide a full-fledged

native CUDA/C++ implementation, with all required components, that allows to solve the model,

from calibration to policy exercises, within this heterogeneous CPU-GPU model. Second, com-

pared to these authors, we find higher relative gains from employing GPUs. In particular, we

find a speed-up of over 20,000 compared to MATLAB (against x27) and of over 2,000 compared to

C++ (compared to x2-3). In the computational appendix D we show how speed-ups close to ours

can be achieved in the code by Fernández-Villaverde and Valencia (2018) by employing several

optimizations. Third, we discuss the benefits for macroeconomists of the latest added features

in CUDA, such as the Cooperative Groups API for within-kernel thread synchronization. Lastly,

we discuss two different algorithms to understand when parallelization works more satisfactorily

and we break down the attained speed-ups by idiosyncrasy of the CUDA programming model.

In order to achieve these speed-ups, special care is placed in following the guidelines and recom-

mendations by Nvidia engineers ((Guide, 2020), (Guide, 2020)). A thorough discussion of these

optimization techniques is provided in the appendix D.

4.1 Solving for the Steady State

Solving for the stationary equilibrium involves several steps. First, an initial guess on the wage

triplet {ws,j,l}S,J,L
s=1,j=1,l=1, population distribution across locations {Ll}L

l=1, share of high skilled

across locations {Hl

Ll
}L

l=1, rent prices {ph,l}L
l=1, housing sector profits income tax reductions {τh,l}L

l=1

interest rate r and intermediate goods prices {pj}J
j=1 is required. Second, the agglomeration forces(

Ll

L

)ΩSIZE,J

and
(

Hl

Ul

)ΩSKILL,J

are computed. Third, given the prices and agglomeration forces, the

problem of the entrepreneur can be solved independently of the Bellman equation for the optimal

input choices k∗(·), u∗(·), h∗(·), since the problem is static. Fourth, given the prices and optimal

input choices, the dynamic problem is solved via Value Function Iteration and the associated poli-
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cies occ(·), a′w(·), a′e(·), he(·), hw(·), cw(·), ce(·), µl,l′,o(·) are obtained. 30 After that, the invariant

distribution over the state space λ∗(·) is computed by relying on Young (2010)’s method. The

next step involves computing the aggregates of interest by integrating the policy functions with

respect to the obtained invariant measure. 31 With the updated guesses on the allocations in

the economy A′, {L′
l}L

l=1, {LS′
s,j,l}

S,J,L
s=1,j=1,l=1, {LD′

s,j,l}
S,J,L
s=1,j=1,l=1, {Y′

j }
J
j=1 and housing sector profits

{Πh,l}L
l=1 an updated guess for the prices r′, {p′j}

J
j=1, {w′

s,j,l}
J
s=1,j=1,l=1, {p′h,l}L

l=1 and income tax

reductions {τh,l}L
l=1 or transfers {Th,l}L

l=1 is attained. If the distance between both set of sequences

of prices meets the convergence criteria an equilibrium is found. Otherwise, new guesses are ob-

tained from the realized errors in the equilibrium conditions and further iterations are performed

starting from the second step until the convergence criteria are met.

4.2 Proposed Methodology and Attained Speed-up Gains

As argued above, exploiting the parallelizable nature of the algorithms employed to solve macroe-

conomic models by employing GPUs which are precisely designed to handle parallel tasks is the

main idea behind the computational method. Architecturally, CPUs are optimized around latency,

that is, performing a particular task in the least amount of time possible. In clear contrast, GPUs

are optimized around throughput, which translates into the ability of performing many tasks at

once. This distinction becomes clear when one analyzes the composition of each chip 4.

As a motivating example, suppose the economist would like to solve a model that requires

summing two vectors, x and y, with cardinality N at some step on the algorithm. Clearly, the

end result would be c[i] = x[i] + y[i] where i is the index for each of the elements of the vector.

How would the typical MATLAB sequential implementation handle this? 32 One of the four cores

visible on the left panel would be tasked with performing c[i] = x[i] + y[i] for every i = 0, ....,N
sequentially, performing i first, then i + 1 and so on. How would the GPU do it in turn? As can

30These refer, respectively, to the occupational choice policy function occ(·), asset policy for workers a′w(·), asset
policy for entrepreneurs a′e(·), housing policy of entrepreneurs he(·), housing policy of workers hw(·) consumption
policy for workers cw(·), consumption policy for entrepreneurs ce(·) and migration probabilities µl,l′ ,o(·).

31This is performed by relying on custom implementations of reduction algorithms, which are the parallel counter-
parts to sequential cumulative sums that have the added advantage of providing higher accuracy. For more information
on reduction algorithms, https://developer.download.nvidia.com/assets/cuda/files/reduction.pdf.

32For the sake of the discussion we are going to assume a fully sequential for loop for summing these vectors.
MATLAB does allow the use of vectorized SIMD instructions and multithreading along the different cores of the CPU.
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Figure 4: Architectural design of a typical CPU compared to a typical GPU. Source: CUDA docu-
mentation, Nvidia Corporation https://docs.nvidia.com/cuda/cuda-c-programming-guide/

Notes: The architectural design of typical CPUs and GPUs differs significantly. In CPUs, most transistors
are dedicated to fast memory banks, known as L3, L2, L1, and L0 caches, as well as versatile control and
logic units that optimize performance across a wide range of tasks. In contrast, GPUs allocate the majority
of their transistors to data processing units, with multiple pipelines sharing L2 and L1 caches, as well as a
common control and logic unit, to maximize throughput by parallel processing.

be observed in the figure, the GPU contains multiple such cores. 33 CUDA, the platform on which

the code that is deployed to the Nvidia GPUs is programmed, provides a clear software-hardware

mapping. This means that the code written in CUDA is inherently parallel and ensures that each

element i is mapped to a distinct core c on the GPU. Therefore, rather than having a single core

performing N elements, the GPU assigns N cores c to perform N elements i simultaneously 34.

This is precisely what is meant by GPUs being designed to maximizes throughput, they allow to

execute hundreds (and thousands, even tens of thousands) of points on the state space (VFI) or

observations (Panel Simulation) simultaneously.

At this point, the reader might wonder whether these theoretical computational gains actually

translate into the ability of solving macroeconomic models faster. Figure (5) aims to provide an

answer to this question in the context of the present model.

The figure shows the execution time of the main two algorithms employed to solve this model:

33Pipelines of a specific data type to be more specific.
34Note that each GPU has different specifications on the available pipelines of execution per data type. Here we

assume that N is below that limit. If it were to fall above, the GPU would execute sequential layers of threads.
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Figure 5: Comparison of the Execution Time for the Main Kernels of the Model (CPU vs GPU)
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Notes: Execution time of the main kernels of the model, VFI and Young (2010)’s Non-Stochastic Simulation,
in MATLAB, C++ and CUDA/C++. The VFI employs linear interpolation and Howard’s Improvement.
Young (2010)’s method is performed with SPMV COO multiplication. Each bar represents the execution
time of each algorithm in each language in seconds. The MATLAB timing in an estimate based on previous
benchmarks of fully-vectorized implementations. The C++ implementation is a single-core sequential im-
plementation. The CUDA implementation is SIMT (Single Instruction Multiple Threads). All computations
are performed in fp32 and int32 data types. VFI is an example of a computation parallel, memory quasi-
parallel algorithm. Young (2010)’s method is an example of a computation parallel, memory bottle-necked
algorithm (given specific custom implementation). The employed CPU is a 10600K and the GPU is an RTX
3070 (5888 fp32 pipelines).

the VFI for solving for the policy functions and Young (2010)’s method for computing the aggre-

gates by employed programming language (MATLAB, C++ and CUDA). In the case of algorithms

such as the VFI that are parallelizable both at the computation and memory levels, substantial

speed-ups of around 20,000 can be achieved compared to a standard fully-vectorized MATLAB

implementation and of upwards of 2,000 compared to the same implementation in C++. In this

case, the benefit to the macroeconomist is clear: going from MATLAB to CUDA/C++ would re-

duce the time required to compute a VFI for a single GE price evaluation round from 3.75 hours

to less than one second. Are the results always so favourable to GPUs? If we look at the results for

the non-stochastic simulation, we observe that now the speedup relative to C++ falls from around

2,000 to just over 60. This is mainly due to the fact that while the algorithm is parallel in the sense

that each point of the state space performs its own independent operations, the memory reads
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and writes performed by multiple threads that need to access the same memory address cause

traffic jams in the memory pipeline. In plain words, there are many points on the state space to-

day that transition with some probability to the same point on the state space tomorrow. Each

of these points adding their respective probability while ensuring safe memory reads and writes

effectively creates a sequential request queue for memory. Further details on this are provided in

appendix D. A github repository with sample codes for solving the Aiyagari (1994) model using

CUDA/C++ can be found at: https://github.com/markoirisarri/AiyagariModelCUDA.

5 Calibration and Model Evaluation

This section discusses the calibration of the model, followed by an evaluation of the performance

of the model in terms of the targeted and untargeted moments.

5.1 Calibration

The model is calibrated to the 20 largest Urban Areas (UA) of the Spanish state. A mixed strategy

is followed whereby a set of parameters are fixed to standard values in the literature, another set is

estimated externally by relying on the available datasets, MCVL (household side) and SABI (firm

side), and the last set is calibrated internally within the model. Table (E.6) provides a summary

of the main calibration elements. The main parameters of interest are discussed in the following

paragraphs. Further details are provided in Appendix B.

Sectors J in the Model Economy

As discussed previously in the empirical section, in order to alleviate the dimensionality of

the problem the number of sectors is compressed by merging them based on the skill distribu-

tion of both the workforce and entrepreneurs. Following this approach, the CNAE 2009 1st digit

sectors are assigned a category, either Low, Medium or High. Table (E.7) presents the obtained

classification.

Skill S Categories in the Model Economy

To discipline the skill dimension in the model, the approach outlined in Roca and Puga (2017) is

followed. Individuals are assigned a skill category, either Low or High, based on the occupational

category data in the MCVL during the period 2013-2018. Thus, a “Technical Manager” is classified
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as a high skilled individual, whilst a "Labourer" is classified as a low skilled individual. Table (E.8)

provides a detailed classification, along with the distributional composition.

Exogenous Distribution over Skills and Sectors {Λs,j}S,J
s=1,j=1

Given the assumption that households are fixed in their skill s and sector j dimension, a set

of initial conditions is required for the share of households in each (s, j) pair. This moments are

calibrated externally and are taken directly from the MCVL over the period of interest, 2013-2018.

The obtained estimates are reported in table E.11 in Appendix E.2.1.

Location-Skill specific Amenities {as,l}S,L
s=1,l=1

Location and skill specific amenities are calibrated internally in order to match the share of

people of skill s in location l across all (s, l) pairs. The targeted distribution is taken from the

2013-2018 average of the MCVL dataset, the period of interest. Total population in the economy is

normalized to unity.

Targeting each skill group separately is pivotal since given the nature of the location preference

shocks not doing so would result in smaller cities having a higher share of high skilled, which

goes against the relationship observed in the data. In addition, targeting the average skill level by

location is crucial since it governs the strength of the skill agglomeration forces Ωskill,j.

The obtained amenities {as,l}S,L
s=1,l=1 are reported in Appendix E.2.2, figure (E.13).

Housing Supply Elasticities {ηl}L
l=1

Housing Supply Elasticities, which govern the degree to which the housing stock in one lo-

cation responds to changes in prices, are estimated in this paper for the Spanish State’s UAs by

following Saiz (2010)’s methodology. The key insight from the paper is that exogenous geograph-

ical variation can be exploited to obtain estimates of these elasticities. Intuitively, in cities that are

located close to the sea or are sorrounded by rugged terrain (Barcelona, San Francisco) it would

be expected that the housing supply stock would be less elastic to price changes relative to their

geographically less constrained counterparts (Madrid, Houston). An in-depth discussion of the

methodology applied to the case of the UAs of the Spanish state and the obtained estimates is

provided in Appendix E.3.1 and figure E.18.

CES weights of Inputs in Production by Sector {αh,j, αu,j, αk,j}J
j=1

The model features a CES production function with three inputs of production (high skilled

labour, low skilled labour and capital), and the weights αi,j thereof vary by sector of the economy.
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In order to obtain estimates for these parameters, the CES FOCs are employed in conjuction with

SABI data on wagebill, employment, capital and capital costs. This procedure allows us to esti-

mate these weights as the relative importance that these inputs have on output as a function of

the observed input prices and quantities, subject to the substitutability. The externally obtained

estimates as well as a more in-depth discussion of the approach are available in Appendix E.4.6.

Size and Skill Agglomeration Forces by Sector {Ωsizes,j}J
j=1 and {Ωskill,j}J

j=1

An important force in the model are the skill and size agglomeration forces, which determine

the extent to which an entrepreneur is effectively more productive in more skilled and denser UAs.

To estimate them, a procedure based on Giannone (2017) is followed. The methodology relies on

employing, as in the case of the weights of the inputs in production, the FOCs from the model di-

rectly. Conceptually, we estimate the effect of agglomeration forces on wages after accounting for

observed labour supply and production levels. To account for heterogeneity on the size and skill

composition of UAs, we employ the housing supply elasticity and a Bartik instruments exploit-

ing differential trends in migrant composition as instruments. The externally obtained estimates

along with a more in-depth discussion can be found in Appendix E.4.7.

Exogenous UA-Sector specific Productivities {Aj,l}J,L
j=1,l=1

A key set of parameters in the model are the exogenous productivities by each UA-Sector Aj,l ,

which determine how productive a location is before taking into account the agglomeration forces.

We estimate them internally by targeting the spatial distribution of production across UA-Sectors.

This is required as the per-capita differences in production might vary by more than implied by

the estimated agglomeration forces. The estimated productivities and as well as further details are

provided in Appendix E.4.5.

Fixed Costs by Sector {Fj}J
j=1

Since the model features occupational choice, the measures of entrepreneurship are fully en-

dogenous and therefore an element is required in the model which regulates the share of en-

trepreneurs. This role is primarily played by the fixed costs Fj. A higher Fj implies that a lower

proportion of potential entrepreneurs find it optimal to become entrepreneurs as opposed to be-

coming a worker.

The fixed costs are calibrated to target the share of entrepreneurs by sector in the MCVL, which

are 1.1%, 1.3% and 0.7% for the low, medium and high sectors, respectively. Appendix E.4.1
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provides the specific obtained values.

Maximum allowed Borrowing by Sector {λj}J
j=1

The leverage ratio parameters by sector λj are calibrated to match the revenue-weighted aver-

age debt-to-total assets ratio. The targeted values are 56.8%, 55.2% and 51.2% for the Low, Medium

and High sectors, respectively. These values are the 2013-2018 averages by sector of Small firms in

the SABI dataset. By targeting the debt-to-assets ratio at the sector level, we seek to capture that

some technologies might be more subject to financial frictions.

Intuitively, ↑ λj relaxes the borrowing constraint of the entrepreneurs k ≤ λja. This implies

that the share of borrowed capital over total capital in the model
max{k − a, 0}

k
increases the

higher the leverage ratio is. See Appendix E.4.2 for further details.

Entrepreneurial Process parameters σz and ρz

The parameters governing the entrepreneurial productivity AR(1) are calibrated internally in

order to match moments of interest.

Regarding the autocorrelation parameter ρz, it is calibrated to match the entry rate of en-

trepreneurs in the MCVL dataset, which is on average 6.6% of the existing stock of entrepreneurs.

Since the model is stationary, the entry rate equals the entry rate so that the invariant measures

can be reproduced. Intuitively, ↑ ρz implies that the difference between the current period’s z and

next period’s z′ is smaller. Therefore, those entrepreneurs that are active today can expect to get a

similarly high entrepreneurial ability and those that are not can equally expect to get a relatively

low future entrepreneurial ability 35.

As for the standard deviation of the process, σz, it is calibrated to generate an average MPK

Premium 36 in the economy of 1.5%. This in line with estimates from the data such as Gilchrist

et al. (2013), who report a mean credit spread of 1.7%, and generates about 42% of constrained

entrepreneurs in the model. Intuitively, for a given ρz and set of λj, a ↑ σz implies that in the cross-

section entrepreneurs demand more capital and are more constrained, which pushes ↑ MPK.

Government flat Tax Rates τL and τK

In the model economy the government levies flat taxes on labour τL and capital τK in order

35Note that the assumed AR(1) process is mean-reverting. Therefore, individuals with a low realization in the
current period will enjoy the highest realization eventually.

36Recall that we define this as the difference between the private returns of capital to entrepreneurs (MPK) and the
user cost of capital (r + δ).
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to finance an exogenous amount of government expenditure as a fraction of GDP G. The tax

on labour τL is calibrated externally to match the marginal tax rate at the average salary in the

Spanish state, which is 30%. The tax on capital τK is again externally calibrated, this time to match

the effective corporate tax in the Spanish state, which is reported to be 15%. This two sources of

income generate a revenue equivalent to around 10% of GDP in the model economy, which is in

line with the evidence (López-Rodríguez and García Ciria, 2018).

Mobility Costs {τl,k,o}2
o=1

A critical parameter that governs the extent to which agents move across space in the model

are the utility moving costs τl,k,o. To emphasize the fact that the model is able to generate heteroge-

neous moving patterns based on the position on the state space, these are calibrated symmetrically

τl,k,o = τk,l,o ∀ k, l s.t. k ̸= l for each o. It is assumed that remaining in the same location l′ = l

entails no utility costs. Occupation specific economy-wide (outgoing) moving rates of 0.4% (work-

ers) and 0.29% (entrepreneurs) are targeted, which is obtained from the MCVL dataset over the

periods (2013-2018). The obtained values and migration matrices are reported in Appendix E.2.3.

5.2 Model Evaluation

This section presents the performance of the model along key targeted and untargeted moments

of interest. On the targeted moments, we shall discuss the population and skill composition dis-

tribution across UAs. On the untargeted front, the primary focus will be on the entrepreneurial

stock and entry across UAs.

Population Distribution in the Model Economy

The population and skill distributions are of relevance as they regulate the agglomeration

forces in the model economy, which in turn regulate the productivity of the UAs. Figure (E.23)

presents the distributions both in the model and the data. The model is able to match these mo-

ments to the desired precision.

Entrepreneurial Stock

The entrepreneurial stock is defined as the share of people within a given UA-Sector that

choose to become entrepreneurs over the population of the UA. Figure 6 presents the results ob-

tained for the share of entrepreneurs in the model by each UA-Sector and compares them with the
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data:

Figure 6: Entrepreneurial Stock: Model and Data
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The entrepreneurial rates are plotted against the two proxies for the agglomeration forces

(share of high skilled and density 37). The rationale behind this lies in the fact that these are

observable in the data and are the main drivers of productivity differences across locations.

For this exercise, the share of overall entrepreneurs by sector in the economy is targeted. In

contrast, the slopes, weighted by population, are untargeted. This allows us to evaluate how

the model performs in explaining the variation in entrepreneurial stocks and rates. Overall, the

model does a good job at matching the data. First, it captures the heterogeneity in the slopes across
37Recall that we employ Duranton and Puga (2020)’s measure.
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sectors (negative for the low and medium sectors and positive for the high sector). Second, the

results are broadly consistent across the two proxies. The main mechanisms that generate these

relationships in the model shall be discussed in the next section. Results for the entry rates are in

Appendix E.6.

6 Model Predictions: Heterogenous Returns to Capital across Space

As discussed in the introduction, a salient feature of financial frictions in a spatial economy is the

heterogeneity it generates on the returns to capital across locations. This section aims to provide

the insight behind this result, before studying its policy implications in the next section.

Recall that financial frictions entered in the form of collateral borrowing constraints with

sector-specific maximum borrowing limits over one’s own assets λj, kc ≤ λja. As long as opti-

mal unconstrained capital k∗ is such that k∗ > kc, the entrepreneur is constrained and this leads

to a differential between the economy-wide user of cost of renting capital (r + δ) and the specific

MPK of the entrepreneur, MPK PREMIUM ≡ MPK − (r + δ). What are the implications of these

financial frictions for entrepreneurs across space? Figure (7) sheds light on this.

First, as shown by the leftmost panel, absolute profits are increasing in city productivity for a

given level of assets. This is expected, since a higher productivity level increases the production

scale and consequently absolute profits. Second, one may observe that for a given UA productivity

level the profit share is first increasing and then decreasing. The intuition behind this result is that

for small production scales, the fixed costs of production make up a significant share of profits.

As the assets of the entrepreneur increase, the financial frictions become less severe and the profit

share slowly converges towards the frictionless 1 − µj. Note that in the frictionless world there

would be no interaction between asset holdings and neither profits nor profit shares, as the ability

to finance any amount of capital would result in these policies being determined completely by

the individual productivity.

The main point to be taken from figure (7) is therefore that (for a given level of asset holdings

and individual productivity) entrepreneurs in more productive UAs will be more constrained than

their counterparts living in less productive UAs. This is because for every idiosyncratic productiv-

ity z and asset level a touple (a, z), the productivity boost in more productive UAs stemming from
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Figure 7: Profits and Profit Shares by UA-Sector in the Model

0

50

100

150

A
ss

et
 I

n
d
ex

1.5 1.6 1.7 1.8 1.9

Productivity UA-Sector w/ Agg.

.64327

31.4952

62.3472

93.1992

124.051

154.903

185.755

216.607

247.459

P
ro

fi
ts

Profits

0

50

100

150

A
ss

et
 I

n
d
ex

1.5 1.6 1.7 1.8 1.9

Productivity UA-Sector w/ Agg.

.04263

.085261

.127891

.170522

.213152

.255782

.298413

.341043

.383674

P
ro

fi
t 

S
h
ar

e 
R

ev
en

u
es

Profit Share

Entrepreneurial Policies across Locations at: 
Highest z, High Skilled, High Sector (General Equilibrium)

Notes: Profit and profit share policy functions in the Benchmark Economy in GE. The individual policy
functions are fixed at the highest idiosyncratic productivity draw, highest skill level and high sector. The
x-axis shows the variation of the policies across the location dimension and the y-axis shows the variation
across the asset dimension. The colorbars display the values of the z-axis (profits and profit shares, respec-
tively).

the agglomeration forces widens the gap between the attainable capital kcon and desired capital

k∗, which amplifies the MPK Premium. The key question at this point is whether this intuition

from the individual policy functions carries over to the aggregates. Figure (8) aims to provide the

intuition on this. The results are consistent across sectors, see Appendix F.1.

The figure shows steady-state relationships between aggregates of interest and the UA-Sector

productivity for the high skilled sectors. If we focus on the no financial frictions counterfactual

first, one may observe that the MPK Premiums across space are equalized and equal to zero (this is

natural since every entrepreneur can now finance their optimal scale of production everywhere).

In this frictionless world, if one shifts the focus to the leftmost panel, it can be observed that the

average fundamental productivity z of entrepreneurs is decreasing in the UA-Sector’s productiv-

ity. Albeit this might surprising, it stems from the assumption of costless trade in tradables and

the presence of fixed costs in the economy. Since entrepreneurs earn the same price on their goods
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Figure 8: Steady-State Results: Composition of Productivity by UAs and MPK Premiums.
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regardless of location, it has to be that those entrepreneurs that are able to operate in less produc-

tive UAs that do not enjoy the benefits of higher agglomeration forces are indeed very productive.

Especially, when considered that the per-period fixed costs that need to be paid every period in

order to operate are location independent. This negative selection channel on idiosyncratic pro-

ductivity is overturned when accounting for the agglomeration forces in the given UA (second

panel).

Introducing financial frictions leads to a positive relationship between the productivity of the

UAs and the average capital-weighted MPK Premium. The main force behind this result is the in-

tensive margin. As we discussed above, the productivity boost stemming from the agglomeration

forces widens the gap between the desired capital k∗ and attainable capital kcon for every en-
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trepreneur. The more productive is the UA, ZUA,1 > ZUA2 , the higher the MPK Premiums will be

along the entire distribution over (a, z), MPK(a, z)UA,1 − (r + δ) ≥ MPK(a, z)UA,2 − (r + δ) ∀ (a, z)

(with equality in the case of being unconstrained in both). Conceptually, entrepreneurs want to

scale up projects in more productive UAs yet face the same borrowing constraints, leading to

financial frictions becoming tighter. Then there is the compositional effect. The negative selec-

tion channel between the productivity of the UA and the idiosyncratic productivity of the en-

trepreneur leads to more entry. Are these entrants more constrained? We don’t find evidence

that the marginal entrepreneurs in terms of productivity are more constrained in more productive

UAs. Even if the average entrepreneur is effectively more productive once accounting for ag-

glomeration forces in more productive UAs, the marginal entrepreneurs are not. For the marginal

entrepreneur the increased productivity from the agglomeration forces just compensates for the

fall in the idiosyncratic productivity (note that since these are log-normally distributed, the fall is

along the exponentiated values). For this reason, they still require a substantial amount of assets

in order to find it profitable to operate a firm rather than working. This implies that only a small

fraction of the entrepreneurs in this lower marginal productivity value enter, 38 so that on average

the increased productivity from the agglomeration forces dominates and the average entrepreneur

is more productive. Therefore, we find no significant compositional effects (in terms of productiv-

ity) and the intensive margin effect is the main force leading to this positive relationship. Further

details on this are provided in appendix F.2.

An alternative approach is to view this through long-run wealth accumulation dynamics. Note

that given the concavity of the MPK, a relative difference in location productivities requires a

proportionally larger difference in accumulated assets in order to attain the same MPK Premium.

However, first, the underlying persistence of the entrepreneurial productivity process is the same

across locations. Second, given that entrepreneurs in more productive UAs are more constrained,

in that they obtain a lower fraction of the unconstrained profits, they require a longer horizon

of accumulating the flow of realized profits in order to reach optimal scale. Third, dynamically,

38Recall that our assumption that the productivity distribution follows an AR(1) process implies that along the
ergodic distribution, a higher mass is concentrated towards the central values. Since entrepreneurs are a subset of the
upper realizations, if the cutoff were to decrease and all agents in that realization were to enter they would represent
the mode of the active entrepreneurs. Here, this is not the case because for the marginal entrepreneur the increase
in productivity from the agglomeration forces just compensates for the decrease in the idiosyncratic productivity, and
only a subset of the ones that have enough assets to operate at a large enough scale can enter.
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the incentives to accumulate more wealth wane as the marginal utility of consumption decreases.

Therefore, we find that MPK premiums are larger in more productive cities for a given UA-sector-

specific asset decile. In particular, the differences across locations in MPK Premiums are mainly

driven by the bottom 50% of less wealthy entrepreneurs by location, which points to entrants

and smaller firms accounting for the bulk of this geographical variation. 39 This is reinforced

by the fact that in the more productive UAs, given that the share of profits is inefficiently higher

given the financial frictions, wages are relatively more depressed (the share of labour is lower)

and entrepreneurs find it optimal to operate even at a lower wealth level.

Overall, the main point is that there are heterogeneous returns to capital across locations. Look-

ing at the values from the third panel, MPK Premiums in Barcelona and Madrid would be roughly

1.0% higher than in Granada (the lowest productivity UA in the high sector). Importantly, this is

consistent with MPK estimates from the data, please refer to Appendix A.2. Lastly, one may also

wonder about the productivity distribution across locations in the spirit of Combes et al. (2012).

These results are provided in Appendix F.3.

7 Policy Experiments

The previous section provided a clear message: the model features heterogeneous returns to capi-

tal across locations, and more productive locations are, on average, more constrained. The present

section will discuss its policy implications for entrepreneurial place-based subsidies.

7.1 Place-based Lump-sum Transfers Tl

One common policy instrument in subsidizing entrepreneurship consists on handing out grants

to entrepreneurs, which usually take the form of fixed-amount transfers. Here, the current ex-

penditure level of the EU of 0.1% of GDP will be replicated in the form of place-based lump-sum

transfers.

To be more specific, the exercise at hand is to provide Tl level of lump-sum transfers to all

active entrepreneurs in location l. How are these lump-sum transfers financed? We assume that

39Note that this is different from our claim before that marginal entrepreneurs were not more constrained on average.
Before, the statement was about the productivity of the entrepreneurs. Here, the statement is about the location specific
life-cycle and wealth-accumulation processes of firms across the entire distribution of productivities.
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the additional funds needed are financed through and increase δP in the labour tax. The rationale

for choosing the labour tax is twofold. First, since the vast majority of the agents in the economy

receive their income from wages, this allows for a more conservative assessment of the welfare-

efficiency trade-off. Second, since an increased labour tax leads, ceteris paribus, to increased in-

centives to become an entrepreneur, we aim to also be conservative in capturing the full extent of

misallocation along the extensive margin. Therefore, the government’s budget constraint would

read:

L

∑
l=1

J

∑
j=1

S

∑
s=1

(τL + δP)wl,j,sLSl,j,s︸ ︷︷ ︸
REVENUES FROM LABOUR

+
L

∑
l=1

J

∑
j=1

τKTBKl,j︸ ︷︷ ︸
REVENUES FROM PROFITS

= GSSY︸ ︷︷ ︸
EXOGENOUS EXPENDITURE

+ ∑
l∈LP

TlSe,l︸ ︷︷ ︸
TRANSFERS PROGRAMME

Where Se,l denotes the share of entrepreneurs in location l, LSl,j,s is the labour supply of skill

s in sector j at location l, TBKl,j is the tax base of the profit tax in sector j and location l, and GSS

is the same share of expenditure out of GDP as in the steady-state of the economy. Note that this

policy experiment is a long-run exercise where two different steady-states will be compared.

The key question we will be asking ourselves is that related to the spatial dimension: does the

economy respond heterogeneously to the chosen location of the transfers?

7.1.1 Benchmark: A Country-wide Subsidy to Entrepreneurship Tl = T ∀ l

Before exploring the place-based entrepreneurial subsidies, it is worthwhile to have the untargeted

version as a benchmark. This may be understood as what a policy-maker constrained to apply the

same subsidy everywhere would be required to do. Figure 9 presents the response of output per

capita by Urban Area to this policy.

A few comments are in place regarding the figure. First, there is a positive response of both

real and nominal GDP per capita across the board. The intuition for this stems from our previous

discussion: since entrepreneurs are constrained at the SS in their access to capital, handing out

lump-sum transfers allows entrepreneurs to operate at a larger scale of production. This results in

a country-wide (last row) real GDP per capita increase of 1.25%.

Second, overall the response of per capita real GDP is less pronounced than that of the nominal.
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Figure 9: Response of per Capita Output (Nominal and Real) by Urban Area to an Untargeted
Country-wide Policy (0.1% of Country-wide GDP Expenditure)
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València
Sevilla

Málaga
Asturias

Zaragoza
Alacant-Elx

Bah́ıa de Cádiz
Murcia

Vigo - Pontevedra
Las Palmas Gran Canaria

Palma de Mallorca
Granada

Santa Cruz de Tenerife
A Coruña
Valladolid

Tarragona-Reus
Santander
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Notes: Response of Nominal and Real (deflated by the local price index p(1−αc)
h,l ) GDP per Capita by Urban

Area to a country-wide untargeted lump-sum transfer T such that total programme expenditure is 0.1% of
GDP. Urban Areas are ordered from largest in population size (Madrid) to smallest (Castelló de la Plana).
The last row indicates the country-wide response. Blue bars indicate the response of the per capita real
GDP by UA while green bars do likewise for the nominal GDP per capita.

The rationale for this stems from the increases in the price of housing: a higher housing price in a

location implies that less units of the final good can be consumed for the same level of expenditure.

Third, one may inquire about the implications for regional disparities that such a policy creates

relative to the SS. This is motivated by the observation that the figure suggests a negative correla-

tion between output gains and size of the UA. In fact, while overall real GDP per capita increases

by 1.25%, the weighted standard deviation (as a measure of disparities across locations) increases

by 0.92%. Those locations that presented a larger MPK Premium at the SS are the ones that benefit

from this policy the most.

A natural question that arises at this point is how this increase in efficiency translates into

welfare. Figure 10 presents the response of the per capita utilitarian welfare by UA to this country-

wide untargeted programme.

Overall, the increases in efficiency translate into welfare gains, and all locations experience
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Figure 10: Response of Per Capita Welfare, Aggregate and by Occupation, to an Untargeted Policy
(0.1% of Country-wide GDP Expenditure)
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Notes: Response of per capita welfare, aggregate and by occupations, a Country-wide untargeted lump-
sum transfer T such that total programme expenditure is 0.1% of GDP, by Urban Area. Urban Areas are
ordered from largest in population size (Madrid) to smallest (Castelló de la Plana). The last row indicates
the Country-wide response. Blue bars indicate the response of the per capita welfare by UA. Green bars
do likewise for the per capita welfare response of workers. Lastly, the violet bars indicate the per capita re-
sponse of entrepreneurs. The welfare function under consideration is the utilitarian one, SWF =

∫
V(·)dλ(·).

The results for the response of the aggregate stock of welfare rather than the per capita one can be found at:
G.30.

an aggregate per capita welfare increase. By occupations, the per capita response for workers

is positive in all locations, a result primarily driven by the increase in wages. The per capita

response for entrepreneurs is less obvious; should not a policy targeted at entrepreneurs increase

their welfare? In fact, a welfare decomposition in the compositional and intensive margins shows

that the welfare of continuing entrepreneurs does increase. However, given the movement of

people across the extensive margin (those that transition from being workers to entrepreneurs,

the compositional effect), now the average entrepreneur is smaller and obtains less profits than

at the original steady-state. We employ an alternative definition of the response of welfare that

accounts for this extensive margin. The results are shown in Appendix G.1 and figure G.30.

In terms of regional disparities, one may notice upon inspection that the previous negative
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correlation between size and gains now decreases (Palma de Mallorca for example experiments

one of the largest welfare gains while experiencing one of the smallest output gains). There are

two main forces behind this. The first is congestion: those locations that experience a population

decrease also see their house prices decrease, while those locations with a large influx of people

need to pay higher housing prices due to the pressure on the supply side of the housing sector.

The second is compositional: overall, lower skilled individuals, who are at a lower welfare level

are the more likely to move and UAs that experiment a population decrease tend to retain higher

than average skilled individuals. In fact, in the case of welfare, while the average country-wide

increase is 1.82%, regional disparities in terms of per capita welfare decrease by 0.68%, in clear

contrast to the increase in terms of economic output.

7.1.2 Place-based Transfers, Tl at some l

The benchmark with untargeted transfers conveyed a clear message: even a country-wide subsidy

is able to raise aggregate output and welfare per capita. The question then becomes whether

the policymaker could do better by targeting specific UAs rather than all of them, and what the

implications would be in terms of regional disparities.

We will first discuss the Country-wide response of nominal and real GDP per capita as a

function of which UA is targeted (see figure 11). 40

The first point that deserves attention is the heterogeneity in the response of country-wide GDP

per capita (nominal or real) to the location where these place-based entrepreneurial subsidies are

handed out. In line with the discussion in figure 8, targeting those locations that are more capital

constrained at the benchmark economy (Barcelona, Asturias, Tarragona-Reus, ...) results in the

largest efficiency increases at the country level. Space does therefore matter for policy.

Secondly, the efficiency gains attainable by targeting certain locations surpass those that were

registered with the untargeted policy. While an untargeted policy provided a 1.25% response of

country-wide per capita GDP, there are five locations that provide a higher response in term of

real GDP per capita: Castelló, Tarragona-Reus, Zaragoza, Asturias and Barcelona. The benefits

from these policies have an intensive and extensive dimension. In locations that are smaller at the

40Note that in this section we are presenting the results differently to the previous section. Before, the entire country
was targeted and the responses by UA were presented. In this section, specific UAs are targeted and the country-wide
response is shown.
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Figure 11: Response of Country-wide nominal and real GDP per capita to place-based en-
trepreneurial transfers (0.1% of Country-wide GDP Expenditure)
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Notes: Response of the country-wide nominal and real (deflated by the local price index p(1−αc)
h,l ) GDP per

capita to place-based entrepreneurial transfers Tl such that total programme expenditure is 0.1% of GDP.
The y-axis denotes which UA is being targeted by the policy. The last two rows indicate the country-wide
response when the entire country is targeted. The "Country BB" case is the case where the entire country
is targeted and budget balance holds. Blue bars indicate the response of the country-wide per capita real
GDP while green bars do likewise for the nominal GDP per capita.

original SS, a 0.1% country-wide GDP expenditure being targeted only towards these locations

results in entrepreneurs receiving larger transfers (intensive margin). 41 In contrast, targeting

larger UAs with the same level of expenditure results in a larger mass of the population benefiting

from these policies (extensive margin). 42

What are the implications for the spatial disparities? Taking the case extreme case of Tarragona-

Reus, while country-wide real GDP per capita increases by 1.61%, this results in disparities across

locations increasing by 8.38%, 43 which is over eight times that of the untargeted policy (0.92%).

Targeting Barcelona results in a lesser 2.1% increase in disparities across locations.

41The model, through the endogenous occupational choice margin, is able to capture misallocation along the exten-
sive margin, that is, agents who become entrepreneurs not because they are productive but because the transfers are
large.

42Note that the 0.1% GDP expenditure is that of the new policy steady-state, therefore the amounts of the transfers
respond endogenously to population movements and occupational choices.

43As measured by the relative change in the weighted standard deviation of real GDP per capita.
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The place-based policy experiments therefore suggest that targeting certain locations might be

more efficiency enhancing at the country-level, albeit to the cost of aggravating regional dispari-

ties. To verify whether these results carry through to welfare, figure 12 presents the results of its

response:

Figure 12: Response of Country-wide Per Capita Welfare, Aggregate and by occupation, to Place-
based Entrepreneurial Transfers (0.1% of Country-wide GDP Expenditure)
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Notes: Response of the country-wide per capita welfare, aggregate and by occupations, to place-based
entrepreneurial transfers Tl such that total programme expenditure is 0.1% of GDP. The y-axis denotes
which UA is being targeted by the policy. The last two rows indicate the country-wide response when the
entire country is being targeted. The "Country BB" case is the case where the entire country is targeted and
budget balance holds. Blue bars indicate the response of the country-wide per capita welfare. Green bars
show the response of the per capita response of workers. Violet bars display the per capita response of
entrepreneurs. The results for the aggregate response of the stock of welfare rather than the per capita one
can be found at: G.31.

In the case of welfare, only targeting Barcelona results in a larger response than targeting the

entire country. The main reason for this result are the higher amenities provided by Barcelona.

That notwithstanding, targeting a single rather than all locations introduces additional consid-

erations. First, the spatial coverage of the policy: while in the untargeted experiment all en-

trepreneurs regardless of location had access to the subsidy, targeting a single location reduces the
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spatial coverage and therefore the mass of agents directly benefiting from the policy. 44 Second,

the congestion forces get aggravated. While the untargeted policy saw the most productive cities

increase their population and house prices, targeting a single location accentuates this congestion

force by increasing the incentives of agents to move to the same location.

Interestingly, the implications for regional disparities on welfare differ from those in output.

In the case of targeting Barcelona, for example, a country-wide increase in per capita welfare of

2.17% is attained. Nonetheless, this results in a negative -0.95% lower dispersion across regions, as

opposed to the -0.68% of the untargeted policy.

7.1.3 Targeting a Set of UAs, Tl for l ∈ Lp

The previous two sections pointed towards a middle ground in the targeting criteria: while an un-

targeted policy increases both welfare and efficiency at low regional disparity cost, some locations

have higher marginal returns. At the same time, increased regional disparities make targeting a

single location less desirable. Therefore, a natural exercise arises: could targeting a set of locations

provide higher efficiency and welfare gains than the untargeted policy at comparable regional

disparities cost?

While solving for the global combinatorial problem would be expensive, a reasonable first

approximation would be to perform a cumulative targeting criteria where the largest, which are on

average more skilled and productive (and constrained), are targeted first, and the set is gradually

expanded to cover the remaining UAs.

The results in terms of output are provided in figure 13. Note that now the y-axis indicates the

last included UA in the set of targeted UAs. Upon inspection, a notable first result is the hump-

shape as a function of the included UAs. Targeting only Madrid results in an efficiency gain, yet

further expanding the set to include Barcelona and València attains the largest gains in (nominal)

productivity, and including up to Alacant-Elx results in the largest real GDP per capita gains.

There are three main forces at play. One is purely mechanical: including UAs that had large

individual responses increases the response of the set. However, the two other are endogenous:

enlarging the set of included UAs allows for a broader coverage of the policy and at the same time

44Note that all workers regardless of location still need to pay for the subsidy in the form of increased labour taxes
τL,p > τL,ss.
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Figure 13: Response of Country-wide Nominal and Real GDP per Capita to Cumulative Place-
based Entrepreneurial Transfers (0.1% of Country-wide GDP Expenditure)
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Notes: Response of the country-wide nominal and real (deflated by the local price index p(1−αc)
h,l ) GDP per

capita to cumulative place-based entrepreneurial transfers Tl such that total programme expenditure is
0.1% of GDP. The y-axis denotes which UA is being included last in the set of UAs being targeted. Blue bars
indicate the response of the country-wide per capita real GDP while green bars do likewise for the nominal
GDP per capita. The last row is equivalent to targeting the entire country, since all UAs are included.

splits the congestion forces among multiple UAs. As more funds are diverted towards less con-

trained locations, the response becomes less positive as the marginal spent resource is generating

lower MPK gains.

Overall, the highest real GDP per capita gains are attained when targeting the eight largest

UAs of the State, leading to a 1.257% efficiency gain compared to the untargeted policy’s 1.25%.

While non-negligible, it is worthwhile to consider the spatial disparities this policy would entail.

Compared to the untargeted policy’s 0.92% disparity increase, the increase under the "optimal"

is 1.19%. This presents a challenging situation for policymakers, as they face a trade-off between

achieving efficiency gains and addressing regional disparities.

Lastly on the lump-sum transfers programme, we will explore the implications of the cumula-

tive targeting for welfare. Figure 14 presents the results.

A few comments are in place. First, contrary to the single-targeting criteria, there is consis-
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Figure 14: Response of Country-wide per Capita Welfare, Aggregate and by Occupation, to Cu-
mulative Place-based Entrepreneurial Transfers (0.1% of Country-wide GDP Expenditure)
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Notes: Response of the country-wide per capita welfare, aggregate and by occupations, to cumulative
place-based entrepreneurial transfers Tl such that total programme expenditure is 0.1% of GDP. The y-axis
denotes which UA is being included last in the set of UAs being targeted. Blue bars indicate the response
of the country-wide per capita welfare. Green bars do likewise for the workers. Violet bars denote that of
entrepreneurs. The last row is equivalent to targeting the entire country, since all UAs are included. The
results for the response of the total stock of welfare rather than the per capita one can be found at: G.32.

tency: those locations that provide the largest increases in (nominal) efficiency (Madrid, Barcelona

and València), also provide the largest increases in welfare. We interpret this as the relaxation of

the congestion forces: in the single targeting case welfare in València responded less strongly than

efficiency and resulted in a lower response than that of the untargeted policy. In contrast, adding

València to the set of targeted locations in this exercise increases the aggregate welfare response.

Second, the hump-shaped pattern also holds in this the case of welfare. Intuitively, targeting a

single location leads to the highest house price increases and a lower mass of the population is

able to enjoy the benefits of the policy. As more locations are targeted, this reduces the congestion

forces while expanding the policy to entrepreneurs and switchers to a larger mass of the popu-

lation. However, as more unconstrained locations are targeted the benefits slowly decay as the

additional resource spend on the policy results in a more muted response of wages and entry into
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entrepreneurship.

Overall, the "optimal" cumulative policy is able to attain a 2.07% increase country-wide welfare

as opposed to the 1.82% attainable with an untargeted policy. In terms of regional disparities,

the optimal policy actually decreases the dispersion in regional welfare per capita by -0.74%, as

opposed to the -0.68% of the untargeted policy.

To sum up, these policy experiments have shown that space does matter for policy, and that

targeting a subset of the most productive and constrained UAs leads to higher welfare and effi-

ciency gains than an untargeted policy at a small regional disparity cost.

7.2 The role of financial frictions

We have studied the welfare, efficiency and regional disparity implications of place-based en-

trepreneurial subsidies. Nonetheless, a pivotal question remains: what is the role played by finan-

cial frictions in driving these results?

In figure 8 we discussed how the absence of financial frictions would result in the equalization

of marginal returns to capital at the user cost level across space and entrepreneurs, as each en-

trepreneur would be able to finance their unconstrained level of capital everywhere. Under these

conditions, would place-based entrepreneurial subsidies attain the welfare and efficiency gains

that we documented before?

Figures G.35 and G.36 in Appendix G.3 present the obtained results. First, in terms of pro-

duction, we obtain a positive marginal response that slowly increases as the set of targeted UAs

expands. This might strike as surprising, given the absence of financial frictions in the capital

rental market and the efficient selection into entrepreneurship. 45 However, there is an extensive

margin effect. The presence of the subsidies induces marginally less productive entrepreneurs to

enter, which drives up the total number of entrepreneurs and hence total production. 46 Never-

theless, the marginal entrepreneur is markedly less productive, which drives down the average

scale of production per entrepreneur. Thus, the increased aggregate production is driven by the

inefficient extensive margin of entry into entrepreneurship.

45Conditional on the calibrated spatial allocation of agents, which is not guaranteed to be efficient.
46In the case of only targeting Madrid, the extensive margin of additional entry is limited and the larger subsidies

result in the average entrepreneurial productivity declining substantially.

48



In terms of welfare, the responses are either indistinguishable from zero or negative. Intu-

itively, increasing the labour tax τl to subsidize entrepreneurial subsidies that attain a very limited

gain in production and hence wages results in a de facto redistribution from on average poorer

workers to on average richer entrepreneurs, which, coupled with the concavity of the value func-

tion leads to the attained negative responses.

Therefore, the main conclusion from this short discussion on the role of financial frictions

is that they are the main drivers of the obtained simultaneous welfare and efficiency gains and

that the bulk of the efficiency gains (>85%) documented in the previous policy experiments is

explained by these.

7.3 Does the design of the policy matter?

So far, we have discussed the long-run effects of place-based entrepreneurial lump-sum subsidies.

However, at this point a natural question arises: does the design of the policy matter?

To tackle this question, we perform an additional set of exercises which consist on handing

out proportional-to-collateral transfers (see appendix G.2). This is relevant in practice since it is

reminiscent of the commonplace size-dependent policies such as investment subsidies, loans or

guarantees. Compared to the lump-sum transfers, this policy has the distinguishing feature that

now the majority of the funds are concentrated on larger entrepreneurs who are less constrained

on average.

Still, the results point to a positive efficiency response. However, given that the MPK Pre-

miums for this set of entrepreneurs are smaller, the responses are muted in comparison to the

lump-sum transfers, and the largest response in real GDP per capita is 0.18%, in clear contrast

with the 1.257% obtained through the lump-sum transfers. In fact, the efficiency response is no

larger than in the frictionless case under the lump-sum programme. In terms of welfare, increas-

ing the labour tax in order to subsidize this less constrained set of entrepreneurs leads to smaller

wage increases and entry into entrepreneurship, which translates into a negative welfare response

across the board, regardless of what UA is targeted.

Therefore, this exercise highlights the importance of the specific implementation of place-

based policies. Given that both within and across locations the larger MPK Premiums are found
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in the lower 50% of the wealth distribution, policies that target this set of entrepreneurs are ex-

pected to attain higher returns to investment, particularly those located in more productive UAs.

47 In particular, we have discussed how a simple place-based lump-sum transfer leads to more

desirable outcomes than an informationally more intensive size-dependent proportional transfer

programme.

8 Conclusion

The aim of this paper has been to study the policy implications of the interaction between en-

trepreneurship, financial frictions and space. We posited that this interplay could lead to misal-

location of capital across Urban Areas and that would point directly to space as being a potential

targeting channel for entrepreneurial subsidies.

We have developed a quantitative dynamic spatial framework with occupational choice that

has allowed us to study this question. Taken to the largest 20 Urban Areas of the Spanish State,

this model has provided a clear prediction: there is spatial misallocation of capital as a result of the

interaction between financial frictions and heterogeneous productivities across space, and more

productive Urban Areas, which are on average larger and more educated, are more constrained.

Solving this model efficiently has been possible by exploiting the parallelizable nature of the

commonly used algorithms in Macroeconomics (VFI, PFI, Young (2010)’s method, ...) by employ-

ing dedicated hardware components whose architecture is optimized around throughput and par-

allel tasks: GPUs (Graphics Processing Units). We have shown how employing these for this class

of models leads to substantial speedups, with the range varying from around 2 to 5 orders of

magnitude (x60 to x20,000) depending on the specific algorithm.

We have then studied the long-run effects of place-based entrepreneurial policies. First, we

have concluded that while single-targeted transfers to the most productive UAs led to the highest

country-wide welfare and efficiency gains, their effects on regional disparities would be too strong

to be ignored. Second, we have considered targeting a set of UAs rather than individual locations

and have found that targeting a subset of the largest and most productive UAs led to higher

welfare and efficiency gains than a country-wide untargeted policy at little regional disparity cost.

47Subject to the consideration of decreasing marginal returns to investment in a given location.
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The current priority is to compute the actual optimal policy in this framework.

While this paper has made progress along several fronts, there remain several potential av-

enues for future research. First, we have assumed a symmetric rental market across space. How-

ever, there exists literature pointing to the effects of local bank branch closures ((Jiménez et al.,

2022), (Amberg and Becker, 2024)), particularly on the survivability and credit access of SMEs.

The model, augmented with a banking sector, could be employed as a laboratory to study the

effects of such local credit shocks. Second, future research could focus on solving the dynamic

social planner’s problem, extending the static frameworks of Rossi-Hansberg et al. (2019), Fajgel-

baum and Gaubert (2020) or Fajgelbaum and Schaal (2020) into dynamic settings. This could yield

new insights into how the optimal allocation of resources across space is influenced by capital

accumulation subject to frictions.
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A Empirical Appendix

This section presents the data employed for the construction of the three main stylized facts in the

main paper. Further empirical work aimed at calibrating the model is relegated to the calibration

section (5.1).

A.1 MCVL

The main dataset employed to conduct the empirical research is the MCVL (Muestra Continua de

Vidas Laborales, or Continous Sample of Employment Histories in english). This is an adminis-

trative panel data covering a non-stratified random 4% of those Spanish citizens that have had

any relationship with the Social Security system during the previous year. This includes workers,

contributive pension recipients, recipients of unemployment subsidies, and, crucially for our anal-

ysis, entrepreneurs. The three key advantages of the MCVL for this analysis are that it allows us

to identify entrepreneurs, and that is has both a spatial and temporal dimension. First, an overall

introduction to the dataset is provided, while the sample construction and restrictions, the iden-

tification of entrepreneurs in the dataset and the definition of our geographical units merit their

separate discussion.

A.1.1 Data Description

This dataset is a collection of Social Security, Tax records and Census data. Therefore, a wide range

of individual characteristics are available. The Social Security component provides valuable in-

formation such as the employment status of the individual (retired, full-time worker, part-time

worker...), the sector of the firm at up to 3 NACE digits, the occupational category of the worker

(labourer, analyst, director...) and the contribution regime, from which entrepreneurs can be iden-

tified. Since it is also merged with the data from the AEAT (the Spanish state’s tax office, Agencia

Tributaria) at the yearly level, the uncensored gross labour income 48 of the individuals for the

year can be observed, with the notable exception for our purposes of the self-employed 49. Lastly,

48More precisely, every income category in form 190 can be observed, which consists mainly of labour income.
Therefore, capital gains, wealth and other financial income are not observable.

49Note that although the income for the self-employed can not be observed (including incorporated entrepreneurial
episodes), one can still recover the path of incomes prior to this event.
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data from the Census or the Municipality’s Padrón provide insights on the socio-demographic

composition of the labour force, such as age, gender and nationality.

The unit of observation is at the affiliation episode level. Thus, every change in status of the

relationship with the SS is recorded, up to a precision of 1 day. Therefore, one can construct a

panel data by combining all these affiliation episodes 50, effectively backing out the employment

history of the individual. This is paramount to our analysis, as it will enable us to identify the

moment in time when the individual decides to become an entrepreneur, as well as observing the

potential subsequent exit.

Crucially, the MCVL provides geographical data both on the firm and the individual. Data is

disaggregated up to municipalities of 40,000 inhabitants, which account for roughly 70% of the

Spanish population. The municipalities below this threshold are aggregated at the province level.

The availability of this geographical dimension 51 enables us to explore the spatial variation of

entrepreneurship across Urban Areas (UA henceforth).

A.1.2 Identifying the Entrepreneurs in the Data

As argued previously, a major advantage of the MCVL is the ability single out the entrepreneurs.

Every individual (in fact, every affiliation episode) that is present in the MCVL has a "Contribution

Regime" value that determines the nature of the relationship with the Social Security in terms of

the specific contribution requirements, type of employment and rights. The two main groups

are the 111 and 521, which are the general and entrepreneurial regime, respectively 52. For the

sake of our discussion, the general regime 111 shall be understood as that including all types of

relationships that are not self-employment. This includes those receiving unemployment benefits,

those getting pensions and employed workers, among others.

Starting in 2013, the MCVL includes an additional variable which provides information on the

sub-categories among the self-employed within the 521 contribution regime. The following table

50Entry into the dataset is dependent on a permanent tax identifier at the individual level and everyone that has
had a relationship of at least 1 day with the SS is a potential candidate. Exit happens if the relationship with the SS
has been broken for more than one year. This includes mostly people who have died and those that have permanently
moved abroad (note that pensioners are also part of the sample). The representativeness of the sample is checked at
every release.

51Compared to another competing dataset for entrepreneurial research, the GEM, this is a major advantage of the
MCVL for our purposes.

52The entrepreneurial regime is composed of those that work without any ties to an employer, among which there
are different classifications which shall be discussed shortly
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presents the sub-categories that are available within this contribution regime:

Table A.1: Entrepreneurial Types in the MCVL and in Official Statistics

Type %

Self-Employed 60.75%
Relative 7.4%

Coop. Member 17.2%
Incorporated 13.2%

(a) Spanish Ministry of Social Security (2018 Q3)

Type %

Self-Employed 60.84%
Relative 7.46%

Coop. Member 17.02%
Incorporated 13.05%

(b) Constructed from the MCVL (2018)

Notes: Sub-types of self-employed in the Spanish state’s economy, as reported by the Spanish Ministry of
Social Security (left) and as constructed from the MCVL (right)

Table (A.1) provides data on the distribution of the sub-types of the self-employed for the

year 2018 53. Although there are other minor categories, the main included four account for

roughly 98.5% of the entire pool of self employed 54. The self-employed are those individuals

that work on their own without ties to any direct employer and are not incorporated, that is, their

firm/endeavour has no separate legal personality. The relatives category refer to those that may

be under the umbrella of the self-employed (in the broad sense) but are not themselves the major

responsibles of any endeavour. Cooperative members are those that form part of a cooperative

or worker-managed firm. The last group is the one that will be the focus of the analysis, the in-

corporated entrepreneurs. These are the individuals that have set up a formal firm with a distinct

legal personality as part of the entrepreneurial endeavour. Note that becoming an incorporated

entrepreneur is a rather unlikely event in the context of the Spanish state’s economy. At any given

year, around 15% of all individuals in the sample has at least one affiliation episode in the 521th

contribution regime, and out of these just over 13% are incorporated.

The distinction between the self-employed and incorporated entrepreneurs is non-trivial. In-

corporated entreprenerus, as opposed to the unincorporated, need to pay a fixed upfront cost for

establishing the firm (a minimum capital of 3,000 euros is required), pay the corporate tax on the

profits, and have tighter regulatory requirements (tighter accounting requirements, may be sub-

ject to being audited ...). The optimal choice for becoming an incorporated or unincorporated may

53The distributional composition is very similar across years. The focus on the year 2018 is arbitrary and its objective
is to provide a counterpart to the official statistics.

54The remaining sub-types include religious institutions, those under temporary administrative changes and pro-
fessional associations, none of which are of particular relevance for the present analysis.
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depend on a variety of factors, which range from the tax being paid to the government (the un-

incorporated pay the personal income tax, which may be higher than the corporate tax for higher

incomes 55) as well as the value attached to the limited liability, which the incorporated enjoy but

the unincorporated do not. In the context of the Spanish state’s legal system, those that are re-

quired to contribute as incorporated are the following: (i) those that have over 33% of ownership

of a firm (ii) those that have over 25% of ownership of a firm and have active managerial duties

(iii) those involved in a firm (be it managers, suppliers, workers) with a family share of over 50%.

Legal requirements and differences aside, this distinction has been found to be relevant in the

field. Levine and Rubinstein (2017) argue that (i) the incorporated then to engage in more non-

routine cognitive tasks than either workers or unincorporated (ii) on the psychological realm, the

incorporated are shown to have shown more self-steem and have engaged in more illicit activities

during their youth (iii) the incorporated earn significantly more per hour than either workers

or the unincorporated, and work more hours. In addition Åstebro and Tåg (2017) find that the

incorporated status is a strong predictor of job creation. While the average self-employed (across

all categories) creates on average 0.66 jobs two years after creation, the incorporated create around

2.48.

Who are the Entrepreneurs in the Spanish Economy?

Having outlined the procedure employed to identify the entrepreneurs in the data, in the in-

terest of corroborating that the profile of the thereof in the Spanish economy is consistent with the

findings in the literature, table (A.2) displays the differences in individual characteristics between

the incorporated entrants and the rest of the population.

A few comments are in place regarding the obtained differences. First, as documented in the

literature, incorporated entrepreneurs tend to be more male and more skilled than the broader

population. Interestingly, however, incorporated entrants in the dataset are found to have ac-

cumulated less income and working experience than the overall population. Regarding mobility,

while the differences in migration patterns out and in is not significant at the common significance

levels, the data points towards a correlation between the moment when incorporation is chosen

and migration towards or from a given UA.

55Can (2022) argues that higher personal income tax rates encourage incorporated entrepreneurship, while entry
into unincorporated self-employment is disencouraged.
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Table A.2: Individual Characteristics of Incorporated Entrants

Incorporated Entrants Rest of the Population
Mean Mean diff.

Sex: Male=1 Female=2 1.292 1.404 -0.112***
Age of the Individual 39.272 39.501 -0.229
Cumulative Income 63002.470 67936.345 -4933.875**
Share of Highly Skilled 0.420 0.297 0.123***
Cumulative Experience as Worker (Days) 4288.018 5511.887 -1223.868***
Foreigner 0.144 0.108 0.036***
Foreigner (non-high GDP countries) 0.109 0.091 0.018*
Foreigner (high GDP countries) 0.035 0.017 0.018***
Internal across UA migrant (incoming) 0.028 0.019 0.009*
Internal across UA migrant (outgoing) 0.018 0.012 0.006*
Observations (Individual × Year) 1858 816192 818050

Notes: Individual characteristics of incorporated entrants and the rest of the population. Incorporated
entrants are defined as the workers in the previous period that transition to becoming an incorporated
entrepreneur during the next. The observations are at the individual-year level.

A.1.3 Geographical Areas under study: Urban Areas

The geographical units of interest are the Urban Areas (UA henceforth) of the Spanish State. The

main reason for focusing on UAs rather than individual municipalities is that given the extent of

commuting for labour purposes, these are the effective labour markets of the Spanish economy.

Following Roca and Puga (2017) and the Spanish Ministry of Housing and Urban Agenda, 85 UA

areas are identified. This set of UAs accounts for around 68% of the Spanish population yet 10%

of the area (Roca and Puga, 2017) 56. Madrid and Barcelona are the largest UAs, with 6,258,132

and 5,270,691 inhabitants, respectively 57.

An important restriction made on the set of included UAs is that since the MCVL provides no

fiscal data for the UAs in the Basque Autonomous Region or Navarre (Bilbo, Donostia, Gasteiz and

Iruñea) given their distinct tax offices 58, these four UAs are left out of the analysis. In addition,

56Note that although the density of the Spanish state is around 96 people per squared km (far behind
Germany’s 233), it is home to the densest inhabited squared km in Europe. This partly has to do with
the concentration of the Spanish population on coastal areas (around 70% of the total population). For
an insightful infographic on the matter check https://www.elconfidencial.com/mundo/europa/2024-05-21/
mapa-poblacion-europa-gente-kilometro-cuadrado_3884367/.

57For context, Madrid and Barcelona are the 2nd and 5th largest UAs in the EU27.
58The historical roots of the current Basque Autonomous Region and Navarre’s fiscal autonomy date back to the

Middle Ages, around the 8-13th centuries, when these regions were part of the Kingdom of Navarre. During this
period, it was common for regions to hold local fueros (charters or rights), which included privileges such as the ability
to collect taxes independently. Even after the Kingdom of Navarre was largely conquered by Castile in 1512, these
regions retained a significant degree of their administrative autonomy.

In the 19th century, efforts at centralization by the liberal supporters of Queen Isabella II (known as the Isabelinos)
posed a threat to these local rights. The Carlist Wars (1833–1876), in which the Basque provinces played a central role,
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those UAs that have no central municipality above 40,000 inhabitants (Soria, Teruel, Sant Feliu de

Guixols, ...) are not observable in the MCVL are are therefore also excluded. This results in a final

set of 77 UAs.

As mentioned previously, the MCVL contains geographically dis-aggregated data starting at

municipalities above 40,000 inhabitants. This has non-trivial consequences for the construction of

the UAs. For example, the UA of Madrid is made up of 52 distinct municipalities, 23 of which have

populations above this threshold. In contrast, the Barcelona UA is made up of 165 municipalities,

the majority of which (143) fall below this threshold. This results in the UA of Madrid retaining

91.7% of its population in the MCVL compared to Barcelona’s 72.53%. To address this issue, the

following procedure is employed. Since a precise calibration is desired for the model, the popula-

tion distribution of the UAs will be the one obtained in the MCVL. This guarantees that mobility

rates, earnings, sectoral distributions and entrepreneurial figures are accurate at each UA. That

notwithstanding, Duranton and Puga (2020)’s "experienced density" measure will be employed

when constructing measures for the agglomeration forces. The rationale for this stems from the

fact that firms in these UAs “inhabit” within the actual UA rather than the subset provided by the

MCVL.

Following Duranton and Puga (2020), a distinct measure to the standard population density is

employed in order to measure a given UA’s "thickness". The proposed metric, "experienced den-

sity", consists on measuring the number of people within a "x"km radius of the average people in

a given UA. The main advantages of this are twofold. First, since administrative boundaries of

municipalities are influenced by historical, agricultural and geographical factors, the ratio of actu-

ally built space over the total terrain varies substantially across municipalities and UAs. Second,

polycentric UAs might be more populated and therefore have a higher population density than a

monocentric UA 59.

Data from the WorldPop project is employed (https://hub.worldpop.org/geodata/listing?

id=74) in order to construct this measure at an annual frequency over the 2013-2018 period. This

were partly fueled by resistance to these centralizing efforts. The wars culminated in the Convention of Bergara (1839),
which secured the preservation of the fueros in these territories, albeit to a more limited extent.

To this day, the Spanish Constitution of 1978 recognizes the historical rights of the Basque Country and Navarre,
reflecting their unique legal and fiscal autonomy within the Spanish State.

59As Roca and Puga (2017) point out for the case of the Spanish state, while the Asturias UA is made up of three
main municipalities and is more populated than Zaragoza, the latter is a monocentric UA whose population is spatially
concentrated, whilst that of Asturias is spread across many municipalities, and is hence more dispersed.
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dataset contains the population counts of the Spanish state at a 1km × 1km resolution. The fol-

lowed procedure is to compute the population in a 10km radius at each grid cell and then to

compute the weighted average across all grid cells within a given UA. Figure (A.1) reports the

standard population density and experienced density for the biggest 20 UAs.

Figure A.1: Population Density and “Experienced Density” of the Spanish State’s UAs
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Experienced Density, 10km radius, by UA
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Notes: Standard arithmetic population density (population of the UA divided by terrain in squared kilome-
ters) and Duranton and Puga (2020)’s "experienced density" measure for the largest 20 UA of the Spanish
state. The left panel displays the former while the second displays the latter. Experienced density is defined
as the amount of people in a 10km radius from the average person in a given UA. The provided data is the
average over the 2013-2018 period.

If one was to measure a labour market’s thickness by the standard density measure, A Coruña

(the 16th in population) would be the second densest UA, and some of the largest and most vibrant

UAs of the state would rank in modest positions (Madrid, Sevilla, Zaragoza, Málaga...). Duranton

and Puga (2020)’s measure overturns these results in part by weighting the absolute rather than

relative density more heavily. This results in a ranking that puts Madrid, Barcelona, València and

Seville in the first positions, which are at the same time the major hubs of economic activity.

A.1.4 Sample Construction and Restrictions

The main challenge in structuring the data is to transition from an affiliation episode level panel

dataset including all provinces and municipalities above 40,000 inhabitants, NACE 3digit sectors,
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employment categories (workers, entrepreneurs, unemployed, retired...) and occupation cate-

gories (labourer, director...) to a dataset that can be employed in order to compute the micro and

macroeconomic moments of interest for the quantitative model.

The employed MCVL dataset is that comprising the years 2012 to 2019. However, as men-

tioned before, given the structure of the data, all past affiliation episodes can be observed for a

given individual in the sample. First, the duration of all spells by year are computed and the cu-

mulative experience of a person as both worker and incorporated entrepreneur is registered up

to that point in time. Second, following Roca and Puga (2017), affiliation episodes in the pub-

lic sector, apprenticeships, other entrepreneurial types other than incorporated, non-contributive

contribution regimes (widowhood...) are dropped. The same is done for the following 1st NACE

sectors: Agriculture, Forestry and Fishing, Extractive Activities, Public Administration and Inter-

national Organizations. Third, since the interest in this work lies on exploring the entry, exit and

stock of entrepreneurship in the 2013-2018 period, due to data limitations on identifying the in-

corporated entrepreneurs before 2013, all affiliation episodes before 2012 are dropped. This leaves

us with 7,330,877 affiliation episodes.

The next key step is to aggregate the potential multiple per year and individual episodes to

the yearly level. To this end, the longest affiliation episode per contribution regime (worker or in-

corporated entrepreneur) per year is identified. If the individual has been an active incorporated

entrepreneur during year, then the incorporated episode is retained for this individual in a given

year. Otherwise, the longest labour affiliation episode is kept. This pre-eminence of the incorpo-

rated episodes is motivated by the fact that the main interest of the present work is studying when

people decide to enter and exit incorporated entrepreneurship, and to that end it is crucial to keep

all entrepreneurial episodes 60 61 62. In order to be consistent with the model, entry is computed in

a year-to-year basis, by focusing on the transitions from those that are only workers in time period

60Suppose that an individual had two affiliation episodes during the year, one as a worker and one as an incor-
porated entrepreneur. Suppose the longest was the labour contract, lasting from January to September, and the en-
trepreneurial lasted for the remainder of the year. If one was to simply use the longest contract, the entrepreneurial
endeavour of this individual would not be recorded.

61Although the analysis could be done, potentially, at the monthly or even daily level, the aggregation to the yearly
level is of importance for the quantitative analysis given that most of the data available to calibrate the model (SABI
balance sheet data, experienced density data, fiscal income data, ...) are available at this level only. In addition, given
the granularity of the objects of interest at the location × sector × skill level, aggregation is required in order to have a
sufficient sample size at each of these tuples.

62The accumulated experience as a worker during the discarded episodes is recorded.
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t to those that have begun an entrepreneurial endeavour at t + 1. This results in just above 5,000

entries. Since entries in 2012 and exits in 2019 can not be observed, these years are dropped.

The previous step results in 4,110,153 individual × year observations. Next, the fiscal, personal

and processed affiliation data is merged. At this point, all individuals below 16 and above 65 years

are dropped from the sample. Those not residing in the UAs are also dropped.

In order to alleviate the dimensionality in the quantitative exercise, the set of occupations and

sectors are compressed. The occupations are classified into "low" and "high" skilled based on Roca

and Puga (2017) 63. The criteria to group the sectors is based on the skill composition of both the

incorporated entrepreneurs and the workers. Three main groups are created: the "low skilled"

(transportation, hostelry and construction), the "medium skilled" (manufacturing, artistic sector,

sales & car repairs), and "high skilled" (information and telecommunications, the professional

scientific and technical services sector). Those that do not have either of these dimensions in their

yearly aggregated affiliation episode are dropped (notably, the unemployed). This leaves us with

1,179,944 individual × year observations in the UAs of interest. Figure (A.2) presents the joint

distribution between skills and sectors for both incorporated and workers.

The obtained sector classification is fairly consistent across occupations. The low sectors have

around 28% of skilled entrepreneurs, the medium ones around 38% and the high jump to around

68% on average. From the workers’ side, low sectors have about 80% of low skilled, the medium

ones 70% (with the exception of Wholesale and Car Repairs), and the high sectors have more

skilled than unskilled workers.

A.2 MPKs by UA-Sector in the Data

A main result from the model is the prediction of heterogeneous returns of capital across space. In

particular, the model predicts that those UAs that enjoy higher productivity have, ceteris paribus,

higher MPK Premiums.

The key question is whether there is evidence from the data that supports this prediction.

Figure 8 pointed toward this direction by plotting the obtained (rescaled) MPK in the data for the

high sector. In this section we shall discuss how these estimates are obtained and whether it holds

for the rest of the sectors.
63More details on this classification will be provided in the discussion of the calibration.
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Figure A.2: Skill Heterogeneity by Occupation and Sector
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Notes: Joint distribution of skill category (low skilled and skilled) and compressed sectors of the economy
by occupation (workers and incorporated). Each row represents one compressed sector of the economy in
increasing order of skill (Low, Medium, High). Each panel shows the percentage of workers that are low
skilled in the first bar, the percentage of workers that are highly skilled in the second bar, and the percentage
of incorporated that are low and highly skilled in the third and fourth bars, respectively. At each sector,
bars by occupation sum to 100%.

The spirit of the exercise is simple: a Cobb-Douglass production function is estimated at the

sector level and the obtained MPKs are plotted against the size and skill of the UAs. The proce-

dure employs data on the small set of firms from SABI for the period 2013-2018. Capital cost is

constructed as EBITDA − EBIT and the labour expenditure is captured by the wagebill. One can

then recover αj
1−αj

= rK
wL . Exogenoous productivities are backed out as Al,j =

Yl,j

Kα
j L(1−αj)

. Lastly, the

MPK is computed as Al,jK(αj−1)L(1−αj). Figure A.3 presents the obtained results as a function of

UA size and skill.

The obtained results are in line with the main prediction of the model: those UAs that are more

productive have higher MPKs, regardless of sector or proxy. It is important to note however that
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Figure A.3: Estimated MPKs in the Data (SABI Small Firms, 2013-2018)
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Notes: Estimated MPKs in the data by UA-Sector by assuming a CB production function at the sector level.
Columns indicate the sectors while rows indicate the proxies for the agglomeration forces. The circles
indicate the size of the UAs.

while the model explicitly reports the MPK Premium per UA-Sector, the data counterpart is the

estimated CB MPK. This is mainly due to the lack of a proper counterpart to the model’s user cost

of capital at the required level of granularity. This notwithstanding, the main takeaway from this

exercise would be that qualitatively the data suggests a correlation between city productivity and

MPKs.

B Appendix Stylized Facts

B.1 Spatial Distribution of Entrepreneurship by Sector

In the introduction we discussed the marked spatial variation of entrepreneurship in the Span-

ish State. Breaking down the distribution by sector further amplifies the spatial dimension of

entrepreneurship. Figures B.4, B.5 and B.6 show precisely this.
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Figure B.4: Spatial Distribution of Incorporated Entrepreneurship into the Low Sectors (Construc-
tion, Transportation and Hospitality)

Entrepreneurial Rate: New Incorporated per 10,000 inhabitants (Working-Age)
Averaged over 2013-2018, by Urban Area, Low Sector (MCVL data)

Decile Values
0 to 10 %: 0.00 to 2.94

10 to 20 %: 2.94 to 4.69

20 to 30 %: 4.69 to 5.31

30 to 40 %: 5.31 to 6.51

40 to 50 %: 6.51 to 7.48

50 to 60 %: 7.48 to 8.39

60 to 70 %: 8.39 to 10.45

70 to 80 %: 10.45 to 11.88

80 to 90 %: 11.88 to 14.40

90 to 100 %: 14.40 to 23.45

Notes: Spatial distribution of incorporated entrepreneurship into the low skilled sectors of the economy
(Construction, Transportation and Hospitality). The rate is defined as those transitioning from workers
in year t − 1 to those starting an incorporated business in year t over 10,000 working-age inhabitants per
Urban Area over the period 2013-2018. The colors correspond to a given decile, whose values are provided
on the legend to the left.

12



Figure B.5: Spatial Distribution of Incorporated Entrepreneurship into the Medium Sectors (Man-
ufacturing, Wholesale and Entertainment)

Entrepreneurial Rate: New Incorporated per 10,000 inhabitants (Working-Age)
Averaged over 2013-2018, by Urban Area, Medium Sector (MCVL data)

Decile Values
0 to 10 %: 0.00 to 4.85

10 to 20 %: 4.85 to 5.92

20 to 30 %: 5.92 to 7.07

30 to 40 %: 7.07 to 8.17

40 to 50 %: 8.17 to 9.88

50 to 60 %: 9.88 to 11.04

60 to 70 %: 11.04 to 12.07

70 to 80 %: 12.07 to 15.18

80 to 90 %: 15.18 to 18.24

90 to 100 %: 18.24 to 34.01

Notes: Spatial distribution of incorporated entrepreneurship into the medium skilled sectors of the econ-
omy (Manufacturing, Wholesale and Entertainment). The rate is defined as those transitioning from work-
ers in year t− 1 to those starting an incorporated business in year t over 10,000 working-age inhabitants per
Urban Area over the period 2013-2018. The colors correspond to a given decile, whose values are provided
on the legend to the left.
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Figure B.6: Spatial Distribution of Incorporated Entrepreneurship into the High Sectors
(Telecomm., Professional and Scientific)

Entrepreneurial Rate: New Incorporated per 10,000 inhabitants (Working-Age)
Averaged over 2013-2018, by Urban Area, High Sector (MCVL data)

Decile Values
0 to 10 %: 0.00 to 0.00

10 to 20 %: 0.00 to 0.00

20 to 30 %: 0.00 to 0.00

30 to 40 %: 0.00 to 1.76

40 to 50 %: 1.76 to 2.78

50 to 60 %: 2.78 to 3.41

60 to 70 %: 3.41 to 4.14

70 to 80 %: 4.14 to 4.85

80 to 90 %: 4.85 to 6.04

90 to 100 %: 6.04 to 10.42

Notes: Spatial distribution of incorporated entrepreneurship into the high skilled sectors of the economy
(Telecomm., Professional and Scientific). The rate is defined as those transitioning from workers in year
t − 1 to those starting an incorporated business in year t over 10,000 working-age inhabitants per Urban
Area over the period 2013-2018. The colors correspond to a given decile, whose values are provided on the
legend to the left.
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B.2 Additional Results on the Stylized Facts

B.2.1 Estimated Coefficients in Stylized Fact #2

Figure B.7: Estimated Coefficients for the Correlations in Stylized Fact # 2
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Notes: Estimated coefficients for the correlations in stylized fact #2. Each column corresponds to one sector
of the economy and each row corresponds to one of the agglomeration forces proxies. The x-axis denotes
the 95% CI.

As argued in the main paper, the high sector is the most sensitive to the proxies for the local

agglomeration forces and both the size and skill coefficients are positive and significant at the

standard significance level.

B.2.2 Empirical Specification, Stylized Fact # 3

The following specification is considered to test the hypothesis:

1i,ua,s,t = αi + Θ Lagged Cumulative Incomei,ua,s,t

+ CI
i,ua,s,tΞ + CUA

i,ua,s,tΓ + dt + Ss + UAua + ui,ua,s,t (2)

The spirit of (2) is to regress the entry decision on the LHS on the cumulative income and

a set of controls and fixed effects at the individual, sector, year and/or UA levels. Thus, 1i,ua,s,t

is an indicator variable that takes a value of 1 if individual i, at UA ua, in sector s and time t
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became an entrepreneur and 0 otherwise 64. αi is a term that accounts for the individual fixed

effects. Θ Lagged Cumulative Incomei,ua,s,t is the main term of interest, which captures whether

the lagged cumulative income of an individual has any effect Θ on the entry decision. C
′ I
i,ua,s,t are

controls at the individual level (Skill, Age, Sex, Family Size, Nationality, Internal Migrant). C
′UA
i,ua,s,t

are controls (Average Skill, Average Income, Experienced Density, Age Composition, % Workers

in Large Firms, Unemployment Rate, Share of Foreigners, Labour Herfindahl Index) at the UA

Level. Lastly, dt, Ss, UAua are the time, sector and UA fixed effects, respectively and ui,ua,s,t is the

idiosyncratic error term. A more detailed explanation of the variables is provided in Appendix

B.2.3

Table B.3: Estimation of the Effect of Cumulative Income on Entrepreneurial Entry

(1) (2) (3) (4) (5) (6) (7) (8)
Dependent Variable Pr. of Entry Pr. of Entry Pr. of Entry Pr. of Entry Pr. of Entry Pr. of Entry Pr. of Entry Pr. of Entry

L.(Log) Cumulative Income -0.000411*** -0.000295*** 0.000929*** 0.00103*** 0.000835*** 0.000925*** 0.000818*** 0.000921***
(-5.75) (-5.64) (3.70) (4.31) (3.19) (3.66) (3.19) (3.68)

Controls Yes No Yes No Yes No Yes No

Individual FE No No Yes Yes Yes Yes Yes Yes

Urban Area FE Yes Yes Yes Yes Yes Yes No No

Year Effects Yes Yes Yes Yes No No No No

Sector FE Yes Yes Yes Yes No No No No

Sector x Year FE No No No No Yes Yes No No

UA x Sector x Year FE No No No No No No Yes Yes

R2 0.000943 0.000455 0.375 0.373 0.375 0.373 0.381 0.380
Cluster UA UA UA UA UA UA UA UA
N 641376 641397 592645 592671 592645 592671 592640 592666
t statistics in parentheses
* p < 0.10, ** p < 0.05, *** p < 0.01

Notes: Regression results of specification (2). The dependent is an indicator variable on whether individual
i at UA ua in sector s and time t has become an entrepreneur. Columns (1)-(2) show the results (with and
without controls, whilst keeping UA, Year and Sector FE) without individual fixed effects. Columns (3)-(8)
show a combination of results (with and without controls, for a different set of FE) that include individual
fixed effects. Coefficients are reported with standard errors in parentheses, which are clustered by Urban
Area in all columns. ***, ** and * indicate significance at the 1%, 5% and 10% levels, respectively. The
reported R2 is the overall one of the regression. The Cumulative Income is computed as the sum of the
stream of labour income previous to becoming an entrepreneur from yearly available fiscal data. Controls
include those at the individual and UA-level.

64Given the persistence in the entrepreneurial pursuit (those that have entered at least once are more likely to enter
in the future), data is only kept until the first entrepreneurial episode is observed during the period 2013-2018. This is
done in order to avoid the higher entry rate probability of those that have already attempted to enter once.

16



Table (B.3) provides a set of results for specification (2). Columns (1) and (2) show the esti-

mates when individual FE are not included (whilst keeping UA, Year and Sector FE). In this case,

both coefficients on cumulative income are negative and significant. Note however that these

two first columns exploit the variation across individuals in a given UA, Year and Sector. This

result is in line with the observation in table (A.2) which showed that incorporated entrants have

accumulated less income on average than the overall population.

The main observation of interest is that when incorporating individual FE (that is, when ex-

ploiting the variation across time within an individual) in columns (3)-(8), the coefficient on cu-

mulative income turns positive, significant and stable regardless of which specific is considered

(3)-(8). To provide some context on the results, the 0.000921 coefficient in column (8) would indi-

cate that an increase in the lag (log) cumulative income of 1% would increase the probability of

becoming an entrepreneur by 0.00000921 absolute points, which given the unconditional mean of

the dependent variable of 0.22% would translate to a 0.39% in relative terms.

To sum up, results from table B.3 imply that a 10% in cumulative income leads to a 3.9%

increase in the relative probability of becoming an entrepreneur. This result hence motivates the

incorporation of financial frictions in the model.

B.2.3 Variable Description, Stylized Fact # 3

This section provides the variable description of those employed in stylized fact #3

• Explanatory variable:

– Lagged Cumulative Income: Lag of the cumulative income from the year 2013 up to

time t taken from the AEAT’s fiscal data. It includes all income available in form 190.

The lag is employed given that the contemporaneous income of the entrepreneurs (in-

corporated) is not observable in the data.

• Individual Controls:

– Individual Skill: this is the skill category as defined in Roca and Puga (2017) based on

the occupational categories for the contemporaneous year.
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– Age: age is computed as the difference in years between the date of birth provided by

the personal data component of the MCVL and a given year.

– Sex: the sex variable is taken directly as reported in the personal data section of the

MCVL.

– Family Size: family size is the sum of all members of the household as reported by the

relatives section of the MCVL.

– Nationality: nationality is taken directly from the personal data section of the MCVL

and represents the legal status with respect to the state.

– Internal Migrant: a person is an internal migrant in the contemporaneous period if the

UA of residence at time t is different from the one in the previous period.

• UA Controls:

– Average Skill: average skill at the UA-Year level is the (arithmetic) mean over the skill

of all residents at time t in a given Urban Area.

– Average Income: average income at the UA-Year level is the (arithmetic) mean over the

income of all residents at time t in a given Urban Area.

– Experienced Density: experienced density is the proxy for the sizes agglomeration force

and is the avearage amount of population within 10km of the average person by Ur-

ban Area. Its construction follows the steps outlined in Duranton and Puga (2020). It

is constructed by relying on grid cell population data at a 1km × 1km resolution from

worldpop.org along with the geographical data on the delimitations of the Spanish mu-

nicipalities taken from GIS https://centrodedescargas.cnig.es/CentroDescargas/

catalogo.do.

– Age Composition: the age composition is a set of variables indicating the proportion of

population in the UA-Year of each of the following groups: 16-25,25-35,35-45,45-55,55-

65,>65.

– % of Workers in Large Firms: this is the % of workers at the UA-Year level that work

in a firm with over 500 employees. The firm size data is taken from the social security

affiliation episode corresponding to each worker and year.
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– Unemployment Rate: the unemployment rate at the UA-Year level is computed as the

fraction of people whose longest affiliation episode with the social security at that year

has been an unemployment spell where they have received unemployment subsidies.

– Share of foreigners: the share of foreigners at a given UA-Year level is computed as the

fraction of people born outside the country from the total population of the UA. The

data is taken from the personal data section of the MCVL.

– Labour Herfindahl Index: the HHI index is constructed at the UA-Year level by ap-

plying the standard definition to the 1st digit NACE sectors. Data on the sector of the

employees comes from their social security records.
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C Definition of the Equilibrium

A Stationary Recursive Competitive Equilibrium (SRCE) in the economy consists of a set of value
functions V(·), Vw(·), Ve(·), policy functions occ(·), a′w(·), a′e(·), cw(·), ce(·), hr,w(·), hr,e(·), k(·), u(·), h(·), µl,l′,o(·),
allocations {Ll}L

l=1, {Ls,l}S,J
s=1,l=1, {LSs,j,l}S,J,L

s=1,j=1,l=1, {Hl}L
l=1, {τh,l}L

l=1 , {Yj}J
j=1, G, K, {Ej}J

j=1,

{Ej,l}J,L
j=1,l=1 prices {ws,j,l}S,J,L

s=1,j=,l=1, r, {pj}J
j=1, {ph,l}L

l=1 and a stationary measure λ∗ such that:

1. Given prices, the policy functions occ(·), a′w(·), a′e(·), cw(·), ce(·), hr,w(·), hr,e(·), k(·), u(·), h(·), µl,l′,o(·)
solve the households’ problem and V(·), Vw(·), Ve(·) are the associated value functions.

2. Given prices, entrepreneurs employ optimal inputs in production k(·), u(·), h(·) and y(·) and
π(·) are the associated production and profit functions.

3. Population in each location Ll is endogenous and given by all transitions from other loca-
tions to location l (L EQ.):

Ll =
L

∑
k=1

µk,l,o(a, z, s, j, k)Lk

Where µk,l,o is the migration probability of an agent in location k with occupation o to location
l at some point on the state space:

µk,l,o(a, z, s, j, l) =
exp (βEV(a′, z′, s′, j′, l)− βτk,l,o)

1
v

∑L−1
l=0 exp (βEV(a′, z′, s′, j′, l)− βτk,l,o)

1
v

4. The interest rate r clears the country-wide supply and demand for capital (1 EQ.):

r s.t.
∫

a′(a, z, s, j, l)dλ(a, z, s, j, l) =
∫

Iocc(a,z,s,j,l)k(a, z, s, j, l)dλ(a, z, s, j, l)

5. The housing sector clears (L EQ.): Hd
l ≡

∫ ∫ ∫ ∫
hr(a, z, s, j, l)Λ′(a, z, s, j, l)dadzdsdj = pη

h,l H̄l for each l

6. Local councils collect the profits made by the housing sector and rebate them back to house-
holds as income tax reductions τh,l over income Il (L EQ.):

Π(Hd
l ) = τh,l Il for each l

Where Π(Hd
l ) =

1
1 + ηl

Hd
l

1+ηl
ηl

H̄
1
ηl
l

7. Local labour markets clear (S × J × L EQ.):

wl,j,s s.t. LSs,j,l︸ ︷︷ ︸
LABOUR SUPPLY OF TYPE {S,J} IN LOCATION L

=
∫

a

∫
z

∫
s

LDs,j,l(a, z, s, j, l)dadzds︸ ︷︷ ︸
Labour Demand by Entrepreneurs. in location l and sector j for a given skill across all (a, z, s) triplets
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8. Overall demand for intermediate sectoral goods clears (J EQ.): pj s.t. Yj =

(
γjP

−ρ
j Y

P(1−ρ)

)
∀j ∈ J

9. The Government Budget clears (1 EQ.):

L

∑
l=1

J

∑
j=1

S

∑
s=1

τLwl,j,sLSl,j,s +
∫

τKπ(a, z, s, j, l)occ(a, z, s, j, l)dλ∗(a, z, s, j, l) = GY

10. The aggregate resource constraint of the economy is satisfied and equates production in the
economy of the final good to the total expenditure (1 EQ.):

Y = C + GY︸︷︷︸
GOVERNMENT EXPENDITURE

+δK +
L

∑
l=1

ph,l Hd
l − Π(Hd

l )︸ ︷︷ ︸
Net Expenditure on Housing

+ F︸︷︷︸
Total Fixed Costs

11. The invariant probability measure λ∗ satisfies:

λ∗(A × Z × S × J × L) =
∫

T((a, z, s, j, l), A × Z × S × J × L)dλ∗(a, z, s, j, l) ∀A ⊂ A, Z ⊂ Z , S ⊂ S , J ⊂ J , L ⊂ L

Where T(·) is the transition function defined as:

T((a, z, s, j, l), A × Z × S × J × L) = Ia′(a,z,s,j,l)∈A ∑
z′∈Z

πz(z, z′)Is∈S Ij∈J ∑
l′∈L

µl,l′,o(a, z, s, j, l)

Note that s and j are fixed given the ex-ante heterogenity along these dimensions.
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D Computational Appendix

In the main paper we discussed how porting the the solution of the model from MATLAB to

lower-level programming languages and to CUDA/C++ in particular could lead to speed-ups in

the range of 60 to 20,000, depending on the degree of parallelizability of the algorithm. In this

section we first seek to explore deeper what is meant by parallelizability along the computation

and memory dimensions and how the economist can identify what in the main paper we referred

to "memory bottlenecks". This is crucial as the benefits of this methodology rely on a clear under-

standing of several basic principles that we will discuss in the following section. Second, we will

decompose the speed-up gains by employed intrinsic of the programming language: the Cooper-

ative Groups API for within-kernel thread synchronization 65, a specific construction of the grid

to facilitate coalesced memory accesses, 66 FMA (fused-multiply-add) instructions for improved

accuracy and reduced instruction overhead, 67 extensive use of fp32 data types to exploit the op-

timized architecture of the RTX family around this format, 68 the use of the programmable L1

shared memory for reduced memory latency wherever sensible, 69 and lastly the capacity utiliza-

tion. This is of importance as the obtained differentials underline the complexity of the program-

ming model and help in rationalizing previous conflicting findings in the literature regarding the

attainable speed-ups. Third, with this intuition in mind, we will show how applying these op-

timization techniques to the original Fernández-Villaverde and Valencia (2018) code can increase

the attained speed-ups from x2-3 to around x1,600 (with respect to single-threaded C++).

D.1 A Tale of Two Algorithms

D.1.1 Case 1: Value Function Iteration

As argued above, the VFI presents itself as an example of an algorithm that is both computation

and memory parallelizable.

65Check https://developer.nvidia.com/blog/cooperative-groups/.
66More info at: https://developer.nvidia.com/blog/how-access-global-memory-efficiently-cuda-c-kernels/
67Section 2.3 of the CUDA documentation https://docs.nvidia.com/cuda/floating-point/index.html
68A crucial specification of the GPUs are their core count per data type. Different categories of GPUs, mainly the

gaming vs workstation branches, have a different configuration on their fp64 to fp32 ratio, which is typically 1:64 in
gaming GPUs and 1:2 in workstation GPUs. For further information, check section 16.7. of the CUDA documentation:
https://docs.nvidia.com/cuda/cuda-c-programming-guide/index.html#cuda-enabled-gpus.

69An explanation is provided in https://developer.nvidia.com/blog/using-shared-memory-cuda-cc/
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For the sake of our discussion, suppose we have constructed the grid for the state space as

a Cartesian product on A × Z × S × J × L. That is, if we were to linearize the obtained tensor,

we would obtain Na elements for given values of z, s, j, l, Na × Nz elements for given s, j, l and so

on. That is, the typical element (a, z, s, j, l) would have index Ia + Na × Iz + Na × Nz × Is + Na ×
Nz × Ns × Ij + Na × Nz × Ns × Nj × Il , where Iv corresponds to the index of the variable on its

univariate grid and Nv is the number of elements per dimension. Clearly, the total number of

elements is Na × Nz × Ns × Nj × Nl , and the scaling of the grid is non-linear (Nd
d if we had equally

sized dimensions).

Why is discussing the construction of the grid of importance? Recall how a typical memory

access request works: the LD/ST unit of the SM (Streaming Multiprocessor) requests certain data.

If it is found in the L1 cache, then we have a L1 cache hit and the data is collected. If not, the L2

is explored. If the data is located on the on-chip L2, we have a L2 hit. If not, we have a L2 cache

miss and data is requested to the global memory (VRAM). This is the furthest a memory request

can go and latency is added. Once the request is served, not only the desired memory address is

delivered but a 32 byte (256 bits) chunk of data, which working with float32 bit types translates

into the desired memory address plus the seven next closest elements in memory. Therefore, a

sequential and aligned memory access pattern becomes pivotal in order to maximize memory

bandwidth (how much memory can be serviced by second). When such is the case, it is said that

we have a "coalesced" access pattern.

Why would this matter to the macroeconomist? In macroeconomic terms, let’s simplify the

problem and suppose that we are in the Aiyagari (1994) economy. Is there any reason to prefer

A × Z over Z × A? There is. It all boils down to the effect on the policy function of a marginal

change from one point on the state space i to the next, i + 1. In the A × Z world, the change for

index 0 to index 1 is that assets will increase to the next level, while keeping productivity fixed.

In the Z × A world, this change is a change from the lowest productivity to the second lowest

productivity. If we were maximizing for the policy function, which would be closer to a coalesced

memory access pattern?

To illustrate this point, consider these two optimization problems:
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V(a, z) = max
a′

u(·) + βEz′V(a′, z′) V(z, a) = max
a′

u(·) + βEz′V(z′, a′)

They are mathematically equivalent, yet computationally there is a major difference. Suppose

we were solving for the optimal policy a′(a, z) by golden section search. For a wide enough range

of assets, there is a high probability that under both specifications the initial evaluation points

would be very similar. However, as we approach the actual solution, the difference in memory

access patterns between index i and i + 1 on the state space will vary dramatically: in the (a, z)

world, going from assets a[i] to a[i+ 1] for given z[i] will likely have a minor effect on a′(a[i], z[i])−
a′(a[i + 1], z[i + 1]) for the typical element where z[i + 1] = z[i]. However, in the (z, a) world, a

jump from z[i] to z[i + 1] could be substantial: think of a model where there are unskilled and

skilled workers and there is a substantial wage differential. Therefore, the difference in a′(z[i +

1], a[i + 1])− a′(z[i], a[i]) could be substantial, so that different points of the state space on a′ are

explored by two contiguous points on the state space, lowering the cache hit ratio and increasing

the cycles of the warps being stalled waiting for memory.

To quantify this point, let’s profile, using Nvidia’s tool Nsight Compute, 70. how many stall

cycles there are precisely when performing the golden section optimization under each grid con-

figuration:

Table D.4 clearly shows the trade-offs between the two choices for representing the state space.

When performing the optimization process, in line with the intuition we developed above, in the

case where the state space is A × Z there are 58,148 cycles where the instruction could not be

executed due to threads waiting for memory. In turn, in the Z × A this number skyrockets to

1,083,295, a 1762.99% increase. Moreover, 84.94% of the performed memory requests are overhead

due to strided or non-aligned memory access patterns or cache misses.

However, there is a trade-off to the A × Z choice. While the expectation operation is relatively

coalesced in this case (index 0 needs to access Na and index 1 needs to access Na + 1 to compute

the expectation w.r.t z1), there is greater data locality when taking the expectation over z’ in the

case where grid set up is Z × A (in this case, both index 0 and 1 would need to access index 1,

70For an example on using the software, check https://www.nvidia.com/en-us/on-demand/session/
other2024-compnsight/
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Table D.4: Profiling Results of the VFI Algorithm in https://github.com/markoirisarri/
AiyagariModelCUDA using Nvidia’s Nsight Computing

Optimization: Golden Section Search Expectation E′
zV(·) Execution Time

State-space Memory Stall Cycles % Excessive Requests Memory Stall Cycles % Excessive Requests

A × Z 58,148 22.8% 699,583 20% 172.63ms
Z × A 1,083,295 84.94% 188,161 Below reporting threshold 189.15ms

Notes: Profiling results for the VFI algorithm in the Aiyagari (1994) model. Memory Stall Cycles represents
how many cycles are spent by the processors waiting for the memory request to be serviced by the global
memory (VRAM). % Excessive Requests indicates the proportion of memory requests that exceed those
predicted by the profiler. This occurs when memory accesses are non-coalesced (i.e., memory accesses are
not aligned, leading to inefficient use of the memory bus) or when there are cache misses due to the large
problem size exceeding the L2 cache capacity. Overall timing of the VFI refers to the overall time it takes
the kernel (function run on the GPU) to execute as reported by Nsight Compute. The dimensionality is
Na = 100, 000 and Nz = 10. We intentionally keep the dimensionality high so that the L2 memory can
not service all requests. Note that the algorithm employs Howard Improvement and the stall samples for
optimization are collected at the optimization rounds while the ones for the expectation are recorded at
every iteration.

which avoids a stride in global memory).

Ultimately, the difference in execution time between these two representations is about %10.

Despite the seemingly low figure, it is important to note that the specific model at hand might

guide the researcher in one direction or another. For example, in a model of occupational choice

where K occupations perform their own optimizations the speed-ups of employing A × Z could

be substantial. Back to our original A×Z× S× J × L, the macroeconomist needs to weigh the pros

and cons of each potential choice for the representation of the state space. In our case, the choice

for this specific order was motivated precisely by this discussion. The choice for A as the first

dimension is motivated by the occupational types requiring their own optimization. The choice

for Z as the second dimension is to retain as much data locality as possible when performing the

expectation. Lastly, the choice for L as the last dimension allows to keep the location dimension

constant per every Na × Nz × Ns × Nj elements.

To sum up, we began this section arguing that the VFI is a "computation parallel, memory

quasi-parallel" algorithm. The computationally parallel part was already clear: each point of the

state space performs its own independent computations 71 . Regarding memory, we discussed

how setting the grid up in a certain way can alleviate the memory read interdependencies that

71An example of a non-computation parallel algorithm would be a panel simulation with multiple periods and a
single agent. One would ideally like to parallelize along the time dimension, but the inter-temporal dependence does
not allow this.
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exist among threads so that about 20% of the accesses are excessive.

D.1.2 Non-Stochastic Simulation (Young (2010)’s Method)

The previous section discussed a common problem faced when solving models with GPUs: the

fundamental optimization technique to have a coalesced memory access pattern (to the extent that

it is possible). The aim of this section is to further discuss the negative effects on the attainable

speed-ups that stem from memory bottlenecks, this time by looking at multiple threads (indexes)

that want to read and write from and to the same location in memory. This is of relevance since

it is precisely what is going on under the hood when solving macroeconomic models via Young

(2010)’s method. To illustrate this point, figure D.8 provides an example of such a case:

Figure D.8: Example of a Multiple Memory Read and Write Access Pattern to the Same Address
by Multiple Threads

Notes: The figure mimicks the behaviour of memory access patterns in solving for the invariant distribution
using non-stochastic simulation. In this example, indexes (0,0), (0,2) and (0,4) are requesting to write their
values to index (2,2).

In this example, there are multiple indexes ((0,0), (0,2), (0,4)) that aim to write their values to

the same index ((2,2)). This requires first reading the memory address data and then writing the

value of the requesting index on that value. This is the perfect example of a horse-race condition:

without any kind of control, an asynchronous execution model (GPUs) would result in the fastest

index reading and writing to the address, without any guarantees that the rest of the indexes

have the updated value when they request it or that they will wait for the fastest index to be

done writing the result to write their own. Not accounting for this necessity to synchronize the
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memory read and writes can lead to catastrophic consequences D.5 72. Note that a sequential

single-threaded implementation would suffer from no such problem since the memory access

pattern is deterministic and synchronous, index i + 1 does not execute until i is done reading and

writing the data.

Fortunately, CUDA counts with a set of instructions that impose this memory synchroniza-

tion: the atomic operations. This set of instructions ensure that concurrent accesses to memory are

safely coordinated, thus avoiding conflicts. For example, atomicAdd((2,2), (0,0)) ensures that no

one other thread can access (2,2) until (0,0) is done adding its data to it. The notable downside to

this is that it leads to a bottleneck in the memory pipeline, to the point where even the scheduler

submitting the memory instruction is overloaded with such requests. If we run the Nsight Com-

pute profiler again, 99.1% of the time instruction are waiting to be executed is due to unserviced

global memory requests.

What would be the consequences of employing a non-safe "cumulative sum" += against the

recommended atomicAdd()? Table D.5 provides the results under both scenarios:

Table D.5: Numerical Implications of non-safe Memory Operations in CUDA/C++

Safe Memory Mass of Agents K Share Entrepreneurs SWF Share People in Madrid

No: += 1.07e − 4 4.6e − 3 3.54e − 6 4.6e − 4 1.46e − 5
Yes: atomicAdd() 1 48.9 3.45% −3.52 33.58%

Notes: Computed aggregates of the economy under memory safe operations (atomicAdd()) and without
(+= operator). Safe memory operations means that no thread can access one memory address until threads
that are currently writing to that address have finalized writing. Mass of agents denotes the normalized
mass of agents in the economy. K is aggregate capital. Share of Entrepreneurs is the total overall share of
entrepreneurs in the economy. SWF is hte utilitarian Social Welfare Function. Share of People in Madrid is
the percentage of people in the model living in Madrid.

Clearly, ensuring safe memory operations is a key aspect that the macroeconomist thinking on

porting the code to native CUDA should be aware of.

To close this brief section on Young (2010)’s method, we discussed how a seemingly parallel

algorithm might not enjoy the same degree of speed-ups as the VFI did. In this case, we discussed

how the effective serialization of memory access patterns does not allow the researcher to tap into

the computational capabilities of GPUs.

72Note that this is not a problem specific to GPUs. For example, a multi-core implementation on a CPU would also
suffer from the same horse-race conditions.
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D.2 Decomposing the Speed-up Gains

As mentioned in the main body of paper, special care was placed on following the guidelines

and best practices suggested by Nvidia engineers in Guide (2020) and Guide (2020). In particular,

we argued how proper use of memory coalescing, choice of certain data types (in particular fp32

against fp64), employing FMA instructions and the use of the cooperative groups API was pivotal

in achieving substantial speed-ups. The aim of this section is to decompose the speed-up gains

by each of the employed language intrinsics. This is of importance as it can rationalize previous

differing figures in the literature on the attainable speed-ups.

To fix ideas, a recap of the role played by each of these intrinsics is in place. We already dis-

cussed memory coalescing in D.1.1, the notion of keeping memory access requests sequential and

aligned. Second, another crucial consideration is the choice between fp32 and fp64 data types. In

a typical CPU implementation (say, a vectorized implementation in MATLAB), the choice of data

types is not a critical performance consideration since all the cores on the CPU are able to process

float and double data types. On GPUs, however, the data type choice is pivotal. Contrary to CPUs,

GPUs have specific amounts of execution pipelines per data type, and these are specific to each

generation and class of family. Critically, the main grouping is that of gaming cards and worksta-

tion cards. The former are designed to maximize the pixel fill rate, while the latter are designed

around ensuring safe memory (ECC, Error-Correcting Code) and offering a higher precision. To

service their priorities, the pipelines allocated within each SM (Streaming Multiprocessor) to each

data type varies. While the gaming cards have a ratio of 1:64 fp64 to fp32 compute pipelines, the

workstation ones have a 1:2 ratio. This has profound implications for the economist aiming to

solve a model using GPUs, as one could expect nearly a two orders of magnitude performance

differential based on data types alone.

Second is the use of the fast math compiler option, which has two major effects. First, it pri-

oritizes FMA (fused multiply and add, ab + c) operations whenever possible. This reduces the

instruction count by combining multiplication and addition into a single operation. It also im-

proves precision by avoiding an additional rounding step: while the standard implementation

does rn(rn(ab) + c)), FMA rounds once rn(ab + c). Second, it replaces expensive math func-

tions such as pow(), log(), exp() by faster, hardware optimized counterparts. While this comes at
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a precision cost, the speed-up gains can be substantial. As was the case with the choice of the

data types, the macroeconomist must thoroughly test that the obtained solutions with this opti-

mizations are within the tolerable precision margins (for example, by testing the obtained results

against a double data type implementation without further optimizations).

Lastly, the use of the Cooperative Groups API is a key innovation introduced in CUDA 9.0

(2018), particularly crucial for iterative algorithms like those used to solve DSGE models (e.g., VFI,

Young 2010’s method, PFI, EGM). The primary advantage of this API is the ability to synchronize

threads within a kernel. Recall, as we discussed in D.1.2, that GPU execution is inherently asyn-

chronous, meaning that threads run independently without waiting for others to complete their

tasks. This leads to race conditions. For example, in VFI, thread i might advance to iteration k + 1

while thread i − 1 is still writing its result for iteration k to global memory. As a result, thread i

might read an outdated value from thread i− 1 (when computing the policy function for example),

leading to errors. Cooperative Groups solves this issue by allowing threads to synchronize within

the kernel by imposing synchronization barriers. In the VFI example, this ensures that no thread

starts computing the expectation over entrepreneurial productivity shocks until all threads have

finished computing their value and policy functions for the current iteration. Beyond addressing

race conditions, this API also simplifies code structure. Before Cooperative Groups, the only way

to ensure synchronization across iterations was to split the VFI into multiple blocks, each with

their own function, thus forcing the CPU to manage synchronization. This resulted in significant

overhead from frequent memory transfers between the GPU and CPU over the PCI-E bus, slowing

down performance. With Cooperative Groups, the entire VFI algorithm can run within a single

kernel using synchronization barriers, eliminating unnecessary host calls and reducing memory

transfer costs. 73

With the intuition behind each intrinsic in mind, we can now discuss their implications for

performance. Figure D.9 provides data on the execution times of the VFI algorithm for this spatial

model under different configurations over these intrinsics:

The first striking result is the variability in execution times within GPU computation based on

73In essence, this means that instead of splitting the VFI into two separate functions (one for the policy function
computation and another for the expectation computation) and relying on the CPU (host) to manage synchronization
through function calls, the entire process, including all K iterations, can now be handled entirely within the GPU kernel.
This eliminates the need for costly back and forth communication between the CPU and GPU, significantly improving
performance.
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Figure D.9: Decomposition of the Speed-ups by Language Intrinsic, VFI Algorithm.
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Notes: Decomposition of the speed-ups in CUDA/C++ by use of language intrinsics. The y-axis shows
the employed data type, either fp32 (float, top) or fp64 (doubles, bottom). The x-axis denotes the time
(in seconds, log scale) required by each variant. The reported time is the average execution time over 100
runs. Within each data type, the variants considered are: benchmark (fast math + cooperative groups),
no fast math and no cooperative groups. The algorithm under consideration is the VFI. The employed
dimensionality is Na × Nz × Ns × Nj × Nl = 100 × 21 × 2 × 3 × 20 so that the double data type variation
can fit in memory (8 GB VRAM). The employed GPU is an RTX 3070 (5888 fp32 pipelines).

which intrinsics are chosen. The difference in execution time between the fastest (first row, float

+ fast math + cooperative groups) and slowest (bottom row, double + no cooperative groups) is

a whopping ×90.05 slowdown in performance. And, importantly, this exercise is only considering

a set of three intrinsics for a given implementation. Depending on the specific algorithm, as well

as the proper use of other intrinsics such as shared memory, memory coalescing or occupancy

could amplify this differential even further. This exemplifies the complexity of the programming

model and rationalizes why there have been conflicting results on the attainable speed-ups in the

literature (see the speed-ups results in Aldrich (2014) against those in Fernández-Villaverde and

Valencia (2018)).

Shifting the focus to the specifics, we can see that relative to the benchmark configuration,

which requires 0.396 seconds on average to perform 1500 VFI iterations, forgoing the fast math

compiler option increases the execution time to 0.988, for a ×2.49 slowdown. This is mainly due

to the cost of the additional instructions required to solve the more complex math functions that
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the fast math compiler option was replacing.

Second, not employing the within kernel thread synchronization enabled by cooperative groups

results in a slowdown of ×15.44, for a total execution time of 6.115 seconds and already a greater

than one order of magnitude slowdown. This is mainly due to the overhead created by constant

CPU-GPU memory transfers over the PCI-E lane.

Third, and most importantly, jumping now down to the second set of bars, we can see how

the choice of data types matters dramatically. Among the tested variations, the data type choice

is the single most important speed-up factor at a slowdown cost of ×70, roughly equal to the

total number of fp64 relative to fp32 pipelines (recall the 1:64 ratio). 74 Once conditioned on

double types, we can see that the variability along the other employed intrinsics is relatively low.

Interestingly, the overhead in CPU-GPU data transfers that the use of cooperative groups prevents

presents itself as close to a fixed cost (5.71 vs 7.80 additional seconds in fp32 vs fp64 computations).

To sum up, the CUDA/C++ programming model, while powerful, has many layers of com-

plexity and properly choosing the intrinsics that optimize performance for a given desired preci-

sion is a crucial task to be faced by any macroeconomist aiming to exploit the speed-up gains.

D.3 Applying the optimizations to Fernández-Villaverde and Valencia (2018)

In the introduction to this computational appendix, we claimed that applying certain optimization

techniques could drastically improve the performance of the code. In this section, we will bench-

mark what speed-up gains are attainable through this set of optimization in the original code by

Fernández-Villaverde and Valencia (2018). It is paramount to underline however that the extent

to which these optimization techniques can improve performance depend critically on how the

original code is written and follows the best practices guidelines in Guide (2020). To illustrate this

point of how paramount it is that the original code abides by the best practices, we will also test

the implications of breaking the coalesced memory patterns in Fernández-Villaverde and Valencia

(2018)’s code (as we did in D.1.1) on the attainable speed-ups.

The spirit of this benchmarking exercise is as follows. First, we clone the github reposi-

74An amplifying factor over this pipeline ratio is the additional optimization rounds allowed for by a double data
type. For strict convergence criterias, say 1e − 6, the fp32 precision counterpart may stop at 1e − 4 due to its inability
to discern numbers any further, while the double counterpart will continue until reaching the desired precision. This
underlines the importance of thoroughly testing every single function implemented on GPUs in float precision.
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tory available at https://github.com/davidzarruk/Parallel_Computing (accessed 22/10/2024),

containing the original code by the authors. Second, we time the execution time of the kernel per-

forming the life-cycle VFI under several specifications. First, we keep the dimensionality as in the

original code, with the dimensionality of assets at 1500, that of the shocks at 15 and 10 time peri-

ods. This is our benchmark specification for the benchmarking. Then, we consider the following

scenarios:

• Benchmark + Utilization: The original code was executed on a GTX 860M. This implies that

the maximum block size is 512. Here, since we have an RTX 3070 with different compute

capability, rather than imposing the x-dimension of the grid at 30, we let

cudaOccupancyMaxPotentialBlockSize() compute the optimal occupancy. This ensures that

each SM has as many resident warps/threads as possible.

• Float: recall from our previous discussion that the GTX and RTX families of graphics cards

are optimized around fp32 computation, as their primary use case is gaming. This implies

that the available number of execution pipelines is far greater in fp32 precision than fp64.

In particular, the GTX 860M has a 1:32 fp64 to fp32 ratio while the RTX 3070 has a 1:64

ratio. Utilizing floats rather than doubles therefore massively increases the utilization of

both GPUs.

• Float + FM: this configuration employs float data types and the -use_fasth_math NVCC

compiler option. We discussed the implications and precautions to be had when enabling

this option in the previous section.

• Float + FM + Utilization: in this case we employ fp32 data types, fasth math instructions and

optimize utilization by the same method described above.

• Float + Poor Coalescing: in this case we employ fp32 data types and we tamper with the code

in order to have the grid set up as X × E rather than E × X. We discussed the importance of

memory coalescing in D.1.1.

Having described each of the scenarios under consideration, figure D.10 presents the obtained

results:
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Figure D.10: Attainable speed-ups in the original Fernández-Villaverde and Valencia (2018)’s code,
by employed optimizations and dimensionality (CUDA/C++ vs single-threaded C++).
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tion. Low refers to the original dimensions of 1500 for assets, 15 for the shock and 10 for age. In High
we increase these to 15000, 16 and we keep the age at 10. The x-axis denotes the attained speed-up in
CUDA/C++ relative to the single threaded C++ implementation as the average over 100 runs, by each
considered variation. Within each dimension, the variants considered are: benchmark (original code),
benchmark + utilization (original code with optimized execution configuration), Float (benchmark code
but employing fp32 data types), Float + FM (benchmark code with fp32 data types and fast math), Float +
FM + Utilization (previous one + optimized execution configuration) and Float + Poor Coalescing (original
code in fp32 data types and tampered coalescing). The algorithm under consideration is a life-cycle VFI.
The employed GPU is an RTX 3070 (5888 fp32 pipelines) and the CPU is a 10600K @4.5ghz.

Several comments are in place. First, compared to the original paper, we find a speed-up of

x13.17 rather than x2-3 when employing CUDA as opposed to single-threaded C++ in the original

code. Note however that this is setup specific as neither our GPU, CPU or Memory are the same

as the ones employed by the authors. Therefore, this is the reference point we will employ when

discussing our results.

Second, we can see that employing optimal utilization increases the speed-up to x17.52. Since

the number of shocks is set to 15 and the dimension of the block in the assets dimension is set to 30,

this results in blocks of size 450. Even if we were using fp32 rather than fp64, since the SMs of the

RTX 3070 have a maximum number of resident threads of 1536, a maximum of 3 blocks would be

allocated to each SM, which would leave them underutilized. Additionally, note that 450 is not di-

visible by the number of threads per warp, 32, which would further decrease performance as there
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would be pipelines that will remain idle. Here, we let cudaOccupancyMaxPotentialBlockSize()

decide the optimal block sizes in order to achieve the maximum occupancy.

Third, we can see that the attainable speed-up when employing fp32 data types rather than

fp64 jumps quite notably to x289.83. This is due to the fact that employing fp32 data types mas-

sively increases the utilization of the GPU as now the 5888 fp32 pipelines operate in contrast to

the 92 available for fp64.

Fourth, if we further combine the float data types with fast math instruction and optimal uti-

lization, a speed-up of x535.07 is attained. This builds on the intuition from the previous para-

graphs and previous section.

Fifth, and importantly, tampering with the proper memory coalesced access structure in the

original code and changing the structure of the grid to X × E rather than E × X massively de-

creases the obtained speed-up from x535.07 to x36.61. This highlights the complexity of the CUDA

programming language in and how the software to hardware mapping must always be had in

consideration when writing the code.

So far, we achieved a maximum speed-up of x535.07 with respect to C++ when employing

CUDA/C++, a substantially higher figure than our initial x13.17 and the x2-3 attained by the

original authors. Is this as far as we can go? No. Note that at this low dimensionality, a total of

1500 × 10 threads are executed in parallel (the age dimension is not parallelizable). In the case

of our RTX 3070, which has 5888 fp32 pipelines, this results in only 22500 resident threads out

of the maximum 70656. Underutilizing this occupancy decreases performance as while a warp is

waiting for global memory (or other stall motives) the scheduler of the SM could launch another

resident warp in order to hide latency.

When jumping to the second set of bars under the "High" dimensionality configuration, we can

observe that now the maximum speed-up jumps to x1649.70 (3.08 times more than at low dimen-

sionality), which is a comparable ratio to the 70656 / 22500 (x3.14). This stresses the importance in

GPU computing of achieving the maximum utilization. Importantly, it is not just about filling the

entire 5888 fp32 lanes, but rather maximizing the number of resident warps. This allows for the

"latency hiding" mechanism to be exploited. That is, while one warp is stalled waiting for global

memory, for instance, the scheduler of the SM can launch another warp at virtually no cost. Note

that for any dynamic spatial model this is going to be the relevant case as the dimensionality of
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the problem is guaranteed to fully utilize the GPU.

To close this section, we have documented how similar speed-ups (x1649.70) to ours (> x2000)

can be achieved when applying certain optimization techniques. However, and more importantly,

we would like to emphasize how these sections have served to discuss the complex programming

model that CUDA/C++ is, and how the attainable speed-ups of employing it ultimately depend

on the choices made by the programmer and the understanding of the software to hardware map-

ping. For example, we saw how a misunderstanding of a single high-priority optimization, mem-

ory coalescing, brings down this speed-up from x1649.70 to x133.61. Also, note that here we have

discussed only a subset of optimizations applied to a particular code for a particular algorithm,

and that each implementation requires a careful consideration of the entire set of rich features of-

fered by CUDA, of which we have only had time to discuss a few. Lastly, our results should not

be taken as an evaluation of Fernández-Villaverde and Valencia (2018)’s implementation. Given

their choices on data types, compiler options and available hardware, the implementation by the

original authors may well have been the optimal (or close to the optimal) one.
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E Calibration Details

This appendix further discusses the details regarding the calibration of the parameters of interest.

Every calibrated parameter and the rationale behind the chosen procedure will be discussed.

Table E.6: Calibrated Parameters in the Model

Object Num Elements Internally/Externally Definition Target

State Space
L 1 Externally Number of Locations Top 20 UA by Population
J 1 Externally Number of Sectors 3 Skill-based Sectors
S 1 Externally Skill Levels Low Skilled and High Skilled
D 1 Internally Dimensionality, Na × Nz × Ns × Nj × Nl VRAM Capacity, 8GB (150 × 21 × 2 × 3 × 20)

Skill-Sector Distribution
Λs,j S × J Externally Exogenous Skill-Sector Distribution MCVL Dataset

Households
as,l S × L Internally Amenities Population Dist. by Skill
β 1 Internally Discount Factor Capital to Output Ratio 3
σ 1 Externally Intertemporal Elasticity Fixed at 1.5
αc 1 Externally Weight Consumption CB Utility Fixed at 0.7

Migration
τl,k,w 1 Internally Utility Moving Costs Share of movers 0.43% (Workers) (MCVL 2013-2018)
τl,k,e 1 Internally Utility Moving Costs Share of movers 0.32% (Entrepreneurs) (MCVL 2013-2018)

v 1 Externally Scale Parameter Follow Giannone et al. (2023)

Housing Sector
H̄−0 L − 1 Internally Exogenous Housing Supply Housing Cost w.r.t Madrid
H̄0 1 Internally Exogenous Housing Supply Cost in Madrid 30% of Avg. Low Skilled Gross Salary
ηl L Externally Housing Supply Elasticity Follow Saiz (2010)

Production
Fj J Internally Fixed Cost Production Target Stock of Entrepreneurs by Sector
λj J Internally Leverage Ratio Target Avg. Revenue-Weighted Debt-to-Assets Ratio

Φs,j J Internally Multiplier High Skilled Match share High Skilled Entre. by Sector
ϕj J Internally Productivity Scaler Match profit rate by sector, SABI data

Aj,l J × L Internally Productivity UA-Sector Target production distribution across UA-Sectors
αj,i 3 × J Externally Input Shares CES Estimate from FOC in the Data

ΩSKILL,J&ΩSIZE,J 2 × J Externally Agglomeration Forces Employ FOC w.r.t. H labour
γj J Internally Weight of Sector in GDP Official Statistics
ϵy 1 Externally Elasticity of Subs. Production 1.5
ϵY 1 Externally Elasticity of Subs. Intermediate Goods 1.5
µj J Internally DRS by Sector 1 - profit share SABI data
δ 1 Externally Depreciation Rate Follow Standard 8%

Entrepreneurial Process
ρz 1 Internally Autocorrelation Generate 6.6% Entry Rate
σz 1 Internally Volatility Avg. K Weighted MPK Premium 1.5%

Government Block
τl,L L Externally Labour Tax 30% Marginal Rate at Avg. Salary
τl,K L Externally Profit Tax 15% Effective Corporate Tax Rate
G 1 Internally Share of Government Expenditure SS value coming from Labour and Profit taxes

Notes: The table displays the calibrated parameters in the model. The first column denotes the calibrated
set of parameters. The second column indicates the cardinality thereof. The third column clarifies whether
they have been calibrated externally (either estimated using data or fixed to some common value in the
literature) or internally (calibrated within the model to match the targeted moments via SMM). The fourth
column provides a definition of the set of parameters. Lastly, the fifth column states the target moment in
the data.
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E.1 State-space

E.1.1 Set of Locations L

The chosen set of locations are the biggest 20 Urban Areas of the Spanish State by population.

These UAs concentrate 49% of the Spanish population and about 74% of the economic activity.

Below this threshold, the share of observations we have on the smaller UAs falls below 0.5% of

the sample. At the same time, a choice of 20 guarantees that the dimensionality of the problem

fits the memory constraints of our GPU (8GB of VRAM) so that we can still provide an accurate

solution.

E.1.2 Number of Sectors j

Due to the heterogeneous sectoral spatial distribution and their sensitivity to the agglomeration

forces, multiple sectors are present in the model. A choice of three different sectors is followed, as

a compromise between tractability and the ability to capture this underlying heterogeneity.

The sectors are constructed based on the skill distribution of both workers and incorporated

entrepreneurs in the 1st NACE sectors present after the data cleaning process. Accordingly, we

classify these as "low skilled sectors", "medium skilled sectors" and "high skilled sectors".

Table E.7: Re-classification of the 1st Digit CNAE 2009 Sectors in the Model, based on Skill Cate-
gories

1st Digit CNAE 2009 Model
Construction Low
Hospitality Low

Transportation Low
Manufacturing Medium

Wholesale & Car Repairs Medium
Arts & Enterteinment Medium
Telecommunications High
Professional Services High

It is worthwhile noting that during the period under investigation (2013-2018), 86.96% of indi-

viduals did not switch the sector of their main activity. This is what motivates our choice in the

model to have fixed sectoral types. Figure (A.2) on the main text provides the details on the skill
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distribution of incorporated entrepreneurs and workers across sectors.

E.1.3 Number of Skills s

The rationale behind the chosen two levels of skill is the same as with the sectors: a compromise

needs to be found between tractability and sectoral and occupational composition.

Given the limited data quality of the education variable in the MCVL (as argued by the doc-

umentation of the dataset itself), Roca and Puga (2017) is followed and the skill category is con-

structed from the occupational categories of the individuals. The obtained estimates are presented

in the following table:

Table E.8: Model Classification of the Skill Categories ”Low” and ”High” based on the Occupa-
tional Categories in the MCVL Dataset during the period 2013-2018.

Original MCVL Occupation Classification Model Skill Level Unconditional Overall Share

“Engineers, college graduates and senior manager” “High Skilled” 12.53%
“Technical engineers and graduate assistants” “High Skilled” 5.15%

“Administrative and technical managers” “High Skilled” 7.38%
“Non-graduate assistants” “Low Skilled” 8.96%
“Administrative officers” “Low Skilled” 19.83%

“Subordinates” “Low Skilled” 6.73%
“Administrative assistants” “Low Skilled” 12.63%

“First and second class officers” “Low Skilled” 17.41%
“Third class officers and technicians” “Low Skilled” 6.22%

“Labourers” “Low-Skilled” 3.15%

Overall, the share of high-skilled in the Spanish economy is around 25%, corresponding to the

three uppermost categories. The remaining 75% are classified as low skilled following Roca and

Puga (2017).

E.2 Households

E.2.1 Exogenous Distribution over Skills and Sectors Λs,j

One of the key assumptions regarding the household side was that the sectoral j and skill s types

were fixed upon birth. This in turn requires data on the joint skill and sector distribution in the

data. Figure (E.11) shows the joint distribution of skill and sector in the economy.

As can be observed, the relative supply of low skilled to skilled varies substantially by sector.

While the low sectors have about 5 unskilled workers per every skilled worker, in the high sectors
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Figure E.11: Joint Skill-sector Distribution
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Notes: Joint skill-sector distribution in the Spanish State’s economy. Each bar represents a (s,j) combination.
Blue bars denote the share of low skilled in a given sector, while the red bars do likewise for the skilled.

the ratio flips and there is more than one skilled worker per unskilled. This heterogenity in relative

supplies has implications for the endogenous wages by sector in the model economy.

E.2.2 Amenities as,l

Amenities are an important parameter that needs to be calibrated internally in order to match the

distribution of population by skill types. Matching this distribution is important since it directly

regulates both the size and skill agglomeration forces. The necessity to match the distribution of

unskilled and skilled stems from the fact that given the concavity of the value function not doing

so would induce the skilled entrepreneurs who are at a higher point of the value function to move

disproportionaly more than their less skilled counterparts. Figure (E.12) shows the conditional

population distributions being targeted by the amenities in the model.

One may notice that the high skilled are substantially more spatially concentrated than their

39



Figure E.12: Conditional Population across UAs Distribution by Skill
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Notes: Conditional distribution of population by occupation in the MCVL data. The bars sum to 100% by
occupation. The x-axis denotes the share of population of each skill type by UA. The y-axis indicates the
UAs of the Spanish State.

less skilled counterparts. While Madrid and Barcelona (the largest 2 UAs) concentrate around

50% of the unskilled, the figure for the skilled goes well above to around 65%. The required

amenities (in terms of deviations from the average amenities by skill) required to match that skill-

wise population distribution is the following:

Intuitively, amenities should be higher for locations where given their economic offerings

(wages, house prices, ...) there exists a necessity to attract even more population in the calibra-

tion. For example, València requiring less amenities than the mean for the low skilled could be

interpreted as this UA already offering a good enough offering to the low skilled without the

necessity for further amenities compared to the rest of the UAs.
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Figure E.13: Amenities by Skill type in the Model (Deviations from Group Mean)
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Notes: Internally calibrated amenities as,l by skill type in the model. The blue bars represent the amenities
for the low skilled, while the red ones do so for the high skilled. Amenities are reported in differences with
respect to the mean of each group for better readability. The x-axis denotes absolute values. The y-axis lists
the UAs of the Spanish State.

E.2.3 Migration Costs τl,l′,w and τl,l′,e

Given the spatial nature of the model and the ability of individuals to move across space, it is

crucial to match the share of movers across locations so that the model resembles the data. Recall

that these costs are paid in terms of a fixed amount of utils. Since entrepeneurs enjoy higher

incomes on average, a occupation-specific cost structure is necessary in order to match the mobility

rate of these two groups in the data. For this exercise, the out-migration probabilities are targeted,

which are reported in the following table:

In the case of the Spanish Economy, workers seem to be slightly more mobile across locations

than their entrepreneurial counterparts. This could in part be due to the process involved in

shutting down a firm (selling the assets, paperwork, firing employees...). The calibrated model is
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Table E.9: Mobility by Occupation in the Data

Group Out-migration probability

Workers 0.45%
Entrepreneurs 0.29%

Notes: Out-migration probabilities by occupational group in the data (MCVL). The out-migration is defined
as the fraction of people in a given UA in period t that move to another UA in period t + 1.

able to properly capture the main relationship observed in the data, ie, that agents (both workers

and entrepreneurs) move relatively more from smaller, less productive UAs to more productive,

larger UAs. Figure (E.14) shows precisely this.

Figure E.14: Mobility Patterns by Occupational Group in the Model and Data
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Notes: Out-migration probabilities in the model (blue) and data(red). The out-migration is defined as the
fraction of people in a given UA in period t that move to another UA in period t+ 1. The x-axis indicates the
(Log) Experienced Density of the UA. The y-axis denotes the fraction. The left panel shows the relationship
for workers while the right panel shows the one of entrepreneurs. Dots are scaled by the population of the
UA.

Intuitively, larger, more productive UAs provide a larger value compared to their less produc-

42



tive counterparts. Therefore, in case of moving, the policy function µl,l′,o puts more weight on the

former set of UAs.

E.3 Housing Market

E.3.1 Housing Supply Elasticities ηl

Properly calibrating the housing supply elasticities ηl is paramount since it regulates the conges-

tion forces in the model. In order to do so, we follow the procedure in Saiz (2010) which exploits

geographical variation in the land availability near a UA in order to obtain heterogeneous esti-

mates by UA. Intuitively, UAs that are sorrounded by either the ocean, steep terrain or rivers

(Barcelona, San Francisco) are more geographically constained and therefore higher construction

costs could be expected as opposed to geographically less constrained counterparts (Wyoming,

Zaragoza).

This procedure requires detailed information on the location of the oceans, of inland bodies of

water (weltands, rivers, springs...) and steep terrains (mountains, hills, ...) and housing stock and

house prices. The employed datasets are the following:

• GEBCO’s https://www.gebco.net/ bathymetric data on the location of the oceans and el-

evation. Data for the year 2023 is taken. It provides global coverage of elevation at a 15

arc-second resolution.

• CORINE land coverage data https://land.copernicus.eu/en/products/corine-land-cover.

Data for the year 2018 is taken.

• UA Atlas’ data on house price and housing stock by UA https://atlasau.mitma.gob.es/

#bbox=-368050,5329651,135182,80768&c=indicator&i=siuare.sare001&selcodgeo=25&view=

map5 Data for the years 2013-2018 is employed.

Step 1: Obtaining the Location of the Oceans and Seas and Steep Terrain

The first step is to load the raster image "gebco 2023 n44.9011 s26.488 w-19.0723 e5.3613.tif".

This is a cut-down version of the global coverage that focuses on the area encompassed by the

Spanish State (Canary Islands included).
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From this, one can obtain the ocean and water bodies by selecting those coordinates with

above 0 meters of elevation (note that the Spanish State has almost no points at below sea level). In

order to compute the slopes/steepness of the terrain, the "gemgis.raster.calculate_slope()" function

is employed on the raster image. This method employs a "Planar Method", which consists on

computing the average rate of change of the surface in the x and y directions. To this end, for each

point being evaluated, a 3x3 grid cell is constructed and the rates of change within this grid are

computed in degrees. Following Saiz (2010), those points with a stepness above 15% are selected.

The end result is provided in (E.15), which shows the inferred ocean and sea location and steep

terrain.

Overall, it has to be noted that most of the urban cores of the state are located next to the coast,

which by just looking at the geographical map may not be obvious. In terms of steep terrain, there

are five major mountain ranges in the country: the Pyrenees (limiting with France on the north),

the Cantabrian mountains in the center-north, the Iberian System in the north-east, the Central

System around Madrid and lastly the Baetic Mountain Range in the center-south. The Canary

Islands, to the extent that they are volcanic islands, also feature a substantial proportion of steep

terrain.

Step 2: Identifying the Inner Water Bodies

Since GEBCO’s data provides no information on the inland water bodies, a separate satellite

imagery dataset is required. The CORINE land cover dataset satisfies this condition as it provides

a detailed classification of land coverage by categories.

The provided data on inland water bodies in CORINE includes: inland marshes, peat bogs, salt

marshses, water courses, water bodies, coastal lagoons and estuaries. In this case, the provided

".shp" file is read directly by relying on the GeoPandas Python library. The data is filtered based on

whether the code on what type of body covers teh water coincides with any of the above. Figure

E.16 provides the spatial distribution of these inland water bodies:

The mainland of the state is home to six major rivers, which flow in a north-south order. The

Ebro River originates in the Cantabrian Mountains and flows to the Mediterranean Sea, while the

Miño River rises in the Galician Mountains and empties into the Atlantic Ocean. The Duero River

begins in Soria and also flows toward the Atlantic. In addition, the Tajo River starts in Teruel

and makes its way to Lisbon, and the Guadiana River flows from the Laguna de Ruideras to the
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Figure E.15: Ocean and Sea Water bodies next to the Spanish State and its Steep Terrain

Notes: The left panel shows the ocean or sea coverage around the country. The right panel shows in white
those areas of the country with above 15% degrees of steepness. According to the procedure in Saiz (2010),
these inland areas are very costly to build upon.

Atlantic Ocean. Lastly, the Guadalquivir River originates in Quesada and reaches the Atlantic.

Interestingly, the Spanish State counts with around 1,200 dams, mostly as an inheritance from the

Francoist regime during the second half of the XX. century. 75

Step 3: Putting everything together

Once the coordinates of the water bodies and steep regions have been identified in the data,

the next step is to compute what area around each UA is surrounded by such hard-to-build-on

terrain.

In Saiz (2010) the buffer zone considered in order to compute the share of the land that is not

easily buildable is 50km. This results problematic for a smaller country than the USA such as the

Spanish State, as it leads to an overlap between buffer zones. Hence, the buffer zone is reduced to

a radius of 20km, which is sufficient to cover all UAs of the Spanish State comfortably.

Once the 20km radius is constructed around each UA, the share of the circle made up of either

75The motivation for constructing these reservoirs stems from the warm Mediterranean climate, where authorities
sought to store water during the months of highest rainfall to ensure reserves for the drier summer period. However,
the technical standards of these projects, as well as their impact on local fauna, hydrology, and climate, have been
increasingly called into question.
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Figure E.16: Inland Water Bodies

Notes: Inland water bodies of the (mainland) Spanish State. These include the following categories of
the CORINE Land Cover dataset: Inland Marshes, Peat Bogs, Salt Marshes, Salines, Interdital Flats, Water
Courses, Water Bodies, Coastal Lagoons and Estuaries.

(i) ocean or sea water (ii) steep terrain or (iii) inland water bodies is computed. To the remaining

area that is not taken up by any of these categories we denote "free space" and this is a proxy for

the exogenously given geographical area where it is relatively unexpensive to construct.

As clearly ilustrated in figure (E.17), the availability of terrain is primarily conditioned by the

closeness to the sea. All interior UAs enjoy on average an availability of terrain over 70%, with

most of them, including the largest (Madrid, Zaragoza, Sevilla...) reaching values above 90%. In

contrast, most of the UAs located next to the coast hover around 30-40% of land availability in the

20km buffer zone.

Estimating the Housing Supply Elasticities ηl

The previous procedure allowed us to identify the area around each UA that is geographically

constrained for construction. However, we are not yet done as we still need to estimate the hous-
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Figure E.17: Area around each UA (20km Buffer Zone) not taken up by Water or Steep Terrain

Notes: Free space within a buffer zone of 20km in radius around each UA. Free Space is the total area of the
circle minus the part taken by water (be it ocean/sea or inland water) or by steep terrain (hills, mountains...).
The halos around each UAs are buffers in order to improve readibility.

ing supply elasticities, for which the obtained measure will be a primary component. In order to

estimate the actual parameter of interest, ηl , we require data on how the stock of housing responds

to prices.

To that end, the appraised home value of the total stock of housing from the UA Atlas will be

employed as a proxy for the price of housing. As for the housing stock, we will take the value on

the total amount of households by UA as reported in the Census of 2011 and 2021. Let us denote

the former by P{2011,2021} and the latter H{2011,2021} for the years 2011 and 2021, respectively. Then,

the standard housing supply elasticity estimation would proceed as follows, in its most basic form:

∆ log Pl = β0 + β1∆ log Hl + ϵl

Where Hl may be instrumented by a variable that is correlated with the size of the munici-

pality but uncorrelated with the error term (such as the average temperatures in January, a bartik

instrument of industry composition etc) given the endogeneity through the demand side (Saiz,
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2010). Which would generate a location homogeneous elasticity of housing supply ηl = η = 1
β1

.

Fortunately, we can employ our estimated measure of free space in order to generate heteroge-

neous estimates of the housing supply elasticity. In particular, the specification to be run will be

the following:

∆ log Pl = β0 + β1∆ log Hl + βLand × (1 − Λl)∆ log Hl + ϵl

Where (1 − Λl) stands for the share of unavailable land for development. This specification

now yields housing supply elasticities ηl =
1

β1+βLand×(1−Λl)
, which allows for heterogeneity across

locations by exploiting the differing degrees of land availability. Thus, those UAs with a higher

↑ (1 − Λl) will have a lower estimated housing supply elasticity ηl .

The final estimated elasticities by UA are shown in figure (E.18). In line with the intuition

obtained from the map above showing the percentage of free available space by UA, those UAs

with higher housing supply elasticities are precisely those located in the interior of the country

(Zaragoza, Valladolid, Sevilla, ...). In contrast, those UA located in isles (Palma de Mallorca, Santa

Cruz de Tenerife, Las Palmas...) face the highest land availability constraints and have therefore

the lowest housing supply elasticities.

E.3.2 Relative Ratio of Exogenous Housing Supply {H̄l}

Along with the housing supply elasticities ηl , another pivotal set of parameters that govern the

housing supply curve of the construction sector Hs
l = pηl

h,l H̄l are the exogenous endowments of

land per location H̄l .

In order to inform this set of parameters, the chosen approach is to first calibrate internally the

endowment of Madrid so that a unit of housing h = 1 costs 30% of the average salary in Madrid

(across sectors and skill levels). Then, we calibrate internally the remaining L − 1 exogenous

endowments {Hl}L
l=2 in order to match the observed price differentials per squared meter across

UAs with respect to Madrid. Figure (E.19) presents the data on the obtained price ratio of squared

meters.

Overall, the largest UAs of the State, Madrid and Barcelona, are the most expensive, along

with the capital of the Balearic Islands, Palma de Mallorca.
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Figure E.18: Estimated Housing Supply Elasticities by UA
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Notes: Estimated housing supply elasticities following the approach in Saiz (2010). The estimated speci-
fication is ∆ log Pl = β0 + β1∆ log Hl + βLand × (1 − Λl)∆ log Hl + ϵl , where (1 − Λl) stands for the share
of unavailable land by UA in a 20km radius. ∆ log Pl is the log difference in prices between 2021 and 2011
(defined as the appraised value of the total stock of housing per squared meter by UA). ∆ log Hl is the log
difference in the housing stock defined as the total stock of households from the Census in 2021 and 2011.
The figure shows the estimates ηl =

1
β1+βLand×(1−Λl)

by UA.

E.4 Production Parameters

E.4.1 Fixed Costs of Production

As argued in the model section of the main paper, the per-period fixed costs of production Fj

play the crucial role of regulating how many entrepreneurs there are per sector in the economy.

Intuitively, given the financial frictions, profits are determined (mainly) by the productivity of the

entrepreneur z, their asset level a and the productivity of the UA. The fixed costs bring down the

profit level across the board in order to guarantee that only the desired fraction of the population

find it profitable to operate a business.

These are calibrated internally in order to match the following country-wide stock of en-
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Figure E.19: Targeted Price ratios to inform Exogenous Housing Endownments
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Notes: Ratios of the price of a squared meter of housing stock by UA with respect to Madrid. Data is taken
from the appraised value of the total housing stock from the UA Atlas for the year 2011.

treprenerus per sector:

Table E.10: Targeted Moments for calibrating the Fixed Costs of Production

Sector Share Entrepreneurs (over total Pop.)

Low Sectors 1.1%
Medium Sectors 1.4%

High Sectors 0.8%

Notes: Employed moments for targeting the share of entrepreneurs by sector at the country level. The
data is the average stock of entrepreneurs by sector over total population obtained from the MCVL for the
sample period 2013-2018.

Overall, the the share of incorporated is 3.3% in the economy. The Medium sector contains

the highest proportion thereof, followed by the Low and High sectors. The endogenous spatial

distribution of this entrepreneurship is not calibrated and left as an endogenous object for the

model to capture.
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E.4.2 Leverage Ratios λj

The crucial parameter governing the strength of financial frictions are the leverage ratio parame-

ters λj by sector. Intuitively, as argued in the model section of the main paper, a higher value for

this parameter implies that entrepreneurs are closer to being able to finance their unconstrained

level of capital.

Since the ratio borrowed funds in the model over the assets of the firm are equal to
{max 0, k − a}

k
,

this creates a direct parallel to the debt-to-assets ratios in the data. In order to account for the size

distribution of firms, the average sector-wise revenue-weighted debt-to-assets ratios are targeted.

The following table presents the moments in the data employed to calibrate the λj internally:

Table E.11: Targeted Moments for calibrating the Leverage Ratios in the Model

Sector Revenue-weighted debt-to-assets ratio

Low Sectors 56.7%
Medium Sectors 55.2%

High Sectors 51.2%

Notes: Employed moments for targeting the leverage ratios λj in the model. The data is the average
revenue-weighted deb-to-assets ratio by sector obtained from SABI for the sample period 2013-2018.

The obtained λj parameters that correspond to targeting these moments internally are in turn:

λLow = 4.35, λMedium = 2.97, λHigh = 3.08. Although these values might seem high compared to

other papers in the literature, these results have to be understood in conjunction with the calibra-

tion for the volatility of the entrepreneurial process, which we shall discuss shortly.

E.4.3 Production Multipliers for the High Skilled Φs,j

A key observation from figure (A.2) was that both the workers and incorporated entrepreneurs

are sorted differentially across sectors as a function of skill. The joint fixed distribution over skills

s and sectors j ensures that the skill distribution of workers across sectors is consistent with the

data. That notwithstanding, the selection into entrepreneurship is endogenous and therefore an

additional parameter is required that governs the skill composition of entrepreneurs by sector in

order to match the data.

That role is played by the sector-specific productivity boosts to high skilled entrepreneurs, Φs,j.

Intuitively, a higher productivity boost to the high skilled increases the returns of entrepreneur-
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ship for this group. This set of parameters is calibrated internally in order to match the following

moments in the data:

Table E.12: Targeted Moments for calibrating the Productivity Boost to High Skilled Entrepreneurs
in the Model

Sector Share of high skilled incorporated by sector

Low Sectors 28.7%
Medium Sectors 38.8%

High Sectors 68.8%

Notes: Employed moments for targeting the productivity boosts of the high skilled entrepreneurs Φs,j in
the model. The data is the share of high skilled incorporated entrepreneurs (as defined in table (E.16) by
sector obtained from SABI for the sample period 2013-2018.

The required values to match the data are, respectively, Φh,Low = 1.28937,Φh,Medium = 1.0652,Φh,High =

1.0976.

E.4.4 Productivity Scalers ϕj

In the presence of financial frictions the profit share out of revenues is no longer equal to 1 − µj

but rather a function of the average strength thereof across the entire distribution. For this reason,

to guarantee that the share of entrepreneurs, a given average MPK Premium and the profit shares

can be matched simultaneously, an additional parameter is required, the productivity scalers ϕj

76. The intuition behind this is the following. The per-period fixed costs Fj in conjunction with the

additive productivity scalers ϕj mainly determine the extensive margin and the profit rate. If the

profit rate is too high for a given µj and σz, then there is too much entry and ↑ Fj, which decreases

the number of entrepreneurs and the profit rate. The additive ϕj essentially regulates how much

the average entrepreneur by sector is receiving in profits out of revenues 77.

These parameters are calibrated internally in order to match the profit rate by sector as ob-

served in the SABI dataset for the period 2013-2018. The employed definition of profits is such that

it matches the model as closely as possible and is equal to: Profits
Revenues = (Revenues - Wagebill - (Ebitda - Ebit) - Materials)

Revenues

76The intuitive solution would be to use the DRS parameter µj in order to regulate the profit rate. However, in the
presence of financial frictions it no longer uniquely determines the profit rate. Since altering the µj has large effects on
the MPK Premium, extensive margin and profit rates, this alternative calibration strategy is pursued to guarantee that
the model matches all three moments reliably. The µj parameters are set at their unconstrained level, which is equal to
1 minus the profit rate by sector as observed in the SABI dataset for the period 2013-2018.

77If the producitivity scaler entered additively, then the entire mass of productivities would move proportionally
and we could not find the average entrepreneur for whom the profit rate is the desired one.
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Said profit rates are provided in the following table:

Table E.13: Targeted Moments for calibrating the Productivity Scalers by Sector in the Model

Sector Profit rate by sector in SABI

Low Sectors 24.1%
Medium Sectors 18.0%

High Sectors 29.7%

Notes: Employed moments for targeting the productivity scalers by sector ϕj in the model. The data is
the average profit rate by sector in the SABI dataset over the period 2013-2018. The definition of profits
employed in the data is that of the model and is equal to Profits

Revenues =
(Revenues - Wagebill - (Ebitda - Ebit) - Materials)

Revenues .

The obtained productivity scalers are, respectively, ϕLow = −0.505, ϕLow = 3.765, ϕLow =

−0.876.

E.4.5 Exogenous UA-Sector specific Productivities Aj,l

In the model section of the main paper we emphasized how the productivity of the different UA-

Sectors is endogenous through the agglomeration forces. However, these agglomeration forces

build upon the exogenous productivity of each location Aj,l . Thus, for the same agglomeration

forces, exogenously more productive locations will attain higher productivity levels.

We address the challenge of estimating these productivities by calibrating them internally. The

internal calibration requires disciplining the J × L exogenous location-sector productivities Aj,l by

employing some moment in the data. We employ either the share of total income by UA-Sector

conditional on a given Sector from the MCVL dataset or the share of revenues of a given UA-

Sector conditional on a given Sector from the SABI dataset. Both provide very similar estimates.

This additional set of parameters is required as otherwise there is no guarantee that the estimated

agglomeration forces are enough to explain the per capita differences in production across sectors

and UAs.

We normalize Madrid to have a productivity of one and the rest of the UA-Sectors are cal-

ibrated internally so that they produce their given share. We employ the sector-conditioned

distribution as this allows the normalization of the productivities in Madrid to function prop-

erly. 78 Figure E.20 presents the distribution of the targeted moment and figure E.21 displays

78Doing the overall UA-Sector production distribution over the entire production would not allow the normalization
in Madrid to generate the same shares as in the data.
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the obtained productivities. Figure E.22 reports the effective productivities by UA-Sector Aj,l ×(
1 +

(
Ll
L

)ΩSIZE
(

Hl
Ul

)ΩSKILL
)

.

Figure E.20: Targeted moments for Aj,l : the Spatial Distribution of Total Income by UA-Sectors
conditional on a Sector
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Notes: The figure displays the targeted moments to calibrate the Aj,l exogenous productivities internally.
The moment is the share of total income by UA-Sector over the total income of a given Sector. The blue bar
represents conditional distribution for the Low Skilled Sectors. The red bar does likewise for the Medium
Skilled sectors. Lastly, the green one denotes the high skilled sectors.
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Figure E.21: Estimated Exogenous Productivities by UA-Sector Aj,l
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Notes: Internally estimated exogenous UA-Sector productivities Aj,l . The y-label in the figure indicates the
UA and the bars correspond to one of the skill-based sectors. All productivities are normalized with respect
to Madrid (the capital) by Sector.
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Figure E.22: Effective Productivities by UA-Sector Aj,l ×
(

1 +
(

Ll
L

)ΩSIZE
(

Hl
Ul

)ΩSKILL
)
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. The y-label in the figure

indicates the UA and the bars correspond to one of the skill-based sectors.

56



E.4.6 Input Shares in Production αi,j by Input-Sector

As argued in the main paper, a major reason for including multiple sectors was to allow differ-

ential intensities in the use of inputs in the economy. In order to capture the intensity at which

sectors operate the different inputs, their weights in production αi,j need to be estimated for every

input and every sector. The employed procedure makes use of the FOC in the unconstrained case.

Note that the assumed CES production function in the economy leads to the profit function:

π(·) = pj(zt + ϕj)Φs,j Aj,l

(
1 +

(
Ll

L

)ΩSIZE
(

Hl

Ul

)Ωskill
)(

αH,jh
(ξ−1)

ξ

f ,j + αU,ju
(ξ−1)

ξ

f ,j + αK,jk
(ξ−1)

ξ

f

)µj
ξ

ξ−1

−WH,j,lh f ,j − WU,j,lu f ,j − (rt + δ)k f − Fj

Taking the FOC:

∂π

∂h f
= pj(zt + ϕj)Φs,j Aj,l

(
1 +

(
Ll

L

)ΩSIZE
(

Hl

Ul

)ΩSKILL
)

µjαH,j (X)µj
ξ

ξ−1−1 h
−1
ξ

f ,j − WH,j,l

∂π

∂u f
= pj(zt + ϕj)Φs,j Aj,l

(
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(
Ll
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(

Hl
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)ΩSKILL
)

µjαU,j (X)µj
ξ

ξ−1−1 u
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ξ

f ,j − WU,j,l

∂π
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Where the compound term X is:

X = αH,jh
ξ−1

ξ

f ,j + αU,ju
ξ−1

ξ

f ,j + αK,jk
ξ−1

ξ

f

By combinig the three FOCs together, one can obtain that:
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u =

(
wu,j

wh,j

αh,j

αu,j

)−ϵ

h u =

(
wu,j

R
αk,j

αu,j

)−ϵ

k

The final step is to employ the data counterparts in order to inform the parameters of the

model. By relying on SABI data for the small firms over the period 2013-2018, one can obtain the

revenue-weighted average wagebill, capital and capital costs by sector. Since the SABI provides

no data on the distinction between skilled and unskilled workers, we complement the SABI data

with the MCVL in order to construct estimates of the wagebill and workforce that correspond to

each of these groups 79.

Following this procedure leads to the following estimates of the weights in production of the

different inputs by sector αi,j:

Table E.14: Estimated Weights in Production by Input-Sector αi,j

Input Sector Low Medium High

Low Labour 0.426 0.377 0.217
High Labour 0.25 0.311 0.464

Capital 0.323 0.311 0.318

Notes: Estimated input-sector production weights αi,j by sector. The methodology relies on combining the
FOCs the CES production function in the unconstrained case in order to isolate these weights in terms of
measurable objects in the data. A combination of the SABI dataset and MCLV datasets over the sample
period 2013-2018 is employed in order to construct the required wages by skill, low and high skilled stocks
of labour, capital costs and capital stocks by sector.

Overall, the weight in production of low skilled labour is monotonically decreasing in the

sectors’ skill while that of the high skilled labour is monotonically increasing. Interestingly, the

weight of capital remains stable across all three sectors.

79In particular, we assume that the wagebill and the workforce are distributed by sector in the same vein as in the
MCVL. Thus, for example, if 60% of the workforce and 70% of the wagebill corresponds to the high skilled in the high
sector, the average employment and average wagebill in the SABI dataset is distributed among the skill types in this
manner.
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E.4.7 Size and Skill Agglomeration Forces by Sector Ωsize, j and Ωskill, j

A central element of the productivity by UA-Sector in the model were the size and skill agglom-

eration forces. These are crucial in order to understand each sector’s sensitivity to urbanization

economics and knowledge spillover effects (just to name a two potential sources of agglomeration

economies). In order to obtain estimates for these we proceed based on Giannone (2017).

The methodology starts with the observation that from the FOC of the profit function with

respect to high labour:

∂π

∂h f
= pj(zt + ϕj)Φs,j Aj,l

(
1 +

(
Ll

L

)ΩSIZE
(

Hl

Ul

)ΩSKILL
)

µjαH,j (X)µj
ξ

ξ−1−1 h
−1
ξ

f ,j − WH,j,l

Here we obtain the sector-location wages of the high skilled related to the (i) agglomeration

forces in the UA-Sector (ii) the currently employed level of high skilled workers (iii) the overall

level of production (iv) additional productivity terms. The main idea consists on re-writing this

equation as: 80

log wh,j,l +

(
1
ϵ

)
log hl,j −

(µϵ − ϵ + 1)
(ϵ − 1)

log

(i=Nl,j−1

∑
i=0

yi,l,j

Nl,j

)
︸ ︷︷ ︸

DEPENDENT VAR

= c+ Ωskill log
(

Hl

Ul

)
︸ ︷︷ ︸

SKILL AGGLOMERATION

+ Ωsize log
(

Ll

L

)
︸ ︷︷ ︸

SIZE AGGLOMERATION

+ϵl,j

By re-arranging the terms, we end up with an specification that relates the wages (controlling

for employment and production levels) to the agglomeration forces. Given that we have data on

all necessary components, we can run this specification and obtain estimates of the agglomeration

forces Ω̂size, j and Ω̂skill, j. The wh,j,l will be the average location-sector annual wage obtained from

the MCVL. hl,j is the average-location sector stock of high skilled labour by firms in SABI weighted

by the revenue of each firm and constructed by assuming that the workforce composition by skill

is the same by sector-location as in the MCVL.
(

∑
i=Nl,j−1
i=0

yi,l,j

Nl,j

)
is the average revenue by sector-

location from SABI.
(

Hl

Ul

)
is the high skilled to low skilled ratio by location from the MCVL.

80Here we are effectively removing the 1+ that made agglomeration forces increase the productivity over the base
level of the UA in order to have a linear specification on the agglomeration force parameters Ωskill and Ωsize.
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Lastly,
(

Ll
L

)
is the share of inhabitants at each location from taken from the MCVL.

To alleviate endogeneity concerns,
(

Hl

Ul

)
is instrumented with a Bartik instrument on the stock

of inmigrants and
(

Ll
L

)
is in turn instrumented with the estimated housing supply elasticities ηl .

The obtained estimates are reported in the following table:

Table E.15: Estimated Size and Skill Agglomeration Forces Ωsize,j, Ωskill,j by sector

IV OLS
Skill Sectors (Low, Medium, High) Ωsize Ωskill Ωsize Ωskill

Low -0.032* .107 .007 .389***
Medium .095** .351*** .060*** .560***

High -.019* .417*** -.004 .479***

Notes: Estimated size and skill agglomeration forces by sector. The methodology is based on Giannone
(2017).

A few comments are in place. First, regardless of whether the coefficients are estimated via IV

or OLS the skill agglomeration forces appear to be stronger in absolute terms than their size coun-

terparts. This is consistent with the results in Giannone (2017). Second, instrumenting the skill

ratio and share of inhabitants qualititatively changes the ranking of the strength of the agglomer-

ation forces across sectors. In the IV estimation, the size agglomeration forces are monotonically

increasing in the skill level of the sector. Third, size agglomeration forces appear to only be rele-

vant for the medium sector and negative for the low and high sectors. In the model, we truncate

the agglomeration forces at zero thus not allowing for negative agglomeration forces.

E.4.8 Weights of the Intermediate Goods Sectors γj

Recall that from the assumption that the final good is a CES composite of the different intermediate

goods in the economy, we can obtain the country-wide demand for each intermediate as:

Yj =

γjP
−ρ
j Y

P(1−ρ)

 ∀j ∈ J

Since the overall price index P is normalized to unity in the economy, the demand for the

amount of intermediate goods Yj depends on the weight of the sector γj, the price of the interme-

diate good P−ρ
j and the overall demand level in the country Y. In particular, those intermediates
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goods with a lower price ↓ Pj will enjoy greater demand ↑ Yj.

The weight parameters of the intermediate goods Yj in the economy are thus calibrated inter-

nally in order to match the fraction of fiscal income by sector Spanish economy. Note that the

object being targeted through the model’s perspective is γj =
PjYj

PY
where recall that P = 1. The

following table presents the results of the estimated parameters:

Table E.16: Internally calibrated weights of the Intermediate Goods γj and Targeted Shares in the
Data

Sector Obtained γj estimate Weight of sector in the data

Low Sectors 0.2598 0.265252
Medium Sectors 0.334016 0.4588687

High Sectors 0.406085 0.275

Notes: Internally calibrated weights of the intermediate goods in the economy γj and the targeted shares
of the sectors out of total fiscal income in the data. The data corresponds to the share of fiscal income of
individuals by sector over total fiscal income as observed in the MCVL over the period 2013-2018.

E.5 Populaton and Skill Distribution across UAs

The obtained population and skill distribution across UAs is reported in figure E.23. This is an

important targeted moment as it regulates the agglomeration forces in the model and hence pro-

ductivity.

Interestingly, it appears to be the case that Zipf’s law does not evidently apply to the size

distribution of the Spanish state’s UAs. While among the biggest UAs Barcelona is approximately

half the size of Madrid, the remaining UAs appear to be more uniformly distributed than Zipf’s

law would suggest, pointing towards a more polycentric distribution on the lower end 81. The

distribution of skill across UAs is less skewed than that of population, as also shown in Rossi-

Hansberg et al. (2019) or Glaeser and Resseger (2010). Interestingly, it is the case in the Spanish

state’s economy the correlation between city size and skill is entirely driven by the large UAs of

Madrid and Barcelona 82.
81Note that the largest 20 UAs are selected for this exercise, and the overall fit of Zipf’s law may depend on the

chosen cut-off (Eeckhout, 2004).
82The overall correlation between city size and average skill is 0.6 in the data. However, this is entirely driven by the

large UAs. Once Madrid and Barcelona are taken out, the correlation becomes negative, at -0.26. This stands in contrast
with Glaeser and Resseger (2010), where a positive relationship is found.
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Figure E.23: Population (left panel) and Skill (right panel) distributions in the Data (MCVL) and
Model.
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E.6 Entrepreneurial Entry

The Entrepreneurial Entry is defined as the fraction of new entrepreneurs (those transitioning from

being workers to becoming entrepreneurs) over the population of the UA. Figure (E.24) presents

the results obtained in the model.

The interpretation of the panels is similar to figure (6), this time with the y-axis showing the

fraction entrepreneurs by UA-Sector out of the population of each UA that are new entrants (those

transitioning from workers to entrepreneurs). Thus, value of say 0.2% would indicate that out of

the UA population in location l, 0.2% of the population transitioned from being a worker into

entrepreneurship in a given sector.

Overall, the results are reminiscent of those in figure 6. There exists a negative relationship

between the agglomeration proxies and entry into entrepreneurship both in the data and model

for the low and medium sectors, while the relationship flips again in the case of the high sector.
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Figure E.24: Entrepreneurial Entry: Data and Model
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F Appendix to the Steady State Results

F.1 Heterogeneous Returns to Capital in the Low and Medium Sectors

This section corroborates the results in figure 8 for the Low and Medium sectors.

Figure F.25: Steady-State Results: Composition of Productivity by UAs and MPK Premiums, Low
Sector.
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Notes: Steady-state results. Each panel displays one variable of interest and its relationship to UA-sector
productivity. The size of the circles represents the size of the UAs. The first panel shows the average
fundamental productivity (z) of entrepreneurs (unweighted) by UA-sector. The second shows the average
productivity of entrepreneurs once agglomeration forces are included (unweighted). The last shows the
MPK Premium by location. All results are for the low skilled sector. The results are displayed for the
benchmark economy and the recalibrated no financial frictions counterfactual.

F.2 Profile of the Entrepreneurs in the Model across Space

In section 6, we discussed that the main force behind the obtained positive relationship between

the productivity of the UAs and the average MPK Premium was the intensive margin, while there

was no clear impact of the extensive margin. This section aims to provide further details on this
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Figure F.26: Steady-State Results: Composition of Productivity by UAs and MPK Premiums,
Medium Sector.
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Notes: Steady-state results. Each panel displays one variable of interest and its relationship to UA-sector
productivity. The size of the circles represents the size of the UAs. The first panel shows the average
fundamental productivity (z) of entrepreneurs (unweighted) by UA-sector. The second shows the average
productivity of entrepreneurs once agglomeration forces are included (unweighted). The last shows the
MPK Premium by location. All results are for the medium skilled sector. The results are displayed for the
benchmark economy and the recalibrated no financial frictions counterfactual.

finding. Figure F.27 displays the obtained MPK premiums by idiosyncratic productivity - UA

combination in the model, while F.28 shows the mass at each idiosyncratic productivity - UA pair,

conditioned by UA.

As we can observe, the average MPK of the marginal entrepreneurs does not vary substan-

tially across UAs. At the same time, the relative mass of the marginal entrepreneurs shows no

clear trend either. This suggests that the extensive margin plays no key role and therefore the ob-

served heterogeneous returns to capital across locations are the product of the differences across

the intensive margin. In fact, we can see clearly that as we move along the x-axis the average

MPK premiums increase for every idiosyncratic productivity level (recall that the agglomeration
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Figure F.27: MPK Premium (Unweighted) Distribution by Idiosyncratic Productivity - UA pair,
Active Entrepreneurs Only.
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Notes: Average unweighted MPK Premiums by idiosyncratic productivity - UA pair, for active en-
trepreneurs only. The x-axis denotes the average effective productivity (agglomeration forces included)
of the UA across all sectors weighted by the revenue share of each. The y-axis denotes the log productivity
of the entrepreneurs. The heatmap shows the unweighted average MPK Premiums for each idiosyncratic
productivity - UA pair. Note that this is the average across all sectors and asset levels.

forces increase the effective productivity for a given idiosyncratic productivity). Since the relative

masses of each group remain sufficiently similar, this intensive margin is the key driver.

F.3 Productivity distributon across UA-Sectors

In Combes et al. (2012), the authors, using rich French firm data, argue that selection forces can

not explain the observed differences across locations, pointing to agglomeration forces as the main

driver. Is that also the case in this model? Figure (F.29) presents the idiosyncratic and effective

(agglomeration forces inclusive) productivities in the model.

There are two main results worth discussing. First, one may see that by looking at the left figure

the model features negative selection in terms of idiosyncratic productivity as the productivity of

the UA increases. Second, once we focus on the effective productivity however (the one estimated

in the data), the results are in line with those in Combes et al. (2012). Selection alone does not
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Figure F.28: Mass of the Distribution by Idiosyncratic Productivity - UA pair, Active Entrepreneurs
Only. Conditional distributions by UA.
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Notes: Mass of the distribution at each idiosyncratic productivity - UA pair, for active entrepreneurs only.
The x-axis denotes the average effective productivity (agglomeration forces included) of the UA across all
sectors weighted by the revenue share of each. The y-axis denotes the log productivity of the entrepreneurs.
The heatmap shows the mass of the conditional by UA distribution for each idiosyncratic productivity - UA
pair. Note that this is the average across all sectors and asset levels.

seem to explain the variation, as no subsntantial left-truncation is observed. Instead, as found by

the authors, a right shift (entrepreneurs are on average more productive in more productive UAs)

and dilation (the right tail of the distribution widens as we move toward more productive UAs)

explains the differentials in productivities across cities.

To sum up, we discussed how the profit shares are increasing in UA-Sector productivities for

a given point on the state space, how this leads to average heterogenous returns to capital across

space and how the variation in effective productivites across locations is mainly explained by the

agglomeration forces.
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Figure F.29: Conditional distributions of Idiosyncratic and Effective Productivities by UA (High
Sector)
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G Appendix Policy Exercises

G.1 Total Welfare Responses by Group

In the main body of the paper we presented the per capita welfare responses, defined as

∑ wPVP

∑ wP − ∑ wSSVSS

∑ wSS

∑ wSSVSS

∑ wSS

,

where the w denote the weights in the invariant distribution over the state space of the relevant

group (all population, workers or entrepreneurs) at either the steady-state (SS) or policy exercises

(P) and the V stand for the value subject to the same observations. In this Appendix, we present

the results for the alternative definition ∑ wPVP − ∑ wSSVSS

∑ wSSVSS .

The main difference between both is that while the first captures variation in per capita re-

sponses, the latter captures the aggregate response of the group. Thus, if the marginal entrepreneur

that has entered in UA l is less productive, the former would decrease while the second will in-

crease, as the aggregate stock of welfare held by entrepreneurs in l now increases due to the larger

mass of the group (assuming the continuing entrepreneurs don’t experiment a substantial wel-

fare loss, which is unlikely given the entry of more inefficient types). Likewise, if after the policy

counterfactual l has lost population and has retained the most skilled, the per capita welfare will

increase while the aggregate stock of welfare held by the group will now decrease (assuming that

the extensive margin loss dominates over the intensive margin gains of the ones remaining).

G.1.1 Total Welfare by UA in the Country-wide Policy

Figure G.30 shows the responses of welfare by location to the country-wide policy by UA accord-

ing to this alternative definition. An obvious difference is the positive response of the welfare of

the entrepreneurs. As discussed above, since this measure captures the overall stock of welfare

held by each group, the entry of marginally less productive entrepreneurs still leads to an increase

in this measure.

G.1.2 Total Welfare by UA in the Single-targeting Exercises

In the case of the single-targeting of UAs, we can now see that under this alternative definition

of welfare response entrepreneurs benefit from the policy even when targeting UAs that lead to
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Figure G.30: Response of Total Welfare, Aggregate and by Occupation, to an Untargeted Policy
(0.1% of Country-wide GDP Expenditure)
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Notes: Response of total welfare, aggregate and by occupations, to a Country-wide untargeted lump-sum
transfer T such that total programme expenditure is 0.1% of GDP, by Urban Area. Urban Areas are or-
dered from largest in population size (Madrid) to smallest (Castelló de la Plana). The last row indicates the
Country-wide response. Blue bars indicate the response of the total welfare by UA. Green bars do likewise
for the total welfare response of workers. Lastly, the violet bars indicate the total welfare response of en-
trepreneurs. The welfare function under consideration is the utilitarian one, SWF =

∫
V(·)dλ(·).

aggregate welfare losses.

G.1.3 Total Welfare by UA in the Cumulative-targeting Exercises

G.2 Proportional Collateral Transfers

The policy in the previous section was inherently uniform across entrepreneurs, as everyone ob-

tained the same amount Tl of funds. However, since the key friction in the economy are the

borrowing constraints, k < λja, a natural policy would be to consider a programme that alleviates

this frictions by providing collateral.

In particular, the exercise we will be considering is a set of entrepreneur and location specific

transfers Te,l ∀ e ∈ Lp so that the constraint at the individual level k < λja becomes k < (1+ ϕ)λja.
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Figure G.31: Response of Country-wide Total Welfare, Aggregate and by occupation, to Place-
based Entrepreneurial Transfers (0.1% of Country-wide GDP Expenditure)
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Notes: Response of the country-wide total welfare, aggregate and by occupations, to place-based en-
trepreneurial transfers Tl such that total programme expenditure is 0.1% of GDP. The y-axis denotes which
UA is being targeted by the policy. Blue bars indicate the response of the country-wide total welfare. Green
bars show the response of the total welfare of workers. Violet bars display the total welfare response of
entrepreneurs.

That is, entrepreneurs will receive at most ϕa assets from the government 83 in order to finance an

additional ϕλja units of capital. The constraint of the government therefore reads:

L

∑
l=1

J

∑
j=1

S

∑
s=1

(τL + δP)wl,j,sLSl,j,s︸ ︷︷ ︸
REVENUES FROM LABOUR

+
L

∑
l=1

J

∑
j=1

τKTBKl,j︸ ︷︷ ︸
REVENUES FROM PROFITS

= GSSY︸ ︷︷ ︸
EXOGENOUS EXPENDITURE

+ ∑
l,e∈LP

Te,lSe,l︸ ︷︷ ︸
TRANSFERS PROGRAMME

As in the case with the lump-sum transfers, these proportional to collateral transfers are fi-

nanced through an increase on the labour tax δp.

83In the case where the entrepreneur would be unconstrained with a partial amount of the resources only this partial
amount is transferred.
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Figure G.32: Response of Country-wide Total Welfare, Aggregate and by Occupation, to Cumula-
tive Place-based Entrepreneurial Transfers (0.1% of Country-wide GDP Expenditure)
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Notes: Response of the country-wide total welfare, aggregate and by occupations, to cumulative place-
based entrepreneurial transfers Tl such that total programme expenditure is 0.1% of GDP. The y-axis de-
notes which UA is being included last in the set of UAs being targeted. Blue bars indicate the response
of the country-wide total welfare. Green bars do likewise for the workers. Violet bars denote that of en-
trepreneurs. The last row is equivalent to targeting the entire country, since all UAs are included.

G.2.1 Cumulative Responses under the Proportional Transfers Programme

In this section we will study the long-run response of welfare and efficiency to these proportional

transfers programme and compare the results with those of the lump-sum transfers programme.

Figure G.33 presents the responses of efficiency under this programme:

A few comments are in place. First, one may observe that the overall magnitude of the re-

sponses is an order of magnitude smaller than that of the lump-sum transfers for the same ex-

penditure level. While the untargeted lump-sum policy for instance led to a 1.2% increase in

country-wide real GDP per capita, the proportional transfers lead to an increase of 0.16%. This is a

direct result of the distribution of funds over entrepreneurs with this policy. Since, ceteris paribus,

wealthier entrepreneurs are less constrained, what this policy effectively does is to concentrate the

funds on the region of the state space where the returns to them are the lowest.
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Figure G.33: Response of Country-wide Nominal and Real GDP per Capita to Cumulative Place-
based Entrepreneurial Proportional Transfers (0.1% of Country-wide GDP Expenditure)
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Notes: Response of the country-wide nominal and real (deflated by the local price index p(1−αc)
h,l ) GDP per

capita to cumulative place-based entrepreneurial proportional Te,l such that total programme expenditure
is 0.1% of GDP. The y-axis denotes which UA is being included last in the set of UAs being targeted. Blue
bars indicate the response of the country-wide per capita real GDP while green bars do likewise for the
nominal GDP per capita. The last row is equivalent to targeting the entire country, since all UAs are in-
cluded.

Second, it is worthwhile to note that the "optimal" policy still targets a subset of UAs rather

than the entire country. Since the marginal returns to these transfers now decrease rapidly, rather

than spending all the resources on the wealthiest entrepreneurs in a single location the results

suggest spreading this resources among wealthy entrepreneurs in several locations.

While the policy leads to an overall efficiency gain of 0.186% at the optimal set of UAs, regional

disparities increase by 0.4% which is comfortably the worst relative ratio among all considered

policies. Not only are the largest entrepreneurs receiving the bulk of the subsidies, it is also the

largest entrepreneurs in the largest UAs that are concentrating most of the funds.

What would be the welfare implications of such policy?

The results point to a negative welfare response across the board. The intuition is simple:

workers in the economy are paying an additional δp on the labour income tax to subsidize a policy
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Figure G.34: Response of Country-wide per Capita Welfare, Aggregate and by Occupation, to
Cumulative Place-based Entrepreneurial Proportional Transfers (0.1% of Country-wide GDP Ex-
penditure)
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Notes: Response of the country-wide per capita welfare, aggregate and by occupations, to cumulative
place-based entrepreneurial proportional transfers Te,l such that total programme expenditure is 0.1% of
GDP. The y-axis denotes which UA is being included last in the set of UAs being targeted. Blue bars indicate
the response of the country-wide per capita welfare. Green bars do likewise for the workers. Violet bars
denote that of entrepreneurs. The last row is equivalent to targeting the entire country, since all UAs are
included.

that has very uneven impact across the state space (large entrepreneurs concentrate most of the

funds), very limited impact on efficiency (wage increases are very low) and almost no impact on

the extensive margin entry decisions.

These results have important policy implications for investment subsidies, loans, or any other

policy that is size dependent. If there are reasons to believe that larger firms have easier access

to capital (Gilchrist et al. (2013), Shen (2023)) and that financial frictions are relevant ((Evans and

Jovanovic, 1989), (Holtz-Eakin et al., 1994), (Banerjee and Duflo, 2014), (Schmalz et al., 2017)), then

policies that target the region in the domain where entrepreneurs are more constrained are more

likely to lead to both efficiency and welfare gains.
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G.3 The Role of Financial Frictions

Figure G.35: Response of Country-wide per Capita Welfare, to Cumulative Place-based En-
trepreneurial Transfers (0.1% of Country-wide GDP Expenditure), in the Benchmark Economy
and the Counterfactual without Financial Frictions
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Notes: Response of the country-wide per capita welfare to cumulative place-based entrepreneurial trans-
fers Te,l such that total programme expenditure is 0.1% of GDP. The y-axis denotes which UA is being
included last in the set of UAs being targeted. Blue bars indicate the response of the country-wide per
capita welfare in the Benchmark Economy. Green bars do likewise for the No Financial Frictions counter-
factual. The last row is equivalent to targeting the entire country, since all UAs are included.
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Figure G.36: Response of Country-wide Nominal GDP per Capita to Cumulative Place-based En-
trepreneurial Transfers (0.1% of Country-wide GDP Expenditure) under the Benchmark Economy
and the Counterfactual without Financial Frictions
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Notes: Response of the country-wide nominal GDP per capita to cumulative place-based entrepreneurial
Te,l such that total programme expenditure is 0.1% of GDP. The y-axis denotes which UA is being included
last in the set of UAs being targeted. Blue bars indicate the response of the country-wide per capita nominal
GDP in the Benchmark economy. Green bars do likewise for the No Financial Frictions counterfactual.
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