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Abstract

This study examines the effects of robot subsidies in China’s manufacturing sector.
Exploiting differences in the timing of the subsidy implementation across municipali-
ties, I find the introduction of a robot subsidy has heterogeneous impacts across firms of
different scale. Although the subsidy results in a 13 percent increase in applications for
robot patents, the facilitated access to robotics leads to a 14 percent reduction in new
firm’s entry in the manufacturing sector, along with a significant increase in turnovers
of bigger industrial enterprises. Using a stylised model, I show that the interaction
between financial frictions and endogenous automation helps reconcile the empirical
findings: ex-ante capital misallocation causes a uniform subsidy to disproportionately
benefit firms with better access to capital. The distortion creates an efficiency trade-
off: while a subsidy can enhance overall automation, it also exacerbates automation
dispersion, which reduces efficiency. To quantify the net efficiency impact of these
competing forces, I embed this mechanism into a dynamic heterogeneous firm model,
calibrated to match key features of the Chinese industrial sector. The model indicates
that a robot subsidy of 20% narrows the gap between mean and optimal automation
levels by 22 percentage points, while raising automation dispersion by 49 percentage
points. This leads to a 1.2 percent increase in aggregate output, along with a 2.4 per-
cent decline in total factor productivity.
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1 Introduction

The adoption of robotic technology is part of a live and lively debate across the world, with

many countries concerned about its impact in terms of displacing labour and exacerbating

inequality. In recent years, China has firmly established itself as a leader in robot integration.

As indicated in Made in China 2025, a national strategy to boost manufacturing published

in 2015, China aims to become the world leader in the robotics industry.1 The 14th Five-

Year Plan for Robotics Industry Development, published in 2021, specifies China’s ambition

of boosting robot density to 500 units per 10,000 workers by 2025.2 Under those policy

initiatives, there was a sharp increase in China’s use of robots. By 2021, China’s robot

density had soared to 322 per 10,000 workers, not only overtaking the United States, at

274, but also positioning China fifth in the world, after South Korea, Singapore, Japan

and Germany.3 In 2022, the country’s sales of industrial robots amounted to 290,300 units,

representing approximately 52 percent of global industrial robot shipments. Cheng et al.

(2019) provides comprehensive details of China’s advancement in industrial robot adoption.

While there are multiple reasons behind the rapid growth of industrial robot utilization

in China, strong government support is amongst the most important. The impact of China’s

robot-supporting policy, however, has not yet been thoroughly studied in the literature. The

goal of this paper is to evaluate the impact of robot subsidies on the manufacturing indus-

try in China. First, exploiting data on robotics industry activities, I empirically investigate

the impacts of robot subsidies and document that subsidies lead to a significant increase in

robotics industry activities; reduce firm entry into the manufacturing sector; and dispropor-

tionately benefit larger firms, with them seeing significant increase in turnover, total asset

and employment. Second, I propose a simple model to illustrate how the interaction between

1The Made in China 2025 initiative is a strategic plan launched by the Chinese government in 2015
to upgrade the country’s manufacturing sector and move from low-cost mass production to more high-
tech industries. The plan focuses on key sectors such as robotics, clean energy, and advanced information
technology.

2The 14th Five-Year Plan for Robotics Industry Development is a strategic initiative launched by the
Chinese government in 2021 to boost technological advancement in the robotics sector. The plan focuses
on enhancing core technologies, expanding applications in industries such as manufacturing, and improving
China’s global competitiveness in robotics.

3In 2022, the average robot density in China was 392, while in the United States, Germany, Japan and
the world it was 285, 415, 397 and 151, respectively.
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financial frictions and endogenous automation could explain the empirical findings, as well as

to elucidate the main efficiency trade-offs stemming from a uniform robot subsidy. Finally,

I embed the mechanisms in the simple model into a dynamic framework with heterogeneous

households and use the framework to gauge the efficiency trade-offs; specifically, the richer

model allows me to quantify the dynamic capital misallocation losses resulting from the

higher dispersion in firms’ automation levels caused by the subsidy and weigh them against

the efficiency gains from higher robot adoption.

To carry out the first step of the paper, I use the Peking University (PKU) Law dataset

and apply a text recognition approach (Juhász et al., 2022) to identify a subsidy as a demand-

side robot subsidy. The text criteria required for a demand-side robot subsidy are: (1) the

incorporation of keywords linked to robotics; (2) the inclusion of a comprehensive sub-

sidy plan; (3) the specification of subsidy-specific terminology. I successfully identify 244

municipal-level industrial robot demand-side subsidy policies, which are characterized by

three key features: (a) non-exclusiveness, in the sense of uniform accessibility and intensity

across robot buyers, (b) local preferences, with exclusive or progressive supports provided to

locally produced robots, and (c) strong support, captured by significant financial supports.

To empirically assess the impact of the subsidy, I exploit differences in the timing of

the subsidy implementation across municipalities. The key identification assumption is that

the timing of subsidy introduction is uncorrelated with my outcomes of interest. The as-

sumption is supported by the descriptive evidence that the pre-treatment trends of outcomes

between early and late adopters are parallel. Technically, I employ difference-in-differences

with synthetic weights (SDID) approach (Arkhangelsky et al., 2021) as my main identi-

fication strategy. This approach constructs a counterfactual group, which resembles the

socioeconomic conditions of municipalities before the implementation of the subsidy policy.

The after-treatment difference between the treated municipalities and the synthetic control

group then provides an estimate of the subsidy’s causal impact.

I obtain two facts from the empirical study. First, I find that the subsidy policy is effective

in promoting robot utilization. Although direct municipal-level measures of robot utilization

are unavailable, the local preference characteristic suggests that the increased demand for

robots largely remains within the local supply chain. Consequently, I evaluate the impact
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of robot subsidies from two supply-side perspectives - robotics-related innovation and new

robotics firms entry. In terms of the total number of applications for robotics patents, I

find a 13.6 percent increase in applications after the introduction of the policy. In terms

of the number of robotics firms, I find a 29.5 percent increase in robot-production firms.

My dynamic event-study analysis indicates that the policy effect persists and amplifies over

time.

Second, I document significant heterogeneous impacts of the subsidy on firms of different

size. More specifically, although the subsidy is designed to be uniform across firms in most

of the cases, it significantly improve the financial performance of larger firms at the cost of

deteriorating firm dynamics in the whole industrial sector. On the intensive margin, larger

manufacturing firms are the major beneficiaries of this subsidy policy. After the policy

introduction, there is a 6.4 percent rise in total assets, a 7.8 percent increase in total revenue

and a 5.8 percent increase in total employment of major industrial enterprises.4.

On the extensive margin, I find the subsidy has no significant impact on the total number

of major industrial enterprises. Moreover, the introduction of the subsidy indeed significantly

depresses new firm entry by around 14.0 percent. The dynamic SDID results indicate the

effects intensify over time. Combining these two findings, I argue that the subsidy improves

the financial performance of major industrial enterprises on the intensive margin, at the

cost of reducing firm dynamics on the extensive margin. Larger manufacturing firms, which

already have the advantages that come with size, can further amplify these advantages with

easier access to robots. That further contributes to expansion of their market shares, which

crowds out the entry of new firms.

Motivated by the empirical findings, I carry out the second step of the paper and employ a

simple conceptual framework to account for the main empirical findings as well as to elucidate

the efficiency trade-offs. The model incorporates borrowing costs (Hsieh and Klenow, 2009;

David and Venkateswaran, 2019) into a task-based framework (Acemoglu and Autor, 2012;

Acemoglu and Restrepo, 2018). Since financial frictions generally suppress the use of capital

and thus automation, firms facing greater financial constraints tend to adopt automation

4Major industrial enterprises are defined as firms with annual turnovers exceeding twenty million CNY
(around three million USD) According to the major industrial enterprise database, these firms typically fall
within the top 10 to 20 percent of the turnover distribution.
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levels that are below the e�cient automation level of �rms that are �nancially unconstrained.

This ex-ante di�erence in the extent of �nancial constraints also implies that a uniform

robot subsidy will have di�erential e�ects across �rms depending on the cost of �nance. Less

�nancially constrained �rms are likely to allocate a larger portion of their production tasks to

industrial robots, enabling them to signi�cantly reduce their marginal costs under a uniform

subsidy. This contributes to increased market share, turnover, capital usage and employment

for these �rms. Conversely, more �nancially constrained �rms, despite bene�ting from the

reduced marginal costs due to the subsidy, experience smaller cost reductions relative to

the aggregate price decrease. Consequently, these �rms su�er from the loss of market share

and pro�tability, and are at risk of being squeezed out of the market in the absence of a

substantial aggregate demand promotion.

The e�ciency analysis reveals that �nancial frictions a�ect overall productivity through

two main channels: mean automation depression and automation dispersion. Mean automa-

tion depression captures the ine�ciency caused by �nancial frictions, which raise the cost of

capital above its shadow (e�cient) level and thus reduce �rms' incentives to adopt robots.

As a result, the economy's mean level of automation falls below the socially optimal level.

Automation dispersion, on the other hand, captures the ine�ciency arising from deviations

in individual �rms' automation levels from the social mean. I identify three new chan-

nels through which automation dispersion impacts overall productivity: the ampli�cation

of conventional marginal product of capital (MPK) wedges, excessive factor usage and the

facilitation of individual productivity gains.

The analytical framework indicates that a uniform robot subsidy helps to address mean

automation depression but unambiguously exacerbates automation dispersion. While such

a subsidy can partially o�set factor price distortions caused by �nancial frictions, it dispro-

portionately bene�ts larger �rms, thereby widening automation gaps across �rms.

Finally, to carry out the third step and be able to gauge the dynamic impact of the

robot subsidy in China, I incorporate the simple static model into a dynamic heterogeneous

�rm framework with endogenous occupation choice and capital accumulation. Re
ecting

discussions on capital misallocation due to dynamic MPK wedges (Hsieh and Klenow, 2014;

Bento and Restuccia, 2017; Gopinath et al., 2017; Da-Rocha et al., 2023), I endogenize
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borrowing costs by linking them to heterogeneous entrepreneurs' asset positions (Moll, 2014;

David and Venkateswaran, 2019). This approach reveals a new dynamic mechanism, through

which automation exacerbates capital misallocation. Consistent with Moll et al. (2022),

my �ndings show that a robot subsidy e�ectively promotes industrial adoption of robots,

reducing wage income while enhancing capital returns and entrepreneurial pro�ts. These

dynamics intensify capital accumulation disparities among households, leading to increased

borrowing cost dispersion and further aggravating capital misallocation.

I calibrate the benchmark model to match the productivity distribution, �nancial frictions

and industrial robot density in China's industrial sector in 2010. The model indicates that

the implementation of a robot subsidy of 20 percent in the 2017 industrial context results in

a 65 percent increase in industrial robot demand and a 1.23 percent increase in output. The

aggregate e�ect masks signi�cant di�erences across �rms: the top 10 percent of entrepreneurs

(by turnover) experience improvements in turnover, capital expenditure, employment and

pro�t of 5.34 percent, 22.67 percent, 2.94 percent and 6.84 percent, respectively. Conversely,

these measures decline by 1.72 percent, 0.48 percent, 0.85 percent and 1.15 percent for the

bottom 50 percent of entrepreneurs (by turnover). Overall, a 20 percent robot subsidy leads

to a 1.27 percent reduction in the number of entrepreneurs.

Regarding e�ciency implications, my dynamic framework shows that a uniform robot

subsidy e�ectively narrows the gap between the mean and socially optimal automation levels:

a 20 percent subsidy increases the mean automation level from 36 percent to 58 percent of the

socially optimal level. However, it also signi�cantly increases automation dispersion, with

the standard deviation rising by 49 percent. While a subsidy enhances output, it reduces

total factor productivity (TFP) by 2.40 percent. In general, my model shows that a uniform

robot subsidy could improve social welfare (measured in utilitarian approach) by around

0.23 percent when its magnitude is below or equal to 10 percent, while it starts to damage

social welfare when its magnitude goes above 20 percent.

In examining the impact of dynamic misallocation, this study �nds that a uniform robot

subsidy ampli�es capital accumulation dispersion by reducing labour income, while increas-

ing capital returns and entrepreneurial income. Controlling for the dynamics of asset position

distribution can mitigate the divergence between wage earners and capital return earners,
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resulting in smaller MPK wedges and reduced TFP loss from a subsidy. Under a 20 percent

robot subsidy scenario, this implies that the output gain could increase by an extra 0.37

percent.

Related Literature My study contributes to three strands of literature. First, it adds to

the empirical (Bernini and Pellegrini, 2011; Cerqua and Pellegrini, 2014; Neumark and Simp-

son, 2015; Cerqua and Pellegrini, 2017; Howell, 2017; Zwick and Mahon, 2017; Kalouptsidi,

2018; Criscuolo et al., 2019; Lane, 2022; Dechezleprêtre et al., 2023; Incoronato and Lat-

tanzio, 2023; Banares-Sanchez et al., 2023) and theoretical research (Buera et al., 2021; Choi

and Levchenko, 2021; Cerrato, 2024) on industrial policies. In line with the recent trend

of rethinking the role of industrial policies and the growing consensus that well-designed

policies can foster innovation and economic development (Aghion et al., 2015; Juh�asz et al.,

2023), I assess the potential trade-o�s of industrial policies. Speci�cally, I examine how

China's large-scale and aggressive industrial policy that promotes industrial robot adop-

tion addresses under-investment in technology while potentially exacerbating disparities in

technology adoption across �rms.

Second, I contribute to the theoretical literature on endogenous automation adoption

(Acemoglu and Autor, 2012; Acemoglu and Restrepo, 2018; Moll et al., 2022) and policy

interventions in automation. While many studies (Acemoglu et al., 2020; Beraja and Zorzi,

2022; Costinot and Werning, 2023) argue that robot adoption should be taxed due to its ten-

dency to exacerbate inequality across di�erent types of agents (e.g., between capital owners

and workers, or between skilled and unskilled workers), a growing body of work highlights

that restricting robot adoption could hinder long-term growth and innovation (Prettner and

Strulik, 2020; Gasteiger and Prettner, 2022; Guerreiro et al., 2022) and well-designed robot

subsidy can indeed be welfare-improving (Caselli and Manning, 2019; Thuemmel, 2023) In

contrast to much of the existing literature, which focuses on inequality between agents, my

study shifts the focus to inequality between �rms. I investigate how robot subsidies lead to

uneven automation adoption across �rms and analyze the associated e�ciency and produc-

tivity implications.

Third, my study engages with the extensive literature on �nancial frictions and their in-

teraction with technology adoption and industrial policy (Caselli and Gennaioli, 2005; Buera
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et al., 2013; Reis, 2013; Midrigan and Xu, 2014; Gopinath et al., 2017; Itskhoki and Moll,

2019). Speci�cally, this research is among the �rst to explore how �nancial frictions in
u-

ence endogenous automation. In terms of e�ciency, I examine how automation exacerbates

productivity losses caused by static capital misallocation, as documented in the literature

initiated by Restuccia and Rogerson (2008) and Hsieh and Klenow (2009). Additionally,

this study echoes the later literature on dynamic capital misallocation (Gabler and Poschke,

2013; Asker et al., 2014; Hsieh and Klenow, 2014; Bento and Restuccia, 2017; Peters, 2020;

Da-Rocha et al., 2023). More speci�cally, Moll et al. (2022) demonstrates how automation

ampli�es wealth inequality through capital accumulation. My study incorporates a dynamic

perspective to reveal how endogenous automation intensi�es dynamic capital misallocation

by reducing labour income and increasing capital returns.

The remainder of this paper is structured as follows. Section 2 provides an overview

of the institutional background. Section 3 introduces the data used in the study, along

with descriptive statistics, and details the identi�cation methods employed to estimate the

economic impacts of introducing robot subsidies. Sections 4 discusses the e�ectiveness of

subsidies in promoting robot-related activities, and Section 5 discusses the responses of the

industrial sector to such subsidies. Section 6 provides a simple framework to probe into the

mechanism behind the observed patterns and the e�ciency and productivity implications

of a uniform robot subsidy. Section 7 embeds the simple model into a dynamic framework

with heterogeneous entrepreneurs, so as to quantify the implications on macro variables and

e�ciency measures. Section 8 o�ers concluding remarks.

2 Institutional Background

2.1 Strategic Importance of Subsidizing Robots in China

The strategic emphasis on robot integration within China's manufacturing sector marks

a pivotal shift in industrial policy. Launched in 2015,Made in China 2025underscores the

pivotal role of industrial robots in the country's industrial strategy. This pioneering policy

gives a target for robot density, aiming for 100 units per 100,000 workers by 2020. Advancing
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this agenda, the14th Five-Year Plan for Robotics Industry Development, introduced in 2021,

articulates a more ambitious goal: to boost robot density to 500 units per 10,000 workers by

2025. Despite global concerns over the potential displacement of labour stemming from more

extensive adoption of robots, the Chinese government persistently advocates for a substantial

expansion in the use of robots.

This strategic push has catalyzed remarkable growth in the robotics industry, evidenced

by both surges in sales of robots and expansions in robot uses. Data presented in the Table

1, sourced from the International Federation of Robotics, show that, in 2022, China's instal-

lation of new industrial robots reached 290,300 units. This �gure constitutes approximately

53% of the worldwide installation of industrial robots for that year. At the same time, the

total stock of robots in China reached around 1.5 million units by 2022, making up about

38% of the global industrial robot stock.Made in China 2025sets forth, in 2015, China's

ambition to manufacture 100,000 domestically branded industrial robots.

Table 1: Annual Robot Installation and Operational Robot Stocks in China

Robot Installation: Robot Stocks: Robot Density:

Value Share Rank Value Share Rank Value Rank
Year (1,000 units) (%) (1,000 units) (%) (units=10,000 workers)
1995 0:00 0:00 � 0:00 0:00 � � �
2000 0:38 0:39 16 0:93 0:12 23 � �
2005 4:46 3:71 9 11:56 1:26 11 � �
2010 14:98 12:40 5 52:29 4:94 6 � �
2015 68:56 27:02 1 256:46 15:72 2 49 �
2016 96:50 31:76 1 349:47 19:02 1 68 �
2017 156:18 39:08 1 501:19 23:58 1 97 21
2018 154:03 36:48 1 649:45 26:62 1 140 20
2019 139:86 36:71 1 782:73 28:67 1 187 15
2020 168:40 43:85 1 943:22 31:08 1 246 9
2021 268:20 51:88 1 1197:89 34:45 1 322 5
2022 290:30 52:50 1 � 1500:00 38:42 1 392 5

Note: (1) The data is from International Federation of Robotics (IFR); (2) `Robot Installation' refers to
the number of new industrial robots installed during the year, `Robot Stock' refers to the total number of
existing operational industrial robots at the end of a year, while `Robot Density' refers to the number of
robot stock per 10,000 employees in the manufacturing industry; (3) The `Share' columns show ratios of
values of the above indicators to the world totals, the `Rank' columns show the China's rank within all
countries; (4) In 2022, top �ve countries in terms of robot density are South Korea (1012), Singapore (730),
Germany (415), Japan (397) and China (392).
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Figure 1: Cross-Country Trends in Industrial Robot Densities

Note: (1) The data is from International Federation of Robotics (IFR); (2) The world average refers to the

averaged robot density of 75 countries and regions around the world.

2.2 Demand-Side Subsidy Policy in China

While Made in China 2025and the 14th Five-Year Plan lay out the national strategy,

the actual deployment of the individual robot subsidy policies predominantly falls under

the jurisdiction of local governments, resulting in signi�cant regional variation. Bai et al.

(2020) provides a description of how local authorities are incentivized to carry out national

strategies. In this study, I focus on the demand-side robot subsidy policies, which incentivizes

manufacturers to acquire or lease robots.5 These policies typically o�er subsidies covering

5% to 30% of the total cost or investment associated with purchasing or leasing robots.

Typically, there are no stringent eligibility criteria, allowing a broad range of enterprises

to bene�t from such subsidies. Meanwhile, there is a tendency for some municipalities to

introduce local preference clauses, which might restrict subsidies to robots manufactured

within the locale or incrementally increase subsidies for the acquisition of robots produced

locally.

5I do not focus on supply-side subsidies that target the innovation of robotics technology and manufacture
of industrial robots.
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Measuring Demand-Side Subsidy Policies

Nationally, policy directives are clearly de�ned. At the local level, however, there is a

need to categorize and identify speci�c industrial policies, particularly distinguishing be-

tween those with and without concrete and executable subsidization measures. To pinpoint

policies encouraging the adoption of robots, I use data from the PKULaw dataset of laws

and regulations, which documents laws, regulations and administrative documents issued by

di�erent levels of authorities in China since 1949.

The dataset includes details, such as the policy's title, its issuing department, date of

issuance, the date it came into e�ect and the original contents. I extract the original texts

of the policies, which make up the speci�cs of each regulation. Using a text-recognition

algorithm, I categorize the policies by type, speci�cally concentrating on those that o�er

direct �nancial subsidies for purchasing industrial robots.

A policy quali�es as being related to robot subsidies if it meets three speci�c condi-

tions across three successive paragraphs. First, the policy must contain keywords related to

robotics, automation, smart devices or smart technology, highlighting its relevance to the

adoption of robots. Second, it must outline a detailed and executable subsidy scheme, allow-

ing for the veri�cation of the extent of �nancial assistance provided for each acquisition or

lease. Finally, the document must explicitly state that the �nancial assistance is a subsidy,

enabling the algorithm to classify it as a subsidy policy. This approach allows me to con-

�ne the study to municipal-level robot-related industrial policies with concrete subsidization

measures.

Following the above procedures, I successfully identify 244 municipal-level robot-related

subsidy policies between the years 2014 and 2023.

Characteristics of Demand-Side Subsidy Policy

In analyzing the eligibility criteria for robot subsidy policies, I identify three key charac-

teristics. First, the majority of subsidies provide uniform accessibility and intensity across

�rms without speci�c prerequisites, a feature I refer to as non-exclusiveness. Speci�cally,

approximately 85% of subsidies impose no restrictions on the size or quali�cations of appli-
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cants. In contrast, a smaller portion - about 7.5% - requires a minimum investment threshold

of over 15 million USD. Additionally, only 1.1% of subsidies are allocated based on �rm size,

indicating minimal emphasis on organizational scale. Finally, 6.3% of subsidies are strategi-

cally targeted at �rms selected by local governments, suggesting a targeted approach within

the policy framework. While this targeting could raise concerns about �rm selection due to

special deals, as documented by Bai et al. (2020), I believe such concerns are minimized in

this context due to the small number of targeted cases.

Second, local preferences are common in these subsidies. Around 42.9% provide exclusive

�nancial support to buyers of robots produced by local manufacturers, while approximately

28.1% o�er progressive support to locally produced robot equipment. This characteristic es-

tablishes a critical link between demand-side subsidies and local robotics industry activities:

the increase in robot demand resulting from the subsidy tends to remain local, contributing

to the expansion of the local robotics industry.

Third, the magnitude of local government support is substantial. Approximately 82%

of subsidies o�er �nancial support exceeding 10% of the purchase price or rental fee of

industrial robot equipment. The average subsidy rate is around 17.5%, which is likely to

have a signi�cant impact on the manufacturing sector. For reference, with an average unit

price of 40,000 USD for industrial robot equipment, this implies a subsidy of 8,000 USD per

unit.

2.3 Subsidized Municipalities in China (2014-2023)

As Figure 2 demonstrates, there has been a signi�cant increase in the number of munic-

ipalities adopting demand-side robot subsidies between 2014 and 2023. In 2014, only two

municipalities had implemented such subsidies. By 2023, the number has risen to 93, repre-

senting approximately 32% of all municipalities. Figure 3 provides a general picture of the

geographic distribution of robot subsidy implementation and the number of applications for

robotics patents. Two key observations emerge from this �gure. First, the introduction of

a robot subsidy is e�ective in promoting applications for robotics patents in the local areas

- shown by the fact that the municipalities with red borders (delineating robot subsidies)

are more likely to have darker shading (delineating a greater number of patent applications)
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in subsequent years. Second, endogeneity of subsidy introduction can also be observed. In

2016, a distinct cluster of early adopting municipalities is characterized by their pioneering

adoption of industrial robots and the strategy of replacing labour with machines.6 Since

those provinces are already more economically developed and tend to be home to a more

mature robotics industry, this pattern suggests that the implementation of robot subsidies

tends to be endogenous in observable factors, such as �scal capacity and prevailing industrial

structures, as well as in unobservable factors.

Figure 2: Number of Municipalities That Introduced Robot Demand-Side Subsidy

Selection Criteria

Table 2 reports the relationship between municipal characteristics and the adoption of

robot subsidy policies, focusing on six key attributes: �scal capacity, educational resources

(speci�cally vocational schools), industrial enterprise statistics, foreign investment, economic

development and labour market conditions. My analysis highlights the role of �scal capac-

ity, educational resources, the presence of industrial enterprises and foreign investment in

encouraging local government support on industrial robots. More speci�cally, these factors

suggest that local governments tend to tailor their subsidy policies based on their �nancial

6The replacing labour with machines policy in China is part of a broader strategy to modernize the
country's manufacturing sector by promoting automation and the use of industrial robots. The policy,
which gained momentum around 2014, encourages �rms, particularly in labour-intensive industries, to adopt
robotics and automated systems to address rising labor costs, improve e�ciency, and enhance product quality.
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(a) 2010 (b) 2014

(c) 2016 (d) 2018

Figure 3: Geographical Distribution of Robot Demand-Side Subsidy

Note: (1) Municipalities marked with red borders are those that have introduced robot demand-side subsidy
by 2014, 2016 and 2018; (2) The shadiness of a municipality represents the number of robotics patent
applications in the local area; (3) The maps provide a rudimentary illustration of how robot demand-side
subsidies promote robot-related innovation activity in local areas: municipalities that introduced robot
subsidy tend to hold larger number of robotics patent application in the subsequent years; (4) In practice
I eliminate autonomous regions Xinjiang and Tibet and special administrative regions Hong Kong, Macau
and Taiwan due to data limitation. There is a total of 282 municipalities left, which account for 1,233.75
million residents or around 92.2% of national population in 2010.

wherewithal and the readiness of local industries to integrate robotics into their operations.

This aligns with the observation in Figure 3 that wealthier provinces in southeast China are

often at the forefront of the implementation of demand-side robot subsidies.
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Table 2: Determinants of Demand-Side Policy Implementation in Municipalities

(Lagged by One Year) (1) (2) (3) (4) (5) (6)

Fiscal Revenue 0:127** 0:130**
(0:063) (0:059)

No.(Vocational Schools) 0:053 0:071**
(0:035) (0:033)

Current Asset 0:035 0:022
(0:036) (0:037)

No.(Large Manufacturing Firms) 0:076* 0:091**
(0:043) (0:041)

Foreign Investment 0:028** 0:022*
(0:014) (0:013)

GRP per capita 0:059 � 0:062
(0:088) (0:094)

Share of Secondary Industry � 0:001 � 0:005*
(0:003) (0:003)

Private Sector Employment 0:015 0:012
(0:022) (0:021)

Average Wage Rate 0:016 0:032
(0:090) (0:087)

R-squared 0.543 0.541 0.543 0.542 0.540 0.546
Number of observations 2,250 2,250 2,250 2,250 2,134 2,134
Fixed e�ects
Year X X X X X X
Province time trend X X X X X X

Note : (1) All regressions control for ten distinct categories of attributes, while the others are not statisti-
cally signi�cant; (2) Standard errors are clustered at the municipal level; (3) All observations are weighted by
municipal population in 2011, weights per year represent millions of residents; (4) *, **, and *** respectively
indicates signi�cance at the 10%, 5%, and the 1% signi�cance level.
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Despite the possibility that the introduction of robot subsidies could be correlated with

city characteristics, I argue that endogeneity is not a signi�cant concern in this study for

two key reasons. First, the results from the two-way-�xed-e�ects regressions included in the

robustness checks show no signi�cant di�erences between treated and control municipalities,

both in terms of magnitudes and statistical signi�cance. This �nding implies that, although

it is plausible that the introduction of the subsidy could be endogenous to city characteristics,

there is no signi�cant correlation between the subsidy and the outcomes of interest.

More importantly, the key identi�cation assumption of my empirical framework is that

the timing of subsidy introduction across municipalities is uncorrelated with the outcomes

of interest. This assumption is supported by the descriptive Figures 4 for robotics patent

applications and robotics �rm entries. Sub-�gure (a) of Figure 4 compares the average

number of robotics patent applications for early adopters (municipalities that introduced

the subsidy by 2016) and late adopters (those that introduced it after 2017). The trends

for early and late adopters are highly parallel before 2014, when the �rst robot subsidy was

introduced. After 2014, the di�erences between early and late adopters begin to diverge,

suggesting a signi�cant impact of the subsidy. This pattern is more pronounced when directly

examining the gap between the two groups, as illustrated by sub-�gure (b) of Figure 4, with

a clear kink around 2014. A similar trend is observed in the number of robotics �rm entries,

as shown in sub-�gures (c) and (d) of Figure 4, providing further evidence to support my

key identi�cation assumption.
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