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Abstract

Since the 2008 financial crisis, China has experienced a marked slowdown in productivity
growth despite exceptionally strong innovation activity. We study this puzzle using an en-
dogenous growth model calibrated to the Chinese economy over 2007-2017. The analysis
identified two central forces. First, innovation has become increasingly costly as China
approaches the technological frontier. Second, intensified involutionary competition di-
verts innovation effort towards activities with limited social gains. Other factors, including
weaker knowledge diffusion and greater resource misallocation, play a minor role. While
industry policies support innovation, they are insufficient to offset these broader structural
forces. Sustaining productivity growth therefore requires improving efficiency and direc-
tion of innovation activity, particularly by curbing involutionary competition.
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1 Introduction

The Chinese economy has experienced remarkable growth since the start of the reform and
opening-up policies in 1978, with particularly strong expansion following the country’s ac-
cession to the WTO in 2001. More recently, however, economic growth has slowed, with the
slowdown in total factor productivity (TFP) growth being especially pronounced (Figure 1).
The decline in productivity growth has become a central concern for understanding China’s

long-run economic prospects.

Figure 1: Trend in TFP Growth
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Notes. Long-run trend in China’s total factor productivity (TFP) growth, computed from Penn World Table (PWT)
9.1 using the Hodrick-Prescott (HP) filter. We use this version to maintain internal consistency across the empirical
and calibration components of the paper.

What makes China’s experience particularly striking is that the slowdown in productivity
has occurred alongside extraordinarily strong research and development (R&D) activity. R&D
expenditure as a share of GDP has risen steadily since the late 1990s, and the measure of re-
search output, such as patent applications per million people, have increased rapidly during
the same period (Figure 2). These patterns suggest that the slowdown in TFP growth cannot
be attributed to a lack of innovation effort. Instead, they point to a disconnect between the
scale of innovative activity and its contribution to productivity growth.

This raises a natural question: What factors could have driven China’s productivity slow-
down despite sustained increases in both innovation inputs and outputs? More broadly, what
do these patterns imply about the effectiveness of existing innovation and industrial policies?

To address these questions, we build on the endogenous growth framework with step-
by-step innovation of Akcigit and Ates (2023), which was originally developed to study the
decline of business dynamism in the US since the 1980s. In this framework, firms invest in
innovation to improve their technological position, and aggregate productivity growth arises
from the accumulation of these incremental advances. We extend this framework along several
extensions to better capture China’s growth experience.

First, we incorporate resource misallocation following Hsieh and Klenow (2009). Such mis-
allocation diverts resources away from technologically more advanced firms. By weakening

the profitability of technological leaders, misallocation dampens their incentives to innovate.



Figure 2: Research and Development Activity
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Notes. Research and development (R&D) activity in China. The left panel shows R&D expenditure as a share of
Gross Domestic Product (GDP); the right panel shows annual patent applications per million people. Data are from
Our World in Data.

Because potential entrants and follower firms are forward-looking, lower expected returns to
leadership further discourage innovation more broadly. As a result, resource misallocation
reduces both the level and growth of TFP.

Second, and most importantly, we introduce involuntary competition (“neijuan”) into our
framework. Involution refers to a form of excessive competition over a fixed set of opportunit-
ies, where individual activities yield private returns but generate little or no social gains. In the
context of innovation, this manifests as R&D efforts aimed at acquiring or consolidating market
positions, capturing short-term rents, rather than producing genuine technological progress.
We model this as a diversion of innovative effort towards socially unproductive activities,
which reduces the effectiveness of aggregate R&D in generating productivity growth.

Third, we allow incumbent firms to engage in defensive R&D to protect their market posi-
tions and limit knowledge spillovers to competitors. This introduces a strategic dimension to
innovation, whereby firms may allocate resources towards restricting diffusion rather than ad-
vancing the technological frontier. Finally, we incorporate physical capital into this framework
to reflect China’s high investment share in GDP.

We discipline the model using Chinese data and use it to quantify the relative importance
of different mechanisms in accounting for the observed slowdown in TFP growth. The analysis
highlights several key findings.

First and most importantly, involutionary competition emerges as the primary driver of
China’s productivity slowdown. A substantial shared of R&D resources is diverted toward
activities that generate little productivity improvement, which helps explain the coexistence of
strong research activity and week TFP growth seen in Figures 1-2. This mechanism captures
a form of inefficiency in the direction of innovation, rather than its scale. It accounts for more
than half of the TFP slowdown between 2007 and 2017.

Moreover, rising innovation costs also play a significant role. As China approaches the
world technology frontier, further innovations become intrinsically more difficult and costly.
This reduces both incumbent innovation and the incentives for new firms to enter the market,

thereby lowering the pace of aggregate productivity growth. Rising innovation costs explain



roughly one fifth of the productivity slowdown.

Furthermore, resource misallocation also contributes to China’s TFP slowdown. Although
its qualitative impact is much smaller than those of involutionary competition and rising in-
novation costs, it nonetheless represents a meaningful drag on aggregate productivity growth.

By contrast, the slowdown in knowledge diffusion plays a relatively limited role in China’s
experience, contributing only about one percent to China’s TFP slowdown. This stands in
sharp contrast to the US experience, where a slowdown in knowledge diffusion has been iden-
tified as a major driver of declining business dynamism.

These findings have implications for policy. Measures such as reductions in corporate in-
come tax and increases in R&D subsidies are directionally appropriate, as they support in-
novation incentives and research activity, but their quantitative impact appears insufficient to
offset the deeper structural forces. In particular, these policies are less effective in addressing
the rise of involutionary competition and the increasing difficulty of innovation near the tech-
nology frontier. Thus, a key priority for policymakers should be the design of policies aimed
at improving the efficiency and direction of innovative activity, rather than those that focus
solely on increasing its scale.

This paper contributes to several strands of literature. First, it relates to the extensive literat-
ure on endogenous growth, particularly those featuring step-by-step innovations (e.g., Acemo-
glu and Akcigit, 2012; Liu et al., 2022; Akcigit and Ates, 2023). Most closely related is Akcigit
and Ates (2023), who investigated the decline in business dynamism in the US. We extend their
framework by incorporating involutionary competition, resource misallocation, and strategic
defensive R&D, thereby providing a richer model to better capture China’s growth experience.
Our findings highlight that the drivers of growth slowdown differ across countries: while
slower knowledge diffusion is central in the US, China’s slowdown is primarily driven by the
misdirection of innovative effort and rising innovation costs.

Second, our work relates to the growing literature on China’s growth experience, particu-
larly empirical studies using detailed firm-level data (e.g., Brandt et al., 2012, 2023; Cerdeiro
and Ruane, 2024; Barwick et al., Forthcoming). For instance, Brandt et al. (2012) documents
that firm entry contributed substantially to China’s remarkable growth during 1998-2007. Sub-
sequent research (Brandt et al., 2023) shows that the contribution of new entrants declined
markedly between 2008 and 2013, partly explaining the post-global financial crisis slowdown.
We contribute to this literature by offering a unified framework that connects firm-level be-
haviour with aggregate dynamics. In doing so, it complements existing empirical work by
providing a structural interpretation of recent productivity trends.

Third, our paper is also related to the literature on resource misallocation and growth (e.g.,
Acemoglu et al., 2018; Konig et al., 2022; Aghion et al., 2025). Studies in this area focus on
different dimensions of misallocation. For example, Acemoglu et al. (2018) examines the mis-
allocation of resources between R&D activities and overhead production costs, while Aghion et
al. (2025) investigates R&D resource misallocation between highly innovative firms and firms
that are more efficient in production but less capable of innovation. Our paper contributes
to this literature by highlighting how distortions that reduce the profitability of leading firms
can have broader equilibrium effects by discouraging innovation incentives across the entire



distribution of firms.

The remainder of the paper is structured as follows. Section 2 presents the stylised facts.
Section 3 outlines the theoretical framework. Section 4 reports quantitative results. Section 5
concludes.

2 Stylised Facts

Before developing the theoretical model, we document several stylised facts about business
dynamism in the Chinese economy. We use the China Stock Market & Accounting Research
Database (CSMAR), which covers all publicly listed firms since 1990." We begin with a brief
overview of these facts:

1. Market concentration exhibits an inverted U-shape, rising until around 2007 and then
declining afterward, mirroring the long-run TFP growth pattern shown in Figure 1. This
contrasts with the US, where market concentration has increased steadily since the 1980s.

2. Aggregate markups have risen over time, though the increase is relatively mild com-
pared with the US over the same period.

3. Profit shares of GDP have increased over time, but again, the rise is milder than in the
US.

4. Dispersion of firm growth rates has declined over time, similar to patterns observed in
the US.

5. Productivity dispersion has increased, and the productivity gap between frontier and
laggard firms has widened, a pattern also observed in the US during the same period.

6. Entry rates—the rate at which new firms get listed—have declined slightly, but the sales-
weighted entry rate, reflecting the market share captured by newly listed firms, has
dropped sharply over this period.

We then examine these patterns in detail below.

First, we find that market concentration has followed an inverted U-shape (Figure 3). It
increased from 1998 until the 2007 financial crisis, after which it began to decline and has con-
tinued to do so ever since. Market concentration is measured using the Herfindahl-Hirschman
Index (HHI). We first calculate the HHI within each 2-digit industry, then average across in-
dustries using industrial value added as weights. This inverted U-shape closely mirrors the
long-term inverted-U pattern observed in TFP growth.

Second, we document the evolution of aggregate markups and profit shares of output over
time. We follow the approach developed by De Loecker and Warzynski (2012) and De Rid-
der et al. (Forthcoming) to jointly estimate firm-level markups and productivity using GMM
and instrumental variable techniques. We then compute the aggregate markup as the sales-
weighted average across firms and industries. Figure 4 shows the evolution of the aggregate

!We analyse data from 1998 onward to avoid artificial entry effects due to the early collection of the data.



Figure 3: Market Concentration
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Notes. Market concentration in China, measured by the Herfindahl-Hirschman Index (HHI) using data from the
China Stock Market & Accounting Research (CSMAR) Database.

markup along with its long-term trend, which is computed using the Hodrick-Prescott (HP)
filter.

Figure 4: Markup and Profit Share
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Notes. Markups and profit shares in China. The left panel shows the sales-weighted average markup, with markups
estimated using the production approach of De Loecker and Warzynski (2012) and firm-level data from CSMAR.
The right panel shows the aggregate profit share of output, based on data from the National Bureau of Statistics of
China. The blue line denotes the raw series and the red line the HP-filtered trend.

From the figure, it is evident that the aggregate markup in China has been increasing over
time. The trend started at around 17% in 1998 and rose to approximately 22% by the end of the
period. This increase, however, is much milder compared to the US. For instance, De Loecker
et al. (2020) documents that the aggregate markup in the US rose from about 1.21 in the 1980s
to nearly 1.61 more recently (2016). The slow increase in China’s aggregate markup partly
reflects the decline in market concentration observed in Figure 1. As resources are diverted
from productive, high-markup firms, the composition effect tends to slow down aggregate
markup growth.

We now examine the evolution of the aggregate profit share in output. We document the
profit share using data from the annual statistical yearbook published by the National Bureau
of Statistics of China. The figure shows the evolution of profit shares over time along with the
long-term trend. Evidently, the profit share has been increasing over time, although the pace
of growth has been slow. The profit share of output rose from just under 5% of sales in 1998 to

slightly over 6% in 2023. This movement closely mirrors the evolution of aggregate markups.
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Next, we examine firm growth dispersion. Using the productivity estimates obtained from
the De Loecker and Warzynski estimator, we compute firm growth over time. We then cal-
culate growth dispersion as the standard deviation of firm growth rates within each industry,
and aggregate across industries using industry value added as weights. The figure shows the
evolution of firm growth dispersion along with its long-term trend. Strikingly, the dispersion
of firm growth has been steadily declining over time, from about 0.08 in 1998 to slightly above
0.03 by the end of the sample period.

Figure 5: Dispersion of Firm Growth
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Notes. Firm growth dispersion over time, computed by the authors using CSMAR data. The blue line denotes the
raw index and the red line the HP-filtered trend.

Typically, high dispersion of firm growth indicates a dynamic economy, where younger
and more productive firms grow faster than older, more mature firms, thereby contributing
more to overall industrial growth. The slowdown in firm growth dispersion is a symptom of
declining business dynamism, and our endogenous growth framework will need to account
for this pattern.

The next diagram (Figure 6a) shows productivity dispersion instead of growth disper-
sion. Productivity dispersion is computed as the standard deviation of firm-level productivity
within each industry, and the resulting measure is then aggregated across industries using
value added as weights. Both the original time series and the long-term trend are presented.
Evidently, the productivity gap has been steadily increasing over time. This is somewhat ex-
pected given the decline in firm growth dispersion. As younger and newer firms no longer
grow faster, incumbent firms pull further ahead in terms of productivity, causing overall pro-
ductivity dispersion to rise.

We can also examine this phenomenon from another perspective. Figure 6b plots the pro-
ductivity gap between frontier and laggard firms within each industry, aggregated across in-
dustries using value added as weights. Frontier firms are defined as the top 10% most product-
ive firms in an industry, while laggard firms are the bottom 10% least productive. The figure
clearly shows that the productivity gap has increased over time, rising from about 0.1 in 1998
to nearly 0.18 in 2023.

Typically, a larger productivity gap would lead one to expect increased market concentra-
tion in larger firms, which should in turn raise aggregate markups and profit shares. However,
Figures 1-3 show that market concentration in China has actually declined since 2007, and ag-

gregate markups and profit shares have not increased dramatically over time. This suggests



Figure 6: Productivity Dispersion and Frontier-Laggard Gap

(a) Productivity Dispersion (b) Frontier-Laggard Productivity Gap
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Notes. Productivity dispersion and frontier-laggard gaps in China. The left panel shows productivity dispersion,
and the right panel shows the frontier-laggard productivity gap. Both are computed using CSMAR data. The blue
line denotes the raw series and the red line the HP-filtered trend.

the presence of market frictions that prevent resources from flowing from less productive firms
to more productive ones. Consequently, we introduce resource misallocation as a key feature
in our theoretical framework.

Next, we examine the “entry rates.” Note that the CSMAR database covers only large,
publicly listed firms. Therefore, the entry rate here refers to the number of newly listed firms
as a share of the total number of publicly listed firms in the dataset. It does not represent the
genuine entry rate when small- and medium-sized firms are included. Nevertheless, we use
this terminology so that the empirical concept can be easily mapped to the theoretical model.
These results are intended only as indicative; when calibrating the theoretical model, we will
rely on related findings about entry contributions from the literature.

Figure 7 shows the raw entry rates, that is, the number of newly listed public firms over
time. The entry rate trends slightly downward, but the decline is very mild. Throughout
the sample period, the entry rate remains fairly stable, around 7-8%. However, when we
examine the sales-weighted entry rates, a very different pattern emerges. In particular, the
sales-weighted entry rate declines sharply over time, from about 12% in 1998 to around 3% in
2023.

The sales-weighted entry rate provides information about the contribution of new entrants.
If newly entering firms are, on average, more productive, they capture a larger market share,
and the sales-weighted entry rate will be higher. Conversely, a low sales-weighted entry rate
indicates that new entrants are less productive and fail to capture a significant market share.
In other words, according to the CSMAR database, the quality of new entrants appears to have
declined.

Although we rely on large, publicly listed firms to document this fact, the pattern is consist-
ent with findings in the literature. For example, Brandt et al. (2023) show that the contribution
of entry to industry growth in China declined from about 33% during 1998-2007 to roughly
15% around 2013. We use these figures to calibrate our model because their dataset is more
representative and includes small- and medium-sized firms.



Figure 7: Entry Rates (Raw and Sales-Weighted)

(a) Raw Entry Rate (b) Sales-Weighted Entry Rate
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Notes. Firm entry rates in China. The panels show raw and sales-weighted entry rates (defined as the rate at which
firms become publicly listed), computed using CSMAR data. The blue line denotes the raw series and the red line
the HP-filtered trend.

3 Theoretical Framework

Our theoretical framework builds on Akcigit and Ates’s (2023) endogenous growth model.
This framework features step-by-step innovation, whereby market leaders innovate to widen
the productivity gap in order to capture more market share and higher profits; follower firms
also innovate to catch up with the leader, anticipating that they may eventually leapfrog the
leader. Similarly, potential entrants innovate, hoping to break into the market and earn eco-
nomic rents in the future. The interaction of market leaders, followers, and entrants determines
the productivity gaps within each industry and the distribution of industries over productivity
gaps in the steady state.

To better reflect China’s growth experience, we introduce several features into this step-
by-step innovation framework. These include physical capital, defensive R&D, involutionary
competition, and resource misallocation a la Hsieh and Klenow (2009). We introduce physical
capital because in China, final demand consists heavily of investment and less of domestic con-
sumption, which is relevant for future welfare analysis. We endogenise knowledge diffusion
by allowing firms to conduct defensive R&D to prevent knowledge from diffusing to follower
firms, while taking the degree of intellectual property rights (IPR) protection as given. We also
introduce involutionary competition, as it is a notable feature of the contemporary Chinese
economy—a phenomenon that has recently attracted attention in both the media and policy
circles. Finally, we incorporate resource misallocation, since it is an intrinsic feature of many
developing countries, including China. Hsieh and Klenow (2009) shows that such misalloc-
ation can reduce a country’s TFP. Here, we are particularly interested in whether such static

misallocation has dynamic implications for TFP growth, rather than just affecting its level.



3.1 Preferences, Technologies, and Market Structures

We consider the following continuous-time economy. There is a representative household that
derives logarithmic utility from consumption,

Uy = / P In Cydt, (1)
0

where C; denotes consumption and p is the discount rate. The representative household faces
the following budget constraint,

Ci + A = wiLy + e A + Ty, ()

where A; denotes asset holdings, L; represents labour supply, and T; denotes the lump-sum
transfer from the government. A dot above a variable indicates its derivative with respect
to time. We normalise labour supply, L; = 1. The representative household takes as given
the wage rate wy, the interest rate r;, and the price of the consumption good, which we set as
the numeraire. The household’s total assets consist of physical capital holdings, K;, and the
aggregate value of firms, V;.
The representative household’s problem implies the standard Euler equation,
C

Ct :T’t—p, (3)

whereby consumption grows at a rate equal to the interest rate less the discount rate.
There is a single final good, Y;, which is used for consumption, R&D, and investment in
physical capital:
Y; = Ci + R+ K; + 6K, (4)

where R; denotes R&D expenditure and ¢ represents the depreciation rate of physical capital.
The final good itself is produced in perfectly competitive markets using the following
Cobb-Douglas production technology:

1
h’lYt :/ lny]-tdj, (5)
0

where yj; denotes the amount of intermediate good j € [0, 1]. The demand for each intermedi-
ate good is given by y;; = Y;/pj;, where pj; is its price. Each intermediate good is produced by
imperfectly competitive intermediate firms, as described below.

In each product line j, there are two incumbent firms, indexed by i € {1,2}, producing
imperfectly substitutable varieties of the intermediate good y;;;. The total industry output, yj;,

is given by

1 e\
]/jt = (ylﬁ + ]/2]‘? > s (6)
where ¢ > 1 denotes the elasticity of substitution between varieties, with higher values indic-

ating that the varieties are closer substitutes.

The intermediate input is produced using a Cobb-Douglas production technology that



combines capital and labour:

Yijt = Qijtk?;'tlilj;a/ )
where k;;; denotes the capital input, /;; denotes labour services, and g;j; is the associated pro-
ductivity. Within an industry, we use i to denote the leading firm and —i to denote the follower
firm, such that g;j; > q_;;;. When g;j; = q_;j;, we say that the two firms are neck and neck.

The two incumbent firms engage in Bertrand price competition. Each sets a price, p;jt, to
capture a larger share of the market for good j and to increase profitability from supplying
the intermediate variety for that good.” In equilibrium, both firms set prices such that there
is a markup over marginal cost. In particular, if s;; = p;j;/p_ij: denotes the relative price in

1-0c
the industry, the markup for the leader is m;j; = %, and the markup for the follower firm
. o . . . .
ism_jj; = (ZZW If there were no market distortions, the laissez-faire market share for the
it
leader would be aJZL]tF = Hslifl’ and the laissez-faire market share for the follower firm would
jt
o—1
be wﬁjt = 11’5 T In this oligopoly competition environment, firms” markups, along with the

market shares they capture, determine their profits.

To better reflect China’s growth experience, we introduce resource misallocation within
industries in the spirit of Hsieh and Klenow (2009). Specifically, in the Bertrand equilibrium,
leader i’s market share in product line j is given by

1\t
Wijr = Wit <1—|—S‘7_1> ’ (8)
jt

where yx is a progressive wedge that captures the degree of market distortions diverting re-
sources away from productive leaders to less productive follower firms. Moreover, 7;; is an
endogenous industry shifter that determines the average level of distortions in market j. Since
there are only two firms competing in this product line, the market share of the follower is
w_jjt = 1 — wijt.

This specification is drawn from the literature on income progressivity, such as Bénabou
(2002). A higher yx indicates that more resources are being diverted from leaders to followers
within a given industry. For a given yx, industries with larger productivity gaps—and hence
larger differences in intermediate variety prices—tend to suffer more from inefficient resource
misallocation, reflecting the “progressive” nature of the misallocation. Systematic misalloca-
tion from more productive firms to less productive ones is a key feature of developing econom-
ies and a central mechanism through which such misallocation lowers TFP (see, e.g., Hsieh and
Klenow, 2009). In the absence of resource misallocation, x = 0 and 7;; = 1.

Given these markups and market shares, in the Bertrand equilibrium, the profits of the two

2Formally, the firm’s optimisation problem is to choose pij to maximise <p1-]-t —ct/ qi]-t> Yijt, subject to pjjyijr +

-
p—ijty—ijt = Yr and yiip/y_jjp = <Pijt/P—ijt) . Here, ¢; = (r1/a)" (w;/ (1 — )™ is the common cost of the
capital-labour bundle.
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incumbent firms i € {1,2} are given by

1
[T = (1 - — ) wijt Yy )

In this environment, resource misallocation affects firms’ profitability mainly through its ef-
fects on their market shares.

Firms’ productivity evolves through successive innovations. When the leader innovates
between t and t 4 At, with probability ¢, its productivity level increases by a factor of A, such
that the new productivity level is g;jryar = ANt where N;j+ denotes the number of past im-
provements up to time t. With probability 1 — ¢, however, the leader’s innovation yields no
substantive improvement, so its productivity level remains at ANit. A higher value of 1 — ¢ im-
plies a lower marginal benefit from innovation, but the leader is still willing to devote resources
in part to maintain its market position—a phenomenon we call “involutionary competition.””

Involutionary competition is excessive competition that results in lower marginal gains, es-
pecially from a social perspective. Here, the leader innovates partly to improve its productivity
level and partly to maintain its market position, even if some of the innovative efforts produce
no meaningful social gains. Such involutionary competition also applies to follower firms and
new entrants, as we shall see later. We refer to the parameter 1 — ¢ as the involutionary com-
petition parameter.

We now describe innovations by the follower firms. Following Acemoglu and Akcigit
(2012), we assume that an innovation by a follower may be either incremental or drastic. With
probability ¢, the follower’s innovation brings about a drastic improvement in productivity, al-
lowing it to catch up with the leader at once—a process we call “quick catch-up.” With probab-
ility (1 — ¢) ¢, the follower’s innovation improves its productivity level by one step, bringing it
up to AN-it1, a process called “slow catch-up.” With probability (1 — ¢) (1 — €), the follower’s
innovation leads to no essential improvement in productivity. In this case, the follower’s in-
novative effort is partly devoted to involutionary competition.

Apart from the followers” innovative efforts, there is also a process of knowledge diffusion
between firms within the industry. Specifically, with a small Poisson arrival rate «, the follower
learns the technology of the leader and closes the technology gap at once. This occurs when the
follower effectively learns from the technology frontier, or when the leader’s existing patents
expire and no newer innovation has yet emerged. Hence, this exogenous probability of quick
catch-up essentially captures the knowledge spillovers from the best firms to the rest of the
industry. We label x as the knowledge diffusion parameter.

In each product line, the productivity levels of the leader and the follower are separated
by a certain number of gaps, which reflect the differences in the number of past successful
innovations by each of these firms, Njj; and N_;;. Formally, we denote n;;; = Njj — N_jjy > 0

as the technological gap between the leader i and the competitor —i. The relative productivity

3For example, in competitive product markets, many R&D cycles yield minor or purely cosmetic changes (e.g.
small feature updates) that do not advance the underlying technology, while only occasionally producing genuine
quality improvements. Firms nevertheless incur the cost of all such attempts, as maintaining a steady flow of
releases is important for preserving their market position.

11



of the two incumbent firms is then given by

it ANj=Noiie = A, (10)
q—ijt
The technological gap 7;j; will be an important state variable for firms when choosing innova-
tion strategies, as they balance the costs and benefits of such activities.

Next, we describe innovation by entrants. Each period, a potential entrant in each product
line invests in R&D to enter the market. If the entrant successfully innovates, it replaces the ex-
isting follower in the product line and becomes a new follower itself. The entrant’s productiv-
ity is determined as follows. With probability ¢, the entrant achieves a drastic innovation,
replacing the follower and becoming neck and neck with the existing leader. With probability
(1 — ¢) ¢, the entrant makes a small innovation on the follower’s technology, improving it by
one step. It then replaces the follower and competes with the existing leader. With probability
(1—¢) (1 —¢), the entrant’s innovation leads to no essential improvement in the follower’s
technology. However, it still replaces the existing follower and becomes a new follower. In
all cases, part of the entrant’s innovation effort is devoted to generating new discoveries and
improving technology, while the rest is devoted to involutionary competition. In this scenario,
the entrant is able to enter the market even if its efforts produce no substantive productivity
improvement from society’s perspective.

Firms invest in R&D to gain or maintain market leadership. To conduct R&D, we assume
incumbent firms use final goods as input. To achieve an innovation with the Poisson arrival
rate x;j;, the incumbent firm incurs a convex cost of G (xjj;) = ¢ x?jt /7y, where { represents the
average (inverse) innovation efficiency, and vy is the (inverse) elasticity of R&D with respect to
research expenditures. We further assume that the innovation technology is the same for both
market leaders and their followers. Moreover, entrants are assumed to have a similar innov-
ation technology. In particular, to generate an innovation with rate x.j;, the entrant incurs a
convex research cost of G, (xe]-t) = gexjjt /. Here, we allow the entrant’s innovation techno-
logy to differ from that of incumbent firms through the average efficiency (., while the elasti-
city of R&D with respect to R&D expenditures, v, is the same for incumbents and entrants.
We separate the two innovation technologies because entrants’” innovation may partly reflect
entry barriers and government regulations and may therefore evolve differently from that of
incumbent firms.

In addition to investing in R&D to maintain market leadership, incumbent leaders can en-
gage in defensive R&D to limit knowledge spillover to competitors. Specifically, by incurring
a convex cost G (fijt) = é'fc'g.t/ 7, a leader i can reduce the knowledge diffusion rate from x
to iy = H (%;j). We assume H (%;;;) = xexp (—p%;j;), where B represents the (inverse) ef-
fectiveness of defensive R&D. It follows that H (0) = «, so in the absence of defensive R&D,
knowledge diffuses at the baseline rate x. As the intensity of defensive R&D f;j; increases, the
diffusion rate x;j; declines. However, defensive R&D exhibits diminishing returns. Together
with the increasing convex cost of such effort, this determines the equilibrium rate of know-
ledge diffusion.

Figure 8 summarises how leadership positions evolve as a result of incumbent and entrant
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innovations. The vertical axis shows the quality or productivity level of a given product line,
while the horizontal axis depicts several representative product lines. Line 1 shows the case
in which two incumbent firms are neck and neck. Line 2 begins with a situation where the
leader is technologically ahead of the follower and describes how this changes with the entry
of a new firm. Line 3 illustrates a case in which the leader successfully innovates and widens
the technological gap in the industry. Line 4 depicts the situation where the follower catches
up with the leader at once due to knowledge diffusion within the industry. Finally, line 5

illustrates the effects of a successful follower innovation on market leadership.

Figure 8: Entry, Exit, and Leadership

® Leader
B Follower
€ Neck & neck
@® Entrant

quality, g

PX_j

(1 —@)ex_i
1 (1 —o)(1 —e)x_;

line 1 line 2 line 3 line 4 line 5 product line, j

Notes. Evolution of product lines. The diagram depicts how innovation by entrants (line 2), incumbent leaders
(line 3), and incumbent followers (line 5), together with neck-and-neck competition (line 1) and within-industry
knowledge diffusion (line 4), shape entry, exit, and the evolution of technological leadership. Open squares or
circles mark the previous positions of firms that innovate or exit.

3.2 Firm Values and Innovations

The step-by-step innovation model has a recursive structure, and at the core of this structure
are firms’ values and their innovation decisions. We now describe the stock market value of
incumbent and entrant firms, as well as their innovation decisions.

To this end, we note that along the BGP, stock market values grow at the same constant
rate g as final output. We therefore focus on market values normalised by GDP to make them
stationary along the BGP.

We begin with the market value of incumbent leaders. The payoff-relevant state variable is
the technological gap n between the leader and the follower. Hence, all leaders with the same
technological gap behave in the same way. In particular, leader i’s value in product line j with
technological gap n is given by

PUnt — Oy = Max { (1= 1) 7tnt — (1 —5¢) G (Xut) + &Xnt [Vn+1¢ — O]
nts Ant

+ ¢ (x—nt + xent) [UOt - Unt] + (1 — (P) € (x—nt + xent) [Unflt - Unt]

— (1 — St) G (Jznt) + H (fnt> [U()t — Umt]} .
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The left-hand side represents the present value of the leading firm, accounting for any
capital gains or losses.

The first component on the right-hand side is the firm’s after-tax profit from producing
its variety as a market leader, where 71,y = I1,;/Y; denotes normalised profit, and 7; is the
corporate income tax, assumed to be common across product lines.

The second component is the optional value of innovation as a market leader. Specifically,
by investing an amount G (x,;) in R&D, subject to an R&D subsidy s;, the leader successfully
innovates with Poisson arrival rate x,;. However, not all innovation leads to productivity im-
provements. Only with probability e does the leader improve its productivity level by one
step, thereby increasing the market value from v,; to v,,11;. With probability 1 — ¢, the innov-
ation does not lead to any substantive productivity improvement, but the leader retains its
leadership position. In this case, there is no change in the value function.

The next component describes what happens when competitors and entrants innovate suc-
cessfully. When a follower firm or a new entrant innovates successfully (with Poisson arrival
rates x_,; and x.,t, respectively), it catches up with the leader at once with probability ¢, re-
ducing the market value of the leader from v, to vp;. With probability (1 — ¢) ¢, the follower
or entrant catches up with the leader by one technological step, decreasing the leader’s value
from v, to v,_1;. With probability (1 — ¢) (1 — ), the follower or entrant does not make any
essential productivity improvements, leaving the leader’s market value unaffected.

The final component is the leader’s optional value of investing in defensive R&D. Spe-
cifically, by investing an amount G (%,;) in R&D, subject to R&D subsidies, the leader reduces
the knowledge diffusion rate from « to x,; = H (%,;). When knowledge diffusion occurs, it
decreases the market value of the leader from v, to vy.

Similarly, the value of an n-step follower is given by

Ut = O—p = MaAX { (1 —1) m_pt
—nt

— (1 =5¢) G (x—nt) + ¢x—pt [vor — V—nt] + (1 — @) €X_pt [V—py1t — V—nt]

+ &xXpt [V—n—1t — V—nt] + Xent [0 — V_pt] + Knt [Vor — V—nt] } .

Under oligopoly competition, the follower also produces and generates positive profit, rep-
resented by the first component on the right-hand side of the value function.

The follower firm also has an optional value of innovation. By investing an amount G (x_;)
in R&D, subject to R&D subsidies s;, the follower successfully innovates with a Poisson arrival
rate x_,;. With probability ¢, the follower catches up with the leader immediately, increasing
its market value from v_,; to vo;. With probability (1 — ¢) ¢, the follower improves its techno-
logy by one step, raising its market value from v_,; to v_,1;. With the remaining probability,
the innovation does not generate any meaningful productivity improvement, leaving the fol-
lower’s market value unchanged.

The next two components describe the effects of successful innovation by the leader or an
entrant. When the leader innovates successfully, with probability ¢, it widens the technological

lead by one step, reducing the market value of the follower from v_,; to v_,_y;. In contrast,
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when a new entrant innovates successfully, it always replaces the follower firm, reducing the
old follower’s market value from v_; to 0.

The last component captures the effect of knowledge diffusion. With a small Poisson arrival
rate x,;, knowledge diffusion occurs within the industry, allowing the follower to learn from
the technological frontier and catch up with the leader at once, increasing its market value
from v_,; to vy

Next, we describe the value of a neck-and-neck incumbent firm. This case requires special

treatment because there is no distinction between quick and slow technological catch-up.

por — Dot = max { (1 =) 7mor — (1 —s¢) G (x0) + exo [01r — Vo] + ex—or [0-1r — V0] + %xem [0— vm]} .
(11)

The first component on the right-hand side is the profit of a neck-and-neck incumbent firm,
subject to the corporate income tax ;.

The second component is the optional value of innovation. By spending an R&D expendit-
ure of G (xp), subject to an R&D subsidy s;, the firm successfully innovates with Poisson
arrival rate xo;. With probability ¢, the innovation raises the technology level by one step,
increasing the firm’s market value from v, to v1;. However, with probability 1 — ¢, the innov-
ation does not lead to any substantive productivity improvement, and the market value of the
firm remains unchanged.

If the competitor innovates successfully (with Poisson arrival rate x_¢;), with probability e
it becomes a one-step-ahead leader, and the firm becomes a one-step-behind follower, reducing
its market value from vy to v_1;. With probability 1 — ¢, the competitor’s innovation does not
improve productivity, leaving the firm’s market value unchanged. In equilibrium, both neck-
and-neck firms innovate at the same rate, so x; is equal to x_¢; for the competitor.

Finally, if a potential entrant innovates successfully, it replaces one of the two incumbent
firms. In this case, the market value of the incumbent firm decreases from vy to 0. Note
that when an entrant innovates, it always replaces the incumbent firm regardless of whether
the innovation leads to genuine productivity improvements. Hence, ¢ does not appear in the
neck-and-neck incumbent firm’s value function.

We now describe the entrants’” problem. In this model, entry is targeted at particular
product lines. The problem of an entrant targeting a product line with an n-step gap is as
follows:

max { — Ge (Xent) + Pxentvor + (1 — @) exentv—pi1r + (1 — @) (1 — €) Xent0_pt — 0} ) (12)

By investing an amount G, (X.¢) in R&D, the entrant achieves an innovation with a Poisson
arrival rate x.,;. With probability ¢, the innovation is drastic, allowing the entrant to catch
up with the leader at once and obtain a market value of vp;. With probability (1 — ¢) ¢, the
entrant improves the follower’s technology by one step, replaces the existing follower, and
obtains a market value of v_, ;. With probability (1 —¢) (1 —¢), the entrant’s innovation
yields no essential productivity gains over the follower. However, it still replaces the follower

and obtains a market value of v_,;. This represents a situation in which the entrant engages in
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involutionary competition to break into the market, without generating any substantive social
gains. The last term captures the entrant’s outside option, normalised to zero.

The problem of an entrant targeting a product line in a neck-and-neck state is defined sim-
ilarly.

max { — Ge (%e0t) + €x00tv1 + (1 — €) Xeorv0r — 0} . (13)

XeOt

By devoting resources to R&D, the entrant successfully innovates with Poisson arrival rate
xe01- It replaces one of the incumbents with probability ¢, obtaining a market value of v;;. With
probability 1 — ¢, the innovation does not lead to substantive productivity improvements, but
the entrant still replaces one of the incumbents and competes with the other in a neck-and-neck
state. In this case, it obtains a market value of vy;. The final term reflects the entrant’s outside
option (set to zero).

We have now completed the description of the value functions for different types of firms.
Solving these value functions yields the innovation rates for these firms, which in turn determ-
ine the aggregate growth rate of the economy.

3.3 Distribution of Industries

Before describing the aggregate economy, we first describe the evolution of the distribution of
industries. To this end, we denote ;s as the measure of product lines in which the technolo-
gical gap between the leader and the follower is nn. Naturally, the measures of different product
lines sum to one, Y ;> pnr = 1.

The law of motion of y,; for n > 1 is as follows:

fint = — (exnt + (9 + (1 — @) &) (x—nt + Xent) + Knt) Pt +€Xn—1¢ptn—1¢ + (1 — ) € (X—n—1¢ + Xen+1¢) Pnt1e-
(14)
The first term on the right-hand side represents the departures from state n when there is
a substantive innovation by incumbents or entrants in those industries, or when knowledge
diffusion occurs, allowing follower firms to catch up quickly with market leaders. The second
term represents additions to state n when the incumbent leader in industries with state n — 1
successfully innovates and widens the technological gap by one step. The third term captures
inflows into state n from industries with state n + 1 when a successful and substantive innov-
ation by follower firms or entrants reduces the technological gap by one step.
Similarly, the transition of y1; follows the differential equation:

i = — (ex1t + (@ + (1 — @) &) (x—1¢ + Xe1r) + K1r) pas + (2eX0r + €Xeor) por + (1 — P) € (x 21 + Xear) phos.
(15)
The interpretation of this equation is similar to the one above, except for the second term.
Here, additions to state 1 occur when either one of the two incumbent firms or a new entrant
successfully innovates, improving productivity by one step, and the industry transitions from
state 0 to state 1.
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Finally, the transition of i is governed by the following equation:

jlor = — (2ex0r + €xe0r) por + Y, Kntptnt + (1 — @) € (x_1¢ 4 Xert) piae + Y ¢ (Xt + Xent) Hnt-

n=1 n=1

(16)

Briefly, the first term represents departures from state 0, which occur when incumbent
firms or entrants successfully make substantive innovations, widening the technological gap
by one step. The second term represents additions to state 0 when knowledge diffusion occurs
in any unlevelled industries, bringing those industries to the neck-and-neck state. The third
term captures inflows into state 0 when there is a successful and substantive innovation by fol-
lower firms or entrants in industries with a single technological gap. The last term represents
transitions into the neck-and-neck state when incumbents or entrants in unlevelled industries

successfully make a drastic innovation and immediately catch up with their leaders.

3.4 Aggregate Economy and Balance Growth Path

The endogenous growth framework is highly tractable and admits closed-form solutions for
various aggregate variables. We are now ready to describe these variables. First, the productiv-
ity frontier of the economy is given by

1
Qr =exp (/0 In qjtdj> , 17)

1
o—1

where gy = (212: 145 >ﬁ denotes the productivity of industry j. In equilibrium, labour
market clearing requires that 1 = L; = fol Y2, lijtdj, and capital market clearing requires that
1 .
K = [, Y kijdj.
Using these expressions, the final output of the economy can be expressed as

Y; = AKFLITS, (18)

where A; = D;Q; represents the TFP of the economy. The TFP consists of two components: the
productivity frontier Q; and a distortion index D;, which arises because different firms charge
different markups.

The distortion index can be expressed as

1
1 Amtijr(0=1) 1 1=
— 1- 1— .
Dt =exp | — /0 In [mi].t Um + m_i]'(;;)\niﬂ(a—l) 1 d] Mt/ (19)

y -1
where M; = ( fol Y2, Z; Z d ]) denotes aggregate markups, and the remaining term summar-

ises how variations in markups interfere with resource allocation, thereby reducing TFP (see
also Peters, 2020). *

4The terms in brackets are expanded to include both firms in the production line j, the leader i and the follower
—1i, and thus written without a summation overi =1, 2.
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Furthermore, in equilibrium, aggregate R&D expenditure is given by

Ry = /01 (G (xijt) + G (%ijt) + G (x_ijt) + Ge (xejt) ] dj. (20)

These R&D investments support the innovations of incumbent leaders, followers, and new
entrants. These innovation efforts, in turn, determine the evolution of the productivity frontier

of the economy. In particular, the productivity frontier evolves according to

8t = (.UOt (2x0r + Xeor) + Z ,untxnt> eln A, (21)

n=1
which determines the aggregate TFP growth rate along the BGP.
Along the BGP, per capita consumption and output grow at the same constant rate g. Per

capita consumption is given by C; = k* (1 — 6g — 6x) Y, where 0gr = R;/Y; denotes the share
of R&D expenditure in output,

0+g/(1—u)
p+o+g/(1—a)

Ok = aM ™ (22)

1

aM ) " is the per capita

is the share of physical capital investment in output and k = (W

capital, which remains constant along the BGP.
Using these expressions, aggregate welfare in the BGP can be expressed as:

_ 1 8
pt e 23
WO = /0 e lnCtdt =In [A()k (1 — 9R — 91()] -+ 5 (1 ), ( )

where Ay = 1 is the initial level of TFP of the economy.

4 Calibration

We now take this model to the data to explore which potential drivers may lie behind the
slowdown. Specifically, we first calibrate the model to match the Chinese economy in the
initial BGP, which we set to the period between 2003 and 2007. We then keep most of the
model’s structural parameters fixed while varying a subset corresponding to potential chan-
nels through which TFP growth may have been affected. By comparing the initial and terminal
BGPs, we can identify the proximate causes of the slowdown, thereby laying the groundwork

for further investigation into this puzzling yet important phenomenon.

4.1 Model Counterparts of Empirical Moments

Before starting the calibration process, we introduce the model’s counterparts for the empirical
moments of interest. Our framework is highly tractable, allowing us to derive closed-form
solutions for the aggregate and distributional moments used in calibration. This tractability
also allows us to use methods such as GMM instead of relying on computationally intensive
simulations.
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First, an important aggregate moment is the TFP growth rate, which has already been given
by equation (21). The TFP growth rate helps pin down the innovation step size, among other
parameters. Next, the aggregate R&D share and aggregate investment share in output are
given by equations (20) and (22), respectively. The aggregate profit share of GDP is defined by

profit share, = 1 — i, (24)
M;
where the aggregate markup M; is given below equation (19). These aggregate shares help pin
down the capital’s output elasticity in the production function, the elasticity of substitution
between varieties within each industry, and the innovation costs for both incumbents and new
entrants.

The next important aggregate moment is market concentration within industries. Typically,
market concentration within an industry increases with the productivity gap between frontier
and laggard firms. However, in economies with distortions, market concentration also reflects
the degree of resource misallocation. Therefore, this measure helps pin down the parameter
governing resource misallocation in our framework. The average sales concentration, meas-

ured by the Herfindahl-Hirschman index, is given by

hhis = Y piu [w%t +(1- wm)z} . (25)
n=0

The productivity gap between frontier and laggard firms is defined as the difference in
average productivity between leaders and followers in the model. The economy-wide pro-
ductivity gap is then calculated as the average of industry-level productivity gaps and is given
by

productivity gap, = Y s In A" (26)
n=0
This aggregate moment serves as a measure of productivity dispersion.

We next introduce a second aggregate moment that captures the same underlying disper-
sion using firm-level productivity. Since the theoretical framework includes a continuum of
industries, firm productivity dispersion can be computed using the law of total expectations.
Specifically, the dispersion of firm productivity is the sum of the within-industry variation in
firm productivity and the dispersion of average firm productivity across industries. Mathem-
atically, it can be expressed as

(o) [e) [e) 1 /\2

Varg [Ingi] = Y juue Vare (Inqu) + Y ptat (Ex [Inque] = Ine)* = Y pis {”2 +(n— ﬁt)Z} n4 -
n=0 n=0 n=0

(27)

where average firm productivity is Ing = Y ;7 ptnt Et [Ingn¢] = 71 In A and the average gap is
ny = Z;;.O:O Untnl.

Using a similar approach, we can calculate another important aggregate moment: the dis-
persion of firm growth. Again applying the law of total expectations, economy-wide firm
growth dispersion is the sum of growth dispersion within industries and firm types (leaders,

followers, or entrants) and the variation in average firm growth across industries and types.
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The theoretical expression for firm growth dispersion is given by

Var; [g1] = % i Y piw Var; (gﬁt) +% i Y e <Et {g’ét} —gt)zf (28)

n=0ke{l,f,e} n=0ke{lf e}

where k indexes the type of firm, namely, a leader (/), a follower (f), or an entrant (e), and g;
denotes average firm growth across types and industries: §; = % Ym0 Lke {1 fe} Hnt Eb (g%.].

Given the Poisson arrival rates of innovation, the expected logarithmic growth of a leader
in an industry with gap n is E; [g!,] = xueIn A, and the variance of logarithmic growth for a
leader is Var; [g),] = xueIn A2. The corresponding expressions for followers and entrants can
be derived similarly.’

Next, the average markup in the economy is defined as
markup, = Z Unt Myt (29)
n=0

Although the average markup is easy to obtain both theoretically and empirically, recent stud-
ies have highlighted limitations of empirically estimating markups based solely on revenue
data without information on prices (see, for example, Bond et al., 2021; De Ridder et al., Forth-
coming). In particular, empirically estimated markups convey useful information about trends
and variation, but their levels may be biased. Given this, we use empirical markups to assess
changes in firm profitability over time, but we refrain from using their levels to directly calib-
rate the model.

Next, the aggregate entry rate is determined by the distribution of industries and the in-

novation intensity of entrants targeting those industries. Specifically, it is given by
1 o0
entry rate, = — Xent, 30
y ¢ > ngo,unt ent (30)

where the division by two reflects the fact that two firms operate in each product line at all
times. A related aggregate moment is the sales share accrued by new entrants, defined as

1 (o)
entrant sales share; = 5 Z UntXent (Pwor + (1 — @) ew_pi1t + (1 — @) (1 — &) w_ps)

n=1

1
+ Ey()txg()t (ewrr + (1 —¢€) wor) -

Although we can compute the entry rate and entrants’ sales shares directly from the CSMAR
data, we refrain from using these empirical moments directly because the dataset only includes
large, publicly listed firms and may not reflect genuine entry by small- and medium-sized
firms. Instead, we rely on the entry contributions reported in the literature, such as Brandt et

5For a Poisson process with rate x and a random jump size, the mean and variance of the jumps are both equal
to x, adjusted for the first and second moments of jump size, respectively. Using this property, the expected log

growth of a follower in an industry with productivity gap n is E; [gi;} = {x—ut (1 —¢p) e+ pen) + xmn}InA,

and the variance of log growth for a follower is Var; [354 = {x_m (1 — §) e+ pen?) + xyn*} In A2, Similarly,

the expected log growth of an entrant in an industry with gap # is E; [§5,] = Xent ((1 — ¢) e+ ¢en) In A, and the
variance is Var; [¢%,] = Xent (1 — ¢) e+ ¢en?) In A2

20



al. (2023).

In what follows, we formalise this concept as an aggregate moment capturing the contribu-
tion of entry to TFP growth. In the model, TFP growth is driven by innovations from incum-
bent leaders, followers, and new entrants. Together, these innovations push the economy’s
technological frontier forward, leading to sustained economic growth. The entry contribution
is defined as the share of TFP growth coming from entrant innovations and is given by

1 [ee]
entry contribution, = 20 Z 1t Bt [Q54] (31)
n=0

where the division by two reflects that two firms push the productivity frontier outward in
any given product line. This measure is particularly useful for identifying differences between
the innovation costs of entrants relative to those of incumbents.

Finally, an important set of moments is the distribution of industries across technology
gaps. The theoretical counterpart is the measure {ji},,_o, which can be used to construct
the cumulative density function (CDF). We target several key points of the CDF, including the
fraction of industries with productivity gaps less than or equal to 0.05, 0.1, 0.2, and 0.5. This
completes the discussion of the model’s counterparts to empirical moments.

4.2 Data and Calibration

We first calibrate the initial BGP of the model to reflect the state of the Chinese economy before
the 2008 global financial crisis. There are a total of 15 structural parameters to be calibrated,
{0,7.6,7T,5,A,2,0,0,Cc, P, %, X, B, €}. We calibrate five of them externally, using values sourced
from the literature, and calibrate the remaining parameters internally using GMM to match
empirical moments in the data.

We begin with the externally calibrated parameters. First, we set the discount rate, p, to
0.05. Next, we set the curvature parameter of the R&D production function for both incum-
bents and entrants to v = 1/0.35, consistent with values used in previous literature (e.g.,
Kortum, 1993; Acemoglu and Akcigit, 2012; Akcigit and Ates, 2023). We set capital’s depre-
ciation rate to 5%, a value commonly used in macroeconomic studies. We set the corporate
income tax rate to 33%, reflecting the statutory corporate tax rate in China before the 2008 fin-
ancial crisis. Finally, we set the R&D subsidy to 0, since widely available R&D subsidies were
virtually non-existent until shortly before the 2008 crisis.

We then calibrate the remaining parameters to match a set of aggregate and distributional
moments that capture the key features of the model. Although the GMM estimator jointly
estimates all parameters simultaneously, we have selected empirical moments that provide
specific information on particular parameters. For example, the TFP growth rate informs the
step size of innovation in the model. The aggregate investment share helps discipline the cap-
ital elasticity in the production function. The aggregate profit share provides information on
the elasticity of substitution between varieties, which affects the market power of incumbent
firms and, consequently, their profitability.

Moreover, the aggregate R&D share, together with the entry contribution, helps pin down
the average innovation costs for both incumbents and entrants, with the entry contribution
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particularly useful for identifying the relative costs of entrant versus incumbent innovations.
Market concentration, measured by the Herfindahl-Hirschman index, provides insight into
the degree of resource misallocation in the economy, helping to calibrate parameter x. Finally,
the dispersion of firm growth, together with the distribution of industries across productiv-
ity gaps, is useful for calibrating the probability of drastic innovation (¢), the average rate
of knowledge diffusion within industries (x), the effectiveness of defensive R&D in limiting

knowledge diffusion (B), and the degree of involutionary competition in the economy (1 — ¢).

4.3 Parameter Values and Model Fit

Table 1 summarises the calibrated parameters for the initial BGP, representing the state of the
Chinese economy between 2003 and 2007, while Table 2 reports the model’s fit to the data.
Overall, the model successfully matches the empirical moments. Apart from slightly overstat-
ing the aggregate profit share and aggregate R&D share, all other aggregate and distributional
moments are matched closely.

Table 1: List of Parameter Values

Parameter Description Value

Panel A. Externally calibrated

1Y Discount rate 0.05

0% R&D cost curvature 1/0.35
o Depreciation rate 0.05

T Corporate taxes 0.33

s R&D subsidies 0
Panel B. Internally calibrated

A Innovation step size 1.0719
« Capital’s output elasticity 0.5414
o Elasticity of substitution 87.0009
l R&D cost scale, incumbents 1.6614
Ce R&D cost scale, entrants 0.4130
¢ Probability of drastic innovation 0.0175
K Inverse IPR protection 0.1049
X Misallocation 0.3150
B Defensive R&D effectiveness 0.5290
1—¢ Involution 0.0240

Notes: Parameters in Panel A are calibrated externally using values from the literature (see Section 4.2). Parameters
in Panel B are calibrated internally by matching model moments to the empirical moments in Table 2.

Turning to the internally calibrated parameters, the innovation step size is estimated to be
1.0719, the capital elasticity in the production function is estimated to be 0.5414, the elasticity
of substitution between varieties within industries is estimated to be 87.0009, and the effective-
ness of defensive R&D in reducing knowledge diffusion is estimated to be 0.5290. The prob-
ability of making drastic innovations is very small, approximately 1.75 percent, meaning that,
for the majority of the time, laggard firms had to catch up with leaders slowly and gradually.
These five parameters will be held fixed when we calibrate the terminal BGP to investigate the

proximate causes of China’s TFP growth slowdown.
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A few remarks on the remaining parameters are in order. First, the entrants’ innovation
cost is estimated to be about one-fourth of the incumbents” innovation cost, indicating that
entry was relatively easy in China before 2007.

The degree of knowledge diffusion in the economy is estimated to be 0.1049. One way to
interpret this parameter is to think of knowledge diffusion as the inverse of intellectual prop-
erty rights protection. In this case, the estimate suggests that, on average, a patent would
expire roughly ten years after being granted in China before 2007. The degree of misallocation
is estimated to be 0.3150, suggesting that even before 2007 there was substantial resource mis-
allocation in the Chinese economy, echoing earlier findings in the literature (e.g., Hsieh and
Klenow, 2009).

Finally, the intensity of involutionary competition, or hyper-competition without social
gains, is estimated to be about 2.40 percent. This implies that, before 2007, involution was not
a major problem. This likely reflects the fact that China was still behind the world technology
frontier at that time and that ample innovation opportunities allowed firms to direct their

innovation efforts more effectively and productively.

Table 2: Data and Model Moments

Target Data  Model
Panel A. Aggregate moments

TFP growth rate 0.0331 0.0331
Aggregate investment share 0.3382 0.3382
Aggregate profit share 0.0601 0.1197
Aggregate R&D share 0.0124 0.0381
Entry contribution 0.3300 0.3300
Market concentration (HHI) 0.3817 0.3817
Dispersion of firm growth 0.0554 0.0541

Panel B. Distribution of industries
Fraction of industries with productivity gap

< 0.05 0.1667 0.1793
<0.1 0.4444 0.4444
<02 0.7778 0.6475
<05 0.8889 0.9081

Notes: The model is calibrated to match the Chinese economy in 2003—2007. TFP growth rate is obtained from the
Penn World Table version 9.1. Aggregate investment share in GDP and Aggregate R&D expenditure share in GDP
are obtained from the World Bank. Aggregate profit share in GDP is taken from De Loecker and Eeckhout (2021).
Entry contribution is based on Brandt et al. (2023). Market concentration, the dispersion of firm growth, and the
distribution of industries are calculated using data from CSMAR.

In summary, the calibration results provide valuable insights into the state of the Chinese
economy between 2003 and 2007, lending confidence in using this framework to investigate
the causes of the subsequent slowdown in productivity growth.

4.4 Investigation of Productivity Slowdown

We now move on to calibrate the model to reflect the state of the Chinese economy during the
period 2013-2017. By comparing the calibration results between the initial and terminal BGPs,
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we can identify the proximate causes of China’s TFP growth slowdown. To this end, we keep
a subset of the internally calibrated parameters fixed and recalibrate the remaining parameters
to match the 2013-2017 data targets.

We select the parameters for recalibration based on several potential channels that might
have affected TFP growth. First, changes in industrial policies, such as the corporate income
tax rate and R&D subsidies, may influence firms” innovation incentives and, consequently, ag-
gregate TFP growth. Second, changes in innovation costs for incumbents and entrants may
directly affect firms” innovation decisions, which could help explain the productivity slow-
down. This channel is particularly relevant as China moves closer to the world technology
frontier. Recent studies suggest that ideas are becoming harder to find in advanced economies
like the US.

Third, we consider the possibility that knowledge diffusion within industries has slowed
in China. This could be a contributing factor, especially in light of findings that the decline
in business dynamism in the US since the 1980s was mainly driven by weaker knowledge
diffusion over time (see, e.g., Akcigit and Ates, 2023).

Finally, we consider two channels particularly relevant to developing economies like China.
The first is an increased degree of resource misallocation, which diverts resources from more
productive firms to less productive ones. In the context of an endogenous growth model,
greater misallocation not only lowers the level of aggregate productivity but also affects TFP
growth by altering firms’ innovation incentives. The second is the intensification of involution-
ary competition in China over time. Such competition can be wasteful of innovation resources,
generating no social gain, and could potentially explain the puzzling combination of rising
R&D expenditures and slowing TFP growth.

To capture these channels, we focus on a set of internally calibrated parameters {(, (., x, x, €},
as well as two externally calibrated policy parameters, T and s. We set the corporate income
tax rate to 25 percent. The Chinese government significantly revised its corporate income tax
system, effective January 1, 2008, unifying it and reducing the standard rate to 25 percent. We
thus set the corporate income tax to this new statutory rate.

We set the R&D subsidy rate to 23 percent. Although China’s formal R&D tax incentives
date back to the 1990s, these mainly took the form of preferential tax policies and direct funding
that were not widely accessible to firms. Starting in 2006, however, the government relaxed
the eligibility criteria for a significant R&D super deduction, allowing firms to deduct 150
percent of qualified R&D expenses, making these incentives more broadly available. By the
end of the period, the effective R&D subsidy rate is estimated at approximately 23 percent,
which we use to calibrate the terminal BGP of our model. We then calibrate the remaining
parameters to match selected aggregate and distributional moments for the Chinese economy
during 2013-2017.

Table 3 shows the new calibration results for the terminal BGP, and Table 4 reports the
tit of the model to the data. Overall, the model fit is very good. It generates a significant
slowdown in productivity growth, consistent with the observed data. It also closely matches
changes in the entry contribution, market concentration, and firm growth dispersion. The

model-generated distribution of industries aligns fairly closely with the distribution observed

24



in the data.

Table 3: Calibrated Parameter Values: Terminal BGP

Parameter Description Value

Panel A. Externally calibrated

Y Discount rate 0.05

0% R&D cost curvature 1/.35

) Depreciation rate 0.05

T Corporate taxes 0.2500 ({)
5 R&D subsidies 0.2300 (1)
Panel B. Internally calibrated

A Innovation step size 1.0719

o Capital’s output elasticity 0.5414

o Elasticity of substitution 87.0009

4 R&D cost scale, incumbents 4.7337 (1)
Ce R&D cost scale, entrants 2.8255 (1)
¢ Probability of drastic innovation 0.0175

K Inverse IPR protection 0.0259 ()
X Misallocation 0.5496 (1)
B Defensive R&D effectiveness 0.5290
1—c¢ Involution 0.6684 (1)

Notes: Parentheses after values in the third column indicate that the parameter is recalibrated; otherwise, it is
held fixed at the baseline value reported in Table 1. Up (down) arrows indicate that the estimated value increases
(decreases) relative to the baseline in Table 1. Parameters in Panel A are calibrated externally, whereas those in
Panel B are calibrated internally using the generalised method of moments (GMM).

Turning to the estimates of the selected parameters, several patterns emerge.

First, innovation costs for both incumbents and entrants have increased substantially to-
ward the end of the sample period. The incumbent innovation costs have nearly tripled
(4.7337 in 2017 vs. 1.6614 in 2007), and the innovation costs for entrants have also risen several
times (2.8255 vs. 0.4130). This indicates that as China moved closer to the world technology
frontier, innovation has indeed become more difficult and costly, consistent with findings in
the literature that ideas are generally getting harder to find. More importantly, the relative
innovation costs of entrants compared to incumbents have increased from about one-fourth
(0.4130/1.6614) in the earlier period to nearly one-half (2.8255/4.7337) in the later period. This
suggests that not only have innovation costs increased overall, but innovation has also become
less accessible to new entrants, potentially explaining the decline in the entry contribution to
the economy over time.

Second, the knowledge diffusion parameter has declined significantly (0.0259 in 2017 vs.
0.1049 in 2007), despite differences in development stages between China and the US. This
indicates that a slowdown in knowledge diffusion is also occurring in China, suggesting that
knowledge diffusion slowdowns are not specific to the US but may be a more global phe-
nomenon driven by technological and structural changes. A decline in knowledge diffusion
could contribute to the TFP slowdown, as knowledge spillovers within industries become less
effective.

Third, the degree of misallocation is estimated to have increased substantially toward the
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end of the sample (0.5496 in 2017 vs. 0.3150 in 2007). This implies that after the global finan-
cial crisis, the functioning of the market deteriorated over time. Greater misallocation could

negatively impact TFP growth by altering firms’ innovation incentives.

Table 4: Model Fit: Terminal BGP

Target Data  Model
Panel A. Aggregate moments

TFP growth rate 0.0083 0.0083
Entry contribution 0.1500 0.1500
Market concentration (HHI) 0.2589 0.2589
Dispersion of firm growth 0.0375 0.0342

Panel B. Distribution of industries
Fraction of industries with productivity gap

< 0.05 0.0980 0.1707
<0.1 0.3922  0.3922
<02 0.6863 0.5444
<05 0.9412 0.8034

Notes: The model is recalibrated to match the Chinese economy in 2013-2017. TFP growth rate is obtained from
the Penn World Table version 9.1. Entry contribution is based on Brandt et al. (2023). Market concentration, the
dispersion of firm growth, and the distribution of industries are calculated using data from CSMAR.

Finally, we estimate that involutionary competition has intensified considerably toward the
end of the sample period (0.6684 in 2017 vs. 0.0240 in 2007). The probability of firms engaging
in such competition was very low before the financial crisis but increased substantially after-
ward. One potential reason is that, following the global financial crisis, the decline in foreign
demand and weaker domestic demand forced firms to compete fiercely over smaller markets.
This competition extends beyond product markets and may influence other aspects of corpor-
ate strategy, including product innovation. Firms may allocate substantial resources to innova-
tion activities primarily to consolidate market positions or expand market share, without gen-
erating meaningful improvements in product quality or operational efficiency. Such dynamics
could further contribute to the slowdown in TFP growth. Overall, our analysis suggests that
the channels we have identified are highly relevant for explaining the TFP growth slowdown
in China.

Before we decompose the relative importance of each channel in the TFP growth slowdown
experienced in China, we note that our model replicates key empirical dynamics that were not
directly targeted in the calibration. Table 5 shows how well the model tracks these untargeted
empirical patterns. Specifically, it presents a selection of aggregate moments not targeted in
the calibration, showing both their changes over time in the data and the model’s predictions.
The model correctly predicts the direction of change for all these moments except the entry
rate. For example, the profit share increased by 0.35 percentage points in the data, and the
model predicts an increase of 2.62 percentage points. Similarly, the R&D share in GDP in-
creased by 0.80 percentage points in the data, while the model predicts 1.93 percentage points.
The model slightly overstates the increase in aggregate markups but captures the directional
change correctly.
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Table 5: Level Changes (A) in Untargeted Moments

Moment Data (%) Model (%)
A profit share +0.35 2.62
A R&D share +0.80 1.93
A markup +2.56 6.77
A entry rate +2.08 —11.04
A entrant sales share —4.53 —11.63
A productivity gap +1.23 6.23
A productivity dispersion ~ +16.17 6.14

Notes: The model is calibrated to match the Chinese economy in 2003—2007. TFP growth rate is obtained from the
Penn World Table version 9.1. Aggregate investment share in GDP and Aggregate R&D expenditure share in GDP
are obtained from the World Bank. Aggregate investment share is the gross fixed capital formation by the private
sector as a share of GDP. Aggregate profit share in GDP is obtained from De Loecker and Eeckhout (2021). Entry
rate and the distribution of industries are calculated using the matched patent data.

The empirical increase in the entry rate is somewhat surprising, given the long-run down-
ward trend documented earlier (see Figure 7). Nevertheless, the five-year average entry rate
shows a slight increase between 2003-2007 and 2013-2017. Our model captures the long-term
decline in the entry rate, as well as the decline in entry sales shares, reasonably well. While
the model slightly overstates changes in the productivity gap and understates changes in pro-
ductivity dispersion, it predicts both in the correct direction. Overall, we conclude that the
model provides a reasonable fit to the data.

4.5 Contributions of Individual Channels

We now turn to decomposing the relative importance of each channel in explaining the pro-
ductivity growth slowdown between 2007 and 2017. To this end, we perform counterfactual
experiments in which we shut down one channel at a time. Shutting down a channel means
keeping the parameter governing that channel fixed at its initial BGP level, while allowing
all other parameters to adjust to their terminal BGP levels. We then examine how much TFP
growth slowdown the model generates without that channel. By comparing the hypothetical
slowdown to the actual slowdown when all channels are active, we can assess the relative
magnitude of each channel’s contribution to the productivity slowdown.

Formally, let the aggregate TFP growth rate at time 2007 be denoted by g2007, its value at
time 2017 when all channels are active by g»017, and the aggregate productivity growth when
a specific channel i is absent by gz_oi17~ The contribution of channel i to the total TFP growth
slowdown can then be expressed as follows:

contribution; = M. (32)
82017 — §2007

Table 6 presents the decomposition results, revealing several interesting findings.

First, unlike in the US, slower knowledge diffusion (x) is not a major driver of China’s TFP
growth slowdown. The contribution of this channel is positive but relatively small, a point we

will return to later.
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Second, a key factor behind the slowdown is that ideas are becoming harder to find. Both
innovation and entry costs ({ and {.) have risen substantially toward the end of the sample
period. This likely reflects the fact that innovation has become more costly as China ap-
proaches the world technology frontier. The country can no longer rely solely on imitating
technology from advanced economies and adapting it locally; instead, it increasingly needs
to push the frontier itself, which is more difficult and expensive. Together, the increase in
innovation and entry costs can account for about 21 percent of the total productivity growth

slowdown.

Table 6: Decomposition results

Individual Channels

4 Ce K T S x 1l—¢
Contribution (%) 17.78 277 1.03 —-159 -3.31 139 56.37

Notes: The table reports the percentage contribution of specific channels to the total model-generated deviation of
TFP growth between 2007 and 2017 (as defined in Eq. 32). Negative values indicate that the corresponding channels
move TFP growth in the opposite direction to the empirical trend. The specific channels include: (i) increases in
innovation costs J; (ii) increases in entry costs (; (iii) decreases in knowledge diffusion «; (iv) decreases in corporate
income taxes T; (v) increases in R&D subsidies s; (vi) increases in resource misallocation y; and (vii) increases in
involutionary competition 1 — e.

Third, and perhaps most importantly, involutionary competition (1 — ¢) has intensified.
This means that firms are devoting more research effort, but achieving fewer productivity
gains. This channel alone can explain more than 56 percent of the slowdown. This finding also
sheds light on the puzzling pattern highlighted earlier in the paper: despite substantial in-
creases in both R&D expenditures and patent applications, TFP growth has declined since the
global financial crisis. The intensified involutionary competition provides a key explanation
for this apparent decoupling between R&D effort and productivity growth.

Fourth, rising resource misallocation () also slows TFP growth, contributing about 1.39
percent to the slowdown. At first glance, this channel may seem minor. Upon closer examin-
ation, however, interesting lessons emerge. While the magnitude of the misallocation channel
appears small, it is roughly comparable to the positive effect of the corporate income tax cut.
In other words, if misallocation had not worsened after the crisis, the government could have
achieved the same growth rate without resorting to the tax cut.

From a theoretical perspective, our framework demonstrates that static resource misalloc-
ation, as documented in the literature, can have dynamic implications for TFP growth. When
market frictions divert resources away from highly productive firms, it reduces their incentives
to innovate. Because laggard firms and potential entrants are forward-looking, such misalloc-
ation also diminishes their innovation incentives.

Finally, it should be noted that industrial policy responses, including the corporate tax
rate cut (7) and the increase in R&D subsidies (s), were generally supportive of TFP growth.
Nevertheless, policy alone is insufficient to prevent the slowdown. This implies that other
policy instruments—particularly those addressing resource misallocation and involutionary
competition—may be necessary to support sustained productivity growth in the future.

Before concluding, an important question remains: Why does slower knowledge diffusion
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hurt the US but not China? To understand this, it is helpful to note that knowledge diffusion is
a double-edged sword. On one hand, it promotes knowledge spillovers across firms, increas-
ing productivity growth. On the other hand, it can reduce technological leaders” incentives to
innovate, as they may not be able to fully reap the rewards of their discoveries once these spill
over to the wider economy. For these reasons, the relationship between aggregate growth and
the degree of knowledge diffusion follows an inverted-U shape, as illustrated in Figure 9. The
figure also shows the calibrated knowledge diffusion rate for China before the 2008 financial

crisis, along with the estimated decline towards 2017.

Figure 9: Growth Effects of Knowledge Diffusion
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Notes. Growth rate as a function of knowledge diffusion based on a calibrated version of the model. Details of the
parameter calibration are described in Section 4.2 and summarised in Table 1. Vertical lines show (i) the calibrated
value of knowledge diffusion (0.1049) and (ii) the estimated decline in knowledge diffusion between 2007 and 2017
(from 0.1049 to 0.0259).

From the diagram, it is clear that around 2007, China’s knowledge diffusion rate was re-
latively high, likely due to weaker intellectual property rights protection at the time. A sub-
sequent strengthening of IP protection increased firms” innovation incentives and supported
growth, at least initially. Even though knowledge diffusion declined towards the end of the
sample period, the two effects appear to offset each other, so the overall impact of slower dif-
fusion on China’s TFP growth slowdown remains modest.

In contrast, knowledge diffusion in the US was already quite slow before the 1980s due
to strong IPR protection. The US economy was thus on the left-hand side of the inverted-U
curve, where further declines in diffusion reduce knowledge spillovers and slow growth and
business dynamism. In this case, the negative effect on spillovers dominates the incentive
effect.

An important implication is that one cannot simply assume a phenomenon observed in
one economy will have the same effect in another. Differences in development stages and
institutional circumstances can lead to very different outcomes.
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5 Conclusion

China achieved extraordinary productivity growth following the start of the economic reforms
in 1978. However, since the 2008 global financial crisis, growth has become more muted and
puzzling, with TFP growth continuing to decline despite exceptionally strong R&D activity.
At the same time, firm-level dynamics point to weakening competitive outcomes, including
declining market concentration, limited growth in markups and profits, and a reduced con-
tribution from new entrants. These patterns suggest a disconnect between innovation activity
and aggregate productivity performance.

To account for these developments, we build a step-by-step endogenous innovation model
by extending the framework of Akcigit and Ates (2023) along several dimensions, including
involutionary competition, resource misallocation and strategic defensive R&D. Our quantitat-
ive analysis identifies two primary drivers of China’s productivity slowdown. First, intensified
involutionary competition diverts a substantial amount of innovative resources towards activ-
ities that generate limited social returns, thereby reducing the effectiveness of aggregate R&D
in driving productivity growth. Second, innovation and entry have become increasingly costly
as China approaches the global technology frontier, slowing the pace of productivity growth.
Together, these forces account for the bulk of observed slowdown in TFP growth. Resource
misallocation and slower knowledge diffusion also contribute, albeit to a much lesser extent.
We also find that while industrial policies, such as corporate income tax cuts and R&D sub-
sidies, have supported growth, they were insufficient to offset these broader structural forces.

Our findings highlight involutionary competition as a central challenge for China’s future
growth. By directing resources away from productivity-enhancing innovation towards zero-
sum competition, involution reduces the effectiveness of aggregate R&D investment. From
an economic perspective, involution can be understood as arising from excess capacity and
the resulting intensified competition over limited demand. When firms compete for limited
markets, resources are increasingly allocated to defensive or rent-seeking activities, with little
or no aggregate gains. Addressing this challenge is inherently difficult, as it arises from deeper
structural imbalances rather than a single market distortion. This suggests that policies aimed
at rebalancing structural supply and demand, as well as those that improve the allocation of
innovative effort, are likely to be important.

A second key implication is that innovation is becoming costlier for both incumbent firms
and potential entrants. While policy factors may play a role, the increase in innovation costs
are likely to be driven by technological factors and China’s stage of developments. This is con-
sistent with the observation that “ideas are getting harder to find” as economies approach the
technological frontier (Bloom et al., 2020). As a result, policies that focus solely on increasing
the scale of R&D investment may face diminishing returns unless they are complemented by
measures that improve the efficiency of innovation.

More broadly, our analysis point to the importance of allocative efficiency for sustaining
productivity growth. Beyond direct measures such as R&D subsidies, policies that allow re-
sources to flow towards more productive and innovative firms remain critical for supporting
growth. In this context, policies that reduce involutionary competition can complement tradi-

tional innovation policies by redirecting effort towards more socially productive activities and
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strengthening the aggregate impact of R&D.

Finally, our analysis opens several avenues for further research. First, the role of involu-
tionary competition in shaping economic outcomes remains insufficiently understood. Further
work is needed to develop theoretical frameworks, empirical measures, and provide causal
evidence on how such competition affects innovation and productivity. Second, the rise in in-
novation costs raises important questions about the sources of this trend, the extent to which
it reflects global versus country-specific factors, and the policies that can mitigate these costs.
Addressing these questions would not only shed further light on China’s growth prospect but
also offer insights for economies facing similar challenges as they approach the technological

frontier.
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