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Abstract

We study how business cycle fluctuations shape the pace and direction of innovation.
Non-green innovation is procyclical, while green innovation is countercyclical, both
over the cycle and in response to economic shocks. We explain this divergence in a
dynamic general equilibrium model with endogenous green and non-green innova-
tion. Green patents derive more value from distant profits, making green innovation
less sensitive to short-run fluctuations. Endogenous innovation costs reinforce this
mechanism, making green and non-green innovation effective substitutes. Evidence
from market-implied patent valuations and scientist earnings supports the mecha-
nism. The model implies larger and greener effects of innovation subsidies during
downturns.
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1. Introduction
Climate change is the defining challenge of our time, posing severe threats to lives, liveli-
hoods, ecosystems, and the global economy. Carbon pricing remains a central tool for
mitigation, but its distributional impacts have sparked public resistance, as higher energy
costs weigh disproportionately on low-income households and carbon-intensive indus-
tries. Against this backdrop, green innovation is key for a successful transition, enabling
emissions reductions while sustaining economic growth. Yet recent global shocks, such as
the COVID-19 pandemic and subsequent recession, have raised concerns that economic
downturns may stall the green transition by tightening financial constraints or shifting
firms’ innovation priorities. Understanding how green innovation responds to the busi-
ness cycle is therefore critical.

This paper provides an anatomy of the cyclicality of innovation, with a focus on green
and non-green technologies. We define green innovation as the development of clean
technologies that replace or reduce the reliance on existing carbon-intensive ones. Based
on the universe of patents filed in the United States, we document a striking pattern:
while overall patenting activity is procyclical, green and non-green innovation exhibit
markedly different cyclical behavior. Non-green patenting moves with the business cycle,
declining during downturns, whereas green patenting is countercyclical, increasing during
contractions. As a result, the share of green patents rises during recessions—but notably,
we also find evidence that the absolute number of green patents increases.

To establish these patterns, we examine the dynamics of patent applications—both
unconditionally over the business cycle and conditional on macroeconomic shocks. For
the former, we analyze the dynamic correlations of the number of patent applications with
business cycle shocks, measured as innovations to output that cannot be forecasted using
past macroeconomic variables. For the latter, we estimate the dynamic causal effects of
monetary policy shocks on patenting. We think of monetary policy shocks as a stand-in
for a well-identified demand shock. Moreover, these shocks have the appealing feature
that they induce a negative co-movement between real interest rates and output, allowing
us to shed light on underlying transmission channels.

The patenting responses to business cycle and monetary policy shocks are remarkably
similar: the green patent share increases after a contractionary shock, driven by a rise in
the number of green patents and a decline in non-green patenting. The procyclicality of
non-green innovation aligns with the common notion that tighter credit conditions, lower
revenues, and reduced profits during economic downturns result in cuts to R&D budgets
and a decrease in patenting intensity. This raises the question of what can explain the
different cyclicality of green innovation.
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A key difference between green and non-green patents lies in their duration. As the
economy transitions away from carbon-intensive technologies, green patents generate
profits that are heavily backloaded. This payoff structure makes the value of green patents
and thus green patenting less sensitive to business cycle shocks, which operate at much
shorter frequencies. There are two channels that could be driving this result. The first
works through cash flows: as profits are backloaded, they are less affected by transitory
shocks. The second works through discounting: economic contractions are typically asso-
ciated with a fall in discount rates. Thus, future profits are discounted by less, which helps
stabilize patent values. The fact that we find comparable results for general business cycle
and monetary policy shocks suggests that the cash flow channel dominates—since mone-
tary policy shocks imply a negative co-movement between output and discount rates, the
discount rate channel would predict more cyclical green innovation.

The contrasting cyclical patterns of green and non-green patenting are robust across
multiple dimensions. First, we show that these cyclical patterns extend beyond national
borders. While our primary focus is on the United States, we document similar divergent
cyclicality between green and non-green patenting in OECD countries and globally. Sec-
ond, we show that the cyclicality is comparable for patenting among listed and private
firms. Third, the result holds true not only in the aggregate but also at the firm level. By
linking patent data with balance sheet information for U.S. public firms, we find com-
parable firm-level patenting responses to monetary policy shocks, even when controlling
for firm characteristics such as leverage, size, or firm age. Importantly, we also docu-
ment a reallocation from non-green to green patenting within firms. Finally, we show that
firms with longer duration, as proxied by a low book-to-market value, display a more
pronounced green patenting increase following a contractionary shock.

To explain the different cyclicality of green and non-green innovation, we develop a
dynamic stochastic general equilibrium model with directed technical change. The model
features endogenous innovation in green and non-green technologies. We first study a
simple production economy, taking the aggregate level of innovation and labor as given.
The production block consists of a final good producer that assembles the final good using
materials and energy. The energy input is a composite of fossil fuels and green energy.
Intermediate input producers supply non-green materials and green energy varieties.

We show that in this economy, the equilibrium market share of the green energy com-
posite increases along the green transition, and green patents generate higher profits in
the future. We label this phenomenon “green is in the future”. The intuition for this result
goes as follows. In our model, the number of green varieties reflects the productivity of
green inputs. As the green share increases along the transition, the productivity of green
inputs rises, leading to lower prices and higher demand for green inputs. Consequently,
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the profits from producing green inputs are higher in the future. This implies that the
value of a green patent, which is proportional to the discounted sum of future profits, is
more heavily influenced by future profits than that of a non-green patent.

The backloaded profit structure of green patents, combined with the transitory nature
of business cycle shocks, gives rise to a green duration channel: the value of green patents
responds less to such shocks than the value of non-green patents. This, in turn, creates
an incentive to adjust green patenting intensity by less in response to macroeconomic
shocks. We keep discount rates fixed in this partial equilibrium setting, but provide a
decomposition between the cash flow and discount rate channel in general equilibrium.

We close the model by introducing innovators that use skilled labor as an innovation
input to create new green and non-green varieties, and a standard household block. The
model features a positive externality from the aggregate technological level, assuming
that each successful innovation creates new varieties of green energy and materials.

The green duration channel—as distilled in partial equilibrium—is able to generate
the countercyclicality of the share of green varieties, also in general equilibrium. Even
though we allow for the discount rate channel which could work against the counter-
cyclicality, we find that the cash flow channel generally dominates.

While this channel can account for the relative cyclicality, it cannot generate the coun-
tercyclicality of the number of green patents. In general equilibrium, however, there is an
additional force operating through the inelastic supply of skilled labor. When the labor
supply curve is positively sloped, a recessionary shock reduces non-green innovation,
which in turn lowers aggregate demand for skilled labor and thus wages. The lower
wage then decreases the cost of green R&D, incentivizing firms to undertake more green
innovation and offsetting the partial equilibrium effect. When this effect is sufficiently
strong, the model is able to generate the differential cyclicality of the number of green
and non-green patents observed in the data.

We provide empirical evidence supporting the key mechanisms of the model. To test
the green duration channel, we use the market-implied values of U.S. patents from Ko-
gan et al. (2017). Consistent with the model, green patent values fluctuate less over the
business cycle and respond less to identified macroeconomic shocks, including monetary
policy shocks. This pattern holds in both patent-level estimates and firm-level indices of
green and non-green patent values.

To shed light on the general equilibrium effects operating through innovation costs,
we examine adjustments in the skilled labor market. Following a contractionary mone-
tary policy shock, scientist earnings fall significantly, while the number of green inventors
at firms increases. These patterns are consistent with the model’s predicted general equi-
librium adjustment through the skilled labor market.
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Finally, we use the model for two additional analyses. First, we study the long-
run effects of business cycle shocks, which we cannot directly estimate from the data.
By reallocating innovation between green and non-green technologies, transitory busi-
ness cycle shocks permanently alter the composition of technology and, hence, the green
patent share. Second, we conduct counterfactual policy exercises showing that the effects
of R&D subsidies are state dependent. Because downturns lower skilled R&D wages,
neutral subsidies generate more innovation per dollar in recessions than in booms. The
patents they generate also have a greener composition during downturns, reflecting the
higher baseline green share. Green-targeted subsidies, by contrast, directly shift the com-
position of innovation toward green technologies, and also do so more strongly during
downturns.

Related literature. This paper contributes to several strands of literature. First, it re-
lates to the extensive body of research on the cyclicality of innovation. A large literature
documents that aggregate innovation, as measured by R&D expenditures and patent fil-
ings, is procyclical (e.g. Aghion et al., 2010; Aghion et al., 2012; Barlevy, 2007). Related
research shows that business cycle shocks can have long-lasting effects on economic ac-
tivity through their impact on investment, innovation and productivity (Antolin-Diaz
and Surico, 2022; Jordà, Singh, and Taylor, 2024; Ilzetzki, 2024; Furlanetto et al., 2025).
In recent work, Ma and Zimmermann (2023) focus on monetary policy and show that
contractionary monetary shocks decrease aggregate innovation. The procyclicality of in-
novation is typically explained by the fact that economic contractions reduce firms’ cash
flows and tighten financial constraints, leading to lower R&D investment and innova-
tion output. Our findings confirm this broad pattern for overall patenting but reveal an
important distinction between green and non-green innovation.

Second, our paper relates to the literature on green innovation and its determinants.
Given recent estimates of the social cost of carbon (Burke et al., 2023; Bilal and Känzig,
2024), understanding the drivers of green innovation is of utmost importance. Prior stud-
ies have examined how environmental policies, such as carbon pricing and subsidies, in-
fluence green technological development (Calel and Dechezleprêtre, 2016; Colmer et al.,
2024; Aghion et al., 2016; Känzig, 2023). Popp (2002) provides early evidence that higher
energy prices induce clean innovation by directing inventive activity. Acemoglu et al.
(2012) emphasize the central role played by market size and price effects on the direction
of technical change. Acemoglu et al. (2023) examine the shale gas revolution, showing
that the natural gas boom discourages green innovation.

Two closely related papers study how financial conditions and constraints affect green
innovation. Aghion et al. (2026) and Fornaro et al. (2026) show that young firms and firms
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with a high share of green patents reduce their innovative activity more sharply when
financial conditions tighten. Our analysis complements theirs by studying business cycle
shocks more broadly rather than financial shocks per se. Moreover, our firm-level results
focus on large, more mature firms, for which financial constraints are less likely to bind.
Yet these firms account for the bulk of green patenting in the United States, even though
green patents represent only a moderate share of their patent portfolios.

Our paper contributes to this literature by documenting the cyclicality of green patent-
ing and providing a theoretical explanation for its countercyclicality. Unlike Fornaro,
Guerrieri, and Reichlin (2025), we document reallocative effects between green and non-
green innovation both across and within firms. This reallocation is consistent with the
Schumpeterian view (Aghion and Saint-Paul, 1998): economic downturns and the asso-
ciated fall in wages reduce the opportunity cost of innovative activity and induce more
green innovation at the expense of non-green innovation.

Our general equilibrium model with green and non-green innovation also contributes
to the literature on medium-run fluctuations, which emphasizes the interplay between
technological progress, capital accumulation, and business cycle dynamics (Comin and
Gertler, 2006; Anzoategui et al., 2019, among others). A number of influential studies
focus on understanding the historically slow recoveries from recessions (Benigno and
Fornaro, 2018; Bianchi, Kung, and Morales, 2019; Queralto, 2020). Other research exam-
ines the implications for asset prices and exchange rates (Kung and Schmid, 2015; Gorne-
mann, Guerrón-Quintana, and Saffie, 2021). Recent work emphasizes how innovator het-
erogeneity shapes business-cycle propagation, with Wang and Zhang (2025) focusing on
the distribution of firms’ readiness to launch innovation projects and Benedetti-Fasil et
al. (2025) on changes in the composition of innovating firms through selection, entry, and
exit. While existing models typically focus on aggregate technical change, our framework
incorporates the dynamics of directed green and non-green innovation during the climate
transition.

Outline. The paper proceeds as follows. Section 2 presents stylized facts on the cycli-
cality of green and non-green innovation: in the aggregate and at the firm-level, as well
as unconditionally and conditional on macroeconomic shocks. Section 3 introduces our
business cycle model with green and non-green innovation. In Section 4, we confront
key model predictions with the data. Section 5 explores what these results imply for the
effectiveness and design of innovation subsidies. Section 6 concludes.
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2. Green Innovation Over the Business Cycle
How does innovation activity vary with the business cycle? Does green innovation dis-
play a different sensitivity to economic downturns and upswings than other types of
innovation? Answering these questions presents two key challenges. First, how to accu-
rately measure different types of innovation. Second, how to best represent the business
cycle. For the former, we will rely on patent data—a widely used proxy for innovation
(see e.g. Nagaoka, Motohashi, and Goto, 2010). For the latter, we start by document-
ing the unconditional dynamic co-movements of patenting with the business cycle before
studying the relationship conditional on structural economic shocks.

2.1. Measuring Green Innovation
Measuring innovation presents a fundamental challenge in understanding how techno-
logical change responds to economic fluctuations. Patent data offer a well-established
proxy for innovation, providing a consistent and detailed record of inventive activity
across industries and time. Importantly, patents capture both the scale and nature of
innovation: a detailed classification system enables researchers to distinguish between
green and non-green technological advances.

The ability to classify patents is a key advantage over R&D expenditure data, another
widely used measure of innovation. Unlike patents, R&D expenditure data are typically
reported at the aggregate level and lack detailed breakdowns by type of research activity.
This poses a challenge because firms engage in many types of research simultaneously.
These activities do not necessarily correlate with observable characteristics, making it
difficult to disentangle targeted investments in specific technologies from broader inno-
vation efforts. For instance, many firms in carbon-intensive industries display substantial
engagement in green R&D. Patents, by contrast, provide a direct and observable measure
of directed innovation, which is why we focus on patent data in our analysis.

We rely on the Worldwide Patent Statistical Database (PATSTAT), which encompasses
bibliographic information for close to the universe of patents globally. The data allow
us to identify patent families—patents representing the same innovation filed at different
patent offices. To avoid double counting, we treat all patents in a family as a single inno-
vation (Hémous et al., 2025). For each patent family, we use the first application date to
capture the time of innovation and assign nationality based on the respective filing office.

Our key goal is to measure green innovation. To that end, we use the International
Patent Classification (IPC) and Cooperative Patent Classification (CPC) codes associated
with patent filings. The European Patent Office (EPO) has developed specific categories
for climate change mitigation technologies (Y02) and smart grids (Y04S), allowing us to
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Figure 1: Green patenting across the globe, 1986–2019
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Notes: Trends and cycles in green and non-green patenting. Left panel: Share of green patents for the
world, OECD countries and the United States, based on our selection of Y02 subclasses. Right panel: The
cyclical components of green and non-green patent counts in OECD countries after applying a centered
3-quarter moving average, extracted using the Hodrick-Prescott filter with λ = 1, 600. Gray bars denote
global recessions following Kose, Sugawara, and Terrones (2020).

systematically identify and track relevant technological advancements (see Veefkind et
al., 2012; Angelucci, Hurtado-Albir, and Volpe, 2018). Our definition of green patents
includes all Y02 subclasses (see, e.g., Aghion et al., 2026). Removing adaptation technolo-
gies (Y02A), narrowing the definition to energy technologies (Y02E), or adding smart grid
technologies (Y04S) as in Calel and Dechezleprêtre (2016) produces very similar results,
see Appendix B.1.2.

Since a patent family is typically associated with many classification codes, we con-
sider it green when any of the codes meet our criteria. We treat the remaining patents as
non-green (or gray). Table A.2 in the Appendix includes some examples of green patents.

Aggregate trends and fluctuations. Based on our patent database, we compute aggre-
gate patent application counts and report statistics for the world, OECD countries, and
the United States.1 Figure 1a shows the evolution of green patents as a share of total
patents across these geographies from the mid-1980s through 2019. The series exhibit
both a pronounced upward trend and considerable fluctuations around it. Starting from
relatively low levels—around 3% in the United States and 2% in both the OECD and the
world—the green patent share rises gradually at first and then surges between 2005 and
2010, reaching a peak of 7-8% around 2011. It subsequently declines somewhat and con-
tinues to fluctuate below its peak. The patterns are very similar across geographies and
are consistent with findings in the existing literature (see, e.g., Aghion et al., 2026).

We next zoom in on the cyclical behavior of inventive activity. Figure 1b shows the
cyclical components of green and non-green patent filings in OECD countries, extracted

1Among patent applications filed in OECD countries, those filed with the USPTO account for 21% of all
patents and 22% of green patents.

8



using the Hodrick–Prescott filter. Both types of patents vary meaningfully over the busi-
ness cycle. Strikingly, however, green and non-green patents do not co-move strongly:
while non-green patents tend to be procyclical—declining during the early 1990s reces-
sion and the 2008 global financial crisis—green patent filings appear countercyclical, in-
creasing during those same downturns.

Firm-level statistics. Which firms account for the bulk of green and non-green patent-
ing? To better understand the key innovators, we merge the PATSTAT dataset with cor-
porate balance sheet data. For firm-level financials, we use Compustat North America,
covering the universe of publicly listed companies in the United States. To link the patent
data, we rely on two datasets that connect patents to firms. The first is Orbis Intellectual
Property, which provides global patent portfolios linked to Orbis companies (see Hé-
mous et al., 2025); we match these to Compustat using ISIN identifiers. The second is the
dataset by Arora, Belenzon, and Sheer (2021), which extends the NBER patent database
(Hall, Jaffe, and Trajtenberg, 2001) and directly links USPTO patents to Compustat firms.

We use the unique patent application number common to both datasets to merge
them with information from PATSTAT. In total, we successfully match 1.7 million distinct
patent families—including approximately 103,000 distinct green patents—to over 2,600
Compustat firms. Reassuringly, the overlap in matched patents across the two sources is
high (see Appendix A for details).

Table 1: Green patenting and firm size

Firm size quartiles

First Second Third Fourth

Number of green patents 2,419 5,178 9,836 91,384

Green patent share (%) 26.03 13.19 10.20 10.99

Size 46.66 273.23 1,261.51 17,061.79

Age 14.91 18.41 22.05 31.47

Book to market ratio 0.19 0.45 0.37 0.32

GHG emission intensity 34.82 33.47 92.02 320.89

Notes: The table reports the total number of green patents and the average share of green patents across
four quartiles of the firm size distribution. Firm size is measured by average total assets (in millions of 2017
USD) as reported in Compustat from 1986 to 2019. Average firm age is based on incorporation dates from
Worldscope. Average GHG emissions intensity is calculated as Scope 1 emissions relative to revenue, using
data from Trucost. As a result of co-inventions, the total number of green patents exceeds the number of
distinct patents.

We find that a substantial share of green patents—on average, 35% of quarterly green
patent filings—are filed by listed firms. Among these, Table 1 presents descriptive statis-
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tics on green patenting by firm size. The bulk of green patenting in the U.S. is concen-
trated in the largest companies (top size quartile), accounting for more than four out of
five green patents filed between 1986 and 2019. While smaller and younger firms patent
relatively more in green technology classes, the bottom half of the size distribution ac-
counts for less than 7% of the green patents in our sample. By contrast, the 20 largest
green innovators account for close to 50% of green patent filings (see Table B.1 in the
Appendix).

Thus, large firms appear to be important drivers behind green innovation in the
United States.2 Interestingly, these firms are not particularly green according to con-
ventional metrics. As shown in Table 1, larger firms exhibit a substantially higher GHG
emissions intensity than smaller ones. Their patent portfolios are also less weighted
toward green technology classes (see also Fornaro, Guerrieri, and Reichlin, 2024). This
pattern is consistent with recent evidence in Cohen, Gurun, and Nguyen (2020) show-
ing that utilities and energy companies are important drivers of green innovation. As
expected, firm size is positively correlated with firm age. When examining the book-to-
market ratio, growth firms are primarily concentrated in both the smallest and largest
size quartiles, while value firms are more evenly distributed across the middle of the size
distribution.

Due to data limitations, our focus is on listed firms. However, an important question
is how patenting activity in listed firms compares to that in unlisted firms. To explore
this, we construct a green patent share based on the sample of patents that cannot be
linked to listed firms, which we attribute to unlisted firms.3 As shown in Figure A.1 in
the Appendix, unlisted firms display patterns of green patenting very similar to those of
listed firms.

2.2. The Cyclicality of Green Innovation at the Macro Level
How do green and non-green innovation vary with the business cycle? Theoretically,
the cyclicality of innovation is ambiguous. According to the Schumpeterian view, eco-
nomic downturns and the associated fall in wages reduce the opportunity cost of innova-

2Importantly, this relationship may differ across countries. For instance, Aghion et al. (2026) document
that smaller firms account for a large share of green patenting in German data. However, firms in our sam-
ple tend to be substantially larger—a firm at the 90th percentile of their fixed asset distribution (97 million
EUR) would fall into the bottom quartile of our total asset distribution—complicating a direct comparison.

3The residual category may, in principle, include unmatched patents of listed firms as well as patents
filed by non-firm applicants, such as universities or government agencies. We expect such cases to be
limited. Compustat covers 97–99% of the market capitalization of all listed U.S. firms between 1975–2015
(Kahle and Stulz, 2017), and because we assign patent nationality based on the original patent office, we also
expect filings by foreign corporations to be modest. Moreover, only about 1% of U.S. patents are publicly
owned (Gazzani et al., 2026).
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tive activity and induce higher long-term productivity growth (Aghion and Saint-Paul,
1998). However, the effect can be overturned in the presence of financial constraints
(Aghion et al., 2010). Thus, whether innovation is procyclical or countercyclical—and
how strongly—is ultimately an empirical question.

To shed light on this, we perform two complementary exercises. First, we study how
patenting changes after “business cycle shocks” by analyzing the dynamic correlation
between patenting measures and unexpected changes in GDP and other business cycle
indicators. Second, we estimate the dynamic causal effects of monetary policy shocks—
used here as a stand-in for well-identified demand shocks—on patenting. These shocks
also have the desirable property of moving output and interest rates in opposite direc-
tions, which will be informative of the underlying mechanisms at play.

Unconditional cyclicality. To assess how patenting varies with the cycle, we estimate
simple local projections (LPs) à la Jordà (2005) on business cycle shocks in the spirit of
Angeletos, Collard, and Dellas (2020). Specifically, we estimate

yt+h = αh + ψhbct + βh
xxt−1 + εt+h, (1)

where yt+h is the innovation measure of interest h-quarters ahead, bct is a business cycle
indicator, xt−1 is a vector of controls and εt+h is a potentially serially correlated error
term. As the relevant innovation measures, we consider the number of overall patents
filed, the number of green and non-green patents (all expressed in logs), and the green
patent share.4 In our baseline, we use real GDP growth as the business cycle indicator.
However, our results are robust to using alternative indicators (see Appendix Figure B.2).

Our controls include 4 lags of the business cycle indicator and the patenting measure.
Moreover, we include quarterly dummy variables and a linear time trend to account for
seasonality and trending behavior.5 By controlling for lags of GDP growth and the patent-
ing measure, we isolate an innovation in GDP that is not forecastable by past economic
and innovative activity.6 The coefficients ψh are the dynamic effects of interest: they cap-
ture how an unexpected change in GDP affects patenting both contemporaneously and
over future periods. It is important to note that these estimates are dynamic correlations
and do not have a causal interpretation. Standard errors are computed using the lag-
augmentation approach (Montiel Olea and Plagborg-Møller, 2021).

4We apply a one-quarter backward-looking moving average to the patent counts to address volatility in
patent filings. However, the results are robust to using raw patent counts.

5The U.S. patent data exhibits spikes in patent filings in 1995Q2 and 2013Q1, driven by changes in U.S.
patent law associated with the Uruguay Round Agreements Act and the America Invents Act, which we
account for using two additional dummy variables. The results are robust to omitting these controls.

6In this way, we recover a “shock” that maximizes variations in GDP on impact—a special case of the
approach in Angeletos, Collard, and Dellas (2020) who target variations over a finite short-run horizon.
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Figure 2: Green and non-green patenting responses to business cycle shock
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Notes: Responses of green and non-green patenting in the U.S. to a recessionary GDP shock, estimated
based on (1). Shock is normalized to decrease GDP growth by 1% on impact. Solid line: point estimate.
Dark and light shaded areas: 68 and 95% confidence bands based on lag-augmented standard errors.

We estimate equation (1) based on U.S. data. Our estimation sample spans the pe-
riod from 1986Q1, when consistent reporting in the Compustat data begins, and ends in
2019Q4, before the onset of the Covid pandemic. Due to substantial reporting lags in the
PATSTAT data, extending the sample to more recent periods is challenging.

Figure 2 presents the results. Looking first at overall innovative activity, we find that
patenting is procyclical—patent filings tend to increase during economic expansions and
decrease during downturns. This pattern is consistent with the view that tighter credit
conditions, lower revenues, and reduced profits in recessions lead firms to cut R&D
spending, resulting in fewer patent filings (Aghion et al., 2010; Aghion et al., 2012).

Comparing the cyclicality of green and non-green patenting reveals a striking result:
the green patent share increases significantly following an economic downturn. This in-
crease is not only statistically but also economically significant. A fall in GDP growth by
1% leads to an increase in the green patent share by close to 0.3 percentage points. What
is driving the relative increase in green patenting? A comparison of the responses in the
bottom panels reveals that non-green patent applications decline more strongly than the
total, whereas green patenting even tends to rise. This suggests that green patenting is
not only less cyclical than non-green patenting, but may even be countercyclical—though
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Figure 3: Green patenting responses to business cycle shock over different sample periods
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Notes: Responses of green and non-green patenting in the U.S. to a recessionary GDP shock, estimated based
on (1) for different sub-samples: 1994Q1–2019Q4 and 1986Q1–2008Q2. Shock is normalized to decrease
GDP growth by 1% on impact. Lines: point estimates. Dark and light shaded areas: baseline 68 and 95%
confidence bands based on lag-augmented standard errors.

the increase is not very precisely estimated.
How robust is the relationship between green patenting and the business cycle? To

address this question, we estimate local projections for two subsamples: 1994Q1–2019Q4
and 1986Q1–2008Q2. The former omits the early-1990s period, which featured energy
price shocks related to the Gulf crisis and changes in U.S. clean energy legislation, while
the latter excludes the global financial crisis, which coincided with a sharp increase in
green patenting. As Figure 3 shows, the estimated responses are very similar across sub-
samples. Appendix B.1.3 presents additional evidence showing the results are not driven
by outliers or pre-trends.

Cyclicality conditional on monetary policy shocks. While the unconditional time-
series evidence is informative, it may confound the impacts of different underlying
shocks driving the business cycle. Therefore, it is important to establish the cyclicality of
green patenting conditional on structural economic shocks.

Over our sample period of interest, business cycles are thought to be mainly demand
driven. Credibly identifying demand shocks is challenging. We focus on monetary policy
shocks, as a well-identified instance of a demand shock. Another appealing feature is that
they imply an opposing effect on interest rates and output, which will help to shed light
on underlying transmission channels. In Appendix B.1.1, we study the robustness of the
results when conditioning on other shocks such as oil price shocks.

To identify monetary policy shocks, we rely on high-frequency identification tech-
niques (Gertler and Karadi, 2015; Nakamura and Steinsson, 2018). We employ the mon-
etary surprises constructed by Bauer and Swanson (2023), purged from macroeconomic
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and financial data.7 Using these surprises as an instrument, we estimate the dynamic
causal effects of a monetary policy shock on green patenting. Specifically, we run a series
of instrumental variable-local projections (LP-IVs):

yt+h = αh + θhrt + βh
xxt−1 + εt+h, (2)

where yt+h again corresponds to the innovation measure of interest h-quarters ahead, rt

is the policy rate, which we instrument using monetary surprises, and xt−1 is a vector of
controls to account for macroeconomic and financial conditions. We use the federal funds
rate as the relevant monetary policy indicator, but account for the zero lower bound using
a dummy variable. Using the one-year rate instead produces very similar results. The
controls include 4 lags of the policy rate, log real GDP, the unemployment rate, log GDP
deflator, and the excess bond premium from Gilchrist and Zakrajšek (2012). We keep
including quarterly dummy variables and a linear time trend to account for seasonality
and trending behavior. The key object of interest is θh, the dynamic causal effect of a
monetary policy shock on the innovation measure.

Reassuringly, the effective F-statistic in the first stage is 12.3, suggesting that there is
no weak instrument problem at hand. We thus proceed by conducting standard inference.
Before looking at the patenting responses, we also confirm that the responses of U.S.
macroeconomic variables to our identified monetary policy shocks are consistent with
existing empirical evidence, see Appendix Figure B.1. Throughout, we normalize the
monetary policy shock to increase the Fed funds rate by 25 basis points.

Figure 4 shows the results. In line with the unconditional evidence, we find that over-
all patenting is procyclical: a contractionary monetary policy shock leads to a significant
fall in aggregate patenting. This finding is consistent with the evidence in Ma and Zim-
mermann (2023).

Next, we turn to the responses of green and non-green patenting. We confirm that
green patenting is countercyclical, even conditional on monetary policy shocks. A con-
tractionary monetary policy shock leads to a significant and persistent increase in the
green patent share, with a peak effect of 0.3 percentage points after 15 quarters. The num-
ber of non-green patents declines substantially—slightly more than the decline in overall
patenting—while the number of green patents rises. This increase is more pronounced
and statistically significant compared to the unconditional evidence.

These findings differ from Aghion et al. (2026), who show that young, financially con-
strained firms in Germany cut green innovation more sharply when credit conditions
tighten. Our sample is tilted towards larger, more mature U.S. firms, which are less likely

7Our results are robust to using the monetary surprises from Jarociński and Karadi (2020), see Appendix
B.1.1.
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Figure 4: Green and non-green patenting responses to a monetary policy shock
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Notes: Responses of green and non-green patenting in the U.S. to a contractionary monetary policy shock,
estimated based on LP-IV model (2). Shock is normalized to increase federal funds rate by 25 basis points
on impact. Solid line: point estimate. Dark and light shaded areas: 68 and 95% confidence bands based on
lag-augmented standard errors.

to be financially constrained. Differences in firm composition and geography may there-
fore help explain the contrasting results.8

Mechanism. Why is green patenting less cyclical than non-green—and even tends to
be countercyclical? A key difference lies in the timing of expected profits. Green patents
tend to generate returns further in the future, whereas non-green patents have a more
frontloaded profit structure. Indeed, as we show in Appendix B.2.1, green patents are
significantly more likely to be renewed, consistent with the notion of more backloaded
returns. Since business cycle shocks primarily affect short-term economic conditions, this
makes the value of green patents—and thus the intensity of green patenting—less sensi-
tive to cyclical fluctuations.

This mechanism can operate through two distinct channels: a cash flow channel and a
discount rate channel. The first channel captures that, at fixed discount rates, the cash flows
of green patents are less affected by short-term business cycle fluctuations because of their
backloaded profile. The second channel captures the notion that discount rates tend to fall
in recessions, and thus the more distant cash flows of green patents are discounted by less,

8For a more detailed comparison with Aghion et al. (2026), see Appendix B.1.4.
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making green patent values less cyclical.
Our evidence conditional on monetary policy shocks helps shed light on the relative

importance of these channels. Monetary policy shocks imply a negative co-movement be-
tween discount rates and output: discount rates increase after a contractionary monetary
policy shock. Thus, in this case the discount rate channel would predict more cyclical and
not less cyclical green innovation. Our finding that both business cycle and monetary pol-
icy shocks generate similar cyclical patterns in green and non-green patenting suggests
that the cash flow channel dominates the discount rate channel.

Sensitivity. We perform a number of sensitivity and robustness checks. First, we show
that the estimated effects extend beyond the sample of U.S. patents. In light of the well-
documented global propagation of U.S. monetary policy shocks (Miranda-Agrippino and
Rey, 2020), we use U.S. monetary policy shocks as a stand-in for global demand shocks.
Figure 5a presents the response of the green patent share in OECD countries and world-
wide to a contractionary U.S. monetary policy shock. We find an increase in green patent-
ing similar to that observed in the U.S. sample.

Second, we analyze whether the cyclicality of green patenting differs between listed
and unlisted U.S. firms. To this end, we construct the green patent share separately for
two samples: patents linked to listed firms and the remaining patents, which we attribute
to unlisted firms. Figure 5b shows that green patenting increases in both groups. Inter-
estingly, the green patent share rises more quickly among listed firms, while the increase
among unlisted firms takes longer to materialize—consistent with the idea that listed
firms, with larger R&D departments, can respond more rapidly to economic conditions.

Third, we examine whether the responses are similar across sectors, again restricting
the analysis to patents attributable to listed firms. Focusing on patents within sectors
ensures that our comparison of green and non-green innovation is based on more compa-
rable technologies. Figure 5c shows an increase in the green patent share across energy,
utilities and transportation, and manufacturing sectors. Figure 5d further suggests the
estimated responses are comparable within narrower manufacturing subsectors.

Fourth, we consider several alternative channels that could account for the counter-
cyclicality of green innovation. One possibility is that countercyclical fiscal support dis-
proportionately benefits the green sector. For example, the American Recovery and Rein-
vestment Act of 2009 included substantial green components—such as investments in
renewable energy, energy efficiency, and clean technology—aimed at both stimulating
the economy and advancing the low-carbon transition (Chen et al., 2021). Such poli-
cies may sustain green innovation during downturns, potentially contributing to its ob-
served countercyclicality. To assess this channel, we control for research, development,
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Figure 5: Sensitivity with respect to geography, firm types and sectors
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(c) Sectors
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Notes: Responses of the green patent share to a U.S. monetary policy shock across different geographies
(Panel a), firm types (Panel b) and sectors (Panels c and d) estimated based on (2). Sectoral patent counts
are smoothed using a three-quarter backward-looking moving average. Shock is normalized to increase
the federal funds rate by 25 basis points on impact. Lines: point estimates. Dark and light shaded areas:
baseline 68 and 95% confidence bands based on lag-augmented standard errors.

and demonstration (RD&D) expenditures on renewable energy by the U.S. Department
of Energy (see Appendix A.5 for details on the construction of this series). As shown in
Figure 6, our results remain virtually unchanged.

A second possibility relates to physical climate risks. Natural disasters could both
depress economic activity and increase demand for climate-mitigation technologies. We
address this possibility by controlling for the climate news index of Engle et al. (2020), a
text-based measure of climate-change-related news coverage. The results are robust.

A third possibility is that green patenting responds to commodity prices, particularly
oil prices. If a recession is triggered by an adverse oil supply shock, the resulting in-
crease in oil prices may induce directed technical change (Popp, 2002; Hassler, Krusell,
and Olovsson, 2021). Because our analysis focuses on demand-driven business cycle and
monetary policy shocks, however, this channel is unlikely to drive our baseline results.
Figure 6a shows that our results are robust to controlling for oil prices. We also find that
adverse oil supply shocks—which raise oil prices and reduce activity—do not generate a
materially stronger green patenting response than our baseline demand shocks, suggest-
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Figure 6: Sensitivity of green patenting responses to a monetary policy shock
(a) Sensitivity with respect to controls
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(b) Pre-trends
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(c) Scatter plot at h = 12
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Notes: Sensitivity of green patenting responses to a monetary policy shock, estimated based on (2). Top pan-
els: responses controlling for the Engle et al. (2020) climate news index, renewables RD&D expenditure by
the U.S. DOE, and oil prices. Middle panels: baseline responses with pre-trends. Estimate for h=−1 is zero
by construction; for h=−4, . . . ,−2 the lag corresponding to the horizon is excluded from the specification.
Shock is normalized to increase the federal funds rate by 25 basis points on impact. Lines: point estimates.
Dark and light shaded areas: baseline 68 and 95% confidence bands based on lag-augmented standard er-
rors. Bottom panels: Scatter plot of monetary shocks against the cumulative change in the outcomes after
12 quarters, conditional on our set of controls.

ing a limited role for oil-price-induced directed technical change in explaining our results
(see Appendix B.1.1).

Fifth, we examine the evolution of patenting prior to the shock to assess the pres-
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ence of pre-trends. In particular, the concern is that the estimated effects may capture
pre-existing trends in green patenting rather than a causal response to the shock. Reas-
suringly, we find no evidence of such pre-trends, see Figure 6b.

Sixth, we assess whether the estimated countercyclicality of green patenting is driven
by a small number of extreme observations. Figure 6c shows the 12-quarter changes in
the green patent share and the number of green patents against the instrumented policy
rate at time t, after residualizing with respect to our controls. Both panels reveal a robust
positive relationship that is not driven by particular outliers. A complementary jackknife
exercise confirms this finding (see Appendix B.1.3).

Finally, we examine the sensitivity of our results to the measurement of green inno-
vation. The results remain robust when we use alternative green patent classifications or
account for patent quality (see Appendix B.1.2).

2.3. The Cyclicality of Green Innovation at the Firm Level
The macro evidence suggests that green patenting is countercyclical. Is this pattern driven
by a subset of firms that specialize in green technologies, or is there some reallocation
from non-green to green patenting even within firms?

To examine this, we study firm-level patenting responses in a large panel of listed U.S.
companies. Formally, we estimate a panel version of the LP-IV specification (2):

yi,t+h = αh
i + θhrt + βh

xixi,t−1 + βh
xxt−1 + εi,t+h, (3)

where yi,t+h now corresponds to the outcome variable of firm i, h-quarters ahead. As
outcome variables, we consider firms’ overall number of patents filed, the green patent
share, and the number of green or non-green patents. In this specification, we also control
for firm fixed effects, αh

i , to absorb any time-invariant firm characteristics. To allow for
general forms of cross-sectional and temporal dependence in the panel data, we compute
standard errors using the Driscoll and Kraay (1998) approach.

We restrict our sample to companies that are consistently observed for 20 quarters and,
following Hémous et al. (2025), have at least one green patent over our sample period. We
exclude firms in the finance, insurance, real estate or public administration sectors. The
results are robust to these sample restrictions.9 Our final sample consists of 166,000 firm-
quarter observations, covering more than 2,100 companies and about 93,000 green patents
from 1986Q1–2019Q4.

A challenge for the firm-level estimation is the sparsity of the patent data. Many firm-
quarter observations contain zero patent filings, particularly for green patents, making
logarithmic transformations infeasible. We address this issue in two ways. First, we

9In particular, the results are robust to including firms that never filed a green patent.
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Figure 7: Green and non-green patenting responses of U.S. firms
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Notes: Responses of firm-level patenting measures in the U.S. to a monetary policy shock, estimated based
on (3). Shock is normalized to increase the federal funds rate by 25 basis points on impact. Solid line: point
estimate. Dark and light shaded areas: 68 and 95% confidence bands based on Driscoll and Kraay (1998)
standard errors.

smooth the firm-level patenting measures using a backward-looking three-quarter mov-
ing average. Second, we estimate the responses of patent counts in levels rather than logs
and scale the impulse responses by the corresponding average patent count.

Figure 7 shows the firm-level patenting responses to a contractionary monetary policy
shock. The estimated responses align well with the aggregate evidence, both qualitatively
and quantitatively. We find a significant fall in overall and non-green patents and an
increase in the number of green patents. We also document an increase in the firm-level
green patent share, which peaks at around 0.4 percentage points. This is striking, because
it suggests a shift from non-green to green patenting even within a given firm.

An alternative approach to deal with the sparseness in the patent data is to employ a
Poisson Pseudo Maximum Likelihood (PPML) estimator (see e.g. Aghion et al., 2026):

E

[
20

∑
h=1

yi,t+h

∣∣∣∣∣ rt, xi,t−1, xt−1, i

]
= exp

(
αi + θrt + β′

xixi,t−1 + β′
xxt−1

)
, (4)

where ∑20
h=1 yi,t+h captures firm i’s cumulative number of green and non-green patents,

20 quarters ahead. By focusing on cumulative patents, we allow for a sufficiently long lag
between R&D expenditures and patent applications, in line with Hémous et al. (2025). As
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Table 2: Heterogeneity by firms’ profit structures

Dep. var.: Green patentsit+h Non-green patentsit+h

(1) (2) (3) (4) (5) (6)

rt 0.013∗∗ 0.013∗∗ -0.034∗∗ -0.034∗∗

(0.006) (0.006) (0.015) (0.015)

rt × btmi -0.004∗∗∗ -0.004∗∗∗ 0.004∗∗∗ 0.004∗∗∗

(0.001) (0.001) (0.001) (0.001)

Observations 84,505 84,505 84,505 84,136 84,136 84,136
Firms 1,523 1,523 1,523 1,523 1,523 1,523
Time FE No No Yes No No Yes

Notes: Patenting semi-elasticities to monetary policy shock, estimated from PPML-IV model (4). Dependent
variables: firm’s cumulative, 20-quarter ahead number of green and non-green patents. Shock is normal-
ized to increase the federal funds rate by 25 basis points. We include interaction terms with the average,
standardized book-to-market ratio. Driscoll and Kraay (1998) standard errors in parentheses. Significance
levels denoted by ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.

before, we instrument the Fed funds rate using monetary surprises and include a set of
(lagged) controls and firm fixed effects.

Firm-level heterogeneity. How does the patenting response vary with firm-level char-
acteristics? Do firms with a more backloaded profit structure display a stronger green
patenting response? Based on the more parsimonious PPML specification, we study how
monetary policy shocks interact with firm-level characteristics, di:

E

[
20

∑
h=1

yi,t+h

∣∣∣∣∣ rtdi, xi,t−1, i, t

]
= exp

(
αi + δt + γ rtdi + β′

xixi,t−1

)
. (5)

We instrument the interaction rtdi with the corresponding interaction between di and the
high-frequency monetary policy surprise.

To proxy for firms’ profit structures we focus on the book-to-market ratio. The idea is
that growth firms—i.e. firms with low book-to-market—have a more backloaded profit
structure. We rely on the firm-level average over the first half of the sample, btmi, to
assess this margin. The results are robust to using the full-sample average instead.

This specification allows us to control for time fixed effects, δt, which helps to further
sharpen the identification of the (relative) effects of monetary policy shocks. We also
report the base effect from a specification without time fixed effects, controlling instead
for the aggregate macro controls introduced above. For inference, we rely on Driscoll and
Kraay (1998) standard errors, but find comparable estimates using a bootstrap approach.

Table 2 presents the results. The baseline estimates for green and non-green patenting
are shown in columns (1) and (4). We find that a 25-basis-point monetary policy shock
is associated with a significant 1.3% increase in cumulative green patenting and a 3.4%
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decline in cumulative non-green patenting over 20 quarters. The signs and magnitudes
of these estimates are broadly consistent with the local projection evidence.

In columns (2)-(3) and (5)-(6), we report the interaction effects with the book-to-market
value. To facilitate interpretation, we standardize the interaction terms. Consistent with
our purported mechanism, we find a significantly stronger green patenting response for
growth firms. These effects are also economically meaningful: firms one standard devi-
ation below the mean book-to-market increase green patenting about 30% more than the
average firm (0.017 vs. 0.013). The interaction effect is robust to including time fixed ef-
fects. Similarly, the base effects are largely unchanged when introducing the interactions.

Do the patenting responses also vary with other firm-level characteristics? In Ap-
pendix B.2.3, we consider several additional firm-level characteristics, including proxies
for financial constraints and firms’ R&D intensity. While some of these interactions are
significant, we find no systematic evidence that they can account for the differential green
and non-green patenting responses. Importantly, the interaction with book-to-market re-
mains robust when we jointly control for these additional interactions and, if anything,
becomes slightly larger.

3. A Model of Directed Technical Change Over the Cycle
The empirical evidence points to the backloaded profit structure of green innovations as
an important driver of their countercyclicality. We now assess whether a model centered
on this mechanism can account for the empirical responses, both qualitatively and quan-
titatively. To this end, we develop a dynamic stochastic general equilibrium (GE) model
with endogenous green and non-green innovation. The model comprises three building
blocks: a production block, an innovation block, and a household block governing con-
sumption and labor supply.

We begin by describing the problem of the firm in Section 3.1, taking overall innova-
tion and labor outcomes as given. This partial equilibrium setting allows us to isolate key
mechanisms. In Section 3.4, we embed the production block into a full general equilib-
rium model and discuss the potential role of general equilibrium effects.

3.1. Firms
The production economy features a final good that uses both material and energy com-
posites as inputs. The energy input itself is a composite of fossil fuels and green energy.

Final good producer. There is a representative firm that produces the final good by
employing unskilled labor Lt, a material composite Mt, and an energy composite Et:

Yt = (ZtLt)
αL MαM

t E1−αL−αM
t , (6)
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where Zt is an aggregate labor productivity, evolving as log Zt = ρz log Zt−1 + σzεz
t .

We think of the material composite as the gray, or non-green, input. The energy com-
posite Et consists of fossil fuel ft and a green energy composite Gt, which are combined
by the final goods producer using a CES technology:

Et =

(
f

ρ−1
ρ

t + G
ρ−1

ρ

t

) ρ
ρ−1

. (7)

The parameter ρ is crucial: it governs the elasticity of substitution between fossil fuel and
the green energy composite. We assume ρ > 1, indicating that ft and Gt are substitutes.

The green energy composite Gt and the materials composite Mt each aggregate a con-
tinuum of differentiated inputs:

Mt =
(∫ AM

t

0
m

1
µM
ht dh

)µM
, Gt =

(∫ AG
t

0
g

1
µG
jt dj

)µG
, (8)

where, as in Romer (1990), AG
t and AM

t denote the number of available green energy and
materials varieties, respectively.

The final good producer’s optimization problem is:

max
Lt,{mht}, ft,{gjt}

Pt

[
(ZtLt)

αL MαM
t E1−αL−αM

t

]
−
∫ AM

t

0
pm

ht mht dh −
∫ AG

t

0
pg

jt gjt dj − P f
t ft − WtLt.

(9)

Solving this problem yields the following demand equations:

mht =

(
pm

ht
PM

t

) µM
1−µM

Mt, gjt =

(
pg

jt

PG
t

) µG
1−µG

Gt, (10)

where PM
t =

(∫ AM
t

0 (pm
ht)

1
1−µM dh

)1−µM

and PG
t =

(∫ AG
t

0 (pg
jt)

1
1−µG dj

)1−µG

are the corre-

sponding price indices of Mt and Gt.

Intermediate input producers. Intermediate input producers—firms that produce non-
green and green varieties, mht and gjt—maximize profits subject to the demand equations
in (10).

Green energy varieties. The green energy varieties are produced by a continuum of firms
operating under monopolistic competition. Each green variety gjt is indexed by j ∈
[0, AG

t ]. Consider a generic variety j. Its production uses a linear production technology:
each unit of green energy variety j requires one unit of final good

gjt = Y j
t , (11)

where Y j
t represents the final good used as an input by variety j.
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The profit maximization problem for producing this green energy variety is:

ΠG
jt = max

pg
jt

(
pg

jt gjt − gjt
)

s.t. the demand equation in (10). (12)

We assume that each period, there is a fixed probability 1− ϕ that the variety becomes
obsolete. This is a reduced-form way to capture the notion that some varieties will be
replaced by better varieties over time. In Appendix C.11, we endogenize this to allow for
creative destruction in the spirit of Aghion and Howitt (1992).10

The value of owning the intellectual property (IP) right to produce the green variety j,
VG

jt , is thus given by:

VG
jt =

∞

∑
s=0

ϕs Et

[
Λt,t+s ΠG

j,t+s

]
, (13)

where ΠG
jt is the period profit, as defined in (12). Given this setup, the value of owning

a green patent today is the expected sum of future profits ΠG
jt+s, discounted using the

discount factor Λt,t+s and adjusted by the survival probability ϕs.
IP values determine innovators’ incentives to innovate. We postpone the discussion

of innovators’ optimization problems to Section 3.3.

Non-green material varieties. Non-green material varieties are produced and sold similarly
to green energy varieties. Each variety mht is indexed by h ∈ [0, AM

t ] and produced via a
linear technology:

mht = Yh
t , (14)

where Yh
t represents the final good used as an input by non-green variety h.

The profit maximization problem for producing the non-green variety h is:

Πm
ht = max

pm
ht

(
pm

htmht − mht
)

s.t. the demand equation in (10). (15)

Similar to green varieties, each non-green variety becomes obsolete with probability 1−ϕ.
The value of holding the IP rights to a non-green variety h satisfies:

VM
ht =

∞

∑
s=0

ϕs Et

[
Λt,t+s Πm

h,t+s

]
. (16)

Fossil fuel. We follow Acemoglu et al. (2016) to model the oil market as follows. Fossil fuel
is extracted by a set of competitive firms using final goods as the sole input. Extraction

10All our results go through in the quality ladder model, but the tractability of the expanding varieties
model allows us to derive some propositions in closed form. Specifically, when we endogenize the obso-
lescence rate, we are no longer able to obtain closed-form solutions for the allocation of skilled labor across
green and non-green innovation activities. See Appendix C.11 for more details.
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follows a linear technology:

ft = ξ f · Y f
t , (17)

where ft denotes the quantity of fossil fuel extracted in period t, ξ f > 0 governs the

productivity, and Y f
t is the amount of final good allocated to extraction.

Let Rt denote the oil reserves at time t. Oil reserves evolve as:

Rt+1 = Rt − ft, (18)

which indicates that reserves decrease over time as a result of extraction. The resource
constraint requires that the oil reserves be non-negative in the long run: limt→∞ Rt ≥ 0.

This is a simple, reduced-form way of modeling the oil market. We assume fixed
marginal extraction costs, resulting in a constant fossil fuel price. Thus, any change in the
relative price of green energy arises from changes in the price of green energy itself.

As robustness checks, we consider two alternative specifications of the oil market. In
Appendix C.9, we consider an extension that allows for technological progress in fossil
fuel extraction, following Aghion et al. (2016). This introduces some dynamic pricing
considerations, similar in spirit to Bornstein, Krusell, and Rebelo (2023). In Appendix
C.10, we implement an alternative formulation of extraction costs following Bornstein,
Krusell, and Rebelo (2023), where costs are convex in the extraction rate. These extensions
illustrate that our results generalize to more realistic fossil market structures.

For now, we consider a real economy in which the final good serves as the numeraire,
so that Pt = 1. In Section 3.5, we introduce nominal rigidities to study the effects of
monetary policy shocks, as in our empirical analysis.

3.2. Green Is in the Future
The partial equilibrium setting allows us to distill some of the key mechanisms driving
the cyclicality of green and non-green patenting. We assume that final and intermediate
goods firms maximize their profits, taking the evolution of AM

t and AG
t as given. We

restrict our analysis to an economy on a balanced growth path (BGP) where AM
t and AG

t

share the same long-run growth rate, with AM
t /AG

t nondecreasing along the transition.11

For now, we assume that such a path exists. We discuss the existence of a BGP when we
move to the general equilibrium setting.

We consider an economy undergoing a green transition. Along this transition path,
AG

t rises, leading to an increase in the green share of energy, Gt
Et

—despite the fact that
fossil reserves are not exhausted.

11Section 3.4 makes the technology path endogenous; Lemma D.1 shows that the no-shock equilibrium
satisfies this restriction.
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Lemma 3.1 (Condition for the Green Transition). Define the green transition as the pro-
cess in which the green share of energy, Gt

Et
, increases during the transition period. The economy

undergoes the green transition if and only if P f
t

PG
t

increases over time, where PG
t = µG(AG

t )
1−µG .

Proof. See Appendix D. ■

The intuition for the above lemma is straightforward: the green share of energy in-
creases over time if and only if the price of green energy, relative to the price of fossil fuel,
declines over time. In a Romer (1990)-type growth model, the total number of varieties
reflects productivity in the economy. Analogously, in our framework, AG

t captures the
productivity of green inputs. As a result, green innovations that increase AG

t raise the
productivity of green energy, lower its relative price, and induce final goods producers to
substitute toward green energy inputs.

Under our assumptions, this condition is trivially satisfied as the price of fossil energy
is fixed while the price of green decreases as AG

t increases.
Given the symmetry, all green varieties charge the same price, produce the same quan-

tity, and earn the same profit; the same holds within the materials sector. We henceforth
drop variety indices and write ΠG

t , ΠM
t , VG

t , VM
t for per-variety profit and IP value. We

obtain the following proposition:

Proposition 3.1 (Green Is in the Future). During the green transition:

(1) The equilibrium market share of green energy, given by PG
t Gt
PtYt

, increases over time.

(2) The relative profits of green varieties compared to non-green varieties, measured by ΠG
t

ΠM
t

, in-
crease over time.

Proof. See Appendix D. ■

Proposition 3.1 shows that, during the green transition, the equilibrium market share

of Gt, denoted by PG
t Gt
PtYt

, increases over time, and profits per green variety rise relative
to those per non-green variety. We label this phenomenon as green is in the future. The
intuition for this result is as follows. As the share of green energy in total energy use
rises, the overall market share of green energy in the economy increases. This shift leads
final good producers to substitute away from fossil fuel toward green energy inputs.

The resulting increase in relative profits shifts the weight of green cash flows toward
the future. This implies that the value of a green patent, VG

t , reflecting the discounted
sum of future profits, is more backloaded relative to that of non-green patents.

The backloaded profit structure of green patents suggests that VG
t is less affected by an

exogenous, transitory disturbance to Yt than VM
t —holding discount rates and other prices

fixed. The key intuition is that business-cycle shocks operate at much shorter horizons
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and thus do not affect cash flows further out in the future. Proposition 3.2 formalizes this

insight: the relative value of producing gjt, defined as VG
t

VM
t

, exhibits countercyclicality.

Proposition 3.2 (Cyclicality during the Green Transition). During the green transition, and

holding the discount factor constant, the relative value of producing gjt, defined as VG
t

VM
t

, exhibits

countercyclicality. Formally, d log VG
t

d log Yt
<

d log VM
t

d log Yt
, or equivalently

d log(VG
t /VM

t )
d log Yt

< 0. We coin this
the “green duration channel”.

Proof. See Appendix D. ■

So far, we have kept discount rates fixed. How do changes in discount rates affect the
cyclicality of innovation? To shed light on this, we employ the following decomposition:

d log VK
t

d log Yt
=

∞

∑
s=0

ϕs Λt,t+s,ssΠK
t+s,ss

VK
t,ss

d log ΠK
t+s

d log Yt︸ ︷︷ ︸
Cash flow channel

+
∞

∑
s=0

ϕs Λt,t+s,ssΠK
t+s,ss

VK
t,ss

d log Λt,t+s

d log Yt︸ ︷︷ ︸
Discount rate channel

, (19)

for K={M, G}, where Xt,ss captures the evolution of X along the transition absent any
shocks, and Λt,t+s,ss = βs U′(Ct+s,ss)

U′(Ct,ss)
is the stochastic discount factor (SDF) along the tran-

sition with no shocks. The first component captures the effect of changes in cash flows,
holding the discount factor fixed (see Proposition 3.2). The second component captures
changes in the discount rate, keeping the cash flows at the trajectory absent any shocks.

While the cash flow channel unambiguously generates countercyclicality in VG
t /VM

t ,
the discount rate channel depends on the cyclicality of the SDF. As we show in Appendix
D, a procyclical stochastic discount factor dampens the countercyclicality of the rela-
tive valuation of green patents while a countercyclical SDF amplifies it. The intuition
is straightforward. If the discount factor falls in a recession—making agents discount the
future more—the IP values of green innovations are hurt more and not less than those of
non-green innovations because of the more backloaded structure.

The cyclicality of the SDF depends on the underlying shock driving the business cy-
cle. Our empirical evidence conditional on monetary policy shocks suggests that the cash
flow channel dominates: such shocks imply a procyclical SDF, which works against the
countercyclicality of green innovation. In Section 3.5, we allow for the SDF to be endoge-
nously determined and show that the relative value of green innovation, net of setup
costs, is generally countercyclical.

The net values of green and non-green innovation determine the incentives to inno-
vate over the cycle. In the next section, we study the corresponding problem of the inno-
vators.
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3.3. Innovators
There is a continuum of innovators indexed by i ∈ [0, 1]. Each existing green or non-
green variety, as described in the previous section, is created by one of these innovators.
Because the innovation decisions for each variety are independent of one another, we
need not track which innovator creates and owns which variety.

In each period, each innovator i engages in R&D to create new varieties. Upon suc-
cessfully developing a new variety, the innovator sells its IP rights at the price GK

t ≡
Et[Λt,t+1VK

t+1], since production begins in period t + 1. We now describe this innovation
process in more detail.

Let LS
it,K denote the skilled labor employed in R&D by innovator i in materials and

green-energy innovation, K={M, G}. Let LS
t,K ≡

∫ 1
0 LS

it,K di denote aggregate sector-K
R&D input. φK

t is the number of new technologies that each unit of skilled labor can
create. Following Romer (1990), we assume the innovation productivity depends on ag-
gregate conditions, meant to capture knowledge spillover effects:

φK
t = ζK AK

t

(
LS

t,K

)−(1−ν)
(20)

where the terms AK
t capture positive externalities from knowledge accumulation, respec-

tively. There is also a congestion externality: as more firms engage in R&D, each one’s
contribution becomes less effective due to competition for similar innovation targets. The
strength of this congestion externality is governed by ν ∈ [0, 1) and prevents corner solu-
tions in which all innovation is concentrated in a single type.

We assume that innovators pay a fixed setup cost, cḠK
t , for each unit of new inno-

vation. These costs are proportional to the counterfactual value of intellectual property
in the absence of aggregate shocks. Specifically, ḠK

t represents the expected discounted
value of new IP rights, where production profits are evaluated at their no-shock values
along the economy’s actual technology path. This modeling choice, similar to the calibra-
tion strategy in Barlevy (2007), allows the model to generate realistic cyclical responses of
innovation investment while maintaining internal consistency between setup costs and
expected value. We denote the net value of innovation by VK

t = GK
t − cḠK

t .
In summary, innovator i’s optimization problem can be written as:

max
LS

it,K

φK
t LS

it,KVK
t − WS

t LS
it,K, (21)

taking wages WS
t and innovation productivity φK

t as given.
The free-entry condition is therefore

ζK AK
t

(
LS

t,K

)ν−1
VK

t = WS
t , K ∈ {G, M}. (22)
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Aggregation. Let SK
t = φK

t LS
t,K denote the aggregate successful innovation in K =

{M, G}. The total amount of varieties then evolves as AK
t+1 = ϕAK

t + SK
t .

3.4. General Equilibrium
We now embed the production and innovation blocks into a general equilibrium setting.
This allows us to incorporate business cycle shocks, as examined in the empirical part
of the paper, and to analyze the cyclicality of innovation outcomes, rather than just their
incentives. More importantly, within this general equilibrium setting, a key mechanism
emerges that explains the notable countercyclical pattern of the number of green patents
uncovered in our empirical analysis. To close the economy, we detail the household sector
and discuss market clearing.

Households. All households are identical, which is why we focus on the problem of a
representative household. The household derives utility over consumption Ct and labor.
They maximize lifetime utility

Et

∞

∑
t=0

βt
(

ϱd
t log Ct −

ω̄

1 + η
L1+η

t − ω̄S

1 + ψ
(LS

t )
1+ψ

)
, (23)

where ϱd
t is the time-preference shock which follows: log ϱd

t = ρd log ϱd
t−1 + σdεd

t .
The household faces the following budget constraint:

PtCt + QtBt+1 = Bt + WtLt + WS
t LS

t + Dt. (24)

Here, Lt is the supply of unskilled labor and LS
t is the supply of skilled labor with corre-

sponding wages Wt and WS
t , Bt is a risk-free bond and Dt are transfers.

Market clearing. In general equilibrium, all markets must clear. Unskilled labor mar-
ket clearing requires the final-good producer’s labor demand to equal the household’s
supply, Ld

t = Lt, while skilled labor market clearing requires∫ 1

0

(
LS

it,G + LS
it,M

)
di = LS

t . (25)

Final-good market clearing requires

Ct +
∫ AM

t

0
mht dh +

∫ AG
t

0
gjt dj + ξ−1

f ft = Yt. (26)

The bond market then clears by Walras’ law, i.e. Bt+1 = 0.

Balanced growth. We assume that a BGP exists and that the economy is on a green tran-
sition path, or equivalently that the conditions stated in Lemma 3.1 hold. This assumption
is not restrictive. In our model, we will always be on a green transition path in the ab-
sence of technological obsolescence—i.e., when ϕ = 1. With technological obsolescence
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(ϕ < 1), the green transition condition requires that the parameters governing green in-
novation are such that the pace of green innovation exceeds the rate of obsolescence. In
our quantitative analysis, we confirm that this condition holds for empirically plausible
calibrations. In Appendix C.2, we provide a detailed discussion on existence.

3.5. The Role of General Equilibrium Effects
We now study the cyclicality of green and non-green patenting in general equilibrium.
We first start with our real model and consider preference ϱd

t and TFP shocks Zt. In a
next step, we introduce nominal rigidities and also study monetary policy shocks. For the
analytical results in this section, we set ϕ = 1; we relax this assumption in the quantitative
analysis in Section 4.1.

A key prediction from our partial equilibrium analysis is that the relative value of
green varieties is countercyclical during the green transition. In general equilibrium, in-
novation depends on patent values net of setup costs. The countercyclicality of the rel-
ative net value of green innovation then implies that firms’ R&D investment in green,
relative to non-green, is countercyclical as well. As a result, the green share of new vari-

eties, SG
t

SG
t +SM

t
, is itself countercyclical. Proposition 3.3 formalizes this result.

Proposition 3.3 (Countercyclical Green Share of New Varieties). Under a regularity con-

dition, during the green transition, the green share of new varieties, SG
t

SG
t +SM

t
, is countercyclical

conditional on both preference and TFP shocks.

Proof. See Appendix D. ■

Proposition 3.3, however, does not only apply for shocks that imply a countercycli-
cal SDF: it also holds for technology and preference shocks that imply a procyclical SDF
in our model. In these cases, the discount rate channel could potentially overturn the
cash flow channel. However, we show that the relative net value of green innovation
remains countercyclical. Key to this result is the assumption of log utility. If the intertem-
poral elasticity of substitution is much lower, the discount rate channel becomes more
powerful and the result could be potentially overturned. In Section 4.1, we show that
under empirically plausible parameterizations, the discount rate channel is dominated.
The regularity condition is 0 < ρU < 1 − ν(1 − β)/[β(1 − ν + ψ)]. It holds provided
that business-cycle shocks are not quasi-permanent. Intuitively, our mechanism relies on
heterogeneous exposure to business-cycle shocks—and on the non-permanent nature of
these shocks. Under our baseline calibration, the condition requires shock persistence
below approximately 0.998. This condition also applies to the subsequent results in this
section.
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So far, we showed that the green duration channel can account for the countercycli-
cal share of green varieties. However, this channel alone is not enough to explain the
countercyclicality in the number of green varieties.

In general equilibrium, there is an additional effect at play, driven by changes in equi-
librium skilled wages. During recessions, skilled wages decline due to both increased
labor supply—households’ endogenous response to reduced consumption—and dimin-
ished labor demand, resulting from lower non-green innovation. The lower wage re-
duces the cost of green R&D, incentivizing firms to undertake more green innovation and
thereby offsetting the partial-equilibrium effect. Proposition 3.4 shows that, if the elastic-
ity of skilled wages with respect to either a TFP shock or a preference shock is sufficiently
large, the number of new green varieties becomes countercyclical in general equilibrium.

Proposition 3.4 (General Equilibrium Effects). During the green transition, there exists a
threshold ϵU such that green innovation is countercyclical, i.e.,

∂ log SG
t

∂ log Ut
< 0,

if and only if the elasticity of skilled wages with respect to the shock, ∂ log WS
t

∂ log Ut
, exceeds ϵU for

U = Z, ϱd. By contrast, non-green innovation is procyclical:

∂ log SM
t

∂ log Ut
> 0.

Moreover, the threshold ϵU is lower when the net value of green innovation, VG
t , is less procyclical.

Proof. See Appendix D. ■

For green innovation to be countercyclical, as observed in the data, the general equilib-
rium effects through wages must offset the partial equilibrium effect of a recession on the
value of green patents. The latter depends on the strength of the green duration channel.
Therefore, the condition is more easily satisfied when the net value of green innovation is
less procyclical.

To further build intuition, Corollary 3.1 provides a sufficient condition, showing that
when the supply of skilled labor is sufficiently inelastic—that is, when the labor supply
curve is steep—the general equilibrium effect dominates, rendering the number of new
green varieties countercyclical.

Corollary 3.1. During the green transition, there exists a threshold ψU. If the Frisch elasticity of
labor supply ψ−1 is less than ψ

−1
U , then in equilibrium:

∂ log SM
t

∂ log Ut
> 0,

∂ log SG
t

∂ log Ut
< 0 for U = Z, ϱd. (27)
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Proof. See Appendix D. ■

Generalization to alternative innovation inputs. Our baseline specification generates
cyclical innovation costs through the inelastic supply of skilled labor, a margin we view as
empirically meaningful. The theoretical mechanism, however, does not depend on labor
being the relevant input. Appendix C.4 generalizes the model to a generic scarce innova-
tion input, Xt, with price PX

t . This input may represent R&D capital, laboratory services,
or any other scarce input required for innovation. What matters for our mechanism is not
the identity of the input per se, but rather how its equilibrium price responds when inno-
vation demand shifts over the business cycle. We show that the qualitative implications
of Proposition 3.4 extend to this broader setting.

Monetary policy shocks. So far, we have focused on a real economy in which money is
neutral. To be able to study the effects of monetary policy shocks, we extend the model
to include nominal rigidities, with retailers facing Rotemberg price adjustment costs (see
Appendix C.1 for details). We introduce monetary policy through a Taylor rule and in-
corporate a monetary shock ϱm

t , which follows: log ϱm
t = ρm log ϱm

t−1 + σmεm
t .

A result similar to Proposition 3.4 holds conditional on monetary policy shocks:

Corollary 3.2. During the green transition, there exists a threshold ϵm > 0. If the absolute value

of the elasticity of skilled wages,
∣∣∣ ∂ log WS

t
∂ log ϱm

t

∣∣∣, is greater than ϵm, then in equilibrium:

∂ log SM
t

∂ log ϱm
t

< 0,
∂ log SG

t
∂ log ϱm

t
> 0. (28)

Proof. See Appendix D. ■

4. Evaluating Model Predictions
The previous section analytically demonstrates that the model can qualitatively ratio-
nalize our empirical findings. In this section, we assess the model’s predictions quanti-
tatively. First, we show that under standard calibrations, the model can quantitatively
match the empirical findings. Second, we confront key model predictions with the data
and provide direct evidence supporting the model mechanisms.

4.1. A Quantitative Exploration
Calibration. We set the annual discount factor β to 0.99. The final good technology pa-
rameters αL, αM are set to 0.5 and 0.42, respectively, which corresponds to a 50% income
share of intermediate inputs (Comin and Gertler 2006) and matches an 8% energy share
of income, the average for the United States since 1970 reported by the U.S. Energy Infor-
mation Administration (EIA). The markup parameters µM and µG are set to 2 to ensure
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the existence of a balanced growth path.
Following Acemoglu et al. (2012), we set the elasticity of substitution between green

energy and fossil fuels, ρ, to 3. The extraction productivity ξ f is normalized to 1. The con-
gestion externality parameter ν is set to 0.5, within the range of panel and cross-sectional
estimates from Griliches (1990). The technology obsolescence rate 1 − ϕ is set to 0.03,
consistent with Comin and Gertler (2006) and recent estimates from Ma (2021).

For labor supply elasticities, we set the Frisch elasticity of labor supply, 1/η, to 2, in
line with standard RBC calibrations (Kydland and Prescott 1982; King and Rebelo 1999),
to generate meaningful business cycle fluctuations. The inverse Frisch elasticity of skilled
labor supply—the key parameter determining the strength of the GE effects—is set to
ψ = 2. This is motivated by Chetty et al. (2011) and Elminejad et al. (2023) that estimate
a low labor supply elasticity for skilled, higher-wage workers. The scale parameters of
labor ω̄ and ω̄S are set to normalize the skilled and unskilled labor to 1 on the BGP.

Following Ottonello and Winberry (2020), we set φ = 90 and σ = 10. The Taylor rule
coefficient is set to ϕπ = 1.69. We assume that supply and demand shocks are equally
important in driving the business cycle. For the underlying contributions of demand
shocks, we assume that preference shocks account for 45% and monetary policy shocks
for 5%. We assume that all shocks are equally persistent, with ρx = 0.6. To jointly generate
a 1.2% standard deviation of output at business cycle frequency, we calibrate the standard
deviations of the shocks to σz = 0.007, σd = 0.009, and σm = 0.002.

We start the green transition at an initial state where fossil fuel consumption ac-
counts for 80% of the total energy consumption—a value comparable to the figure
reported by the EIA. Balanced growth requires the two technology stocks to grow at
a common rate, which restricts the innovation-productivity parameters to ζG/ζM =

(αM/(1 − αL − αM))ν. At this initial state we therefore calibrate ζG to match the growth
of the U.S. non-fossil energy share, which has averaged 1.2% per year (EIA), and this ratio
then determines ζM. The fixed setup cost for innovation, c = 0.89, is calibrated to match
a 2% standard deviation in aggregate R&D expenditures from the national accounts at
business cycle frequencies.

Impulse responses. We now turn to the model’s quantitative predictions. We focus
on the effects of a monetary policy shock for more direct comparison with the empirical
evidence. Figure 8 shows the impulse responses of green and non-green patenting to a 25
basis point monetary policy shock.

The net IP value of a non-green new variety is significantly more sensitive to shocks
than that of a green variety, falling by around 1.5 times as much after a contractionary
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Figure 8: Green and non-green patenting responses in the model
(a) Net IP value of new varieties
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Notes: Impulse responses of the net value and number of varieties of green and non-green patents to a 25
basis point monetary policy shock, based on the green business cycle model calibrated to the U.S. economy.

monetary policy shock. This result demonstrates the quantitative significance of our
green duration channel underlying Proposition 3.2.

Consistent with the change in the relative values of green and non-green varieties,
the green share among new varieties increases. The magnitude of this increase is around
0.4 percentage points on impact—in line with the empirical response. Importantly, these
moments are not targeted in our calibration, illustrating the quantitative success of the
model.

The model not only produces the countercyclicality of the green share, it also generates
the countercyclical response of the number of green varieties and the procyclical response
of the number of non-green varieties.12 This is the additional general equilibrium effect
via the inelastic supply of skilled labor at play. After a recessionary shock, innovative
activity falls, with a disproportionately larger drop in the non-green sector. This reduces
the demand for skilled labor, leading to a decline in wages for skilled workers. The lower
wages in turn decrease the cost of green R&D, incentivizing firms to undertake more
green innovation.

These short-run reallocations also have permanent effects on the composition of tech-
nology. The intuition is that a transitory shock changes the flow of innovation today.
Once extra green varieties are created, they do not disappear when the monetary shock
fades. They raise the stock of green technology, lower the relative cost of green energy,
and therefore leave the economy with a higher green patent share along the transition
path. In our baseline calibration, ten years after the monetary tightening, green patent-
ing remains about 0.27% above its no-shock path, and the green patent share remains
close to 0.1 percentage points higher. Thus, by reallocating innovation between green and

12Since there is no clear quantitative mapping between new varieties and new patents, we cannot directly
compare the magnitude of these responses to their empirical counterparts.
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Figure 9: Decomposition: Cash flow vs. discount factor channel
(a) Green share of new patents
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Notes: Impulse responses of the green share of new varieties and the number of new green varieties to a
25 basis point monetary policy shock. We compare the baseline model (with both cash flow and discount
factor channels) to a counterfactual in which the discount factor channel is shut down.

non-green technologies, monetary policy can have permanent effects on the direction of
technical change and on the green patent share.

How powerful is the discount rate channel in our simulations? To shed light on this,
we perform a counterfactual exercise where we keep the discount rate fixed at its no-
shock trajectory.

Figure 9 shows the results. We see that for monetary policy shocks the discount rate
channel works against the green countercyclicality. The reason is that these shocks imply
a procyclical SDF. When we shut the discount rate channel down, the green share in-
creases by 0.42 percentage points on impact, around 0.02 percentage points more relative
to our baseline response. The difference is even more pronounced when we look at the
response of the number of new green varieties.

Overall, these results illustrate that while the discount factor channel goes against
the cash flow channel, its quantitative impact is relatively modest. In Appendix C.6,
we examine the sensitivity of these results with respect to the intertemporal elasticity
of substitution. We show that the results are robust when we use a lower intertemporal
elasticity of substitution of 0.5, even though the magnitudes are somewhat smaller due to
the amplified discount rate channel.

In Appendix C.5, we study the responses to alternative shocks. Preference shocks are
of particular interest, as they can generate a countercyclical SDF such that the discount
rate channel reinforces the green countercyclicality. We find that a negative preference
shock produces stronger countercyclicality than a monetary shock with the same impact
on the output gap (see Appendix Figure C.2).

How does the green duration channel depend on the starting point and speed of the
transition? Our baseline calibration implies that green energy accounts for half of energy
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expenditure after about 41 years. The further along in the transition, the weaker the
countercyclicality of the green patent share: as green energy takes over, the current cash
flow of a green variety grows relative to its patent value, and the green duration effect
fades. See Appendix C.7 for details. For similar reasons, the countercyclicality of the
green patent share is also amplified when the overall speed of the transition is accelerated,
see Appendix C.8.

4.2. Empirical Evidence Supporting the Model Mechanism
In this section, we provide empirical evidence supporting our key model mechanisms.
We start by looking into the green duration channel. As discussed in Section 3.2, this
channel is active when the values of green patents are less cyclical than those of non-
green patents. This is a testable prediction that we can confront with the data.

To test this prediction, we use the market-implied values of USPTO patents con-
structed by Kogan et al. (2017) from stock market responses to patent news. We merge
these values with our PATSTAT data (see Appendix A for details).

Based on this data, we can then test the model’s prediction about the cyclicality of
patent values. We conduct two complementary exercises. First, we exploit panel variation
in the patent data to estimate the relative cyclicality of green and non-green patent values:

valuej,i,t = αi + δt + θrt × greenj,i,t + γ′xj,i,t + ε j,i,t, (29)

where valuej,i,t corresponds to the (log) real value of patent j filed by firm i. We focus on
the federal funds rate, instrumented using high-frequency monetary surprises, but also
report results using GDP growth instead without conditioning on a specific shock. xj,i,t

are additional patent-level controls. αi and δt are firm and time fixed effects, respectively.
Since our goal is to estimate the relative cyclicality of green and non-green patent values,
captured by θ, the inclusion of time fixed effects allows us to flexibly control for any
time-varying common shocks. We also control for the baseline green-patent indicator. As
quality is homogeneous in the model, we include dummy variables for biadic patents, as
well as for patents with at least one citation.

Table 3 reports the estimated coefficients. Consistent with the model’s prediction,
green patent values are less cyclical than non-green patent values: after a recessionary
shock, the value of green patents falls by significantly less than that of non-green patents.
This holds true unconditionally using GDP growth as well as when conditioning on mon-
etary policy shocks. The results are robust to excluding the quality controls.

Second, we construct firm-level patent valuations by tracking the market-implied
value of firms’ stock of green and non-green patents over time. Using these valuations,
we estimate firm-level green and non-green patent value responses to monetary policy
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Table 3: Relative cyclicality of green and non-green patent values in the data

Dependent variable: 100×log(patent valuej,i,t)

(1) (2) (3) (4)

∆GDPt × greenj,i,t -2.12∗∗∗ -2.05∗∗∗

(0.48) (0.61)

rt × greenj,i,t 2.48∗∗∗ 2.47∗∗∗

(0.52) (0.52)
Observations 1,256,917 1,256,917 1,256,917 1,256,917
Firm fixed effects Yes Yes Yes Yes
Time fixed effects Yes Yes Yes Yes
Quality controls No Yes No Yes

Notes: The relative cyclicality of green and non-green patent values, estimated based on (29). ∆GDPt is real
GDP growth and rt is the policy rate, instrumented with monetary surprises. greenj,i,t is a dummy denoting
green patents. We consider a 1 percentage point increase in GDP growth and a 25 basis point policy rate
increase. Robust standard errors in parentheses, significance levels denoted by ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗

p < 0.10.

shocks using panel local projections (3). To control for quality, we focus only on biadic
patents that received at least one citation in the construction of the firm-level value
indices.

Figure 10a shows that non-green patent values fall significantly and persistently after
a contractionary monetary policy shock. By contrast, the values of green patents are much
less affected: while they also tend to decline, the response is weaker and insignificant.

Next, we aim to shed light on the general equilibrium effects via the market of skilled
labor. Our model predicts a decline in non-green patenting during business cycle down-
turns, depressing the equilibrium wage of skilled workers (scientists). This reduces the
cost for firms to engage in green innovation and increases labor demand. We confront
these predictions using two different datasets.

First, we construct a real quarterly earnings index of scientists in STEM occupations
by combining relevant waves of the U.S. Current Population Survey over our sample
period (see e.g. Autor, Katz, and Kearney, 2008; Autor and Dorn, 2013). For details, see
Appendix A.6. To test how this aggregate earnings index responds to monetary policy,
we rely on the local projections approach (2). In line with the model prediction, Figure
10b shows that scientists’ earnings decrease following a monetary tightening.

Second, we explore USPTO data on inventors referenced in patent filings. Impor-
tantly, this dataset disambiguates inventor names (see e.g. Li et al., 2014), enabling us to
classify inventors as green or non-green based on their patenting activity. We aggregate
the number of green inventors at the firm-level and trace their dynamic responses to mon-
etary shocks, using the panel local projections model (3). Figure 10c shows a significant
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Figure 10: Responses of patent values, scientists’ earnings and green inventors

(a) Patent values
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(b) Scientist earnings index
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Notes: Responses of patent values (Panel a) and green inventors (Panel c) to a monetary policy shock,
estimated based on (3). Panel b: response of scientist earnings index, estimated based on (2). Shock is
normalized to increase the federal funds rate by 25 basis points on impact. Solid line: the point estimate.
Dark and light shaded areas: 68 and 95% confidence bands.

increase in the number of green inventors. We find that at least part of this increase is
driven by new inventors, i.e. inventors that have not patented at the firm previously (see
Appendix B.2.2). These results are consistent with the general equilibrium effects via the
skilled labor market that operate in our model.

Overall, this evidence corroborates our model mechanisms that generate the counter-
cyclicality of the green patent share and the number of green patents.

5. State-Dependent Effects of R&D Subsidies
The main result of the paper is that green innovation is countercyclical. A direct policy
implication is that a given dollar of R&D subsidy spending can generate more innovation
during downturns, when the skilled R&D wage is lower. This section formalizes this state
dependence and asks whether it is stronger for green innovation. We consider TFP and
preference shocks and assume that skilled R&D wages are sufficiently procyclical.
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Countercyclical innovation subsidies. We introduce an unanticipated, one-period gen-
eral innovation subsidy, and let τN

t denote the neutral subsidy rate. Skilled R&D workers
receive the real wage WS

t , while innovators in both sectors face the effective wage cost
(1 − τN

t )WS
t . The free-entry conditions become

ζK AK
t

(
LS

t,K

)ν−1
VK

t = (1 − τN
t )WS

t , K ∈ {G, M}. (30)

The fiscal cost of the policy, financed by a contemporaneous lump-sum tax, is

BN
t = τN

t WS
t
(

LS
t,G + LS

t,M
)
. (31)

We define the innovation subsidy multiplier as Mt ≡ ∂St
∂BN

t
, evaluated at zero subsidy,

that is, the increase in total innovation generated by one additional dollar of neutral R&D

wage subsidies. Similarly, M K
t ≡ ∂SK

t
∂BN

t
, for K ∈ {G, M}, denotes the sector-specific inno-

vation multiplier.
For the analytical results in this section, we again assume zero depreciation of ideas

(ϕ = 1) and impose the regularity condition requiring that business-cycle shocks are not
quasi-permanent.

Proposition 5.1 (Countercyclical Subsidy Multipliers). The innovation subsidy multipliers
are countercyclical:

d log Mt

d log Yt
< 0,

d log M G
t

d log Yt
< 0,

d log M M
t

d log Yt
< 0. (32)

Moreover, along the transition path we have
∣∣∣ d log M G

t
d log Yt

∣∣∣ > ∣∣∣ d log M M
t

d log Yt

∣∣∣, implying that a given dollar
of subsidies allocated during downturns generates relatively more green patents.

Proof. See Appendix D. ■

The intuition behind Proposition 5.1 is straightforward. During downturns, lower
skilled R&D wages reduce the cost of creating new varieties, allowing a given subsidy
expenditure to generate more innovation. Moreover, the green duration channel makes
the green component of the subsidy multiplier rise more strongly than the non-green part.
Thus, relative to the same expenditure in a boom, a neutral subsidy deployed during a
downturn generates more patents overall and a larger absolute increase in green patents.

The timing of innovation subsidies therefore matters for their effectiveness. Subsidies
deployed during downturns generate more aggregate and green innovation per dollar
than subsidies deployed during booms.

Green-targeted subsidies. We now consider targeted subsidies. Let τG
t denote a wage

subsidy that applies only to skilled labor used in green R&D. Skilled R&D workers re-
ceive the common real wage WS

t . Green innovators pay (1 − τG
t )WS

t , while non-green
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innovators pay WS
t . The free-entry conditions become

ζG AG
t

(
LS

t,G

)ν−1
VG

t = (1 − τG
t )WS

t , ζM AM
t

(
LS

t,M

)ν−1
VM

t = WS
t . (33)

The fiscal cost of the policy is

BG
t = τG

t WS
t LS

t,G. (34)

Let M GS
t ≡ ∂[SG

t /(SG
t +SM

t )]

∂BG
t

denote the effect of green-targeted R&D wage subsidies on
the green innovation share.

Proposition 5.2 (Countercyclical Effects of Green-Targeted Subsidies). Green-targeted
subsidies increase the green share M GS

t > 0. More importantly, along the green transition, this
effect is stronger during downturns:

d log M GS
t

d log Yt
< 0. (35)

Proof. See Appendix D. ■

Proposition 5.2 delivers two results. First, green-targeted wage subsidies increase the
green share of innovation. Second, this directional effect is stronger during economic
downturns: when innovation costs are lower, a dollar of targeted support shifts the com-
position of innovation more strongly toward green technologies.

Therefore, if a policymaker’s objective is to accelerate the green transition, the timing
of green-targeted subsidies matters. In particular, the model implies that introducing
such subsidies during downturns is especially effective, even though green innovation is
already relatively strong in recessions absent policy intervention.

Quantification. The results above establish that R&D subsidy multipliers are state de-
pendent. We now use the calibrated model from Section 4.1 to assess the magnitude of
this state dependence. This quantitative exercise relaxes the zero-depreciation assump-
tion, allowing ideas to depreciate at the calibrated rate 1 − ϕ = 0.03.

In the calibrated model, the neutral-subsidy multiplier is countercyclical. A 1% de-
cline in GDP raises the total innovation subsidy multiplier by 2.0%. The effect is larger
for green innovation: the green multiplier rises by 2.2%, compared with 1.8% for non-
green innovation. To put these elasticities into perspective, consider a recession in which
GDP is 3% below its no-shock path and a boom in which GDP is 3% above it. The total
innovation subsidy multiplier is approximately 12.5% larger in the recession than in the
boom. The difference is about 14.4% for green innovation, compared with 11.5% for non-
green innovation. The effect of green-targeted subsidies on the green innovation share is
approximately 8.2% larger in the recession.
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6. Conclusion
This paper documents a novel empirical fact: while non-green innovation is procyclical,
green innovation is countercyclical. Not only is green patenting less affected by reces-
sionary shocks, the number of green patents even tends to rise during downturns. This
pattern holds across aggregate and firm-level data, within the U.S. and internationally,
and when conditioning on different macroeconomic shocks. These findings challenge the
conventional view that innovation declines uniformly in recessions and call for a deeper
understanding of the distinct economic forces shaping green technological progress.

To explain these patterns, we develop a business cycle model with endogenous green
and non-green innovation. At the core of the model is the green duration channel: along
the transition, green patents yield profits that are more backloaded, making their value
less sensitive to transitory macroeconomic shocks. In general equilibrium, this effect is
reinforced through reallocation in the skilled labor market. When downturns depress
non-green innovation, the resulting decline in skilled wages lowers the cost of green R&D,
further boosting green innovation. Our model not only accounts for the relative and
absolute cyclicality observed in the data, but is also supported by empirical evidence on
the underlying mechanisms—specifically, the weaker cyclicality of green patent values
and the reallocation of inventors toward green technologies during recessions.

Our results underscore how short-run macroeconomic fluctuations can shape the
long-run green transition. Two implications stand out. First, transitory shocks can leave
a permanent technological legacy: by changing the level and composition of innovative
activity, even short-lived downturns can alter the path of green and non-green technolo-
gies after economic activity has recovered. Second, the effects of innovation subsidies are
state dependent. A dollar of R&D subsidies generates more innovation during down-
turns, when innovation costs are lower, and produces relatively more green patents.
Conditioning innovation subsidies on macroeconomic conditions can therefore improve
their cost-effectiveness and strengthen their contribution to the green transition. More
broadly, macroeconomic conditions are central not only to understanding the evolution
of green innovation, but also to designing effective innovation policy.
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A. Data
In this appendix, we provide additional information on the sources and the construction
of our sample. We discuss the sources for the patent and firm-level data as well as how we
match patents to firms. Finally, we provide details on how we aggregate the patent data,
as well as the supplementary macroeconomic and financial data used in our analyses.

A.1. Patent Data
Our main source of patent data is the World Patent Statistical Database (PATSTAT), which
encompasses bibliographic information for close to the universe of patents globally. We
use the autumn 2023 edition (version 5.22).

We follow the previous literature (e.g. Hémous et al., 2025) to focus on patent families,
i.e. patents representing the same innovation filed at different patent offices. For each
patent family we use the original application date to capture the time of the innovation
and assign nationality based on the respective filing office.

To measure green innovation, we use International Patent Classification (IPC) and
Cooperative Patent Classification (CPC) codes. Specifically, we apply the EPO tagging
scheme (see Veefkind et al., 2012; Angelucci, Hurtado-Albir, and Volpe, 2018) to classify
patent families in the Y02 class of the CPC, which includes technologies that reduce green-
house gases. We treat patent families with multiple C/IPC codes as green if any of the
respective codes meet our criteria. We treat the remaining patent families as non-green.

Table A.1: Green patents by CPC code, 1986-2019

CPC code Description Number of patents Share of sample Incl. in baseline

Y02E Production, distribution and transport of
energy

109,682 35.93 ✓

Y02T Transportation 63,053 20.66 ✓
Y02P Industry and agriculture 61,760 20.23 ✓
Y02A Adaptation to climate change 34,258 11.22 ✓
Y02B Buildings 32,598 10.68 ✓
Y02D ICT aiming at reduction of own energy use 31,350 10.27 ✓
Y02W Wastewater treatment or waste manage-

ment
14,995 4.91 ✓

Y04S Smart grids 9,832 3.22
Y02C Capture and storage of greenhouse gases 4,416 1.45 ✓

Notes: Based on USPTO patent families. Note that CPC categories are non-mutually-exclusive and thus the
shares need not to sum to a 100%.

What are the most salient green subclasses? Table A.1 shows that the majority of green
patent filings in our data are associated with production, distribution and transport of
energy (Y02E), transportation (Y02T), and industry and agriculture (Y02P).

In Table A.2, we provide a number of examples of green patents, specifically related
to photovoltaic and solar technologies.

PATSTAT also reports information on patent citations. We compute citation counts at
the family level, excluding any self citations within the same family. To measure quality,
we additionally define biadic patents, filed with at least two of the three major patent
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offices (USPTO, EPO and JPO).

Table A.2: Examples of green patents related to photovoltaic and solar technologies

Patent number Patent name Applicant Filing date CPC
codes

US5959787 Concentrating coverglass for
photovoltaic cells

The Boeing Com-
pany

26.11.1996 Y02E

US6461947 Photovoltaic device and making
of the same

Hitachi, Ltd. 07.09.2000 Y02E,
Y02P

US20070267290 Photovoltaically powered ca-
thodic protection system for au-
tomotive vehicle

Ford Global Tech-
nologies, LLC

16.05.2006 Y02T

US20180054064 Smart main electrical panel for
energy generation systems

Tesla, Inc. 29.09.2016 Y02B,
Y02E

A.2. Firm Data
We rely on Compustat North America for accounting data on listed U.S. companies. Fol-
lowing Cloyne et al. (2023) we exclude Compustat companies in the finance, insurance,
real estate and public administration sectors and drop firms which report data for fewer
than 20 quarters, or have missing investment or sales figures for more than 20 quarters.
We measure firm age using the date of incorporation, which we supplement from Thom-
son Reuter’s WorldScope.

In contrast to Cloyne et al. (2023), we only exclude firms with negative or missing
age when we explicitly study firm heterogeneity, including the effects on younger and
older firms. Otherwise, we retain firms even if the age variable is negative.1 We limit our
attention to years with consistent reporting, starting in 1986Q1.

Table A.3 shows how we construct the key firm-level variables of interest based on the
Compustat data. To limit the impact of outliers, we winsorize the book-to-market ratio,
short-term debt and leverage ratio and Tobin’s Q at the 1st and 99th percentile in each year.
We also merge data on firm-level emissions from Trucost using company ISIN codes. We
focus on the Scope 1 GHG emission intensity (scaled by revenue), which is available for
roughly half of the companies in our dataset.

Table A.3: Definitions of firm-level variables

Variable Compustat definition

Size atq
Investment capxq/ppentq
Leverage ratio (dlcq+dlttq)/atq
Book-to-market ceqq/(prccq*cshoq)
R&D intensity xrdq/atq
Short term debt dlcq/(dlcq+dlttq)
Tobin’s Q (atq + prccq*cshoq - ceqq + txditcq) / atq

1The age data are noisy, e.g. because of firm mergers and acquisitions.
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A.3. Matching Patents to Firms
Measuring U.S. firms’ innovation activity requires matching patents to firm-level data. To
maximize the number of successful matches, we rely on two different datasets. The first is
Orbis Intellectual Property, which links global patent portfolios to Orbis companies (see
Hémous et al., 2025). We map Orbis to Compustat companies using the ISIN identifier,
which implies we are measuring innovation at the U.S. group level.

Second, we also employ the mapping by Arora, Belenzon, and Sheer (2021), which
establishes a link between USPTO patents and Compustat firms based on a fuzzy match-
ing approach and extends the NBER patent database (Hall, Jaffe, and Trajtenberg, 2001).
For more details on the approach, see Arora et al. (2024). Combining the matches in both
datasets we are able to link 1.7 million distinct patent families to Compustat firms, in-
cluding about 103,000 green patents.2 In our main analysis, a patent can be matched to
multiple U.S. companies as the result of co-inventions. Our results, available upon re-
quest, are robust to excluding, or appropriately weighting such joint patents.

We use the unique patent application number encompassed in both datasets to merge
the relevant information from PATSTAT. In particular, we construct firm-level patent
counts for green and non-green patents at quarterly frequency. To that end, we retain
patents filed with the USPTO and international filings.

In addition to patent counts, we are also interested in quantifying patent values. We
therefore match our firm-level data with market-implied patent value data constructed by
Kogan et al. (2017), extended to 2020. Consistent with our earlier definition, we focus on
the first patent in a patent family to infer its value, but verify that taking an average value
does not impact our results. Lastly, to dynamically study the value of firms’ innovation,
we construct cumulative value indices for green and non-green patents at the firm-level.

A.4. Aggregate Patent Counts
In order to assess the correlation of innovation activity with the business cycle, we com-
pute aggregate patent counts. First, we construct separate series for U.S. green and non-
green patents based on USPTO filings recorded in PATSTAT.3 Second, we compute similar
patent counts for OECD countries, including filings with the respective national offices
and the EPO. For the OECD, we also include international applications filed under the
Patent Cooperation Treaty, but verify that excluding them does not impact our estimates.
Finally, we construct counts at the global level, exploiting all available information in
PATSTAT.

Third, since Compustat covers close to the universe of listed companies in the U.S., we
can also aggregate our matched firm-level patents to compute separate counts for listed

2Reassuringly, the two mappings overlap significantly: Orbis identifies 1.444 million total (89,800 green)
patents, while applying Arora, Belenzon, and Sheer (2021) results in 1.275 million total (75,600 green)
matched patents.

3As patent counts can vary across the two sources due to different procedures in how patent applications
are recorded and PCT patent applications are treated, we verify that our findings are robust to using USPTO
data. The results are available upon request.
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and unlisted U.S. firms. Compustat accounts for 97-99% of market capitalization of all
listed firms in the U.S. between 1975-2015 according to Kahle and Stulz (2017). Because
we assign patent nationality based on the original patent office, we expect that filings by
foreign corporations are modest.

To control for potential seasonality, we apply an X-11 filter to our constructed aggre-
gate patent counts.

Figure A.1 compares the evolution of green patenting among listed and unlisted U.S.
companies. The green patent share evolves similarly across the two groups, both in terms
of its long-run trend and its shorter-run fluctuations. This close co-movement suggests
that the aggregate dynamics of green patenting are not driven solely by listed firms but
extend more broadly to unlisted companies.

Figure A.1: Green patenting across U.S. listed and unlisted firms
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Notes: Share of green patents for U.S. listed and unlisted companies.

A.5. Macroeconomic Data
We complement the innovation and firm-level data with a set of aggregate macroeco-
nomic and financial variables, listed in Table A.4.

One important control in our local projections refers to RD&D spending on renewables
by the U.S. Department of Energy. As this series is only reported annually, we temporally
disaggregate it using the approach of Chow and Lin (1971). As the relevant quarterly
indicator, we use U.S. government spending, which is highly correlated with the RD&D
series (ρ = 0.70). Figure A.2 shows the resulting interpolated series closely tracks the
naive estimate obtained by uniformly distributing the annual total to each quarter.
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Table A.4: Macro data description and sources

Variable Description Source

U.S. data
Monetary surprise Purified high-frequency monetary surprises from

Bauer and Swanson (2023)
Michael Bauer’s
website

Excess bond premium Gilchrist and Zakrajšek (2012) FRB website
Monetary surprise Jarociński and Karadi (2020) Marek Jarocinski’s

website
Oil supply shock Känzig (2021) Diego Känzig’s web-

site
Climate news index Engle et al. (2020) Johannes Stroebel’s

website
Renewables RD&D spending Disaggregated from annual DOE series Climate Policy Lab
Federal funds rate FEDFUNDS FRED
Real GDP GDPC1 FRED
GDP deflator GDPDEF FRED
Unemployment rate UNRATE FRED
Industrial production INDPRO FRED
1-year rate GS1 FRED
Investment A008RA3Q086SBEA FRED
Oil price WTISPLC FRED
Government spending GCEC1 FRED

OECD data
Real GDP Based on 19 OECD countries OECD
GDP deflator Based on 19 OECD countries OECD
Unemployment rate Based on 9 OECD countries with consistent data OECD

European data
Real GDP Based on 15 European countries OECD
GDP deflator Based on 2 European countries with consistent data OECD
Unemployment rate Based on 3 European countries with consistent data OECD
German 3-month rate IR3TIB01DEQ156N FRED
ECB monetary surprise Jarociński and Karadi (2020) see above

Notes: Due to data limitations, we construct the unemployment series based on data from 9 major OECD
countries that consistently report since 1986. These countries include the United States, Germany, Japan,
Australia, Austria, the United Kingdom, New Zealand, Chile and Canada.

Figure A.2: Quarterly Renewables RD&D Series
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A.6. CPS Earnings Data
To empirically test the general equilibrium effect operating via the skilled labor market,
we require earnings data of scientists. To that end, we combine data from the 1986–2019
waves of the U.S. Current Population Survey Merged Outgoing Rotation Group (MORG),
which includes detailed information on earnings and demographics for a large, represen-
tative sample of U.S. workers.

We classify scientists based on 122 occupations in O*NET “Research, Development,
Design & Practitioners" category of Science, Technology, Engineering, and Mathematics
(STEM). To harmonize these occupations over time, we map the underlying SOC-2018
codes into the consistent occupation codes of Autor and Dorn (2013).

There are two main challenges in constructing an aggregate index over time. First,
earnings are top-coded in different vintages of the survey. In line with the literature, we
multiply each top-coded observation by 1.5 (e.g. Autor, Katz, and Kearney, 2008). Second,
the composition of the workforce is not constant over time. To account for compositional
changes, we follow Acemoglu and Autor (2011) and partition workers into 40 cells based
on sex, education and experience. Lastly, we compute the hours-weighted mean of log
earnings by cell, and aggregate using fixed weights for each cell computed over the full
sample.
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B. Sensitivity and Additional Results
B.1. Additional Time Series Results
In this appendix, we report some additional results based on the time series.

Figure B.1: Macroeconomic effects of a U.S. monetary policy shock
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Notes: Macroeconomic effects of a U.S. monetary policy shock, estimated based on the LP-IV model (2).
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Figure B.2: Patenting responses to business cycle shock

(a) Growth in industrial production
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(b) Unemployment rate

-6

-4

-2

0

2

Pe
rc

en
t

0 4 8 12 16 20

Quarters

Number of patents

-.1

0

.1

.2

.3

.4

Pe
rc

en
ta

ge
 p

oi
nt

s

0 4 8 12 16 20

Quarters

Green patent share

Notes: Responses of total patents and the green patent share in the U.S. to a recessionary innovation to
IP growth (normalized to a 1% decrease) and the unemployment rate (normalized to a 25 basis points
increase), estimated based on the reduced-form local projections (1).
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B.1.1. Alternative Shock Measures
Our baseline analysis relies on a local projections approach using the monetary surprises
by Bauer and Swanson (2023) as an instrument. The left panel in Figure B.3 shows similar
dynamic responses of the U.S. green patent share, estimated using the monetary surprises
by Jarociński and Karadi (2020) as an instrument.

As alternative shock measures, the right panel in Figure B.3 considers the impacts of
oil supply shocks on the green patent share. Specifically, we use the oil supply shock
identified in Känzig (2021) as an instrument for the real oil price in an otherwise identi-
cal empirical setup. The responses, normalized to increase the real oil price by 10 USD,
display a similarly persistent increase as in our main analysis.

Figure B.3: Patenting responses to alternative macroeconomic shocks
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Notes: Green patenting responses to alternative monetary policy and oil supply shocks. Left panel: mone-
tary policy shock, identified using Jarociński and Karadi (2020) monetary surprises. Right panel: Oil supply
news shock, identified using the OPEC surprise series by Känzig (2021).

B.1.2. Alternative Green Classifications and Controlling for Quality
Our baseline classification of green patents includes all subclasses of Y02.

Figure B.4: Patenting responses using alternative green patent classifications
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Notes: Responses of the share and number of green patents to a monetary policy shock for alternative
definitions of green patents. Responses are estimated based on LP-IV model (2). Compared to the baseline
(including all Y02 subclasses), we include Y04S (orange dotted line), exclude Y02A (yellow dashed line),
exclude Y02A, Y02B, Y02C, Y02D and Y02W (blue dotted line) and include only Y02E (purple dashed line).

Figure B.4 verifies that the responses in the U.S. are robust to alternative classifications.
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First, we drop subclasses not directly competing with fossil fuels (Y02A, B, C, D and W)
and include only energy-related subclasses (Y02E), which leads to comparable responses.
Second, following Calel and Dechezleprêtre (2016), we check that including smart grid
technologies (Y04S) does not meaningfully impact our estimates.

In the baseline estimation we include all patent families, irrespective of their quality.
To control for patent quality, we closely follow Hémous et al. (2025) to focus on biadic
patents (filed in at least two of the three major patent offices) with at least one citation.
Figure B.5 shows that the estimated responses for the U.S. sample are very similar.

Figure B.5: Robustness with respect to patent quality
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Notes: Green patenting responses to a monetary policy shock when controlling for patent quality. Responses
are estimated based on LP-IV model (2). We control for quality by only using biadic patent families with at
least one citation.

B.1.3. Sensitivity of Responses to Outliers and Pre-trends
In Figure 6 we find little evidence that extreme observations are responsible for the posi-
tive correlation between green patenting and monetary shocks. To formally assess the in-
fluence of individual observations, we perform a jackknife exercise, setting one quarterly
shock observation to zero at a time. Figure B.6 shows our baseline responses, together
with the responses from the jackknife exercise in gray. We see that the estimated effects
are not driven by any single shock.

Figure B.6: Sensitivity of green patenting responses to a monetary policy shock
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Notes: Green patenting responses to a monetary policy shock, estimated based on LP-IV model (2), together
with the responses obtained from the jackknife exercise, censoring one shock value at a time (in gray).
Shaded areas: 68 and 95% confidence bands for baseline model.
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Figure B.7: Sensitivity of green patenting responses to a business cycle shock
(a) Pre-trends
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(b) Jackknife
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Notes: Sensitivity of green patenting responses in the U.S. to a recessionary innovation to GDP growth
(normalized to a 1% decrease). Left panels: responses of the green patent share. Right panels: responses
of the number of green patents. Top panels: baseline responses with pre-trends. Estimate for h=−1 is zero
by construction. For h=−4, . . . ,−2 the lag corresponding to the horizon is excluded from the specification.
Middle panels: Jackknife exercise, censoring one shock value at a time (in gray). Lines: point estimates.
Dark and light shaded areas: 68 and 95% confidence bands for baseline estimates based on lag-augmented
standard errors. Bottom panels: Scatter plot of GDP growth shock against the cumulative change in the
outcomes after 8 quarters, conditional on our set of controls.

Figure B.7 presents similar diagnostics for green patenting responses to business cycle
shocks based on GDP growth. The top panels suggest no evidence of pre-trends, while
the middle and bottom illustrate that the responses of green patenting are not driven by
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any single extreme value.

B.1.4. Alternative Sample: OECD vs. Europe
How does the response of green patenting activity to monetary policy shocks compare
between OECD countries and Europe? Evidence from Aghion et al. (2026), based on
German data, suggests that interest rate increases reduce green patenting by tightening
financial constraints that limit small firms’ ability to invest in R&D.

To test this, we construct a separate series of green patents filed by European countries
and estimate their response to monetary policy by the European Central Bank. We closely
follow our baseline specification, using analogous controls for the European sample (see
Table A.4 for details). As the interest rate measure, we use the German 3-month rate,
instrumented with monetary surprises from Jarociński and Karadi (2020).

Figure B.8: Green patenting responses in OECD and Europe
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(b) European countries
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Notes: Responses of green and non-green patents to a monetary policy shock, estimated based on the LP-
IV model (2). Panel a: Sample of OECD countries excluding the U.S., using the Fed funds rate and U.S.
monetary surprises. Panel b: Sample of European countries, using German 3-month rate and ECB monetary
surprises (Jarociński and Karadi, 2020). Solid line: point estimate. Dark and light shaded areas: 68 and 95%
confidence bands based on lag-augmented standard errors.

Figure B.8 presents the estimated responses alongside the OECD results. Panel (b)
shows no comparable increase in green patenting in the European data, although the
estimates are also less precise. This suggests that the European results are more in line
with Aghion et al. (2026), possibly reflecting tighter financial constraints facing European
firms after a monetary tightening.
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B.2. Additional firm-level results

Table B.1: Green patenting by the 20 largest green innovators
Patenting measure

Company Total patents Green patents Green patent share

GENERAL MOTORS CO 29,130 6,528 22.41
RTX CORP 33,745 6,467 19.16
FORD MOTOR CO 24,447 6,324 25.87
INTEL CORP 59,594 4,293 7.20
INTL BUSINESS MACHINES CORP 131,497 4,216 3.21
QUALCOMM INC 39,383 3,310 8.40
BOEING CO 20,802 2,984 14.34
HP INC 52,929 2,076 3.92
CATERPILLAR INC 12,375 1,925 15.56
APPLE INC 26,418 1,872 7.09
DU PONT (E I) DE NEMOURS 20,441 1,835 8.98
MOTOROLA SOLUTIONS INC 27,632 1,676 6.07
EXXON MOBIL CORP 10,764 1,492 13.86
MICROSOFT CORP 55,263 1,329 2.40
CUMMINS INC 4,036 1,317 32.63
TEXAS INSTRUMENTS INC 25,166 1,259 5.00
CORNING INC 12,615 1,185 9.39
APPLIED MATERIALS INC 16,224 1,010 6.23
ALPHABET INC 26,418 1,002 3.79
DUPONT DE NEMOURS INC 14,456 989 6.84

Notes: The table reports patent measures for the 20 largest innovators in the U.S. between 1986 to 2019,
based on green patent counts.

B.2.1. Evidence on USPTO Patent Renewals
We argue that green patents have a more backloaded profit structure along the green
transition. To corroborate this assumption, we exploit information on the maintenance
fee payments recorded by the USPTO. Patents need to be renewed after 3.5, 7.5 and 11.5
years in order to remain active. Therefore, patent renewal decisions reflect the value that
firms assign to a given innovation over time.

We begin by estimating a logistic regression at the patent-level:

Pr
[
Renewalj,t = 1 | δt, greenj, Xj

]
=

exp
(

δt + θ greenj + γ′Xj

)
1 + exp

(
δt + θ greenj + γ′Xj

) , (1)

where Pr
[
Renewalj,t = 1 | δt, greenj, Xj

]
corresponds to the conditional probability that

patent j filed in quarter t is renewed at least once. δt denotes a set of time fixed effects.
To control for patent quality, Xj includes dummy variables for biadic patents and patents
with at least one citation.

In addition, we estimate OLS regressions using patent duration (expressed in years)
as the dependent variable. Lastly, we construct patent maintenance scores, which take on
a value between 0 and 3 depending on the number of renewals (Porter et al., 2023). We
focus on patents filed before 2010 to allow for up to three recorded renewal decisions.
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Table B.2: Evidence on patent renewal decisions

Logit OLS

Dependent variable: Renewalj,t Durationj,t Maintenance scorej,t

(1) (2) (3)

greenj 0.36∗∗∗ 0.36∗∗∗ 0.09∗∗∗

(0.01) (0.01) (0.00)

Observations 3,652,350 3,652,350 3,652,350
Pseudo R2 0.08 0.07 0.06
Quality controls Yes Yes Yes
Time fixed effects Yes Yes Yes

Notes: Coefficients from regression of patent renewal metrics on green dummy variable, greenj. Column (1)
is estimated by logistic regression, with the coefficient reported in log-odds. Columns (2)–(3) are estimated
by OLS. Quality controls include dummy variables for biadic patents and patents with at least one citation.
All regressions include a constant. Robust standard errors in parentheses, significance levels denoted by
∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.

Table B.2 presents the results. We find that green patents are more likely to be renewed
and remain active for longer relative to non-green patents, controlling for patent quality.
These results suggest that green patents carry a higher value at later stages of their life
cycle compared to non-green patents.

B.2.2. Evidence on Green Inventors
One key insight from the model is that during business cycle downturns, a decline in
non-green patenting depresses wages of skilled workers, making it cheaper for firms to
engage in green innovation. We have seen some evidence that the share and number of
non-green inventors increase at the firm-level.

Figure B.9: Firm-level responses of new green inventors
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Notes: Responses of new green inventors to a monetary policy shock, estimated based on the panel LP-IV
model (3). The measures are restricted to inventors who have not been linked to a green patent before.

One drawback of this approach is that it does not distinguish between existing and
new green inventors. To address this issue, we separately analyze the number of new
green inventors who are linked to a green patent for the first time in a given quarter.
Lastly, we construct the share of new green inventors relative to the total number of in-
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ventors who have not been linked to a green patent before. Consistent with the channel
emphasized in the model, Figure B.9 suggests an increase in both measures in response
to a monetary shock.

B.2.3. Additional Results on Firm-level Heterogeneity
Do the firm-level patenting responses in Table 2 also vary with other firm characteristics?
To explore this, Table B.3 considers several additional firm-level characteristics, including
proxies for financial constraints—such as leverage, firm age, size, and short-term debt—
as well as firms’ R&D intensity.

Table B.3: Heterogeneity by firms’ financial constraints

Dep. var.: Green patentsit+h Non-green patentsit+h

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12)

rt 0.013∗∗ 0.008 0.016∗∗ 0.012∗∗ 0.018∗∗∗ 0.018∗∗∗ -0.034∗∗ -0.043∗∗∗ -0.040∗∗ -0.034∗∗ -0.034∗∗ -0.036∗∗

(0.006) (0.006) (0.006) (0.006) (0.006) (0.006) (0.015) (0.016) (0.016) (0.015) (0.015) (0.016)

rt × leveragei 0.006∗∗∗ 0.007∗∗∗ 0.004 -0.001
(0.002) (0.002) (0.003) (0.002)

rt × agei 0.003∗∗∗ 0.008∗∗∗ 0.005∗∗∗ 0.008∗∗∗

(0.001) (0.001) (0.001) (0.001)
rt × sizei -0.002∗∗ -0.008∗∗∗ 0.004∗∗ -0.004∗∗∗

(0.001) (0.001) (0.001) (0.001)

rt × st debti 0.000 -0.000 0.003∗∗ 0.003∗∗∗

(0.001) (0.001) (0.001) (0.001)
rt × R&D int.i 0.012∗∗∗ 0.012∗∗∗ -0.001 0.005∗∗∗

(0.004) (0.004) (0.002) (0.002)

rt × btmi -0.007∗∗∗ 0.001∗

(0.001) (0.001)

Observations 84,616 75,910 84,616 83,833 72,850 64,684 84,247 75,499 84,247 83,462 72,962 64,666
Firms 1,526 1,279 1,526 1,500 1,342 1,104 1,526 1,276 1,526 1,499 1,347 1,104

Notes: Patenting semi-elasticities for additional interaction terms with proxies for firms’ financial con-
straints, estimated based on PPML-IV model (4). Dependent variables: firm’s cumulative, 20-quarter ahead
number of green and non-green patents. Shock is normalized to increase the federal funds rate by 25
basis points. We include interaction terms with average, standardized variables proxying for financial con-
straints: leverage ratio, age, size (log assets), short-term debt ratio and R&D intensity. Driscoll and Kraay
(1998) standard errors in parentheses. Significance levels denoted by ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.10.

Overall, we find limited systematic evidence that these characteristics account for the
differential green and non-green patenting responses to monetary policy. While several of
the additional interactions are statistically significant, they generally have the same sign
for green and non-green patents and therefore cannot explain the divergence in patenting
responses across the two technologies. Consistent with the evidence in Aghion et al.
(2026), the green patenting response is stronger for more mature firms. At the same time,
however, we find that more levered and younger firms display a larger increase in green
patenting, possibly reflecting the fact that leverage and age are negatively correlated with
the book-to-market ratio in our data. One important distinction is our focus on listed
firms, which tend to be larger and more mature and therefore less likely to be financially
constrained. Financial constraints may play a more important role for smaller, younger,
and unlisted firms (see Aghion et al., 2026).

Consistent with growth firms showing a larger green patenting response, we estimate
a positive interaction for firms with higher R&D intensity. Importantly, Column 6 shows
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that the book-to-market interaction remains robust when all of these firm characteristics
are included jointly and, if anything, becomes slightly larger.
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C. Model Appendix
C.1. Nominal Rigidities and Monetary Policy
To study monetary policy shocks, we add a retail sector with nominal price rigidities.
Households purchase the CES retail basket Cu = [

∫ 1
0 c(σ−1)/σ

iu di]σ/(σ−1), where σ > 1.
Cost minimization gives demand and the retail price index:

ciu =

(
pr

iu
Pr

u

)−σ

Cu, Pr
u =

[∫ 1

0
(pr

iu)
1−σdi

]1/(1−σ)

. (C.1)

Retailers. A unit mass of retailers transforms the wholesale final good into retail goods
one-for-one. Retailer i chooses its price subject to (C.1) and pays the Rotemberg adjust-
ment cost φ(pr

iu/pr
i,u−1 − 1)2Cu/2, where φ > 0. Its objective, in units of the retail con-

sumption basket, is

max
{pr

iu}u≥t
Et ∑

h≥0
Λt,t+h

 pr
i,t+h − Pt+h

Pr
t+h

ci,t+h −
φ

2

(
pr

i,t+h

pr
i,t+h−1

− 1

)2

Ct+h

 . (C.2)

In a symmetric equilibrium, gross inflation is Πu = Pr
u/Pr

u−1 and the retailer markup is
Mu = Pr

u/Pu. For the monetary experiment, log utility and no preference shock imply
Λu,u+1Cu+1/Cu = β. The price-setting condition is

0 = 1 − σ +
σ

Mu
− φ(Πu − 1)Πu + βφEu[(Πu+1 − 1)Πu+1]. (C.3)

The flexible-price markup is Mn = σ/(σ − 1).

Households and monetary policy. In the household budget constraint, consumption
expenditure is now Pr

uCu and the bond price is Qu = R−1
u . The SDF and labor supply

follow (D.23), with nominal wages deflated by Pr
u. Throughout the valuation and labor-

market calculations for this extension, wages, operating profits, patent values and setup
payments are measured in units of the retail consumption basket; the superscript r is
suppressed when there is no ambiguity.

Actual wholesale operating profits are converted using the actual markup. Benchmark
profits are evaluated at their no-shock values at the actual technology (AM

u , AG
u ), using the

markup Mn:

ΠK,r
u =

ΠK
u

Mu
, ΠK,r,0

u =
ΠK,0

u

Mn , K ∈ {M, G}. (C.4)

Both actual and benchmark values use the actual retail-real SDF. Actual markup does not
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enter the reference cash flows. The Euler equation for the one-period nominal bond is

1 = Eu

[
Λu,u+1

Ru

Πu+1

]
. (C.5)

Final-good market clearing becomes

Cu +
∫ AM

u

0
mhu dh +

∫ AG
u

0
gju dj + ξ−1

f fu +
φ

2
(Πu − 1)2Cu = Yu. (C.6)

The adjustment cost absorbs the retail basket, produced one-for-one from the wholesale
good. Write su = sG

u and χ(s) = αL + kM + kGs, with kM, kG defined in (D.16). Equiva-
lently, (C.6) is [1 + φ(Πu − 1)2/2]Cu = χ(su)Yu. Adjustment costs have zero first deriva-
tive at zero inflation.

Let Cn
u , Yn

u be the zero-inflation flexible-price allocation associated with the same en-
dogenous technology path. It satisfies

(Ln
u)

1+η =
αL

ω̄Mnχ(su)
, Cn

u = χ(su)Yn
u , (C.7)

where Yn
u follows (D.24) with Lu = Ln

u. The natural gross interest rate and Taylor rule are

(Rn
u)

−1 = βEu

[
Cn

u
Cn

u+1

]
, Ru = Rn

uΠϕπ
u ϱm

u , ϕπ > 1. (C.8)

For a deterministic path, Rn
u = β−1Cn

u+1/Cn
u . This intercept accounts for endogenous

changes in natural consumption growth. The monetary disturbance follows

log ϱm
u = ρm log ϱm

u−1 + σmεm
u . (C.9)

Monetary transmission. Linearize in shock size around the zero-inflation transition and
let ỹu = Ŷu − Ŷn

u = Ĉu − Ĉn
u denote the output and consumption gap; the equality follows

to first order from (C.6). Write mu = M̂u and πu = Π̂u. Labor supply gives mu =

−(1 + η)ỹu. With Kp = (σ − 1)(1 + η)/φ > 0, the Euler equation, Taylor rule and price-
setting condition imply

ỹu = Euỹu+1 − ϕππu + Euπu+1 − ϱ̂m
u ,

πu = βEuπu+1 + Kpỹu. (C.10)

The natural-rate intercept cancels the change in natural consumption growth even when
research changes future technology. The forward matrix is

T =
1

1 + ϕπKp

(
1 1 − ϕπβ

Kp β + Kp

)
.
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It has determinant β/(1+ ϕπKp) < 1 and 1− tr T + det T = Kp(ϕπ − 1)/(1+ ϕπKp) > 0;
1 + tr T + det T > 0 as well. Both eigenvalues lie inside the unit circle, so the bounded
fundamental solution is unique. Put p = ρm, 0 ≤ p < 1. For ϱ̂m

t+h = phϱ̂m
t , the solution is

ỹt+h = −ξm phϱ̂m
t , mt+h = (1 + η)ξm phϱ̂m

t ,

πt+h = − Kpξm

1 − βp
phϱ̂m

t , ξm =

[
1 − p +

(ϕπ − p)Kp

1 − βp

]−1

> 0. (C.11)

A positive monetary disturbance contracts the output gap and raises the markup. With
technology held fixed, the output-gap response is also the response of output and con-
sumption. These responses are used in Corollary 3.2.

C.2. Balanced Growth Path
In this appendix, we define the notion of balanced growth in our model and provide
conditions for its existence.

Definition C.1 (Balanced Growth Path). A balanced growth path (BGP) is a sequence
of allocations and prices such that: (a) All equilibrium conditions are satisfied at each t; (b)
Yt, Ct, Mt, Et grow at constant rates as t → ∞; (c) the final-good input used to produce the vari-

eties in each sector grows at the same rate as the corresponding number of varieties:
∫ AM

t
0 mht dh

grows at the rate of AM
t , and

∫ AG
t

0 gjt dj at the rate of AG
t .

Condition (c) is the standard expanding-variety property: on a balanced growth path,
growth comes from the number of varieties rather than their scale (Romer, 1990; Kung
and Schmid, 2015). To characterize the BGP after the green transition, consider the pro-
duction function:

Yt = LαL
t MαM

t G1−αL−αM
t . (C.12)

The FOCs and CES prices imply:

Mt =
αM

µM
(AM

t )µM−1Yt, Gt =
1 − αL − αM

µG
(AG

t )
µG−1Yt. (C.13)

Substituting (C.13) into (C.12), we obtain:

Yt = Z̄Lt(AM
t )

αM(µM−1)
αL (AG

t )
(1−αL−αM)(µG−1)

αL , (C.14)

where Z̄ = (αM/µM)αM/αL [(1− αL − αM)/µG]
(1−αL−αM)/αL . On the balanced growth path,∫ AM

t
0 mht dh and

∫ AG
t

0 gjt dj must grow at the same rate as AM
t and AG

t , respectively. More-
over, AM

t , AG
t have to be growing such that ft → 0 in the long run.

Assumption C.1. To ensure the existence of a BGP, the following conditions hold:
1. In the long run, AM

t and AG
t have to be growing over time.
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2. In the long run, the technology levels satisfy AM
t = ιAG

t .
3. The exponents satisfy the constraint: αM

αL
(µM − 1) + 1−αL−αM

αL
(µG − 1) = 1.

Let Γ denote the common gross growth rate. With kM, kG as defined in (D.16), free
entry and the stock laws imply, for K ∈ {M, G},

LS
K

LS =
kK

kM + kG
,

ζG

ζM
=

(
kM

kG

)ν

, Γ = ϕ + ζM

(
kM

kM + kG
LS
)ν

. (C.15)

Combining new-patent valuation, free entry, and skilled-labor supply gives

ω̄S(LS)ψ+1−ν(Γ − βϕ) =
(1 − c)βζMkM

αL + kM + kG

(
kM

kM + kG

)ν−1

.

Substituting (C.15), the left-hand side increases strictly from zero to infinity with LS > 0,
while the right-hand side is positive, yielding a unique positive research allocation and
an associated growth rate Γ. Positive growth requires ζM(LS

M)ν > 1 − ϕ, which holds
automatically for ϕ = 1. The calibration in Section 4.1 satisfies these conditions.

C.3. Equilibrium Conditions and Model Solution
We present here the equilibrium conditions under nominal rigidity and monetary pol-
icy shocks, in line with the empirical analysis which focuses on the impulse responses to
monetary policy shocks. The real-economy version excludes the retail sector and mone-
tary policy. In this subsection, prices and wages are nominal, while patent cash flows and
values are measured in retail-consumption units.

Households. The consumption Euler equation:

1 = βEt

[
ϱd

t+1Ct

ϱd
t Ct+1

Π−1
t+1Rt

]
. (C.16)

Unskilled/Skilled Labor Supply:

ϱd
t Wt = ω̄CtPr

t Lη
t , ϱd

t WS
t = ω̄SCtPr

t (LS
t )

ψ. (C.17)

Final good producer. The optimization of the final good producer yields the following
FOCs:

αL
PtYt

Lt
= Wt, αM

PtYt

Mt
= PM

t ,

(1 − αL − αM)
PtYt

Et

(
Et

ft

)1/ρ

= P f
t , (1 − αL − αM)

PtYt

Et

(
Et

Gt

)1/ρ

= PG
t . (C.18)
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Production and intermediate-input demand are given by (6)–(7) and (10). The energy
price index is

PE
t =

[
(P f

t )
1−ρ + (PG

t )1−ρ
]1/(1−ρ)

. (C.19)

Intermediate good producer.

pm
ht = µMPt, pg

jt = µGPt. (C.20)

Thus PM
t = µMPt(AM

t )1−µM and PG
t = µGPt(AG

t )
1−µG . Using the profit coefficients in

(D.16), per-variety profits are

ΠM,r
t =

kMYt

Mt AM
t

, ΠG,r
t =

kGsG
t Yt

Mt AG
t

, Mt =
Pr

t
Pt

. (C.21)

Fossil fuel. The price-setting condition of fossil fuel producer:

P f
t = ξ−1

f Pt. (C.22)

Innovation. Existing and newly created patents satisfy

VK
t = ΠK,r

t + ϕEt[Λt,t+1VK
t+1], GK

t = Et[Λt,t+1VK
t+1], K ∈ {M, G}. (C.23)

Let ΠK,r,0
u denote no-shock profits evaluated at the actual date-u technology stocks. The

setup-cost benchmark discounts these profits using the actual household SDF:

ḠK
t =

∞

∑
h=1

ϕh−1Et[Λt,t+hΠK,r,0
t+h ], VK

t = GK
t − cḠK

t . (C.24)

Free entry and the laws of motion are

ζK AK
t (LS

t,K)
ν−1VK

t =
WS

t
Pr

t
, SK

t = ζK AK
t (LS

t,K)
ν,

AK
t+1 = ϕAK

t + SK
t , K ∈ {M, G}. (C.25)

Retailers, monetary policy, and market clearing. Retail pricing and monetary policy
follow (C.3) and (C.8). The goods market clears according to (C.6); skilled labor and bond
market clearing require LS

t,M + LS
t,G = LS

t and Bt+1 = 0.

Definition of equilibrium. Given an initial value of (AM
0 , AG

0 ) and a sequence of exoge-
nous shocks {Zt, ϱd

t , ϱm
t }∞

t=0, a Competitive Equilibrium consists of sequences of house-
hold allocations {Ct, Lt, LS

t , Bt+1}∞
t=0; firm decisions {Yt, Lt, Mt, Et, mht, gjt, ft}∞

t=0; innova-

tion choices {LS
it,M, LS

it,G}∞
t=0; a price system {Pt, Pr

t , PM
t , PG

t , P f
t , PE

t , Wt, WS
t , Rt}∞

t=0; and
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aggregate state variables {AM
t , AG

t }∞
t=0. Such that: (a) Households optimize consump-

tion and labor supply subject to budget constraints; (b) Firms optimize their respective
objectives—profit maximization; Innovators choose R&D to maximize expected returns;
(c) Monetary policy follows the specified Taylor rule; (d) Variety stocks AM

t , AG
t evolve

according to innovation and obsolescence; (e) All markets clear: goods, labor, bond, and
intermediate inputs.

Solution method. In solving the model, we adopt the MIT shock approach to study the
causal effect of a specific shock on the economy’s dynamic transition path. An unantici-
pated shock is followed by its deterministic AR(1) decay. The numerical solution proceeds
as follows:

1. Solve the no-shock transition from the initial technology stocks.
2. Initialize the post-shock technology paths, keeping (AM

0 , AG
0 ) fixed. Given these

paths, solve the Euler and retailer pricing equations backward, evaluate actual and
benchmark patent values, and determine skilled wages and research allocation.

3. Update technology stocks forward using (C.25), and repeat until the equilibrium
conditions are satisfied.

Terminal values are computed along a no-shock continuation toward the balanced growth
path. Impulse responses are measured relative to the no-shock transition.

C.4. External Funding for R&D
This appendix develops an alternative microfoundation in which the effective input price
PX

t is pinned down by an external funding constraint on R&D activity rather than by
the skilled R&D wage. The setup leaves the form of the innovator free-entry condition
unchanged, and supports the conclusions of Proposition 3.4 under fixed funding capacity.
Throughout this appendix we use the shorthand ηK

t ≡ d logVK
t /d log Yt for the cyclicality

of sector-K patent values.

C.4.1. Setup
Innovators purchase the physical R&D input at price P̃X

t and rely on external finance to do
so. The input consists of the skilled research services in the main text. Innovators must
finance these services through a specialized lending market before selling new patents,
and repay the loans from the sale proceeds. The aggregate supply of external R&D fund-
ing is a fixed capacity F̄ = 1, measured in the original units of R&D services. Rather
than micro-founding the portfolio-allocation and intermediation decisions that channel
savings to innovators, we take F̄ as a reduced-form funding capacity that summarizes
frictions making the effective supply of external R&D finance less than perfectly elastic.4

4Examples include search and matching frictions in venture-capital and other specialized financing mar-
kets, asymmetric information between innovators and financiers, limited pledgeability of early-stage R&D,
and institutional segmentation of funding sources.

67



The aggregate physical R&D input Xt ≡ Xt,G + Xt,M is subject to the funding con-
straint

P̃X
t Xt ≤ P̃X

t F̄, (C.26)

with Kuhn–Tucker multiplier λt ≥ 0 and complementary slackness

λt
[
P̃X

t F̄ − P̃X
t Xt

]
= 0. (C.27)

Define the funding wedge

qt ≡ 1 + λt ≥ 1. (C.28)

The effective input price faced by innovators is the composite

PX
t ≡ qt P̃X

t , (C.29)

which collapses to P̃X
t when the funding constraint is slack (λt = 0) and exceeds it when-

ever the constraint binds. The wedge has a natural Tobin’s q interpretation: by free entry,
qt = φK

t VK
t /P̃X

t , the value of the patents created per unit of R&D input relative to its
physical replacement cost. Hence qt = 1 when funding is slack and qt > 1 when it binds,
capturing the scarcity value of external R&D finance. We consider the strictly binding
regime, so Xt = F̄ and PX

t adjusts to clear the market. The production and household
blocks and the innovation specification are unchanged.

C.4.2. Proposition 3.4 under external funding
We first establish the equivalence between the fixed-capacity funding equilibrium and the
inelastic-labor benchmark (Lemma C.1). Applied to the external-funding closure of Sec-
tion C.4.1, this yields Proposition C.1, the funding-closure counterpart of Proposition 3.4.

Lemma C.1 (Observational equivalence). In any closure of the innovation-input market for
which the innovator’s free-entry condition takes the form ζK AK

t Xν−1
t,K VK

t = PX
t with K ∈ {G, M},

the impact responses of innovation satisfy

d log SK
t

d log Yt
=

ν(ηK
t − εX

t )

1 − ν
, K ∈ {G, M}, (C.30)

where εX
t ≡ d log PX

t /d log Yt. Under the strictly binding fixed-capacity closure above, equilib-
rium allocations and innovation responses coincide with those of the inelastic-labor benchmark,
with PX

t replacing WS
t .

Proof. See Appendix D. ■
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Proposition C.1 (Proposition 3.4 under external funding). Under the external-funding clo-
sure of Section C.4.1 and the maintained transition and shock conditions, the conclusions of Propo-
sition 3.4 hold, with PX

t replacing the skilled wage WS
t . The input-price elasticity decomposes as

εX
t =

d log qt

d log Yt
+

d log P̃X
t

d log Yt
. (C.31)

Proof. See Appendix D. ■

C.5. Impulse Responses
In the main text, we report the impulse response of green and non-green innovation to
a 25 basis point monetary policy shock. To provide a comprehensive overview of the
model’s quantitative results, Figure C.1 presents the impulse responses of a range of other
aggregate variables. The contractionary monetary policy shock leads to a decline in ag-
gregate demand, resulting in a short-term reduction in output and deflationary pressures.
Simultaneously, it lowers the profitability of innovation and skilled employment in R&D,
with a delayed decline in total factor productivity.

Figure C.1: Model impulse responses
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(b) Total factor productivity
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(d) Unskilled labor
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Notes: Figure C.1 illustrates the impulse response of aggregate variables to a 25-basis-point mon-
etary policy shock.
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Preference shocks. In Section 3, we model monetary shocks as demand-side distur-
bances to allow for better comparability with the empirical analysis. In this appendix,
we look into the implications of the preference shock, altering the marginal utility of con-
sumption. In this comparison, the policy intercept responds to technology but not directly
to preference shocks.

Unlike monetary shocks, preference shocks influence not only the level of marginal
utility but also intertemporal substitution by shifting the relative valuation of consump-
tion today versus in the future. Specifically, the stochastic discount factor becomes:

Λt,t+1 = β
ϱd

t+1Ct

ϱd
t Ct+1

. (C.32)

As a result, the SDF becomes less procyclical—or even countercyclical—compared to the
case of TFP or monetary shocks. This distinction implies that the discount rate chan-
nel may contribute to countercyclical movements in the relative valuation of intellectual
property associated with green versus non-green technologies.

Figure C.2 compares the responses of green innovation to a preference shock and to a
comparable monetary shock. Both shocks generate an impact decline in the output gap
of one percent.

Figure C.2: Preference shocks
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(b) Green share of new patents
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Notes: Impulse responses of new patents and the green share of new patents to a preference shock and a
monetary shock that reduces the output gap by approximately 1% at t = 0.

We can see the countercyclicality of green patenting is stronger under a preference
shock, consistent with the intuition that a countercyclical stochastic discount factor—
induced by such shocks—gives rise to a discount rate channel that reinforces, rather than
offsets, the countercyclicality raised by the cash flow channel.
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C.6. The Role of Intertemporal Elasticity of Substitution
In Section 3, we demonstrate that under log utility, the cash flow channel dominates the
discount rate channel in general equilibrium. In this section, we extend the analysis to
a more general CRRA utility specification and examine how different values of the in-
tertemporal elasticity of substitution (IES) influence the cyclicality of green innovation.
Specifically, we modify the household’s objective to:

Et

∞

∑
t=0

βt

(
ϱd

t
C1−σc

t
1 − σc

− ω̄

1 + η
L1+η

t − ω̄S

1 + ψ
(LS

t )
1+ψ

)
, (C.33)

where σc denotes the coefficient of relative risk aversion. All other parameters remain
unchanged.

Figure C.3: The role of intertemporal elasticity of substitution
(a) New patents
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(b) Green share of new patents
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Notes: Impulse responses of new patents and the green share of new patents to a 25 basis point monetary
policy shock. We compare the baseline model (σc = 1) to the case where σc = 2, keeping other parameteri-
zations the same.

Figure C.3 compares the results under σc = 2 to the baseline specification with log
utility (i.e., σc = 1). Intuitively, a higher value of σc implies a lower intertemporal elastic-
ity of substitution, which strengthens the discount rate channel and thereby dampens the
countercyclicality of green innovation.

Panel a shows that when σc = 2, the countercyclicality of new green patenting declines
considerably, while the cyclicality of new non-green patents changes little by comparison.
As a result, the countercyclicality of the green share of new patents declines by about 40%
on impact under the same parameterization, see Panel b.

71



C.7. Green Is in the Future Along the Transition Path
In Section 4, we present the impulse response of the green share of patents at t = 0, which
is calibrated to the green share of energy in the 2010s. The results show that, due to the
’green is in the future’ effect, the green share of new patents is countercyclical. How does
the green is in the future effect evolve, and how does it affect the countercyclicality of the
green share of new patents along the transition path?

Figure C.4: The role of the base period along the transition path
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(b) Profit of green production
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(c) Green share of new patents
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Notes: Sensitivity of the results depending on the initial period t along the transition path when the mone-
tary policy shock hits.

Figure C.4a first depicts the green share of energy cost along the transition path. The
green energy input gradually takes over the energy market. Panel b plots the cash flow
from producing green varieties. Its trend tracks the trajectory of the green transition,
initially growing slowly, then accelerating as the transition progresses, and eventually
flattening out as green energy dominates the entire energy market. Panel c shows the
instantaneous response of the green share of new patents to a 25 basis point monetary
policy shock along the transition path. The countercyclicality is strongest at the initial
state and declines monotonically as the transition proceeds. At the initial state, the current
cash flow of a green variety is only about 45% as large, relative to its patent value, as that
of a non-green variety, which is what makes green patent values insensitive to current
conditions. As green energy takes over the market, this ratio rises towards one, and the
green is in the future effect gradually vanishes.
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C.8. Varying Speed of Green Transition
In Section 4.1, we calibrate the model to U.S. data, and the model suggests that it takes
41 years for the economy to reach a point where green energy occupies half of the en-
ergy market. What if the green transition is accelerated? How does an accelerated green
transition influence the cyclicality of green innovation? Figure C.5a shows the green tran-
sition path based on our baseline calibration, as well as an accelerated path where we
increase the scale parameters of innovation ζG and ζM by 20%. Figure C.5b illustrates the
impulse response of the green share of new patents to a 25-basis-point monetary policy
shock under both transition scenarios. This figure shows that if the green transition is
accelerated, the green share of new patents exhibits stronger countercyclicality. This is
because a faster transition means that, within a relatively short period, the proportion of
current cash flow to value is smaller, thereby strengthening the green is in the future ef-
fect. Figure C.5c plots the cumulative response of the green share of new patents over the
first ten years against the years required for the green share of energy cost to reach 50%.
We find that the faster the green transition, the stronger the countercyclicality.

Figure C.5: Varying speed of green transition
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(b) IRF of green share t = 0
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(c) Green share of new patents
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Notes: Panels a and b consider an accelerated path where we increase the scale parameters of innovation ζG
and ζM by 20%. Panel c plots the cumulative response of the green share of new patents over the first ten
years against the years required for the green share of energy cost to reach 50%.
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C.9. Model with Brown Innovation
In Section 3, we abstract from innovation in fossil fuel (brown) inputs. This simplification
allows us to focus on the endogenous dynamics of green innovation. However, empirical
evidence suggests that a considerable fraction of energy-related innovation continues to
target improvements in the efficiency and productivity of traditional fossil fuels. For in-
stance, Aghion et al. (2016) documents that firms facing weak environmental regulation
tend to innovate more in brown technologies rather than shifting towards green alterna-
tives. To capture this pattern, we extend the model by allowing for endogenous innova-
tion in brown energy. In this section, we relax the assumption of a fixed measure of brown
inputs and introduce entry dynamics for fossil-based energy varieties.

Endogenous brown innovation. We modify the baseline specification by allowing the
measure of brown energy varieties to evolve endogenously. The final energy input is
produced by aggregating green and brown components through a CES aggregator:

Et =

(
G

ρ−1
ρ

t + F
ρ−1

ρ

t

) ρ
ρ−1

, Ft =

(∫ AF
t

0
f

1
µF

st ds

)µF

. (C.34)

From the optimization problem of final good producer, demand for each brown energy
variety s ∈ [0, AF

t ] is given by

fst =

(
p f

st
PF

t

) µF
1−µF

Ft, (C.35)

where PF
t denotes the associated price index, PF

t =

(∫ AF
t

0 (p f
st)

1
1−µF ds

)1−µF

.

The evolution of the fossil reserve is modified to account for the endogenous measure
of brown varieties:

Rt+1 = Rt −
∫ AF

t

0
fst ds. (C.36)

Each brown energy variety is produced by a monopolistic firm that sets price p f
st to max-

imize profits ΠF
st = max

p f
st
{p f

st fst − ξ−1
f fst}, with value VF

t = ∑∞
h=0 ϕhEt[Λt,t+hΠF

t+h]. The

corresponding innovation problem mirrors that of materials and green energy:

max
LS

it,F

φF
t LS

it,F(GF
t − cḠF

t )− WS
t LS

it,F, (C.37)

where φF
t = ζF AF

t (LS
t,F)

−(1−ν). As in Section 3.3, GF
t = Et[Λt,t+1VF

t+1], and ḠF
t uses no-

shock profits along the actual technology path. Brown varieties evolve as AF
t+1 = ϕAF

t +

SF
t , where SF

t = φF
t LS

t,F, and skilled-labor clearing becomes LS
t,M + LS

t,G + LS
t,F = LS

t .
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Green is in the future. The model with brown innovation preserves the green is in the
future properties, provided that there is green transition underway:

Proposition C.2 (Brown Innovation). Given the green transition, Proposition 3.1, 3.2, and 3.3
hold under the model with brown innovation.

Proof. See Appendix D. ■

C.10. Alternative Formulation of Extraction Cost
In the baseline model, we assume a linear extraction technology for fossil fuel. To allow
for increasing marginal extraction costs, we follow Bornstein, Krusell, and Rebelo (2023)
and introduce a convex cost structure, where the extraction cost depends nonlinearly on
the extraction rate. Extraction uses final goods, with cost and the associated marginal-cost
pricing condition given by

cF(θt) = ψFθ
ηF

t Rt,
P f

t
Pt

= ψFηFθ
ηF−1
t , (C.38)

where θt ≡ ft/Rt denotes the extraction rate, and Rt is the remaining stock of reserves.
We set ηF = 2 and calibrate ψF so that the convex economy starts from the same initial

fossil share as the baseline. Both economies start from the same technology stocks; the
remaining parameters are held fixed.

75



Figure C.6: Alternative fossil extraction technology
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(b) Profitability
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(c) IRF of profitability
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(d) Patent value
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(e) Green share
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(f) New patents
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Notes: Panels (a)–(b) show no-shock transition paths; panels (c)–(f) show responses to a 25bp monetary
tightening under the alternative extraction technology. The convex cost parameter is set to ηF = 2. All
other parameters follow the baseline calibration in Section 4.1.

Figure C.6a shows that under the convex oil production technology, the green tran-
sition accelerates, with the green energy share surpassing fossil fuels within about 21
years—compared to about 41 years in the baseline. Panel b shows that green profits rise
more rapidly early in the transition but converge to a lower level. Panel c illustrates that,
due to the procyclical behavior of oil prices induced by the convex cost structure, green
profitability becomes more procyclical as well. Nevertheless, Panel d shows that the value
of green patents remains less procyclical than that of non-green patents, although the gap
in cyclicality narrows. Panel f confirms that the countercyclicality of new green patenting
still holds, and Panel e shows that the green share of innovation remains countercyclical.
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C.11. Model with Creative Destruction
In this appendix, we consider a different model of innovation. Specifically, we endogenize
the obsolescence rate to allow for vertical innovation.

Production. The green energy composite Gt and the materials composite Mt each ag-
gregate a continuum of differentiated product lines indexed by j ∈ [0, 1] for green energy
and h ∈ [0, 1] for materials:

Mt =

(∫ 1

0
Am

htm
1/µM
ht dh

)µM

, Gt =

(∫ 1

0
Ag

jtg
1/µG
jt dj

)µG

. (C.39)

Here, Am
ht and Ag

jt represent the qualities of materials and green energy inputs, respec-
tively, while mht and gjt denote the quantities of each product line. Final-good and en-
ergy production are given by (6)–(7), with the same factor shares αL, αM and fossil price
P f

t = ξ−1
f . All prices and payoffs below are in final goods, with Pt = 1. Demand and the

composite price indices are

mht =

(
pm

ht/Am
ht

PM
t

)µM/(1−µM)

Mt, gjt =

(
pg

jt/Ag
jt

PG
t

)µG/(1−µG)

Gt, (C.40)

PM
t =

[∫ 1

0

(
pm

ht
(Am

ht)
µM

)1/(1−µM)

dh

]1−µM

, PG
t =

∫ 1

0

(
pg

jt

(Ag
jt)

µG

)1/(1−µG)

dj

1−µG

.

Intermediate input producers. Higher-quality inputs are more costly to produce. Write
q for a line’s quality and ξq > 0 for the unit cost parameter. Its marginal cost is ξqq. The
current leader is the sole producer on its line. The producer maximizes profits subject to
(C.40):

ΠI
kt = max

pI
kt

(pI
kt − ξq AI

kt)Ikt, I ∈ {m, g}. (C.41)

Optimal prices are pm
ht = µMξq Am

ht and pg
jt = µGξq Ag

jt. Quantities are common within each

sector, denoted by m̄t, ḡt. With AM
t =

∫ 1
0 Am

ht dh and AG
t =

∫ 1
0 Ag

jt dj, it follows that

PK
t = µKξq(AK

t )
1−µK , K ∈ {M, G}, Mt = (AM

t )µM m̄t, Gt = (AG
t )

µG ḡt. (C.42)

Using kM, kG from (D.16) and the energy expenditure share sG
t in (D.4), define profit per

unit of quality by

πM
t = kM

Yt

AM
t

, πG
t = kG

sG
t Yt

AG
t

, ΠK
t (q) = qπK

t . (C.43)
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Sectoral profits are therefore AM
t πM

t = kMYt and AG
t πG

t = kGsG
t Yt.

Innovation and patent values. Both incumbents and entrants conduct research. A suc-
cessful innovation raises the line’s quality from q to λq, where λ = 1 + δ > 1. Research
takes place after current production, and the new technology becomes available next pe-
riod. Incumbent and entrant successes are independent. If both succeed, the incumbent
retains the line; if only the entrant succeeds, it replaces the incumbent.

Both types of researchers use the sectoral efficiency ζK = ζ/
√

kK, with ζ > 0. An
incumbent attaining success probability iK

t employs ℓK
I,t(q) = (q/AK

t )(i
K
t /ζK)

2 units of
skilled labor. Entrants undertake research portfolios with labor allocated across lines in
proportion to q/AK

t . Their private success contribution is linear in own labor, with pro-
ductivity (ζK AK

t /q)(LK
E,t)

−1/2, taking total entrant research LK
E,t as given. Thus, at the

sectoral level,

iK
t = ζK

√
LK

I,t, eK
t = ζK

√
LK

E,t, LS
t = ∑

K∈{G,M}
(LK

I,t + LK
E,t). (C.44)

The probabilities of replacement and realized improvement are dK
t = eK

t (1− iK
t ) and uK

t =

iK
t + dK

t , respectively. Aggregate technology evolves according to

AK
t+1 = ΓK

t AK
t , ΓK

t = 1 + δuK
t . (C.45)

Let qvK
t be the incumbent’s enterprise value, including future own research and its

costs. Its benchmark qbK
t replaces only operating profits by their no-shock values at the

same technology. Define

FK
t = Et[Λt,t+1vK

t+1], F̄K
t = Et[Λt,t+1bK

t+1], NK
t = FK

t − cF̄K
t , (C.46)

where 0 < c < 1. The incumbent pays cδqF̄K
t when only its research succeeds and cλqF̄K

t
when both succeed. The entrant pays cλqF̄K

t only when it replaces the incumbent. House-
hold preferences and the final-good resource constraint are unchanged.

Proposition C.3 (Green Is in the Future). During the green transition:

1. The green energy market share PG
t Gt/(PtYt) increases.

2. The relative operating profits of equal-quality green and material producers, πG
t /πM

t , in-
crease.

For the next two propositions, suppose that β ∈ (β̄, 1) and that shocks are sufficiently
transitory.

Proposition C.4 (Countercyclical Green Share of Innovations). During the green tran-
sition, there exists ζ̄ > 0 such that, for 0 < ζ < ζ̄, the green share of realized innovations,
uG

t /(uG
t + uM

t ), is countercyclical conditional on both preference and TFP shocks.
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Proposition C.5 (General Equilibrium Effects). During the green transition, there exists
ζ̄ > 0 such that, for 0 < ζ < ζ̄, green innovation is countercyclical, i.e.,

∂ log uG
t

∂ log Ut
< 0,

if and only if the elasticity of skilled wages with respect to the shock, ∂ log WS
t /∂ log Ut, exceeds a

threshold ϵU, for U ∈ {Z, ϱd}. By contrast, non-green innovation is procyclical:

∂ log uM
t

∂ log Ut
> 0.

Moreover, holding the non-green net-value elasticity fixed, the threshold ϵU decreases with the de-
gree of countercyclicality of the relative net value of green versus non-green innovation, NG

t /NM
t .
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D. Proofs
For the following production-side proofs, normalize the final-good price to one, Pt = 1,
and assume positive factor shares, αL, αM, 1− αL − αM > 0, and interior monopoly pricing
µM, µG > 1. As in Section 3.2, assume that AM

t /AG
t is nondecreasing along the transition.

Lemma D.1 below establishes this property for the no-shock innovation equilibrium un-
der the parameter restrictions stated there.

Proof of Lemma 3.1. The final-good producer’s first-order conditions for fossil fuel and the
green composite are

P f
t = (1 − αL − αM)

PtYt

Et

(
Et

ft

)1/ρ

, PG
t = (1 − αL − αM)

PtYt

Et

(
Et

Gt

)1/ρ

. (D.1)

Dividing these conditions and substituting into (7) gives

ft

Gt
=

(
PG

t

P f
t

)ρ

,
Gt

Et
=

1 +

(
PG

t

P f
t

)ρ−1
−ρ/(ρ−1)

. (D.2)

The last expression is strictly increasing in P f
t /PG

t because ρ > 1 and both prices are
positive. Demand in (10) has elasticity µG/(µG − 1), so unit marginal cost implies pg

jt =

µG. The CES price index then yields PG
t = µG(AG

t )
1−µG , establishing the lemma. ■

Proof of Proposition 3.1. Part (1). For brevity, let sG
t denote the green expenditure share

within energy. Multiplying (D.1) by the respective input quantities and adding, using the
homogeneity of (7), gives

P f
t ft + PG

t Gt = (1 − αL − αM)PtYt, (D.3)

sG
t ≡ PG

t Gt

P f
t ft + PG

t Gt
=

1 +

(
PG

t

P f
t

)ρ−1
−1

,
PG

t Gt

PtYt
= (1 − αL − αM)sG

t . (D.4)

Lemma 3.1 implies that sG
t , and hence the green share of final-good expenditure, strictly

increases during the green transition. The quantity ratio Gt/Et = (sG
t )

ρ/(ρ−1) is distinct
from the expenditure share sG

t .
Part (2). Let mt and gt be the common quantities produced by a material and a green

variety. Symmetry, monopoly pricing, and the final-good producer’s material expendi-
ture condition imply

mt =
αM

µM

Yt

AM
t

, gt =
1 − αL − αM

µG

sG
t Yt

AG
t

. (D.5)
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These are quantities per variety: sectoral revenues are AM
t µMmt = αMYt and AG

t µGgt =

(1 − αL − αM)sG
t Yt. With unit marginal cost, per-variety profits therefore satisfy

ΠM
t =

αM(µM − 1)
µM

Yt

AM
t

, ΠG
t =

(1 − αL − αM)(µG − 1)
µG

sG
t Yt

AG
t

, (D.6)

ΠG
t

ΠM
t

=
(1 − αL − αM)(µG − 1)µM

αM(µM − 1)µG
sG

t
AM

t

AG
t

. (D.7)

Part (1) gives a strictly increasing sG
t , while AM

t /AG
t is nondecreasing on the maintained

transition path. Hence

ΠG
t+1/ΠM

t+1

ΠG
t /ΠM

t
=

sG
t+1

sG
t

AM
t+1/AG

t+1

AM
t /AG

t
> 1, (D.8)

which proves part (2). ■

Proof of Proposition 3.2. Consider a local perturbation of output along a deterministic no-
shock transition, holding the entire technology and price paths fixed as in Section 3.2.
Hold the common positive SDF path Λt,t+h fixed as well; it may equal the household SDF
along this transition and need not equal βh. For 0 < ϕ ≤ 1, assume positive, finite present
values and summable local bounds on their derivatives. Define

VK
t =

∞

∑
h=0

ϕhΛt,t+hΠK
t+h, wK

h =
ϕhΛt,t+hΠK

t+h

VK
t

,
∞

∑
h=0

wK
h = 1, K ∈ {M, G}. (D.9)

Here Λt,t = 1, and values and weights are evaluated at the unperturbed transition. Con-
sider a transitory local output response

ηh ≡ d log Yt+h
d log Yt

, η0 = 1, 1 ≥ ηh ≥ ηh+1 ≥ 0, lim
h→∞

ηh = 0.

This includes an impact-only shock and responses ηh = κh for 0 < κ < 1.
Equation (D.6) shows that both sectors’ profits at horizon h have elasticity ηh when the

technology and price paths are held fixed. Differentiating the present values yields

d log VK
t

d log Yt
=

∞

∑
h=0

wK
h ηh. (D.10)

Let rh = ΠG
t+h/ΠM

t+h. Its weighted mean and the weight ratio are

r̄ = ∑
h

wM
h rh =

VG
t

VM
t

> 0,
wG

h
wM

h
=

rh
r̄

.
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Proposition 3.1 gives a strictly increasing rh along the transition. Equation (D.10) and the
covariance identity give

d log(VG
t /VM

t )

d log Yt
=

CovwM(r, η)

r̄

=
1
2r̄

∞

∑
h=0

∞

∑
j=0

wM
h wM

j (rh − rj)(ηh − ηj) ≤ 0. (D.11)

Every summand is nonpositive. Since η0 = 1 and ηh → 0, some j > 0 satisfies ηj < η0.
Both horizons have positive weight and rj > r0, so the inequality is strict.

Cash-flow and discount-rate decomposition. For the local calculation in (19), evaluate all
weights along the no-shock transition, retaining the original meaning of its ss subscripts:

wK
h =

ϕhΛt,t+h,ssΠK
t+h,ss

VK
t,ss

,
∞

∑
h=0

wK
h = 1. (D.12)

Now vary profits and the SDF in a differentiable local perturbation. For both contribu-
tions, assume local derivative bounds that are summable over horizons. The product rule
yields

d log VK
t

d log Yt
=

∞

∑
h=0

wK
h

d log ΠK
t+h

d log Yt
+

∞

∑
h=0

wK
h dh, dh ≡ d log Λt,t+h

d log Yt
. (D.13)

This is (19); it is a first-order identity at the no-shock path.
The cumulative SDF response dh differs from the response of a one-period SDF. Mul-

tiplicativity implies

d0 = 0, dh+1 − dh =
d log Λt+h,t+h+1

d log Yt
. (D.14)

Under the same relative-profit ordering as in Appendix D, the difference between the two
discount-rate components is

∑
h
(wG

h − wM
h )dh =

CovwM(r, d)
r̄

. (D.15)

If the response of every one-period SDF to date-t output is nonnegative, dh is nonde-
creasing, and the covariance is nonnegative. It is positive when some positive-weight
pair satisfies rh < rj and dh < dj. If all one-period responses are nonpositive, the signs re-
verse, with strictness for a strictly opposed pair. A procyclical SDF in this horizon-specific
sense therefore offsets the cash-flow ordering, whereas a countercyclical SDF reinforces
it.

■
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Endogenous ordering of sectoral growth rates. Consider the no-shock equilibrium of
Section 3.4. Define

kM =
αM(µM − 1)

µM
, kG =

(1 − αL − αM)(µG − 1)
µG

, ΓK
t =

AK
t+1

AK
t

. (D.16)

The resource constraint gives Ct/Yt = χ(sG
t ) ≡ αL + kM + kGsG

t . An existing patent has
cum-dividend value VK

t , whereas a new patent created at date t first produces at t + 1. Its
date-t revenue is

GK
t = Et[Λt,t+1VK

t+1] =
∞

∑
h=1

ϕh−1Et[Λt,t+hΠK
t+h]. (D.17)

The first payoff is not multiplied by ϕ: new varieties enter AK
t+1 = ϕAK

t + SK
t without

obsolescence at entry. On the no-shock path the benchmark equals this revenue, so VK
t =

(1 − c)GK
t .

Lemma D.1 (Ordering of sectoral growth rates). Let 0 < ν < 1, 0 < β < 1, 0 < ϕ ≤ 1, and
0 ≤ c < 1. Under the research-productivity restriction associated with a common-growth BGP,

ζG

ζM
=

(
kM

kG

)ν

, (D.18)

an interior no-shock equilibrium with sG
t < 1 at every finite transition date satisfies ΓM

t > ΓG
t .

Consequently, AM
t /AG

t is strictly increasing along the transition.

Proof of Lemma D.1. Normalize existing values by PK
t ≡ AK

t VK
t /(kKCt) and new-patent

revenues by H K
t ≡ AK

t GK
t /(kKCt). The fundamental value formulas and the household

SDF Λt,t+1 = βCt/Ct+1 imply

H M
t =

β

ΓM
t

[
1

χ(sG
t+1)

+ ϕH M
t+1

]
, H G

t =
β

ΓG
t

[
sG

t+1

χ(sG
t+1)

+ ϕH G
t+1

]
. (D.19)

Here PM
t = 1/χ(sG

t ) + ϕH M
t and PG

t = sG
t /χ(sG

t ) + ϕH G
t . At the common-growth

BGP, sG = 1 and H G = H M. Equal SK/AK and free entry give (D.18).
Along the transition, let Rt = H G

t /H M
t . Free entry (22) and aggregation yield

SG
t /AG

t
SM

t /AM
t

=

(
ζG

ζM

)1/(1−ν)
(

AG
t GG

t
AM

t GM
t

)ν/(1−ν)

= R
ν/(1−ν)
t , ΓK

t = ϕ +
SK

t
AK

t
. (D.20)

Thus Rt ≥ 1 implies ΓM
t /ΓG

t ≤ 1. Taking the ratio in (D.19) gives

Rt =
ΓM

t

ΓG
t
[ωt+1sG

t+1 + (1 − ωt+1)Rt+1], ωt+1 ≡ 1
χ(sG

t+1)P
M
t+1

∈ (0, 1). (D.21)
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Write χ = αL + kM and χ = αL + kM + kG. Since ΓK
t > ϕ, the normalized discounted cash

flows are bounded by βh/χ, and hence

PK
t ≤ 1

χ(1 − β)
, PM

t ≥ 1
χ

, ωt ≥ ω ≡
χ(1 − β)

χ
> 0. (D.22)

If Rt ≥ 1, then ΓM
t /ΓG

t ≤ 1. Equation (D.21) and sG
t+1 < 1 imply Rt+1 − 1 > (Rt −

1)/(1 − ωt+1). After at most one date the deviation is strictly positive and grows by a
factor at least 1/(1 − ω) > 1 each period. But at every date on this supposed branch,

Ru =
ΓM

u

ΓG
u

PG
u+1

PM
u+1

≤ χ

χ(1 − β)
,

contradicting that divergence. Hence Rt < 1, and (D.20) gives ΓM
t > ΓG

t . ■

For ν = 0, (D.18) gives ζG = ζM and hence ΓG
t = ΓM

t .

Proof of Proposition 3.3. For this proof and the subsequent results, we use ϕ = 1, 0 < ν <

1, 0 < c < 1, 0 < β < 1, η ≥ 0, and ψ > 0. The production parameters and the
common-growth restriction (D.18) are unchanged. We study first derivatives with respect
to an unexpected date-t shock, evaluated on an interior deterministic no-shock transition.
Future shock innovations are zero. A separate small-growth expansion is used below to
establish signs, with a bound on its remainder.

Households, production, and new-patent revenues. Write αE = 1− αL − αM, s = sG, and
retain kK and χ(s) = αL + kM + kGs from Appendix D. In the real economy the household
conditions are

Λu,u+h = βh ϱd
u+h

ϱd
u

Cu

Cu+h
, Wu =

ω̄Cu

ϱd
u

Lη
u, WS

u =
ω̄SCu

ϱd
u

(LS
u)

ψ. (D.23)

Cost minimization, labor-market clearing, and the resource constraint imply

Yu = ZuLu

(
αM

pM
u

)αM/αL
(

αE

pE
u

)αE/αL

, L1+η
u =

αLϱd
u

ω̄χ(su)
, Cu = χ(su)Yu, (D.24)
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where pK = PK/P, p f = ξ−1
f , pM = µM(AM)1−µM , and pE = [(p f )1−ρ + (pG)1−ρ]1/(1−ρ).

Let q = (log AM, log AG) and define

κu = (ρ − 1)(µG − 1)(1 − su), eχ,u =
kGsu

χ(su)
,

bM =
αM(µM − 1)

αL
, bG,u =

αE(µG − 1)su

αL
,

TC,u =

(
bM, bG,u +

η

1 + η
eχ,uκu

)
. (D.25)

Thus Dq log su = (0, κu) and Dq log Cu = TC,u, holding the shocks fixed. In particular the
technology-price elasticities are µK − 1.

Set FM(q) = kM/χ(s) and FG(q) = kGs/χ(s). Per-variety profits, not profit pools,
satisfy

ΠK
u

Cu
=

FK(qu)

AK
u

, G̃K
u ≡ AK

uGK
u

Cu
= ∑

h≥1
βhFK(qu+h)

AK
u

AK
u+h

,

G̃K
u =

β

ΓK
u
[FK(qu+1) + G̃K

u+1], ΓK
u = 1 + ζK(LS

u,K)
ν. (D.26)

The sum and recursion in (D.26) are for the no-shock path. Their 1/ΓK
u is induced by

normalization by the number of varieties; new-patent revenue excludes current profits.
There is no quality jump or incumbent-improvement payoff.

The benchmark and the full response system. Let ΠK,0(q) = C0(q)FK(q)/AK be the
per-variety profit with shocks at their no-shock values and technology stocks q. The
benchmark is

ḠK
u = ∑

h≥1
Eu[Λu,u+hΠK,0(qu+h)], VK

u = GK
u − cḠK

u . (D.27)

Here qu+h and Λu,u+h follow the actual economy. On a no-shock path ḠK
u = GK

u . For ϕ <

1, the benchmark uses the same ϕh−1 weights as (D.17). Each infinitesimal innovator takes
the aggregate technology path, benchmark, and pricing kernel as given; no benchmark
derivative enters its individual free-entry condition.

Let ωK
u,h = βhFK(qu+h)AK

u /(AK
u+hG̃K

u ) be the baseline revenue weights. They are posi-
tive and sum to one over h ≥ 1. Write ⟨z⟩K,u = ∑h≥1 ωK

u,hzu+h. For a shock derivative ∂,
put

xK,u = ∂ log AK
u , ℓK,u = ∂ log LS

u,K, dK,u = ∂ log SK
u , vK,u = ∂ logVK

u , wu = ∂ log WS
u .
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Also let au = ∂ log ϱd
u, γu = ∂ log Cu, Hu = γu − au, and JK,u = Dq log FK(qu). The symbol

c remains the setup parameter. Differentiating profits and the actual SDF gives exactly

∂ log ḠK
u = Hu + ⟨a − γ + (JK − e⊤K + TC)x⟩K,u,

vK,u −Hu =

〈
a + (JK − e⊤K )x +

c
1 − c

(γ − TCx)
〉

K,u
. (D.28)

Here eK is the sector coordinate vector and ∂ log Λu,u+h = Hu + au+h − γu+h.
Free entry and aggregation give the following identities at every date:

(1 − ν)ℓK,u = xK,u + vK,u − wu,

dK,u = xK,u + νℓK,u =
xK,u + ν(vK,u − wu)

1 − ν
,

xK,u+1 = xK,u + νgK,uℓK,u, gK,u =
ΓK

u − 1
ΓK

u
,

∂ log ΓK
u = gK,u(dK,u − xK,u). (D.29)

Here SK/AK = ζK(LS
K)

ν is an innovation intensity, with no probability cap.
Let nK

u = LS
u,K/LS

u, and Mu = (1 − ν)I + ψ1n⊤
u . Skilled-labor supply and clearing

imply

wu = Hu + ψn⊤
u ℓu, Muℓu = xu + vu −Hu1,

M−1
u =

1
1 − ν

(
I − ψ

1 − ν + ψ
1n⊤

u

)
, ∥M−1

u ∥∞ ≤ 2
1 − ν

. (D.30)

Thus (D.28)–(D.30), with xt = 0, close the response through innovation, future technol-
ogy, future profits, the actual SDF, and future benchmark payments. There is no extra ν

in the individual free-entry condition.

Speed and persistence restrictions. Work on a regular interior branch with su ≥ s∗ > 0,
positive net values, and ε = supu,K gK,u small. The upper bound is over the continuations
being valued, not just the shock date. The primitive parameters other than the scale gov-
erning slow growth are fixed away from β = 1, c = 1, and ν = 1. The restrictions below
are sufficient local bounds; slow growth is an additional restriction, not a consequence of
shock transience.

For Ut ∈ {Zt, ϱd
t }, write p = ρU and impose the regularity condition in Proposition 3.3:

0 < p < p̄(ψ) ≡ 1 − ν(1 − β)

β(1 − ν + ψ)
, ν(1 − β) < β(1 − ν + ψ). (D.31)

The latter inequality makes the interval nonempty. The upper bound is derived below.

86



No-shock path derivatives. Choose υ ∈ (
√

β, 1) and use ∥z∥υ = suph≥0 υh∥zt+h∥∞.
Because FK is bounded above and away from zero, and ΓK > 1,

ωK
u,h ≤ Cωβh−1 (h ≥ 1), Wυ =

Cω

υ − β
, LF = sup

K,u
∥JK,u∥1 < ∞.

All first and second log-state derivatives of FK and the production functions are bounded
on this region. The constants can be obtained directly from (D.25); for example Cω =

maxK(sup FK/ inf FK) is sufficient, since the h = 1 term bounds G̃K
u below by β inf FK/ΓK

u .
For a perturbation k0 of a no-shock initial state, differentiate (D.26) and the normalized

free-entry condition. The reference responses satisfy

kh = k0 + ν ∑
v<h

diag(gv)ℓ
0
v,

Muℓ
0
u =

(
∑
h≥1

ωK
u,h

[
JK,u+hku+h − ν

u+h−1

∑
v=u

gK,vℓ
0
K,v

])
K

. (D.32)

Consumption cancels from normalized free entry. In particular, no term proportional
to the level of AK remains in this reference equation. Accumulation has norm at most
νε/(1 − υ). A sufficient bound for the resulting linear reference operator is

qref =
2νεWυ(LF + 1)
(1 − ν)(1 − υ)

< q∗ < 1, Lℓ =
2LFWυ

(1 − ν)(1 − q∗)
. (D.33)

It gives ∥Dq log LS,0
K ∥ ≤ Lℓ at the initial date, uniformly also as ψ → ∞. Successive ref-

erence states therefore have derivative bounded by exp(νLℓεh). Impose the summability
condition

βe2νLℓε < 1. (D.34)

The same reference system differentiated twice, with the bounded second derivatives
of production, supplies uniform second-order bounds: its inverse has norm at most
(1 − q∗)−1 times the datewise bound in (D.30); the remaining terms are products of
the bounded first derivatives. Polynomial factors in h are summable under the strict
exponential margin in (D.34).

Actual technology feedback. For a response ℓ, write (Aℓ)t+h = ν ∑t+h−1
v=t diag(gv)ℓv =

xt+h. Define the state operator, component by component, by

(Kx)K,u = xK,u + ⟨(JK − e⊤K )x⟩K,u, T = M−1KA. (D.35)

All coefficients are no-shock quantities. This formula retains the future xK,u in free entry
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and the state dependence of both values. Equations (D.28)–(D.30) reduce to ℓ = f + T ℓ,
where f is the fixed-technology forcing derived below. A sufficient operator bound is

∥T ∥υ ≤ qdyn ≡ 2νε

(1 − ν)(1 − υ)
[1 + Wυ(LF + 1)] < q∗ < 1. (D.36)

These component bounds establish invertibility of the full linear response system. They
neither assume a response sign nor infer a dynamic contraction from a scalar denomina-
tor.

Consequently x = O(ε) in the discounted norm. The future stock term in free en-
try changes research by O(ε) and affects subsequent states through νgK,uℓK,u, hence con-
tributes O(ε2) to date-t values. The future-state contribution to values themselves is first
order and is retained below.

Relative net values. Let

(ιa, ιy) =

{
(0, 1), U = Z,

(1, (1 + η)−1), U = ϱd.
BU = ιa +

cιy

1 − c
> 0.

When technology is held fixed, (D.24) gives at+h = ιa ph and γt+h = yt+h = ιy ph; with en-
dogenous technology, γt+h = TC,t+hxt+h + ιy ph. Thus the exact fixed-technology forcing
and relative-value response are

QK,u(p) = ∑
h≥1

ωK
u,h ph,

fu = M−1
u BU pu−t(QM,u, QG,u)

⊤,

Ddir
t ≡ (vG,t − vM,t)fixed technology = BU(QG,t − QM,t) < 0. (D.37)

The covariance argument in Appendix D applies to these h ≥ 1 weights as well: relative
profits increase and ph strictly decreases over the payoff horizons.

For the technology comparison, freeze date-t coefficients and retain first order in ε,
after differentiating once in shock size. Let

δt = gM,t + (κt − 1)gG,t > 0,

ξM = −gM − eχκgG, ξG = −gG + (1 − eχ)κgG. (D.38)

The strict sign uses Lemma D.1: gM > gG and κ > 0. Baseline growth rates and ξK
change by O(ε2) per date, by the reference derivative bounds. Normalized value weights
therefore have first-order geometric factors βK = β(1 + ξK), with βG − βM = βδt. It
suffices to take ε small enough that βK ∈ (0, 1); for example β[1 + (κmax − 1)+ε] < 1 is an
upper bound. The exact values already converge by (D.26).
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The new-patent sums start at one. With Q = p(1 − β)/(1 − βp) and Hh(p) = (1 −
ph)/(1 − p), their expansions are

QG,t − QM,t = −βδt p(1 − p)
(1 − βp)2 + O(ε2), Eω(0) Hh(p) =

1
1 − βp

,

ℓK,t+h =
BUQ

1 − ν + ψ
ph + O(ε), xK,t+h = gKd(0)Hh(p) + O(ε2),

d(0) =
νBUQ

1 − ν + ψ
. (D.39)

The error statements apply in the discounted norms and sums, not uniformly without
discounting over all future dates. Technology may remain displaced after the exogenous
shock has vanished.

At the shock date xt = 0. Subtracting the two equations in (D.28), and using (D.39),
gives

Dt ≡ vG,t − vM,t = D(1)
t + O(ε2),

D(1)
t = − BU βδt p

(1 − βp)2

[
1 − p − ν(1 − β)

β(1 − ν + ψ)

]
. (D.40)

Indeed the first-order state contribution is

δtd(0)

1 − βp
.

The common term −eχκxG enters a difference in sectoral weights of order O(ε), so its con-
tribution is second order. The direct duration effect and the displayed state contribution
are both O(ε); neither has been discarded.

Condition (D.31) makes the bracket in (D.40) positive. For fixed p, signs in the original
differentiated model use a strict persistence margin and a finite transition window with
δt ≥ d∗ε > 0. The uniform O(ε2) bound then proves Dt < 0 for all sufficiently small
positive ε, not just in the truncated expansion. This restriction can be checked without
solving for the shock response, as follows.

Let ℓ0
K,t+h = BUQph/(1 − ν + ψ), and define the impact functional

Jtℓ = ⟨(JG − e⊤G )Aℓ⟩G,t − ⟨(JM − e⊤M)Aℓ⟩M,t.

The exact relation is Dt = BU(QG,t − QM,t) + Jtℓ, and a sufficient bound is ∥Jt∥ ≤
2νεWυ(LF + 1)/(1 − υ). The resolvent of (D.35) gives the computable error certificate

|Dt − D(1)
t | ≤ Et ≡

∣∣∣BU(QG,t − QM,t) + Jtℓ
0 − D(1)

t

∣∣∣+ ∥Jt∥
1 − qdyn

∥ f − ℓ0 + T ℓ0∥υ. (D.41)
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All terms on the right are reference-path coefficients or residuals of the specified trial re-
sponse. The condition Et < |D(1)

t | certifies a given finite growth rate. It bounds a second-
order residual after retaining the first-order feedback, rather than assuming feedback is
smaller than the direct effect. The bounds above give Et = O(ε2).

At impact, (D.29) now implies

dG,t − dM,t =
ν

1 − ν
Dt < 0, ∂ log

SG
t

SG
t + SM

t
=

SM
t

SG
t + SM

t

ν

1 − ν
Dt < 0. (D.42)

Output rises at impact for either positive shock by (D.24), since technology is predeter-
mined. This proves the proposition on the stated slow-transition domain.

The domain is nonempty: for example β = 0.96, ν = 0.3, c = 0.2, ψ = 1 gives
p̄ = 1− 0.012/1.632 > 0.99. Strictly interior initial energy shares and a common reduction
of the two research-productivity scales preserve (D.18) and admit arbitrarily slow regular
branches. At zero growth the normalized research block has the nonsingular datewise
matrix (D.30); the small-operator bounds continue it locally. Its limiting ratio is gG/gM =

sν/(1−ν), obtained from normalized free entry and (D.18). On finite windows bounded
away from the end of the transition, this ratio and κ > 0 give the required duration
margin. These are analytic examples and restrictions, not changes to the calibration.

At p = 0, QK,u(0) = 0 and the forcing is zero. The locally unique response is therefore
x = ℓ = d = 0: an impact-only shock rescales new-patent revenue, the matched setup
benchmark, and the labor-supply shifter equally. Strict innovation signs require positive
persistence; this boundary also applies to the monetary result below. At c = 0 a TFP
shock leaves the normalized research system unchanged: on the locally unique branch,
x = ℓ = d = 0 exactly. At ν = 0, SK

t = ζK AK
t has zero impact elasticity. Neither boundary

supports the stated strict innovation signs for both shocks.
■

Proof of Proposition 3.4. At impact let H = ιy − ιa and D = vG − vM. From free entry and
market clearing,

w =
(1 − ν)H+ ψ(nGvG + nMvM)

1 − ν + ψ
, dG < 0 ⇐⇒ w > vG. (D.43)

Also vM −H = BUQ +O(ε) > 0. Together with D < 0, the convex combination in (D.43)
gives w < vM and dM > 0. These conclusions hold for sufficiently small growth with
the strict margins above. The exact threshold is ϵU = vG. Hence it is lower when the net
value of green innovation is less procyclical.

For TFP, vG = 1 + cQ/(1 − c) + O(ε) > 0. For a preference shock, however,

vG =
1

1 + η

[
−η +

1 + η(1 − c)
1 − c

p(1 − β)

1 − βp

]
+ O(ε). (D.44)
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The preference-shock threshold may have either sign; the condition w > vG applies in
both cases. ■

Proof of Corollary 3.1. Fix a finite set I of transition dates and put e = ψ−1. At e = 0,
the labor-supply equation log LS

u = e(log WS
u − log Hu), where Hu = ω̄SCu/ϱd

u, becomes
LS

u = 1. Choose its regular interior no-shock branch. Impose the strict uniform reference
and response bounds above on this branch, and a finite-window duration margin. These
conditions concern the limiting economy, not a threshold evaluated at an already chosen
positive e.

Let DK
u = (ζK AK

uVK
u )

1/(1−ν). The level market-clearing equation has the regular repre-
sentation

1 + e(1 − ν)

1 − ν
log WS

u = e log Hu + log(DM
u +DG

u ). (D.45)

At the shock date, the exact innovation responses are

dG(e) =
ν

1 − ν

e(1 − ν)[vG(e)−H(e)] + nM(e)D(e)
1 + e(1 − ν)

,

dM(e) =
ν

1 − ν

e(1 − ν)[vM(e)−H(e)]− nG(e)D(e)
1 + e(1 − ν)

. (D.46)

At e = 0, the common zeroth-order research response ℓ0 is zero. The first-order relative
response is −BU βδt p(1− p)/(1− βp)2. For fixed 0 < p < 1 and sufficiently small growth,
the error certificate therefore gives Dt(0) < 0. Interiority then yields exactly

dG,t(0) =
ν

1 − ν
nM

t (0)Dt(0) < 0, dM,t(0) = − ν

1 − ν
nG

t (0)Dt(0) > 0.

The inverse in (D.30), the reference derivative bounds, and (D.45) are uniform at e = 0.
On the selected nonsingular branch the equilibrium and its shock response are continu-
ous in e, including the derivatives of all future benchmark payments. This follows from
the local implicit function theorem and the uniform resolvent bounds, not from differen-
tiating the wage formula while holding values or weights fixed. Moreover

p̄(e) = 1 − ν(1 − β)e
β[1 + e(1 − ν)]

−→ 1.

Let ∆ = mint∈I{−dG,t(0), dM,t(0)} > 0. Continuity on this finite set supplies ēU > 0 such
that both responses differ from their limiting values by less than ∆/2 for every t ∈ I and
0 ≤ e < ēU. Set ψ

−1
U = ēU. This is a common sufficient neighborhood constructed from

the limiting economy; it is not a pointwise threshold depending on the actual e. It need
not cover an infinite sequence approaching the BGP, where the duration margin vanishes.
No bound SK/AK < 1 is needed. ■
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Proof of Corollary 3.2. Use the retail-consumption numeraire and monetary transmission
in Appendix C.1, and put p = ρm. For a unit monetary innovation, (C.11) and (D.25) give
actual consumption, including the endogenous technology response,

γt+h = TC,t+hxt+h − ξm ph.

Technology changes natural output and consumption, but not the markup response in
(C.11). The relevant actual and reference operating profits, in common units, are

ΠM,r
u =

kMYu

AM
u Mu

, ΠG,r
u =

kGsuYu

AG
u Mu

,

ΠK,r,0(qu) =
C0(qu)FK(qu)

AK
uMn . (D.47)

The benchmark is (D.27) with these reference retail-real cash flows and the actual retail-
real SDF. Actual markup does not multiply reference profits. In the no-shock value nor-
malization replace FK by FK/Mn; the weights still sum to one and JK is unchanged. This
common constant leaves the proof of Lemma D.1 and the duration ordering valid.

For net values, actual markup adds −⟨m⟩K,u/(1 − c) to vK,u −Hu in (D.28); its other
terms are unchanged. At fixed technology, (C.11) therefore gives

Ht = −ξm, vK,t −Ht = −BmQK,t, Bm =
ξm(1 + η + c)

1 − c
> 0. (D.48)

Because the technology component of markup is zero and that of consumption is TCx,
the full operator (D.35) is unchanged, evaluated on this nominal no-shock branch. In
particular it still contains all future Romer stock effects on actual and benchmark values.
Replace BU by −Bm in (D.37)–(D.41). This yields

Dt =
Bmβδt p
(1 − βp)2

[
1 − p − ν(1 − β)

β(1 − ν + ψ)

]
+ O(ε2) > 0. (D.49)

The strict sign holds under the same persistence cutoff (D.31), uniform small-growth
bounds, and remainder margin. Also vM < vG < Ht < 0 for sufficiently small growth:
the leading common gap below Ht is −BmQ < 0. The wage equation (D.43) then gives
vM < w < 0, and hence dM < 0. Finally free entry gives

dG > 0 ⇐⇒ w < vG ⇐⇒ |w| > ϵm, ϵm = |vG| > 0.

This proves the corollary with the natural-rate policy rule. ■

Proof of Proposition 5.1. Use ϕ = 1 and the regular interior slow-transition domain of
Proposition 3.3, including (D.18) and (D.34). Set the policy date to zero and write τ = τN

0 ,
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k = 1 − ν, and D = k + ψ. All derivatives are evaluated at zero subsidy and zero macroe-
conomic shock, holding initial technology fixed. Retain ε = supu,K gK,u over the full con-
tinuation, where gK,u = (ΓK,u − 1)/ΓK,u. On the finite transition window, maintain the
strict duration margin

δt = gM,t + (κt − 1)gG,t ≥ d∗ε > 0.

The wage condition is ϵU
W = d log WS

t /d log Yt ≥ w∗ > 0 for each shock, uniformly on this
window; w∗ is independent of the growth scale. All other structural parameters are fixed
as growth becomes small.

Valuation and equilibrium responses. Let the macroeconomic shock have log amplitude
z and persistence p = ρU ∈ (0, 1). From (D.23)–(D.24),

Cu = C0(qu)du, du = eyUzpu
, ϱd

u = eiUzpu
, WS

u = Hu(LS
u)

ψ, Hu = ω̄SCu/ϱd
u,

where C0(q) is no-shock consumption at technology q = (log AM, log AG). The subsidy
and lump-sum tax cancel in consolidated accounts. Predetermined technology therefore
gives ∂τC0 = ∂τ H0 = 0; future consumption adjusts.

Retain FM = kM/χ(s) and FG = kGs/χ(s), and write PK(q) = FK(q)/AK for nor-
malized per-variety profits. The actual and matched reference profits are CuPK(qu) and
C0(qu)PK(qu), respectively. Applying the actual household SDF to both gives, through-
out the policy–shock neighborhood,

VK,u = (1 − c)
Cu

ϱd
u
QK,u, QK,u = ∑

h≥1
βhPK(qu+h)RU(u + h, z),

RU(v, z) =
ϱd

v(1 − c/dv)

1 − c
. (D.50)

At z = 0, RU = 1 and RU,z = BU pv, with

U yU = ∂z log Y0 hU = ∂z log H0 BU

Z 1 1 c/(1 − c)
ϱd (1 + η)−1 −η/(1 + η) 1 + c/[(1 + η)(1 − c)]

so yU, BU > 0. Free entry and skilled-labor supply reduce to

k log LS
u,K + ψ log LS

u = log
ζK(1 − c)

ω̄S + qK,u + logQK,u − log(1 − τ1{u=0}). (D.51)

Use superscripts P, U, PU for derivatives with respect to τ, z, τz, and write ℓ =

∂ log LS, x = ∂q, nK,u = LS
u,K/LS

u, and Mu = kI + ψ1n⊤
u . Let JK = Dq log FK, tK = JK − e⊤K ,
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and HK = D2
q log FK. Brackets denote averages with ωK

u,h = βhPK(qu+h)/Q0
K,u. Differen-

tiating (D.51) and technology accumulation gives

Muℓ
P
u = xP

u + (⟨tKxP⟩K,u)K + 11{u=0},

Muℓ
U
u = xU

u + (⟨tKxU + BU pv⟩K,u)K,

xj
K,u+1 = xj

K,u + νgK,uℓ
j
K,u, j = P, U, (D.52)

and the mixed system is

Muℓ
PU
u = xPU

u + (⟨tKxPU⟩K,u)K + Cu − ψ1 Covnu(ℓ
P
u , ℓU

u ),

CK,u = ⟨(xP)⊤HKxU⟩K,u + CovωK
u,·(tKxP, tKxU + BU pv),

xPU
K,u+1 = xPU

K,u + νgK,uℓ
PU
K,u + ν2gK,u(1 − gK,u)ℓ

P
K,uℓ

U
K,u. (D.53)

Here v = u+ h inside the averages, and all initial stock derivatives vanish. The covariance
terms retain changes in valuation and labor weights.

Positive multipliers and common cyclicality. Use the operators A, K, and T from (D.35),
so that ℓj = (I − T )−1 f j. For

√
β < r < 1 and b ∈ {r, r2}, set

∥ f ∥b = sup
u

bu∥ fu∥∞, Wb =
Cω

b − β
, qb =

2νε

k(1 − b)
[1 + Wb(LF + 1)].

The production derivative bounds in the proof of Proposition 3.3 give ∥T ∥b ≤ qb. Take
growth small enough that qr ≤ 1/3 and qr2 < q∗ < 1; the second norm controls products
of first responses. The policy forcing is f P

u = D−111{u=0}, hence

∥ℓP − f P∥r ≤
qr

D(1 − qr)
, ℓP

K,0 ≥ 1
2D

> 0.

Let Q = p(1 − β)/(1 − βp). Since the valuation weights are geometric at zero growth,
the macroeconomic forcing is f U

u = (BUQ/D)pu1 + O(ε) in the r-norm. It follows that

ℓU
u =

BUQ
D

pu1 + O(ε), xP, xU = O(ε).

The leading labor responses are common across sectors, so their labor-share covariance
is O(ε2). The remaining forcing in (D.53) is O(ε); its resolvent is bounded by (1 − qr2)−1,
giving ℓPU = O(ε).

At impact, ∂τBN
0 = WS

0 LS
0 and

∂τzBN
0

∂τBN
0

= hU + (ψ + 1)n⊤ℓU.
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Consequently the multipliers are positive and satisfy

MK =
νSKℓ

P
K

WSLS > 0,

EK :=
d log MK

d log Y0
=

νℓU
K + ℓPU

K /ℓP
K − hU − (ψ + 1)n⊤ℓU

yU

= −ϵW − kϵL +
ν(ℓU

K − n⊤ℓU)

yU
+

ℓPU
K

yUℓ
P
K

, (D.54)

where ϵL = n⊤ℓU/yU and ϵW = hU/yU + ψϵL. Thus

ϵL =
BUQ
DyU

+ O(ε) > 0, EK = −ϵW − kϵL + O(ε) < 0

for sufficiently small growth under ϵW ≥ w∗ > 0. For example, take the labor-response
error below BUQ/(2DyU) and the last two terms of (D.54) below w∗/2 in absolute value.
The total multiplier is positive, and its elasticity is a positive multiplier-weighted average
of EG, EM.

Relative multipliers and innovation composition. At impact define

ξM = −gM − eχκgG, ξG = −gG + (1 − eχ)κgG, ξ̄ = n⊤ξ,

A(p) = −βp(1 − p)
(1 − βp)2 +

νQ
D(1 − βp)

, zξ
K = ξK − ψ

D
ξ̄.

Then ξG − ξM = δ. Expanding the valuation weights and (D.52), with path remainders in
the weighted norms above, gives

⟨ph⟩K,0 = Q − βp(1 − p)
(1 − βp)2 ξK + O(ε2),

xP
K,h =

νgK

D
+ O(ε2), h ≥ 1,

xU
K,h =

νBUQ
D

gK
1 − ph

1 − p
+ O(ε2),

ℓP
K,0 =

1
D

+
ν

Dk
zξ

K + O(ε2),

ℓU
K,0 =

BUQ
D

+
BU A(p)

k
zξ

K + O(ε2). (D.55)

The stock displacement from the subsidy is constant to first order over all future payoff
dates. Hence the covariance of tKxP with BU pv has no first-order term: changes in tK and
in the displacement contribute only at second order. The Hessian, stock–stock covariance,
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and labor covariance terms in (D.53) are also second order. Mixed accumulation, however,
contributes ν2gKBUQ/D2 at every future payoff date to first order. Therefore

ℓPU
K,0 =

ν2BUQ
D2k

zξ
K + O(ε2). (D.56)

Substituting into (D.54) and subtracting sectors gives

EG − EM = −BU

yU

νδp
k(1 − βp)2

[
β(1 − p)− ν(1 − β)

D
(2 − βp)

]
+ O(ε2). (D.57)

Writing θ = ν(1 − β)/D, the bracket is strictly positive under the regularity condition in
Proposition 5.1:

β > 2θ, 0 < p < pN ≡ β − 2θ

β(1 − θ)
. (D.58)

The pure-policy response similarly gives

∂τ log(SG/SM) = ν(ℓP
G − ℓP

M) =
ν2δ

kD
+ O(ε2). (D.59)

For completeness, the error orders follow from the same resolvent bounds, not from
the signs being proved. Applying (I − T )−1 = I + T + T 2(I − T )−1 to (D.52) bounds
the omitted labor responses by O(ε2). Bounded state derivatives give O(ε2) changes in
g and ξ per date; the resulting polynomial horizon factors are summable in the r- and
r2-norms. In the mixed system, replacing first responses by their leading expressions
changes stock accumulation by O(ε2). The covariance cancellation just established leaves
a second-order valuation residual as well. The mixed resolvent therefore bounds the
error in (D.56) by O(ε2). Since ℓP

K,0 ≥ 1/(2D), these bounds give constants CE, CS <

∞, independent of ε, bounding the remainders in (D.57) and (D.59) by CEε2 and CSε2

uniformly on the transition window. At a strict persistence margin the leading coefficients
are bounded away from zero after division by δ ≥ d∗ε. Reducing growth accordingly
yields EG < EM < 0 and ∂τ log(SG/SM) > 0, including |EG| > |EM|.
Compatibility of the wage and persistence conditions. The leading wage elasticities are

W0
Z = 1 +

ψcQ
(1 − c)D

> 1, W0
d = −η +

ψ[1 + η(1 − c)]
(1 − c)D

Q.

Put j = η(1 − c). The preference-shock wage is positive to leading order precisely when

p > pW ≡ jD
ψ(1 + j)(1 − β) + βjD

;
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for η = 0, pW = 0. The joint domain 0 < ρZ < pN and pW < ρd < pN is nonempty if

βD > 2ν(1 − β), η(1 − c) <
ψ[βD − 2ν(1 − β)]

βD + 2ψν(1 − β)
. (D.60)

Indeed, Q is increasing and Q(pN) = [βD − 2ν(1 − β)]/[β(1 + ψ)]; jD < ψ(1 + j)Q(pN)

is equivalent to the second inequality. For fixed persistence values strictly inside this
domain, choose 0 < w∗ < minU W0

U/2 and reduce growth until the wage-response errors
are smaller than minU W0

U/2. This supplies the assumed wage bound on the same regular
equilibrium branch as the relative-multiplier result. All strict signs persist in sufficiently
nearby macroeconomic states. ■

Proof of Proposition 5.2. Retain the regular interior branch, ϕ = 1, finite transition win-
dow, notation, and strict joint parameter domain of the preceding proof. In particular,
ϵU

W ≥ w∗ > 0 for both shocks, yU, BU > 0, and ε = supu,K gK,u bounds growth over the
full continuations. Fix the other parameters and persistences. Set τ = τG

0 and evaluate
derivatives at (τ, z) = (0, 0) with initial technology fixed.

Targeted equilibrium responses. The resource constraint and matched setup benchmark
are unchanged: ∂τC0 = ∂τ H0 = 0, while future consumption and technology adjust,
and (D.50) continues to hold. The only direct change to (D.51) is to replace its last term
by −1{K=G} log(1 − τ1{u=0}). Consequently (D.52) holds with policy forcing eG1{u=0},
and (D.53) holds with the resulting targeted policy response. There is no direct mixed
policy–shock forcing.

Let ℓP, ℓU, ℓPU denote the τ, z, τz derivatives of log sectoral research labor, respectively,
and let xj denote the corresponding log-technology derivatives. Writing Mu = kI +ψ1n⊤

u ,
the operators in (D.35) give

ℓj = (I − T )−1 f j, f P
u = M−1

u eG1{u=0}, j = P, U,

f P
G,0 =

1 − ψnG/D
k

, f P
M,0 = −ψnG

kD
. (D.61)

The macroeconomic forcing f U is unchanged. In particular, f P
G,0 − f P

M,0 = 1/k.

Uniform response bounds. Choose
√

β < ϖ < 1. For b ∈ {ϖ, ϖ2}, use ∥ f ∥b =

supu bu∥ fu∥∞ and set

Wb =
Cω

b − β
, LT = LF + 1, Kb = 1 + WbLT,

ab =
νε

1 − b
, m =

2
k

, qb = mabKb.

The constants Cω, LF and a bound LH satisfying |a⊤HKb| ≤ LH∥a∥∞∥b∥∞ come from the
production derivative bounds of Proposition 3.3. They are uniform over the continuations
and independent of the growth scale. Equations (D.34) and (D.36) allow a positive growth
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neighborhood with qϖ ≤ 1/5 and qϖ2 ≤ q̄2 < 1. Then ∥A∥b ≤ ab, ∥K∥b ≤ Kb, and
∥(I − T )−1∥b ≤ (1 − qb)

−1. Since ∥ f P∥ϖ ≤ 1/k,

∥ℓP − f P∥ϖ ≤ eP :=
qϖ

k(1 − qϖ)
, dP := ℓP

G,0 − ℓP
M,0 ≥ 1

k
− 2eP ≥ 1

2k
. (D.62)

For Q = p(1 − β)/(1 − βp), put uU = BUQ/D > 0 and ℓ0
u = uU pu1. The geometric-

weight approximation used in the preceding proof is uniform here. To see this directly, let
µ = LT[− log(1 − ε)] and reduce growth so that βeµ < 1. Since each log-stock increment
is at most − log(1 − ε), ∣∣∣∣log

PK(qu+h)

PK(qu+1)

∣∣∣∣ ≤ µ(h − 1).

Comparing the normalized valuation weights with (1− β)βh−1 therefore gives, uniformly
in u, K,

|QK,u(p)− Q| ≤ dQ(ε) :=
β(eµ − 1)(1 − βe−µ)

(1 − βeµ)(1 − β)
= O(ε).

Because M−1
u 1 = 1/D, it follows that

∥ℓU − ℓ0∥ϖ ≤ eU :=
mBUdQ(ε) + qϖuU

1 − qϖ
= O(ε). (D.63)

Take LP = [k(1 − qϖ)]−1, LU = uU + eU, XP = aϖLP, and XU = aϖLU. These bound
∥ℓP∥ϖ, ∥ℓU∥ϖ, ∥xP∥ϖ, ∥xU∥ϖ, respectively.

Since ℓ0
u is common across sectors, the targeted labor covariance satisfies

Covnu(ℓ
P
u , ℓU

u ) = Covnu(ℓ
P
u , ℓU

u − ℓ0
u), ∥Covn(ℓ

P, ℓU)∥ϖ2 ≤ 2LPeU.

Retain all other terms of (D.53). Writing xPU = AℓPU + rPU, geometric summation and
the product bound ∥ f g∥ϖ2 ≤ ∥ f ∥ϖ∥g∥ϖ give

∥rPU∥ϖ2 ≤ Ca :=
ν2εLPLU

1 − ϖ2 ,

∥C∥ϖ2 ≤ Cv := LHWϖ2 XPXU

+ [Wϖ2 + (Wϖ)
2]LTXP(LTXU + BU).

Here Ca bounds mixed accumulation; Cv bounds the state Hessian and valuation covari-
ance, including the mean of a product and the product of two means. Eliminating xPU in
the mixed entry equation yields

∥ℓPU∥ϖ2 ≤ LPU :=
m

1 − qϖ2
[Kϖ2Ca + Cv + 2ψLPeU] = O(ε). (D.64)

All constants in these order bounds can be fixed before reducing growth: on a sufficiently
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small closed growth interval, dQ(ε)/ε has a finite continuous extension at zero, each qb/ε

is constant, and the two resolvent denominators are bounded away from zero. There are
therefore fixed finite Ce, Cm such that eU ≤ Ceε and LPU ≤ Cmε, uniformly over the finite
transition window and both shocks.

To justify differentiation, use the existing state smoothness and reference summabil-
ity bounds. In a small policy–shock neighborhood, RU and 1 − τ remain positive with
bounded derivatives. Growth and normalized entry place equilibrium differences in the
weighted spaces. First difference quotients of entry and accumulation obey the same
bounds with averaged coefficients; a slight enlargement of the constants preserves con-
traction and bounds these quotients in the ϖ norm. Mixed quotients use bounded state
Hessians, the general bounded labor covariance, and products of first responses, con-
trolled by the ϖ2 norm and its resolvent. The valuation tails are uniformly summable as
∑h(β/ϖ)h and ∑h(β/ϖ2)h. Limits therefore solve the unique first and mixed systems in
either order, justifying differentiation under the sums and continuity of impact deriva-
tives. Applying this argument to (D.50) retains both actual and matched-reference value
responses.

Expenditure and the true innovation share. Suppress impact-date subscripts and use,
only within this proof, r = SG/SM and sI = r/(1 + r). The free-entry ratio and predeter-
mined technology imply

J := 1 + ∂τ log(VG/VM) = kdP ≥ 1
2

, ∂τ log r = νdP.

At zero subsidy in each macroeconomic state, ∂τBG = WSLS
G = VGSG > 0. Consequently,

Mr :=
∂r

∂BG =
rνdP

WSLS
G
=

νJ
kVGSM

,

M GS =
Mr

(1 + r)2 =
νJSM

kVG(SG + SM)2 > 0. (D.65)

The green expenditure denominator has macro response

∂τzBG

∂τBG = hU + ψn⊤ℓU + ℓU
G .
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Let dU = ℓU
G − ℓU

M, dPU = ℓPU
G − ℓPU

M , ϵL = n⊤ℓU/yU, and ϵW = hU/yU + ψϵL. Differ-
entiating the first expression for Mr, and then the share transformation, gives the exact
decomposition

Er :=
d log Mr

d log Y
= −ϵW − ϵL +

(nG − k)dU

yU
+

dPU

yUdP
,

Es :=
d log M GS

d log Y
= Er −

2νsIdU

yU

= −ϵW − ϵL +
(nG − k − 2νsI)dU

yU
+

dPU

yUdP
. (D.66)

By (D.63)–(D.64), |dU| ≤ 2eU and |dPU| ≤ 2LPU. Since 0 < nG, sI < 1, |nG − k− 2νsI | ≤
1 + ν. Using (D.62) therefore gives

|Es + ϵW + ϵL| ≤ Rs :=
2(1 + ν)eU + 4kLPU

yU
.

Set L0
U = uU/yU > 0, ymin = minU yU > 0, and Lmin = minU L0

U > 0. With the fixed
constants above, take Cs = [2(1 + ν)Ce + 4kCm]/ymin, so Rs ≤ Csε. If ε0 > 0 is the pre-
liminary growth bound used above, including the existing regularity and wage bounds,
choose

0 < ε ≤ ε̄ := min
{

ε0,
yminLmin

2Ce
,

w∗
2Cs

}
.

A zero error constant imposes no corresponding restriction. Each other entry is strictly
positive and independent of the growth scale. Thus this is a nonempty common neigh-
borhood, in which ϵL ≥ L0

U/2 and Rs ≤ w∗/2. Equation (D.66) now yields

d log M GS

d log Y
≤ −w∗

2
− L0

U
2

< 0.

Together with (D.65), this proves both claims. The construction only reduces the growth
neighborhood within (D.58) and (D.60). Continuity preserves the strict signs in suffi-
ciently nearby macroeconomic states on the same branch. ■

Proof of Lemma C.1. Log-differentiating free entry at impact, using that AK
t is predeter-

mined, gives

(ν − 1)
d log Xt,K

d log Yt
+ ηK

t = εX
t .

Since SK
t = ζK AK

t Xν
t,K, this yields (C.30).

For the equivalence, use ϕ = 1 and the regular fixed-input economy eL = 0 con-
structed in the proof of Corollary 3.1, with total research input F̄ = 1. The physical
service suppliers in the funding economy retain 0 < ψ < ∞. Write Wu for the research
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price in the comparison economy and Hu = ω̄SCu/ϱd
u. Given the same initial technology

and shocks, set at every date

Xu,K = LS,0
u,K, P̃X

u = Hu, qu = Wu/Hu, PX
u = Wu. (D.67)

Here the superscript 0 denotes the eL = 0 economy. Restrict the correspondence to the
strictly binding branch Wu > Hu. Then Xu = F̄ = 1 satisfies the credit constraint, and
P̃X

u = HuXψ
u satisfies physical labor supply. The funding-inclusive free-entry condition

coincides with that of the comparison economy.
Households own the lenders. Loan principal is P̃X

u Xu, and net patent-sale proceeds
repay principal plus the scarcity charge after the same setup payments as in the main
text. Free entry implies

∑
K

SK
uVK

u = PX
u Xu = quP̃X

u Xu,

P̃X
u Xu + (qu − 1)P̃X

u Xu = Wu F̄. (D.68)

Principal cancels from the lenders’ accounts, so service income plus lending rents equals
the comparison economy’s research income. The household budget is preserved, and the
loans leave no balance at the next period boundary. At Xu = 1 the research-disutility term
is constant; the consumption and unskilled-labor conditions remain unchanged. Research
still uses labor, so the production and resource relations in (D.24) are preserved.

The identical sectoral inputs generate identical actual technology paths. Consumption
and preference paths, and hence the household SDF, also agree. Thus actual operating
profits, the benchmark in (C.24), and their derivatives in (D.28) coincide, including all fu-
ture technology feedback. Conversely, a strictly binding funding equilibrium has Xu = 1
and P̃X

u = Hu. Setting LS,0
u,K = Xu,K and Wu = PX

u , and combining service income and
lending rents, recovers the fixed-input equilibrium. This establishes the claimed corre-
spondence.

A sufficient condition ensuring a nonempty strictly binding branch can be obtained
from the first patent payoff. Let s∗ > 0 bound green shares from below on the maintained
continuations, and define

χmax = αL + kM + kG, hM =
βkM

χmax(1 + ζM)
, hG =

βkGs∗
χmax(1 + ζG)

,

w = (1 − c)

[
∑
K
(ζKhK)

1/(1−ν)

]1−ν

, 0 < ω̄S < w. (D.69)

Since Xu = 1, ΓK
u ≤ 1 + ζK. The first term of (D.26) gives AK

uGK
u /Cu ≥ hK on the no-

shock path. Equation (D.45) at eL = 0 then yields Wu/Cu ≥ w, and hence qu ≥ w/ω̄S >

1 uniformly. This strict bound persists for sufficiently small shocks: preference ratios
and the actual/no-shock profit ratio Zu(ϱd

u)
1/(1+η) at fixed stocks are uniformly close to
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one, while total input still bounds the growth rates. The fixed-input allocation does not
depend on ω̄S, so this restriction is compatible with the maintained transition conditions.

■

Proof of Proposition C.1. Maintain the regular interior branch, slow-transition bounds, and
positive shock persistences used for the eL = 0 economy in the proof of Corollary 3.1,
on the finite transition window considered there. Lemma C.1 preserves the actual tech-
nology, consumption, and benchmark paths, so the existing value-ordering proof applies
without changing its feedback or remainder bounds.

For a unit innovation in log Ut, write vK = ∂ logVK
t /∂ log Ut, w = ∂ log PX

t /∂ log Ut,
and dK = ∂ log SK

t /∂ log Ut. The fixed-input result gives Dt ≡ vG − vM < 0. At impact,
free entry and Xt = F̄ imply

dK =
ν

1 − ν
(vK − w), w = nG

t vG + nM
t vM, nK

t =
Xt,K

Xt
. (D.70)

Interiority therefore gives vG < w < vM, and

dG =
νnM

t
1 − ν

Dt < 0, dM = − νnG
t

1 − ν
Dt > 0. (D.71)

In particular, dG < 0 if and only if w > vG. The threshold is vG = vM + Dt, so it falls
when relative green net value becomes more countercyclical, holding vM fixed. The pos-
itive impact output responses in (D.24) preserve these comparisons when elasticities are
expressed with respect to output. These are the conclusions of Proposition 3.4, with PX

t
replacing WS

t .
Finally, log-differentiating PX

t = qtP̃X
t yields (C.31). ■

Proof of Proposition C.2. Use the real numeraire Pt = 1 and maintain the baseline parame-
ter and path restrictions, including (D.18). Monopoly pricing gives PF

t = µFξ−1
f (AF

t )
1−µF ,

so

Ft

Gt
=

(
PG

t
PF

t

)ρ

,
PF

t

PG
t

=
µF

ξ f µG

(AG
t )

µG−1

(AF
t )

µF−1 . (D.72)

Thus a green transition requires the last ratio to increase. Write s = sG and kF =

αE(µF − 1)/µF, with µF > 1. The resource constraint gives C/Y = χ(s) ≡ αL + kM +

kGs + kF(1 − s). Set

FM =
kM

χ
, FG =

kGs
χ

, FF =
kF(1 − s)

χ
. (D.73)

The normalized M, G value recursions and their innovation ratio in (D.19)–(D.21) are un-
changed: the common skilled wage cancels, including when brown R&D uses the same
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labor market. Since αL + kM ≤ χ ≤ αL + kM +max{kG, kF}, the boundedness argument in
Lemma D.1 still gives ΓM

t > ΓG
t . The profit ratio (D.7) therefore rises with sG

t . This proves
Proposition 3.1; the covariance proof of Proposition 3.2 then applies without change.

For Proposition 3.3, use ϕ = 1 and extend the regular interior, small-growth domain of
its proof to K ∈ {M, G, F}. Let q = (log AM, log AG, log AF) and retain the definitions of
JK, TC, ωK, x, ℓ, and g with these three coordinates and the cash flows in (D.73). The
matched benchmark and the household SDF give (D.28)–(D.29) for each sector. With
nM + nG + nF = 1, the matrix and inverse in (D.30) remain valid in three dimensions;
in particular, M−11 = 1/(1 − ν + ψ).

The log-state derivatives of log FK through second order are bounded for s ≥ s∗ > 0.
To bound all three valuation tails, put LF = supK,u ∥JK,u∥1 and ε = supK,u gK,u. The first
payoff bounds the denominator of each value weight, yielding

ωK
u,h ≤ βh−1 FK(qu+h)

FK(qu+1)
≤
[

βeLFε/(1−ε)
]h−1

.

This bound also holds as the brown expenditure share tends to zero. Fix
√

β < υ < 1
and β < β∗ < υ2. For sufficiently small ε, these weights are bounded by βh−1

∗ . Use
Wυ = (υ − β∗)−1 in (D.33) and (D.36), and β∗e2νLℓε < 1 in the derivative summability
bound. The same reference and response operators are then contractions, and the second-
order remainder estimates apply to all three sectors.

Define κG = (ρ − 1)(µG − 1)(1 − s) and κF = (ρ − 1)(µF − 1)(1 − s). Then Dq log s =
(0, κG,−κF) and

JG − JM + e⊤M − e⊤G = (1, κG − 1,−κF),

δF
t = gM,t − gG,t + κG,tgG,t − κF,tgF,t. (D.74)

Thus δF
t is the first-order growth rate of relative green profits. Retain the finite-window

margin δF
t ≥ d∗ε > 0 from the baseline proof. The green transition in (D.72) and the

strict M, G growth ordering supply its positive first-order terms. At zeroth order all three
sectors have the same duration weights, so, with p = ρU, Q = p(1− β)/(1− βp), and BU
as in the baseline proof,

ℓ
(0)
K,t+h =

BUQ
1 − ν + ψ

ph, xK,t+h =
νBUQ

1 − ν + ψ
gK

1 − ph

1 − p
+ O(ε2).

The first-order geometric value factors have difference βG − βM = βδF
t . Hence the direct

duration contribution is −BU βδF
t p(1 − p)/(1 − βp)2, while (D.74) gives the state contri-

bution νBUQδF
t /[(1 − ν + ψ)(1 − βp)]. Combining them yields

vG,t − vM,t = − BU βδF
t p

(1 − βp)2

[
1 − p − ν(1 − β)

β(1 − ν + ψ)

]
+ O(ε2). (D.75)
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Under (D.31) with a strict margin, the leading term is negative and dominates the remain-
der for sufficiently small growth. Finally (D.42) gives the countercyclicality of SG

t /(SG
t +

SM
t ), proving Proposition 3.3. ■

Preliminaries for Propositions C.3–C.5. Write s = sG, tc = 1 − c, a = ζ2, and τ =

(ρ − 1)(µG − 1) > 0. Equilibrium values are fundamental. Production and household
optimality give

χ(s) = αL + kM + kGs, C = χ(s)Y, fM(s) =
1

χ(s)
, fG(s) =

s
χ(s)

, πK =
kKC
AK fK(s),

WS =
C
ϱd ω̄S(LS)ψ, Λt,t+h = βh ϱd

t+h

ϱd
t

Ct

Ct+h
, Ht ≡

Ct

C0(AG
t , AM

t )
= Zt(ϱ

d
t )

1/(1+η).

(D.76)

Thus πK,0 = πK/H. The original owner’s expected quality coefficient is g = (1 − i)(1 −
e) + λi = 1 − d + δi, giving

vK
t = πK

t − WS
t (i

K
t )

2

AK
t ζ2

K
− ciK

t (δ + eK
t )F̄K

t + gK
t FK

t ,

bK
t = πK,0

t − WS
t (i

K
t )

2

AK
t ζ2

K
− ciK

t (δ + eK
t )F̄K

t + gK
t F̄K

t . (D.77)

The incumbent maximizes q[i(δ + e)N − WSi2/(Aζ2
K)]; a successful entrant obtains λqN

if the incumbent fails. Private optimality and free entry give

2WS
t iK

t
AK

t ζ2
K

= (δ + eK
t )NK

t , WS
t = ζK(LK

E,t)
−1/2λAK

t (1 − iK
t )NK

t . (D.78)

Normalize

yK =
aAK NK

kKWS , zK =
ϱd AK(FK − F̄K)

kKC
, I =

aψ+1

ω̄S . (D.79)

Solving 2i = (δ + e)y and e = λ(1 − i)y gives

iδ(y) =
δy + λy2

2 + λy2 , eδ(y) =
λy(2 − δy)

2 + λy2 , dδ = eδ(1 − iδ), uδ = iδ + dδ,

mδ = e2
δ + i2

δ, jδ = (1 − eδ)y + tci2
δ, Γδ = 1 + δuδ, gδ = 1 − dδ + δiδ,

Ψ = I−1

[
∑
K

kKmδ(yK)

]ψ

, WS = (C/ϱd)aΨ. (D.80)

104



The Bellman difference and v − cb combination give

ΓK,tΨtyK,t = βEt[ fK(st+1)Et+1 + Ψt+1 jδ(yK,t+1) + ciK,t+1(δ + eK,t+1)zK,t+1] ,

ΓK,tzK,t = βEt[ fK(st+1)Dt+1 + gK,t+1zK,t+1] ,

st+1 =
stΓτ

G,t

1 − st + stΓτ
G,t

, Et = ϱd
t (1 − c/Ht), Dt = ϱd

t (1 − 1/Ht). (D.81)

On the no-shock path, z = 0 and E = tc.

Proof of Proposition C.3. Consider an interior no-shock transition. Suppress δ and put
P(y) = Γ(y)y. On the full interior probability domain 0 < y < 2/δ,

u′(y) > 0, m′(y) > 0, 0 < j′(y) < P ′(y), P − j = m + ci2. (D.82)

Indeed, i′ = [2δ + λy(4 − δy)]/(2 + λy2)2 > 0. Using i as the independent variable, set
r = 1 − i, ∆ = e − 2ir, and D∗ = e2 − 4ire + 2ir. The research conditions imply

λ∆ = e(1 − e), δ∆ = 2ir − e2, D∗ = (2e + δ)∆ > 0, e ≤
√

2ir ≤ 1/
√

2.

In particular, 1 − e = [(λy − 1)2 + 1]/(2 + λy2) > 0. Differentiating e(δ + e) = 2λi(1 − i)
gives

du
di

=
1 − e
D∗

[e2 + 2r(4r − 3)e + 2r(1 − r)],
dm
di

=
2

2e + δ
[2er + δ{i + 2e(1 − 2i)}].

The first bracket is positive for r ≥ 3/4. For r < 3/4 it equals [e − r(3 − 4r)]2 + r(2 −
11r + 24r2 − 16r3), whose cubic factor has minimum (9 −

√
3)/18 > 0 on [0, 3/4]. The

second bracket is positive for i ≤ 1/2. For i > 1/2,

i2 − [2e(2i − 1)]2 ≥ i(1 − 9r + 32r2 − 32r3) > 0,

since the last cubic has minimum 5(8 −
√

10)/108 > 0 on [0, 1/2]. Finally, for h = (1 −
e)y = e/r − 2i,

dh
di

=
∆

r2D∗
(e2 − 4r2e + 2r2) > 0.

If r ≤ 1/
√

2, the last bracket is (e − 2r2)2 + 2r2(1 − 2r2) > 0. Otherwise it is at least
2r(1 − 2r

√
2ir) > 0, because 8ir3 ≤ 27/32. Hence ji = hi + 2tci > 0. The research

conditions give P − j = m + ci2; differentiating proves P ′ > j′.
For Bt = Ψt[P(yG,t)−P(yM,t)], the no-shock recursions imply

Bt = −βtc
1 − st+1

χ(st+1)
+ βΨt+1[j(yG,t+1)− j(yM,t+1)]. (D.83)

105



If Bt ≥ 0, then yG,t+1 > yM,t+1 and Bt+1 > Bt/β by (D.82). Starting at Bt+1 > 0, iteration
diverges, contradicting the bound implied by m < 2, y < 2/δ, and Γ < λ:

|Bt| ≤
2λ

δI [2(kG + kM)]ψ.

Therefore yM > yG, so uM > uG > 0 and ΓM > ΓG > 1. The state equation gives st+1 > st,
and PG

t Gt/(PtYt) = αEst proves part 1. Moreover,

πG
t

πM
t

=
kG

kM
st

AM
t

AG
t

,
πG

t+1/πM
t+1

πG
t /πM

t
=

st+1

st

ΓM,t

ΓG,t
> 1,

which proves part 2. ■

Proof of Proposition C.4. Define

β̄ =
6

6 + (1 + 2ψ)(5 + c)
. (D.84)

Fix β ∈ (β̄, 1), any finite δ > 0, and a compact set of initial transition states T ⋐ (0, 1).
Consider log Ut+h = ϵph, U ∈ {Z, ϱd}. Write

Q = 1 + 2ψ, r = I1/Q =

(
ζ2(ψ+1)

ω̄S

)1/Q

, ϑ =
1 − β

Q
.

Low-efficiency reference equilibrium. For fixed δ, define

u1 = 1 + 3
2 δ, M2 = λ2 + 1

4 δ2, γ = δu1, j2 = −λ + 1
4 tcδ2, ε1 =

λ(1 − 2δ)

2 + 3δ
. (D.85)

The exact research conditions in (D.80) give

iδ(y) = δ
2 y + O(y2), eδ(y) = λy + O(y2), uδ(y) = u1y(1 + ε1y) + O(y3),

mδ(y) = M2y2 + O(y3), jδ(y) = y + j2y2 + O(y3), Γδ(y) = 1 + γy + O(y2). (D.86)

Take J∗ = [s∗, 1], where 0 < s∗ < min T . On the no-shock path, the recursion for ΓKΨyK
has forcing βtc fK(s+) and lead coefficient βj+K /(Γ+

K y+K ) ∈ (0, β), by (D.82). Thus ΓKΨyK is
bounded above and away from zero on J∗. Moreover, mδ(y)/y2 has a positive continuous
extension to [0, 2/δ], with endpoint values M2 and δ2/4. The wage equation then gives
0 < x ≤ yK/r ≤ x < ∞.

Set xK = yK/r and nK = ΨyK. The rescaled wage equation is

Ψ = r−1Ωr(x), nK = Ωr(x)xK, Ωr(x) =

[
∑
K

kK
mδ(rxK)

r2

]ψ

. (D.87)
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It extends smoothly to Ω0(x) = Mψ
2 (kGx2

G + kMx2
M)ψ. At r = 0, the no-shock equilibrium

is

n0,K(s) =
βtc

1 − β
fK(s), x0,G(s) = sX(s), x0,M(s) = X(s),

X(s) =

[
βtc

(1 − β)χ(s)Mψ
2 (kM + kGs2)ψ

]1/Q

> 0. (D.88)

This solution is unique and smooth on J∗.
To include shocks, let w = log U and w+ = pw, and use EU(w),DU(w) from (D.81).

Fix p∗ ∈ (0, 1). For 0 ≤ p ≤ p∗ and small |w|, define

VU(w, p) = β ∑
j≥0

βjEU(pj+1w), ZU(w, p) = β ∑
j≥0

βjDU(pj+1w),

n0,K(s, w, p) = fK(s)VU(w, p), z0,K(s, w, p) = fK(s)ZU(w, p). (D.89)

Here VU(0, p) = βtc/(1− β) and x0,K(s, w, p) = x0,K(s)[VU(w, p)/VU(0, p)]1/Q. The series
and their derivatives converge uniformly.

Policy continuation and remainder. Work on J∗ × [−w∗, w∗]× [0, p∗] in coordinates P =

(log n, z). At r = w = 0, the current Jacobian is invertible and the preconditioned lead is
βI. Indeed, Dlog x log n = I + 1α⊤, with ∑K αK = 2ψ, so its determinant is Q > 0. Writing
the state transition as Sr(s, xG), uniformly nearby,

Sr − s = O(r)(1 − s), (Sr)P = O(r)(1 − s), (Sr)s = 1 + O(r). (D.90)

In particular, Sr maps J∗ into itself.
Let Rr be the residual of (D.81), and R0 the inverse current reference Jacobian. On a

closed radius-a∗ tube around P0 with Lipschitz bound L, the map TrP = P − R0Rr(P)
satisfies

LipC0 Tr ≤ β + C(w∗ + a∗) + Cr(1 + L),

Lip(TrP) ≤ βL + C0 + C(w∗ + a∗)(1 + L) + Cr(1 + L)2. (D.91)

Choose L > Lip(P0) with (1 − β)L > C0, then w∗, a∗, r small. Since Rr(P0) = O(r), the
tube is invariant and contractive, with factor q0 < 1, and Pr − P0 = O(r).

For derivatives, treat p as a constant state, so the full state map is (Sr, pw, p). After
moving the current O(r) feedback to the left, the highest future derivative coefficients
satisfy

qj ≤ [β + O(w∗ + a∗ + r)][1 + O(w∗ + r)]j + O(r) < 1, j = 1, 2.
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These bounds give continuous derivative fixed points. The corresponding difference quo-
tients satisfy the same equations with averaged coefficients; their errors after N iterations
are bounded by

2LjqN
j +

N−1

∑
h=0

qh
j ωj(Ch

S|v − v′|), ωj(t) → 0,

where CS bounds the state-map Lipschitz constant. Taking v′ → v before N → ∞ proves
Pr ∈ C2. For a smooth trial policy with residual O(r2) in C2, the policy and derivative
errors obey

E0 ≤ Cr2

1 − q0
, Ej ≤ qjEj + C ∑

k<j
Ek + Cr2, j = 1, 2,

and are therefore O(r2).
The probability domain is satisfied for rx < 2/δ, and the valuation kernel is βg+K /ΓK =

β + O(r) < 1. All future states remain in J∗ and converge to one on the no-shock path.
These bounds do not require a uniform positive probability as r ↓ 0. They also apply to
interior fundamental continuations: the recursion for Γz gives z = O(w∗), preserving the
preceding bounds on y/r, while the discounted O(r) one-period state changes place such
continuations in the reference neighborhood.

Innovation response. Let

hZ = 1, hϱd =
1

1 + η
, BZ =

c
tc

, Bϱd = 1 +
c

tc(1 + η)
. (D.92)

Write nr = n0 + rN1 + O(r2) and zr = z0 + rZ1 + O(r2). Put b(s) = τγs(1 − s) and
DU(s, w) = b(s)x0,G(s, w), suppressing p. The first-order terms of (D.81) satisfy

N1,K(s, w)− βN1,K(s, pw) = DU(s, w)∂sn0,K(s, w)− γx0,K(s, w)n0,K(s, w)

+ βj2x0,K(s, pw)n0,K(s, pw)

+
βcδ2

2
x0,K(s, pw)z0,K(s, pw), (D.93)

Z1,K(s, w)− βZ1,K(s, pw) = DU(s, w)∂sz0,K(s, w)− γx0,K(s, w)z0,K(s, w)

+ β

(
δ2

2
− λ

)
x0,K(s, pw)z0,K(s, pw). (D.94)

Their forward series have inverse bound (1 − β)−1. They define a smooth first-order trial
policy with C2 residual O(r2), so the preceding error estimates apply. The first term in
(D.93) includes the endogenous technology response, and its last term retains the bench-
mark response.

At w = 0, write aU = (1 − β)BU p/(1 − βp). Equation (D.89) gives

∂wn0,K

n0,K
= aU,

∂wx0,K

x0,K
=

aU

Q
,

∂wz0,K

n0,K
=

(1 − β)hU p
tc(1 − βp)

.
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Evaluating (D.93) and its derivative yields

N1,K

n0,K
=

bx0,G∂s log fK − (γ − βj2)x0,K

1 − β
,

∂wN1,K

n0,K
= (1 − β)BU p(1 + Q−1)[bx0,G∂s log fK − γx0,K] + O(p2). (D.95)

The benchmark term contributes at order p2 here. Using log(yG/yM) = log(nG/nM) and
∂s log( fG/ fM) = 1/s, expand

log uK = log(ru1) + log xK + rε1xK + O(r2),

and subtract aU N1,K/n0,K when differentiating log nr. The impact response is

GU(s, p, r) ≡ ∂ϵ log(uG
t /uM

t )

= −rpBU(1 − s)X(s)C0(s) + O(rp2 + r2p), (D.96)

C0(s) = β(γ − j2) + ϑ(ε1 − γ) + (β − ϑ)τγs. (D.97)

The remainder is uniform on J∗ × [0, p∗]. Indeed, at p = 0 all future forcing is unshocked
and normalized research is independent of current w, so GU(s, 0, r) = 0 exactly. The C2

error bound above supplies the factor p in O(r2p).
Sign and efficiency bound. Set R = (1 − β)/(βQ) and ac = (5 + c)/4. Since β > β̄,

R < 2ac/3 < 1. The state term in (D.97) is positive, and

(2 + 3δ)[γ − j2 + R(ε1 − γ)] = (2 + R) + (7 − 3R)δ + (6 + 2ac − 8R)δ2

+ (3ac − 9
2 R)δ3 > 0. (D.98)

All coefficients are positive: in particular, 6 + 2ac − 8R > 6 − (10/3)ac > 1. Thus C0(s) >
0 for every fixed δ > 0.

Let m∗ = minU,s∈T BU(1 − s)X(s)C0(s) > 0, and bound the remainder in (D.96) by
C∗rp(p + r). Let r∗ > 0 be the feasibility and convergence range established above.
Choose

p̄ = min
{

p∗,
m∗

4(C∗ + 1)

}
, r̄ = min

{
r∗,

m∗
4(C∗ + 1)

}
,

and define

ζ̄ =
[
ω̄Sr̄ Q

]1/[2(ψ+1)]
> 0. (D.99)

These bounds depend only on the fixed primitives and T . For 0 < p < p̄ and 0 < ζ < ζ̄,
GU ≤ −rpm∗/2 < 0 uniformly on T . The log share response is (1− uG

t /(uG
t + uM

t ))GU <

0. Impact output elasticities are 1 for TFP and 1/(1 + η) for preference, proving counter-
cyclicality. ■
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Proof of Proposition C.5. Consider log Ut+h = ϵph and write υK = ∂ϵ log NK
t and w =

∂ϵ log WS
t . Current technology is predetermined. Thus (D.79) and (D.82) give

∂ϵ log uK
t = κK(υK − w), κK =

yKu′
δ(yK)

uδ(yK)
> 0.

This proves the green threshold ϵU = υG.
Let HU = ∂ϵ log(Ct/ϱd

t ), so HZ = 1 and Hϱd = −η/(1 + η). Define the labor weights
and elasticities by

ℓK =
kKmδ(yK)

∑J k Jmδ(yJ)
, bK = ℓK

yKm′
δ(yK)

mδ(yK)
> 0.

The actual skilled-labor market then gives

w =
HU + ψbGυG + ψbMυM

1 + ψ(bG + bM)
.

To establish the required value comparisons, use nK = ΨyK = ϱd AK NK/(kKC) and
put σK = ∂ϵ log nK = υK −HU. Use r, Q, X, γ, j2, ϑ and BU from the low-efficiency proof
of Proposition C.4. Its reference policy gives

σK =
(1 − β)BU p

1 − βp
+ O(rp).

In particular, σM > 0 for a sufficiently small positive efficiency bound, uniformly in suffi-
ciently small p > 0.

Subtracting the two log-value responses in (D.95), including the derivative of their
denominators, gives

DU := υG − υM = −rpBU(1 − s)X(s)CN(s) + O(rp2 + r2p),

where
CN(s) = β(γ − j2)− ϑγ + (β − ϑ)τγs.

The state and benchmark terms of (D.93) are retained; the benchmark response enters
the displayed remainder at order rp2. Put R = (1 − β)/(βQ) and ac = (5 + c)/4. The
maintained discount-factor condition gives R < 2ac/3 < 1, so

CN(s)
β

= 1 + (2 − R)δ + (ac − 3R/2)δ2 + (1 − R)τγs > 0.

On the compact set of initial transition states, the leading coefficient has a strict positive
minimum. The uniform C2 policy estimates in the preceding proof bound the remainder
by Crp(p + r): at p = 0 normalized research and net values have zero impact response.
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Reducing the existing positive persistence and efficiency bounds therefore ensures DU <

0 and σM > 0, while preserving interior probabilities and value convergence.
Consequently,

υM − w =
σM − ψbGDU

1 + ψ(bG + bM)
> 0,

which proves strict non-green procyclicality. Finally, ϵU = υG = υM + DU, so the thresh-
old decreases one-for-one as DU falls holding υM fixed. ■

111



References Appendix
Acemoglu, Daron and David Autor (2011). “Skills, tasks and technologies: Implications for employment

and earnings”. Handbook of labor economics. Vol. 4. Elsevier, pp. 1043–1171.
Aghion, Philippe, Antonin Bergeaud, Maarten De Ridder, and John Van Reenen (2026). “Lost in transi-

tion: Financial barriers to green growth”.
Aghion, Philippe, Antoine Dechezleprêtre, David Hémous, Ralf Martin, and John Van Reenen (2016).

“Carbon taxes, path dependency, and directed technical change: Evidence from the auto industry”.
Journal of Political Economy 124.1, pp. 1–51.

Angelucci, Stefano, F Javier Hurtado-Albir, and Alessia Volpe (2018). “Supporting global initiatives on
climate change: The EPO’s “Y02-Y04S” tagging scheme”. World Patent Information 54, S85–S92.

Arora, Ashish, Sharon Belenzon, Larisa Cioaca, Lia Sheer, Hyun Moh Shin, and Dror Shvadron (2024).
“DISCERN: Duke Innovation & Scientific Enterprises Research Network”. Zenodo. 3594642.

Arora, Ashish, Sharon Belenzon, and Lia Sheer (2021). “Knowledge spillovers and corporate investment
in scientific research”. American Economic Review 111.3, pp. 871–898.

Autor, David H and David Dorn (2013). “The growth of low-skill service jobs and the polarization of the
US labor market”. American economic review 103.5, pp. 1553–1597.

Autor, David H, Lawrence F Katz, and Melissa S Kearney (2008). “Trends in US wage inequality: Revising
the revisionists”. The Review of economics and statistics 90.2, pp. 300–323.

Bauer, Michael D. and Eric T. Swanson (2023). “A reassessment of monetary policy surprises and high-
frequency identification”. NBER Macroeconomics Annual 37.1, pp. 87–155.

Bornstein, Gideon, Per Krusell, and Sergio Rebelo (2023). “A world equilibrium model of the oil market”.
The Review of Economic Studies 90.1, pp. 132–164.

Calel, Raphael and Antoine Dechezleprêtre (2016). “Environmental policy and directed technological
change: evidence from the European carbon market”. Review of Economics and Statistics 98.1, pp. 173–
191.

Chow, Gregory C and An-loh Lin (1971). “Best linear unbiased interpolation, distribution, and extrapola-
tion of time series by related series”. The review of Economics and Statistics, pp. 372–375.

Cloyne, James, Clodomiro Ferreira, Maren Froemel, and Paolo Surico (Mar. 2023). “Monetary Policy, Cor-
porate Finance, and Investment”. Journal of the European Economic Association, jvad009. ISSN: 1542-4766.

Driscoll, John C. and Aart C. Kraay (1998). “Consistent covariance matrix estimation with spatially depen-
dent panel data”. Review of Economics and Statistics 80.4, pp. 549–560.

Engle, Robert F., Stefano Giglio, Bryan Kelly, Heebum Lee, and Johannes Stroebel (2020). “Hedging
climate change news”. The Review of Financial Studies 33.3, pp. 1184–1216.

Gilchrist, Simon and Egon Zakrajšek (2012). “Credit spreads and business cycle fluctuations”. American
Economic Review 102.4, pp. 1692–1720.

Hall, Bronwyn H., Adam B. Jaffe, and Manuel Trajtenberg (2001). The NBER patent citation data file: Lessons,
insights and methodological tools.

Hémous, David, Morten Olsen, Carlo Zanella, and Antoine Dechezleprêtre (2025). “Induced Automation
Innovation: Evidence from Firm-level Patent Data”.
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