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Abstract

How much misallocation is there in the market for inventors? This pa-
per introduces a novel growth model where firms search for inventors in a
frictional labor market, and where innovation depends on the quality of the
match between the inventor and firm. The model features both knowledge
spillovers and congestion in the labor market, hence search effort can be either
too low or too high. I document that inventors patent 40% more after moving
across firms, suggesting that they had been mismatched prior to the move. I
find that shutting down search frictions for inventors increases growth from
2.0 to 2.6 percent, that firms invest too little in searching for inventors, and that
conventional R&D subsidies do not reduce misallocation. Finally, I show that
partial-equilibrium effects of R&D subsidies overstate their general equilib-
rium effects because when firms innovate and creatively destroy their rivals’

product lines, they also break their matches with inventors.
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Introduction

This paper studies the labor market for inventors. Which inventor works for which
firm can affect both firm performance and economic growth, as innovative activity
combines inventor skills with the intangible capital of their firm. Hence, it does
not come as a surprise that many high-profile inventors make headlines when they
moved across firms (among them Peter Rawlinson from Tesla to Lucid and Jeffrey
Wilcox from Intel to Apple and back)!. In this paper I propose a novel growth
model that features a frictional labor market for inventors and use it to show that
the allocation of inventors across firms has first-order consequences for growth
and innovation policy.

I make three contributions. The first is theoretical: I introduce a new model in
which firms engage in costly search for inventors, and where the rate at which an
inventor-firm pair innovates is determined by their “match quality”. Inventors en-
gage in on-the-job search and therefore climb the match quality ladder, improving
their rate of innovation. A successful innovation allows the firm to expand into
new markets, rendering the incumbent producer obsolete. Crucially, this leads to
a novel implication of creative destruction: the match between the incumbent and
their own inventor breaks.

My model builds on both the growth and search literatures, and it inherits some
of the efficiency properties of both. As in most models of growth, firms benefit
from knowledge spillovers, and therefore do not internalize the benefit to other
firms of making better matches and innovating more quickly. Search frictions can,
as usual, mean that firms spend either too little or too much to meet with workers.
On the one hand, firms do not internalize the benefit of their search effort to in-
ventors (through higher wages) or to other firms (through knowledge spillovers).
On the other hand, firms do not internalize the harms they cause to other firms
by stealing their inventors. Crucially, my model features a novel spillover that is
missing in both the search and growth literatures by themselves: when firms inno-
vate and expand into new product lines, they do not internalize the fact that they
break matches between incumbent firms and their inventors. This is the “Black-

berry effect": when Blackberry’s smartphones were creatively destroyed by Ap-

!Details about Rawlinson and Wilcox’s stories can be found here and here, respectively.
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ple’s iPhone, many of its engineers lost their jobs.

My second contribution is to document a set of novel facts from disambiguated
patent data from the USPTO to discipline the key parameters of my model: the
efficiency of the meeting technology and the difference between the best and worst
match qualities. The first parameter governs the extent of misallocation, the second
governs its cost. To discipline the extent of misallocation, I first show that inventors
patent at roughly 1.6 firms on average, which suggests a significant amount of
turnover given that the average time between an inventor’s first and last patent is
less than six years.? To discipline the costs of misallocation, I use a matched-pairs
design related to that in Prato (2022): I compare inventors who move across firms
to a “twin" inventor who never moves but otherwise appears nearly identical. I
tind that the inventor who moves has about 40% more patents going forward. This
is not driven by moves to firms that systematically patent more, and continues to
hold when I weight patents by their citations and number of coauthors. The fact
that inventors see such large gains from mobility suggests that misallocation is
very costly.

My third contribution is quantitative: I show that my model has a novel set of
implications for growth and innovation policy. First, I use the estimated model to
quantify the impact of the misallocation of inventors on growth. I find that remov-
ing this misallocation altogether could raise growth from 2.0 percent to 2.6 percent,
which shows that search frictions in the market for inventors are costly for growth.
Intuitively, the model finds such large costs because inventor mobility is both very
frequent and also associated with an increase in patenting. Next, I use the model
to conduct a series of counterfactuals. First, I ask whether firms are investing too
much or too little in search and find that they invest far too little. Second, I test
whether conventional R&D subsidies such as the R&D tax credit can address these
inefficiencies by increasing firms’ incentives to search. Strikingly, I find that R&D
subsidies have minimal effects on average match quality or the share of matched
inventors. The reason is the aforementioned “Blackberry Effect”: all innovation in

the model is creative destruction?, and that an inventor working for a creatively-
g y

2This news article describes some of their stories.

3 only focus on the part of an inventor’s career when they are actually patenting, which helps
explain why I find more mobility than Akcigit and Goldschlag (2023).

4Because of how I calibrate the model, this assumption is not quantitatively important. I tar-
get the rate at which young firms exit to match the rate of creative destruction, and the size of
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destroyed product line loses their job. Greater subsidies for research give firms
stronger incentives to search for inventors and spur innovation, but at the aggre-
gate level an increase in innovation also means an increase in the rate at which
“match capital” is destroyed.’ I find that these two forces cancel each other out
almost perfectly in general equilibrium. Finally, I show that this model has im-
plications for the effectiveness of R&D subsidies. The partial equilibrium increase
of a firm’s innovation in response to an R&D tax credit, as one might estimate in a
quasi-experiment, is partly driven by improved match quality, but this mechanism
vanishes general equilibrium. Hence, the general equilibrium effect of R&D subsi-
dies on innovation is only half as large as the partial equilibrium effect. Modeling
the process by which firms match to inventors is therefore important for translat-
ing partial-equilibrium estimates into general-equilibrium predictions about the

impact of innovation policy.

Literature and Contribution

This paper builds on and contributes to several literatures. First, this paper in-
troduces a model of endogenous growth and firm dynamics in the tradition of
Klette and Kortum (2004) or Peters (2020). A standard feature of such models is
that firms can hire inventors on a frictionless spot market. My contribution is to
instead model a frictional market for inventors and show that such a market struc-
ture has markedly different and empirically relevant consequences for growth and
innovation policy.

This paper also contributes to the literature on frictional search by applying
it to inventors and disciplining it with patent data. Other papers bridging the
search and Schumpeterian growth traditions are Engbom (2020) and Lentz and
Mortensen (2012), but these papers model frictional search for production workers
as opposed to inventors.

A growing line of research uses patent data to study inventors. van der Wouden
and Rigby (2020) study inventor mobility from 1900 to 1975 and also finds that in-

each innovative step to match the aggregate growth rate. If I introduced own-innovation or new
product lines but disciplined creative destruction similarly, it would imply a smaller step size per
innovation but the same rate of creative destruction.

SThis is in addition to the dampening effects of creative destruction studied in Peters (2020),
where a faster rate of creative destruction lowers the net present value of flow profits from an
innovation.



ventor mobility is associated with an increase in patenting. I perform a similar
empirical exercise and use it to discipline a structural model and perform policy
counterfactuals. Akcigit and Goldschlag (2023) also study inventor mobility and
tinds that, among the sample of moves, inventors who move to young firms patent
more than inventors who move to incumbents. Prato (2022) and Arkolakis, Peters,
and Lee (2020) show that the migration of inventors across nations is a major fac-
tor in driving growth, whereas my paper studies the smaller-scale but more fre-
quent mobility of inventors across firms. Akcigit, Caicedo, Miguelez, Stantcheva,
and Sterzi (2018) study the allocation of inventors across research teams in a model
where ideas are sold on a competitive market. Prato (2022) and Akcigit et al. (2018)
abstract from firm dynamics to focus on inventor teams, whereas I abstract from
teams to focus on the allocation of inventors across firms. Celik (2023) finds evi-
dence that individuals may be misallocated between invention and production.

Finally, this paper contributes to the literature on innovation policy, in the vein
of Atkeson and Burstein (2019). Acemoglu, Akcigit, Alp, Bloom, and Kerr (2018)
study R&D policy in a model that has heterogeneous and dynamic firm types but
frictionless markets for homogeneous skilled labor. Rao (2016) studies the im-
pact of R&D subsidies in partial equilibrium with a quasi-experimental method.
Lashkari (2023) shows that firm entry and exit decisions also generate misalloca-
tion of innovative resources across firms and that there is a role for policy to correct
these inefficiencies.

This paper is structured as follows. Section 1 introduces the model. Section 2
explains the data and facts I use to discipline the model. In Section 3, I merge the
two and explain the calibration. In Section 4, I use the model to perform a series of

counterfactuals. Section 5 concludes.

1 Model

Time is continuous. There is a stand-in household with a measure M of work-
ers, who inelastically supply their labor to profit-maximizing firms. An exoge-

nous share v of these individuals work in the frictional market for inventors,® and

®T denote this share v of individuals as “inventors” regardless of whether they are currently
matched or not. The assumption of an exogenous measure of inventors is a reasonable simpli-
fication in light of the findings in Bell, Chetty, Jaravel, Petkova, and Van Reenen (2019) that the
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the remaining share 1 — v can freely move across four frictionless sectors: final
goods production, new firm creation, search for inventors, and creating the re-
search good.” Inventors become non-inventors at a rate §;, and non-inventors be-
come inventors at a rate 6, = (v6;) /(1 —v).8

There is perfect risk-sharing in the household. The household derives logarith-
mic utility from the final good Y and discounts the future at rate p. Consumption of
the final good is the only source of utility in this model and there are no aggregate
shocks. Hence, we can write the household’s discounted utility U as:

ll:/ e P'log(Y;)dt.
t=0

1.1 Production

The production side of the model is deliberately standard. As in Klette and Kortum
(2004), the final good is a CES aggregate of an exogenous measure 1 of varieties.
Each variety i may be produced by multiple firms f, and each firm may produce
more than one good. Different varieties i’ # i are imperfect substitutes, with elas-
ticity of substitution o, but the same variety produced by different firms ' # f are
perfect substitutes. I find it convenient to denote [fi] as the “division” within firm
f that produces good i. Production of the final consumption good Y; is as follows,

where y|;); is the production of each division:

c—1

1 = 7
vi—| [ (zwa) di
0 \f

Division [fi] has access to a linear labor-only technology with productivity

Z[fijt

Yifile = Z(fiedfie

I follow Garcia-Macia, Hsieh, and Klenow (2019) and assume that each division

children of inventors are far more likely to be inventors themselves. See Celik (2023) for a model
that endogenously generates a fixed share of inventors.

’This is a stand-in for all inputs into innovation aside from inventors, from lab equipment to
research assistants.

8This is consistent with a steady-state share v of inventors and helps to rationalize the fact that
most inventors only patent for a few years.



must pay an infinitesimal operating cost of € to produce. This ensures that only
the division with the highest z in each product line i will produce, and that it will
charge a homogeneous markup u = /(¢ —1).°

I denote z;y = maxyzs); as the efficiency of the leading producer of prod-
uct line 7, F(z;;) as the CDF of product lines with efficiency z at time ¢, Z; =

it
ative efficiency” of a division as 2 = (z/Z)

1
(f 01 Z{T_ldFt(zit)) "' as the usual measure of “average productivity”, and the “rel-
-1

I denote the total mass of workers involved in production as /;. Final goods
output Y is Z;l;, wages for production workers w are Y/ (ul;), and product-level

gross profits 7t can be written as:

Z[fi]f>0_1
= 1 Wl
n[fl]f (:u ) ( Zt tit

~
Relative Productivity £

In what follows, I drop time subscripts where there is no possibility of confu-

sion.

1.2 Innovation

Incumbent firms can only innovate if they match a division to an inventor. For
tractability, I assume that each division within a firm can have at most one inventor.

Following Klette and Kortum (2004), I assume that all innovation in this model
is creative destruction: when the inventor and division innovate, they draw a ran-
dom product i, improve on its relative productivity 25, by A, and spin off a new
unmatched division within the same firm to produce the improved product line.
I denote N(Z2) as the value of an unmatched division with relative productivity 2,
and dF(2) as the PDF of product lines across relative productivity space. CD, the
expected value of creatively destroying a product line, is:

CD = /N(2’+/\)dF(2’).

9If two “divisions” belonging to different firms f and f’ can produce the same good i, and both
decide to pay the operating cost, they compete in Bertrand fashion. If zj¢;; < z(f;;, then divi-

sion [f'i] will make no profits from production. Because of the operating cost, the less-productive
division will not enter, and the more-productive division will charge a fixed markup.
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The rate of innovation is an increasing function of the resources r (in units of
labor) which the division provides to the inventor. Research effort r is a stand-in
for all kinds of R&D expenditures (lab technicians, equipment, etc). The rate of
innovation is also increasing in the time-invariant division-inventor match quality
q(fij, which acts as TFP for the innovation process. I assume that g is bounded
above by g;, and below by g;.1° This notion of match quality is new to the literature.

The rate of incumbent innovation ¢, depends on match quality 4 and the quan-
tity of the research good r that the firm provides:

palgr) = 4 I
Match Quality R&D
I denote V' (Z,4) as the value of a matched division with relative productivity 2
and match quality g. Note that Z does not show up in the value of innovation CD,
hence the benefit of being matched to an inventor is constant across all values of Z.
I assume that inventors and research spending cannot be transferred across
divisions within the same firm. Combined with the fact that each variety is in-
finitesimal, this means that each division within a firm can make decisions with-
out reference to any other division and that firm values are additively separable in
division values. Without this assumption, the firm’s state space would include its
tull list of product lines and inventors. For firms such as Google or Amazon that
make very diverse products, this assumption is reasonable. Besides, a high degree
of mobility within a firm is incompatible with Gibrat’s law, as larger firms would

have better matches and faster rates of innovation.

1.3 Compensating Inventors and Investing in Research

To model the bargaining between the division and the inventor, I assume the in-
ventor and division can successfully bring the idea to market with probability 1,
or the inventor can exercise their outside option and successfully bring the idea to
market with probability x < 1. This captures the possibility that the inventor may
try to steal the idea. If the division offers the inventor a share x + € of the value of

the patent, the inventor will always give the patent to the firm and it will always

10This captures the distance between the inventor’s knowledge and the technical details of the
product line they are building on, similar to the “circle of knowledge" in Jones (2009).
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be brought to market. Hence, the firm always pays the inventor a share x of the
value of their innovation. I refer to x as the “bargaining weight" of the inventor. !

Divisions therefore anticipate that inventors will keep some share of the value
of innovation, which induces a hold-up problem for the division. The division

therefore chooses r to maximize the following:

max (1 — x)gr"CD — wr.
r

1.4 Matching to Inventors

I now explain how inventors are matched to divisions. To look for inventors, divi-
sions hire headhunters  from the mass of non-inventors, paying them a wage w.
Effective search effort is m(h) = h', and if # < 1 this implies diminishing returns
to search at the level of the division.!? Divisions can search regardless of whether
they are already matched or not, so they have the option to fire their current inven-
tor and replace them if they find a better match. Search is random, and matched
inventors are just as likely to be contacted as unmatched. Unmatched inventors
earn no flow payments.

The meeting technology is a Cobb-Douglas function of aggregate firm search
effort S and the total mass of matched and unmatched inventors vM, with a search
efficiency parameter a (effectively the TFP of the matching technology) and an
elasticity with respect to search effort 6.

H=a(S)? M),

I denote dFN(2) as the mass of unmatched divisions with relative productivity

1 This wage-setting protocol is similar a typical Nash bargaining setup with bargaining param-
eter x, with the key difference being that it breaks the link between compensation and the expected
duration of the match. This link is the major source of difficulty in using Nash with on-the-job
search (see Shimer (2006) for details). My approach still avoids the need to carry around compen-
sation as extra state, and as I will show later, it also helps avoid the need to solve for the inventors’
value functions altogether. This assumption can be relaxed, but only at great computational cost.

12 Assuming diminishing returns is analogous to introducing convex vacancy posting costs in
a standard search model. As Kaas and Kircher (2015) show, this is empirically relevant, and it
simplifies the model computationally. Also, without such an assumption, matched divisions would
never search. With a linear search technology, unmatched divisions would be exactly indifferent
between searching and not searching, and because matched divisions can set r to an arbitrarily
small value they are strictly better off than if they were unmatched.
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2, and I denote dFY (2, q) as the mass of matched divisions with relative productiv-
ity Z and match quality 4. Because innovation is unrelated to Z, so are the returns to
search. I denote m* and m*(q) as the optimal search effort of unmatched divisions
and matched divisions with match quality g, respectively. Hence, aggregate search
effort S is:

S = /m*dFN(i)—l—/ m*(q)dFV (2, q).
Z 2,9

Upon meeting, the division and inventor draw a permanent idiosyncratic
match quality g. They then decide whether to break any current match that they
have and match with each other. If both agree to the match — that is, if they are
both in each others” acceptance sets — the match retains its quality g throughout
its duration.

The assumptions that I have imposed on inventor compensation and matching
(no earnings when not matched, a fixed bargaining weight x, and equal meeting
rates for employed and unemployed) make the model far more tractable. Crucially,
they allow me to solve for the acceptance sets and the firms’ search policies without
solving for the inventors’ value functions. To show this, I begin with the following
helpful proposition:

PROPOSITION 1. Assume that inventors and divisions only observe their own cur-
rent and potential match quality g, and do not observe whether the other division
or inventor is already matched. If an inventor and division meet and draw poten-
tial match quality g then:

1. If both are unmatched, the meeting converts to a match.

2. If only one party is matched, the meeting converts to a match if and only
if the new match quality g is higher than the quality of the party’s current

match.
3. If both are matched, the meeting converts to a match if and only if the new

match quality g is greater than the quality of both party’s current matches.

First, recall that inventors earn no unemployment benefits if unmatched, and

that the search technology is equally good for matched or unmatched inventors
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and divisions. A matched division has the option to set r = 0 and search as in-
tensely as if it was unmatched, and it has the option to accept and reject the same
potential matches as if it was unmatched. Hence, being matched is at least weakly
better than being unmatched for a division. We can go further and show that this
dominance must be strict: if 0 < v < 1, then as r — 0 the division’s profits from
innovation (1 — x)qr"CD — wr become positive. Hence, a matched division can
do strictly better than an unmatched one by keeping the same search-and-match
policy but engaging in a small amount of research.

Because a matched division will always engage in a positive amount of re-
search, it will always pay out a positive amount in compensation to the inventor in
expectation. A matched inventor can do strictly better than an unmatched one by
accepting and rejecting the same future offers but taking the division’s compensa-
tion in the meantime. Therefore, both divisions and inventors strictly prefer being
matched to being unmatched.

Because both the argmax and maximum of (1 — x)qr"CD — wr are increasing
in g, divisions and inventors both strictly prefer high g to low g. Hence, they will
leave a lower-q match if and only if a higher-g match is available.

Recall that the only decision inventors need to make is whether to accept a
match or not. Hence, characterizing the acceptance sets of both the firms and
inventors using Proposition 1 allows me to solve and estimate the model with-
out solving for inventor value functions. With this proposition in hand I can now
characterize the solution to the firm’s problem of choosing its search effort.

I next introduce some helpful notation. First, it will be useful to write out the
“contact rates”, or the number of meetings per unit of search effort and the number
of meetings per inventor, which I respectively denote Cs and C;:

c-2, ¢=1
S vM

I next introduce the notation () for the expected value of meeting a new in-
ventor. Recall that each division can only match to one inventor, so the improper
integral [; g 4F V(¢',q4")/(vM) is the share of inventors who are matched. Q) is as

follows for an unmatched division:
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For a matched division with states Z, g, this instead becomes:

%4 s g
0(g) = (1 -/ ‘“”M”> ( [ wea- v<2,q>>dw<q>>

Meeting Unmatched Inventor

5 o AdEV 2/’ /
+/ / (V(zag) - V(z,q))dm(q)#,
J2q g>max|q’,4] "

J/

Meeting Matched Inventor

For unmatched and matched divisions, respectively, the problems of choosing

effort are:

max m(h)QCs — wh.

max m(h)Q(q)Cs — wh.

Matches also break at an exogenous rate Jy,.

1.5 New Firm Creation

There is free entry into new firm creation: any of the M (1 — v) non-inventors can at
any time decide to try to start up a new firm, thereby converting their endowment
of time into a flow rate of new firms. The rate ¢ at which a worker can start up
tirms depends on the quality of the entry technology : and the degree of congestion
¢ > 0in entry: if a measure E of new firms are created, the productivity of the

entry technology is given by:

¢s = 1/ EY.
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Upon successfully entering, the entrepreneur'® draws a random product line
i and improves on the relative productivity Z(s;; of the leading producer of i to
2/t + A, as inventors do. The entrepreneur creates a new firm f’ with a single
unmatched division to produce i. I assume that the “creatively destroyed” division
[fi] exits and lays off their inventor.'* The representative household’s valuation of
the new startup is the net present value of its future profits.

Free entry implies that:

¢sCD = w.

The mass of workers e in entry must also be consistent with the level of entry E:
4)56 - E.

The aggregate rate of innovation per product line is equal to the rate of creative

destruction, summed across entrant and incumbent innovation. I denote it as A:
A= gt | pl)F ()
z,q

1.6 Hamilton-Jacobi-Bellman Equations

In what follows I consider a transformed version of the economy on a balanced
growth path: wages w and average productivity Z grow at a constant rate g, the
distribution of divisions across relative productivities Z and match qualities g is
constant, and policies are constant.

The value of an unmatched division is given by these five parts: flow profit
from its product, the possibility of creative destruction, the capital gains from drift-
ing down in “relative productivity”, the gains from meeting inventors (), and the

costs of generating those meetings.

13The entrepreneur is the model analogue to Steve Jobs; the inventor is the analogue to Steve
Wozniak.

4This simplification greatly increases the tractability of the model and can be microfounded if
I assume that the frontier division, armed with the knowledge of how to produce i, can copy any
innovation made by the laggard, reducing their expected profits from innovation to zero.
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The value of a matched division has six parts: flow profits, the risk that the
match breaks, the possibility of creative destruction, drifting down, innovation,
and the risk that their inventor will meet another division. The risk of an inventor
meeting a division with match quality g is increasing in m*(g), the equilibrium
search effort of such a division.

2 2 2 ) ay av(il )
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Flow Profit Match Break Creative Destruction DriftBown

+m(h)Q(q)Cs —wh+ (1 — x)qr"CD — wr

NV NV .
Search Innovation

[.m*dFN(2) + [, f" *(§)dFV (2,§)
S

+ [ ciNe - V) (7).
q

/>q

-~

Inventor Finds New Division

The last term deserves elaboration: inventors are contacted at rate C;, and
if they receive a match quality 4/ > ¢ they will be willing to leave. How-
ever, matched divisions will only be willing to take the worker on if their
own match quality is less than gq’. The set of firms that are willing to ac-
cept the worker, conditional on a sufficiently good match, comprise a share
( | m*dFN(2) + I f q §)dFV (2, q)) /S of overall search effort and thus of the
set of firms that contact the worker.

1.7 Equilibrium

A balanced growth path consists of values V, N, policies e, h,r,, wages w, distri-
butions F,FV,FN, and a growth rate g such that divisions maximize profits, work-
ers maximize their utilities, and policies are consistent with the distributions and

growth rate being constant over time.
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2 Empirical Analysis

In order to estimate my model, I target a series of novel moments about the mobil-
ity of inventors across firms and patenting conditional on such moves. My main
source of data is PatentsView, the US Patent Office’s digitized repository of all US
patent applications since 1976. A major value-added of PatentsView relative to
the raw patent data is their effort to disambiguate the names of inventors and the
individuals or organizations to whom the patents are assigned: the raw data only
includes alphanumeric names rather than a consistent identifier.'®

The key patent-level variables that I use are the inventor, the assignee (the firms
and individuals who were assigned ownership rights to the patent), and the filing
date of the patent (I use filing rather than grant dates as the former are presumably
closer to when the patent was created.)

I restrict my analysis to only include US-based inventors, and I only focus on
patents with at least one corporate assignee. I therefore do not need to be con-
cerned with whether non-US patents or “backyard” patents are comparable to US
corporate patents. Excluding “backyard” innovation also means that my dataset is
more comparable to my model, which does not have such innovations. My sample
ultimately includes 3.3 million unique patents, 1.4 million unique inventors, and
200,000 unique assignees.

2.1 Key Moments

In this section I introduce some of the moments that I use to discipline my model.
In particular, these moments help me discipline the parameters that govern the
dynamics of the market for inventors: the efficiency of matching «, the share of
the population that can be an inventor v, the rate of matches breaking é,,, the rate
at which inventors lose their creativity and become non-inventors J;, and the gap
between the best and worst matches g;,/4;.

Inventors in my sample have, on average, 5.66 patents across 1.6 assignees,
and their first and last patents are separated by an average of 5.7 years.'® This

is consistent with a move once every 3.5 inventor-years or so, indicating about as

P Details of their disambiguation methods can be found here.
161 an inventor patents once in 2014 and once in 2019, I record their "career length" as 5 years.
If a patent has multiple corporate assignees, I only count one.
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much mobility among inventors as among production workers.!”

As I do not have access to the actual dates of employment for each inventor,
I cannot directly measure job-to-job or employment-unemployment transitions. I
must instead use the dates when their patents were filed. In some cases I find that
inventors patent for firm A, then firm B, then A again in rapid succession. This
suggests that an inventor’s final patents at their old firm may be filed after their
first patents at their new firm. Therefore, I code an employee as having moved in
year t if the plurality of their patents were assigned to a different firm than the last
time when they had non-zero patents.!8

I compute two moments to help discipline the dynamics of the inventor labor
market. First, as a proxy for transitions into unemployment, I calculate the av-
erage number of years between an inventor’s first and last patent with the same
assignee.'” I find that this average time gap is around 1.8 years. Second, as a proxy
for job-to-job flows, I calculate the share of patents granted to inventors whose as-
signee (employer) at year f is different from their employer in the last year when
they had a nonzero number of patents. I find that this share is about 20 percent.
Analogously, 50 percent of patents in year t are awarded to inventors who had not
patented in t — 1, including inventors who had never patented at all. I summarize

these moments in Table 1.

2.2 Patenting and Mobility: A Matched Pairs Design

I follow Prato (2022) and discipline the effects of mobility on innovation using a
matched-pairs design, pairing inventors that move with similar inventors who do
not move. My units of observation are inventor-years where the inventor files for a
patent. My treatment observations are years in which an inventor moved and had
a patent, and my placebo observations are years in which inventors had a patent

but did not move.?’ I calculate “moves” in the same way as in the last section: I

17US Bureau of Labor Statistics (2022) finds that Baby Boomers had 2.1 jobs from ages 45 to 54,
and had many more job changes at younger ages.

18If an employee has one patent at Microsoft in 2012, then one patent at Apple in 2014, I code
them as having moved in 2014. If an employee has one patent for Apple in 2012, then one for Apple
and two for Google in 2014, I still code them as having moved in 2014 even if their patent at Apple
was filed later in 2014 than their two patents at Google.

191 “zero-index” this count in both the model and the data. So an inventor who only patents for
a firm in 2016 has a tenure of 0 years.

20T allow one inventor-year to act as a placebo for multiple treatments.
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Table 1: Key Moments

Description Value
Inventor career length (years) 5.7
Average patents per inventor 5.7
Average assignees per inventor 1.6
Average inventor-firm tenure (years) 1.8
Share of patents to new inventors 50

Share of patents to poached inventors 20

*Notes: “Inventor career length" is the average number of years between an inventor’s first and
last patent. “Average patents per inventor" is the average number of unique granted patents that
each inventor has, with coauthored patents treated the same as solo-authored patents. “Average
assignees per inventor" is the number of unique corporate assignees in the patents granted to the
inventors. “Average inventor-firm tenure" is the average number of years between the inventor’s
first and last patents at a given assignee. “Share of patents to new inventors" refers to the share of
patents at time t awarded to inventors who did not patent in t — 1. “Share of patents to poached
inventors" refers to the share of patents at time t awarded to inventors who had patented for a
different firm in the last year before t that I saw them in the data. See Section 2.1 for details.

code an inventor as having “moved” in year ¢ if the plurality of the patents they
filed in that year were assigned to a different firm than in the last year when they
had nonzero patents.

As in Prato (2022) I match treatment years to placebo years based on the cu-
mulative number of patents that both inventors had at t — 1, the inventors’ first
year with a patent, the current year, and the fact that both had non-zero patents in
year t. The last condition is important as it means that inventors patent in both the
treatment and placebo years—that is, | am comparing treatment years with at least
1 patent to placebo years with at least 1 patent. I am not comparing individuals
who move (and who, by definition, continue to patent) with individuals who stay
but may stop patenting. Aside from these matching conditions, my large sample
size gives me the opportunity to use stricter matching conditions than Prato (2022).
I therefore choose my placebos from the list of inventors that never change firms,
and I also match treatment to placebo based on their most recent employer before ¢
and on the exact number of patents that both filed in the year t — 1. Naturally, I also
choose both treatment and placebo from the set of inventors who patent in more
than one year. Ultimately, I am left with a sample of over 75,000 inventor-years
with a move matched to a placebo.

Like Prato (2022) and unlike Akcigit and Goldschlag (2023), my treatment and
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placebo consist of inventors who continue to patent after a move. This implies
that both individuals are still working as inventors, and is a more appropriate
comparison with which to discipline my model: estimates of the gap between a
good and bad match require comparisons between inventors whose careers are
still continuing, not individuals whose innovative streak may have already ended.

Because my placebos are chosen from the set of inventors who stay at the same
firm and keep patenting after t — 1, the original firm must continue to patent after
the treatment inventor leaves. This should exclude many instances when a “move”
across firms was in fact a merger or acquisition.

All of my specifications report differences between the treatment T and placebo
P, and all parameters are year indicators. I do not include ¢ — 1 in these specifica-
tions, as I match the treatment and placebo on their exact number of patents in that
period. My regressions take the form:

5
T _ P :

b re[5,§]u[o,5] prtlj =) e W

I use four different outcomes for Y. In my first and primary specification, Y]l is
the number of patents filed by i in relative year j. In my second specification, Y]’ is
instead the number of patents multiplied by their number of citations, divided by
their number of authors. I refer to this as their “weighted" patent count. Multiply-
ing by citations addresses the fact that not all patents are equally important, and
dividing by the number of authors addresses the fact that I assign all patents to a
single inventor and abstract from the role of teams. In my third and fourth specifi-
cations, I ask whether my results are driven by inventors moving to systematically
more-productive firms, rather than movement along a match quality “ladder” as
in my model. To do so, I take the same treatment-placebo pairs and replace their
own patent counts (both raw and weighted) with the average number of patents
per inventor at the firms that they worked at.?! I show the results of this analysis in
Table 2: mobility is associated with a large increase in the treated inventor’s own
patents but is not associated with an increase in the average patents of their firm.

That is, inventors seem to become more productive when they move, but do not

211f an inventor patents at Apple in 2014 and Microsoft in 2016, I replace their patents with the
average inventor-level patent count at Apple in 2014 and Microsoft in 2016, but keep them at 0 in
2015.

17



necessarily go to firms that systematically patent more. The same results hold for

their weighted count of patents.

Table 2: Coefficients

Raw Patents Weighted Firm Patents Firm Weighted

@ 2) ®3) 4

_5 0.004 0.408** -0.080*** -0.300%**
(0.005) (0.136) (0.002) (0.060)

_4 -0.003 0.338** -0.067*** -0.161**
(0.005) (0.118) (0.002) (0.052)

3 -0.020%** 0.289** -0.051*** -0.106**
(0.004) (0.102) (0.002) (0.040)

) -0.038*** 0.136 -0.026*** -0.088***
(0.003) (0.087) (0.001) (0.023)

Bo 0.127*** 3.361%** -0.157%** 1.407%**
(0.007) (0.189) (0.003) (0.092)

B1 0.243*** 2.656%** -0.271%** 0.361%**
(0.008) (0.128) (0.004) (0.076)

B2 0.265*** 2.572%** -0.254%** 0.488***
(0.008) (0.144) (0.004) (0.094)

B3 0.289*** 2.306*** -0.241%* 0.474%**
(0.008) (0.140) (0.004) (0.068)

Ba 0.303*** 2.405%** -0.241%** 0.494***
(0.008) (0.129) (0.004) (0.073)

Bs 0.306%** 2.198*** -0.242%** 0.451%**
(0.008) (0.108) (0.004) (0.063)

Estimator OLS OLS OLS OLS
N 604,647 604,647 604,647 604,647
R? 0.014 0.004 0.053 0.001

* Notes: This table reports the results of Equation 1 for four different outcome variables Y: the
inventors’ own raw patent count, the inventors’ count of “weighted" patents (i.e. multiplied by
their number of cites and divided by their number of authors), and the average of the same two
variables at the level of the firm. To calculate the firm-level variables, I replace the inventors’ own
patents or weighted with the average at the firm where they had most of their patents in that year.
If they did not patent in a given year, I use the last firm I saw them patenting at. §; is the coefficient
on an indicator variable taking value 1 in year j, where j is defined relative to the treatment year.
N refers to the number of observation-years, hence each treatment-placebo pair can appear up to
10 times (from j = —5 to j = —2, and then from j = 0 to j = 5). Because I match the treatment and
placebo on the exact number of patents in j = —1, I drop that year from this regression. I cluster
standard errors at the level of the treatment-placebo pair.

To help visualize and interpret the results more easily, I scale all coefficients and
standard errors by the mean of YJT for j € [-5,—1] and plot them in Figure 1. A
coefficient of 0.4 means that the difference in Y between the treatment and placebo

at time j was 40 percent of the treatment’s mean value of Y in the pre-treatment
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Figure 1: Difference in Outcomes, Treated vs Placebo

Notes: This figure illustrates the results of Equation 1 and Table 2. I again report the difference
between the treatment and placebo inventors along four outcome variables Y: own patents, own
patents-by-citations, and their firm-level counterparts. I scale the coefficients and standard errors
by the mean value of Y for the treated inventors in the pre-treatment period. Hence, a value of
0.5 can be read as “the difference in Y between the treatment and placebo was 50% of the baseline
value of Y for the treatment." See the notes for Table 2 for additional details.

Treated inventors patent more than placebos after they move, a pattern that is
robust to scaling up the raw count of patents by the number of forward citations
that they receive and then dividing by the number of coauthors. These patterns are
not driven by the inventors moving to firms that systematically have more patents
per inventor—if anything, the raw patent counts indicate that they move to firms
that tend to have fewer patents per inventor. There is modest evidence that they do
move to firms where inventors are slightly more productive per capita when we
look at the weighted counts, but those coefficients are very small.

I also find that my results are driven by an increase in patenting among treated
inventors, rather than a fall in patenting among the placebos. To show this, I calcu-
late the ratio of patents in the pre-treatment period to patents in the post-treatment

period for the placebo and treatment and demonstrate that both are well above 1:
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Mean Patents of Treatment, t >= 0

~ 173
Mean Patents of Treatment, t < 0

Mean Patents of Placebo, t >=0
Mean Patents of Placebo, t < 0

~ 1.18.

To summarize these results in a single number (which I replicate with simulated
data and target as a moment), I calculate the average change in the percentage

difference in patents between the treatment and placebo in Equation 2:

Mean Patents of Treatment, t >= 0 Mean Patents of Treatment, t < 0

Mean Patents of Placebo, t >= 0 "~ Mean Patents of Placebo, t < 0. @)

I find that this number is around 0.44—that is, the average treatment inventor
has the same number of patents as the average placebo inventor in the five years
before the move, but has 44 percent more patents in the six years during and after

the move.

3 Quantitative Exercise

I now explain how I map the model to data, with the goal of quantifying the losses
caused by search frictions in the market for inventors and asking how or whether

policy can recover those losses.

3.1 Calibration

I need to calibrate the elasticity of substitution across varieties o, the rate of dis-
counting p, the innovation curvature parameter <y, the inventor bargaining weight
X, the firm entry congestion curvature ¢, the elasticity of the meeting function 6,
the parameters of the match quality distribution, the share of the population v that
can be an inventor, the exogenous match break rate J,,, the efficiency of the search
technology «, the step size A, the efficiency ¢ of the firm entry technology, and the
measure of workers M. I split these into externally and internally calibrated pa-

rameters and describe each in turn.
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3.1.1 Externally-Calibrated Parameters

I set the elasticity of substitution ¢ and discounting p to standard values of 0.05 and
4 as in (for example) Peters (2020). I set v = 0.5, a standard value on the response
of innovation to research effort—see Section II.C of Acemoglu et al. (2018). My
model includes both the research good 7, which can be adjusted frictionlessly, and
matches with inventors, which take time to adjust. Blundell, Griffith, and Wind-
meijer (2002), a key source of the consensus value reported in Acemoglu et al.
(2018), uses a dataset with R&D expenditures over a relatively short timespan be-
tween 1972 and 1979. Hence, I interpret these estimates as capturing the short run
response of r before matches adjust.? I set the elasticity of the meeting technology
6 to a standard value of 0.5, as in Fujita and Moscarini (2017) or Gavazza, Mon-
gey, and Violante (2018). I follow Peters and Zilibotti (2021) in imposing a small
degree of congestion (¢ = 0.1) in the entry technology for firms. As in that paper,
this is purely for computational convenience.?® For the curvature of the match cost
technology 7, I follow Kaas and Kircher (2015) and set it to 0.5.

3.1.2 Internally-Calibrated Parameters

I match the remaining parameters by replicating key moments in both the data
and the model. For a subset of moments, I calculate analogues using the steady
state and do not simulate. For the remainder of these moments, I simulate a panel
of 30,000 inventors over 40 years and calculate the same moments in the data as
in the model. I estimate all parameters jointly but give a heuristic explanation of
which moments map to which parameters in this section.

For the initial draw of match quality, I assume a uniform distribution with sup-
port [q;, q1,]. 1 target q;,/q;, the ratio of productivities of the most and least produc-
tive matches, so that the model can reproduce the 40 percent increase in patenting
that I find with my matched-pairs design. I calculate the same moment reported
in Equation 2 in the simulated data as in the real data. As in the data, I code an in-
ventor as having moved in year ¢ if the plurality of their patents in t were assigned

to a different firm than in the last year when they had a patent.

221 study the long run effects of R&D subsidies in general and partial equilibrium, after firms
have had time to adjust their search effort, in Section 4.3.
23This ensures that the amount of labor demanded for entry will never have a corner solution.
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I scale the level of three parameters (the highest and lowest match qualities (g,
and g;) and the entrant productivity ¢) to ensure that GDP growth is 2 percent, and
target the ratios of these three parameters with additional moments.

I use the level of the new-firm creation parameter ¢ (or, more precisely, the ratio
between ¢ and ¢;) to target the share of employment in firms less than one year
old, which was roughly 1.4 percent in 2018 according to Hong and Werner (2020).
Because an entrant firm consists of a single division and operates a single product
line at first, I approximate this moment without simulation by multiplying the
mass of entrants by the average employment in a newly-created division.

I set A to target an exit rate of “new" (less than 1 year old) firms of 14 per-
cent, a value I take from Peters and Walsh (2022). Growth in this model is equal
to AA/ (0 — 1), and the exit rate of entrant firms (which start with a single prod-
uct) is approximately A. In order to reconcile 2 percent growth, an elasticity of
substitution of 4, and a creative destruction rate of 14 percent, A must be 3/7.

To calibrate v, the exogenous share of workers who are capable of being an
inventor, I target the share of workers who patent in a given year. In the data, I
divide the number of individuals with a patent in each of the years from 1976 to
2022 by the size labor force in that year and take the average of that value. On
average, fourteen in every ten thousand workers have a patent each year.

I calibrate the match break rate J,, to match the 1.8 years separating an in-
ventor’s first and last patent within the same firm.>* To discipline the rate J; at
which inventors lose their creativity and become non-inventors, I target the aver-
age length of time between an inventor’s first and last patent.

I use a, the efficiency of the meeting technology, to target the 20 percent of
patents in year t that were awarded to inventors who move to a new firm in .2
This is a rough proxy for the number of new matches in the economy and is there-
fore informative about the rate at which meetings happen.

To discipline the bargaining weight x, I use evidence collected in Koh,
Santaeulalia-Llopis, and Zheng (2020) that labor comprises roughly 60 percent of
the cost of investment in intellectual property. The closest analogue to these labor

24 An inventor who only patents in a single year counts as 0 towards this mean. This is true for
both the moment I calculate in the data and in the model.

2] use the same approach as in the matched-pairs design: I count an employee as having moved
if the plurality of their patents in year t were awarded to a different firm than the last year when
they had a patent, and I do this in both in the real and simulated data.
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costs in the model are inventor salaries, as I interpret r as labor used to produce
physical inputs for research. I therefore calculate the ratio of inventor pay to in-
ventor pay plus the cost of r and target a value of 0.6.

I have normalized the measure of product lines to 1, but I cannot similarly nor-
malize the measure of workers M. Growth in this economy roughly depends on
the number of inventors per product line times the average number of innovative
steps per inventor. M scales the first of these two numbers so that the model can
rationalize the second while still producing 2 percent GDP growth.

3.1.3 Other Parameters

I add two additional “parameters” for the full quantitative implementation.

First, not every innovation is recorded as a patent, and my estimates will be bi-
ased if I map innovations directly onto patents. Arundel and Kabla (1998) find that
35 percent of innovations are recorded as patents in their sample of large European
industrial firms, which I use as a benchmark. I therefore set x = 0.35 as the share of
ideas that are patentable, and only record a random 35 percent of innovative steps
as patents in my simulated data.

Second, I add an R&D subsidy, which I model as a fixed percentage subsidy s,
for all expenditures on r workers and compensation to inventors. The problem of

a matched division choosing r becomes:

max(1— x(1—s,))gr"CD — wr(1 —s;).

The government finances these subsidies in the model with taxes on the labor
income of non-inventors. As non-inventors supply their labor inelastically, such
taxes are non-distortionary, and I do not need to loop over taxes to balance the
budget.

I treat s, the effective R&D subsidy, as a parameter to be estimated. Tyson and
Linden (2012) report that in 2008, the R&D tax credit cost 11 billion dollars, and
direct government support for corporate research cost another 26 billion. With US
GDP at about 15 trillion that year — see US Bureau of Economic Analysis (2022)
— I target a 0.0025 GDP share of corporate research subsidies.
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3.2 Results

In Table 3 I present the results of the estimation. The model performs well on all
targets, even though it has too few degrees of freedom to match all moments per-
fectly. Crucially, it does a good job of matching the increase in patenting that a
“treated" inventor experiences upon a move. It attributes this to a spike in patent-
ing for the mover rather than a decline in patenting for the stayer, which is also
consistent with the data. The model finds that patents are worth about 7 times the
wage of a non-inventor worker, which implies a value notably lower than the me-
dian in Kogan, Papanikolaou, Seru, and Stoffman (2017). However, Kogan et al.
(2017) themselves admit that their patent valuations are likely skewed upwards
due to functional form assumptions.

In the model, 15.5 percent of GDP is paid out as investments in innovation
(compensation to r or to inventors). Atkeson and Burstein (2019) report a wide
range of reasonable estimates for the right GDP share of such investments, from
the 3 percent of value added in research and development on the low end to the es-
timated 13 percent of non-farm output in the broader measure of Corrado, Hulten,
and Sichel (2009), with their preferred value of 6 percent of value added splitting
the difference. The model’s inferred value of investments in innovation is towards
the upper range of plausible estimates, but is not unreasonable. As there is sig-
nificant uncertainty about the true share of output that acts as an investment in
innovation, I leave this as an untargeted moment. I report other properties of the
equilibrium in Appendix C.

In Figures 2 and 3, I plot the results of running the regression specified in Equa-
tion 1 on real and model-generated data, respectively. The overall patterns are
quite similar even though I target the moment detailed Equation 2 rather than the
coefficients coming from 1. Note that, in both the model and the data, I condition
on having at least 1 patent in the treatment year, but in the data authors often file
multiple patents at the same time whereas this is not the case in the model. Hence,
the difference in patents in the first year in the model is almost exactly zero by

construction.
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Table 3: Calibration

Description Value Target Data  Model

q;  Lowest match quality 14  GDP growth 2% 2%

gn ~Highest match quality 1.73  Patenting change after move 44% 36%
Average assignees per inventor 1.6 19

A Step size 0.43  Entrant exit 14% 14%

v Inventor share 0.002 Share of workers with a patent 0.14% 0.14%

0 Exog. match break 1.1  Average inventor-firm “tenure" (years) 1.85 1.78

6; Inventor exit 0.12 Inventor “career” lengths (years) 5.7 55
Average patents per inventor 57 5.6

«  Search efficiency 9.4  Share of patents to “poached" inventors 0.2 0.22
Share of patents to “new" inventors 0.5 0.52

X Inventor bargaining weight 0.54 Inventor pay/research costs 0.6 0.63

t  Firm creation efficiency 0.03 Employment share of startups 14%  1.4%

M Measure of workers 8.17  Average patents per year 1.0 1.0

s, Research subsidies 0.018 Subsidies/GDP 0.0025 0.0026

p  Discounting 0.05 Standard, i.e. Peters (2020)

o Elasticity of substitution 4 Standard, i.e. Peters (2020)

v  Innovation cost curvature 0.5 Standard, i.e. Acemoglu et al. (2018)

«  Meeting elasticity 0.5  Standard, i.e. Fujita and Moscarini (2017)

1 Search cost curvature 0.5 Kaas and Kircher (2015)

x  Patentable share of ideas 0.35 Arundel and Kabla (1998)

1  Entry congestion 0.1  Set externally—see Peters and Zilibotti (2021)

*Notes: This table reports the parameters for the calibrated model and compares model-
generated moments with the data. All parameters affect all moments, but I list the parameters
next to the moments which they most strongly affect. I take growth from the BLS, the rate at which
new firms exit from Peters and Walsh (2022), the labor share of research costs from Koh et al. (2020),
the entrant share of employment from Hong and Werner (2020), the share of GDP going to R&D
subsidies from Tyson and Linden (2012) and US Bureau of Economic Analysis (2022). I calculate
the rest of the internally-targeted moments from PatentsView.

3.2.1 The Allocation of Inventors

64 percent of potential inventors are matched in equilibrium. This surprisingly
low number is an artefact of my choice not to let them take other jobs when not

working as an inventor.?® Recall that the minimum value of g is around 1.5 and the

26Without this assumption, it is possible that certain values of ¢ would be unacceptably low
for an unmatched inventor. This would make it challenging to separately identify & and the low-
est value that g could take. As potential inventors account for a tiny share of all workers, this is
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Figure 2: Change in Patenting: Data ~ Figure 3: Change in Patenting: Model
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Notes: Figures 2 and 3 report the results of running the regression specified in Equation 1 on real and model-generated
data, respectively. I scale the coefficients and standard errors by the mean value of Y for the treated inventors in the pre-
treatment period. Hence, a value of 0.5 can be read as “the difference in Y between the treatment and placebo was 50% of
the baseline value of Y for the treatment.” See the notes for Table 2 for additional details.

maximum is around 1.7. The average match quality conditional on being matched
is 1.6, indicating that inventors are well-matched in general. In Figure 4, I display
the distribution of matched inventors across the match quality distribution. When
an inventor and firm meet, they draw their match quality from a uniform distribu-
tion. Because there is both on-the-job and replacement search, inventors and firms
climb the “match quality ladder" and replace worse matches with better ones. In
Figure 5, I show how the rate of innovation ¢ varies with match quality g. Because
tirms supply inventors with the research good r, and because the optimal value of
r increases with match quality g, the rate of innovation ¢ grows faster than 4. Still,
the best possible match only innovates about 55 percent more than the worst.

4 Counterfactuals

In the next sections I study the costs of the misallocation of inventors, and ask
whether policy can recover some of these costs.

4.1 The Cost of Search Frictions

In order to establish a benchmark or upper bound for the cost of the misallocation
of inventors, I begin by increasing the efficiency of the search technology « until
the average match quality g of a matched inventor gets close to the highest possible

quantitatively unimportant.
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Figure 4: Distribution of Matched Inventors Across Match Qualities

Notes: This figure plots the share of matched inventors in each level of match quality. I discretize
the model with 10 points on the match quality grid. Inventors and firms draw a match quality g
when they meet, but because both inventors and firms look for better matches, they climb up the
match quality ladder. Hence, almost a quarter of inventors have the best possible match quality,
while less than 5 percent have the worst.

value and until almost all inventors are matched. This should not be interpreted
as a policy counterfactual but as an upper bound for what policy can possibly do.
I find that growth increases from 2.0 to 2.6 percent as search frictions disappear,
an enormous gain with significant consequences for welfare. In Figure 6, I plot
the growth rate, share of matched inventors, average match quality conditional
on being matched, share of labor allocated to producing the research good r, and
consumption equivalent welfare (all normalized to 1 in the baseline economy) as «
increases and search frictions disappear. The dashed horizontal lines indicate the
upper bounds of match quality and the matched share of inventors.

The share of labor allocated to producing the research good r does not scale up
as quickly as the share of inventors who are matched. This is because a greater rate
of innovation also means a greater rate of creative destruction, which lowers the

returns to innovative effort and lowers the research intensity for a given inventor-
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Figure 5: Match Quality and the Rate of Innovation

Notes: This figure plots the match quality g and rate of innovation ¢ for different match quali-
ties. I rank match qualities from 1 to 10 on the horizontal axis, and plot their corresponding g and ¢
on the vertical axis after rescaling by the lowest value of both of those quantities. The rate of inno-
vation scales up with both g and the quantity of the research good r that firms provide inventors,
which itself is increasing in q. Hence, ¢ grows faster than g.

firm pair.

Even though reducing search frictions in the market for inventors would sig-
nificantly enhance growth, it does not follow that the economy under-invests in
inventor search / at the current value of «, or that there is a useful role for policy.
The economy faces a simple dynamic tradeoff: On the one hand, a unit of labor
that is allocated to the meeting technology increases the rate at which firms match
with inventors, which will increase the average match quality g and therefore the
growth rate of technology and consumption. Because of the quality-ladder struc-
ture of innovation, firms do not fully internalize the benefits of making a good
match and innovating more quickly: some of the benefit goes to the rival firms
that will creatively destroy their product lines. On the other hand, the labor used
in the meeting technology cannot be allocated to producing the final good, so there
is less consumption holding fixed the level of technology. Because there is conges-
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Figure 6: The Impact of Improving Match Efficiency

Notes: This figure plots the growth rate, share of matched inventors, average match quality con-
ditional on being matched, share of labor allocated to producing the research good r, and consump-
tion equivalent welfare as «, the efficiency of the meeting technology, increases. To plot variables
on the same scale and to make interpretation easier, I normalize all quantities so that they are equal
to 1.0 at the baseline calibration. Hence, a value of 1.01 corresponds to a 1 percent increase. The
horizontal axis is the efficiency of the meeting technology, also normalized so that the baseline is
equal to 1. The dashed horizontal lines indicate the upper bound of match quality and the matched
share, and they have the same colors as the variables they map onto.

tion in the market for inventors, the resources expended in search may even be too
high. In order to understand whether knowledge or congestion spillovers domi-
nate, I introduce a “wedge" T into the firm’s decision problem for search effort and
re-solve for the new distorted equilibrium. A positive wedge T > 0 induces firms
to spend more than is privately optimal, and a negative wedge 7 < 0 induces them
to spend less. These wedges leave the efficiency of search unchanged. The firms

now maximize the following distorted problem:

m}?xm(h)QHs — wh(1 — 7).

In Figure 7, I plot the rate of growth, consumption-equivalent change in wel-
fare, share of matched inventors, and match quality conditional on being matched
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as I increase and decrease the share of labor allocated to search for inventors. I
tind that increasing search effort would be welfare-improving, because the pos-
itive knowledge spillovers from more innovation through better-matched inven-
tors dominate the negative spillovers from congestion.”’” 1 find that welfare is
monotone-increasing for values of T quite close to 1. This is in part because my
calibrated search costs are extremely low and the share of the workforce allocated
to search is tiny, so even increasing the number of workers devoted to search many

times over only reallocates a small share of the overall workforce.

4.2 Can Policy Recover These Losses?

This model has two margins of investment: firms can invest in their “match cap-
ital” by increasing h, and they can invest in their “idea capital” by increasing r. I
summarize the various subsidies to the latter form of investment as s,, a stand-in
for the R&D tax credits and other research subsidies. One might hope that R&D
subsidies could bring the economy fairly close to the optimum by themselves: sub-
sidizing r and inventors’ salaries increases the returns to search effort, and can in
principle indirectly raise the average match quality to the point where there would
be minimal gains from any further improvements.

In practice, I find that the indirect effects of R&D on the allocative efficiency of
inventors are largely canceled out by their indirect effect on creative destruction.
This intuition points to a novel reason why the benefits of R&D subsidies may
not scale up: the additional creative destruction coming from more innovation
by rival firms destroys “match capital” and lowers the innovative potential of the
economy. In contrast to standard Schumpeterian growth models, such capital is
costly to build up and is lost to the economy when a division becomes obsolete.

In Figure 8, I plot the share of matched inventors and the average match quality
of inventors conditional on being matched at all for R&D subsidies going all the
way to 30 percent of GDP. Growth increases due to the large increase in » but match
quality and the share of matched inventors stay basically flat. The share of matched

27 As an aside, I find that actually implementing these wedges as subsidies, even for values of
T close to 1.0, costs the government far less than traditional R&D subsidies for a given increase in
growth. This connects my paper to a long tradition in the search literature of considering whether
there is “too much" or “too little" vacancy posting, dating back to the seminal contribution of Hosios
(1990). I leave it to future work to figure out whether or how such subsidies could be implemented.
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Figure 7: The Impact of Changing Search Effort

Notes: This figure plots the growth rate, share of matched inventors, average match quality
conditional on being matched, share of labor allocated to producing the research good r, and con-
sumption equivalent welfare under different values of the distortion 7. Firms decide on their search
effort “as if" the price of search was (1 — T)w rather than w, meaning that positive values of T
cause firms to increase their search effort. The efficiency of search « is the same—this exercise asks
whether, at the current level of search efficiency, firms invest too much or too little in search. To
plot variables on the same scale and to make interpretation easier, I normalize all quantities so that
they are equal to 1.0 at the baseline calibration.

inventors peaks no more than 3 percent higher than the baseline, whereas the aver-
age match quality conditional on a match only rises by a fraction of a percent. The
positive incentive effects win out for any reasonable level of R&D subsidies, but
the effects are small. Hence, R&D subsidies do not recover the losses from search

frictions in the market for inventors and leave growth on the table.

4.3 Partial and General Equilibrium Effects of R&D subsidies

Finally, I use the model to shed light on the differences between the general and
partial equilibrium effects of R&D subsidies. As in all Schumpeterian growth mod-

els, an increase in aggregate innovation increases the rate of creative destruction A,
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Figure 8: The Impact of R&D Subsidies s, on Match Quality and the Share of
Matched Inventors

Notes: This figure plots the share of inventors who are matched and their average match quality
conditional on being matched as R&D subsidies increase. To plot both variables on the same scale
and to make interpretation easier, I normalize both quantities so that they are equal to 1.0 at the
baseline calibration. Hence, a value of 1.01 corresponds to a 1 percent increase. The horizontal axis
is the R&D subsidy as a share of GDP, so a value of 0.3 means that 30 percent of GDP is allocated
to R&D subsidies.

which lowers the returns to innovation. Because this force is only present in gen-
eral equilibrium, it will not be detected in case studies or quasi-experiments affect-
ing a small share of firms. In my model, creative destruction also destroys match
capital (the "Blackberry effect"), meaning that it not only worsens the returns to
innovation but actually destroys some of the economy’s innovative capacity. This
side-effect of creative destruction is new to the literature.

I conduct two experiments to show how the general and partial equilibrium
effects of R&D subsidies differ. First, I remove R&D subsidies altogether by setting
T, = 0 and re-solving for the new balanced growth path. This captures the long
run general equilibrium effects of R&D subsidies as a whole. Second, I remove
R&D subsidies for a small number of entrant firms and all their future innovations

but leave the growth rate and distribution of product lines across z and g fixed.
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28 For the sake of simplicity, I assume that workers observe g but not whether the
tirm has access to subsidies, which keeps workers” policies the same: they move
if and only if they meet a division that can offer them a strictly higher 4.2 I then
re-solve for the values (V and N) and policies (h and r) of these product lines. I
then find the long-run distribution of affected product lines across match qualities.
As this is more involved, I leave that discussion to Appendix A.7.

In Table 4, I report the share of matched product lines, average match quality
conditional on being matched, average product line-level search effort, average re-
search good expenditures, average research good expenditures per matched prod-
uct line, and average innovation rates ¢ for both experiments. I report all values
relative to their average in the baseline economy. In general equilibrium, the im-
pact of taking away R&D subsidies is small.>’ In partial equilibrium, however,
taking away these subsidies lowers search effort and investment in the research
good, lowering innovation for affected product lines by almost 20 percent in the
long run. The effects of creative destruction operating through the classical incen-
tive channel (captured in the rate of investment in r conditional on being matched)
and the novel “Blackberry effect” (captured in the share of matched divisions) each
account for about half of the decline of innovation.*!

It is interesting to compare these results to Rao (2016), who finds that research
effort responds to tax incentives with a lag, and that the long-run effects of R&D
subsidies are larger than the short-run effects. My model can help rationalize these
lags by introducing frictional search for inventors, but also shows that the long-run
partial equilibrium effects of R&D subsidies may be much greater than their long-

28Both of these are long-term exercises and give firms enough time to adjust their search effort
and settle into a new stationary distribution across match qualities 4. Note the contrast with the
calibration of -y in Section 3.1.1.

2Because I solve the model on a discrete grid, and because I implicitly assume a small moving
cost to break ties in ¢, this has modest consequences for relatively small counterfactuals such as
removing the R&D subsidy. It does mean that my results, as striking as they are, understate the
long-run partial equilibrium impact of R&D subsidies.

%Growth declines from 2.0 to 1.96 percent. Innovation by entrants, which is not captured in
Table 4, increases in response to the lower A and partly counteracts the decline in innovation by
incumbents.

31This understates the degree to which introducing this new channel should shift our priors
about the effects of R&D subsidies for two reasons. First part of the incentive effects come from
forward-looking divisions anticipating that they will be less likely to match—hence, even the tra-
ditional channel through which creative destruction affects innovation will be understated in tra-
ditional growth models. Second, this comparison is at the product line level, but firms without an
R&D subsidy will end up with many fewer product lines in partial equilibrium.
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Table 4: General vs Partial Equilibrium Effects

Value General Equilibrium Partial Equilibrium
Matched share ~1.0 0.88
Average ¢ ~1.0 ~1.0
Average h ~1.0 0.76
Average r 0.94 0.76
Average r|Matched 0.95 0.86
Average ¢ 0.97 0.82

*Notes: This table compares the long-run general and partial equilibrium effects of R&D subsi-
dies. I normalize all values based on their equivalent in the baseline calibration, so a value of 0.95
indicates a 5 percent decrease relative to the baseline. "Matched share" is the share of product lines
matched to an inventor. "Average 4" is the average match quality conditional on being matched,
"Average h" is the average search effort (number of headhunters hired) per product line, "Average
r" is the average amount of the research good purchased per product line, "Average r|Matched" is
the average amount of the research good purchased per matched product line, and "Average ¢" is
the average rate of innovation per product line. All values are unconditional on being matched
unless specified. I report all values to two decimal places only. See Section 4.3 for details, and
Appendix A.7 for a more detailed explanation of how I calculate the distribution of product lines
across match qualities in the partial equilibrium exercise.

run general equilibrium effects.

5 Conclusion

In this paper I study a key step in the process of innovation: the allocation of inven-
tors to firms. I find that inventor mobility across firms is associated with a large
increase in the rate of innovation, and that such moves are quite frequent. Intu-
itively, the fact that mobility is associated with such large gains suggests that the
quality of the match between an inventor and a firm is an important determinant
of the rate of innovation, and the fact that inventors move so often suggests that
the market for inventors is frictional and that inventors do not necessarily find the
right match for their talents right away. I formalize these intuitions with a novel
Schumpeterian growth model that features frictional search for inventors and a
crucial role for the quality of the match between the inventor and the firm. I dis-
cipline this model with new moments from inventor-firm patent data, and I use
the model to shed light on the role that the market for inventors plays in economy-
wide growth. I then show that search frictions in the market for inventors are a
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significant drain on growth, and that conventional innovation policies do not re-
cover this lost growth. This paper opens up the black box of research spending
and takes the market for inventors seriously, and shows that doing so helps open

up new avenues for research into growth and innovation policy.
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ONLINE APPENDIX

A Appendix: Solving the Model

I use a discretized version of the model, hence why I write sums rather than inte-

grals in this section.

A.1 Pseudocode

e Step 0: Initialize the model with a guess for distributions F, FV, FN; general
equilibrium objects 7, g, A, w; values V,N; and policies r,h,e as described

below.

— Re-scale the Z grid so Z = 1.

- Guess that min[vM - 0.5,0.5] inventors are matched, i.e. that either half
of inventors or half of all divisions are matched (this ensures that, no
matter what I put for M and v, I will not guess that more than a mea-
sure 1 of inventors or divisions are matched). Guess that matched divi-
sions are uniformly distributed across the Z, q grid, and that unmatched

divisions are uniformly distributed across the Z grid.

— A reasonable first guess for V and N, conditional on the guess for the
number of workers in production L?, would be the present discounted
value profits accruing to a division with productivity £ assuming no in-
novation, drift from growth, or creative destruction. I increase these
values by 10% for V to take into account that matched division have the
option to innovate, and I increase them by a further multiplicative fac-
tor equal to 0.1 - q/g; for each value of g to take into account the greater

value of a division with a good match.

— Guess that 10 percent of non-inventor workers will work in producing

the research good (this is r).

— Guess that 5 percent of non-inventor workers will work in entry (this is

e).
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— Guess that 0.1 percent of non-inventor workers will work in search (this

is h), and that search effort is uniform for all divisions.

* Step 1: Holding fixed the distributions, update policies, values, and GE ob-

jects.

— Step 1la: Holding fixed policies r, h, e and values V, N, solve for the GE

terms A, w, 71, g.

— Step 1b: Re-scale every element of the g grid and : by a common term x
until g is 2%%2, unless performing a counterfactual. Check if the growth
rate had converged; i.e. check if it had already been 2% before rescaling.

- Step 1c: Holding fixed values and GE terms, solve for policies 7, I, e.

+ If divisions demand R > 0.6M(1 — v) units of labor as an input into
research, scale down their demands by a factor 0.6 M (1 —v)/R such
that no more than 60% of the non-inventor labor force is used for

research.

— Step 1d: Holding fixed policies and GE terms, update values V and N
using an implicit step, and check if they have converged.

— Step le: Repeat 1a-1d until values and the growth rate converge, or until

the maximum number of inner-loop iterations is reached.
¢ Step 2: Update the distributions using the policies recovered in Step 1.

- 1), F V(2,q) > Muv, i.e. there are more matched divisions than inven-
tors, scale down the mass of matched divisions until only 90% of inven-
tors are matched, and scale up the mass of unmatched divisions until

the overall mass is again 1.0.

e Step 3: Repeat 1 and 2 until values, distributions, and the growth rate con-

verge, or until the maximum number of outer-loop iterations is reached.

321 follow Engbom (2020) in holding fixed the growth rate and scaling the parameters to ensure
that this growth rate is attained. I find, as he did, that the solution algorithm is more stable if I let
the parameters vary but keep the growth rate fixed than vice versa.
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A.2 Solving for GE objects

To calculate the rate of creative destruction A, I sum up innovative activity among
matched divisions and entrants.

A=ei/EY +/ ¢(q)dFY (2,9)
24

This allows me to get the growth rate g, whichis AA/ (0 —1).

Note that both A and g can be scaled if we multiply : and every value of ¢
by a multiplicative x = 0.02/g. Doing so would rescale innovation such that the
growth rate would be 2 percent if policies were held fixed.

Wages and flow profits are as usual in CES models of monopolistic competition:

w=Y/(ul)

A.3 Updating Policies

Solving for entry e is straightforward conditional on knowing the value of creative
destruction CD =} N(A2)F(2). Recall the three key equations for this problem:

¢s = 1/EY
$sCD =w
¢se = E

Combining the first and second equation immediately yield:

. (LCD)i
w

Combining this with the first and third yields:
1 ( 1C D) 5t
e=—|—
L\ w
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Now I turn to the problem of the matched division choosing r. Conditional on

CD, w, and T;, the division’s effort level r can be solved in closed-form:

max(1 — (1 —17)x)qr"CD — (1 — 7 )wr

r

. ((’Y(l —(1- Tr)X)qCD)> =
(1 - Tr)w

Finally, I calculate the number of workers hired as headhunters. Conditional on

the value of meeting () and on the contact rate per “unit of matching” C;, search

effort can be solved as follows for unmatched and matched firms, respectively:

nh11QC = w(1 —sp,)
I w(l—sp) 1
N nQCs
1h(9)"7 10 (g)Cs = w(1 —sp,)

o - ()"

With r, h, e solved, labor used in production / is M(1 — v) minus labor used for

all three other functions.

A4 Updating Values

I use a discretized version of the HJB equations, with Z and g on grids. I approx-
imate the derivative of V and N with respect to Z using a standard upwinding
approach:

V()  V(2:) = V(2:i1)

~Y

n
92 2 — 201

I stack V and N into a single vector S and construct an intensity matrix across
states A that summarizes all the flows across these states. This matrix takes policies

as given and incorporates the costs of taxation and wages incurred when a division
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or inventor moves across states. I denote S as the stacked vector of values and f as

the flow utility coming from profits, research costs, and effort.

Stte =St +€(f + ASt — (0 — §)St+e)

This can be rewritten as:

1 1
|:<E+p—g>I—A:| St+€:ESt—|—f

T

Finally we get the updated vector of values:

1
Stye=T"" (Est + f)

I set a large value for €, check for convergence, and then update the value of S
by taking a convex combination of S;. and S;.

A.5 Updating Discretized Kolmogorov Forward Equations

It is sufficient to characterize the distribution of divisions across states (Z,9)—
knowing this distribution automatically pins down the distribution of workers.
Denoting G as the stacked vector of distributions across states and K as the transi-
tion matrix across states, we get:

Gt_|.€ = Gt — €K’Gt

It is possible to solve for the stationary distribution directly by iterating on this
equation repeatedly or by looking for the solution to:

K'G=0

I find the following approach works well: first, scale every element of K’ by
some factor s such that the sum of absolute values in each row is much less than
1.0 (recall that only the diagonal elements of K’ are negative). Next, add I to K'.
Then look for the solution to:

(I+sK'YG=G
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(I 4+ sK’) is a stochastic matrix where all elements are positive and the rows
sum to 1, and I can find G using off-the-shelf routines for finding the stationary
distribution of a stochastic process.

The matrix K used to update the distribution is different from the one used to
update the values (A). First, a creatively destroyed division does not derive value
from the new division created to replace it, but the “destroying” division does. I
do not keep track of the “destroying” distribution in A, but I do in K. Second, K
does not incorporate taxes.

Notice one slightly unusual thing about K: the elements of the distribution
actually show up directly in the matching probabilities. To solve for G, I hold
K fixed and update till G converges, then I recalculate K and re-solve for G. I

effectively iterate on solving for K and G until both converge.

A.6 Extreme Values of Z

I solve the model on a discretized grid of Z, which does not have a natural upper or
lower bound. In this section, I describe a few adjustments that I make to the model
to deal with this discretization.

First, at the lowest point of the £ grid, I set the terms dV (2, q) /02 and ON(2) /92
to 0.

Second, I modify the value of creative destruction CD. If a division or un-
matched inventor creatively destroys a rival division with Z > Znax, the highest
value of Z on the grid, they spin off a new unmatched division with productivity

€ — 0 greater than the rival, not A greater. Hence, the value of CD becomes:

CD =) N(min[Zmax, A + 2])F(2)

Finally, when updating g, I setA to 0 for the highest value of the grid.

A.7 Partial Equilibrium Exercise: Solving for the Distribution

I define m, as the share of affected divisions in the counterfactual at match quality
q, where q = 0 denotes an unmatched division. I define x, as the flow rate at which
an inventor will be poached away from a division with match quality q. I define

Pab as the flow rate at which a division at match quality 2 will meet an inventor,
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draw match quality b, and successfully match. The term e, is the rate of entry of
new affected product lines as a share of the total.

The fraction of affected divisions that are unmatched must be such that inflows
balance outflows. Inflows come from entry, matches breaking, inventors being
poached, and firms expanding into new varieties and creating new unmatched

divisions. Outflows come from creative destruction or divisions matching.

mo = mo + ez + Z Mg (Om + 0; 4+ x5 + ¢y) — (A + Z Po,g)Mo
g=1 q=1
Inngws Ou’c}lrows

The fraction of affected divisions at match quality g must also be such that
inflows balance outflows. Inflows come from other divisions at lower points on
the quality distribution matching, and outflows come from creative destruction,
poaching, and matches breaking.

q—1
a=0 ~~ o
N — Outflows

Inflows

I add one more constraint so that the terms m will sum to 1 and so that the

optimizer can find e:

10
mo + qu =1
q=1

I use a standard optimization routine to solve for all values of m and for e,.
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B Appendix: Deriving Growth and Drift Rates

In this section I offer heuristic explanations of how to calculate ¢ and where the
term g(0 — 1)0N(2)/0Z in the HJBs comes from. To do so, the following deriva-

tions about 2 will be useful.

1

- (/27313(2))01 _ /27:1:(2)

The growth rate g can be calculated by calculating the percent change in Z over
an interval of time divided by the length of the interval, and then taking the limit

of that expression as the length of the interval goes to zero.

Recall:

2= ([em@) " =2 ([ ) = ([eria)”

At each point of the productivity grid, some share of the mass at that grid point

jumps from Z to A + Z at a rate of A. Over a time step ¢, this means that:

Zire = ( / (2 + eA)\)Ft(z)) &

Dividing the numerator and denominator by Z;, dropping time subscripts, and

we get:
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1([(2+eMN)F(z)7T -1

§= e i
Simplifying a bit:
A 1 1
¢ = lim > (L2F(z) + [eAR@)7T -1 1(1+ed)7T 1
e—0€ 1 e—0€ 1

Taking the limit as € — 0 yields the expression in the paper:

AN
c—1

g:

To understand where the term g(0 — 1)dN(2) /92 in the value functions comes
from, I work with a simplified discrete-time version of the model without innova-

tion. This can be written as:

N(Zt 2t) = ent(Zy,2t) + € "“N(Ztte, Zt1e)
Because 7 scales multiplicatively in Z and Z, this can be rewritten with a con-
stant term N:
NZi2 = enZizr +e " NZiicliie

Dividing both sides by Z; and using the fact that Z;, . = Z;e8:

th = 671'21} + e(g—r)eN2t+€

Note that a standard Euler condition gives us that r = p + g, simplifying terms
a bit. Subtracting NZ;e ¢ from both sides and dividing by € we get:

Nzy (1 —eF°) R — e PN (Zte — 2t)
€ €
Taking the limit of both sides as € — 0 we get:

~ . . €7P€N 2t — %
pNZ; = 72 + lim (Zrie )
e—0 €

To simplify the right hand side, recall 2; = (z;/Z¢)’"!, meaning 2; ¢ =
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(z¢/(Z4e8¢))?~1 = 2,e(1-9)8¢_This lets us rearrange and get:

e—peN(e(l—U)ge _ 1)

poN = 77+ lim

e—0 €

This simplifies to:

pN=m—g(c—1)N

And recall that N = N2,so N’ = N.
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C Appendix: Properties of the Equilibrium

In this section, I provide some more plots to help illustrate the properties of the
equilibrium.

In Figure 9, I illustrate the distribution of product lines across relative produc-
tivities Z, and also break them out into matched and unmatched. There are two
main takeaways from this first plot: First, the vast majority of product lines are
unmatched because there are far fewer inventors than product lines. Second, the
distribution of match qualities among unmatched product lines is very slightly
more right-heavy than for matched lines because creative destruction both raises
the relative productivity of a product line and breaks any existing match at that
line. This is also a consequence of the fact that I only model creative destruction,
not own-innovation.

In Figure 10, I display the joint distribution of matched product lines across both
relative productivity Z and match quality 4. Given what we see in Figure 4 and
Figure 9, it is not surprising that matched productivity lines tend to have high
match qualities and low relative productivities.

In Figure 11, I plot the intensity of search effort (as measured by the mass of
headhunters) across matched divisions with different match qualities g, normal-
ized so that search effort for an unmatched division is 1.0. All matched divisions
devote far less effort to search than unmatched ones, and search effort is mono-
tone decreasing in match quality g. Those matched divisions with the highest level
of match quality g = g; do not search at all as they cannot replace their current
inventor with a better one.
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Figure 9: Distribution of Product Lines Across Relative Productivities

Notes: This figure plots the distribution of product lines in relative productivity (Z) space. 1
solve the model on a discrete grid of relative productivities. The horizontal axis is the relative
productivity, and the vertical axis is the share of product lines with that productivity. In each 2 bin,
the share of matched and unmatched lines add up to the share of all lines by construction. The £
grid actually goes all the way to 19, but there is so little mass in those extreme gridpoints that I do
not plot them.
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Figure 10: Joint Distribution of Matched Product Lines Across Z and g

Notes: This figure plots the joint distribution of matched product lines in relative productivity
(2) and match quality (g) space. The horizontal axis is relative productivity, the vertical axis is match
quality, and the color indicates the share of matched product lines in that cell. As in Figure 9, I cut
off the Z axis as there is vanishingly little mass in the highest relative productivities.
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Figure 11: Search Effort for Matched Divisions

Notes: This figure plots the quantity of “headhunter” labor  hired by matched divisions with
different relative productivities 4.  normalize the graph so that the quantity of “headhunters" hired
by an unmatched division is 1.0. The divisions with the highest match quality exert no search effort.
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