
Intellectual Property Protection for
AI-Generated Output

Robin Döttling, Logan P. Emery, and Shuo Zhao

June 24, 2026

Abstract

We model firms’ innovation investment when generative AI can lower investment
costs, but only sufficient human input qualifies for IP protection and AI use is
unobservable. We characterize the IP system’s effect on incentives using two edge
cases: when the IP system can “kill” AI use and when low AI costs can “kill”
the IP system. If consumers value human-developed products, human-capital use
is distorted by adverse selection. The IP policy can mitigate this by acting as a
signal of incentives for human-capital use that triggers a feedback loop through
consumer beliefs, or by deterring high-cost firms’ investment.
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1 Introduction

The advent of Generative Artificial Intelligence (henceforth “AI”) has the potential to
fundamentally transform corporate innovation. With the ability to generate virtually
limitless output at low costs with limited human involvement, many firms are considering
transitioning significant portions of their human labor force to AI.1 However, this raises
the question as to who owns AI-generated output. Under current U.S. law, innovation
developed without meaningful human input is ineligible for protection by intellectual
property (IP) systems such as patents or copyright (Naruto v. Slater, 2018; Thaler v.
Vidal, 2022), with most jurisdictions around the world following similar principles. Works
produced jointly by humans and AI may qualify, but only when the human contribution is
sufficiently substantive and central to the innovation process (Thaler v. Perlmutter, 2023).
The exact threshold for required human input remains unclear and is still being debated.
Moreover, it may be difficult to verify the exact extent to which AI was used. Nonetheless,
these restrictions have important implications for the adoption of AI by innovative firms,
as the excludability provided by IP systems has traditionally been regarded as essential
for incentivizing innovation (Arrow, 1962; Crouzet et al., 2022).

Further complicating matters, while the legal boundaries of ownership are still being
decided in court, consumers have already formed strong views about AI-generated output.
In particular, survey and experimental evidence document a preference for human- over
AI-developed products.2 Although these preferences may vary widely across individuals,
jurisdictions, and product categories, they significantly influence both firm incentives and
the design of IP systems.

In this paper, we analyze how the IP system and consumer preferences shape firms’
incentives to invest in innovation supported by AI. Our analysis provides several insights.
Starting with a parsimonious baseline model, we characterize how the IP system affects
firms’ incentives using two interesting edge cases: the IP system “kills’’ AI, and AI “kills’’
the IP system. While the IP policy can completely disincentivize AI use, low-cost AI can
make it unnecessary to grant IP protection to incentivize innovation investment. However,
since IP systems currently condition protection on human-capital use, we show that rather
than shutting down the system completely, low-cost AI may shift the system’s role from
innovation subsidy to human-capital subsidy. We then introduce consumer preferences
for human-developed products, which interact with the IP system and firms’ incentives
in non-trivial ways. Most importantly, they create an adverse selection problem that
can lead to market collapse. We show that the IP policy can mitigate this problem by
deterring investment by high-cost firms. Additionally, the IP system can trigger a positive

1Examples include Amazon, Microsoft, Duolingo, Telstra, Lionsgate, and Business Insider.
2This has been documented for art (Horton et al., 2023), music (Tubadji et al., 2021), books

(Manewitsch and Kalb, 2025), newspaper articles (Kennedy and Yam, 2025), and personal advice (Os-
borne and Bailey, 2025).
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feedback loop through consumer beliefs by acting as a credible signal of incentives for
human-capital use, even if consumers never observe whether IP protection is granted.

We develop these insights in a model in which a firm can invest in innovation using a
mix of AI and human capital inputs to develop a new intangible asset that may obtain
IP protection. Our model can apply to innovation investments that result in different
forms of IP. For example, consider a pharmaceutical firm deciding between the use of
human pharmacologists or AI when developing a new, patentable vaccine. Alternatively,
consider a publishing firm deciding between commissioning human authors or AI to write
a new, copyrightable book. In each case, there is an important development stage, which
we broadly define as innovation. The resulting intangible is then implemented into a
production and commercialization process that results in a product (i.e., the manufac-
turing and distribution of vaccine doses or the printing and distribution of copies of the
book). We discuss potential differences between copyright and patents in the context of
our model after deriving our main results.

The investment entails an upfront cost, such that the firm only invests if expected
profits exceed this cost. In addition to the binary investment decision, the firm chooses
the relative use of human capital versus AI inputs. We assume that AI use can decrease
the upfront cost, reflecting the marginal-cost advantage of AI. However, human-capital
use may carry positive social value, such as the value of human creativity, the dignity
of human work, tacit knowledge spillovers, or skill formation. Additionally, the firm can
either be a high- or low-cost type defined by its marginal cost of human capital.

Once the firm has invested and chosen its inputs, an intangible asset is developed. An
IP officer then decides whether to grant IP protection in the form of monopoly commer-
cialization rights.3 Subsequently, the firm enters production and decides on its production
scale. If the intangible asset receives protection, the firm operates as a monopolist. Oth-
erwise, competitors can enter the market by copying the resulting product.

Motivated by the policy debates discussed above, we allow the granting of IP protec-
tion to be conditional on human-capital use. However, the firm’s human-capital use is
not observable. Instead, the officer receives a noisy binary signal as to whether the firm
used substantial human capital in developing the intangible asset. The officer also cannot
observe the firm’s type, inhibiting perfect inference of the firm’s human-capital use.

We model the granting of IP protection as a probabilistic outcome characterized by
two policy parameters: the intercept and the slope. The intercept parameter represents
the baseline probability of granting protection, independent of the signal. It can be in-
terpreted as the requirements for characteristics (other than human-capital use) assessed
by the officer when granting protection, such as non-obviousness or distinctiveness from
prior works. The slope parameter is defined as the increase in the probability of granting

3While we interpret the granting of IP protection as an officer reviewing an application, an equivalent
interpretation is that protection is determined through judicial review in a court proceeding.
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protection conditional on the signal indicating high human-capital use. It can be inter-
preted as how strongly the IP policy differentiates between human- and AI-developed
intangibles when granting protection. This modeling approach enables us to cleanly iso-
late the effect of the IP system’s baseline leniency (the intercept) and its marginal reward
for perceived human-capital use in the innovation process (the slope).

We start by analyzing this parsimonious baseline model to transparently characterize
how the IP system affects the firm’s incentive to use human capital in the innovation
process. To illustrate this effect, we ask whether the IP system can “kill” AI, in the
sense that it fully disincentivizes AI use. In our baseline model, the marginal probability
of granting protection due to human-capital use determines the IP system’s effect on
human-capital use. Our baseline model is designed to pin down this marginal probability
as the slope policy parameter, so a sufficiently steep slope can “kill” AI. We show that this
insight carries over to a continuous-signal setting, where the officer chooses a threshold
for the human-capital requirement. This extension shows that greater leniency toward
human-capital use can increase or decrease human-capital use, depending on whether
it raises or lowers the policy’s slope. Thus, when assessing the effect of the IP system
on human-capital use, it is important to assess the marginal probability of granting
protection rather than relying on heuristics such as leniency.

Having explored what disincentivizes the firm from using AI, we next explore what
drives this incentive in the other direction. One could imagine that low-cost AI innovation
makes it unnecessary to seek monopoly protection in the first place, raising the question
of whether AI can “kill” the IP system. To answer this question, we derive the welfare-
maximizing IP policy and identify the conditions under which it is optimal to shut down
the IP system by setting the intercept and slope to zero. The optimal policy functions
as an innovation subsidy by offering potential monopoly profits at the cost of consumer
surplus, so the optimal intercept is set to just satisfy the firm’s participation constraint.
Thus, if AI sufficiently reduces innovation costs such that the firm is willing to invest in
innovation without IP protection, then a subsidy is unnecessary and the socially optimal
intercept becomes zero. However, our model shows that this does not imply it is optimal
to dismantle the IP system altogether. By conditioning IP protection on human-capital
use, current IP systems also serve as a Pigouvian-like subsidy for human-capital use in
innovation.4 Therefore, provided that the signal is sufficiently informative,5 decreasing
costs of AI innovation shift the system’s role from an innovation subsidy to a human-
capital subsidy. This potential shift crucially depends on the social value of human-capital

4Given IP protection comes at the cost of monopoly rights, it may be worthwhile to consider alter-
native policy tools such as direct subsidies to innovation or human-capital use. We discuss such policies
after deriving our main results in Section 3.

5In an extension, we show that if the signal is imprecise, AI use is hard to detect and the firm may
receive protection even if it uses little human capital. It may therefore be optimal to set the slope to
zero even when human capital has social value.
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use in developing the specific intangible asset, and so warrants careful assessment on a
case-by-case basis.

Building on these dynamics, we then introduce a consumer preference for products
that commercialize human-developed intangibles (henceforth, human-developed prod-
ucts), which has become central to the debate over AI-generated output. This preference
may be particularly prevalent among product categories where consumers connect with a
human element of the product. In contrast, consumers may be less likely to express this
preference for purely functional innovation, which is more common for intangibles pro-
tected by patents. We therefore later explore an extension where consumer preferences
may reflect product quality, which can apply to the patent setting if human-developed
inventions are of higher quality than AI inventions.

Consumer preferences have a significant impact on the firm’s incentives because they
lead to a higher willingness to pay, resulting in higher profits — provided that consumers
can infer the firm’s human-capital use. Throughout, we assume that the IP system
parameters are public information, and we separately study the effects of consumers
receiving additional information about human-capital use.

Given the imperfect observability of human-capital use, consumer preferences lead to
an adverse selection problem: the low-cost firm, which uses more human capital, is pooled
with the high-cost firm. For example, imagine consumers trying to distinguish between
music produced by a company with access to a network of session musicians, which it
draws on when artists require accompaniment, and an otherwise similar company that
lacks such a network and therefore uses AI to provide the accompaniment. This adverse
selection problem leads to a lower willingness to pay for human-capital use, distorting
incentives to use human capital and, at worst, leading to market collapse.

The IP system can mitigate this distortion through two channels. First, a steep
slope parameter can trigger a positive feedback loop via consumer beliefs. Increasing
the slope leads consumers to revise upward their expectations of human-capital use.
Crucially, this disproportionately increases profits when IP protection is granted, since
monopoly rights allow the firm to capture more of the consumers’ higher willingness to
pay. This strengthens incentives to use human capital, leading to another round of belief
updating by consumers, further strengthening incentives to use human capital, and so
on. Compared to the baseline model, the resulting feedback loop enhances the effect of
the policy’s slope on the firm’s incentive to use human capital. Since this enhancement
is stronger for the low-cost firm, the distortion from adverse selection is mitigated.

Second, the IP system can mitigate adverse selection by deterring investment by the
high-cost firm, resulting in a separating equilibrium in which consumers correctly infer the
low-cost firm’s greater human-capital use. Interestingly, this effect can operate through
either the slope or the intercept because both affect firm profits. Therefore, unlike in
the baseline model, the baseline leniency of the IP policy can affect human-capital use
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by deterring the high-cost firm from investing in innovation. While deterring investment
is generally undesirable, we show that it may improve welfare if the distortion resulting
from adverse selection is severe enough to cause substantial under-use of human capital
by the low-cost firm.

Finally, we consider an extension in which consumers receive their own signal about
human-capital use. For example, if product quality is correlated with human-capital
use, consumers’ assessment of quality constitutes a signal of human input. We show
that consumers’ signals can mitigate the adverse selection discount because the low-cost
firm is more likely to generate positive signals, enabling some degree of differentiation
from the high-cost firm. Moreover, the firm’s desire to generate positive signals provides
an additional incentive to use human capital. This incentive effect exists next to the
incentive provided by the IP system, which is in itself strengthened by consumers’ signals
due to increased benefits from monopoly gains.

This paper contributes to the emerging debate surrounding the interaction of IP pro-
tection and AI. IP regulators such as the U.S. Copyright Office and the U.S. Patent and
Trademark Office have taken an active role in steering this debate, providing guidance on
AI use and an overview of pressing economic questions (U.S. Copyright Office, 2025a,b;
U.S. Patent & Trademark Office, 2025). These questions predominantly relate to two
areas: the inclusion of protected material in AI training data and the protection of AI-
generated output. Presently, the debate has predominantly focused on the former (e.g.,
Peukert et al., 2025; Samuelson, 2024; Wang et al., 2024).6 One notable example is Gans
(2026), who provides a formal analysis of how copyright protection affects AI training,
and shows that an ex-post fair-use mechanism can lead to higher welfare compared to
traditional copyright protection. In contrast, our model takes the availability and devel-
opment of generative AI as given and instead focuses on the protection of AI-generated
output. Relatively fewer papers speak to this other part of the debate. Yang and Zhang
(2025) build a model of content production and AI development to examine how both
fair use for training data and the copyrightability of AI output interact and affect wel-
fare, depending on the availability of pre-training data.7 Different from their approach,
we focus on how IP protection affects firms’ innovation investment and the choice of AI
use. Furthermore, we introduce an asymmetric information friction about AI use. This
enables us to analyze the different roles of the IP policy and its effects on firm investment
and human-capital use in the presence of an adverse selection problem that endogenously
affects firm profits and incentives.

6This debate includes many legal battles over the use of copyrighted materials by AI models, such
as Concord Music Group, Inc. v. Anthropic PBC (2024), The New York Times Co v. Microsoft Corp
(2025), and Getty Images (US), Inc. v. Stability AI, Ltd. (2025).

7Other papers providing discussions of the copyrightability of AI outputs include Lemley (2024),
Geiger (2024), Cuntz et al. (2024), Peukert and Windisch (2025), de Rassenfosse et al. (2025), and
Liang and Lu (2026). de Rassenfosse et al. (2025) provide a discussion of important issues regarding the
patentability of AI outputs.
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We also contribute to the broader literature on the economics of AI. Studies most
closely related to our focus on the implications of AI for innovation include research on
AI’s role in economic growth (Agrawal et al., 2018; Aghion et al., 2019) and in driving
the direction and quality of innovation (Cong et al., 2025; Wu et al., 2025). Babina et al.
(2024) empirically examine firm investment and show that firms investing in AI have
increased growth as a result of product innovation. While this literature has primarily
considered AI as an outcome of innovation, we provide a complementary perspective by
studying how firms use AI as an input for the innovation process and explore theoreti-
cally how this affects firms’ investment in innovation. Another branch of this literature
studies the effects of task automation on labor quantities such as wages, employment,
or productivity (e.g., Acemoglu and Restrepo, 2018, 2019, 2020; Eloundou et al., 2024;
Brynjolfsson et al., 2025; Colliard and Zhao, 2025; Zhong, 2026). We study the implica-
tions of AI substituting for humans in the specific task of innovation, although our focus
is on firm investment rather than the labor market.

Finally, we contribute to the literature on firms’ investment in innovation. Prior re-
search has collected a wide range of factors affecting investment, such as productivity (Ko-
rtum, 2004), competition (Aghion et al., 2005), managerial compensation (Manso, 2011),
institutional ownership (Aghion et al., 2013), analyst coverage (He and Tian, 2013), firm
size (Phillips and Zhdanov, 2013; Akcigit and Kerr, 2018), information frictions (Akcigit
and Liu, 2016), innovative capacity (Acemoglu et al., 2018), and financing (Black and
Gilson, 1998; Brown et al., 2009; Ferreira et al., 2014; Kerr et al., 2014). Intellectual
property rights are central to this literature and have long been recognized as a main
driver of innovation investment (Arrow, 1962; Nordhaus, 1969; Henry, 1974; Johnson,
1985; Scotchmer, 1991; Acemoglu and Akcigit, 2012; Crouzet et al., 2022). However, the
incentives created by these rights can distort the types, direction, and disclosure of in-
novations that receive investment (Budish et al., 2015; Hopenhayn and Squintani, 2016,
2021) and have negative effects on subsequent innovation (Williams, 2013; Galasso and
Schankerman, 2015). We contribute to this literature by studying how AI affects the in-
centives for innovation investment. In particular, we highlight the tension in investment
incentives created by the productivity gains of AI and the lack of protection granted to
AI outputs.

2 Model Setup

The economy consists of a firm, consumers, and an IP officer. The profit-maximizing
firm is deciding whether to invest in developing a single new intangible asset and how
much human capital relative to AI to use in developing it. The IP officer establishes an
IP system and decides whether to grant IP protection based on receiving a signal about
the use of human capital. This decision, along with consumer preferences, determine the
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payoffs received by the firm.
The sequence of events is as follows. At t = 0, the IP officer commits to an IP system.8

The IP system is defined as a mapping of a noisy signal of the firm’s human-capital use,
which the officer receives at t = 2, to a binary decision a = {G,D}, where G stands for
“Grant” and D stands for “Deny.”

At t = 1, nature determines the firm’s marginal cost of human capital ψ, of which
the firm is privately informed. The firm may be a low-cost type ψL with probability
p ∈ (0, 1) or a high-cost type ψH with probability 1 − p, where ψH > ψL > 0. The firm
then makes a binary decision whether to make the innovation investment to develop a
new intangible asset. If it decides to invest, the firm additionally chooses the share of
capital that comes from human capital, h ∈ [0, 1]. The remainder, 1 − h, comes from
AI capital. This structure reflects the share of work between human and AI agents in
developing the intangible asset. We interpret h = 1 as the case where the firm does not
use any AI, reflecting the world before advanced AI became available. Conversely, h = 0

represents the case where the firm uses the minimum, cost-minimizing amount of human
capital necessary to run and supervise an AI system, reflecting the technological frontier
of autonomous AI with minimal human input. Importantly, h is not observable by the
officer or the consumers.

The investment comes at a cost C(h, ψ), where C(h, ψ) is increasing and convex in
h and satisfies ∂2C

∂h∂ψ
> 0 and C(0, ψ) = ψ. These functional-form assumptions reflect AI

enabling low-cost innovation compared to human capital; the parameter ψ captures the
marginal cost saving from substituting human capital with AI capital, and ψ is the lowest
cost the firm can achieve by leveraging AI as much as possible.9 We use the following
functional form to obtain closed-form solutions:

C(h, ψ) = ψ +
ψ

2
h2. (1)

If the firm does not invest, no market is created and profits are zero. Therefore, the firm
chooses to invest if and only if its expected profits are positive.

At t = 2, the officer observes the noisy signal s(h) of the firm’s human-capital use h.
Following the IP system committed to at t = 0, the officer decides to grant IP protection

8While in reality officers may have some discretion as to how they apply the IP policy, we assume
that the officer has commitment. This could be motivated in a dynamic setting where deviating from
the policy ex-post reduces the credibility of the policy for future applicants, potentially disincentivizing
future investment in innovation.

9Online Appendix C.1 considers an alternative cost function that captures more explicitly the idea
that a mix of human and AI inputs is cost-minimizing. This is broadly consistent in spirit with comple-
mentarity between human and AI inputs at low levels of human-capital use but substitutability at high
levels. Alternatively, AI and human capital may be complements if low-cost AI enables an expansion of
output that leads to higher demand for human capital (e.g., see Acemoglu and Autor, 2011; Acemoglu
and Restrepo, 2018). Our model focuses on how AI can substitute for human capital in creating an
intangible asset, and we study the role of the IP policy and information frictions in this context.
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based on this signal. While this stage most closely resembles an IP officer assessing an
application for IP protection, it can also be interpreted as a judge evaluating the validity
of claimed protection under an established IP policy in an infringement dispute.10 In
practice, firms are required to document their use of AI in the innovation process, either
on their application or in court, constituting one example of a noisy signal of human-
capital use.

In our baseline model, we assume that the signal follows a Bernoulli distribution,
where the officer receives an “above” signal (s = A) with probability h and a “below”
signal (s = B) with probability 1− h.11 Given this signal structure, we characterize the
IP system as the two policy variables (q,∆q), which determine the probability of granting
IP protection conditional on the signal as

Pr[a = G|s = A] = q +∆q, Pr[a = G|s = B] = q,

with q ∈ [0, 1] and ∆q ∈ [0, 1−q].12 In this characterization of the IP system, q resembles
the baseline leniency of the IP system. A high value of q can be interpreted as high
leniency in terms of characteristics orthogonal to AI use. For example, the IP system could
set a low bar for non-obviousness or distinctiveness from prior works, irrespective of AI
use. The variable ∆q captures how strongly the IP system rewards positive signals about
human-capital use, reflecting the extent to which the IP system establishes differential
policies for human- and AI-generated intellectual property. This characterization enables
cleanly isolating the effect of the baseline leniency of the IP system from the marginal
effect of positive signals about human capital on obtaining IP protection ∆q.

At t = 3, the firm enters the production stage, where it decides on the scale of
production and profits from commercialization are realized. If the firm is granted IP
protection, it operates as a monopolist and earns profits πG, while consumers earn a
surplus uG. If not, several competitors enter the market by copying the product, the firm
earns πD < πG, and consumer surplus is uD > uG. We derive these quantities under a
standard Cournot competition model in Online Appendix B.1. To streamline the main
text, here we simply impose the following parameter assumptions consistent with the
profits and consumer surplus arising endogenously in the Cournot model:

Assumption 1. Profits and consumer surplus satisfy

(i) πG > πD ≥ 0,
10For example, in many European countries, copyright protection is assumed when the work is created

and only assessed if challenged in court.
11In Section 5.1, we explore the alternative assumption that the signal is normally distributed and the

IP system is characterized by a threshold such that IP protection is granted for signal values above this
threshold.

12One interpretation of the uncertainty in the granting decision is that there is a distribution of officers
who vary in how strict they are in applying the system’s standards (Cockburn et al., 2002; Lemley and
Sampat, 2012; Sampat and Williams, 2019; Farre-Mensa et al., 2020).
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(ii) πD + uD > πG + uG ≥ C(h, ψH), ∀h ∈ [0, 1].

Online Appendix B.1 captures our main interpretation of the innovation investment
in our model, namely the development of a new intangible asset. In Online Appendix B.2,
we show that Assumption 1 is also consistent with an alternative version of the micro-
foundation in which the investment resembles step-by-step innovation à la Aghion et al.
(2001) that enables the firm to gain a competitive edge in an existing product market.
Additionally, in Section 4, we allow πa and ua to also be a function of h, capturing con-
sumers’ greater willingness to pay for human-developed products, separate from its social
value. This also enables us to study consumers’ inference problem about AI use.

Welfare W is the sum of the firm’s payoff and consumer surplus.13 Additionally,
we allow for the possibility that there is a social value to human inputs v(h) = γh,
which enables us to characterize the welfare-maximizing IP policy as a function of the
marginal social value of the firm’s human-capital use γ ≥ 0. This social value can be
interpreted as capturing positive externalities associated with human involvement in the
firm’s innovation process, such as the value and dignity of human work and creativity,
skill formation, or tacit knowledge spillovers.

If the firm invests, welfare is

Wa(h, ψ) = πa + ua + v(h)− C(h, ψ). (2)

If the firm does not invest, then welfare is 0. Under Assumption 1, WD(h, ψ) > WG(h, ψ) ≥
0. That is, conditional on the firm investing, it would be best not to grant protection so
that competition drives down prices, increasing consumer surplus. However, monopoly
profits may be necessary for the firm to have an incentive to invest in the first place.

First-Best Allocation. From Assumption 1 and the functional form assumption on
C(h, ψ), it immediately follows that, in the baseline model, the first-best allocation is
characterized by afb = D and hfb such that the marginal social benefit of human-capital
use equals the marginal cost, v′(h) = C ′(h), implying hfb = γ/ψ.

3 Baseline Model

We now solve the baseline model to understand how the design of the IP system affects
firms’ incentive to use AI.

13Welfare also includes competing firms’ profits. For simplicity, these are included in uD.
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3.1 Granting Decision

At t = 2, the officer receives a signal s(h) ∈ {A,B} about the use of human capital.
The signal and IP system (q,∆q) map to the decision of whether to grant IP protection
a ∈ {G,D} as follows. The probability of granting protection conditional on observing s
is q +∆q if s = A(bove) and q if s = B(elow). This implies that the ex-ante probability
of being granted protection, as a function of h, is

Pr[a = G] = q +∆q · h. (3)

That is, the IP system can be represented as a cumulative distribution function Pr[a =

G] = q +∆q · h, where q is the “intercept” representing the baseline probability of being
granted protection, and ∆q is the “slope.” There are two notable edge cases: if q = 1 and
∆q = 0, then protection is always granted, and if q = ∆q = 0, then it is never granted.

3.2 Firm Decisions

Human-Capital Use. At t = 1, given the IP system, the firm chooses h to maximize
expected profit

max
h

Π(h, ψ) = Pr[a = G]πG + (1− Pr[a = G])πD − C(h, ψ), s.t. h ∈ [0, 1].

For the interior solution h∗ ∈ [0, 1], the first order condition of this problem is

∂ Pr[a = G]

∂h
∆π =

∂C(h, ψ)

∂h
, (4)

with ∆π ≡ πG − πD. This condition states that the firm increases human-capital usage
until the marginal cost equals the marginal benefit, which is the expected profit premium
from obtaining IP protection.

Using the functional form assumptions, the optimal human-capital use is given by

h∗ = min

{
1,

∆q∆π

ψ

}
. (5)

Investment Decision. The firm decides to invest in innovation if and only if Π(h∗, ψ) ≥
0. This highlights that the prospect of earning monopoly profits may be necessary for
the firm to invest.14

Lemma 1. A firm with cost type ψ invests in innovation if and only if its expected profit
14In our model, the innovation is guaranteed to be successfully created if the firm chooses to invest.

Introducing risky innovation only affects the level of expected profits, so we omit innovation risk to
simplify our analysis.
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Π(h∗, ψ) is non-negative. Given an IP policy (q,∆q), the participation constraint is

πD + q∆π +
(∆q)2(∆π)2

2ψ
≥ ψ. (6)

Proof. See Appendix A.1.

3.3 Results

3.3.1 The Effect of the IP System on AI Use

Eq. (5) shows that h∗ is affected by the slope of the policy, ∆q, but not the intercept,
q. The two quantities that determine the IP policy, q and ∆q, therefore separately
govern the firm’s two choices: ∆q determines human-capital use, allowing q to satisfy the
participation constraint. Importantly, this separability no longer holds when we introduce
a consumer preference for human-developed products in Section 4 due to the effect of q
on the consumer’s expectation of the firm’s human-capital use.

From Eq. (5), we can also evaluate how the leniency of the IP policy affects the firm’s
incentive to use human capital versus AI in the innovation process. The overall leniency
of the policy is represented by Pr[a = G] = q + ∆q · h. This implies that an increase
in ∆q is associated with a more lenient IP system, in that protection is granted more
often. Moreover, a higher ∆q creates greater incentives to use human capital, implying
a positive association between IP-system leniency and human-capital use. By contrast,
if the officer always or never grants IP protection, then ∆q = 0, and the firm chooses the
corner solution h∗ = 0 despite polar opposite leniency in these two cases. This implies
that the effect of leniency is ambiguous.

In Section 5.1, we use a continuous-signal setting to demonstrate that this result
generalizes to leniency specifically with respect to human-capital use. While the binary
signal is designed to pin down this quantity as the constant ∆q, the continuous-signal
setting allows us to introduce a threshold for minimum required human-capital use and a
non-monotonic policy slope. We show that increases to this threshold can either increase
or decrease the use of human capital, depending on how it affects the slope of the policy.
Thus, when assessing the effect of the IP system on human-capital use, it is important to
assess the marginal probability of granting protection (i.e., ∂ Pr[a=G]

∂h
) rather than relying

on heuristics such as leniency.

3.3.2 Killing AI

Based on the previous discussion, the IP system can fully disincentivize AI use if it
strongly rewards positive signals about human-capital use.
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Proposition 1. If

∆q∆π ≥ max

{
ψ,

√
2ψ(ψ − πD − q∆π)

}
,

then a firm of cost type ψ invests in innovation and chooses h∗ = 1, thus “killing” AI.

Proof. See Appendix A.2.

In addition to the slope ∆q, the profit premium ∆π also plays a significant role in
driving Proposition 1, and the profit premium is itself significantly driven by the entry of
competitors should the firm not receive IP protection. However, the extent of competitive
entry is highly dependent on the characteristics of the product that results from com-
mercializing the intangible asset. For example, copyrightable works may be easy to copy
and therefore face many market entrants when not granted copyright, whereas patentable
inventions may not be disclosed when the patent is rejected and so face relatively few
market entrants. Even within IP types, some products, such as digital music, may be
easily copied by competitors, while others, such as brand-specific advertising campaigns,
may have a high degree of natural excludability. Therefore, the potential for the IP
system to kill AI can vary significantly across products.

3.3.3 Killing the IP System

We next analyze whether the use of AI in innovation has the potential to make the IP
system obsolete. In doing so, we first derive the optimal IP policy conditional on both
firm types investing in innovation, which is characterized in the following proposition.15

Proposition 2. Conditional on inducing both firm types to invest in innovation, the
welfare-maximizing IP policy is

q∗ =
ψ − πD
∆π

− (∆q∗)2∆π

2ψH
,

∆q∗ =
γ
(

p
ψL

+ 1−p
ψH

)
−
(
(∆π + 2∆u)

(
p
ψL

+ 1−p
ψH

)
− ∆π+∆u

ψH

) ,
with ∆u ≡ uG − uD, and ∆q∗ ≥ 0 under Assumption 1.

Proof. See Appendix A.3.
15In Appendix A.3, we provide the complete characterization of the optimal IP policy, including the

condition under which it is optimal to induce investment by both firm types as opposed to only the low-
cost type. In Proposition 2, we focus on the case where both firm types invest. This allows us to show
the impact of AI on the optimal IP policy without complicating the analysis with different investment
scenarios. We return to the implications of inducing investment by only the low-cost type in Section 4,
where consumer preferences make the analysis of firm investment particularly relevant.
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In our model, and consistent with prior literature (e.g., Gilbert and Shapiro, 1990;
Hopenhayn et al., 2006; Acemoglu and Akcigit, 2012), one important role of the optimal
IP policy is to incentivize investment in innovation by providing a subsidy via monopoly
commercialization rights. The officer determines this subsidy by setting q∗. A natural in-
tuition may therefore be that, if AI sufficiently drives down the cost of innovation, then it
is no longer necessary to grant monopoly rights. In such a case, the IP system’s role as an
innovation subsidy becomes obsolete. Consistent with this intuition, Proposition 2 shows
that the optimal interior baseline probability of granting IP protection, q∗, decreases as
the fixed cost of AI innovation, ψ, decreases.16 Consequently, the corner solution q∗ = 0

applies if

ψ ≤ πD +
(∆q∗∆π)2

2ψH
.

However, the same technology that reduces the fixed cost of implementing AI may also
reduce the cost of copying the product if the underlying intangible asset did not receive
protection. As more firms enter the competitive market, profits are driven downwards,
increasing the relative monopoly gains ∆π, and raising the need for the IP system to
fulfill its role as an innovation subsidy.17 Reflecting this tension, the above inequality
shows that the corner solution q∗ = 0 applies with smaller values of ψ as πD decreases.
Thus, the net effect of technological improvements on the system’s role as an innovation
subsidy depends on the relative rates at which innovation costs and entry costs are driven
down.

Even if innovation costs decrease at a faster rate than entry costs, though, it still
may not be optimal to completely dismantle the IP system. This is because the other
important role of the optimal IP policy is to incentivize the socially optimal level of
human-capital use in innovation. By conditioning the granting of IP protection on positive
signals of human-capital use, the IP policy effectively provides a human-capital subsidy,
which the officer determines by setting ∆q∗. Therefore, we refer to this second role of the
IP system as a “human-capital subsidy,” analogous to its role as an innovation subsidy.
Since human-capital use beyond the cost-minimizing level (represented by h = 0) does not
provide any benefits to the firm in the baseline model, the officer’s choice to incentivize
human-capital use is driven by its social value parameter γ. Consistent with this intuition,
Proposition 2 shows that ∆q∗ increases in the social benefit γ.

16For example, as AI lowers the cost of producing innovation of a given quality, the IP system may
respond by raising the non-obviousness threshold, thereby reducing q∗. These standards could also be
applied differentially across AI- and human-developed intangibles, implying ∆q∗ > 0. One such proposal
is developed in Liang and Lu (2026), who argue that infringement for AI-generated output should depend
on whether the output could have been generated without the inclusion of the copyrighted material in
the model’s training data.

17In the microfoundation using Cournot competition in Online Appendix B.1, we model this effect
explicitly by allowing endogenous entry such that the number of firms N∗ entering the market is a
function of entry costs, which are in turn a function of the same technological advancements that may
reduce ψ.

13



Combining the effects of AI on both roles of the IP system leads to the following corol-
lary to Proposition 2 characterizing the conditions under which the IP system becomes
obsolete.

Corollary 1. If πD ≥ ψ and γ > 0, then q∗ = 0 but ∆q∗ > 0. Thus, the IP system
shifts its role to a Pigouvian-like subsidy for human-capital use in innovation. However,
if πD ≥ ψ and γ = 0, then q∗ = ∆q∗ = 0 and AI “kills” the IP system.

Proof. See Appendix A.4.

Corollary 1 shows that low-cost AI is not a sufficient condition for making the entire
IP system obsolete. While low-cost AI implies it is optimal to minimize the expected
loss in consumer welfare due to monopoly rights by setting q∗ = 0 (eliminating the
system’s role as an innovation subsidy), the optimal IP policy is nevertheless characterized
by ∆q∗ > 0 as long as there is social value to human involvement in the innovation
process, γ > 0. This implies that, rather than “killing” the IP system, sufficiently low-
cost AI shifts emphasis within the IP system from its role as an innovation subsidy
to its role as a human-capital subsidy. Due to the social value of human capital in
innovation, human-capital use constitutes a positive externality, motivating a Pigouvian-
like corrective subsidy for human-capital use in the innovation process.

Recall that γ (or v(h)) captures only the externalities of human involvement; the
effect of human involvement on consumer preferences, consumer surplus, and firm profits
are considered separately in Section 4. As we show there, consumer preferences give rise
to another reason for setting a positive ∆q∗, even when γ = 0 (see Corollary 2).

The case γ > 0 applies if, for example, society attaches intrinsic value to preserving
human creativity and originality, or when human engagement fosters skill formation or
sustains innovation ecosystems that depend on tacit knowledge passed between people.
In other words, even when AI can deliver outputs cheaply, the IP system is still socially
valuable if human involvement generates positive externalities. By contrast, γ = 0 de-
scribes settings with no such value, and so low-cost AI “kills” the IP system in that
it becomes optimal to dismantle it entirely. This holds when outputs are purely func-
tional, such as routine data summaries or standardized reports, or when AI-generated
translations, generic images, and background music are viewed as perfect substitutes for
human-created counterparts, leaving no reason to subsidize human participation. More
broadly, whenever creative labor generates no meaningful positive externalities, IP pro-
tection becomes obsolete in the baseline model without consumer preferences.

The interpretation and value of γ therefore differs across different types of IP protec-
tion. As we discuss in more detail in Section 5.4, this implies our model’s implications
may differ for the patent system compared to the copyright system.18

18In Section 5.4, we also discuss the patent system’s role in incentivizing the disclosure of techni-
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Signal Noise. One caveat to the result in Corollary 1 is that the observability of AI
use may vary across different types of intangibles. To capture this notion, in Section 5.2
we present an extension to study the effect of signal noise. This extends our result
in Corollary 1 by showing that it may be optimal to “kill” the IP system by setting
q∗ = ∆q∗ = 0 if the signal is sufficiently noisy, despite a positive social value of human
capital γ > 0. Intuitively, if the signal is imprecise, the firm may receive protection even
if it uses little human capital. This creates the social cost of monopoly rights without
effectively stimulating human-capital use. Just as a lack of social value (γ = 0) eliminates
the need to incentivize human capital, a lack of signal informativeness can eliminate the
IP system’s ability to provide such incentive efficiently.

Dynamic AI Training. One consideration absent from our analysis is the dynamic
interactions among the IP policy, firms’ human-capital use, and future AI costs. For
example, the use of human capital in innovation today can have significant implications
for the cost of using AI in innovation in the future via its effects on data used to train
AI models. Similarly, today’s granting decisions can affect the availability of data for AI
training. While a full investigation of these interactions is beyond the scope of our paper,
we briefly sketch their implications for incentives in Online Appendix C.4. Specifically,
we embed our model in a two-period economy corresponding to two separate innovation
rounds. The IP officer sets a single IP policy for both periods at the beginning of the
first period. Importantly, the second-period cost ψ2 is a function of both human-capital
use and the IP decision in the first round. Therefore, the optimal IP policy slope differs
between the dynamic and static settings, with the officer setting a larger slope in the
dynamic setting if the net effect of the previously mentioned interactions results in the
slope decreasing future AI costs. However, the sign of this net effect is still an open
question and further empirical evidence is needed to assess the relative strength of these
channels. Nonetheless, Online Appendix C.4 shows that the incentives derived from our
baseline analysis provide the foundation for decisions even in a dynamic setting.

Direct Subsidies. When considering the role of the IP system in granting both inno-
vation and human-capital subsidies, one might consider an alternative system in which
direct subsidies are granted rather than monopoly commercialization rights. While this
would circumvent the loss in consumer surplus due to monopoly rights, it would require
the regulator, rather than the market, to determine the appropriate level of subsidies.
Still, if monopoly profits (πG) and competitive profits (πD) could be perfectly forecast,
then direct subsidies could exactly satisfy the firm’s participation constraint and in-
centivize human-capital use while always establishing a competitive market. However,

cal information that facilitates follow-on innovation, which may prevent the patent system from being
“killed.”
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forecasting the market for a new product is often difficult and has therefore been some-
thing IP systems have explicitly avoided (Bleistein v. Donaldson Lithographing Co., 1903;
U.S. Copyright Office, 2025b). Given the considerable uncertainty in forecasting profits,
granting monopoly commercialization rights gives the firm a residual claim on the market
it creates, aligning incentives for producing valuable innovation and using the appropriate
level of human capital.19 Thus, although we do not include profit-forecast uncertainty
in our model, we focus on an IP system that provides subsidies through the granting of
monopoly commercialization rights.

4 Consumer Preference for Human Capital

In the baseline model, firm profits and consumer surplus are independent of the firm’s
human-capital use. However, consumers may prefer products that commercialize human-
developed intangibles (i.e., human-developed products). This preference is most salient
for IP where consumers connect with a human creator, rather than purely functional
innovations. For example, experimental and survey evidence show that participants like
various products less once they learn it was generated by AI, independent of product
quality, indicating an inherent preference for human-created output. This has been doc-
umented for art (Horton et al., 2023), music (Tubadji et al., 2021), books (Manewitsch
and Kalb, 2025), newspaper articles (Kennedy and Yam, 2025), and personal advice
(Osborne and Bailey, 2025).20

In this section, we introduce consumer preference for human-developed products to
our model. This enables us to study consumers’ inference problem for AI use and its
interaction with the IP system in the presence of adverse selection. Initially, we concep-
tualize this preference as an intrinsic taste independent of product quality. It is therefore
more likely to apply to works that are protected by copyright, such as the examples listed
above. Nonetheless, in Section 5.3, we modify the consumer’s information set such that
this preference can be interpreted as a preference for product quality. This interpretation
may therefore be more relevant for patent-protected inventions, provided that human-
developed inventions are of higher quality than AI inventions. We discuss the different
implications for copyright- and patent-protected innovations in more detail in Section 5.4.

4.1 New Model Elements

The preference for human-developed products is captured by taking consumer surplus,
ua, as an increasing function of human capital h, i.e., ua(h). Consequently, the firm’s

19Similar arguments are supported, both empirically and theoretically, in the literature on executive
compensation (e.g., Holmström, 1979; Garen, 1994; Coles et al., 2006).

20Also broadly consistent with this notion, experimental evidence documents an aversion to algorithms
(Dietvorst et al., 2015; Castelo et al., 2019; Dargnies et al., 2024).
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profits πa also increase with h, i.e., π′
a(h) > 0, as a higher h increases consumer willing-

ness to pay. We assume π′
G(h) > π′

D(h), which means that the firm has a larger marginal
benefit from favorable consumer beliefs when IP protection is granted. Economically, this
assumption reflects that monopoly rights enable firms to extract a greater share of con-
sumers’ willingness to pay for human-developed products. Online Appendix B.1 provides
a microfoundation for this assumption under Cournot competition with a representative
consumer who has a preference for human capital h.21

Consumer Beliefs and Information Set. Since the firm’s human-capital use is un-
observable, the consumer forms conjectures ĥL and ĥH regarding the firm’s human-capital
use and forms a posterior belief E[h] = pĥL + (1 − p)ĥH . For now, we assume that the
consumer does not receive an independent signal, such that the information set only
consists of the IP system variables (q,∆q). In Section 5.3, we relax this assumption by
allowing the consumer to observe an independent signal of h, which can, for example,
be interpreted as the product’s observable quality being correlated with human-capital
use (alternatively, the consumer may observe the granting decision a ∈ {G,D}). This
extension produces the same main insights from this section along with additional results.

Human-Capital Use. A firm of type ψ chooses its human-capital use h ∈ [0, 1] to
maximize expected profit Π(h, ψ), taking the consumer’s posterior belief E[h] and the
officer’s policy (q,∆q) as given. The firm’s expected profit is

Π(h, ψ) = Pr[a = G]πG(E[h]) + Pr[a = D]πD(E[h])− C(h, ψ). (7)

A rational expectations equilibrium requires the conjectures to be aligned with actions,
i.e., ĥ = h∗. Solving the firm’s maximization problem, the equilibrium level of human-
capital use h∗ is

h∗ = min

{
1,

∆q∆π(E[h∗])
ψ

}
, (8)

with ∆π(E[h∗]) ≡ πG(E[h∗]) − πD(E[h∗]) and where E[h∗] is formed using h∗L and h∗H .
Compared to the human-capital use in the baseline model in Eq. (5), consumer preferences
create a demand-side benefit for human-capital use h∗. This benefit operates entirely
through the consumer beliefs E[h∗]. Given the assumption π′

G(h) > π′
D(h) > 0, the profit

premium from IP protection widens as consumer beliefs improve, ∆π′(E[h∗]) > 0.
21We also show that allowing for endogenous entry fixes πD such that π′

D = 0, amplifying the difference
between π′

G(h) and π′
D(h).
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4.2 Results

4.2.1 Adverse Selection Problem

In the presence of consumer preferences for human-developed products, asymmetric infor-
mation about the firm’s cost type ψ ∈ {ψL, ψH} generates an adverse selection problem in
the product market. The consumer cannot distinguish between the low-cost firm, which
optimally uses more human capital, and the high-cost firm, which uses less. Consequently,
the rational consumer forms a pooled equilibrium belief E[h∗] about the expected level of
human-capital use that determines the willingness to pay. This pooled belief benefits the
high-cost firm, whose actual use is lower than the belief (h∗H < E[h∗]), while penalizing
the low-cost firm, whose actual use exceeds it (h∗L > E[h∗]).

This adverse selection problem affects the firm’s profit πa, which in turn has two
effects. First, it distorts incentives for how much human capital each firm uses:

Lemma 2. Define h∗∗ = min
{
1, ∆q∆π(h

∗∗)
ψ

}
as the firm’s human-capital use if consumers

could perfectly observe the firm’s type. In a pooling equilibrium in which both firms invest,
the low-cost firm’s human-capital use is below this benchmark and the high-cost firm’s
human-capital use is above this benchmark: h∗L < h∗∗L and h∗H > h∗∗H .

Proof. See Appendix A.5.

Second, the adverse selection problem can lead to inefficient innovation investment
decisions. Given a consumer belief E[h∗] and policy (q,∆q), a firm of type ψ invests if
Π∗(h∗, ψ) ≥ 0. This condition implies that investment only occurs if E[h∗] is sufficiently
large. The adverse selection problem can therefore potentially lead to the low-cost firm
inefficiently forgoing innovation investments when it is pooled with the high-cost firm.

We next analyze how the IP system can mitigate these effects. Working backwards
through the model timeline, we first assume that both firm types invest and show how the
policy slope ∆q can set off a positive feedback loop in consumer beliefs that reduces the
distortion in human-capital use. We then study how the IP system (q,∆q) can resolve
the adverse-selection problem by deterring the high-cost firm from investing.

4.2.2 Feedback Loop

In order to characterize how the IP policy affects the distortion of human-capital use, we
first derive the effect of the policy slope ∆q on human-capital use conditional on both
types investing. In the presence of consumer preferences, the slope has two such effects.
For an interior solution h∗ ∈ (0, 1), we can decompose the marginal effect of ∆q as follows:

dh∗

d∆q
=

1

ψ
∆π(E[h∗])︸ ︷︷ ︸

Direct incentive

+
∆q

ψ

d∆π(E[h∗])
dE[h∗]

dE[h∗]
d∆q︸ ︷︷ ︸

Indirect feedback loop

. (9)
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The first term shows that ∆q provides a direct IP system-based incentive by raising
the expected profit premium associated with obtaining IP protection (∆π(E[h∗])). This
incentive exists regardless of consumer preferences for human-capital use, mirroring the
effect of the baseline model, where dh∗/d∆q = ∆π/ψ (see Eq. (5)).

The second term is unique to this setting due to consumer preferences for human-
developed products. It captures a feedback loop initiated by the policy’s role as a credible
signal to the consumer. Because the IP policy is observable, the slope ∆q signals the
anticipated equilibrium level of human-capital use. A higher ∆q signals stronger firm
incentives, leading the consumer to form higher beliefs about the firm’s human-capital
use (i.e., dE[h∗]

d∆q
> 0). Since the profit premium from IP protection widens as consumer

beliefs improve, this increase in E[h∗] raises the firm’s expected profit premium associated
with IP protection (i.e., ∆π′(E[h∗]) > 0). This larger profit premium then feeds back into
the firm’s incentives and amplifies the marginal benefit of investing in h, which in turn
increases consumer beliefs. That is, consumer preferences generate a feedback loop: an
increase in ∆q increases consumers’ beliefs about h, leading to a higher profit premium
∆π, which in turn leads to a higher human-capital use h, further increasing consumers’
beliefs about h, and so on.

It is important to note that this effect of ∆q operates even if the consumer does not
observe the officer’s final decision a ∈ {G,D}. Instead, it suffices that the consumer
knows that the IP policy rewards positive signals about human-capital use; this leads
to an upward revision in the consumer’s belief about h, setting off the feedback loop.
Economically, this feedback loop implies that an IP policy that is more sensitive to
human-capital inputs (i.e., a higher ∆q) induces the consumer to believe that firms are
using more human capital, while a policy that is less responsive to human-capital inputs
(i.e., lower ∆q) signals lower human-capital use. For example, China’s copyright policy
grants protection to AI-generated works when a human has carefully engineered the
prompt provided to the model. In contrast, U.S. copyright policy views such works as
having insufficient human input, and so does not grant protection. As a result, when
assessing a particular work, consumers may be more likely to infer that AI was used in
creating the work if it was created in China as opposed to the U.S.

The following proposition summarizes how the feedback loop amplifies the effect of
the policy slope on human-capital use:

Proposition 3. Consumer preferences for human-developed products give rise to a feed-
back loop that amplifies the effect of ∆q on the firm’s human-capital use as long as π′

G(h) >

π′
D(h). That is, dh∗

d∆q
is greater compared to a counterfactual in which π′

G(h) = π′
D(h).

This amplification effect is stronger for the low-cost firm’s human-capital use.

Proof. See Appendix A.6.

Proposition 3 has important implications for the distortion of human-capital use due
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to adverse selection. Recall that Lemma 2 shows that adverse selection causes the low-
cost firm to under-utilize human capital while the high-cost firm over-utilizes it. Because
both effects in Eq. (9) are scaled by ψ, the effect of ∆q on h∗ is stronger for the low-cost
firm. This implies that as ∆q increases, it increases h∗ for the low-cost firm more than for
the high-cost firm, which results in a net reduction in distortion. A larger ∆q therefore
mitigates the distortion in human-capital use. Moreover, since the feedback loop amplifies
the effect of ∆q on h∗, it further contributes to this mitigation.

Implications for the Optimal IP Policy. In Online Appendix B.3, we re-derive the
optimal IP policy and find that the presence of consumer preferences drives up the use
of ∆q, independent of the social value of human capital γ. The reason is that the firm’s
optimal human-capital use does not internalize the positive effect of higher beliefs on
consumer surplus and profits (the latter because the firm takes the consumer’s belief as
given). Consequently, the result in Corollary 1 (“AI kills the IP system”) is altered by
consumer preferences. Even if the social value of human capital γ is zero, the IP system
may remain valuable in providing a credible signal to the consumer.

Corollary 2. In the presence of consumer preferences for human-developed products, it
may be optimal to maintain a positive slope ∆q∗ > 0 even if the social value of human
capital γ is zero.

Proof. See Appendix A.7.

4.2.3 Investment Decision Under Adverse Selection

The IP policy can also shape and potentially mitigate the adverse selection problem by
affecting which firm decides to invest, thereby determining whether a pooling or separat-
ing equilibrium emerges. Recall that the base grant probability q acts as an innovation
subsidy, raising the expected payoff Π for both types without affecting their marginal
incentive to invest in h∗. The officer can therefore use q to counteract the profit reduc-
tion caused by low beliefs E[h∗]. Because the expected profit of a low-cost firm Π∗(ψL)

is weakly higher than that of the high-cost firm Π∗(ψH), the low-cost firm invests at a
lower threshold q than the high-cost firm. The following proposition characterizes how q

shapes the equilibrium structure.22

Proposition 4. For a fixed ∆q, there exist thresholds qL, qH , and qB that satisfy the strict
ordering qL < qH < qB. These thresholds are defined in Appendix A.8 and characterize
the unique Pareto-dominant equilibrium as follows:

22To streamline the analysis, we focus on the case where the base grant probability q required to
induce investment under the most pessimistic belief (E[h] = 0) is strictly higher than that required to
sustain the equilibrium where both types invest. This limits the number of cases we need to consider,
see Appendix A.8.
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(i) If q < qL, no investment occurs.

(ii) If qL ≤ q < qH , only the low-cost firm invests.

(iii) If qH ≤ q < qB, no investment occurs.

(iv) If q ≥ qB, both types of firm invest.

Proof. See Appendix A.8.

The interval q ∈ [qH , qB) presents a region of market breakdown caused by the adverse
selection problem. In this region, the base grant probability q is sufficiently high to attract
the high-cost firm to invest if the consumer holds the favorable belief h∗L, which then
disrupts the equilibrium where only the low-cost firm invests. However, once consumer
beliefs adjust downward to E[h∗] in response to this potential investment by the high-cost
firm, the base grant probability q becomes insufficient to make investment profitable for
the high-cost type. Thus, the potential investment by the high-cost type drives down
consumer beliefs sufficiently to cause the market to collapse.

An important policy insight is that the officer can resolve this failure by strategically
decreasing q to make the IP system stricter. By setting q below qH , the officer effectively
screens out the high-cost firm. This exclusion allows the consumer to maintain the
favorable belief h∗L, restoring the investment incentives for the low-cost firm. The following
proposition formalizes this insight by comparing expected welfare in the equilibrium with
q = qL versus the equilibrium with q = qB, which under Assumption 1 represent the
welfare-maximizing policies for inducing participation from the low-cost type alone and
both types, respectively.

Proposition 5. Let the difference in the marginal cost be defined as ∆ψ ≡ ψH−ψL. For
a fixed ∆q, there exists a unique cutoff ∆̃ψ such that for all ∆ψ > ∆̃ψ, the equilibrium
with q = qL, in which only the low-cost type invests, yields strictly higher expected welfare
than the equilibrium with q = qB, in which both types invest.

Proof. See Appendix A.9.

While Assumption 1 implies that it is in itself undesirable to prevent the high-cost
firm from investing, the value of its innovation investment needs to be weighed against
the cost of the adverse selection discount it imposes on the low-cost firm. When the cost
difference ∆ψ is small, the high-cost firm is relatively efficient in using human capital. In
this case, the welfare loss from its lower human-capital use is outweighed by the value of
its investment in innovation, making the equilibrium in which both types invest desirable.
However, as ∆ψ increases, the high-cost firm becomes increasingly inefficient. The officer
must offer an increasingly large subsidy qB to sustain its investment, which generates
welfare loss due to monopoly rights. In addition, the inclusion of the high-cost firm
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degrades consumer beliefs, lowering the incentives for the low-cost firm to use human
capital. Once the cost asymmetry exceeds the cutoff ∆̃ψ, these costs dominate, and it
becomes socially optimal to screen out the high-cost firm entirely to prevent the adverse
selection discount for the low-cost type.

This result highlights a novel function of the base grant probability q that is absent in
our baseline model. In the baseline analysis without consumer preferences, the base grant
probability q acts solely as an innovation subsidy but has no impact on how much human
capital h∗ the firm uses once it has invested. By contrast, in the presence of consumer
preferences, tightening the base grant probability (lowering q below qB) screens out the
high-cost firm from investing and resolves the adverse selection problem. This leads the
consumer to update their belief from the average E[h∗] to the higher separating belief
h∗L, resulting in a higher willingness to pay and profit premium ∆π. Consequently, the
low-cost firm responds to this belief update by increasing its human-capital use h∗L. Thus,
consumer preferences create a link between the base grant probability q and the firm’s
human-capital use.

The Role of ∆q. Proposition 4 shows how the intercept q shapes the equilibrium in-
vestment decision for a given slope ∆q. Online Appendix B.4.1 complements this analysis
by deriving how ∆q affects the thresholds in Proposition 4. Two insights emerge. First,
an increase in ∆q benefits firm profits and relaxes the participation constraints, lowering
the thresholds qL, qH , and qB. Second, this effect is differential across types. Because
∆q rewards human capital at the margin and the low-cost firm uses more human capi-
tal, a higher ∆q disproportionately slackens the low-cost firm’s participation constraint.
This widens the window of q over which only the low-cost firm invests, i.e., widening the
q ∈ [qL, qH) region. This demonstrates that ∆q has a screening role complementary to
its role to incentivize human-capital use highlighted in Eq. (8).

Moreover, in Online Appendix B.4.2, we show that this screening role of ∆q is par-
ticularly important if we relax the assumption that the AI cost floor ψ is uniform across
the two types. Specifically, if the firm with high human-capital cost (ψH) has a lower
AI cost floor ψ, then it could be the more profitable firm. If it is, then the participation
constraint for the firm with ψH becomes the easier of the two to satisfy, and lowering q
can result in screening out the firm with low human-capital cost (ψL) instead. By con-
trast, ∆q retains its ability to screen out the firm with ψH because it disproportionately
benefits the profits of the firm with ψL. In addition, a high ∆q can reinstate the regime
where the firm with ψL is more profitable, recovering the ability for q to screen out the
firm with ψH . In this case, a high ∆q may also become a screening prerequisite if the IP
officer prefers the equilibrium in which only the firm with ψL invests.
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5 Model Extensions and Discussion

5.1 Continuous Signal

In our baseline model, the officer receives a binary signal about whether the use of human
capital exceeds the threshold for IP protection, which is implicitly set by q and ∆q. While
this setting provides tractability and cleanly separates the effects of the “level” and “slope”
of the IP policy, it is more difficult to directly map into a threshold of human-capital use.

To capture this mapping, we consider a version of our model where the officer sets
a human-capital-use threshold for IP protection, h̄ ∈ [0, 1], and observes a continuous
signal s = h + ε, where ε ∼ N (0, σ2), about the firm’s use of human capital. The
officer then forms a rational expectation about the firm’s human-capital use. In Online
Appendix C.3, we show that this setup reduces the granting decision to a threshold rule
on s, where the officer grants IP protection if the signal exceeds a unique threshold s̄,
which is an increasing function of h̄. Therefore, as in the baseline model, the IP policy is
defined as a cumulative distribution function (CDF) that is a function of human-capital
use (cf. Eq. (3)). In the continuous setting, this means the policy follows the CDF of a
normal distribution and the slope of the policy is given by the probability density function
(PDF) of a normal distribution.

We then explore the firm’s optimal human-capital use in this setting. The general
formula for the firm’s first order condition for human-capital use given in Eq. (4) in the
baseline model continues to hold. That is, the effect of the IP policy on human-capital use
is entirely driven by the slope of the policy, i.e., the marginal probability of being granted
IP protection (PDF). This implies that the effect of the threshold on optimal human-
capital use depends on how changes in h̄ affect the PDF. In Online Appendix C.3, we
show that this effect is ambiguous, with dh∗

dh̄
≥ 0 if and only if s̄ ≤ h∗. Thus, leniency

with respect to human-capital use can either increase or decrease human-capital use, and
so is not a sufficient heuristic for how the IP policy affects firms’ incentives to use human
capital.

5.2 Signal Noise

In the baseline model, the noisiness of the signal is fixed and higher human-capital use
h translates one-for-one to a higher probability of the officer receiving a positive signal.
However, in reality, signal noise depends on how difficult it is to detect AI use and may
therefore vary across types of intangibles and over time. To study how noise affects
human-capital use and the two roles of the IP system, we introduce a signal informative-
ness parameter ρ ∈ [0, 1].

Let the probability of observing a positive signal s = A given human capital h be
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defined as a weighted average of the true human-capital use and random noise:

Pr[s = A|h] = ρh+ (1− ρ)
1

2
.

This specification nests our baseline model and a pure noise case. Specifically, setting
ρ = 1 recovers the baseline where the probability of a positive signal equals h. Setting
ρ = 0 represents an uninformative pure-noise case where the probability of a positive
signal is 1

2
and is uncorrelated with h. The probability of obtaining IP protection, which

is given by Eq. (3) in the baseline model, is now given by:

Pr[a = G] = q +∆q

(
ρh+

1− ρ

2

)
.

The Effect of Signal Noise on Human-Capital Use. The firm chooses h to maxi-
mize expected profits, resulting in the optimal human-capital use

h∗ =
ρ∆q∆π

ψ
. (10)

As the signal becomes noisier (ρ→ 0), the firm’s optimal human-capital use h∗ approaches
zero for any fixed slope ∆q. This effect captures the dilution of incentives, as h translates
less effectively into a positive signal s = A. This highlights that the effect of noise in the
granting decision on the optimal human-capital use only depends on how noise changes
the slope of the IP system, ∂ Pr[a=G]

∂h
, which is given by ρ∆q in this model.

5.2.1 Killing the IP System With Noise

Corollary 1 establishes that when the social benefit of human capital, γ (or v(h)), is zero,
the slope ∆q of the IP system is “killed.” The following corollary shows that noise in the
signal can lead to the same result, potentially killing the IP system even when γ > 0.

Corollary 3. Let Λ ≡ −(∆π + ∆u) > 0 be the welfare loss due to monopoly rights.
There exists a threshold ρ̄ = Λ

2γ∆πE[1/ψ]+Λ
such that, if signal informativeness falls below

this level, i.e., ρ ≤ ρ̄, then it is welfare-maximizing to set ∆q∗ = 0.

Proof. See Appendix A.10.

This result reinforces the insight from Corollary 1 regarding the slope ∆q. Just as
a lack of social value (γ = 0) eliminates the need to incentivize human capital, a lack
of information (ρ ≤ ρ̄) eliminates the IP system’s ability to provide such an incentive
efficiently. In both cases, the optimal IP policy is to set the slope to zero (∆q∗ = 0).

To understand this result, it is instructive to examine the first-order condition of
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expected welfare with respect to ∆q:

dE[W ]

d∆q
= γρ∆πE

[
1

ψ

]
− ρ2∆π

(
− (∆π + 2∆u)

)
E
[
1

ψ

]
∆q − Λ(1− ρ)

2
= 0. (11)

This condition characterizes the trade-off between the marginal social benefit and the
marginal social cost of increasing the slope ∆q. The first term represents the linear
marginal benefit of human-capital use. The second term captures the marginal cost of
human-capital use (consisting of the direct cost C(h, ψ) and the indirect cost of monopoly
rights caused by increases in h). These first two terms mirror the baseline model, provided
that the firm’s human-capital choice h∗ is scaled by the signal informativeness ρ. The
third term is unique to this extension. It represents the linear marginal cost caused by
the additional noise of the signal s, which is the social cost of granting monopoly rights
based on uninformative noise rather than h.

If ρ = 1, the third term in Eq. (11) is equal to zero. As shown in Corollary 1, in this
case it is socially optimal to induce some human-capital involvement as long as γ > 0.
However, as ρ declines, the signal becomes noisier and the cost of granting monopoly
rights based on uninformative noise, captured by the third term, increases. At the same
time, the marginal benefit, captured by the first term, declines. For sufficiently low ρ,
the cost exceeds the benefit, thus defining the threshold ρ̄ in Corollary 3.

To summarize, this extension builds on our result in Corollary 1 as follows: If the cost
of AI is sufficiently low (i.e., πD ≥ ψ) such that it is unnecessary for the IP system to act
as an innovation subsidy, and additionally either γ = 0 or ρ ≤ ρ̄, then AI “kills” the IP
system in that the optimal policy is to entirely dismantle the IP system (q∗ = ∆q∗ = 0).

5.3 Consumers’ Information

In Section 4, we analyze the impact of consumer preferences for human-developed prod-
ucts under the assumption that the consumer cannot observe the firm’s human-capital
use directly. In this extension, we relax this assumption by introducing an informative
signal sc, which is directly observed by the consumer and allows the consumer to up-
date their beliefs regarding the firm’s input. We provide the formal analysis in Online
Appendix C.2. It is natural that the consumer receives some information about h, for
example, through observable characteristics. One interpretation of this signal is the re-
alized quality of the product observed by the consumer. This interpretation applies if
higher product quality is associated with more human-capital use, allowing the consumer
to infer the extent of human input from the observed quality. Another interpretation is
that the consumer observes the realized IP decision a ∈ {G,D}. In this case, the granting
decision itself is informative about the firm’s human-capital use because higher h makes
a grant a = G more likely.
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In the model in Section 4, the firm cannot signal its human-capital use to the con-
sumer. In contrast, in this setting, the firm’s choice of h determines the distribution
of the signal sc and, consequently, the consumer’s willingness to pay. This has two im-
portant implications. First, the signal mitigates the adverse selection problem identified
in Section 4.2.1 because it enables differentiation. As the low-cost firm optimally uses
more human capital, it generates favorable signals for the consumer more often than the
high-cost firm. As shown in Online Appendix C.2, this mechanism ensures that the low-
cost firm achieves strictly higher expected consumer beliefs and profits than the high-cost
firm, reducing the adverse selection discount.

Second, the presence of the consumer’s signal sc introduces a new incentive for the
firm to use human capital, which we term the “Information Incentive.” Specifically, the
firm’s human-capital use is determined by the following condition:

ψh∗ =∆q · Esc [πG(E[h|sc])− πD(E[h|sc])]︸ ︷︷ ︸
IP Incentive

+

∫
sc

∂f(sc|h)
∂h

(
(q +∆qh)πG(E[h|sc]) +

(
1− (q +∆qh)

)
πD(E[h|sc])

)
dsc︸ ︷︷ ︸

Information Incentive

.
(12)

The firm’s optimal human-capital use equates the marginal cost ψh to the sum of two
components. The first component is the “IP Incentive,” which is the expected profit
premium from obtaining IP protection. This term mirrors the one in the consumer-
preference model in Eq. (8). The second component is the “Information Incentive” and
is unique to this extension. This term captures the marginal increase in expected profits
resulting from the shift in consumer beliefs driven by a more favorable signal distribution.
Importantly, this component incentivizes the firm to use human capital independently of
the profit premium provided by monopoly rights. This occurs because increasing human-
capital use makes favorable signals more likely (i.e., ∂f(sc|h)

∂h
> 0), resulting in higher

consumer beliefs E[h|sc] and willingness to pay, which in turn increases the firm’s profits
πa(E[h|sc]).23

Moreover, as derived in Online Appendix C.2, the “Information Incentive” amplifies
the firm’s responsiveness to the slope ∆q. Beyond the effect of ∆q in the model without
consumer signals, here ∆q interacts with the “Information Incentive” by increasing the
firm’s marginal benefit of generating favorable signals. This interaction occurs because
favorable signals lead to higher consumer beliefs, which increase the profit premium ∆π(·)
given the assumption π′

G(·) > π′
D(·). Since the slope ∆q determines the marginal proba-

23In the special case where the consumer’s signal is the officer’s granting decision itself, i.e. sc =
a, the probability of granting protection (a = G) is the probability that the consumer observes the
favorable signal (s = G), so the “IP Incentive” and the “Information Incentive” are no longer separable.
Online Appendix C.2 provides this binary-signal example and shows how the firm’s marginal benefit can
nevertheless be decomposed into these two components.
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bility of capturing this profit premium, the effect of ∆q is amplified when this premium
is larger. Because the profit premium is higher when signals are more favorable, a higher
∆q increases the firm’s marginal benefit of generating favorable signals. Consequently,
the firm’s human-capital use becomes more responsive to ∆q. This increased responsive-
ness implies that the IP officer can achieve the socially optimal level of human-capital
use with a flatter policy slope. Therefore, the presence of informative consumer signals
lowers the socially optimal slope ∆q relative to the case without consumer information.

5.4 Copyright Versus Patents

Our baseline model is designed to broadly accommodate both the copyright and patent
settings for IP protection. However, model parameters may differ substantially across
these settings, leading to substantially different implications. In particular, the social
value of human-capital use and consumer preferences for human-developed products are
likely to diverge between the copyright and patent contexts. In this section, we interpret
the model parameters within each setting to contrast the resulting implications for firm
investment and innovation.

Copyrightable works such as music or paintings are more likely to generate a positive
social value of human-capital use. For example, if creativity provides an inherent joy that
enriches people’s lives, the copyright office may want to design the system to encourage
such opportunities. Furthermore, survey evidence suggests that consumers prefer these
types of works to be created by humans, implying a stronger adverse-selection problem.
Both of these effects drive the copyright office toward a more strongly differentiated pol-
icy (higher ∆q, see Propositions 2 and 6), with the system taking on increased roles in
subsidizing, signaling, and screening for human-capital use (see Corollary 1, Corollary 2,
and Proposition 5). If the social value of human-capital use and the adverse-selection
problem are especially large, the copyright system may altogether “kill” firms’ incentives
to use AI for such works (see Proposition 1). The relatively low degree of natural exclud-
ability for these works further amplifies firms’ sensitivity to protection, strengthening the
copyright system’s ability to do so (see Section 3.3.2).

By comparison, patentable inventions are less likely to either generate social value
from human-capital use or carry an intrinsic consumer preference for human involve-
ment. For example, in the development of a new vaccine, efficacy and time-to-market are
likely more important than incentivizing the participation of humans in the development
process. However, it remains unclear how AI- and human-developed inventions compare
in terms of quality. With AI models continuing to improve, it is easy to foresee a future
in which AI is able to produce superior inventions at faster speed and lower cost. Alter-
natively, the reliance of AI models on prior knowledge may limit their creative capacity,
and large quantities of AI output could inhibit sufficient quality assurance. If the latter
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concerns dominate, then consumers may have a preference for human-capital use that
reflects innovation quality (see Section 5.3), and the IP system’s role in mitigating poten-
tial adverse selection becomes critical due to the consequences of innovation quality for
future economic growth. Nonetheless, at present, the preference for human-capital use
appears weaker for patentable inventions compared to copyrightable works. This implies
a less differentiated policy (lower ∆q) for the patent system and greater protection for
AI-generated output (see Propositions 2 and 6). Recent changes in the USPTO’s guid-
ance for AI-assisted inventions align with this prediction. The agency has shifted from
a separate standard for AI-assisted inventions to a uniform standard that treats AI as
a tool in the inventive process, provided that the human inventor(s) can demonstrate
conception (U.S. Patent & Trademark Office, 2025).

As a result, patent-dependent firms face weaker incentives to use human capital.
However, lower AI costs ψ still reduce the baseline policy leniency q, implying that firms
face a stricter standard for patenting as AI makes innovation easier (see Section 3.3.3).
Nonetheless, with limited social value of human-capital use, negligible welfare losses due
to adverse-selection distortions, and a higher degree of natural excludability due to the
difficulty of copying inventions without technical information, firms may become less
dependent on patent protection as AI models improve. Consequently, AI is more likely
to “kill” the patent system (see Corollary 1).24

6 Conclusion

We develop a model to analyze how the lack of IP protection for AI-generated output
affects firms’ incentives to invest in innovation and use AI in the innovation process. While
AI offers substantial cost advantages, IP systems currently deny protection to intangible
assets developed without meaningful human input. This creates a fundamental tension
between the cost advantages of AI-based innovation and the monopoly profits granted by
IP protection to human-developed intangibles.

Our analysis yields several insights. First, we characterize how the IP system affects
firms’ incentives through two interesting edge cases. On the one hand, the IP policy can
completely disincentivize AI use, “killing” AI in innovation. On the other hand, when
AI costs are sufficiently low, granting IP protection is no longer necessary to incentivize
innovation investment. But rather than “killing” the IP system, we show that this may

24One consideration absent from our model is the patent system’s role in incentivizing the disclosure of
technical information through published patents. This disclosure generates positive knowledge spillovers
that may incentivize the patent officer to set a positive q even if the conditions of Corollary 1 are
satisfied. However, it remains unclear how improvements in AI models will affect the value of disclosure.
For example, AI models may become better at reverse-engineering inventions or developing subsequent
inventions without patent disclosures. If these possibilities manifest, then AI may “kill” the disclosure
role of patents as well.
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shift the system from an innovation subsidy to a human capital subsidy. Second, when
consumers value human-developed products but cannot directly observe human-capital
use, an adverse selection problem arises that distorts firms’ incentives and can lead to
market collapse. The IP system can mitigate this distortion by acting as a credible signal
of incentives for human-capital use or by deterring investment by high-cost firms.

Taken together, these results illustrate how corporate innovation and the role of IP
systems may evolve in the age of generative AI. Whether IP systems “kill’’ the use of AI
in innovation, AI “kills’’ the need for IP systems, or something in between depends on
important parameters such as AI costs, the value of the product market being created,
the social value of human capital, the observability of AI use, and consumer preferences
for human-developed products. Our analysis provides a characterization of how these
parameters interact within the innovation process, facilitating the assessment of specific
cases by future research.

29



A Proofs

A.1 Proof of Lemma 1

The expected profit of a firm with cost type ψ is

Π(h∗, ψ) = Pr[a = G]πG + (1− Pr[a = G])πD − C(h∗, ψ)

= (q + h∗∆q)πG + (1− q − h∗∆q)πD − ψ − ψ

2
(h∗)2.

Substituting the interior solution h∗ = ∆q∆π
ψ

from Eq. (5):

Π(h∗, ψ) =

(
q +

∆q∆π

ψ
∆q

)
πG +

(
1− q − ∆q∆π

ψ
∆q

)
πD − ψ − ψ

2

(
∆q∆π

ψ

)2

= πD + q(πG − πD) +
(∆q)2∆π

ψ
(πG − πD)− ψ − (∆q)2(∆π)2

2ψ

= πD + q∆π +
(∆q)2(∆π)2

ψ
− ψ − (∆q)2(∆π)2

2ψ

=
(∆q)2(∆π)2

2ψ
+ q∆π + πD − ψ.

Thus, investment occurs if and only if:

πD + q∆π +
(∆q)2(∆π)2

2ψ
≥ ψ.

A.2 Proof of Proposition 1

From Eq. (5), if ∆q∆π ≥ ψ, then the solution to the first-order condition is greater than
or equal to 1. Since h is constrained to be in [0, 1], the firm chooses the corner solution
h∗ = 1.

To ensure investment, Condition (6) in Lemma 1 needs to hold. Rearranging this
condition to solve for the marginal benefit of human capital, ∆q∆π, yields the minimum
required benefit for investment (assuming the term inside the square root is non-negative):

∆q∆π ≥
√
2ψ(ψ − πD − q∆π).

A.3 Proof of Proposition 2

Proof. In this proof, we first derive the optimal IP policy and expected welfare for two
cases: (i) the pooling equilibrium, where the officer induces investment by both firm
types, and (ii) the separating equilibrium, where the officer induces investment only by
the low-cost type. We then derive the condition under which the pooling equilibrium
dominates the separating equilibrium, which is the case we focus on in Section 3.
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Pooling Equilibrium. In the pooling equilibrium, the IP officer maximizes expected
social welfare subject to the constraint that both firm types invest in innovation. Since
the high-cost firm (ψH) is less profitable than the low-cost firm (ψL), ensuring the high-
cost firm invests guarantees that the low-cost firm also invests. The officer’s maximization
problem is given by:

max
q,∆q

E[W ] = pW (ψL, q,∆q) + (1− p)W (ψH , q,∆q)

s.t. Π(ψH) ≥ 0.

Where the participation constraint for the firm with cost ψH is:

Π(ψH) = πD + q∆π +
(∆q∆π)2

2ψH
− ψ ≥ 0.

Substituting the social benefit function v(h) = γh and the firm’s optimal human-capital
use h∗ = ∆q∆π

ψ
, the expected welfare simplifies to:

E[W ] = πD + uD − ψ + q(∆π +∆u) + ∆πγE
[
1

ψ

]
∆q +∆π

(
∆π

2
+ ∆u

)
E
[
1

ψ

]
(∆q)2

where E
[
1
ψ

]
= p

ψL
+ 1−p

ψH
.

We first solve the firm’s participation constraint for q. Given that the expected welfare
decreases with the base granting probability q, the optimal q is obtained by solving the
binding participation constraint for the firm with cost ψH ,

q∗ =
ψ − πD
∆π

− (∆q)2∆π

2ψH
,

as stated in Proposition 2. Substituting q∗ back into the expected welfare function reduces
the dimensionality of the officer’s maximization problem to ∆q,

max
∆q

E[W ] =πD + uD − ψ +

(
ψ − πD
∆π

− (∆q)2∆π

2ψH

)
(∆π +∆u)

+ ∆πγE
[
1

ψ

]
∆q +∆π

(
∆π

2
+ ∆u

)
E
[
1

ψ

]
(∆q)2.

The first-order condition with respect to ∆q is

dE[W ]

d∆q
= ∆πγE

[
1

ψ

]
+ 2∆q

(
∆πE

[
1

ψ

](
∆π

2
+ ∆u

)
− ∆π

2ψH
(∆π +∆u)

)
= 0.
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Re-arranging, the optimal slope ∆q∗ is:

∆q∗ =
γE
[
1
ψ

]
−2
(
E
[
1
ψ

] (
∆π
2

+∆u
)
− ∆π+∆u

2ψH

) =
γE
[
1
ψ

]
−
(
E
[
1
ψ

]
(∆π + 2∆u)− ∆π+∆u

ψH

) ,
as stated in Proposition 2. Therefore, the expected welfare under pooling equilibrium is:

E[W ]∗pool =

(
uD +

∆u

∆π
(ψ − πD)

)
+

∆πγ2
(
E
[
1
ψ

])2
2
(
−E

[
1
ψ

]
(∆π + 2∆u) + ∆π+∆u

ψH

) .
Separating Equilibrium. In the separating equilibrium, the IP officer maximizes the
expected social welfare generated by the low-cost firm, subject to the constraint that the
low-cost firm invests in innovation. The officer’s problem is:

max
q,∆q

E[W ] = pW (ψL)

s.t. Π(ψL) ≥ 0.

Where the participation constraint for the firm with cost ψL is:

Π(ψL) = πD + q∆π +
(∆q∆π)2

2ψL
− ψ ≥ 0.

Substituting the firm’s optimal human-capital use h∗L = ∆q∆π
ψL

, the expected welfare sim-
plifies to

E[W ] = p

(
πD + uD − ψ + q(∆π +∆u) +

∆πγ

ψL
∆q +

∆π

ψL

(
∆π

2
+ ∆u

)
(∆q)2

)
.

We solve the firm’s participation constraint for q:

q∗ =
ψ − πD
∆π

− (∆q)2∆π

2ψL
.

Substituting q∗ into the expected welfare, the officer’s maximization problem becomes:

max
∆q

E[W ] = p

(
πD + uD − ψ +

(
ψ − πD
∆π

− (∆q)2∆π

2ψL

)
(∆π +∆u)

+
∆πγ

ψL
∆q +

∆π

ψL

(
∆π

2
+ ∆u

)
(∆q)2

)
.
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The first-order condition with respect to ∆q is:

dE[W ]

d∆q
= p

∆πγ

ψL
+ p∆q

∆π∆u

ψL
= 0

The optimal ∆q∗ is:
∆q∗ =

γ

−∆u

Therefore, the expected welfare under separating equilibrium is:

E[W ]∗sep = p

(
uD +

∆u

∆π
(ψ − πD)

)
+

p∆πγ2

−2∆uψL
.

Comparing Pooling to Separating Equilibrium. Comparing the two equilibria,
the pooling equilibrium dominates the separating equilibrium if E[W ]∗pool ≥ E[W ]∗sep. The
difference is:

E[W ]∗pool − E[W ]∗sep

= (1− p)

(
uD +

∆u

∆π
(ψ − πD)

)
+

 ∆πγ2(E[1/ψ])2

2
[
−E[1/ψ](∆π + 2∆u) + ∆π+∆u

ψH

] − p∆πγ2

−2∆uψL

 .

Rearranging the terms, we obtain the following condition for the pooling equilibrium to
yield higher welfare:

(1− p)

(
uD +

∆u

∆π
(ψ − πD)

)
≥

∆πγ2

 p

−2∆uψL
− (E[1/ψ])2

2
(
−E[1/ψ](∆π + 2∆u) + ∆π+∆u

ψH

)


In this case, the optimal (q∗,∆q∗) provided in Proposition 2 apply. Otherwise, the
(q∗,∆q∗) for the separating equilibrium that are derived above apply.

A.4 Proof of Corollary 1

Proof. We examine the conditions under which the optimal policy is q∗ = 0 and ∆q∗ = 0.
First, consider ∆q∗. From Proposition 2, assuming an interior solution exists, for ∆q∗

to be zero, it must be that γ = 0 (since −(∆π + 2∆u) > 0). If γ > 0, then ∆q∗ > 0.
Thus, γ = 0 is a necessary condition.

Second, consider q∗. From Proposition 2, the optimal baseline probability is q∗ =
ψ−πD
∆π

− (∆q∗)2∆π
2ψH

. If γ = 0, then ∆q∗ = 0. Substituting this into the expression for q∗:

q∗ =
ψ − πD
∆π

. (13)
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For q∗ to be zero (or the corner solution 0 to be optimal), we require ψ−πD
∆π

≤ 0. Since
∆π > 0, this inequality holds if and only if ψ ≤ πD.

Therefore, the optimal IP system is dismantled (q∗ = ∆q∗ = 0) if and only if γ = 0

and πD ≥ ψ.

A.5 Proof of Lemma 2

Proof. The difference in human-capital use is

h∗ − h∗∗ =
∆q∆π(E[h∗])

ψ
− ∆q∆π(h∗∗)

ψ
=

∆q

ψ
(∆π(E[h∗])−∆π(h∗∗))

To prove that h∗L < h∗∗L and h∗H > h∗∗H , it suffices to show that h∗∗H < E[h∗] < h∗∗L .
In the benchmark case, the firm’s first-order condition for human-capital use is

ψh−∆q∆π(h) = 0.

The unique solution guarantees that the left-hand side is strictly increasing in h for both
ψH and ψL.

We first show that E[h∗] < h∗∗L . Recall that E[h∗] = ph∗L + (1 − p)h∗H , which is
equivalent to

E[h∗] = ∆q∆π(E[h∗])
(
p

ψL
+

1− p

ψH

)
.

Evaluate the low-cost firm’s first order condition for the benchmark case at h = E[h∗],

ψL E[h∗]−∆q∆π(E[h∗]) = ψL∆q∆π(E[h∗])
(
p

ψL
+

1− p

ψH

)
−∆q∆π(E[h∗])

= ∆q∆π(E[h∗])
(
p+ (1− p)

ψL
ψH

− 1

)
< 0,

where the inequality follows from ψL < ψH . Since

ψLh
∗∗
L −∆q∆π(h∗∗L ) = 0,

and the left-hand side is strictly increasing in h, it follows that

E[h∗] < h∗∗L .

Similarly, we show that E[h∗] > h∗∗H by evaluating the high-cost firm’s first order
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condition for the benchmark case at h = E[h∗],

ψH E[h∗]−∆q∆π(E[h∗]) = ψH∆q∆π(E[h∗])
(
p

ψL
+

1− p

ψH

)
−∆q∆π(E[h∗])

= ∆q∆π(E[h∗])
(
p
ψH
ψL

+ (1− p)− 1

)
> 0,

where the inequality follows from ψL < ψH . Since

ψHh
∗∗
H −∆q∆π(h∗∗H ) = 0,

and the left-hand side is strictly increasing in h, it follows that

E[h∗] > h∗∗H .

Therefore,

h∗∗H < E[h∗] < h∗∗L .

It follows that h∗L < h∗∗L and h∗H > h∗∗H .

A.6 Proof of Proposition 3

Proof. The feedback loop is captured by the term labeled “Indirect feedback loop” in
Eq. (9). If π′

G(h) > π′
D(h), then ∆π′(h) > 0 and therefore d∆π(E[h∗])

dE[h∗] > 0. Conversely, in
the counterfactual π′

G(h) = π′
D(h),

d∆π(E[h∗])
dE[h∗] = 0 and the feedback loop term is equal to

zero. Since ∆q
ψ
> 0, this implies that the feedback loop term leads to an increase in dh∗

d∆q

for both types.
To demonstrate that the feedback loop mitigates the adverse selection discount, first

note that by Eq. (9),

dh∗L
d∆q

− dh∗H
d∆q

=

(
1

ψL
− 1

ψH

)
∆π(E[h∗])︸ ︷︷ ︸

Direct incentive

+

(
1

ψL
− 1

ψH

)
∆q

d∆π(E[h∗])
dE[h∗]

dE[h∗]
d∆q

.︸ ︷︷ ︸
Indirect feedback loop

The second term shows that the feedback loop effect of ∆q on h∗L is larger compared to on
h∗H because 1

ψL
> 1

ψH
. Therefore, compared to the counterfactual without the feedback

loop (π′
G(h) = π′

D(h)), the feedback loop increases the difference between dh∗L
d∆q

and dh∗H
d∆q

.
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A.7 Proof of Corollary 2

Proof. See Proof of Proposition 6 in Online Appendix B.3.1. The expression for ∆q∗

shows that ∆q∗ > 0 even if γ = 0 given that the term ∂ E[W ]
∂ E[h∗]

dE[h∗]
d∆q

1
∆π

is positive.

A.8 Proof of Proposition 4

Proof. In this proof, we derive the equilibrium firm investment decisions as a function of
q, holding ∆q fixed. To proceed, we use the following lemma to formally establish the
impact of the IP policy on the firm’s expected profit.

Lemma 3. The expected profit of a firm of type ψ, denoted by Π∗(h∗, ψ), is increasing in
q and ∆q.

Proof. The following derivative based on Eq. (7) shows the effect of q and ∆q on the
firm’s expected profit:

dΠ∗

dq
= ∆π(E[h∗]) > 0.

dΠ∗

d∆q
= h∗∆π(E[h∗]) +

(
(q +∆qh∗)

dπG(E[h∗])
dE[h∗]

+ (1− (q +∆qh∗))
dπD(E[h∗])
dE[h∗]

)
dE[h∗]
d∆q

> 0.

Given that the profit premium ∆π(E[h∗]) is positive, both dΠ∗

dq
and the first term of dΠ∗

d∆q

are positive. The second term of dΠ∗

d∆q
is also positive due to the feedback loop detailed in

Section 4.2.2, where an increase in ∆q induces higher consumer beliefs about the firm’s
human-capital use, i.e., dE[h∗]

d∆q
> 0.

This monotonicity of the firm’s expected profit allows us to characterize the equilib-
rium investment using threshold values. To isolate the firm’s investment decision from
its human-capital use decision, we analyze the equilibrium by varying the base grant
probability q while holding the slope ∆q constant. Because the expected profit of a low-
cost firm Π∗(ψL) is weakly higher than that of the high-cost firm Π∗(ψH), the low-cost
firm invests at a lower threshold q than the high-cost firm. Consequently, the possible
equilibrium investment scenarios are:

1. No investment: If the low-cost firm cannot profitably invest under the consumer
belief E[h] = 0, the market collapses. We define qN as the threshold value of q that
makes the low-cost type break even under the belief E[h] = 0:

Π∗(ψL,E[h] = 0, qN ,∆q) = qN∆π(0) + πD(0) +
(∆q∆π(0))2

2ψL
− ψ = 0. (14)

For any q < qN , no firm invests given the belief E[h] = 0.
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2. Only the low-cost type invests: In this equilibrium, the consumer correctly
infers that only the low-cost type invests. The consumer belief is E[h] = h∗L, where
h∗L solves the fixed-point equation E[h] = h∗L(E[h]):

h∗L =
∆q∆π(h∗L)

ψL
.

We define qL and qH as the thresholds that satisfy the binding participation con-
straints for the low-cost and high-cost types, respectively, under the belief E[h] =
h∗L:

Π∗(ψL,E[h] = h∗L, qL,∆q) = qL∆π(h
∗
L) + πD(h

∗
L) +

(∆q∆π(h∗L))
2

2ψL
− ψ = 0, (15)

Π∗(ψH ,E[h] = h∗L, qH ,∆q) = qH∆π(h
∗
L) + πD(h

∗
L) +

(∆q∆π(h∗L))
2

2ψH
− ψ = 0. (16)

Thus, an equilibrium where only the low-cost type invests exists if and only if
q ∈ [qL, qH).

3. Both types invest: In this equilibrium, the consumer correctly infers that both
types invest, so the belief E[h] = E[h∗] is the pooled average that solves the fixed-
point equation

E[h∗] = p

(
∆q∆π(E[h∗])

ψL

)
+ (1− p)

(
∆q∆π(E[h∗])

ψH

)
. (17)

We define qB as the threshold that satisfies the binding participation constraint for
the high-cost firm under the belief E[h] = E[h∗],

Π∗(ψH ,E[h] = E[h∗], qB,∆q) = qB∆π(E[h∗])+πD(E[h∗])+
(∆q∆π(E[h∗]))2

2ψH
−ψ = 0.

(18)
Consequently, an equilibrium where both types invest exists if and only if q ≥ qB.

In certain regions of q, multiple equilibria may arise. To resolve this multiplicity, we apply
the standard Pareto-dominance criterion. We select the equilibrium that yields strictly
higher welfare. This criterion implies that whenever investment is profitable for at least
one firm type under rational beliefs, the economy selects the investment equilibrium over
market collapse. In addition, we restrict our analysis to the case where the firm’s profit
under the most pessimistic beliefs is sufficiently low such that qN > qB. This condition
implies that the base grant probability q required to induce investment under the most
pessimistic belief (E[h] = 0) is strictly higher than that required to sustain the equilibrium
where both types invest, streamlining the analysis by limiting the number of cases we
need to consider.
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Given the result in Lemma 3 and the assumption ψH > ψL, the high-cost firm requires
a higher q to induce investment; therefore, it holds that qH > qL. In addition, because
the firm’s expected profit is strictly increasing in consumer beliefs and h∗L > E[h∗], it
holds that qH < qB. This ordering reflects the cost of adverse selection: the firm requires
a larger investment incentive q from the IP system to compensate for the reduction in
consumer beliefs.

We use NI, LI and BI to represent no investment, only low-cost type invests, and both
types invest, respectively. The equilibrium is

1. if q < qL, NI is the unique equilibrium.

2. if qL ≤ q < qH , both NI and LI can be the equilibrium.

3. if qH ≤ q < qB, NI is the unique equilibrium.

4. if qB ≤ q < qN , both NI and BI can be the equilibrium.

5. if q ≥ qN , BI is the unique equilibrium.

In regions where multiple equilibria may arise, we select among them using the Pareto-
dominance criterion. Because investment by either type yields higher welfare than the
no-investment outcome, the resulting equilibrium is the one stated in the Proposition.

A.9 Proof of Proposition 5

Proof. In this proof, we derive the expected welfare for both equilibria and analyze the
impact of ∆ψ. To this end, we hold ψL fixed and perform comparative statics based on
ψH , implying variation in ∆ψ.

We first establish the optimal q for each equilibrium regime with a fixed ∆q. Under
Assumption 1, the expected welfare is strictly decreasing in q. To maximize welfare
within each regime, the officer sets the lowest possible q that satisfies the respective
binding participation constraints. Thus, we compare the LI equilibrium (only low-cost
type invests) implemented with qL, where Π(ψL, h

∗
L, qL) = 0, against the BI (both type

invests) equilibrium implemented with qB, where Π(ψH ,E[h∗], qB) = 0.
In the LI equilibrium, the expected welfare is

WLI = p
(
uD(h

∗
L) + (qL +∆qh∗L)∆u(h

∗
L) + γh∗L

)
(19)

Where h∗L =
∆q∆π(h∗L)

ψL
. Note that the expected profit of the low-cost firm, Π(ψL, h∗L, qL), is

zero, and hence, it does not appear in WLI . In addition, h∗L and qL are determined solely
by ψL and ∆q. Since ψL is fixed, WLI is independent of ∆ψ, implying dWLI/d∆ψ = 0.
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In the BI equilibrium, the officer sets qB such that the high-cost firm makes zero profit
given the belief E[h∗]. The low-cost firm earns a positive expected profit Π(ψL,E[h∗], qB) >
0. The expected welfare WB is :

WB(∆ψ) = uD(E[h∗])+(pPL+(1−p)PH)∆u(E[h∗])+pΠ(ψL,E[h∗], qB)+γ(ph∗L+(1−p)h∗H),
(20)

where Pψ = qB + ∆qh∗ is the total probability of granting IP protection for type ψ,
h∗ = ∆q∆π(E[h∗])

ψ
, and E[h∗] is the consumer’s belief given in Eq. (17). Note that the

expected profit of the high-cost firm is zero and therefore does not appear in WB. Further
note that ∆ψ enters the expected welfare WB through three channels: the human-capital
use of the high-cost firm h∗H , the consumer belief E[h∗], and the base grant probability
qB.

We analyze the total derivative of WB with respect to ∆ψ. This derivative is :

dWB

d∆ψ
=
∂WB

∂h∗H

dh∗H
d∆ψ

+
∂WB

∂E[h∗]
dE[h∗]
d∆ψ

+
∂WB

∂qB

dqB
d∆ψ

(21)

The first term captures the direct impact of rising costs on the high-type’s human-capital
choice. This term changes the social value γh∗H and the monopoly probability PH . As
∆ψ increases, the firm reduces human-capital use h∗H . The welfare impact of a change in
h∗H is:

∂WB

∂h∗H
= (1− p)

(
γ +∆q∆u(E[h∗])

)
.

The sign of this term is ambiguous because both the social value and the social loss from
monopoly rights increase in h∗H .

The second term represents how ∆ψ affects the consumer belief E[h∗]. As ∆ψ in-
creases, the consumer understands that the high-cost firm uses less human capital, caus-
ing the belief to fall, that is, dE[h∗]/d∆ψ < 0. Since welfare is strictly increasing in the
belief, ∂WB/∂E[h∗] > 0, this term is strictly negative, i.e., ∂WB

∂E[h∗]
dE[h∗]
d∆ψ

< 0.
The third term represents how ∆ψ affects the participation constraint of the high-cost

firm. The high-cost firm’s participation constraint becomes more difficult to satisfy as its
marginal cost rises and the consumer belief falls. Therefore, the officer must increase the
base granting probability (dqB/d∆ψ > 0). The welfare impact of this increase is:

∂WB

∂qB
= (p+ (1− p))∆u(E[h∗]) + p∆π(E[h∗]). (22)

The first part is the reduction in consumer surplus due to the increased probability of
monopoly for both types of firm. The second part is the increase in the low-cost firm’s
expected profit. Summing these yields ∆u+p∆π. Assumption 1 states that ∆u+∆π < 0.
Since p < 1 and ∆π > 0, it follows that ∆u+ p∆π < ∆u+∆π < 0. Thus, the marginal
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welfare effect of increasing qB is strictly negative. The social loss from consumer surplus
outweighs the profit gain for the low-cost firm.

The first term of the total derivative dWB

d∆ψ
has ambiguous sign, while the second and

the third term are strictly negative. To determine the sign of the total derivative, we
verify that the sum of the first term and the third term is negative. To see this, we sum
up the two terms.

∂WB

∂h∗H

dh∗H
d∆ψ

+
∂WB

∂qB

dqB
d∆ψ

= (1− p)∆q∆u(E[h∗])
dh∗H
d∆ψ

+ (p+ (1− p))∆u(E[h∗])
dqB
d∆ψ

+ (1− p)γ
dh∗H
d∆ψ

+ p∆π(E[h∗])
dqB
d∆ψ

= p∆u(E[h∗])
dqB
d∆ψ

+ (1− p)∆u(E[h∗])
(
∆q

dh∗H
d∆ψ

+
dqB
d∆ψ

)
+ (1− p)γ

dh∗H
d∆ψ

+ p∆π(E[h∗])
dqB
d∆ψ

= p
(
∆u(E[h∗]) + ∆π(E[h∗])

) dqB
d∆ψ

+ (1− p)∆u(E[h∗])
dPH
d∆ψ

+ (1− p)γ
dh∗H
d∆ψ

< 0.

Differentiating the participation constraint of the high-cost firm reveals that the total
probability PH must strictly increase to cover rising costs and falling consumer beliefs
for the high-cost firm to be indifferent. Since PH increases despite the fall in h∗H , the
increase in qB must be larger than the decrease in the incentive term ∆qh∗H , which
implies that dqB

d∆ψ
> dPH

d∆ψ
> 0. Given Assumption 1, the term ∆u(E[h∗]) + ∆π(E[h∗]) < 0

and ∆u(E[h∗]) < 0. Consequently, the net effect of the first and third terms is strictly
negative.

Combining these results, we conclude that dWB/d∆ψ < 0 while WLI is constant over
∆ψ. By the Intermediate Value Theorem, there exists a unique cutoff ∆̃ψ such that for
all ∆ψ > ∆̃ψ, the LI equilibrium strictly dominates the BI equilibrium.

A.10 Proof of Corollary 3

Proof. The officer maximizes expected welfare E[W ] across firm types. We define Λ ≡
−(∆π +∆u) > 0 and K ≡ −(∆π + 2∆u) > 0. Substituting the firm’s optimal response
h∗ = ρ∆q∆π

ψ
into the welfare function and taking the expectation over cost types yields:

E[W (∆q)] = πD + uD − ψ + E
[
γh∗ − Λ

[
q +∆q

(
ρh∗ +

1− ρ

2

)]
− ψ

2
(h∗)2

]
.

Denote E[1/ψ] = p
ψL

+ 1−p
ψH

, this reduces to:

E[W (∆q)] = πD + uD −ψ−Λq+

(
γρ∆πE

[
1

ψ

]
− Λ(1− ρ)

2

)
∆q− ρ2∆πK

2
E
[
1

ψ

]
(∆q)2.
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Differentiating E[W (∆q)] with respect to ∆q yields the marginal welfare condition:

dE[W ]

d∆q
= γρ∆πE

[
1

ψ

]
−
[
Λ(1− ρ)

2
+ ρ2∆πKE

[
1

ψ

]
∆q

]
= 0.

The optimal ∆q∗ is positive if and only if the marginal benefit at zero exceeds the marginal
cost. We evaluate the FOC at ∆q = 0:

dE[W ]

d∆q

∣∣∣∣
∆q=0

= γρ∆πE
[
1

ψ

]
− Λ(1− ρ)

2
.

Setting this expression to be less than or equal to zero and rearranging for ρ yields the
condition ρ ≤ ρ̄.
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Online Appendix for
“Intellectual Property Protection for

AI-Generated Output”

B Additional Results and Derivations

B.1 Microfoundation Based on Cournot Competition
This appendix develops a microfoundation for the profit and consumer surplus assump-
tions used in the main text (see Assumption 1 and its surrounding text). This micro-
foundation captures our main interpretation of the innovation investment in our model,
namely that it represents the development of a new intangible asset that can be commer-
cialized as a new product.

Suppose the representative consumer has a utility function

U(Qn, Q) = Qn + b1(1 + βh)αQ− b2Q
2/2

= Q̄n − pQ+ b1(1 + βh)αQ− b2Q
2/2,

where Qn is the consumption of a numeraire good (cash) and Q is the quantity consumed
of the new product which firm 1 can produce if it makes the initial innovation investment.
b1 and b2 are constants. β parameterizes the strength of the consumer’s preference for
human capital and α parameterizes its curvature, with β = 0 capturing the baseline
model in Section 3 and β > 0 the extended model in Section 4. The consumer has some
initial endowment Q̄n of the numeraire good. Denoting by p the price of the new product,
the budget constraint is given by Qn + pQ = Q̄n.

The consumer cannot perfectly observe h. Therefore, the consumer forms an expec-
tation based on the information set, and the optimization problem is

max
Qn,Q

E[U(Qn, Q)] = E[Q̄n − pQ+ b1(1 + βh)αQ− b2Q
2/2],

which implies an optimal consumption Q(p) = b1 E[(1+βh)α]−p
b2

and an inverse demand
function

p(Q) = b1 E[(1 + βh)α]− b2Q. (A1)

If firm 1 did not invest in innovation, no firm produces. If firm 1 invested in innovation,
then N identical firms enter the market in the production stage and firm i maximizes

max
qi

qip(Q).

The first order condition is given by

p(Q) + qip
′(Q) = 0

⇔ qi =
b1 E[(1 + βh)α]

(N + 1)b2
,
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where aggregate output is given by Q = Nqi. This implies the price is

p(Q) = b1 E[(1 + βh)α]− b2
Nb1 E[(1 + βh)α]

(N + 1)b2

=
b1 E[(1 + βh)α]

(N + 1)
,

and the profit for firm i is

π(E[h]) = qip(Q)

=
b21 E[(1 + βh)α]2

(N + 1)2b2
. (A2)

In our model, h(ψ) is inversely proportional to ψ, and the human-capital use hL and
hH are linear in E[h]. Thus, E[(1 + βh)α] is strictly increasing in E[h], which implies
π′(E[h]) ≥ 0.

Consumer utility is given by

U(Qn, Q) = Q̄n − pQ+ b1(1 + βh)αQ− b2Q
2/2

= Q̄n −Nπ(E[h]) + b1(1 + βh)α
(
Nb1 E[(1 + βh)α]

(N + 1)b2

)
− b2

(
Nb1 E[(1 + βh)α]

(N + 1)b2

)2

/2

= Q̄n + π(E[h])
[
N(N + 1)

(1 + βh)α

E[(1 + βh)α]
−N − N2

2

]
We define ua as the sum of consumer surplus and the profit of the N − 1 other firms.

Therefore, we add (N − 1)π to U(Qn, Q):

ua = U(Qn, Q) + (N − 1)π.

B.1.1 Mapping to Baseline Model

In the baseline model in Section 3, the consumer has no preferences for human-developed
products, represented by the case β = 0. Moreover, the monopoly outcome (a = G) is
represented by the case N = 1, while the competitive case (a = D) is represented by
N > 1. Consequently, in the Cournot model the terms in the main text are given by

πG =
b21
4b2

,

πD =
b21

(N + 1)2b2
,

uG = Q̄n +
1

2
πG,

uD = Q̄n +

(
1

2
N2 +N − 1

)
πD,

WG(h, ψ) = Q̄n +
3

2
πG − C(h, ψ) + v(h),

WD(h, ψ) = Q̄n +

[
N +

N2

2

]
πD − C(h, ψ) + v(h).
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As stated in Section 2, these terms are consistent with Assumption 1.

B.1.2 Mapping to Consumer Preference Model

In the extended model in Section 4 consumers have a preference for human-developed
products, represented by β > 0. In this case, the consumer belief about the firm’s human-
capital use E[h] affects profits and consumer surplus. Consumer surplus and the profit of
the N − 1 other firms are given by

ua(h,E[h]) = U(Qn, Q) + (N − 1)π(E[h]).

To analyze the ex-ante expected consumer surplus, we evaluate the t = 0 unconditional
ex-ante expectation

ua(E[h]) ≡ E0[ua(h,E[h])] = E0[U(Qn, Q)]+(N−1)π(E[h]) = Q̄n+

(
1

2
N2 +N − 1

)
π(E[h]).

where the ex-ante expected utility is given by

E0[U(Qn, Q)] = Q̄n + E0

{
π(E[h])

[
N(N + 1)

(1 + βh)α

E[(1 + βh)α]
−N − N2

2

]}
= Q̄n + E0

{
π(E[h])

[
N(N + 1)

E [(1 + βh)α]

E[(1 + βh)α]
−N − N2

2

]}
= Q̄n + π(E[h])

N2

2
,

where the second step uses the law of iterated expectations. The expression ua(E[h])
shows that the ex-ante consumer surplus depends solely on the expected human capital
use given the consumer’s information E[h] instead of the actual human capital use h.

In contrast, ex-ante expected welfare is defined as the sum of firm profits and consumer
utility, making it a function of both h and E[h]:

W (ψ, h,E[h]) = π(E[h]) + ua(E[h])− C(h, ψ) + v(h)

= Q̄n +

[
N +

N2

2

]
π(E[h])− C(h, ψ) + v(h)
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Therefore, in the Cournot model the terms in Section 4 are given by

πG(E[h]) =
b21 E[(1 + βh)α]2

4b2
,

πD(E[h]) =
b21 E[(1 + βh)α]2

(N + 1)2b2
,

uG(E[h]) = Q̄n +
1

2
πG(E[h]),

uD(E[h]) = Q̄n +

(
1

2
N2 +N − 1

)
πD(E[h]),

WG(ψ, h,E[h]) = Q̄n +
3

2
πG(E[h])− C(h, ψ) + v(h),

WD(ψ, h,E[h]) = Q̄n +

[
N +

N2

2

]
πD(E[h])− C(h, ψ) + v(h).

It can be verified that ∂πG(E[h])/∂ E[h] ≥ ∂πD(E[h])/∂ E[h], as required for Section 4.

B.1.3 Endogenous Entry

We now extend the Cournot model to allow for endogenous entry. Suppose each of the
N−1 competing firms incurs a sunk entry cost K > 0 before competing in the production
stage. We assume K is a function of technological improvements, such as improved AI
models, that can reduce both the cost of copying the product K and ψ. Moreover, K
is product specific: some products, such as digital music, may be easily copied and thus
have a low K, while other products, such as brand-specific advertising campaigns, might
be difficult to copy and thus have a high K.

Firm 1 has already borne its own sunk cost C(h, ψ) at the innovation stage, so it does
not pay K. Free entry drives each competitor’s net profit to zero, such that

π(E[h]) = K, (A3)

where π(E[h]) is given by (A2). Substituting, the equilibrium total number of firms N∗

satisfies
b21 E[(1 + βh)α]2

(N∗ + 1)2 b2
= K =⇒ N∗(E[h]) =

b1 E[(1 + βh)α]√
Kb2

− 1. (A4)

For an interior competitive equilibrium with at least one entrant beyond firm 1, we require
b1 E[(1 + βh)α] > 2

√
Kb2.

The effect of advancements in AI technology. As discussed in the main text
following Proposition 2, the same technology that reduces the fixed cost of implementing
AI may also reduce the cost of copying a product if the underlying intangible asset did
not receive protection. This extension formalizes this discussion. From Corollary 1, a
necessary condition for the AI to “kill” the IP system is that πD ≥ ψ. With endogenous
entry, this condition becomes K ≥ ψ, demonstrating formally that whether AI “kills”
the IP system boils down to a horse race between how fast AI drives down the cost of
innovation versus the cost of copying products.
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Equilibrium outcomes. Substituting (A4) into the expression for p(Q):

p∗ =
b1 E[(1 + βh)α]

N∗ + 1
=
√
Kb2, (A5)

which is independent of human-capital use. Each firm produces q∗ =
√
K/b2, so aggregate

output is

Q∗ = N∗q∗ =

(
b1 E[(1 + βh)α]√

Kb2
− 1

)√
K

b2
. (A6)

Industry output is therefore increasing in E[h] when β > 0.
At the endogenous equilibrium, every competitor earns gross profit π∗ = K and net

profit equals zero. Firm 1 also earns gross profit K in the competitive stage, but its net
payoff includes the sunk innovation cost C(h, ψ). From (A4),

∂N∗

∂E[h]
=
b1

∂
∂E[h]E[(1 + βh)α]

√
Kb2

≥ 0, (A7)

with strict inequality when β > 0. Higher expected human-capital use raises demand,
thereby attracting more entrants until net profits are zero. Thus, while entry is increasing
in human-capital use, competitive profits πD are independent of human-capital use.

Consumer surplus and welfare. Because each competitor earns zero net profit, ua
simplifies: the (N∗−1) competitors contribute nothing to aggregate surplus beyond their
own entry costs, which are exactly offset by their gross profits. Hence

ua = U(Qn, Q). (A8)

To compute U(Qn, Q) in ex-ante terms, we substitute Q∗ and use b1E[(1 + βh)α] =
(N∗ + 1)

√
Kb2:

E0[U(Qn, Q)] = Q̄n +Q∗(b1E[(1 + βh)α]− p∗)− b2Q
∗2

2

= Q̄n +N∗
√

K
b2
·N∗

√
Kb2 −

b2
2
(N∗)2

K

b2

= Q̄n +
(N∗)2K

2
. (A9)

Since N∗ is increasing in E[h] when β > 0, ex-ante consumer surplus (N∗)2K/2 is also
increasing in E[h], providing an additional channel through which human-capital use
affects social welfare.

Ex-ante expected welfare under endogenous entry is

W (ψ, h,E[h]) = Q̄n +K +
(N∗)2K

2
− C(h, ψ) + v(h), (A10)

where N∗ = N∗(E[h]) from (A4).

Comparison with exogenous entry. Under exogenousN , firm 1’s gross profit πD(E[h])
is increasing in E[h]. Under endogenous entry, free entry dissipates this rent: firm 1’s
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gross profit is pinned at K regardless of E[h]. Therefore, ∂∆π
∂h

is greater under endogenous
entry, amplifying our results that depend on this quantity being positive.

For consumers, the gains from higher E[h] accrue through greater entry in the case
of endogenous entry compared to higher quantity produced per firm in the case of ex-
ogenous entry. While in the former case this increases total welfare due to the increased
competition, it also reduces welfare due to more firms paying the entry cost. To assess
whether the net effect makes welfare more or less sensitive to human-capital use in the
case of endogenous entry, we take the following derivatives:

∂Wendo

∂E[(1 + βh)α]
=
b21E[(1 + βh)α]

b2
· N∗

N∗ + 1
,

∂Wexo

∂E[(1 + βh)α]
=
b21E[(1 + βh)α]

b2
· N

∗(N∗ + 2)

(N∗ + 1)2

Based on the above equations, it can be seen that welfare is marginally less sensitive
to human-capital use under endogenous entry. For large N∗, however, this difference is
small.

B.2 Microfoundation Based on Step-by-Step Innovation
In this section, we provide an alternative microfoundation based on the step-by-step
innovation framework of Aghion et al. (2001), adapted to Cournot competition to align
with the microfoundation in Online Appendix B.1. This model captures the “escape
competition” effect, where firms innovate to move from a state of symmetric competition
to a state with a competitive cost advantage. This complements the setup in Online
Appendix B.1, where a firm can innovate to develop a new product, whereas this extension
models gaining a competitive edge in an existing product market.

Consider a market with N firms: the innovating firm (firm 1) and N − 1 potential
rivals. The firms compete in quantities (Cournot competition). We assume that con-
sumers have the same utility function U(Qn, QD) as in Online Appendix B.1, leading to
the same inverse demand function as in Eq. (A1):

p(Q) = b1E[(1 + βh)α]− b2Q,

where Q =
∑N

i=1 qi is aggregate output, b2 > 0 is a price sensitivity parameter, and the
intercept b1E[(1 + βh)α] captures the consumer’s willingness to pay based on expected
human-capital use.

Initially, all firms possess the same technology with constant marginal cost c. In this
microfoundation, the innovating firm’s investment decision represents a process innova-
tion that reduces its marginal cost to c′ < c, representing efficiency gains.

Case 1: IP Protection Denied (a = D). If IP protection is denied, the rivals
imitate the technology. Consequently, the market remains “neck-and-neck” where all N
firms operate with the lower marginal cost c′. In a symmetric Cournot equilibrium with
identical costs c′, each firm produces qD = b1E[(1+βh)α]−c′

b2(N+1)
and the aggregate output is
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QD = NqD. The price is pD = b1E[(1+βh)α]+Nc′
N+1

. The innovating firm’s profit is:

πD =
(b1E[(1 + βh)α]− c′)2

b2(N + 1)2
.

The ex-ante expected consumer surplus, defined here to include the rivals’ profits to
capture the total surplus not appropriated by the innovating firm, is:

uD = E0[U(Qn, QD)] + (N − 1)πD = Q̄n +
(b1E[(1 + βh)α]− c′)2

b2(N + 1)2

(
1

2
N2 +N − 1

)
.

Case 2: IP Protection Granted (a = G). If IP protection is granted, imitation is
prevented. The market enters a “leader-follower” state. The innovating firm becomes the
leader and produces with cost c′, while the N − 1 rivals are followers and retain the old
cost c. In this asymmetric Cournot equilibrium, the innovating firm gains a competitive
edge. The price is pG = b1E[(1+βh)α]+c′+(N−1)c

N+1
. The innovating firm’s equilibrium quantity

is
qG =

b1E[(1 + βh)α]− c′ + (N − 1)(c− c′)

b2(N + 1)
,

and its profit is

πG =
(b1E[(1 + βh)α]− c′ + (N − 1)(c− c′))2

b2(N + 1)2
.

The rivals with marginal cost c produce the following quantities:

qj =
b1E[(1 + βh)α] + c′ − 2c

b2(N + 1)
, for j = 2, ..., N,

and the rivals’ profit is

πj =
(b1E[(1 + βh)α] + c′ − 2c)2

b2(N + 1)2
, for j = 2, ..., N.

The aggregate output is QG = QD − (N−1)(c−c′)
b2(N+1)

, which is strictly lower than QD since
c > c′. The ex-ante expected consumer surplus (plus rivals’ profits) is:

uG = E0[U(Qn, QG)] +
N∑
j=2

πj

= Q̄n +
b2
2

(
Nb1E[(1 + βh)α]− c′ − (N − 1)c

b2(N + 1)

)2

+ (N − 1)b2

(
b1E[(1 + βh)α] + c′ − 2c

b2(N + 1)

)2

.

Verification of Assumption 1. We verify that these payoffs satisfy the conditions in
the main text.

(i) πG > πD: Since c > c′ and N ≥ 2, it follows directly that:

πG =
(b1E[(1 + βh)α]− c′ + (N − 1)(c− c′))2

b2(N + 1)2
>

(b1E[(1 + βh)α]− c′)2

b2(N + 1)2
= πD.

Thus, IP protection provides the firm with a competitive edge and higher profits.
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(ii) πD + uD > πG + uG: If protection is denied (a = D), all N firms produce at low
cost c′, and aggregate output is QD. Therefore, πD + uD is given by

πD + uD = Q̄n +
N(N + 2)(b1E[(1 + βh)α]− c′)2

2b2(N + 1)2
.

If protection is granted (a = G), N − 1 firms produce at high cost c, and aggregate
output is QG < QD (since c > c′). Therefore, πG + uG is given by

πG + uG

= Q̄n +
b2
2

(
Nb1E[(1 + βh)α]− c′ − (N − 1)c

b2(N + 1)

)2

+ (N − 1)b2

(
b1E[(1 + βh)α] + c′ − 2c

b2(N + 1)

)2

+
(b1E[(1 + βh)α]− c′ + (N − 1)(c− c′))2

b2(N + 1)2
.

Therefore, the difference is

(πD+uD)−(πG+uG) =
(N − 1)(c− c′)

2b2(N + 1)2

(
2(N+2)(b1E[(1+βh)α]−c′)−(3N+5)(c−c′)

)
> 0.

The difference is positive, since qj ≥ 0 implies that b1E[(1 + βh)α]− c′ ≥ 2(c− c′).

This structure is consistent with Assumption 1. The innovating firm makes an investment
in process innovation to escape the lower profits of symmetric competition (πD) and
achieve the higher profits of a cost leader (πG), even though social welfare is maximized
when the innovation diffuses (WD).

B.3 Optimal IP Policy with Consumer Preference
In this section, we derive the optimal IP policy when the consumer has a preference for
human-developed products. This involves comparing the maximum welfare achievable
in the cases where one or both types of firms invest in innovation. The latter strategy
incentivizes participation from both types of firms but suffers from the distorted belief
E[h∗]. Alternatively, the officer may choose a policy that screens out the high-cost type
from investing. This results in an equilibrium where consumer beliefs are based solely
on the low-cost type, consequently inducing a higher human-capital use h∗L from the
low-cost firm, but at the cost of sacrificing the potential welfare contribution from the
high-cost type. The possibility of market collapse (i.e., neither invests) occurs if even the
most favorable policy cannot make investment profitable for the low-cost type under the
prevailing beliefs.

Welfare for a given type ψ that invests is:

W (ψ, q,∆q) =(q +∆qh∗)
(
πG(E[h∗]) + uG(E[h∗])

)
+ (1− (q +∆qh∗))

(
πD(E[h∗]) + uD(E[h∗])

)
+ v(h∗)− C(h∗, ψ),

where h∗ is the firm’s human-capital choice. Notice that the consumer surplus and the
firm profit depend on E[h∗]. This is because consumer decisions are made based on the
perceived human-capital use E[h∗] (which sets the market price).

The IP officer’s problem is to establish an IP system that maximizes welfare. This
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involves choosing q and ∆q to balance the social benefits of innovation and human capital
with the social cost of monopoly power. The officer’s maximization problem is

max
0≤q,0≤∆q,q+∆q≤1

p1ΠL≥0W (ψL, q,∆q) + (1− p)1ΠH≥0W (ψH , q,∆q) (A11)

where the participation constraint for a firm with cost ψ is:

Π(ψ,E[h∗]) =
(
q +∆qh∗

)
πG(E[h∗]) +

(
1−

(
q +∆qh∗

))
πD(E[h∗])− C(h∗, ψ) ≥ 0.

Introducing a consumer preference for h adds a social benefit for the use of human cap-
ital, which then affects the officer’s incentives when setting the optimal IP policy. The
following proposition characterizes the optimal IP policy.

Proposition 6. The welfare-maximizing IP policy is characterized as follows:

(i) If it is optimal to induce both firm types to invest in innovation, the optimal policy
is

q∗ =
ψ − πD
∆π

− (∆q∗)2∆π

2ψH
,

∆q∗ =
γ
(

p
ψL

+ 1−p
ψH

)
+ ∂ E[W ]

∂ E[h∗]
dE[h∗]
d∆q

1
∆π

−
((

∆π + 2∆u
) (

p
ψL

+ 1−p
ψH

)
− ∆π+∆u

ψH

) ,
where πD, ∆π and ∆u are functions of E[h∗].

(ii) If it is optimal to induce only the low-cost firm to invest in innovation, the optimal
policy is

q∗ =
ψ − πD
∆π

− (∆q∗)2∆π

2ψL
,

∆q∗ =
γ + ∂E[W ]

∂h∗L

dh∗L
d∆q

ψL

p∆π

−∆u
,

where πD, ∆π, and ∆u are functions of the rational equilibrium investment h∗L.

Proof. See Online Appendix B.3.1.

The base grant probability q remains structurally analogous to that in the baseline
model. It functions as an innovation subsidy to satisfy the firm’s participation constraint.
The key difference is that the constraint is now endogenous to the consumer’s equilibrium
beliefs.

The slope ∆q, however, diverges from that in the baseline model. While it still
balances the social benefit v(h) with the social costs of monopoly and costly human-
capital use, consumer preferences introduce a positive “belief wedge,” captured by the
term containing ∂E[W ]

∂E[h∗] and ∂E[W ]
∂h∗L

, which drives the officer to set steeper incentives than
in the baseline model. This additional term captures the officer’s ability to utilize the
IP policy as a signal of human-capital use for the consumer. By committing to a steeper
slope ∆q, the officer induces higher equilibrium human-capital use, which the rational
consumer correctly infers. This shift in beliefs triggers the feedback loop: it increases the
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consumer’s willingness to pay and the firm’s expected profits (πD and ∆π), relaxing the
firm’s participation constraint. Crucially, this relaxation allows the officer to reduce the
socially costly base grant probability q∗. The optimal policy “over-incentivizes” human-
capital use relative to its social value γ to trigger this feedback loop and to minimize the
overall welfare loss required to ensure firm investment in innovation.

B.3.1 Proof of Proposition 6

Proof. In this proof, we derive the optimal IP policy and expected welfare for two cases:
(i) the pooling equilibrium, where the officer induces investment by both firm types, and
(ii) the separating equilibrium, where the officer induces investment only by the low-cost
type.

In the pooling equilibrium, the IP officer maximizes expected social welfare subject to
the constraint that both firm types invest in innovation. Let E[h∗] denote the consumer’s
beliefs about human-capital use that is consistent with the equilibrium outcome. The
officer’s problem is given by:

max
q,∆q

E[W ]

s.t. Π(ψH ,E[h∗]) ≥ 0.
(A12)

Where the participation constraint for the firm with cost ψH is:

Π(ψH ,E[h∗]) = πD(E[h∗]) + q∆π(E[h∗]) +

(
∆q∆π(E[h∗])

)2
2ψH

− ψ ≥ 0. (A13)

We first solve the firm’s participation constraint for q. Given that the expected welfare
decreases with the base granting probability q, the optimal q is obtained by solving the
binding participation constraint for the firm with cost ψH ,

q∗ =
ψ − πD(E[h∗])
∆π(E[h∗])

− (∆q)2∆π(E[h∗])
2ψH

. (A14)

We substitute q∗ into the objective function, reducing the dimensionality of the maximiza-
tion problem to a single choice variable ∆q. The unconstrained maximization problem
becomes:

max
∆q

E[W ] = πD(E[h∗]) + uD(E[h∗])− ψ

+

(
ψ − πD(E[h∗])
∆π(E[h∗])

− (∆q)2∆π(E[h∗])
2ψH

)(
∆π(E[h∗]) + ∆u(E[h∗])

)
+ (∆q)2∆π(E[h∗])

(
∆π(E[h∗]) + ∆u(E[h∗])

)
E
[
1

ψ

]

+ γ∆q∆π(E[h∗])E
[
1

ψ

]
−

(
∆q∆π(E[h∗])

)2
2

E
[
1

ψ

]
(A15)
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where E
[
1
ψ

]
= p

ψL
+ 1−p

ψH
. The first-order condition of ∆q is:

dE[W ]

d∆q
=
∂ E[W ]

∂∆q
+
∂ E[W ]

∂ E[h∗]
dE[h∗]
d∆q

= 0. (A16)

We derive the partial derivative ∂ E[W ]
∂∆q

by holding E[h∗] constant. This partial derivative
simplifies to:

∂ E[W ]

∂∆q
=γ∆π(E[h∗])E

[
1

ψ

]
+∆q∆π(E[h∗])E

[
1

ψ

](
∆π(E[h∗]) + 2∆u(E[h∗])

)
−∆q∆π(E[h∗])

∆π(E[h∗]) + ∆u(E[h∗])
ψH

.

(A17)

Substituting this expression back into the total first-order condition yields:

γ∆π(E[h∗])E
[
1

ψ

]
+∆q∆π(E[h∗])

(
E
[
1

ψ

](
∆π(E[h∗]) + 2∆u(E[h∗])

)
− ∆π(E[h∗]) + ∆u(E[h∗])

ψH

)

+
∂ E[W ]

∂ E[h∗]
dE[h∗]
d∆q

= 0.

(A18)
Rearranging the terms to isolate ∆q∗ on the left-hand side, we obtain:

−∆q∗∆π(E[h∗])

(
E
[
1

ψ

](
∆π(E[h∗]) + 2∆u(E[h∗])

)
− ∆π(E[h∗]) + ∆u(E[h∗])

ψH

)

= γ∆π(E[h∗])E
[
1

ψ

]
+
∂ E[W ]

∂ E[h∗]
dE[h∗]
d∆q

.

(A19)
Dividing both sides by the term multiplying ∆q∗ and subsequently dividing the numerator
and denominator by ∆π(E[h∗]), we arrive at the optimal slope characterized in the lemma:

∆q∗ =
γ E
[
1
ψ

]
+ ∂ E[W ]

∂ E[h∗]
dE[h∗]
d∆q

1
∆π(E[h∗])

−
((

∆π(E[h∗]) + 2∆u(E[h∗])
)
E
[
1
ψ

]
− ∆π(E[h∗])+∆u(E[h∗])

ψH

) . (A20)

The derivative ∂ E[W ]
∂ E[h∗] is derived from taking derivative of E[W ] with respect to the con-
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sumer beliefs E[h∗]:

∂E[W ]

∂ E[h∗]

=
(
π′
D(E[h∗]) + u′D(E[h∗])

)
+
(
∆π′(E[h∗]) + ∆u′(E[h∗])

)(ψ − πD(E[h∗])
∆π(E[h∗])

− (∆q)2∆π(E[h∗])
2ψH

+∆qE[h∗]
)

+
(
∆π(E[h∗]) + ∆u(E[h∗])

)−π′
D(E[h∗])

∆π(E[h∗])
−

(
ψ − πD(E[h∗])

)
∆π′(E[h∗])

(∆π(E[h∗]))2
− (∆q)2∆π′(E[h∗])

2ψH


+∆π′(E[h∗])∆qE

[
1

ψ

](
γ +∆q∆u(E[h∗])

)
.

The derivative dE[h∗]
d∆q

is derived as follows. In equilibrium, the consumer beliefs must be
consistent with the firm’s human-capital use. Therefore,

E[h∗] = ∆q∆π(E[h∗])E
[
1

ψ

]
.

Applying the implicit function theorem, the derivative of E[h∗] with respect to ∆q is

dE[h∗]
d∆q

=
∆π(E[h∗])E

[
1
ψ

]
1−∆q∆π′(E[h∗])E

[
1
ψ

] .
In the separating equilibrium, the IP officer maximizes the expected social welfare

generated by the low-cost firm, subject to the constraint that the low-cost firm invests in
innovation. In a separating equilibrium, the consumer correctly infers that the entrant
is the low-cost type, so their belief is exactly the firm’s optimal human-capital choice:
E[h] = h∗L. The officer’s problem is:

max
q,∆q

E[W ] = pW (ψL)

s.t. Π(ψL, h
∗
L) ≥ 0.

(A21)

Where the participation constraint for the firm with cost ψL is:

Π(ψL, h
∗
L) = πD(h

∗
L) + q∆π(h∗L) +

(∆q∆π(h∗L))
2

2ψL
− ψ ≥ 0. (A22)

We solve the firm’s participation constraint for q:

q∗ =
ψ − πD(h

∗
L)

∆π(h∗L)
− (∆q)2∆π(h∗L)

2ψL
. (A23)

We substitute q∗ into the objective function. The unconstrained maximization problem
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becomes:

max
∆q

E[W ] = p

(
πD(h

∗
L) + uD(h

∗
L)− ψ

+

(
ψ − πD(h

∗
L)

∆π(h∗L)
− (∆q)2∆π(h∗L)

2ψL

)(
∆π(h∗L) + ∆u(h∗L)

)
+

(∆q)2∆π(h∗L)

ψL

(
∆π(h∗L) + ∆u(h∗L)

)

+
γ∆q∆π(h∗L)

ψL
−

(
∆q∆π(h∗L)

)2
2ψL

)
(A24)

The first-order condition with respect to ∆q is:

dE[W ]

d∆q
=
∂E[W ]

∂∆q
+
∂E[W ]

∂h∗L

dh∗L
d∆q

= 0. (A25)

We derive the partial derivative ∂E[W ]
∂∆q

holding h∗L constant:

∂E[W ]

∂∆q
= p

(
γ∆π(h∗L)

ψL
+

∆q∆π(h∗L)

ψL

(
∆π(h∗L) + 2∆u(h∗L)

)
− ∆q∆π(h∗L)

ψL

(
∆π(h∗L) + ∆u(h∗L)

))
= p

(
γ∆π(h∗L)

ψL
+

∆q∆π(h∗L)∆u(h
∗
L)

ψL

)
.

(A26)
Substituting this back into the total first-order condition:

p
∆π(h∗L)

ψL

(
γ +∆q∆u(h∗L)

)
+
∂E[W ]

∂h∗L

dh∗L
d∆q

= 0. (A27)

Rearranging to isolate ∆q∗:

−∆q∗
(
p
∆π(h∗L)∆u(h

∗
L)

ψL

)
= p

γ∆π(h∗L)

ψL
+
∂E[W ]

∂h∗L

dh∗L
d∆q

. (A28)

Dividing both sides by the term multiplying ∆q∗ and simplifying the fraction yields the
result in the lemma:

∆q∗ =
γ + ∂E[W ]

∂h∗L

dh∗L
d∆q

ψL

p∆π

−∆u
. (A29)

The derivative ∂E[W ]
∂h∗L

is derived by taking the derivative of the substituted E[W ] with
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respect to h∗L:

∂E[W ]

∂h∗L
= p

(
(π′

D(h
∗
L) + u′D(h

∗
L))

+
(
∆π′(h∗L) + ∆u′(h∗L)

)(ψ − πD(h
∗
L)

∆π(h∗L)
− (∆q)2∆π(h∗L)

2ψL
+∆qh∗L

)

+
(
∆π(h∗L) + ∆u(h∗L)

)−π′
D(h

∗
L)

∆π(h∗L)
−

(
ψ − πD(h

∗
L)
)
∆π′(h∗L)

(∆π(h∗L))
2

− (∆q)2∆π′(h∗L)

2ψL


+

∆q∆π′(h∗L)

ψL

(
γ +∆q∆u(h∗L)

))
.

Finally, dh∗L
d∆q

is derived from the firm’s optimal choice condition in equilibrium, h∗L =
∆q∆π(h∗L)

ψL
:

dh∗L
d∆q

=
∆π(h∗L)/ψL

1− ∆q∆π′(h∗L)

ψL

.

B.4 Extended Adverse Selection Analysis
This appendix extends Section 4.2.1 along two dimensions. Section B.4.1 analyzes how
the slope ∆q reshapes the equilibrium thresholds in Proposition 4, complementing the
main text, which fixes ∆q and varies q. Section B.4.2 then introduces an alternative
specification in which the high-ψ firm is “AI focused,” i.e., less efficient at using human
capital (ψH > ψL) but has greater potential to bring down innovation cost (ψH < ψL)
by substituting AI for human input. We show that in this alternative specification, the
base grant probability q may lose its ability to selectively deter the high-ψ type, while
the slope ∆q retains this role.

B.4.1 The Role of ∆q in Investment

We start by revisiting the three thresholds (qL, qH , qB) defined in Appendix A.8. Dif-
ferentiating the defining equations (15), (16), and (18) implicitly with respect to ∆q
yields

dqL
d∆q

= − 1

∆π(h∗L)

{
∂Π∗(ψL, h

∗
L, qL,∆q)

∂∆q
+
∂Π∗(ψL, h

∗
L, qL,∆q)

∂h∗L

dh∗L
d∆q

}
, (A30)

dqH
d∆q

= − 1

∆π(h∗L)

{
∂Π∗(ψH , h

∗
L, qH ,∆q)

∂∆q
+
∂Π∗(ψH , h

∗
L, qH ,∆q)

∂h∗L

dh∗L
d∆q

}
, (A31)

dqB
d∆q

= − 1

∆π(E[h∗])

{
∂Π∗(ψH ,E[h∗], qB,∆q)

∂∆q
+
∂Π∗(ψH ,E[h∗], qB,∆q)

∂ E[h∗]
dE[h∗]
d∆q

}
.

(A32)

By Lemma 3, the expected profit Π∗ is strictly increasing in ∆q and in the relevant
equilibrium consumer belief, and the direct effect and feedback loop in Section 4.2.2 gives
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dh∗L/d∆q > 0 and dE[h∗]/d∆q > 0 by Eq. (9). Therefore every bracketed term above is
strictly positive, so

dqL
d∆q

< 0,
dqH
d∆q

< 0,
dqB
d∆q

< 0. (A33)

This implies that raising ∆q uniformly relaxes every participation constraint and reduces
the q needed to incentivize investment. Economically, ∆q strengthens the IP incentive
(∆q∆π)2

2ψ
and, via the feedback loop, raises consumer willingness to pay. Both channels

lead to increased profits and lower the required innovation subsidy.
We next explore the relative effect ∆q has on the high- and low-type firms’ partic-

ipation constraints. Subtracting (15) from (16), the πD(h
∗
L) and ψ terms cancel, and

dividing through by ∆π(h∗L) > 0 yields a closed form for the gap:

qH − qL =
(∆q)2∆π(h∗L)

2

(
1

ψL
− 1

ψH

)
. (A34)

This quantity is strictly positive since ψL < ψH . Differentiating (A34) with respect to
∆q, and using ∆π′(·) > 0 together with dh∗L/d∆q > 0 from Eq. (9),

d(qH − qL)

d∆q
=

(
1

ψL
− 1

ψH

)
∆q

[
∆π(h∗L) +

∆q

2
∆π′(h∗L)

dh∗L
d∆q

]
> 0. (A35)

Economically, the IP-incentive component (∆q∆π)2/(2ψ) is scaled by 1/ψ, so the low-cost
firm captures a larger marginal benefit from a higher ∆q than the high-cost firm. Raising
∆q therefore slackens the low-cost participation constraint faster, and the feedback loop
reinforces this through the induced rise in h∗L. That is, the “low-cost-only” (LI) region
[qL, qH) widens as ∆q increases.

The following proposition summarizes the results from this section:

Proposition 7. Consider the thresholds (qL, qH , qB) from Proposition 4. Then

(i) qL, qH , and qB are all strictly decreasing in ∆q;

(ii) the LI region [qL, qH) strictly widens in ∆q.

Proof. Part (i) follows from (A33). Part (ii) follows from (A35).

Proposition 7 highlights that ∆q plays a role in screening firms to avoid inefficient
investment decisions resulting from adverse selection. Because ∆q rewards human capital
at the margin and the low-cost firm uses more human capital, a higher ∆q dispropor-
tionately slackens the low-cost firm’s participation constraint. This widens the window
of q over which only the low-cost firm invests, mitigating the adverse selection problem.
This role is complementary to ∆q’s role in mitigating distortion in human-capital use,
discussed in Section 4.2.2.

B.4.2 Heterogeneity in ψ Firm

We now depart from the main-text assumption of a common fixed cost and allow ψ to be
type-dependent. This alternative specification is particularly relevant to the setting with
adverse selection because it can generate a different ordering of investment thresholds.

Write ψi for i ∈ {L,H} and assume

ψL < ψH and ψH < ψL. (A36)
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We interpret the high-ψ firm as “AI focused” in the sense that it is less efficient in
using human capital (ψH > ψL) but has greater potential to bring down innovation costs
(ψH < ψL) by substituting AI for human capital. This interpretation captures differential
access to or specialization in AI and human capital. The firm’s expected profit under
belief E[h] and policy (q,∆q) becomes

Π∗(ψ,E[h], q,∆q) = q∆π(E[h]) + πD(E[h]) +
(
∆q∆π(E[h])

)2
2ψ

− ψ. (A37)

All other elements of the model are unchanged.
In the model of Section 4, the low-ψ firm is more profitable than the high-ψ firm

(Π∗(ψL) > Π∗(ψH)), and so the high-ψ firm’s participation constraint is more difficult to
satisfy. Under (A36), however, the ordering of expected profits across types at a common
belief E[h] is no longer unambiguous:

Π∗(ψH ,E[h], q,∆q)− Π∗(ψL,E[h], q,∆q) = (ψL − ψH)−
(∆q∆π(E[h]))2

2

(
1

ψL
− 1

ψH

)
.

(A38)
The first term captures the high-ψ firm’s fixed-cost advantage from AI. The second cap-
tures the low-ψ firm’s marginal-cost advantage, which scales in (∆q)2. The relative size
of the two cost advantages determines which firm is more profitable at the common belief,
and thus determines which firm’s participation constraint is most difficult to satisfy. This
results in two regimes.

Lemma 4. Define the crossing value

∆q†(E[h]) ≡ 1

∆π(E[h])

√
2ψL ψH (ψL − ψH)

ψH − ψL
. (A39)

For ∆q < ∆q†(E[h]), the “reversed regime” holds: Π∗(ψH) > Π∗(ψL). For ∆q >
∆q†(E[h]), the “standard regime” holds: Π∗(ψL) > Π∗(ψH), as in Proposition 4.

Proof. The crossing value is derived from setting Eq. (A38) to zero and re-arranging for
∆q.

The crossing value ∆q† is increasing in the fixed-cost gap ψL−ψH and decreasing in the
marginal-cost gap ψH − ψL. Intuitively, a larger AI-driven fixed-cost advantage requires
a steeper IP slope to restore the standard profit ordering, while a larger marginal-cost
advantage for the low-ψ firm lowers the required slope.

The standard regime replicates the structure of Proposition 4 (with thresholds that
shift to reflect the type-specific fixed costs). We now analyze the “reversed regime.” Focus
on the case where ∆q < ∆q†(h∗L). Since h∗L > E[h∗] > h∗H and ∆q†(·) is decreasing in
the belief, this condition also implies ∆q < ∆q†(E[h∗]) and ∆q < ∆q†(h∗H). Hence the
high-ψ firm is more profitable than the low-ψ firm under all relevant beliefs: h∗H , the
pooled belief E[h∗], and h∗L. The construction in Appendix A.8 carries over with L and
H interchanged:

• Let h∗H solve the fixed-point h∗H = ∆q∆π(h∗H)/ψH , the belief in the “only H invests”
(HI) equilibrium.
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• Define q′H as the threshold at which Π∗(ψH , h
∗
H , q,∆q) = 0, and q′L as the threshold

at which Π∗(ψL, h
∗
H , q,∆q) = 0.

• Define q′B as the threshold at which, under the pooled belief E[h∗], the low-ψ firm
(now the marginal entrant) just breaks even.

Provided the analogue of Assumption 1 holds with ψ replaced by ψL (the larger of the
two fixed costs), Lemma 3 applies to each type separately, since ψi enters Π∗ additively
and drops out of the derivatives in q and ∆q. Each type’s participation constraint is
therefore strictly increasing in q for a given fixed belief.

However, when it comes to the equilibrium structure, one substantial difference arises
compared to Proposition 4. The reason is that, in the reversed regime, a low-ψ entrant
raises the pooled belief since h∗L > h∗H . This is in contrast to Proposition 4, where
the high-ψ entrant lowers the pooled belief E[h∗]. The marginal entrant therefore bene-
fits from a positive rather than negative informational externality on the pooled belief.
Therefore, the inequality between the two thresholds flips: q′B < q′L. Thus, there is no
market-breakdown region. Instead, the high-ψ firm may invest alone over [q′H , q

′
B), and

both types invest above q′B.

Proposition 8. Assume (A36) and fix ∆q < ∆q†(h∗L). There exist thresholds q′H and q′B
such that the unique Pareto-dominant equilibrium takes one of two forms:

(a) If q′H < q′B:

(i) If q < q′H , no investment occurs.
(ii) If q′H ≤ q < q′B, only the high-ψ firm invests.

(iii) If q ≥ q′B, both types of firm invest.

(b) If q′B ≤ q′H :

(i) If q < q′B, no investment occurs.
(ii) If q ≥ q′B, both types of firm invest.

Proof. Eq. (A37) gives the expected profit with type-specific fixed costs ψi. Lemma 3
continues to hold pointwise in ψi: ∂Π∗/∂q = ∆π(E[h∗]) > 0 and ∂Π∗/∂∆q > 0 for each
i. Monotonicity in q therefore characterizes each participation constraint via a threshold.

Since h∗L > h∗H and ∆q†(·) is decreasing in beliefs, ∆q < ∆q†(h∗L) implies ∆q <
∆q†(h∗H). Therefore, Eq. (A38) evaluated at E[h] = h∗H yields Π∗(ψH , h

∗
H , q,∆q) >

Π∗(ψL, h
∗
H , q,∆q) for every q. Define q′H and q′L as the solutions to Π∗(ψH , h

∗
H , q,∆q) = 0

and Π∗(ψL, h
∗
H , q,∆q) = 0, respectively. By monotonicity and the strict profit ranking

just established, q′H < q′L.
Define q′B as the value of q at which the low-ψ firm just breaks even under the pooled

belief: Π∗(ψL,E[h∗], q′B,∆q) = 0. Because E[h∗] > h∗H by construction (the pooled belief
is the convex combination of h∗L and h∗H , and h∗L > h∗H in the reversed regime, so E[h∗]
lies between them), the marginal entrant’s constraint is strictly looser at the pooled belief
than at h∗H : q′B < q′L.

Moreover, because ∆q < ∆q†(h∗L), Eq. (A38) evaluated at E[h] = h∗L implies

Π∗(ψH , h
∗
L, q,∆q) > Π∗(ψL, h

∗
L, q,∆q)
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for every q. Hence, whenever the low-ψ firm is willing to invest under the belief h∗L, the
high-ψ firm is also willing to invest. Therefore, an equilibrium with only L invests (LI)
cannot occur.

The possible equilibrium regimes—no investment (NI), only H invests (HI), both
invest (BI)—follow by the same enumeration as in Appendix A.8. In case (a), multiplicity
arises on [q′H , q

′
B) (NI versus HI), on [q′B, q

′
L) (HI versus BI versus NI), and on [q′L, q

′
N) (NI

versus BI), where q′N is defined analogously to qN in (14) but using the most profitable
type at the pessimistic belief E[h] = 0, which in the reversed regime is the high-ψ type:

Π∗(ψH ,E[h] = 0, q′N ,∆q) = q′N∆π(0) + πD(0) +
(∆q∆π(0))2

2ψH
− ψH = 0.

Pareto dominance selects HI over NI, and BI over HI and NI in these regions, delivering
the case-(a) characterization. In case (b), q′B ≤ q′H , so the HI candidate is infeasible for
all q < q′H ; on [q′B, q

′
H) BI is the unique non-trivial equilibrium and Pareto-dominates

NI, and for q ≥ q′H BI Pareto-dominates HI and NI as before. The HI region therefore
collapses, leaving NI for q < q′B and BI for q ≥ q′B. We impose the analogue of the
main-text condition qN > qB, namely q′N > q′L, which streamlines the case enumeration
exactly as in Appendix A.8.

Proposition 8 has several implications for the effects of q and ∆q. Most notably, it
reveals that q no longer operates as a screening device for excluding the high-ψ in the
reversed regime. In the baseline of Section 4, the officer deters the high-ψ firm by lowering
q below qH , resulting in a separating equilibrium where only the low-ψ firm invests and
consumers form the belief h∗L. In the reversed regime, the analogous action (lowering q
below q′B) may instead exclude the low-ψ firm, such that only the high-ψ firm invests
with consumers forming the belief h∗H . Thus, any separating equilibrium induced by q
alone in the reversed regime supports the type that uses less human capital. Tightening
q therefore cannot implement the LI outcome if ∆q < ∆q†.

However, this also means that ∆q picks up an additional role. By Lemma 4, raising ∆q
above ∆q†(E[h∗]) flips the regime back to the standard one in which Π∗(ψL) > Π∗(ψH).
Consequently, if the social planner prefers the LI equilibrium over the HI or BI equilibria,
the optimal policy entails setting ∆q strictly above ∆q†, even when the direct social
value of human capital γ and the feedback-loop considerations of Section 4.2.2 would,
in isolation, call for a smaller ∆q. This additional role for ∆q complements its role
formalized in Proposition 7 as facilitating screening in the standard regime.

C Extensions

C.1 Alternative Cost Function
In the baseline model, the cost function C(h, ψ) = ψ + ψ

2
h2 is globally increasing in h.

Therefore, h = 0 should be interpreted as the minimum baseline level of human input,
beyond which human capital is always more expensive at the margin than AI. To capture
the idea that a mix of human and AI inputs can be cost-minimizing more explicitly, in

18



this appendix we consider an alternative specification:

C(h, ψ) = ψ(1− h) +
ψ

2
h2. (A40)

Note that ψ should no longer be interpreted as the lowest cost the firm can achieve by
leveraging AI as much as possible. Instead, the marginal cost of human-capital use is

∂C

∂h
= −ψ + ψh,

which is negative for low h and positive for high h. The cost-minimizing level of human
capital absent any IP incentives is hcm = ψ/ψ, which is interior whenever ψ < ψ. In-
tuitively, some human involvement reduces costs, for example, because human oversight
improves the efficiency of AI systems. Beyond a point, the marginal cost of additional
human capital dominates. This is broadly consistent in spirit with complementarity be-
tween human and AI inputs at low levels of human-capital use but substitutability at
high levels.

The key properties required for the baseline analysis are preserved. First, the cost
function remains convex in h: ∂2C

∂h2
= ψ > 0. Second, the single-crossing property holds

for h > 0: ∂2C
∂h∂ψ

= h > 0, ensuring that a higher cost type ψ has a higher marginal cost
of human capital at any positive h.

Firm’s Optimal Human-Capital Use. The general first-order condition for human-
capital use given in Eq. (4) continues to hold. Substituting ∂C

∂h
= −ψ+ψh, the condition

becomes ∆q ·∆π + ψ = ψh, yielding the optimal interior human-capital use

h∗ = min

{
1,

∆q ·∆π + ψ

ψ

}
. (A41)

Compared to the baseline solution h∗ = ∆q·∆π
ψ

, the alternative cost function adds the
term ψ/ψ to the optimal human-capital use. This reflects the cost-reduction benefit of
human capital at low levels: even absent any IP incentive (∆q = 0), the firm optimally
chooses hcm = ψ/ψ > 0 to minimize costs. The IP incentive ∆q ·∆π operates on top of
this baseline level.

Investment Decision. Substituting h∗ from Eq. (A41) into the profit function (as-
suming an interior solution), the firm’s equilibrium expected profit is

Π(h∗, ψ) = πD + q∆π +∆q · ∆q ·∆π + ψ

ψ
·∆π − ψ

(
1− ∆q ·∆π + ψ

ψ

)
− ψ

2

(
∆q ·∆π + ψ

ψ

)2

= πD + q∆π +
(∆q ·∆π + ψ)2

2ψ
− ψ.

Therefore, the firm invests if and only if

πD + q∆π +
(∆q ·∆π + ψ)2

2ψ
≥ ψ. (A42)
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Compared to the baseline participation constraint, πD + q∆π + (∆q·∆π)2
2ψ

≥ ψ, the al-
ternative cost function relaxes the participation constraint through the additional term
2ψ∆q·∆π+ψ2

2ψ
on the left-hand side. This reflects the cost savings from the interior cost-

minimizing input mix, which makes the innovation investment more attractive.

Robustness of the Main Results. The alternative cost function shifts the firm’s
human-capital choice upward by an additive constant ψ/ψ relative to the baseline, but
does not alter the structure of the model’s key trade-offs. We briefly argue that each of
the main results is qualitatively preserved.

The sufficient-statistic result from Section 3.3.1 carries over immediately. The “killing
AI” result (Proposition 1) is strengthened. The condition for h∗ = 1 becomes ∆q ·∆π +
ψ ≥ ψ, which is easier to satisfy than the baseline condition ∆q · ∆π ≥ ψ. Intuitively,
because the firm already has a cost-based incentive to use human capital up to hcm, the
IP system needs to bridge a smaller gap to push the firm to full human-capital use.

The “killing the IP system” result (Corollary 1) is qualitatively unchanged. The
participation constraint (A42) is relaxed relative to Lemma 1, so sufficiently low AI costs
continue to eliminate the need for the innovation-subsidy role of the IP system (q∗ = 0).
Regarding the human-capital-subsidy role, the key observation is that when γ = 0, the
officer has no reason to set ∆q > 0: the firm already chooses hcm = ψ/ψ to minimize
costs, and any positive ∆q would induce human-capital use beyond the cost-minimizing
level at the social cost of increased monopoly rights. Thus, γ = 0 continues to imply
∆q∗ = 0. Conversely, when γ > 0, the officer faces the same trade-off as in Proposition 2.
The slope incentivizes human-capital use above the firm’s private optimum but comes
at the welfare cost of monopoly rights. Therefore, it remains optimal to set ∆q∗ > 0
provided the signal is sufficiently informative. The level of the optimal ∆q∗ is different
than in the baseline, because the cost structure already provides some human-capital use.

Finally, the analysis of consumer preferences and adverse selection from Section 4
extends to this cost function. The feedback loop identified in Corollary 2 operates through
the interaction of ∆q with consumer beliefs E[h∗] and the profit premium ∆π(E[h∗]). The
structure of this feedback loop is preserved under the alternative cost function: increasing
∆q raises equilibrium beliefs, which widens the profit premium, which further increases
human-capital use, and so on. Similarly, the adverse selection results in Propositions 4
and 5 rely on the ordering of participation thresholds across firm types and the wedge
between pooled and separating beliefs. While the specific threshold values qL, qH , and qB
change under the alternative cost function, the strict ordering qL < qH < qB is preserved
because it follows from ψH > ψL and the fact that pooled beliefs remain strictly below
separating beliefs.

C.2 Consumer’s Information
In this extension, we introduce an informative signal that allows the consumer to update
their beliefs regarding the firm’s input. To formalize the information structure, we assume
that the consumer observes a noisy signal sc from an information set I. This signal is
drawn from a conditional probability density function f(sc|h), which is differentiable in h.
We impose the standard assumption that the signal distribution satisfies the Monotone
Likelihood Ratio Property (MLRP). Formally, for any two levels of human capital h′ > h,
the likelihood ratio f(sc|h′)

f(sc|h) is non-decreasing in the signal sc. This assumption ensures
that the signal is informative: a higher realization of sc indicates a higher likelihood that
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the firm uses more human capital.
Based on conjectures about the firm’s human-capital use, ĥL and ĥH , the consumer

forms a posterior belief E[h|sc] using Bayes’ rule:

E[h|sc] =
pPr[sc|ĥL]ĥL + (1− p) Pr[sc|ĥH ]ĥH
pPr[sc|ĥL] + (1− p) Pr[sc|ĥH ]

. (A43)

An implication of the MLRP assumption is that the consumer’s posterior belief E[h|sc]
is strictly increasing in the observed signal sc.

The introduction of the informative signal sc leads to a crucial departure from the
analysis in Section 4. Previously, the firm could not signal its human-capital use to the
consumer. In this setting, however, the firm’s choice of h determines the distribution
of the signal sc, and consequently, the consumer’s willingness to pay. Importantly, the
introduction of the informative signal sc provides a mechanism to mitigate the adverse
selection problem identified in Section 4. In the setting without consumer information,
one way to resolve this problem is for the IP policy to deter investment by the high-cost
firm. In this extension, the informative signal sc enables differentiation without requiring
exclusion. Because the low-cost firm chooses a higher level of human capital than the
high-cost firm, it is more likely to generate favorable signals. Since the consumer updates
their beliefs E[h|sc] upward upon observing a favorable signal, the low-cost firm realizes
a higher expected willingness to pay than the high-cost firm. The informative signal
reduces the distortion that benefits the high-cost firm at the expense of the low-cost firm
in the pooling equilibrium. Consequently, the presence of consumer information relaxes
the officer’s need to utilize the IP policy as an instrument for resolving adverse selection.

Proposition 9. In any pooling equilibrium where both types of firms invest in innovation,
the presence of the informative signal sc ensures that the low-cost firm achieves strictly
higher consumer beliefs E[h|sc] (and thus higher expected profit) than the high-cost firm.

Proof. See Online Appendix C.2.1.

We now characterize the firm’s optimal human-capital choice. The firm anticipates
that increasing human-capital use h shifts the distribution f(sc|h) toward more favorable
outcomes. This mechanism alters the firm’s maximization problem, leading to the first-
order condition defined in Eq. (12). We repeat the condition here:

ψh∗ =∆q · Esc [πG(E[h|sc])− πD(E[h|sc])]︸ ︷︷ ︸
IP Incentive

+

∫
sc

∂f(sc|h)
∂h

(
(q +∆qh)πG(E[h|sc]) + (1− (q +∆qh))πD(E[h|sc])

)
dsc︸ ︷︷ ︸

Information Incentive

.

The firm’s optimal human-capital use equates the marginal cost ψh to the sum of the
“IP Incentive” and the “Information Incentive.” The following lemma shows that the
“Information Incentive” motivates the firm to use more human capital relative to the
case where this incentive is absent.

Lemma 5. For any IP policy (q,∆q), the “Information Incentive” component is strictly
positive.

Proof. See Online Appendix C.2.2.
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The intuition for a positive information incentive is as follows. For a given IP policy
(q,∆q), the firm anticipates that higher h is more likely to generate favorable signals sc
(i.e., ∂f(sc|h)

∂h
> 0). The rational consumer, upon observing such a signal, forms higher

posterior beliefs E[h|sc] about the firm’s human-capital use. Since the consumer values
h, these higher beliefs translate directly into a higher willingness to pay, increasing the
firm’s profits πa(E[h|sc]). Therefore, the “Information Incentive” provides incentives for
the firm to use human capital in addition to the IP incentive.

Having characterized the firm’s optimal human-capital choice, we now show that the
presence of consumer information amplifies the firm’s responsiveness to the slope ∆q. In
Section 4, the policy ∆q incentivizes the use of human capital by increasing the prob-
ability of obtaining protection and triggering a feedback loop via consumer beliefs. In
this extension, the information received by the consumer creates an additional channel
for ∆q to influence the firm’s decision. A steeper slope ∆q increases the marginal benefit
of shifting the signal distribution toward favorable outcomes. Since a favorable consumer
signal sc is correlated with higher consumer willingness to pay, the profit premium ∆π
associated with IP protection is largest precisely when the signal is most favorable. Con-
sequently, a higher ∆q increases the expected marginal return of generating positive sig-
nals through additional human-capital use. This complementarity implies that the firm’s
human-capital use h∗ becomes more sensitive to the slope ∆q when consumers observe
informative signals. The following proposition formally characterizes this interaction.

Proposition 10. Compared to a counterfactual in which the term labeled “Information
Incentive” in Eq. (12) is absent, the presence of this term strictly increases the marginal
effect of the slope ∆q on the firm’s human-capital use.

Proof. See Online Appendix C.2.3.

The presence of the “Information Incentive” also has implications for the optimal IP
policy. Because the “Information Incentive” provides a strictly positive motivation for the
firm to use human capital that is independent of monopoly rights, it functions as a partial
substitute for the slope ∆q. The officer can leverage this information-driven mechanism
to maximize welfare while reducing the reliance on the IP system to incentivize human-
capital use. Furthermore, because the firm is more responsive to ∆q as established in
Proposition 10, the officer can induce the socially optimal level of human capital with
a smaller ∆q than would be required if the firm were motivated solely by the IP policy
incentives.

Special case: sc = a. In the following we consider a special case in which the con-
sumer’s signal is the officer’s granting decision itself. In this case, it is not immediate
that the firm’s incentive to use human capital can still be separated into the “IP Incen-
tive” and the “Information Incentive” as in Eq. (12), because the probability of obtaining
IP protection is exactly the probability that the consumer observes the favorable signal.
Nevertheless, we show in the following that the same two components are still at work in
determining the firm’s human-capital use in this special case.

In the general case, the consumer’s signal sc and the officer’s decision a are different.
As a result, for a given consumer signal sc, the firm evaluates its expected payoff by
averaging over both granting outcomes, with weights given by the probability of obtaining
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protection. This means that the firm’s expected payoff is:

Π(h, ψ) =

∫
sc

(
Pr[a = G | h]πG(E[h|sc])+Pr[a = D | h]πD(E[h|sc])

)
f(sc|h)dsc−C(h, ψ).

By contrast, when sc = a, the consumer signal and the granting decision coincide, and
the firm’s uncertainty is reduced to one dimension. Conditional on a = G, the firm only
receives πG(E[h | a = G]), while conditional on a = D, it only receives πD(E[h | a = D]).
Hence, the firm’s expected payoff is

Π(h, ψ) = Pr[a = G | h]πG(E[h | a = G]) + Pr[a = D | h]πD(E[h | a = D])− C(h, ψ).

The firm’s first-order condition determines its human-capital use:

ψh∗ = ∆q
(
πG (E[h | a = G])− πD (E[h | a = D])

)
.

Although the right-hand side of this term collapses the “IP Incentive” and the “Informa-
tion Incentive” into a single term, the firm’s marginal benefit can still be decomposed in
a way that isolates the same two components:

ψh∗ = ∆q
(
πG(E[h | a = D])− πD(E[h | a = D])

)
︸ ︷︷ ︸

IP Incentive

+∆q
(
πG(E[h | a = G])− πG(E[h | a = D])

)
︸ ︷︷ ︸

Information Incentive

.

The first term captures the increase in the firm’s profits generated by monopoly rights,
evaluated at a common posterior belief a = D. The second term captures the additional
increase in the profits generated by the more favorable consumer beliefs associated with
a granting decision a = G. Relative to the general case, the key difference is that the two
components are no longer independent, because the same realization a determines both
whether protection is granted and what the consumer learns about the firm’s human-
capital use.

C.2.1 Proof of Proposition 9

Proof. We begin by establishing that the consumer’s posterior belief E[h|sc] is strictly
increasing in the signal sc. Recall that the consumer’s posterior belief is:

E[h|sc] =
pf(sc|ĥL)ĥL + (1− p)f(sc|ĥH)ĥH
pf(sc|ĥL) + (1− p)f(sc|ĥH)

.

We differentiate E[h|sc] with respect to sc. The derivative is given by:

∂E[h|sc]
∂sc

=
p(1− p)(ĥL − ĥH)

(
∂f(sc|ĥL)

∂sc
f(sc|ĥH)− f(sc|ĥL)∂f(sc|ĥH)

∂sc

)
(
pf(sc|ĥL) + (1− p)f(sc|ĥH)

)2 .

The sign of this derivative is determined by the sign of the numerator. Since the signal
distribution is assumed to follow the MLRP and given that ĥL > ĥH , the likelihood ratio
f(sc|ĥL)
f(sc|ĥH)

is increasing in sc. This means that the derivative of this ratio with respect to sc
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is non-negative:

∂

∂sc

(
f(sc|ĥL)
f(sc|ĥH)

)
=

∂f(sc|ĥL)
∂sc

f(sc|ĥH)− f(sc|ĥL)∂f(sc|ĥH)
∂sc

(f(sc|ĥH))2
> 0.

This implies that ∂f(sc|ĥL)
∂sc

f(sc|ĥH)− f(sc|ĥL)∂f(sc|ĥH)
∂sc

> 0. Since p ∈ (0, 1) and ĥL > ĥH ,
the entire numerator is strictly positive. Thus, ∂E[h|sc]

∂sc
> 0.

We now analyze the firm’s expected profit Esc|h[πa(E[h|sc])]. Recall that the profit
functions πG(·) and πD(·) are strictly increasing in consumer beliefs E[h|sc]. Combining
this with the result above, the firm’s profit conditional on the signal, πa(E[h|sc]) for
a ∈ {G,D}, is strictly increasing in sc.

In any pooling equilibrium where both types invest, the low-cost firm chooses human
capital h∗L and the high-cost firm chooses h∗H such that h∗L > h∗H . The MLRP assumption
implies that the signal distribution f(sc|h) satisfies First-Order Stochastic Dominance
(FOSD) with respect to h. Therefore, the distribution f(sc|h∗L) stochastically dominates
f(sc|h∗H). By the definition of FOSD, the expected value of any function that is strictly
increasing in the signal sc is strictly higher under the dominating distribution. Applying
this property to the firm’s profit conditional on the signal πa(E[h|sc]) yields:

Esc|h∗L [πa(E[h|sc])] > Esc|h∗H [πa(E[h|sc])] for a ∈ {G,D}.

Applying the same logic to the consumer belief function E[h|sc] yields

Esc|h∗L [E[h|sc]] > Esc|h∗H [E[h|sc]].

Thus, the low-cost firm achieves strictly higher expected consumer beliefs and expected
profit than the high-cost firm.

C.2.2 Proof of Lemma 5

Proof. The firm’s expected profit function is:

Π(h, ψ) =

∫
sc

(
(q+∆qh)πG(E[h|sc]) +

(
1− (q+∆qh)

)
πD(E[h|sc])

)
f(sc|h)dsc−C(h, ψ).

(A44)
The firm chooses human-capital use h ∈ [0, 1] to maximize its expected profit Π(h, ψ),
taking the consumer belief E[h|sc] as given. We take the derivative of Π(h, ψ) with respect
to h, which yields the first-order condition with respect to h given in Eq. (12). We repeat
the condition here:

ψh∗ =∆q Esc [πG(E[h|sc])− πD(E[h|sc])]

+

∫
sc

∂f(sc|h)
∂h

(
(q +∆qh)πG(E[h|sc]) +

(
1− (q +∆qh)

)
πD(E[h|sc])

)
dsc

In the following, we prove that the “Information Incentive” term on the right-hand side
is positive. We denote the term in the large parenthesis as the firm’s expected profit
conditional on the signal sc. First, we observe that this conditional profit is strictly
increasing in sc. This holds because the assumed Monotone Likelihood Ratio Property
(MLRP) ensures that the consumer’s posterior beliefs E[h|sc] are increasing in sc, and
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the firm’s profits are increasing in consumer beliefs. Second, the MLRP implies that
the signal distribution f(sc|h) satisfies First-Order Stochastic Dominance (FOSD) in h.
By the definition of FOSD, an increase in h shifts the probability mass such that the
expected value of any increasing function of sc increases. This implies:∫

sc

∂f(sc|h)
∂h

(
(q +∆qh)πG(E[h|sc]) + (1− (q +∆qh))πD(E[h|sc])

)
dsc > 0.

Thus, the “Information Incentive” term is strictly positive. For any given level of IP
incentive, the presence of the informative signal adds a strictly positive marginal benefit
to human-capital use.

C.2.3 Proof for Proposition 10

Proof. To determine the impact of the “Information Incentive” on the firm’s responsive-
ness to ∆q, we compare the cross-partial derivative of the firm’s expected profit with
respect to human-capital use h and the slope ∆q, i.e., ∂2Π

∂h∂∆q
, in this extension with

a counterfactual case where the “Information Incentive” is absent. This cross-partial
derivative measures the complementarity between the firm’s human-capital use and the
slope. A higher value implies that an increase in the slope ∆q generates a stronger
marginal incentive for the firm to use human capital h.

In this extension, the firm’s equilibrium human-capital use h∗ is determined by the
first-order condition (12). We repeat the condition here:

∂Π

∂h
= ∆qEsc [∆π(E[h|sc])]− ψh

+

∫
sc

∂f(sc|h)
∂h

(
(q +∆qh)πG(E[h|sc]) +

(
1− (q +∆qh)

)
πD(E[h|sc])

)
dsc = 0.

Differentiating the above with respect to ∆q yields the following cross-partial derivative:

∂2Π

∂h∂∆q
=

(
Esc [∆π(E[h|sc])] + ∆q

∂Esc [∆π(E[h|sc])]
∂∆q

)
+ h

∫
sc

∂f(sc|h)
∂h

∆π(E[h|sc])dsc.

(A45)
The term in parentheses corresponds to the direct effect of ∆q and its impact on con-
sumer beliefs (i.e., the feedback loop). These two effects of ∆q have been analyzed in
Section 4 extensively. The second term is unique to the presence of the “Information
Incentive.” Since ∆π(E[h|sc]) is strictly increasing in E[h|sc], and E[h|sc] is increasing
in sc by the MLRP assumption and the fact that f(sc|h) satisfies FOSD, this integral
is strictly positive. Thus, the “Information Incentive” adds a positive term to the cross-
partial derivative.

In the counterfactual case where the ”Information Incentive” term is absent, the firm’s
marginal benefit of human-capital use is driven solely by the “IP Incentive” ∆qEsc [∆π(E[h|sc])]
and the cross-partial derivative is given by:

∂2Π

∂h∂∆q
=

∂

∂∆q
(∆q · Esc [∆π(E[h | sc])]) = Esc [∆π(E[h|sc])] + ∆q

∂Esc [∆π(E[h|sc])]
∂∆q

.

Comparing the two cross-partial derivatives, we conclude that the presence of the “Infor-
mation Incentive” increases the firm’s responsiveness to ∆q.
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C.3 Continuous Signal
In this extension, we develop the continuous-signal version of our model discussed in
Section 5.1 in the main text. This model more directly maps the IP policy to a threshold
for human-capital use and allows us to implement a potential practical limitation to the
IP policy. Specifically, we assume the officer can only set the threshold for human-capital
use, rather than the “intercept” and “slope” of the policy separately.

Consider a model in which the IP officer sets a human-capital-use threshold for grant-
ing protection, h̄ ∈ [0, 1]. In contrast to our baseline model, in which the officer re-
ceives a binary signal, suppose the officer receives a continuous signal s = h + ε, where
ε ∼ N(0, σ2), about the firm’s use of human capital. The officer then forms a rational
expectation about the firm’s human-capital use, i.e., E[h|s], reflecting the officer’s own
assessment of the use of human capital. This is given by:

E[h|s] = pf(s|ĥL)ĥL + (1− p)f(s|ĥH)ĥH
pf(s|ĥL) + (1− p)f(s|ĥH)

(A46)

where ĥL and ĥH are the officer’s conjectured human-capital use for the low-cost and
high-cost types, respectively. Given the signal structure, the signal s follows a normal
distribution, that is, s|h ∼ N (h, σ2), therefore, the function f(s|ĥ) is the normal proba-
bility density function.

Granting Decision The officer grants IP protection if and only if

E[h|s] > h̄. (A47)

Since the cost function C(h, ψ) satisfies the single-crossing property, i.e., ∂2C
∂h∂ψ

> 0, the
conjectured human-capital use satisfies ĥL > ĥH . Consequently, the likelihood functions
f(s|ĥL) and f(s|ĥH) satisfy the Monotone Likelihood Ratio Property, that is, f(s|ĥL)

f(s|ĥH)

increases in s. This implies that E[h|s] is monotonically increasing in s. Therefore, the
granting decision reduces to a threshold rule on s. Specifically, there exists a unique signal
s̄ such that the officer grants IP protection if and only if s > s̄. It is straightforward to
see that s̄ is a function of the officer’s conjectured human-capital use ĥL and ĥH and the
committed threshold h̄.

Human-Capital Use. The general formula for the firm’s first order condition for
human-capital use given in the baseline model continues to hold in this setting. That
is, the effect of the IP policy on human-capital use is entirely driven by the marginal
probability of being granted IP protection:

∂ Pr[s > s̄|h]
∂h

∆π =
∂C(h, ψ)

∂h
.

As in the baseline model, the IP policy is defined as a cumulative distribution function
that is a function of human-capital use, and so the optimal level of human-capital use is
driven by the probability density function.
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Given the assumption that the signal’s error term is normally distributed, ε ∼ N (0, σ2),
the probability of receiving IP protection is Pr[s > s̄|h] = 1 − Φ

(
s̄−h
σ

)
, where Φ is the

cumulative distribution function of the standard normal distribution. The derivative of
this probability with respect to h is therefore 1

σ
φ
(
s̄−h
σ

)
, where φ is the standard normal

probability density function.
From the firm’s first order condition, we can derive the effect of the threshold s̄ on

the firm’s human-capital use.

Lemma 6. An increase in the threshold h̄ can either increase or decrease the use of
human capital relative to AI:

dh∗

dh̄
≥ 0 if and only if s̄ ≤ h∗,

where s̄ is defined as E[h∗|s̄] = h̄. In the limit h̄→ ∞, only AI is used:
lim
h̄→∞

h∗ = 0.

Proof. The firm’s first order condition with respect to h is given by:

g(h∗, s̄) ≡ πG − πD
σψ

φ

(
s̄− h∗

σ

)
− h∗, (A48)

so that the optimal human-capital use h∗ is defined by g(h∗, s̄, σ) = 0.
By the implicit function theorem,

dh∗

ds̄
= − ∂g/∂s̄

∂g/∂h∗
.

Differentiating g(h∗, s̄, σ) with respect to h∗ and s̄, and using the fact that the standard
normal density satisfies φ′(x) = −xφ(x), gives

∂g

∂h∗
= −πG − πD

σψ

1

σ
φ′
(
s̄− h∗

σ

)
− 1 =

πG − πD
σψ

s̄− h∗

σ

1

σ
φ
(
s̄−h∗
σ

)
− 1,

∂g

∂s̄
= −πG − πD

σψ

s̄− h∗

σ

1

σ
φ
(
s̄−h∗
σ

)
.

To determine the sign of the derivative dh∗/ds̄, note that the partial derivative ∂g/∂h∗ ≤
0. This is because g(h∗, s̄, σ) is the first order condition of the firm’s problem with
respect to h, so ∂g/∂h is the second order condition which is negative evaluated at the
local maximum h∗. Therefore, it suffices to determine the sign of ∂g/∂s̄:

dh∗/ds̄ ≥ 0 ⇐⇒ ∂g/∂s̄ ≥ 0 ⇐⇒ s̄ ≤ h∗,

where we have used that πG − πD ≥ 0 and φ
(
s̄−h∗
σ

)
≥ 0. Since s̄ is increasing in h̄, this

implies the sign of the derivative stated in the lemma.
The second part of the lemma follows from evaluating g(h∗, s̄, σ) in the respective

limit:

lim
h̄→∞

g(h∗, s̄, σ) = −h∗,
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which implies that g(h∗, s̄, σ) = 0 can only be satisfied at h∗ = 0.

Lemma 6 echoes the first result discussed in Section 3.3: the effect of policy leniency
(i.e., a lower s̄) on h∗ is ambiguous. This is because the effect is determined by how a
change in s̄ changes the marginal probability of receiving IP protection. In the case of the
continuous signal, s̄ ≤ h∗ implies that an increase in s̄ increases this marginal probability,
while s̄ > h∗ implies that an increase in s̄ decreases this marginal probability.

C.4 Dynamic Model Training
To explore the implications of dynamic model training, we embed the baseline model
in a two-period economy corresponding to two independent rounds of innovation. The
IP officer sets the IP policy at the beginning of the first period and it applies to both
periods. We assume that parameters are identical in both periods except for the AI cost
floor, which we assume to be weakly decreasing over time, such that ψ2 ≤ ψ1.

To model the feedback between human-capital use, IP protection, and AI model
training, we assume that the period-2 AI cost floor is a function ψ2 = ψ2(h1, a1), where h1
is the firm’s period-1 human-capital choice and a1 ∈ {G,D} is the period-1 grant decision.
This function captures three channels through which period-1 decisions can affect ψ2 in
a reduced form. First, more human-created content may improve training data quality,
lowering ψ2. We refer to this as the “model-collapse channel” because it has often been
discussed in the context of AI models being trained on AI-generated data, which can
potentially undermine the quality of AI output. Second, more human and less AI-use
results in lower revenue for the AI model provider, increasing ψ2. Third, IP protection
(a1 = G) restricts content from training use, implying higher ψ2. Consequently, the
overall sign of the effect of period-1 decisions on ψ2 is ambiguous and depends on the
relative strength of these channels. We carry this sign as unrestricted throughout the
following analysis.

When considering the firm’s choice of human-capital use, it is important to note that
we model only one firm in the economy. However, in an economy with many innovative
firms, the effect of an individual firm’s human-capital use on future innovation costs may
be small, such that firms do not internalize this effect. In that case, the firm’s optimal
human-capital use reduces to the static setting, as given by Eq. (5). Therefore, the
incentives for human-capital use derived from our baseline model extend to the dynamic
setting.

The effect of human-capital use and IP protection are, however, internalized by the
IP officer when setting the IP policy. We first derive q∗ under the assumption that it is
optimal for the officer to incentivize investment by both types of firms in both periods.
Since the AI cost floor is assumed to be weakly decreasing over time for all h1 and a1,
this implies binding the participation constraint for the high-cost firm in the first period.
Thus, q∗ is the same as in the baseline model, which is given in Proposition 2 (with
ψ = ψ1).

To derive ∆q∗, the officer maximizes total welfare across the two periods, with period-2
welfare discounted by a factor δ:

max
∆q

E[W] = E[W1] + δE[W2]

Substituting the social benefit function v(h), the firm’s optimal human-capital use h∗,
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and the optimal slope q∗ into expected welfare gives

max
∆q

E[W] =(1 + δ)

[
πD + uD +

(
ψ − πD
∆π

− (∆q)2∆π

2ψH

)
(∆π +∆u)

+ ∆πγE
[
1

ψ

]
∆q +∆π

(
∆π

2
+ ∆u

)
E
[
1

ψ

]
(∆q)2

]
− ψ1 − δψ2(h

∗, a1),

where E
[
1
ψ

]
= p

ψL
+ 1−p

ψH
. The first-order condition with respect to ∆q is

dE[W]

d∆q
= (1+δ)

[
∆πγE

[
1

ψ

]
+2∆q

(
∆πE

[
1

ψ

](
∆π

2
+ ∆u

)
− ∆π

2ψH
(∆π +∆u)

)]
−δ dψ2

d∆q
= 0.

Solving for the optimal slope gives

∆q∗ =
γE
[
1
ψ

]
− δ

1+δ
dψ2

d∆q

−
(
E
[
1
ψ

]
(∆π + 2∆u)− ∆π+∆u

ψH

) .
This expression is similar to the optimal slope given in Proposition 2, with the additional
term in the numerator reflecting the discounted effect of ∆q on ψ2. This additional
term maps to the three channels through which period-1 decisions (h1 and a1) affect ψ2.
Intuitively, if a larger ∆q leads to a greater reduction in the future AI cost floor (i.e.,
dψ2

d∆q
< 0), then the officer chooses a larger ∆q∗ than in the static setting. This would

be the case if, for example, the model-collapse channel dominates the other two channels
discussed above. Conversely, if the opposite is true, then the officer chooses a smaller
∆q∗ than in the static setting.
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