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Abstract

We study an equilibrium model of academic publishing in which researchers choose the
quality (and quantity) of papers, and journals screen submissions imperfectly. Al expands
researchers” productive frontier by increasing the routine capacity, but their deep attention
capacity remains unchanged. As Al improves, researchers have stronger incentives to pro-
duce more papers, which leads to more congestion at journals. More congestion, in turn,
increases the screening noise, which incentivizes authors to write more papers rather than
investing in quality. This amplification mechanism leads to (i) More submissions, (ii) lower
average quality, and (iii) under identifiable conditions, reduces the published knowledge.
Interestingly, the model also highlights how heterogeneity across researchers (in career
stage, time constraints, and institutional burdens) reshapes the composition of published
work, favoring scalable production over deep contribution for some groups more than oth-
ers.
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1 Introduction

Generative artificial intelligence (Al) is reshaping the economics of scholarly production. By
automating routine tasks, it raises productivity at nearly every stage of research, from ideation
and analysis to drafting and revision (Korinek 2023). Yet this productivity gain also creates a
tension between quantity and quality. Studying the period since the late-2022 release of Chat-
GPT, Gartenberg et al. (2026) document a 42% rise in submissions at Organization Science,
together with more Al-assisted writing in both manuscripts and reviews. At the same time, the
writing quality and topical diversity of submissions decline, which suggests that the produc-
tivity gain raises quantity more than quality.'

This is more concerning once we account for the externalities of rising research volume, and
in particular for congestion in peer review. Peer-review labor is scarce, so a growing flow of
submissions erodes the quality of the selection that review delivers. Artificial-intelligence con-
ferences already illustrate the problem. A surge in submissions has raised questions about the
credibility and sustainability of their review system (Kim, Lee & Lee 2025). In their most recent
cycle, five major Al conferences saw submissions rise by roughly 60% in aggregate relative to
the previous year, and organizers warn that this growth places severe strain on review quality
and accountability.?

These recent developments raise questions about knowledge production in the era of Al
First, how does Al reshape researchers’ incentives to trade off paper quantity against qual-
ity? Second, how do AI’s effects vary across heterogeneous researchers? Third, how should
the profession adjust policies to better translate Al productivity gains into socially valuable
knowledge production?

To answer these questions, we develop a model of research production and publication
screening with three key ingredients. First, researchers choose how many papers to produce
and face a quantity-quality tradeoff: expanding the research portfolio spreads effort more
thinly across papers, reducing the quality of each paper. Thus, although generative Al im-
proves quality for a fixed portfolio, if a researcher writes more papers, her average research
quality can decline. Second, review noise increases with aggregate submission volume. Each

researcher internalizes quality dilution within her own research portfolio but does not inter-

Relatedly, Kusumegi et al. (2025) find that Al-assisted research tends to be linguistically more complex but
substantively thinner, and Hao et al. (2026) show that Al tools raise scientists” output and citations while narrow-

ing the focus of their work.
2Relative to the previous year, submissions rose by 38% at NeurIPS, 13% at CVPR, 68% at ICLR, 98% at ICML,
and more than 80% at AAAI. The submission volume data are from official conference statistics.



nalize the externality that her submissions make the publication screen less informative for
everyone else. Third, researchers have publish-or-perish payoffs: they derive private value
only from papers that are published, while each submission entails the same cost.

We first examine how Al reshapes researchers’ incentives. In the model, researchers’ publish-
or-perish payoff generates a natural quantity-quality trade-off. By writing one additional pa-
per, a researcher creates another publication opportunity. However, this dilutes the quality and
reduces the publication probability of each paper. The researcher chooses her research portfolio
by balancing these two forces, which pins down an optimal target publication probability for
each paper.

Al advancement affects researchers’ research portfolio choices through two channels: a
direct productivity channel and an indirect review-congestion channel. The direct productivity
channel operates through individual researchers’ reoptimization of research portfolio. Holding
journal-review noise fixed, Al advancement has no direct influence on researchers’ publication
incentive. Therefore, researchers maintain their target publication probability by keeping the
quality of each paper unchanged, and Al advancement simply allows them to produce more
papers. In other words, the Al-induced productivity gain translates to quantity rather than
quality.

The indirect channel operates through equilibrium review congestion. The direct productiv-
ity channel leads all researchers to submit more papers, which congests the review process and
makes publication outcomes noisier. This increase in review noise then reshapes researchers’
incentives through two mechanisms. First, publication outcomes become less sensitive to pa-
per quality, and therefore, the cost of quality dilution from writing more papers falls. This
incentivizes researchers to lower their target publication probability and prioritize quantity
over quality. This force pushes researchers to write more papers with lower quality. Second,
higher review noise alters the mapping from quality to publication probability. A noisier re-
view process raises the publication probability of papers below the publication standard and
lowers that of papers above it. For researchers with low target publication probabilities, this ef-
fect can reinforce the priority for quantity, because noise increases the chance that lower-quality
papers pass the publication screen. For researchers with high target publication probabilities,
however, higher review noise reduces publication chances, inducing them to cut quantity and
concentrate effort on improving quality. As a result, the overall effect of higher review noise
on research quantity is ambiguous. We call a researcher congestion-amplifying if she writes more

papers in response to an increase in review noise, and congestion-disciplining if she writes fewer

papers.



Motivated by the low acceptance rates at economics and finance journals, we focus on envi-
ronments in which researchers are congestion-amplifying in the aggregate. That is, aggregate
submissions increase in response to higher review noise. When researchers are homogeneous,
this implies that AI advancement increases the equilibrium volume of research while reduc-
ing average research quality. Moreover, this also leads to a feedback loop between submission
incentives and screening precision. A noisier screening process encourages researchers to pro-
duce more papers, which further congests the review process and raises review noise.

Notably, we show that this feedback loop can give rise to a self-fulfilling Al-induced quan-
tity trap. When Al productivity is low, the economy admits a unique equilibrium with low
research quantity and high average quality. At intermediate levels of Al productivity, multi-
ple equilibria may emerge: one with low quantity and high average quality, and another with
high quantity and low average quality. As Al progresses, the economy may therefore switch
from the high-quality equilibrium to the low-quality equilibrium, generating a discrete jump
in research volume and a discrete decline in average quality. With further Al advancement,
the economy remains trapped in the high-quantity, low-quality outcome, which becomes the
unique equilibrium.

Al advancement increases research volume while lowering average research quality. This
raises the question of how Al affects aggregate socially valuable knowledge production, which
we proxy by the aggregate quality of published papers, since published papers are most likely
to reach a broad audience. We show that Al affects aggregate published quality through three
forces: a scale gain from more submissions, a dilution loss from lower mean quality, and a
screening-congestion loss from noisier selection. Since these forces are at play simultaneously,
the overall effect of Al advancement is generally ambiguous.

We then examine how Al advancement affects heterogeneous researchers differently. Recall
that researchers balance the benefit of additional publication opportunities against the quality
dilution from writing more papers, which pins down an optimal target publication probability
for each paper. Heterogeneity directly related to publication incentives—such as submission
costs, private benefits from publication, or the elasticity of quality dilution—can generate dif-
ferent target publication probabilities across researchers. By contrast, heterogeneity unrelated
to publication incentives implies that all researchers choose the same target publication proba-
bility and average paper quality.

The representative-agent mechanism also has cross-sectional implications. With heteroge-
neous researchers, the sign of a type’s quality response is governed by that type’s congestion

slope. Pure quality-level differences do not by themselves determine who is trapped. They



shift submission levels but leave the congestion slope unchanged when payoff and dilution
primitives are common. By contrast, private publication value relative to submission cost and
the strength of own-quality dilution sort researchers into trap and outside-trap types. High
private-value researchers are more willing to chase publication when screening becomes noisy.
Researchers whose projects require less scarce deep attention are also more likely to expand
quantity when congestion weakens publication discipline. As a result, Al can shift output to-
ward types whose mean quality falls and away from types whose mean quality rises.

The policy implication is a constrained-efficiency result for paired instruments. The pub-
lisher chooses the aggregate submission target and the publication threshold that maximize
true published quality under the maintained screening technology, and then implements the
target with either an effective submission cost or a binding cap. A threshold-only response
can use selection to solve a quantity problem and reject papers with positive posterior true
quality. A quantity instrument can reduce congestion without determining which papers are
published. Screening Al can improve signal precision, but its effect depends on how quantity
and thresholds adjust. The robust lesson is therefore not a mechanical prescription to raise any
single lever, but to recompute the constrained-efficient policy pair as the production environ-
ment changes.

The contribution of the paper is to provide an equilibrium screening-congestion mechanism
for how a quality-improving research technology can reduce research quality. The key force is
not that Al directly makes papers worse. Itis that Al changes private submission incentivesin a
publication system whose screening precision is endogenous to aggregate volume. This mech-
anism links research productivity, publication overload, and the quality of the published record
through a single feedback object. It also shows why the representative-agent trap becomes a
composition problem when researchers differ in publication incentives or in the attention in-

tensity of their projects.

Literature Review This paper first relates to work on Al and scholarly production. Korinek
(2023) describes generative Al as a productivity tool for economic research. Gartenberg et al.
(2026) provide the closest empirical motivation by linking ChatGPT to higher submission vol-
ume, more Al-heavy writing, and weaker measured writing quality in peer review. Hao et al.
(2026) show in a broader scientific setting that Al tools can raise individual output while nar-
rowing the collective focus of science. These papers motivate the productivity shock studied
here. Our contribution is to analyze how a technology that improves quality at a fixed port-

folio size can reduce equilibrium mean quality when researchers choose submission quantity



and the publication screen becomes congested.

A second set of papers studies noisy evaluation and peer-review feedback. Bergstrom &
Gross (2026) analyze how author self-screening, journal sorting, and review accuracy can form
feedback cycles that imperil peer review. Azar (2015) models informed authors who decide
whether to submit when journals observe noisy review signals. Adda & Ottaviani (2024) show
that greater evaluation noise can increase applications in nonmarket allocation. We build on
these forces by endogenizing the interaction between Al-driven research production, private
portfolio choice, and aggregate screening precision. The distinct mechanism is that Al raises
productive capacity, researchers expand submission portfolios, and aggregate volume makes
the publication screen less informative.

The paper also contributes to the literature on journal screening, thresholds, and publica-
tion policy. Zollman, Garcia & Handfield (2024) study journal incentives to choose review
accuracy and acceptance standards, while Gehrig & Stenbacka (2021) and Atal (2010) analyze
how journal competition and screening regimes affect published quality. Cotton (2013) shows
how submission fees and response times can screen low-probability submissions and manage
referee burden. Bayar & Chemmanur (2021) and Card & DellaVigna (2020) provide theoretical
and empirical foundations for treating editorial decisions as based on noisy referee informa-
tion. Frankel & Kasy (2022) study optimal publication rules when findings affect public beliefs
and journal space is scarce, and Boudreau et al. (2016) show that evaluator assignment and
intellectual distance shape scientific resource allocation. Relative to this work, our policy im-
plication is that quantity instruments, publication thresholds, and screening-informativeness
investments operate on different margins of the Al-induced congestion problem.

Finally, the paper speaks to research incentives and the quality of academic publishing.
Ellison (2002b) documents the slowdown of the economics publication process, and Ellison
(2002a) models evolving standards for academic publishing. Heckman & Moktan (2020) show
that top-journal placement has large career consequences in economics, which motivates high
and heterogeneous private values of publication. Hirshleifer (2015) and Welch (2014) highlight
distortions and noise in the review process, while Hadavand, Hamermesh & Wilson (2024)
documents publication delays and discusses reforms. Kiri, Lacetera & Zirulia (2018) study
private incentives and high-quality scientific production, and Kovanis et al. (2016) document
the scale and imbalance of peer-review labor. Our contribution is to connect these incentive
and capacity frictions through an equilibrium feedback index: in the quantity-trap region, a
privately useful research technology can lower equilibrium mean quality because the induced

submission expansion weakens the precision of the publication screen.



The rest of the paper proceeds as follows. The model section presents research production,
screening congestion, payoffs, and symmetric equilibrium. The equilibrium section character-
izes the best response, defines the quantity-trap region, derives the stable-trap comparative
static, and decomposes aggregate published quality. The appendix records the outside-trap
benchmark. The heterogeneity section extends the mechanism to heterogeneous researchers
and derives the sorting and composition predictions. The policy section discusses policy im-
plications based on the separation of quantity, selection, and screening-informativeness instru-

ments. The conclusion summarizes the main lesson.

2 Model Setup

This section specifies the model primitives. The economy is populated with a unit mass of
researchers, indexed by i € [0,1], and a journal with finite screening capacity. Researchers are
ex ante identical in the baseline; we introduce heterogeneity in Section 4. Researchers produce
research papers and submit them to the journal, which then screens them for publication. The

model is static. To fix ideas, we take the time period to be one year.

Research Production. Research production requires two inputs: routine effort and deep at-
tention. A researcher faces capacity constraints on both inputs. Routine effort encompasses
tasks such as drafting, coding, checking references, and producing variants of an idea. These
are the activities for which generative Al is most naturally interpreted as a productivity tool;
Korinek (2023), for example, emphasizes Al’s usefulness for writing, coding, ideation, and re-
search assistance. A researcher’s total routine capacity rises with Al according to

R(a) = Ro(1+ ya),

where Ry > Oisits baseline level, 2 > 01is the intensity of generative Al, and y > 0 measures the
exposure of routine research tasks to generative Al. The exact functional form is not important
as long as routine capacity R(a) is increasing in Al intensity a. Deep attention, by contrast, cap-
tures the scarce researcher time/bandwidth required to choose questions, weigh arguments,
interpret results, and judge which ideas deserve sustained effort. The deep-attention capacity
is fixed at Z > 0, unchanged by generative Al

A researcher who writes 1 papers spreads both inputs symmetrically across them.®> We treat

n as a continuous variable: n = 0.5, for example, represents one paper every two years. Each

3Equivalently, the researcher could choose time per paper subject to fixed research time Z: writing n = Z//
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paper therefore receives a routine input

_ R(a)
r(n,a) = ”
and a deep-attention input
z(n) = Z
=

The two inputs determine the average quality of a research paper according to a Cobb-

Douglas production function:
q(n,a) =0+ Brlogr(n,a)+ Bzlogz(n),
with Br, Bz > 0. Substituting for r(n,a) and z(n) gives
g(n,a) = O(a) — Klogn, (1)

where K = Br + Bz is the combined input elasticity of paper quality, which is the dilution
factor governing how rapidly quality falls as inputs are spread across more papers, and @(a) =
6 + Brlog R(a) + Bz log Z is the benchmark paper quality for a researcher who chooses n =1,
i.e., writes one paper per year.

The Cobb-Douglas specification serves as a tractable benchmark that captures two key fea-
tures of research production. First, generative Al raises research quality by raising researchers’
routine task productivity,

oq(n,a) _ PBry
oa _1+’ya>0' @)

Second, writing more papers (for a fixed Al level) dilute efforts and quality,

oq(n,a) K
5 =, < 0. (3)

The marginal dilution K/ is decreasing in 1, so the quality penalty of an additional submission
diminishes as 7 rises.
For a researcher who writes n papers, the mean quality of each paper is q(n, a). The realized

true quality of a paper fluctuates around this mean,
j=q(na)+e e~ N(O), (4)

where ¢ is independent across papers and researchers.

gives the same problem. If unequal times across ex ante identical papers are allowed, additivity implies that all
active papers use the same payoff-per-time-maximizing ¢, so the continuous-choice optimum is unchanged.
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Editorial Screening We model peer review as noisy evaluation.* For a paper with true quality
g, the journal observes a noisy signal

s=q4+1n,  1~N(0,0(5)>),

where signal noise 7 is independent across papers and researchers, and independent of e. We
can interpret # as the noise in the referee screening process. Importantly, the variance of the
signal noise, 05(S)?, increases in aggregate submissions S > 0. In words, a higher volume of
submissions congests the journal’s screening capacity and produces noisier evaluations. One
interpretation is that editors and referees have finite attention, so a paper is more likely to
receive careful screening when the submission pool is small and more likely to be evaluated
under rushed or thinner review when the pool is large. Ellison (2002b), Kovanis et al. (2016),
and Hadavand, Hamermesh & Wilson (2024) document publication delays or peer-review la-
bor constraints, and recent journal-level evidence in Gartenberg et al. (2026) links ChatGPT to
higher submission volume and more Al-heavy manuscripts and reviews.’

We use the bounded screening-variance function

02(8) =05 + (07 — o) (1 — ™),

where &; > 0y > 0 and A > 0. For compactness, let A; = 72 — (75 > 0. Thus 05(0) = 0y, and

screening noise approaches ;s as the submission pool becomes large. The parameter A governs
how quickly the screening system moves from its low-congestion variance (¢03) toward its over-
loaded variance (02). Note that the exact functional form is not important for the qualitative
results, as long as total signal noise is increasing and bounded.

The journal follows a threshold rule: upon receiving signal s, the journal accepts the paper if
and only if s > 7, where § is a fixed publication threshold. In Section 5, we analyze the optimal

choice of g for a publisher who cares about aggregate published knowledge.

Researcher’s Problem. For an individual researcher, each published paper yields a private
value V > 0, and each submitted paper costs ¢ € (0,V).° The value V summarizes the ca-

reer, reputational, and intellectual payoff from publication, a reduced form natural in a setting

“Noisy screening is standard in models of journal submission and evaluation: Azar (2015) model informed
authors facing noisy review signals, while Bayar & Chemmanur (2021) and Card & DellaVigna (2020) provide
theoretical and empirical foundations for treating editorial decisions as based on imperfect referee information.

SGartenberg et al. (2026) also shows that Al adoption has increased in referee reports, but the reports are
characterized by lower writing quality and less topical diversity than human-generated writing.

®The lower bound ¢ > 0 keeps optimal submissions finite. The upper bound ¢ < V ensures that a certainly
accepted paper would be privately worth submitting.



where journal placement has high private value for researchers; Heckman & Moktan (2020),
for example, document the career relevance of top-journal placement in economics. We as-
sume that, the value of an unpublished paper is zero. In the baseline, V is common across
researchers; we explore heterogeneity in V in Section 4. The cost ¢ captures the submission fee
charged by the journal. In Section 5, we examine the optimal choice of ¢ for the publisher.
Given aggregate submissions S, an individual researcher solves
max U(n,S;a), U(n,S;a) =n[V®(x(n,S;a)) —c], 5)
n>
where @(-) denotes the standard normal cumulative distribution function, and x(n, S; a) is the

standardized quality gap,

el S q) = 101.8) =14
(n,80) = =gy (6)

Here the denominator ¢, (S) denotes the total noise, combining intrinsic quality noise with
screening noise

0u(S) = \/(73 + 05 + (02 — 03) (1 —e=19).

®(x(n,S;a)) is the per-paper acceptance probability when a researcher submits n papers
given aggregate submissions S and Al intensity a. (6) implies that, when an individual re-
searcher writes more papers, that is, increases 7, her effort and attention are spread more thinly.
This lowers the mean quality g(n,a) and therefore reduces each paper’s acceptance probabil-
ity. By contrast, when other researchers write more papers, aggregate submissions S increase,
congesting editorial screening and raising the noise 0y, (S). This increases the acceptance proba-
bility of weak papers with q(n,a) < g, while compressing the acceptance probabilities of strong

papers with q(n,a) > g.

Equilibrium Definition. We close the model by imposing consistency between individual
submissions and aggregate congestion. With a unit mass of researchers, equilibrium requires
individual optimality and aggregate consistency.

Definition 1 (Equilibrium) An equilibrium at Al intensity a is an individual submission profile
{n7(a) }icjo,1) and aggregate submission level S*(a) such that:

1. Each researcher optimizes given the aggregate screening environment:

n’(a) € argmaxU(n;, S*(a);a) foreveryi € [0,1].

HZZO



2. Aggregate submissions are consistent with individual choices:
1
5*(a) = / 1t (a) di.
0

Since researchers are identical in the baseline, as we will prove in the next section, equilib-

rium is symmetric, i.e. all researchers have the same submission level, n}(a) = n*(a) Vi.

3 Equilibrium Characterization

We now characterize how the individual problem defined above becomes an equilibrium feed-
back loop. The section first solves the researcher’s problem for a fixed screening environment,
then imposes the symmetric fixed point, and finally studies how generative Al changes equi-
librium quantity and quality.

3.1 Researcher’s Problem

Fix aggregate submissions S and Al intensity 4. A researcher takes the screening environment
04(S) as given and chooses portfolio size n to maximize the payoff in (5). The first-order con-
dition can be expressed in terms of the standardized quality gap alone. Differentiating the
objective in (5) with respect to n gives

ou(n,S;a) VK

5 =V®(x(n,S;a)) —c— mg‘b(x(n,s;a)).

Any interior optimum therefore has a standardized quality gap x°"(S) satisfying

K c

@(x™(8)) — m(f?(xbr(s)) =v )

The left-hand side of (7) decomposes the marginal effect of one more submission on the ex-
pected number of publications. The first term, ®(x*(S)), is the direct gain: holding the per-
paper acceptance probability fixed, an additional paper contributes one more chance of accep-
tance. The second term is the attention-dilution loss: the marginal submission spreads deep
attention more thinly across the portfolio, lowering each existing paper’s quality and hence its
acceptance probability. At an interior optimum, the net marginal benefit equals the cost-benefit
ratioc/V.

10



The best response has a useful two-step interpretation. The researcher first chooses a target
standardized gap x°"(S), or equivalently a target per-paper acceptance probability ®(x"*(S)).
This target pins down the mean submitted quality

9 (S;a) = G+ 0u(5)x> (), (8)

because reaching the target gap requires submissions whose mean quality is exactly o, (S)x"(S)
above the screening bar 4. The Cobb-Douglas production technology 4 = ®(a) — Klogn then
determines the submission count that delivers this mean quality:

W5 (S:a) = exp (@(a) - zbt(sm) ~exp (@(a) 3 —I?u(s)xbr(S)> | ©)

A more ambitious target gap thus translates directly into higher mean quality and, through

attention dilution, into a smaller portfolio.

Lemma 1 (Private best response) Given any S and a, the researcher has a unique interior best re-
sponse n*(S; a), characterized by Equations (7) and (9). The following comparative statics hold:

* Holding S fixed, Al leaves best-response mean quality unchanged but raises the individual sub-

mission count:
ag°*(S;a) onP*(S; a)
doa da

* Holding Al intensity a fixed, aggregate submissions move mean quality and the individual sub-

=0, > 0.

mission count in opposite directions, according to the cutoff

#(s) =~ + VZI(Z”(S)2+4K2 > 0. (10)

Specifically,
ag°"(S; a : ; ¢
% <0 ifandonlyif x°(S) < £(S).
onb*(S;a . . r S
% =0 ifandonly if xP (S) = 2(S).

The proof is in Appendix F. The uniqueness statement ensures that the researcher’s prob-
lem has a single interior solution at any (S, a). For n close to zero the marginal submission is
valuable, since the cost-benefit assumption keeps the per-paper acceptance probability suffi-
ciently large; for n large, attention dilution drives the per-paper acceptance probability toward
zero and the marginal payoff toward —c. Between these two limits the first-order condition

11



admits a unique solution, with a standardized quality gap x**(S) > —0,(S)/K that places the
optimum in the locally concave region of the payoff.

The response to Al intensity is direct. Generative Al raises routine research productiv-
ity and makes a larger individual submission count privately attractive. Notably, a does not
enter the first-order condition (7), so the target standardized gap x"*(S) and the per-paper ac-
ceptance probability ®(x"7(S)) are unaffected. Al therefore raises the researcher’s individual
submission count without lowering per-paper quality: the productivity gain in ©(a) is fully ab-
sorbed by the additional attention dilution from a larger n, leaving best-response mean quality
at g®"(S;a) = g+ 0,,(S)xP"(S).

The response to aggregate submissions is more subtle. When S rises, screening becomes
noisier. Holding the standardized gap fixed, a larger o, (S) weakens the coefficient K/cy(S)
on the attention-dilution term in (7): a given reduction in mean quality has a smaller effect
on the acceptance probability when the signal is noisier. The first-order condition therefore
rebalances at a smaller standardized gap x"*(S). Economically, the journal threshold disciplines
the marginal paper less tightly, so the researcher is willing to operate with a lower per-paper
acceptance probability.

This fall in the target gap pushes quantity upward, but it is not the only force. The absolute
mean-quality target is § + ¢, (S)x""(S). A lower xP7(S) lowers this target and, through g =
©®(a) — Klogn, requires a larger portfolio. At the same time, the increase in 0y, (S) mechanically
moves the absolute target away from g for any fixed standardized gap: it raises the target when
xPT(S) > 0 and lowers it when xP*(S) < 0. Thus noisier screening directly reinforces quantity
expansion when desired mean submitted quality is below the publication threshold, but works
against the gap adjustment when desired mean submitted quality is above the threshold.

The cutoff £(S) is exactly the point at which these forces balance. If x**(S) < £(S), the
gap adjustment dominates and the best response is congestion-amplifying: higher aggregate
submissions lower best-response mean quality and raise the individual submission count. If
xPr(S) > £(S), the level effect dominates and the best response is congestion-disciplining: higher
aggregate submissions raise best-response mean quality and reduce the individual submission
count. The same screening congestion can therefore either amplify or discipline individual
quantity choices, depending on where the privately optimal standardized gap lies relative to
the cutoff.

Although the model admits both regimes, the congestion-amplifying case is the empiri-
cally relevant one. Public journal statistics report low acceptance rates in finance: the Journal

of Finance reports a 5.6% acceptance rate for editorial decisions since July 2016; the Review of

12



Financial Studies reports an 8.1% acceptance rate for 2025, following 6.0% rates in 2023 and
2024; and evidence from the Journal of Financial Economics places annual rejection rates in the
85%-91% range over active referee years.” These facts are only suggestive, but they point to
an environment in which the average submitted paper is plausibly well below the publication
threshold. In the model, that is the environment in which the desired quality gap x°*(S) is low
and can lie below the positive cutoff £(S). Motivated by this case, the main text imposes a

global version of the congestion-amplification condition.

Assumption 1 (Global congestion amplification) The cost-benefit ratio satisfies

5 <@0) - 5

|4
where 0,(-) and X(-) are defined in (2) and (10), respectively.

T

¢(£(0)), (11)

Assumption 1 ensures global congestion amplification. To see this, fix S. Because the first-
order condition is increasing for x > —¢,,(S)/K, Lemma 1 implies that 9n°*(S;a) /39S > 0if and
only if

T < B((S) ~ g (E(9))
The right-hand side is minimized when total noise is lowest, at S = 0. Thus the weak cutoff
obtained by replacing the strict inequality in Assumption 1 with a weak inequality is necessary

and sufficient for
onb*(S; a)
aS
for every S > 0 and every a > 0. This sign does not depend on a: Al and other quality-level

>0

shifters move the level of the best response, but they do not change the effect of congestion
that determines its slope with respect to S. We maintain Assumption 1 throughout the main
text. The congestion-disciplining case, in which 9n°"(S;a)/dS < 0, is analytically useful as a
benchmark and is developed separately in Appendix A.

The next step is to characterize the fixed point. Each researcher treats S as fixed, but in a

symmetric equilibrium all researchers’ portfolio choices determine S.

"For the Journal of Finance statistics, see https://afajof.org/journal-statistics/. For the Review of Fi-
nancial Studies statistics, see https://sfs.org/rfs-statistics/. The Journal of Financial Economics rejection-rate
evidence is from Hrazdil et al. (2026).
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3.2 Feedback Loop

We now turn the best response of individual researchers in Lemma 1 into an equilibrium feed-
back loop. By Definition 1, a symmetric equilibrium at Al intensity a is a fixed point of the
best-response map:

n*(a) = n® (n*(a); a). (12)

It is useful to rewrite the best response function in Equation (9) as
n*(S;a) = C(a)B(S),

where C(a) = exp((®(a) —q)/K) and B(S) = exp(—0u(S)xP*(S)/K). The term C(a) is the
direct productivity shifter, while B(S) is the congestion component of the best response. This
fixed point is where the screening externality enters. When a rises, Lemma 1 implies that each
researcher wants to submit more papers at the old screening environment. In a symmetric
equilibrium, this direct increase in the desired individual submission count raises aggregate
submissions. The larger submission pool increases total screening noise 0 (S), and under As-
sumption 1, the noisier screening environment raises the best response again. This is because

congestion makes the publication signal noisier, tilting incentives toward quantity and against

quality.
To measure the local strength of this loop, define the feedback index at a fixed Al intensity
a by
_ o (Sa) g, v B(S)
J(S) = g =" (S;a) B(S)" (13)

The index is the slope of the best-response map with respect to aggregate submissions, hold-
ing the direct Al shifter fixed. At a symmetric equilibrium, n°"(n*(a);a) = n*(a), and the
sign of J(n*(a)) records whether screening congestion reinforces or offsets the direct Al shift.
Because the main text maintains Assumption 1, Lemma 1 implies J(n*(a)) > 0 at the equi-
libria studied here. We focus on simple locally stable symmetric equilibria. Under the stan-
dard one-dimensional adjustment in which aggregate submissions move in the direction of the
excess-submission gap n°(S;a) — S, local stability requires the best-response curve to be flat-
ter than the 45-degree line at the fixed point; equivalently, J(n*(a)) < 1. Appendix E records
the corresponding adjustment calculation and the unstable case J(n*(a)) > 1. Thus the stable
congestion-amplifying equilibria in the main text satisfy 0 < J(n*(a)) < 1.

The equilibrium effect of generative Al follows by differentiating the fixed point in (12). The

next proposition states the local multiplier form.
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Proposition 1 In a stable equilibrium with 0 < J(n*(a)) < 1, we have the equilibrium effect of Al
intensity:
dn*(a) _ onP*(S;a) 1 on®r(S; a)

" >
da da S (@) 1—J(n*(a)) da

> 0. (14)
S=n*(a)

The first term in (14) is the direct private response from Lemma 1: Al raises routine ca-
pacity and shifts the desired individual submission count upward. The factor 1/(1 — J) is the
equilibrium feedback multiplier. Each direct increase in the individual submission count raises
aggregate submissions and worsens screening precision; in the congestion-amplifying region
this induces another round of submissions. This positive feedback makes the equilibrium re-
sponse larger than the partial-equilibrium response. If | < 0, congestion disciplines quantity
and the same formula attenuates the direct Al effect; Appendix A develops that outside-trap
benchmark.

3.3 Quantity Trap

Proposition 1 explains how the feedback effect amplifies researchers’ equilibrium response to
changes in Al intensity. We now show that when the feedback effect is strong enough, it can
lead to an Al-induced quantity trap.

Proposition 2 There exists a cutoff T such that if T = ¢/V < T*, then there exist ar(7) < ag(7)
such that the model has three equilibria if

a€ (ap(t),ay(t))N|0,00),

and a unique positive symmetric equilibrium otherwise.

The proposition shows that multiplicity arises when the private cost of submission is suffi-
ciently low relative to the value of publication.8 In such cases, researchers’s incentive to scale
up submission is high enough that screening noise substantially weakens publication disci-
pline. As illustrated in Figure 1, an increase in a can shift the best-response curve into the
folded part of the geometry.” At low Al intensity, the shifted curve crosses the 45-degree line

8 At admissible endpoints a = a; (T) or a = ay(T), two positive equilibria remain, one with | = 1.

9The figure plots best-response curves against the 45-degree line for three Al intensities. The figure uses the
following parameters: § = —0.200, Br = Bz = 0.04, Ro = Z =V =1, 0, = 0.20, 09 = 0.05, 7; = 0.30, and
A = 0.20. The fixed policy, § = 0.091805, and ¢ = 0.049846, is chosen such that the equilibrium submission S = 1
when a = 0.
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Figure 1: Best-response functions and fixed-point crossings

only once on the low-submission side. At intermediate Al intensity, it crosses three times:
the low and high crossings are locally stable, and the middle crossing is unstable because the
best-response curve is locally steeper than the 45-degree line. At high Al intensity, the low-
submission crossings disappear and only the high-submission equilibrium remains.

This multiplicity reflects a self-reinforcing dynamic: a large submission pool makes screen-
ing noisier, and noisier screening makes a large individual count privately attractive, sustaining
the very congestion that motivated it. We call this locally stable, high-submission equilibrium
the quantity trap. The trap is an equilibrium property—not an assumption that researchers
make mistakes or that Al directly lowers paper quality.

The next result records the quality implication. It combines the cross-equilibrium qual-
ity ranking from the production function in Equation (1) with the feedback logic under 0 <

J(n*(a)) < 1 from Proposition 1.

Proposition 3 (Quantity-trap quality) Suppose three symmetric equilibria co-exist at Al intensity a
with equilibrium submission levels n;, < ny; < ny. Then their mean qualities satisfy

q(nm,a) < q(ny,a) < q(ne,a).
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Figure 2: Equilibrium submissions and mean quality under the quantity trap

Moreover, in a stable equilibrium with 0 < J(n*(a)) < 1, as Al intensity rises, equilibrium submissions

increase and mean quality decreases: dn*(a)/da > 0 and dq*(a)/da < 0.

The quality ranking across simultaneous equilibria is immediate from Equation (1): hold-
ing a fixed, higher submissions dilute routine effort and deep attention, so average quality is
decreasing in n. The local comparative static is different. At fixed n, Al raises paper quality
by Equation (2). In equilibrium, however, the increase in a raises submissions. In the stable
congestion-amplifying region, the induced increase in submissions is amplified by the screen-
ing feedback. The attention-dilution then more than offsets the direct productivity gain, giving
the negative derivative of equilibrium quality with respect to a.

Figure 2 traces all three equilibrium branches over 0 < a < 1, using the calibration from
Figure 1, with the multiplicity window shaded. The left panel shows equilibrium submission
levels and the right panel the associated mean quality. The middle branch is unstable; the low-
and high-submission branches are stable. Along both stable branches, higher Al intensity ex-
pands submissions and compresses mean quality. The pattern captures the central trade-off: Al
raises each researcher’s productivity at a fixed submission count, but the equilibrium response
is to submit more—and in the quantity trap, the congestion from that additional volume more
than offsets the direct quality gain. Quantity rises, but average quality falls.

3.4 Aggregate Published Knowledge

Proposition 3 establishes that the quantity trap lowers mean paper quality, but it also brings
more submissions—and more submissions open more chances for publication. Whether this
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volume effect compensates for the quality decline is a separate and important question. We
address it by turning from mean quality to agqregate published quality: the total knowledge that
clears the journal’s acceptance threshold and enters the published record.

Aggregate published quality is the total true quality of papers that clear the journal’s accep-
tance threshold:

AP (a) = n*(a) E[71{s > 7)] = n” (a) p(q" (a), 0u(n" (a))), (15)

where p(gq,0,) is the per-submission true published quality:

p(m)-qcb(q ”’)+ qb(q ”’) (16)

Ou Ou

The first term is the expected true quality of a published paper: mean quality g weighted by
the acceptance probability ®((q — §)/0y). The second term is the selection premium—the ad-
ditional true quality captured by conditioning on a favorable signal. The premium shrinks as

screening noise o7

rises relative to o0y,.
AP"®(g) is a natural output metric for a journal or research field, though not a complete
welfare measure: it omits review costs, editorial costs, and author opportunity costs.

For the comparative static, let p, and p,, denote the partial derivatives of p evaluated at
(q*(a),04(n*(a))), and write

doy,(S) _ AAge M)
dS  |s_pr@)  20u(n*(a))

for the marginal increase in screening noise from one additional submission. The next result

05 = >0 (17)

separates the three margins.

Proposition 4 (Aggregate published-quality sign condition) Ifn*(a) is differentiable, is a simple
symmetric equilibrium for each nearby Al intensity, and satisfies J(n*) < 1,

dAP®(a) _ Bry  n* p ] n*os
Therefore,
. [dAP®@)) (p . n*og
51gn<7) = mgn(i — J(n")pg + Tpgu) . (19)

In particular, aggregate published quality falls with Al if and only if

n*os p

](7’1 )pq_ K p01¢>E'

(20)
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Figure 3: Aggregate published quality under alternative sign-condition outcomes

Proposition 4 is intentionally conditional. The term p/K is the extensive-margin scale term
from the additional submissions induced by AL The term —J(n*)p, is the mean-quality margin:
in the stable quantity-trap region, J(n*) > 0, so the decline in g* lowers aggregate published
quality whenever higher submitted-paper quality raises per-submission published quality. The
term (n*os/K)pe, is the screening-congestion margin. When p,, < 0, noisier screening weak-
ens the true-quality content of publication selection and pushes aggregate published quality
down. The quantity trap therefore guarantees the direction of mean quality, not the direction
of aggregate published quality. Total true published quality falls only when the quality-dilution
and screening-congestion losses dominate the scale gain, as in (20).

Figure 3 illustrates the conditional nature of the result. Both subfigures use the same stable
and unstable equilibrium curves as Figure 2. The left subfigure uses the baseline variance-
saturation calibration from the earlier figures. There, aggregate published quality declines
along the stable equilibrium curves because lower mean quality and noisier selection dom-
inate the additional scale. The right subfigure shows a calibration in which aggregate pub-
lished quality rises instead. The high-submission equilibrium still has lower mean quality, but
the extra scale is strong enough that AP'"(a) increases.

Thus the paper’s sharp unconditional claim is the mean-quality result in Proposition 3. The
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stronger claim that the publication system receives less true quality despite processing more
papers requires the sign condition in (20). If that condition holds, adding review and editorial
costs would only strengthen the welfare concern, since those costs rise with the submission
pool. The main-text result, however, remains a statement about aggregate true published qual-
ity rather than full social welfare. The next section turns from the representative-agent result

to the types of researchers and projects most likely to drive this aggregate-quality tradeoff.

4 Researcher Heterogeneity

Section 3 studied a representative researcher. This section shows how the same congestion
teedback becomes a composition result when researchers are heterogeneous. The goal is not to
re-solve the individual problem from scratch. Instead, we take the best-response objects from
Section 3, index them by type, and ask which primitives change the sign of the congestion
response. The main message is that heterogeneity matters for quality responses only when it
changes type-specific congestion slopes; the clean primitive sources below are private value-
cost ratios and own-quality dilution. Pure quality-level heterogeneity changes how much dif-
ferent researchers submit, but it does not by itself determine whose response is congestion
amplifying.

4.1 Heterogeneous Equilibrium and Type-Specific Feedback

The heterogeneous setup follows the baseline model naturally. Instead of a unit mass of iden-
tical researchers, consider a finite set of active researcher typesi = 1,...,N. Type i has mass

u; > 0 and chooses per-researcher submissions n;. Aggregate submissions are

N
S = Z uin;.
i=1

The publication screen is common across types, with total signal noise ¢, (S) as in the baseline

model. Type i has mean quality
qi(ni,a) = ©;(a) — Kilogn;,  Ki = Bri+ Bz,
where ©;(a) collects type-specific quality-level shifters such as baseline quality, routine capac-

ity, Al exposure, and deep-attention capacity. Type i receives private value V; from an accepted
paper and pays submission cost ¢;. Let

T = — 0<t <l
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Definition 2 (Heterogeneous equilibrium) A heterogeneous equilibrium at Al intensity a is a vec-
tor of type-level submissions {n} (a)}I | and an aggregate submission level S*(a) such that:

1. Each type optimizes given the aggregate screening environment:

; v ina) =g\ -
nj(a) € argllrilg%( n; {VZCI)( 0 (S*(a)) ) cl} for every i.

2. Aggregate submissions are consistent with type-level choices:

This is the finite-type analogue of Definition 1: the individual optimality condition is type-
specific, and the aggregate consistency condition replaces the baseline integral with a mass-
weighted sum over types. Taking aggregate submissions as given, each type’s first-order condi-
tion is the type-indexed version of Equation (7). Let x]l?r (S) denote the relevant interior solution

to

p(x(S)) = T. (21)

Then type i’s best response factorizes as

(a)—@a u(8) X}
n*(S;a) = Ci(a)Bi(S),  Ci(a) = exp (%) o BilS) =exp (‘M

(22)
As in the baseline factorization n°(S;a) = C(a)B(S), C;(a) is the direct productivity shifter and
B;(S) is the congestion component. Parallel to the baseline feedback index J(S) = SB/(S)/B(S),

define the type-specific congestion-slope index

Bi(S)

i

Bi(S)

Ji(S)=$

The underlying partial derivative of type i’s best response with respect to aggregate submis-
sions is
onPr(S;a)  nPr(S;a) (s)
dS B S nes
Thus J;(S) has the same sign as type i’s best-response slope with respect to aggregate conges-

tion. Appendix B records the closed-form expression for J;(S) under the variance-saturation
screening technology. When J;(S) > 0, higher aggregate submissions make screening noisier
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in a way that raises type i’s best response; type i is congestion amplifying at S. When J;(S) < 0,
noisier screening lowers type i’s best response; type i is congestion disciplining at S. This ter-
minology mirrors Section 3: the quantity trap is an equilibrium outcome, whereas J;(S) is a
local type-level slope.

For an interior heterogeneous equilibrium, Definition 2 and the best-response factorization

impl
ply N
ni = Cj(a)B;(S*) foreveryi, St = Zﬂici(ﬂ)Bi(S*)- (23)
i=1

Define type i’s equilibrium submission share and the aggregate stability index by

_ pany R .
wi = QST :izlwi]i(s )-
As in the representative-agent model, the aggregate fixed point is locally stable when the aggre-
gate best-response curve is flatter than the 45-degree line. Here the derivative of the aggregate
best-response map is the share-weighted average (), so a simple locally stable heterogeneous
equilibrium satisfies

O(Ss*) < 1.

We focus on stable heterogeneous equilibria satisfying this condition.

The comparative statics also preserve the Section 3 structure. Changes in a move type i’s
best response directly through C;(a) and indirectly through aggregate congestion. To avoid
confusion with the primitive routine-Al exposure parameter 7 in R(a), define the type-specific

direct shifter response by

dlog Ci(a) _ ©j(a) _ Al
Xi(a) = = ;o K@) =) wixi(a).
i oa K; 1_21 iAi
At any differentiable heterogeneous equilibrium satisfying Q(S*) < 1,
N (O
da = 1-0Q(S*)’
and type-level quantities satisfy
nj _ o (@)
P xi(a) +Ji(S )m : (24)
Mean quality for type i, g7 (a) = q,(n} (a), a), satisfies
dgi(a) _ o K@)
— g = Kii(s )m‘ (25)
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Appendix B derives these comparative-static formulas. Thus the sign of the type-level quality
response is governed by the type-specific slope index. If Al raises aggregate submissions, the
formula has a simple sign implication. Types with [;(5*) > 0 have falling mean quality, while
types with [;(5*) < 0 have rising mean quality.

The remaining subsections use this machinery one heterogeneity dimension at a time. This
separation keeps the economic source of slope heterogeneity transparent. It also marks where
the heterogeneous analysis departs from the maintained representative-researcher restriction
in Assumption 1. That assumption imposes global congestion amplification in Section 3.1; here
we do not impose it on every type. The heterogeneous economy may therefore contain both

congestion-amplifying and congestion-disciplining type responses at the same aggregate state.

4.2 Pure Quality-Level Heterogeneity

We begin with a benchmark: researchers who differ only in quality levels. Examples include
type-specific baseline quality 6;, routine capacity R;, deep-attention stock Z;, or Al exposure
that enters only through ®;(a). These quality-level parameters do not enter the screening first-
order condition (21). Hence, when K; and 7; are common, the optimal standardized quality gap
xPr(S) is the same for all groups. The parameters enter the best response in (22) only through
the level shifter C;(a), which is pinned down by ®;(a). They can make some researchers submit
more than others, but they do not, by themselves, make one type congestion amplifying and
another type congestion disciplining.

Lemma 2 (Pure quality-level heterogeneity) Suppose K; = K and 1; = T for all active types. If
heterogeneity enters only through the quality-level shifter ©;(a), then for every aggregate submission
level S,

XPT(S) =aP(S),  Bi(S)=B(S) and  Ji(S)=](S) foralli.

At any interior heterogeneous equilibrium, all active types have the same mean quality g (a) = q*(a),
and n* (a) > ny (a) if and only if ®;(a) > ©j(a). Hence all active types have the same local congestion
classification at S. If the equilibrium is stable, x;(a) > 0 for all active types, 3(a) > 0, and J(S*) > 0,

dgi(a) dn?(a) .
then =5~ < 0 and ——— > 0 for every active type.

a

The reason is visible in the first-order condition for the standardized quality gap. The level
shifter ©;(a) affects the mapping from the optimal standardized quality gap back to the num-
ber of submissions, but it does not affect the quality gap x?r(S) itself when K and T are com-

mon. It therefore shifts C;(a) without changing the congestion shape B;(S). High-quality types
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submit more because their best-response curves are higher, not because they choose a higher
submitted-paper quality in equilibrium. The common screening condition pins all groups to
the same standardized gap, so the group with the higher quality level adjusts on the quantity
margin until its submitted mean quality equals the common equilibrium quality.

The comparative-static implication is also common across groups. When J(5*) > 0, the
shared congestion response is amplifying: a higher aggregate submission level makes the noisy
screen sufficiently less selective that each type wants to submit more. If Al raises the direct
level shifter on average and does not lower any type’s direct shifter, the stable-equilibrium
formulas from Section 4.1 imply that submissions rise for every group while the common sub-
mitted mean quality falls. The quality decline is therefore not a sorting result across types. It is
the same feedback force as in the homogeneous benchmark, with quality-level heterogeneity
changing who submits more, but not which types are exposed to congestion amplification.

This benchmark disciplines the rest of the section. Cross-sectional differences in submission
levels are not enough to identify the congestion-amplification mechanism. What matters is
whether a primitive changes the slope of the best response with respect to screening congestion.
The two clean primitives below are the private value-cost ratio and the strength of own-quality

dilution.

4.3 Heterogeneity in Publication Value Relative to Cost

The most direct source of slope heterogeneity is the private value of publication relative to

submission cost. To isolate this force, suppose production primitives are common across types,
so K; = K and ©;(a) = ©(a), while 7; = ¢;/V; may differ. Using the cutoff £(S) from (10),

define the value-cost cutoff
H(S) = ®(2(5)) — wqb(f(s))- (26)

The cutoff H(S) translates the best-response slope criterion in Section 3.1 into a condition on

the type-specific cost-benefit ratio. For the common-production value-cost environment,
Ji(S) >0 <= 1 <H(S), Ji(S) <0 <= 1> H(S).

Thus lower-7; types are more likely to be congestion amplifying. When submission costs are
common, higher publication values lower 7; = ¢/V; and therefore move a type toward the

congestion-amplifying side of the cutoff.
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Lemma 3 (Cross-sectional sorting by normalized cost) Suppose active types share common pro-
duction primitives. They differ only in normalized costs.
If T; > Tj, then at any interior heterogeneous equilibrium,

* * * *
n; <n; and g > q;.

n*
q; —q; = Klog "1 >o.

More precisely,

=
n;

The proof is in Appendix F. The lemma gives the static composition effect of value-cost
heterogeneity. A lower normalized cost means that an additional acceptance is privately more
valuable relative to the cost of submitting. At the same aggregate congestion level, the lower-t
type optimally accepts a lower standardized quality gap and uses the production technology
to generate a larger portfolio. Because production primitives are common, that larger portfolio
comes with lower mean paper quality. The masses y; determine how much each type con-
tributes to aggregate submissions, but they do not change the per-researcher ordering in the

lemma.

Proposition 5 (Value-cost composition under AI) Suppose active types share common production
primitives and differ only in normalized costs. Consider a differentiable interior heterogeneous equilib-
rium satisfying Q(S*) < 1. Then:

1. If J;(S*) > 0, so type i is congestion amplifying, then

dq; dn;
E <0 and da > 0.

2. If Ji(S*) < 0, so type i is congestion disciplining, then

ia > 0.

Moreover, % < 0 ifand only if ];(S*) is sufficiently negative, with the exact N-type threshold in
equation (E3) of Appendix F.

3. Cross-sectional gaps widen with Al if T, > Tj, then

vy _dn; i ]
T TR TR
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Figure 4: Submissions and mean quality across normalized-cost groups

The proof is in Appendix F. The sign cases clarify what the slope index means economically.
For a type with J;(S*) > 0, additional screening noise makes marginal submissions more at-
tractive. The indirect congestion response therefore reinforces the direct Al effect. Its portfolio
expands and its mean paper quality falls. For a type with J;(S*) < 0, noisier screening discour-
ages quantity and raises mean quality by pushing the type toward a smaller, higher-quality
portfolio. Whether its submissions actually fall depends on whether this negative congestion
effect is strong enough to dominate the common direct Al shifter. In the N-type economy, that
threshold depends on the whole equilibrium composition through ()(S*) and the submission-
share weights, not on a single comparison with one other type.

The proposition also turns the static sorting in the lemma into a comparative-static state-
ment. Since all types have the same direct Al shifter in this subsection, differences in their Al
responses come from the induced change in aggregate congestion. Lower-T types have larger
congestion slopes: they are more willing to respond to a noisier screen by expanding quantity.
As Al raises the common productivity shifter, the quantity gap between low- and high-7 types
therefore widens, and the quality gap widens in the opposite direction.

Figure 4 illustrates these two implications in a five-type calibration along the same stable
equilibrium branch. The horizontal axis is T = ¢/ V. The vertical cutoff separates types whose
local response to congestion is amplifying from types whose response is disciplining. As in

Lemma 3, lower-T groups submit more papers per researcher and have lower mean submitted-
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paper quality, while higher-t groups submit fewer papers and have higher mean quality. Asin
Proposition 5, an increase in Al widens the cross-sectional quantity-quality tradeoff: the low-t
groups expand more strongly and experience lower mean quality, whereas the high-t groups
are disciplined by the noisier screen and move toward higher mean quality.

The normalized cost T has several empirical interpretations. A high-t group can have high
submission costs, low private value of publication, or both. With common costs, pre-tenure re-
searchers are naturally represented as lower-T types because an additional publication has high
career value; senior tenured researchers may be closer to high-7 types because the private ca-
reer value of another publication is lower. The model then predicts that pre-tenure researchers
write more papers, but that their larger portfolios dilute mean paper quality when production
primitives are otherwise similar. The same logic applies to the cost side. Lower c can stand for
abundant research funding, research assistance, data access, or computing support that makes
additional projects cheaper to carry forward. Holding the quality technology fixed, such sup-
port moves researchers toward the low-7 region: it raises submissions and can lower mean
quality per paper through the same portfolio-dilution force.

These results concern submitted quantity and submitted mean quality. The corresponding
published quantity and published quality are in general not monotone in 7. A lower-T type
submits more, but its papers also have lower mean quality and lower acceptance probabili-
ties, so the number of accepted papers per researcher and the true-quality content of published
work need not be ordered monotonically in 7. Their Al responses are also ambiguous because
Al changes three margins at once: direct submission scale, congestion-driven portfolio ad-
justment, and screening-noise erosion of acceptance probabilities and published-paper quality.
When screening noise rises rapidly with Al through the induced increase in aggregate submis-
sions, the erosion margin becomes stronger, especially for low-T types whose portfolios expand
most. In that case Al can still widen submitted-paper gaps while narrowing, flattening, or even

reversing cross-sectional gaps in published-paper counts or true published quality.

4.4 Heterogeneity in Deep-Attention Sensitivity

A second source of slope heterogeneity comes from the production side. Routine tasks are rel-
atively standardized: drafting, coding, checking references, and producing variants of an idea
are likely to improve paper quality in similar ways across researchers. It is therefore natural to
keep the routine elasticity fr common. Deep attention is different. Researchers can differ sub-

stantially in how much scarce thought improves a paper’s question, argument, identification,
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or interpretation. We capture this difference by allowing deep-attention sensitivity f; to vary

while payoff primitives are common, so ; = T = ¢/ V. Then

Ki = Br + Bzi.

Following the production function in (1), this heterogeneity also enters the quality-level shifter
through
O;(a) =0+ BrlogR(a) + Pzilog Z.

Thus Bz; is not only a level parameter. A higher Bz; raises the return to deep attention at a
fixed portfolio size, but it also raises K;, the rate at which quality falls when attention is spread
across more papers.

The type-specific analogue of the cutoff £(S) in (10) is

—0ou(S £(S)2 +4K?
£(5) = 7ulS) +4/oulS)® +4K7 @

- 2K;

Using the same translation as the value-cost cutoff H(S) in (26), define

Hi(S) = @(2(5)) ~ — 5 9(5(5)) @8)

The cutoff is now type-specific because K; changes the strength of own-quantity discipline.

Lemma 4 (Cross-sectional sorting by deep-attention sensitivity) Suppose active types share all
primitives except Bz;. Types differ only in Bz;. If Bzi > Pzj, then at any interior heterogeneous
equilibrium,

q; > 9q;-

In general, no ordering of n; and n;‘ follows from Bz; > Bz; alone.

The proof is in Appendix F. The lemma gives the static cross-sectional implication of deep-
attention heterogeneity. At a common aggregate screening environment, a higher Bz type
chooses a higher standardized quality gap and therefore a higher mean submitted quality. The
quantity comparison is different. A higher 87 raises baseline quality through the return to deep
attention, which tends to support more submissions. At the same time, it raises the dilution fac-
tor K;, which makes additional submissions more costly in quality terms and tends to discipline
quantity. This is why deep-attention heterogeneity combines the level force from Section 4.2
with the incentive force from Section 4.3: it changes both where a type’s best response sits and
how that best response reacts to congestion.
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Using the cutoff H;(S), the type-specific slope criterion is
]z(S) >0 <<= 1< HZ'(S), ]1(5) <0 <= 1> HZ(S)

This is the deep-attention analogue of the value-cost cutoff in Section 4.3, but the source of
heterogeneity is different. In Section 4.3, the cutoff H(S) is common and types differ in their
normalized cost 7;. Here the normalized cost T is common, while the cutoff itself is type-
specific: H;(S) varies with K;. For fixed S, H;(S) is decreasing in K;. Hence lower-f types are
more likely to be congestion amplifying. The reason is that a lower Bz weakens own-quantity
discipline: additional submissions do less damage to the type’s own quality margin, making

the type more willing to expand when screening becomes noisier.

Proposition 6 (Deep-attention sorting) Suppose active types share all primitives except Bz;. Types
differ only in Bz;, with K; = Br + Bzi. Consider a differentiable interior heterogeneous equilibrium
satisfying Q(S*) < 1. Then:

1. If Ji(S*) > 0, so type i is congestion amplifying, then

dq; dn;
E < 0 and da > 0.

2. If J;(S*) < 0, so type i is congestion disciplining, then

0.
da =

Moreover, % < 0ifand only if J;(S*) is sufficiently negative, with the exact N-type threshold in
equation (F4) of Appendix F.

The proof is in Appendix F. The proposition separates cross-sectional sorting from Al re-
sponses. High-B7 types have higher equilibrium mean quality by Lemma 4, but they are not
necessarily the types whose submissions expand most under Al The reason is that gz changes
both quality levels and incentives. Through H;(S), it changes whether congestion amplifies or
disciplines the type’s best response. Through K;, it also changes direct Al exposure, since

©;(a)
xia) = ZTZ
When Br is common and Al raises routine capacity, lower-K; types have larger direct exposure

because the same routine-productivity gain is divided by a smaller own-dilution parameter.
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Figure 5: Submissions and mean quality across deep-attention sensitivities

For this reason the congestion-disciplining type’s crowd-out condition does not simplify to the
common-exposure threshold in equation (F3).

The economic interpretation is nevertheless parallel. Low-f researchers are more willing
to expand quantity because additional papers do less damage to their own quality margin. This
makes positive congestion feedback more likely for them. High-B7 researchers are disciplined
more strongly by the quality loss from spreading deep attention, so congestion is more likely to
reduce their desired submissions. When a high-f7 type is congestion disciplining, Al still raises
routine productivity directly, but the induced increase in aggregate congestion pushes the type
toward a smaller, higher-quality portfolio. Its submissions fall only when that disciplining
force is strong enough to dominate the direct productivity effect. Al can therefore shift output
toward researchers, fields, or paper types for which additional manuscripts require relatively
little scarce deep attention.

Figure 5 illustrates the distinction. The horizontal axis is Bz, so moving to the right means
that deep attention is more productive for paper quality but also more costly to spread across
a larger portfolio. The right panel confirms Lemma 4: higher-f7 groups have higher mean
submitted-paper quality. The left panel shows why the lemma does not impose a monotone
quantity ranking. Low-fz groups can expand sharply because additional manuscripts impose
relatively little own-quality dilution, whereas high-B7 groups are disciplined by the loss from
reallocating scarce deep attention across more papers. In empirical terms, high-B7 researchers
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are those whose contribution depends heavily on sustained conceptual work, interpretation, or
problem selection. Al may help them with routine tasks, but if it also raises aggregate conges-
tion, their equilibrium response can be to protect quality, even when that means writing fewer
papers.

The published record adds another layer. Published quantity and published quality are in
general not monotone in Bz. High-B7 types have higher mean quality, but their submission
counts need not be higher; low-7 types may submit many more papers, but those papers face
lower acceptance probabilities. Their Al responses are also ambiguous because Al changes
type-specific direct exposure, congestion-driven portfolio choices, and the common screening-
noise environment at the same time. When screening noise rises rapidly with the Al-induced
increase in aggregate submissions, the acceptance-rate erosion and published-quality erosion
terms become more important. The result is that Al can raise submitted quantity for low-f
groups and raise submitted mean quality for high-B7 groups while published-paper counts
or true published quality move in a weaker, nonmonotone, or even opposite cross-sectional

direction.

5 Policy Implications

Sections 3 and 4 identify the private congestion feedback created by generative Al This sec-
tion translates that feedback into policy implications. The purpose is not to solve a full welfare
model. Instead, we ask how an institution that cares about the true quality entering the pub-
lished record should think about quantity control, publication selection, and screening infor-
mativeness. The main lesson is a constrained-efficiency implementation result. An institution
can attain the best aggregate published-quality outcome available within the model’s policy
instruments by pairing an optimal publication threshold with a quantity instrument that im-
plements the optimal submission level. The quantity instrument can be an effective submission

cost or a binding submission cap.

5.1 The Publisher’s Objective and Externality

We use “publisher” as shorthand for the institution that chooses rules for the publication sys-

tem. The model’s direct policy object is aggregate true published quality, not total social sur-
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plus. For a generic submission level S and threshold g, define

1(S,a) = ©(a) — KlogS,  o(S) =ou(S),  x(S,qa) = WD =1

a(S)
The publisher’s aggregate true published-quality objective is
2
APR(S, 3:0) = S |q(S,)D(x(5,3:0)) + 5 0((S,3:0)) (29)

This is the Section 3.4 object evaluated away from equilibrium and written with a calligraphic
symbol to distinguish it from the private acceptance probability A(n,S;a).

Equation (29) makes the externality explicit. An individual researcher takes S and therefore
o (S) as fixed when choosing her portfolio. The publisher internalizes that a larger submission
pool changes both the mean quality of submitted papers, through 4(S,a), and the informa-
tiveness of the publication signal, through do(S)/dS > 0. The decentralized equilibrium can
therefore have too many submissions relative to the publisher’s aggregate-quality target, espe-
cially in the quantity-trap region where noisier screening raises private desired submissions.
This statement is narrower than a welfare claim. It says that private portfolio choices need not
maximize the true-quality content of the published record because researchers do not internal-
ize the screening-noise externality imposed on all other submissions.

The heterogeneity results sharpen this policy problem. Section 4 shows that generative Al
may shift output toward types whose submission incentives are amplified by congestion and
away from types for whom congestion remains disciplining. Thus the externality is not only a
representative-agent overproduction problem. It can also be a composition problem, because
the types that expand most after an Al improvement need not be the types whose mean quality
improves. This is why a useful policy discussion must keep quantity, selection, and screening

informativeness separate.

5.2 Constrained Efficiency

Consider a fixed screening technology and Al intensity a. The publisher’s constrained problem
is to maximize aggregate true published quality using two policy margins: the publication
threshold and an instrument that controls aggregate submissions. For any target submission
level S, the threshold should be chosen to select papers with positive posterior expected true
quality. The marginal effect of the threshold can be written as

ub 7 a
éﬁggil:—%wmwwzﬁ
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where f;(7) is the density of the publication signal at the cutoff. Hence an interior selection
optimum sets the posterior expected true quality of the marginal published paper equal to

zero:
E[7|s=q°(S;a)] =0. (30)

Under the normal signal structure, this rule is equivalent to

05(5)?

q (S;a) = - (7'82

q(S,a). (31)

The threshold rule is a selection rule. It says which signal cutoff maximizes true published
quality conditional on the chosen quantity and screening technology.

Substituting the optimal threshold into the publisher’s objective leaves a one-dimensional
constrained problem:

S°(a) € arg max AP (S, 5°(S;a);a). (32)

Let
q°(a) = 7°(S°(a);a),  x%(a) = x(5°(a), 7°(a); ).
The pair (5°(a),§°(a)) is the second-best, or constrained-efficient, allocation for the publisher’s
objective under the maintained screening technology. No alternative feasible pair of aggregate
submissions and publication threshold delivers higher true published quality within this re-
stricted policy problem.
Implementation then requires a quantity instrument. If the publisher can choose the effec-

tive submission cost, the researcher’s private first-order condition at n = S°(a) is

K
o(5°(a))

subject to implementability, local stability, and the intended equilibrium selection when mul-

c®(a) =V |D(x°(a)) ¢(x°(a)) |,

tiple equilibria exist. If the primitive cost is ¢ and the policy uses a fee, the implementing
fee is k°(a) = c°(a) — c. Equivalently, a binding submission cap can implement the quan-
tity target directly by setting the per-researcher cap equal to S°(a) in the representative-agent
economy. In either implementation, the threshold remains §°(a). The cost or cap delivers the
constrained-efficient scale, and the threshold delivers the constrained-efficient selection rule
from that submission pool.

Finally, policy should adapt when generative Al changes the production environment. Ap-
pendix D records the corresponding reoptimization result. Along a smooth strict interior op-
timum, generative Al raises optimized aggregate true published quality by the envelope logic
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and raises the optimal submission target. However, the optimal threshold and implementing
quantity instrument need not move monotonically, because they respond to the chosen submis-
sion level, the induced mean quality, and the informativeness of screening. The robust policy
message is therefore not to raise the threshold, fee, or cap mechanically. It is to recompute
the constrained-efficient pair (S°(a),§°(a)) as Al changes private research productivity. Ap-

pendix C derives the threshold rule and implementing-cost formula used in this subsection.

6 Conclusion

This paper studies how generative Al changes the equilibrium quality of a publication system
with finite screening capacity. The central lesson is that a privately productivity-enhancing
technology can reduce equilibrium mean research quality when it expands submissions into
a congested screen. At fixed quantity, Al raises routine research capacity and improves mean
paper quality. In equilibrium, however, researchers respond by submitting more papers. When
the resulting screening congestion weakens the discipline imposed by the publication thresh-
old, the submission response is amplified. In a locally stable quantity-trap equilibrium, this
feedback makes the induced attention dilution strong enough to lower mean paper quality.
The mechanism is therefore not that Al directly makes research worse, nor that researchers be-
have irrationally. It is that individually optimal submission decisions do not internalize how
aggregate volume reduces the informativeness of journal screening.

The same analysis also clarifies the boundary of the result. Outside the quantity trap, screen-
ing congestion disciplines submissions rather than encouraging them, and generative Al raises
submissions, mean quality, and a benchmark measure of useful knowledge. Aggregate true
published quality is a further object with its own sign condition: more submissions create a
scale gain, but they can also lower mean submitted quality and weaken selection through nois-
ier screening. The model therefore predicts that the relevant empirical objects are the strength
of screening congestion and the distribution of researcher types whose submission incentives
are amplified by noise. Heterogeneity turns the representative-agent trap into a composition
prediction, because Al can shift output toward high private-value or low attention-sensitivity
types whose mean quality falls. For policy, the implication is to separate instruments by mar-
gin. Submission fees or caps control quantity, publication thresholds control selection, and
screening improvements control informativeness. Future work can add richer microfounda-
tions, robustness checks, and quantitative policy calibration, but the main message is already

visible in the baseline model: the effect of generative Al on published knowledge depends on

34



the equilibrium interaction between private submission incentives and scarce screening capac-

ity.
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Appendix A. Outside-Trap Benchmark

The same model also gives a constructive benchmark in which generative Al is beneficial for
the quality measures studied here. Outside the quantity trap, additional congestion lowers the
individual best response. The feedback from screening congestion then dampens, rather than

amplifies, the direct increase in submissions caused by AL

Let
Q’E\/O'EZ—F(T(%, 0 =\/02%+ 02

_ —0+ V0?2 +4K?

For any o € [, 0], define

%(0) = T
The global outside-trap condition is
5> max [@(3(0)) - Le(2(0)] (A1)
14 o€lo,T] o '

Because the best-response equation is increasing for x > —0,(S)/K, this condition implies
xP7(S) > #(0u(S)) for every S. By Lemma 1, the best response is decreasing in aggregate

submissions everywhere.

Proposition A1 (Outside-trap benchmark) Suppose 0 < ¢ < V and the outside-trap condition
above holds. Then for every Al intensity a, there is a unique symmetric equilibrium. Along this equilib-

rium,
dn*(a)
da
Moreover, threshold-excess useful knowledge,

dq* (a)
da

> 0, > 0.

X(a) =n"(a) E[(7 - 9)+],
is increasing in 4.

Thus the model does not imply that generative Al must reduce research quality. It iden-
tifies the boundary condition: Al raises these quality measures when screening congestion
disciplines quantity rather than amplifying it.
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Appendix B. Heterogeneous Comparative-Static Formulas

For each active type, the private problem has the same one-dimensional structure as in the
representative-agent case. The only substitutions are K; for K, 7; for 7, and ®; for ®. Thus

n; = Ci(a)B;(S")

and the aggregate fixed point is

Equivalently,
! g an?r(S;a) B n?r(S;a) (s)
dS N S Ji(S).

Differentiating the type-specific first-order condition as in the representative-agent case gives

507,(S) Ki — 0u(8)x¥"(S) — Kix}™(S)?
K; 0u(S) + Kixbr(S)

Ji(S) =

Under the variance-saturation screening technology, this is

SAAe ™S K — 03(S)xPr(S) — Kiabr(S)?
2Kiou(S) u(S) + KixP™(S)

Ji(S) =

The derivative of the aggregate fixed-point gap with respect to S is

Z,ul _1_ szll - (S*)_l'

Hence a simple local equilibrium is stable when Q(5*) < 1.

Let /
il = 2B 0D ) = Y et

Differentiate the aggregate fixed point with respect to a:

dS* N B/(S*) dS*

ZP‘I”XI ZzzB da'

37




Dividing by S* and using J;(S) = SB.(S)/B;(S) gives

1ds* L 1ds
S* da = X(a) +Q(S )§ da’

Solving yields
as* _ o x(a)
=S .
da 1—-Q(S*)
For each type,
dn? 1 ds* x(a)

dal =nj | xi(a) +]i(5*)§ i } = n; [Xi(a) ‘i‘]i(S*)W(S*)
Finally, g7 (a) = ©;(a) — K;logn}(a) and ©/(a) = Kixi(a), so

dgi(a) ey X(a)
B —K;Ji(S )m~

Appendix C. Policy Instrument Derivations

For fixed (S, a), write the publisher’s objective as

AP (S, ga) = | B |s =yfily)dy
Differentiating with respect to the lower limit gives

IAPP(S, 7;a I _
PTG _ sp el |s = a)
q
An interior threshold optimum therefore sets the posterior mean of the marginal published
paper equal to zero.

Under the normal signal structure, § = q(S,a) + eand s = §+ 7. Thus

2

N 07
E[7 |s] =q(S,a)+ m(s —q(S,a)),
or equivalently
4 0s(S)? o2
E[7|s] = 2 +US(S)2‘7(S/”) + —0_82 +O_S(S)ZS.

Setting this expression equal to zero at s = §°(S; a) yields

2
7(s0) =~ =5y (s,a).

€
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If the publisher wants to implement target submissions S at threshold g, the representative

researcher’s first-order condition at n = S with a per-submission charge « is

VK

VO(x(S,q;a)) —c—x — mcp(x(s,q;a)) = 0.

Solving for x gives the implementation equation stated in the main text:

4=V [ B(x(5,3:0)) = 7 d(x(S 7).

The formula is local and must be paired with implementability, local stability, and the intended
equilibrium selection when multiple equilibria exist. A binding cap implements the same quan-
tity margin directly by restricting feasible submissions to the target level, but it still leaves the
threshold to determine which submitted papers are published.

The constrained-efficiency implementation follows from the posterior-zero rule and the
implementing-fee derivation. The posterior-zero threshold rule is a selection condition con-
ditional on (S, 05). The implementing fee or a binding cap chooses the constrained-efficient
submission quantity. A screening instrument m changes the posterior mapping by replacing
02(S) with 02(S, m), where

902(S, m)
om
Thus the fee or cap implements the submission target, the threshold implements the selection

< 0.

rule at that target, and screening improvements change the informativeness of the signal.

Appendix D. Policy Reoptimization Under Generative Al

Consider the baseline threshold and fee portfolio with a given screening-congestion technol-
ogy. After substituting the posterior-zero threshold, define

/e 2
v(sim) = WA TED e (s0) (5,007 (530)) + 5 06%(0),

and
W(S;a) = Sp°(S;a).

Let S°(a) be a smooth strict interior maximizer, so Ws(5°(a);a) = 0 and Wsg(S°(a);a) < 0.

Then
4S°(a)  Wsa(S°(a);a)

da— Wss(S°(a);a)
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At the posterior-zero threshold, the envelope derivatives of optimized per-submission value

are
(0] (0] (o) O—EZ [0}
pg =0(%),  pr=—5¢(7) <0

The target first-order condition is

Ws = p° — K®(x°) + Spyos = 0.

Let g #(x)
Us X o
= — > = =
e=— 0, £(x) B(x)’ x =x°(S;a)

Using

o _ 02

pe = [xP(x) +o(x)],

the target first-order condition implies

Ko

7z x+ (1—e)l(x)

At fixed S, research Al shifts submitted-paper quality by
_9%(5,a) _ Bry

9a(S,a) = da  1+7a
Differentiating the target condition with respect to a4 and substituting the preceding identity
gives
Wsa _ D(x) [1—(1—e)l l
52— @) [1— (1= )(x) (x-+ £(1))]

The lower-tail inverse-Mills inequality gives
0 < l(x)(x+£(x)) <1.

Since e > 0, the bracket is strictly positive. Thus Ws, > 0, and the strict second-order condition
Wss < 0 implies
ds°(a)

ia > 0.

The optimized value is

AP (g) = W(S°(a); a).
By the envelope theorem,

d APUb° (g)

) = Wy (8°(a);a) = §°(a)(x°(5°(a); ) )qu (7 (a), ) > 0.
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The optimized threshold satisfies

» 05(S)?
Fsia) = s, r(s) = 25,
€
so along the optimized target
dg°(a ds°(a
qu(I ) — —rgu = (rsq +135) d; )

The two terms can have opposing signs. Similarly, the implementing fee combines a direct

tixed-target term with the endogenous target response:

dr®(a)
da

o 0d5°(a)
=K, + KST.

Holding S fixed, the direct term is positive at the optimizing solution satisfying 1 4+ Kx/c(S) >
0 because research Al makes submissions privately more attractive, but the target-adjustment
term may offset or reinforce it. Hence the optimized target and optimized aggregate published

quality rise locally, while the threshold and implementing fee do not have unconditional signs.

Appendix E. Equilibrium Stability Details

This appendix records the fixed-point stability calculation used in Section 3.2. Fix Al intensity

a and write the symmetric best response in factorized form,
n*(S;a) = C(a)B(S).

A symmetric equilibrium is a fixed point S* satisfying S* = C(a)B(S*). Define the excess-
submission gap
F.(S) = n"(S;a) — S = C(a)B(S) — S.

The local adjustment considered in the main text is the standard one-dimensional rule under

which aggregate submissions move in the direction of excess desired submissions:
St = pPa(St), o> 0.

The same local condition is obtained from the corresponding discrete best-response geometry.

At a fixed point,



Using the equilibrium identity C(a)B(S*) = S*,

Therefore
F(8%) =J(s") - 1.
Linearizing the adjustment equation around S* gives

Ar=p[J(S*) — 1] Ar+o(Ay), A =S — S,

Thus a simple fixed point is locally stable when J(5*) < 1 and locally unstable when J(5*) > 1.
The boundary case J(S*) = 1 is non-simple and corresponds to the fold case in the fixed-
point geometry. In the congestion-amplifying region maintained in the main text, J(S*) > 0.
Combining amplification with local stability gives the stable feedback range 0 < J(5§*) < 1:
congestion reinforces the direct Al-induced increase in desired submissions, but the feedback

is not strong enough to make the fixed point locally unstable.

Appendix FE. Proofs

Proof of Lemma 1. FixS > 0and a > 0. Write ¢ = 0,,(S) > 0 and define the cost-benefit ratio T =
c/V € (0,1). The proof has three steps. We first solve the researcher’s optimization problem by
characterizing the unique optimizing standardized quality gap and the associated global best
response. We then differentiate the best response and associated best-response quality with
respect to Al intensity, and finally with respect to aggregate submissions.

Step 1: unique global best response. For a candidate standardized quality gap x, define

Go (x) = B(x) — §¢(x).

The derivative of the objective can be written as

W — V(x(n,S;a)) —c — %cp(x(n, $:a)) = V [Go(x(n, S:a)) — 1.
Because x is strictly monotone in 7, critical points of U in n correspond exactly to solutions of
Gys(x) = 7.

The derivative of G, is
K
Gelx) = 9() (147,



so Gy decreases on (—oo, —0/K) and increases on (—o /K, o). At the minimum,

() ~o(-5) - 54(F) <o

where the inequality follows from the standard Mills-ratio bound ®(—z) < ¢(z)/z for z > 0.
Moreover, limy_,_« G,(x) = 0 and limy_, G,(x) = 1. Because T > 0, the equation G(x) = T
has no solution on (—oo, —c /K], where G, < 0. Because 7 < 1, it has exactly one solution on
(=0 /K, o), denoted x°7(S), which therefore satisfies
ou(S
wr(s) > -8,

The map
O(a) — g —Klogn

ou(S)
is a strictly decreasing bijection from n € (0,00) onto x € R, with x(n,S;4) — o0 asn — 07"

x(n,S;a) =

and x(n,S;a) — —oo as n — oo. The bijection then yields the unique critical point

n*(S;a) = exp <®(a) —1- au(S)xbf(S)> ,

K

which is the best-response expression in (9). To confirm that this critical point is the global
maximum, we trace the sign of 0U/dn along the path n : 07 — oo, equivalently x : c0o —
—o0. As x decreases from +oo to —0 /K, Gy (x) decreases from 1 to a value strictly below zero,
crossing T exactly once at xP*(S). As x continues from —c/K to —co, G,(x) rises from its
minimum back to 0 < T and never reaches 7. Thus 9U /9n is strictly positive for n < n®*(S;a)
and strictly negative for n > n"(S;a). Taking the natural continuous extension U(0, S;a) = 0,
this critical point is the unique global maximizer over n > 0.

Step 2: Response to Al Intensity. At fixed S, the first-order condition GUu(S)(xbr(S)) =T
does not involve a, so x**(S) is independent of a. The mean-quality identity 4°*(S;a) = 7 +
0,(5)xP"(S) then gives

97 (S; a)
oa
In the production identity n®(S;a) = exp((®(a) — 4°*(S;a))/K), the right-hand side depends
on a only through ®(a), which is strictly increasing. Hence nP"(S;a) is strictly increasing in a,
so 9n°"(S;a)/da > 0.
Step 3: Response to Aggregate Submissions. Apply the implicit function theorem to G, (g) (x™(S)) =

= 0.

T to obtain
dx®(S) Ka/(S)

ds 0u(S) (0u(S) + Kxbr(S))’
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Differentiating the mean-quality identity 4°*(S;a) = g + 0,,(S)x"*(S) and substituting this ex-
pression yields
99 (S;a) _ dx"(S) 0u(S)

G5 = () +u(8) T = s (KG(9)) + au($)2(5) — K).
(F1)

The variance-saturation technology gives ¢/,(S) > 0, and Step 1 gives 0;,(S) + Kx""(S) > 0, so
9qP*(S;a) /S has the same sign as the quadratic in x*"(S) on the right-hand side of (F1). This

quadratic opens upward in x**(S), and its positive root is the threshold £(S) defined in (10); the
negative root lies below —c,,(S)/K and is outside the feasible interval x**(S) > —0;(S)/K. On

the feasible interval, it is negative below £(S), zero at £(S), and positive above £(S). Therefore
09" (S; a) /9S is negative, zero, or positive according as x°(S) is below, equal to, or above £(S).
The submission-count response follows immediately from the production identity n°"(S; a) =
exp((©(a) — 4(S;a)) /K):
onb*(S; a) _nbr(S;a)aqbr(S;a)

S K 20S (F2)

Since nbr(S ;a) >0, anbr(s ;a)/0S has the opposite sign of qur(S ;a)/0dS, so it is positive, zero,
or negative according as x**(S) is below, equal to, or above £(S). O

Proof of Proposition 1. Differentiate the fixed-point identity n*(a) = n®*(n*(a);a) with respect
to a:
dn*(a) _ onP*(S;a)

n onb*(S; a)
da oa

dn*(a)
as '

da

S=n*(a) S=n*(a)

The partial in S equals J(n*(a)) by (13), and simplicity rules out J(n*(a)) = 1. Solving for
dn*(a)/da then gives (14). In the congestion-amplifying region 0 < J(n*(a)) < 1, so the feed-
back multiplier 1/(1 — J(n*(a))) exceeds one. The direct Al response is positive by Lemma 1,
and the inequality in (14) follows. O

Proof of Proposition 2. From Equation (9),

a) —a 3 xbr
nP*(S;a) = exp (W) exp (—M) = C(a)B(S).

Thus positive symmetric equilibria solve
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The shifter C(a) moves with A, while the congestion shape M determines the number of fixed
points.
The turning points of M are exactly the points where the local feedback index equals one:

M(S) 1 B(S) _1-J(s)

M(S) S B(S) S

Because B(S) is positive and bounded away from zero and infinity over the bounded noise
range,

lim M(S) =0, lim M(S) = co.
510 S—o0

We now record the fold construction under variance saturation. Set t = AS and write

K o (t)
_ 2 2 _ ,—t — = f_"N 7
o(t) = \/ag + 05+ As(1—e7t), k(t) = =0k r(t) = ta(t) '
Under the variance-saturation law,
1
0<r(t) < > I}irglr(t) tlg{}o r(t) =0

Fix the cost-benefit ratio Tt = ¢/V € (0,1). Let x(#; T) be the relevant solution of
P(x) —k(t)p(x) =T, 1+ k(t)x > 0.

Using the slope formula in Equation (F1), define

k — x — kx?

Qk,x) = R

Then the feedback index can be written as

J(t; ) = r(t)Q(k(t), x(£;T)).
For fixed t, Q(k(t), x) is strictly decreasing on the relevant branch x > —1/k(t):

Qkx) (1 + kx)? + k2 <0
ox  k(1+kx)2 '

Since Q(k,0) = 1 and Q(k,x) — oo as x | —1/k, the equation r(t)Q(k(t),x) = 1 has a unique
fold-implied solution x¢(t) € (—1/k(t),0). Define the fold-implied cost-benefit ratio

T (t) = P(xp(8)) — k(£)p(xs(t))-
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For any fixed 7, a fold occurs at £ if and only if 7¢(t) = 7.

The variance-saturation fold locus is single-peaked on its positive region. To see the source
of the single crossing, write y(t) = 1+ k(t)x(t). Since x¢(t) € (=1/k(t),0),0 < y(t) < 1. The
fold identity can be written as

s Oy - y(1)
KO ="

so y(t) > r(t). Differentiating the fold-implied ratio along the fold locus gives

sign (T}(t)) = sign(A(t)),

where

-y - )
MO =T ey )
)

For the variance-saturation path, '(t) /r(t) = 1/t — 1 — 2r(t) /t. Differentiating the fold iden-
tity gives

dy _ y(1-y) {y (1—2r _1) +2r(y—r)]’
At y>—=2ry+r t t

where r and y are evaluated at t. Substituting this expression into A’(t) gives a rational expres-

sion whose denominator is positive because 0 < r(f) < y(t) < 1and r(f) < 1/2. On the region

where T¢(t) > 0, the numerator is negative, so A(t) is strictly decreasing there. At the left edge

of the positive region A(f) > 0, while in the tail A(t) < 0. Hence 7y rises once and then falls; it

is strictly single-peaked on its positive region. Let

T = sup ¢ (t).
>0
If0 < T < 7%, the single-peakedness of 75 gives exactly two fold points t1(7) < t>(T). The sign
equivalence
JET)>1 = 1<

then implies that M is increasing on (0,t1/A), decreasing on (t1/A,t;/A), and increasing on
(tz /A, OO) .
Define the scaled fold levels

m(T) = t1(T) exp (%) / m(7) = (1) exp <%) )
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The first fold is a local maximum of the scaled equilibrium shape and the second fold is a local

minimum, so 7(7) > m(7). Therefore C(a) = M(S) has three positive solutions exactly when
m(7) < AC(a) < m(T).

Since
C(a) = Co(1 + ya)Pr/K

with Cy > 0, this inequality is equivalent to

where

ap(t) <a<ag(t),
ap (1) = 1

(5)7 ] weo=3 ()

Intersecting with the admissible domain a > 0 gives the stated multiplicity window. At either

admissible endpoint, a horizontal line is tangent to M, so two crossings merge into a non-
simple fold with ] = 1. Outside the closed admissible interval, the horizontal line intersects
only one of the monotone intervals of M. O

Proof of Proposition 3. Suppose three symmetric equilibria exist at the same a and write them
as n;, < ny < ny. At a symmetric equilibrium, aggregate submissions equal the common

individual submission level, and mean quality is
g(n,a) = ©(a) — Klogn.
Holding a fixed, this expression is strictly decreasing in n. Therefore
q(np,a) < q(nm,a) < q(n,a).

For the local comparative static, combine the fixed-point derivative from Proposition 1 with

C'(a)  Bry

C(a) K1+ va)

yields
dn*(a) _ PRy n*(a)

da  K(1+va)1—]J(n*(a))
When J(n*(a)) < 1, this derivative is positive.
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Mean equilibrium quality is ¢*(a) = ®(a) — Klogn*(a). Therefore

dg'(e) _ pry K dn'(a)

da ~ 14+va n*(a) da

Substituting the expression for dn*/da gives

W@ _ pry [, 1] xy Jr@)
da 1+ 7a 1—J(n*(a)) 1+yal—](n*(a))
If 0 < J(n*(a)) < 1, this derivative is strictly negative. O

Proof of Proposition A1. For each feasible o, £(c) > —o /K. For x > —0/K, Gy(x) = ®(x) —
(K/o)¢(x) is strictly increasing. The condition in Equation (A1) therefore implies

xPT(S) > 2(0,(S)) for every S.
By Lemma 1, B'(S) < 0 and hence J(S) < 0 for every S. For fixed 4, define the fixed-point gap
F,(S) = C(a)B(S) — S.

Then F}(S) = C(a)B'(S) —1 < 0. Also F,(0) = C(a)B(0) > 0, while F,(S) — —oo because B(S)
is bounded over the bounded noise range. Thus F;(S) = 0 has exactly one solution for every a.
The solution is simple because F}(S) < 0.

The same log-differentiation used above applies because J(n*(a)) < 0 < 1. The equilibrium
branch satisfies

Log-differentiating gives

1 dn*(a) C'(a)
n*(a) da C(a)

Since C'(a)/C(a) = Bry/[K(1 + ya)],

dn'a) _ Bry  n(a)
da KO+ - (@)

Using g*(a) = ©(a) — Klogn*(a) gives

dg*(a) _ _ Bry J(n*(a))
da 1+’ya1—](n*(u))>o'
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For threshold-excess useful knowledge, let

Then
X(a) =n*(a)[(q"(a) — )@ (d(a)) + oep(d(a))] -
The bracket is the expected positive part of a nondegenerate normal variable, so it is strictly

positive. Its derivative with respect to g* is ®(d(a)) > 0. Since both dn*/da and dq*/da are
positive outside the trap, dX/da > 0. O

Proof of Proposition 4. For a differentiable symmetric equilibrium n*(a), write ¢* = g(n*(a), a),
o =o0y(n*(a)),and x = (¢* — 4) /0. Letu = e + 7. Then u ~ N'(0,0?),s = ¢* + u, and

2
Ele | u] = %ey.

o2
Therefore
Elfi{s > gt} =q"Pr(u=g—q") + Elel{u > 7—q"}]
2
=q"®(x) + %E[u 1{u > —ox}|
2

= 7O (x) + (x).

This gives the closed form AP (a) = n*(a)p(q*, o).
With o, = 02/0? and ps = 1 — pe,

lg.0) = () + () ( 1+ pur)

and )
po(q,0) = —¢(x) (pg +psx2 + gx> .

These formulas identify the two partial derivatives used below; the decomposition itself is just

the chain rule. Since
AP (g) = n*(a)p(q*(a), ou(n*(a))),

differentiating with respect to a gives

dApub dn* da*
(@) _ jnt(a) | e @)

dn*(a)
da da da '

da
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Under variance saturation,
A e~ A (a)
- 20y(n*(a))’
The needed branch derivatives follow from the fixed point itself. Log-differentiating n*(a) =
C(a)B(n*(a)) gives

s

1 dn*(a) _C'(a) N J(n*) dn*(a)
n*(a) da C(a) n* da

Using C'(a)/C(a) = Bry/[K(1 +va)] and J(n*) < 1,
dn'a)  prr

da K(14+vya)1—J(n*)
Since g*(a) = ©(a) — Klogn*(a),
dq*(a) _ _ Bry _J(n")

da ~  1+val—]J(n*)

Substituting these derivatives and collecting terms yields

dAP™(a)  Bry n* p . n*os
da 1+ val—J(n*) E_](n )P+ K Pl

When J(n*) < 1,1— J(n*) > 0. The sign is therefore the sign of the bracket, which proves
Equation (19). The bracket is negative exactly when

which gives Equation (20). U

Proof of Lemma 2. With common K and common T, every type solves the same equation for the
standardized quality gap:

D("(S)) ~ b alT(S)) = 7.

The unique relevant solution is therefore common across types. Hence x"*(S) = xP(S) for all

xbr
Bi(S) = exp <—w> — B(S),

and J;(S) = SBi(S)/B;i(S) = J(S) for all active types. The level shifter ©;(a) changes only

Ci(a), not the congestion shape. At an interior equilibrium, the definition of the standardized

gap gives

I,

9 (a) = 7+ 0u(5*)x*(8*) = " (a)
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for every active type. Moreover, because B;(S*) = B(S*),

ni(a)  Ci(a) ) ©;(a) — ©;(a)
@) Cila) p( K )

sonf(a) > n;.‘(a) if and only if ®;(a) > ©j(a). Finally, common [;(5*) = J(§*) implies )(S*) =
J(S*). Under stability, 1 — J(S*) > 0. If g(a) > 0 and J(5*) > 0, the heterogeneous quality
derivative becomes

dq; (a) x(a)
AT KIS AL
da T ey <°
The type-level submission derivative becomes
dni(a) _ . o X(a)
g, (a) |xi(a) +](S )w /
which is strictly positive for every active type when yx;(a) > 0 for all active types. g

Proof of Lemma 3. With common production primitives, the only type-specific object in the
first-order condition is 7;. Let

Golx) = B(x) — ()

For x > —0/K, G is strictly increasing. Thus 7; > 7; implies x7 (S*) > x7(5*) at any common
equilibrium aggregate S*. Using the common-production best-response formula,

M exp (%(S*) [xj‘(S*) B x;f(s*)] ) <1

*

ny K
Equilibrium mean quality satisfies
q; =4+ 0u(S)x; (57),

so qi > q;f‘. Combining these two expressions gives
9 —q; = Klog(n. ) > 0.

Proof of Proposition 5.  With common production primitives, the only type-specific object in
the first-order condition is ;. Let G,(x) = ®(x) — K¢p(x)/co. For x > —0 /K, G, is strictly

=
*

<

~

O
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increasing. By the type-specific best-response slope formula in Appendix B, type i is congestion
amplifying exactly when x?*(S) < £(S). Using the definition of H(S) in (26), this condition is
equivalent to

Ji(S) >0 == T =Gy,5)(x"(5)) < Gy, (5)(2(5)) = H(S).

1

At equality, J;(S) = 0, so the type is on the knife-edge boundary between congestion amplifi-
cation and congestion discipline. The reverse inequality gives J;(S) < 0.

Common production primitives imply x;(a) = x(a) = x(a) = Bry/[K(1 + ya)] > 0. Let
D =1 - Q)(S*). Stability gives D > 0. The heterogeneous comparative-static formulas reduce

%% = x(a) (1 + —]i(g*)) , —dqgi”) = —KL'(S*)’%.

to

If J;(S*) > 0, then the quality derivative is negative. The quantity derivative is positive because

1 Cll’lj< . ]1(5*)
w da = x(a) (1+ D )>O.

If J;(5*) < 0, then the quality derivative is positive. The quantity derivative is negative if and

only if
Ji(S¥)

1
+ D

<0,

or equivalently
Ji(§7) < = [1=Q(57)].

Equivalently, using Q(S*) = Yy wiJx(S*), type i’s quantity falls if and only if

Y wi [Je(S*) = Ji(5%)] > 1. (F3)
ki

If 7; > 7j, then x/(S*) > x;‘(S*) and J;(S*) < J;(S*). Therefore

dgr 47 x(a) ; )
%—%—K D Uj(s ) —Ji(S )} > 0.

The same ordering of the common-production best-response levels and slopes gives

dn}  dn} n;Jj(S*) = niJi(S*)
S A il R £ g 1 e
T x(a) (nj —ni+ D > 0,
so the cross-sectional quantity gap widens as well. u
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Proof of Lemma 4. Fix an interior heterogeneous equilibrium and write c* = 0,(S*). For type i,
the standardized quality gap solves

K;

(xf) - -

1

p(x7) = .

On the relevant interior branch, the left-hand side is strictly increasing in x. If fz; > Bz;, then
K; > K;. Evaluating type i’s left-hand side at type j’s solution gives

o K . Koo
P(x7) - U—;qb(x]») < O(x7) — U—i (x}) =
Hence x; > x]ik. Equilibrium mean quality satisfies g; = § + c*x7,so q; > q]’.‘.
The production identity gives
©i(a) —q—0"x]
K;

lognj =

This expression is not ordered by B7; alone. A higher By; raises the level shifter ®;(a) and the
target quality gap, and it also changes the denominator K;. Without additional restrictions on

these forces, the sign of log n; — log n; is not pinned down. O

Proof of the cutoff characterization and Proposition 6. The cutoff characterization stated before
Proposition 6 follows from the type-specific best-response slope formula in Appendix B applied

with K;. Equivalently, type i is congestion amplifying exactly when
T< HZ(S)

At equality, [;(S) = 0, so the type is on the knife-edge boundary. It remains to show that H;(S)
decreases with K; for fixed S. Let ¢ = 0,,(S) and k¥ = K;/o. The positive root £;(S) solves
%i(S)

K= W, 551(5) € (0,1).

The right-hand side is strictly increasing in £;(S), so £;(S) is increasing in x and hence in K;.

Writing H;(S) as a function of x € (0,1) gives

H(x) = (x) - 7= ().

Differentiating,

2
H'(x) = —(13+2)24>(x) <.
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Therefore H;(S) is decreasing in K;. Since K; = Br + Bzi, lower-Bz types have higher H;(S)
and are more likely to satisfy the congestion-amplification inequality.

We now prove the comparative-static statements in the proposition. Common g and v > 0
imply ©/(a) = Bry/(1+9a) > 0, so xi(a) > 0 for every active type and y(a) > 0. Let
D =1 - Q(S*). Stability gives D > 0. The heterogeneous comparative-static formulas imply

1 dn}
ny da

= xi(a) +]i(5*)Xl()a)z dq::ia) = —Ki]i(S*)@-

If J;(S*) > 0, then the quality derivative is negative and the quantity derivative is positive. If

Ji(§*) < 0, then the quality derivative is positive. The quantity derivative is negative if and
only if

—Ji($)x(a) > xi(a) (1 — Q(S7)). (F4)

O
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