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Abstract

Generative Al has been increasingly consuming and producing huge amounts of data. We
propose a social learning model of Al, emphasizing a data-Al feedback loop: data quality af-
fects Al productivity, which influences Al adoption and, consequently, the composition (Al
vs. human-generated) and quality of future data. Calibrated to evidence on synthetic train-
ing loops, the model predicts hump-shaped labor dynamics—short-term displacement that
partially reverses as data quality deteriorates. In a competitive market, Al should be taxed to
correct the data-quality externality; a concentrated Al industry over-corrects, making a subsidy

optimal.



1 Introduction

This paper explores the economic implications of the rise of generative artificial intelligence (AI).
Modern Al has achieved remarkable success by learning from vast collections of human-created
data. Large language models derive their understanding of language structure and meaning from
billions of pages of human-written texts—from books and articles to online content. Al image gen-
erators have learned to recognize objects, textures, and scenes by training on enormous databases
of photographs. This foundation of high-quality human-created data has been crucial for Al to
generate relevant and accurate outputs for real-world applications (Liu et al., 2024).

This situation is changing. The rapid adoption of generative Al has led to an unprecedented
surge in Al-generated content. The European Union Law Enforcement Agency projects that Al-
generated content could constitute up to 90% of online content in the long term.! Rio-Chanona et
al. (2023) shows that the introduction of large language models like ChatGPT has reduced human-
generated content on platforms like Stack Overflow, while Brooks et al. (2024) documents an in-
creasing presence of Al-generated content on Wikipedia, often of inferior quality.

This trend suggests that future AI will likely be trained on a mixture of Al-created and human-
created content—if human-created content remains available at all.> This has raised concerns
among both Al researchers and the broader community. Shumailov et al. (2024) and many other
computer science studies (summarized in Table 1°) have documented "model collapse"—a phe-
nomenon where the quality of Al-generated content progressively deteriorates when models are
recursively trained on Al-generated data.* These academic endeavors have attracted attention
from major media outlets such as Forbes®, The New York Times®, and the Harvard Business Re-

view’, all of which have reported extensively on the risks of relying too heavily on Al-generated

I The report is available here.

2This shift is already underway: Amazon uses synthetic, Al-generated data to train its Alexa language assistant,
while Apple has trained its MM1 model using data generated from GPT-4 and LLaMA. The synthetic data industry is
experiencing rapid growth, with market projections showing an expansion from 381.3 million in 2022 to 2.1 billion by
2028, representing an annual growth rate of 33.1%.

3The table only covers works between May 2023 and July 2024. However, the literature is experiencing rapid growth,
and newer publications beyond this period are not included. Interested readers are encouraged to explore the subse-
quent developments independently.

“These academic findings are consistent with industry observations, such as the 2023 GitClear report that identifies
a "downward pressure" on the quality of Al-generated code used with GitHub Copilot. The report is available here.

Shttps:/ /www.forbes.com/sites /bernardmarr/2024 /08 /19 /why-ai-models-are-collapsing-and-what-it-means-for-
the-future-of-technology /

®https:/ /www.nytimes.com /2024 /07 /19 /technology / ai-data-restrictions.html

7h’c’rps: / /hbr.org/2023/11/has-generative-ai-peaked


https://www.europol.europa.eu/cms/sites/default/files/documents/Europol_Innovation_Lab_Facing_Reality_Law_Enforcement_And_The_Challenge_Of_Deepfakes.pdf
https://www.gitclear.com/coding_on_copilot_data_shows_ais_downward_pressure_on_code_quality
https://www.forbes.com/sites/bernardmarr/2024/08/19/why-ai-models-are-collapsing-and-what-it-means-for-the-future-of-technology/
https://www.forbes.com/sites/bernardmarr/2024/08/19/why-ai-models-are-collapsing-and-what-it-means-for-the-future-of-technology/
https://www.nytimes.com/2024/07/19/technology/ai-data-restrictions.html
https://hbr.org/2023/11/has-generative-ai-peaked

data.

This paper studies how generative Al changes the joint evolution of productivity, labor de-
mand, and data quality. The key departure from the existing automation literature is that Al is
not only a production technology; it also changes the data environment on which future Al relies
(Aghion et al., 2019; Korinek and Suh, 2024; Acemoglu, 2024). We build a social-learning model
with endogenous Al adoption in which firms choose between Al and human labor, and those
production choices generate data of different informational quality. Here, quality refers to how
much new information a data point adds for predicting future fundamentals. Al has a productive
advantage because it can draw on the full historical dataset, but that same reliance on historical
data can make its actions less informative at the margin. The composition of production between
Al and humans therefore affects future data quality, future Al productivity, and future adoption.
This is the Al-data feedback loop at the core of the paper.

The central theoretical insight is that access to big data can make Al more productive today while
making its incremental data contribution less valuable for future learning. Big data is therefore a
double-edged sword. It improves current performance, but it also makes Al’s actions more likely
to reproduce existing patterns rather than reveal new information. Humans face the opposite
tradeoff: they are often less productive because they cannot consult the full historical record, but
they rely more on their own signals and experimentation, which can add more novel information
to the aggregate dataset.

Because current adoption changes the future data environment, the model features multiplic-
ity, stability, and cyclicality. Which regime emerges depends on the relative quality of Al- and
human-generated data. When Al data is much better than human data, adoption can be self-
reinforcing and multiple steady states arise. When Al data is much worse, the feedback loop
works in the opposite direction: high data quality raises adoption today, but the resulting Al-
generated data lowers data quality tomorrow, generating cycles. When the two sources are simi-
lar, the model converges to a unique stable steady state.

To evaluate how the rise of Al can affect the economy, we model a one-time permanent reduc-
tion in Al costs in two scenarios. Our first experiment, the "AlphaGo experiment," explores what
happens when Al-generated data is far superior in quality to human-generated data, allowing Al

models to improve through "self-play" (learning from their own generated data). In this case, even



a small reduction in Al costs can trigger a dramatic shift from zero to complete Al adoption. This is
because of the self-reinforcement loop that more Al adoption leads to higher data quality, which
leads to even more Al adoption. This transition features a rapid increase in Al-generated data
and massive improvements in Al productivity, consistent with the real-world evolution from the
original AlphaGo, which relied on human data, to AlphaGo Zero, which learned entirely through
self-play (Silver et al., 2017; Holcomb et al., 2018). The key point of this experiment is that high-
quality data generated by Al can lead to explosive growth of Al and economy, even if the model
abstracts away from forces such as exogenous productivity growth or capital accumulation.

Our second experiment, the "ChatGPT experiment," examines the current rise of generative
Al To quantify the relative quality of Al versus human-generated data, we draw on recent com-
puter science research (summarized in Table 1). These studies evaluate how foundational Al
models—including large language models and image generation tools—perform when trained on
Al-generated data. They consistently find quality deterioration when AI models are recursively
trained on Al-generated data. Based on this research, our calibration suggests that Al generates
new data (or ideas) at only 8% of the quality of human-generated data. This substantial gap is
identified with a sharp decline in AI quality when synthetic, Al-generated data enters the training
process of Al (Chen et al. 2023; Alemohammad et al. 2023; Martinez et al. 2023). Our estimation
indicates that the rise of Al-generated data imposes significant risks of corrupting future datasets
in those tasks undertaken by generative AL

Given this risk of data corruption, our model suggests that concerns about labor displacement
by Al may not be as severe as commonly feared. To illustrate this, we simulate model dynam-
ics following a one-time stylized cost reduction shock which causes Al adoption rate to spike to
100%, completely displacing human labor in the short term. However, as more Al-generated data
accumulates, its lower quality gradually degrades the training dataset and thus Al productivity.
Over the long run, labor displacement is partially reversed due to the declined AI productivity
and the economy stabilizes with Al handling about 70% of total production. This suggests that
data quality concerns can reverse roughly 30% of the short-run labor displacement over time.

The fact that labor displacement is less severe in the long run does not remove the case for
policy intervention. The core inefficiency is a data externality: private adopters do not internal-

ize how their production choices affect the common data pool used by future Al. Our analysis



therefore focuses on two policy margins, Al adoption and Al’s access to historical data, both of
which are central to current policy debates. The European Union Artificial Intelligence Act and
Canada’s Artificial Intelligence and Data Act (AIDA), for example, both address deployment and
data governance. In the competitive benchmark, our model shows that when Al-generated data
lowers overall data quality, taxing Al adoption can help correct the negative externality.®

In addition to Al adoption, the planner can also consider restricting Al’s access to historical
datasets. We analyze this data-access policy and show that limiting data access can improve wel-
fare by forcing Al to generate more novel information, with the case for such restrictions strength-
ening as data corruption becomes more severe.

That competitive benchmark is only part of the story, because the Al industry is highly concen-
trated in practice. We therefore endogenize the Al price by modeling competitive, oligopolistic,
and monopolistic market structures. A forward-looking monopolist internalizes the effect of cur-
rent pricing on future data quality, creating a novel interaction between market power and the
data externality. Quantitatively, the monopolist’s markup over-corrects the externality by restrict-
ing AI adoption below the socially efficient level. This reverses the direction of optimal policy:
relative to the competitive equilibrium, Al should be taxed; relative to the monopoly equilibrium,
it should be subsidized. We characterize the optimal subsidy as a general-equilibrium fixed-point
problem, show that it is front-loaded during the transition, and extend the welfare analysis to a
dynamic social planner.

The paper connects to the literature that investigates the influence of data on the macroecon-
omy, as discussed in the works of Farboodi et al. (2019); Jones and Tonetti (2020); Cong et al.
(2021); Abis and Veldkamp (2021); Cong et al. (2022); Farboodi and Veldkamp (2022). The paper
proposes a novel modeling approach that jointly determines data quality and AI adoption. It fur-
ther provides insights into policy implications and the regulation of AI to manage the quality of
data efficiently.

The paper also relates to recent research on the impact of automation on labor, as explored by
Acemoglu and Restrepo (2018, 2019, 2022); Acemoglu et al. (2022); Moll et al. (2022); Alonso et
al. (2022); Jones (2023); Korinek and Suh (2024) and Acemoglu (2024). In this context, the paper

considers the endogeneity of Al productivity with respect to data quality. The novel Al-data

81f greater Al adoption improves overall data quality, our model suggests a subsidy to Al adoption.



teedback loop allows the model to deliver new implications for labor displacement effects across
various tasks with different levels of data quality. It is also the first paper that introduces direct
experimental evidence from the computer science literature to discipline an economic model of
AL

More broadly, two features distinguish generative Al from traditional learning models or hu-
man experts and make the data-quality feedback loop particularly relevant. First, foundation
models are trained on internet-scale datasets—orders of magnitude more historical data than any
human expert or conventional model would access.’ Because generative Al draws on such a large
pool of historical data, its actions largely replicate existing patterns rather than contributing novel
information, activating the data corruption channel. Second, generative Al produces content—
text, images, code—at unprecedented scale, and this output enters future training datasets, closing
the feedback loop.

The paper is linked to the literature on information economics and social learning, as explored
by Morris and Shin (2002); Veldkamp (2005); Amador and Weill (2010); Ordonez (2013) and Fajgel-
baum et al. (2017). Its key contribution is the application of a social learning framework to analyze
the issue of Al adoption. It builds on the insights in this literature that more economic activities
lead to more data being generated and hence better data quality. This paper further argues that
the composition of data from different sources, i.e. the different types of activities conducted by Al
vs. human, matters for aggregate data quality.

The rest of the paper proceeds as follows. Section 2 presents the model and Section 3 char-
acterizes the Al-data feedback loop. Section 4 disciplines the quantitative mechanism using evi-
dence from the computer science literature on recursive training. Section 5 endogenizes Al supply,
Section 6 studies the planner’s allocation and policy implementation, and Section 7 extends the

baseline to human-AI collaboration.

9This large information gap is central to our mechanism: as we show formally in Appendix B, when entrepreneurs
also observe a large fraction of historical data, the heterogeneity that drives the model’s dynamics vanishes.



2 Model

2.1 Primitives, Technology, and Friction

Time is assumed to be infinite and runs from —oco to +oo. The economy is populated by N en-
trepreneurs and a representative household. Each entrepreneur has a lifespan of 1 period and is
replaced by a newborn entrepreneur at the start of the next period.!® These entrepreneurs have
the ability to produce a good of quality Ai, which they can sell to the representative household at
a price of pAl. The representative household is assumed with a utility function that is linear in the
quality Ai, and for convenience, we normalize the slope of this linear relationship to 1. Therefore,
we have p = 1.

The quality of production Al is endogenous, and is influenced by entrepreneurs’ action a..
Specifically, we adopt the following functional form as in Morris and Shin (2002) and Farboodi
and Veldkamp (2022):!!

A=A (0 -d) )
where A is the maximum quality that can be achieved by some optimal action 6;.
The variable 6; represents the underlying economic fundamental of this economy. It is as-

sumed that 6; evolves according to
0 = i1 + 11t )
where 7; is a noise with mean 0 and precision Ty-

There is an information friction in the model: 6; is not directly observable to any participants.

This information friction is the only friction in the model. Absent this friction, entrepreneurs

10The assumption of short-lived entrepreneurs is made to maintain analytical tractability and to keep the model
focused on the aggregate data-quality feedback loop, which is the mechanism that generates the policy-relevant ex-
ternality. Importantly, even with long-lived entrepreneurs, as long as each entrepreneur is atomistic (measure zero),
no individual action has a perceptible effect on aggregate data quality ;. Each entrepreneur therefore treats ; as
exogenous regardless of lifespan, and the data-quality externality persists. Extending the framework to long-lived en-
trepreneurs would introduce idiosyncratic information heterogeneity as agents accumulate different private histories,
but it would not eliminate the externality that is the paper’s central concern. In Section 6.3, we introduce a discount
factor B that captures the degree to which longer-lived agents would internalize the future consequences of current Al
adoption, without these complications.

HFarboodi and Veldkamp (2022) also explore a general setting under which the quality is given by:

Al=g {(fh—ai)z},

where g is a differentiable and strictly decreasing function. All of this paper’s result goes through with this generaliza-
tion.



would always take actions aligned with the fundamental and the equilibrium achieves the first
best allocation. 6; can be interpreted as reflecting general economic conditions, market demand,
or some optimal approach to research and development that is not easily available to individuals
and requires efforts to obtain valuable information. The task of the Al in the model would be to
predict the value of 6;, given available data, and take an action accordingly. Because 6; is time-
varying, even if Al can have access to potentially unlimited amount of data from history, old data

becomes obsolete and less useful over time. This constrains Al’s ability to predict 6; accurately.

2.2 Timing, Information, and the Firm’s Problem

Each entrepreneur upon birth can choose to produce with their own labor or with an Al technol-
ogy. Labor production would involve an idiosyncratic labor cost of ¢! while production with Al
incurs a capital cost of R;. Besides the cost differences, labor and Al production also differ in the
way they predict the economic fundamental and, hence, take the actions.

Specifically, at the start of period t, entrepreneurs are born with their individual labor cost ¢,
which is drawn from a distribution F(¢). Then the fundamental 6; is realized, together with a

public signal that is available to all individuals:
Sy =6; + 8?
Here, ¢} represents noise in the public signal with a mean of 0 and precision 5. The parameter 7

captures the level of aggregate uncertainty.

Labor Production: If the entrepreneurs choose to use their own labor, a private signal is gener-

ated:

st =0 +ef’. )
The precision of this private signal is denoted as -y;.. The signal can be thought of as generated by
information acquisition of the entrepreneur or obtained through "learning-by-doing" when the en-
trepreneur is conducting the task with their own labor. Based on this signal, the entrepreneur can

produce the good using human labor at the cost of ¢i. One can interpret the cost as encompassing

both the expenses associated with information acquisition and the production cost of labor. The



entrepreneurs’ optimal actions are determined by:

WE(Sy,st') = max E(Aj(ap)|St, st') (4)
aj

The payoff from labor production, given the cost, can be expressed as:
VE(St, 91) = E(WH(St,51")[St) — @

Here, the superscript L indicates that the entrepreneurs are utilizing their own labor for pro-
duction.

Al production: We now explore the case of entrepreneurs who adopt Al in their production
processes. The adoption of Al incurs a cost, denoted as R;. R; is treated as an exogenous required
rate of return, consistent with the perspective of Acemoglu and Restrepo (2018) and others, who
view Al technology as a capital good. Once the entrepreneur purchases the Al product by paying
R;, the Al carries out an action 4} on behalf of the entrepreneur.

How does Al choose the action? The Al has access to "big data,” which is an extensive dataset
containing all past public signals and past actions taken by entrepreneurs. Mathematically, this

can be represented as the following information set:

Ot = {Si- DL 15
Here, S;_; denotes past public signals in period ¢t — j, and DLJ‘ represents data points regarding
past actions taken by entrepreneur i in period t — j. The process of how this data is generated will
be discussed in the following section.'?
In addition to observing historical data, the Al is also capable of generating its own private

information, which can be expressed as:
s =0 + e e ~ N(0,1/74)
The use of large datasets integrating past data ();_1) to predict future outcomes is a common
practice in many applications of machine learning. For example, retail firms may utilize histor-
ical data to estimate future market demand, and hospitals might employ data from past patient

records to make diagnoses. In addition to historical data, Al can also create its own, novel infor-

mation and act upon it. This captures Al’s "creativity" or its ability to "innovate", in addition to

12Tn the benchmark model we assume that human labor cannot observe any of the historical dataset. In appendix B,
we consider an extension where we allow labor to observe a fraction of the past historical dataset and we show that
our key result is robust to this extension as long as Al possess an information advantage (i.e. observing more in the big
dataset) relative to human.



replicating what people did in the past. The quality of such new information is given by 4. If
ra — 0, Al in the model converges to a pure machine learning tool while if y4 — oo, Al’s action
would only depend on its newly generated information and not on historical past data.

It is important to note that the emphasis on prediction versus new information generation
may vary across different tasks. In certain areas such as chess and Go-playing, where the reward
objective and the environment are relatively straightforward and deterministic, or in research set-
tings where Al can explore novel drug combinations in high-dimensional spaces, the generation
of new information by Al could be highly valuable. For instance, the AlphaGo software is able
to significantly improve upon itself through self-play (Silver et al., 2017). Conversely, in a market
context where Al is used to estimate demand of a product in some local markets, prediction based
on past data might play a more significant role. The model accommodates both dimensions. In
the numerical section we attempt to use experimental evidence from Large language models and
image generation Al tools to assess the relative importance of both dimensions in those tasks.

Based on both sources of data, the Al picks an action to maximize the value of the entrepreneur:
WA(Sy, s, Q1) = max E(Aj(ay)|St, s, Q1) (5)
2
The payoff from Al adoption is then given b;:
VA(Sy) = E(WA(St, s, Q1) [Se) — Ry
Here, the superscript A indicates that the entrepreneur has adopted Al for production.
Given the value functions, the agent selects the option that results in the highest ex-ante value:
max{V'(S;, ¢}), V(S1)}

Due to the monotonicity of V!(S;, ¢i) with respect to ¢!, there exists a cutoff value denoted as ¢
such that agents adopt Al only if their individual ¢! exceeds this cutoff. This determines the num-
ber of labor-adopting entrepreneurs, denoted by N;. The number of Al-adopting entrepreneurs is
thus given by N — N;. After production, the entrepreneurs exit the economy and are replaced by
a new group of entrepreneurs in the following period. The timeline is summarized as in Figure 1.
Note that the only inter-period linkage is informational: that past actions become the data that
feed into future versions of Al

Remark on AI-Labor complementarity/substitutability: The relationship between labor and

Al (or more generally, automation) has been an important topic in recent economic research, with

10
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Figure 1: Timeline within a Period

studies suggesting that Al can act as either a complement or a substitute for labor, depending
on the nature of tasks. Al often complements non-routine cognitive tasks and creative work,
while substituting for routine and repetitive tasks that are easier to automate. To focus on the
Al-data tradeoff, this paper adopts an agnostic approach on this issue, assuming that an individ-
ual’s payoff function does not depend on the Al adoption decisions of others. As a result, the
model abstracts from action complementarity or substitutability, to focus on the interactions from
information linkages across agents. Extending the model to integrate rich strategic responses to Al

adoption would be a fruitful avenue for future research.

2.3 Data Generation Process

We now discuss the data generating process and how data points D! are related to economic
fundamental. When an entrepreneur takes an action, a data point is recorded as a noisy signal

about that action:

Di = ai + P, (6)

11



Here, the noise P’ ~ N (0, N/vp) can be interpreted as the information loss in the data collection

process.'?

In our model, we make the assumption that actions are directly observable, while private
information is not. This assumption is commonly found in the social learning literature (see, for
example, Fajgelbaum et al. 2017) and is consistent with real-world observations where companies
consider their data as valuable assets and refrain from sharing it with other entities. For instance,
Facebook’s private data is not directly visible to external parties, but its various business activities
are, allowing outsiders to make partial inferences about the private data held by Facebook.!*

Given this setup, the idiosyncratic data points in a given period can be summarized into the

aggregate means that reflect information generated by human labor and Al, respectively:

1 )
Xl=—Y Di 7)
N ig%
1 .
X = —— Y Di ®)
N - Nt i>N;

Here, N; represents the number of entrepreneurs adopting labor, and hence N — N; is the number

of entrepreneurs adopting Al Thus, the overall information set available for Al at time ¢ is:

Or 1= {St-j, Xi_j, XL }j=125,.., o0 )

24 Equilibrium

We now define an equilibrium. The information equilibrium is competitive in the sense that each
agent is atomic and takes the evolution of aggregate data as given. The data then evolves consis-

tent with each agent’s choices and actions.

Definition 2.1 An information equilibrium, given sequences of exogenous shocks and parameters, con-

. o . . ii=12.N
sists of a sequence of individual decision rules {1',,, a

A At f i oo SEqUence of aggregate labor-adopting

entrepreneurs {Ni},_ ., ., @ sequence of data points {Xg, X{‘}t:_Oo o and a sequence of beliefs

,+

3Following Fajgelbaum et al. (2017), we assume that the precision of these data points D! are inversely proportional
to N. This prevents the signals from being fully revealing as N tends to infinity. This assumption captures the no-
tion that noise persists even with big data due to the increasing complexity of large economies and the challenges of
handling larger datasets with constrained computational power.

4Tn the model we do not allow agents to trade their private information or sell their data in a marketplace. Since
data quality is heterogeneous and perhaps hard to observe in reality, a data market would likely face severe adverse
selection problems, potentially leading to market failure as in Akerlof (1970). We therefore assume away such a market
in the model. Exploring frictional data markets could be a promising direction for future research, see Farboodi and
Veldkamp (2022) for an example of frictionless data market.

12
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3 Characterization

Our focus will be on the limiting case as the number of entrepreneurs in the economy, N, tends to
infinity. In this scenario, the number of labor-adopting agents versus Al-adopting agents becomes

deterministic. The share of labor-adopting entrepreneurs converges to the function F(¢).

N,
ny = ﬁt — F((Pt)

Here, ¢; represents the threshold labor cost above which an entrepreneur would choose to adopt

Al

3.1 A Recursive Structure in Data Quality

To characterize the information equilibrium, we begin by identifying a recursive structure in the
evolution of aggregate data accumulation. Following Farboodi and Veldkamp (2022), we measure

the quality of data by the conditional precision of fundamental given the dataset ();_:
B 1
Var (9,} |Qt—l)

It is worth noting that due to the linear quadratic form of the entrepreneurs’ objective func-

Ve (10)

tions, the only state variable that needs to be tracked is the precision <;, rather than the mean.

13



We now derive a law of motion for v;. To do so, note that the information sets defined in

equation 9 admit the following recursion:
Q= Q1 U{S, X, X (11)
Thus to derive the law of motion for conditional beliefs we just need to see how beliefs evolve

through Sy, X%, and X{‘. We turn now to this task.

3.2 Optimal Actions Human v.s. Al

We now derive the optimal action rules for human labor and for Al Taking the first order condi-
tion with respect to equation 4 and 5, and exploit the quadratic structure of the objective function

(equation 1), we obtain the following lemma for the optimal decision rules:

Lemma 3.1 (Optimal Actions and Endogenous Weight Decay) The optimal action for human labor

depends on the public data and the private data:

al = E(8,]S,,s8) = — 5 5, + VL gL . 12
' (6:1S1,s:”) 75+’YLt 75+7Lt (12)
—_——

Information content in labor action

The optimal decision for Al depends on the public data, historical data, and private data generated by Al:

t (8¢ -1, St,81") 7S+7A+%W 75+7A+7tt ’Ys+7A+'Ytt (49

Information content in Al action

where 7y is given by equation 10 and p; = E (0:|Q);_1) is the conditional mean of 0, given historical dataset.

Moreover, at a steady state (v = v*,n; = n*), the Al's optimal action (equation 13) can be expanded

as:
; V4 : s [ S
altl = —*sf" + -5t + - Y ATL [wsst_r +w X FwaXt |,
Ys+raty Ys+ra+y Ys+ra+7 o
private signal current public signal historical data with exponential decay

(14)
where wg, wy, w4 are the steady-state Kalman innovation weights on the public signal, labor data, and Al
data, respectively, and the weight on each historical signal decays at the geometric rate A = pa € (0,1) per
period. Here p is the persistence of the fundamental and « is the Kalman smoothing weight (the fraction of

information carried forward from the prior rather than obtained from new data).

The optimal actions are a weighted average of those information perceived by human and Al,

where the weights are functions of the different qualities (precision) of those information. For

14



labor, this means taking a weighted average of public data S; and labor-generated data s-'. As
the quality of labor-generated data increases, the action becomes more sensitive to it. For Al, its
optimal action is a weighted average of public information, conditional mean from the historical
data, and some private information. The higher the quality of historical data (denoted by ), the
more weight Al assigns to it, and consequently, less weight is placed on other sources of data,
including Al’s own privately generated data S{’. Note that, because both the public signal and
historical data are already part of the big dataset, the only valuable source of variation for both
human an Al comes from its private information (highlighted in red).

Because of its access to historical data (y;), Al’s action generally depends less on its privately

generated information than labor’s action does:

YA < YL (15)
YSTrYA+YE  YSFTYL

as long as 7y 4 is not significantly greater than ;. While having access to historical data strengthens

Al’s ability to make “better” decisions, it also means that Al’s actions are more reflective of past
events (already recorded in the datasets) and less influenced by the newly-generated information
Al could contribute to aggregate data quality.

An important feature of the model is that the AR(1) structure of fundamentals (equation 2)
endogenously generates exponential weight decay on older information—mirroring the weight-
decay and lookback-window techniques widely used in machine learning practice.'® Equation (14)
in Lemma 3.1 formalizes this: the weight on each historical signal decays at the geometric rate
A = pa € (0,1) per period.

The decay rate A = pa has an intuitive decomposition: p captures the mean-reversion of fun-
damentals (older states are less relevant for predicting 6;), while a < 1 reflects the fact that each
period’s new signals partially supersede the information in the prior, further reducing the weight
on older data.

i

74 s;!, captures genuinely new information that the Al

The first term in equation (14), o

generates independently of historical data. This component is analogous to the novel insights pro-

duced through processes such as reinforcement learning or fine-tuning on proprietary data, where

15Tn machine learning, weight decay refers to downweighting or discarding older training data so that the model
adapts to recent patterns (Krogh and Hertz, 1991; Goodfellow et al., 2016). Common implementations include expo-
nentially decaying learning rates and finite lookback windows; see Loshchilov and Hutter (2019) for a widely-adopted
modern variant.
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Al discovers patterns not previously recorded in existing datasets. Crucially, this is the only term
in the AI’s action that contributes new information to the aggregate dataset (Lemma 3.3). Equa-
tion (14) thus embeds an endogenous exploration—exploitation tradeoff: the private-signal term
represents exploration (novel information), while the historical-data term represents exploitation
(leveraging accumulated knowledge). Data quality ; governs the balance—when 7; is high, Al
shifts weight toward the historical dataset (exploitation); when <; is low, Al relies more on its
private signal (exploration).

Note that, in contrast, human labor’s action (equation 12) depends only on the current-period
signals S; and s-—it involves no historical data component and hence no lookback window. The
exponential decay structure in equation (14) is therefore specific to the Al’s decision rule, arising
precisely because Al, but not human labor, has access to the historical dataset ();_1.

This distinction has two implications. First, the exponential decay is precisely the condition
that preserves the Markov structure of the model: because past signals in the Al’s information
set decay geometrically, the entire history of beliefs can be summarized by the single state vari-
able ;. This provides a tight conceptual bridge between the weight-decay heuristic in machine
learning and the Bayesian information structure in our model. Second, when further restrictions
are imposed Al such as a finite lookback window of T periods, the law of motion for ; acquires
an additional correction term that subtracts the decayed precision of signals dropping out of the
window; this correction vanishes as T — oo because p < 1, yielding the tractable recursive form

in Lemma 3.4. We present the full finite-lookback derivation in Appendix C.

3.3 Data Generation

We now turn to data generation, holding fixed the relative share of Al and labor adoption.

The labor signal X: given the optimal action rule derived in lemma 3.1, the human action

generates a data point:

. . . L . .
Di=git+ePi= 15 g4 L cLiy cDi
s+ L s+ L
Public Info. Idiosyncratic Info.

Since S; is publically known, observing D! is equivalent to observing the idiosyncratic part
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M GLi o ¢Di which : o .16
TSt T €f', which is equivalent to the following signal of the fundamental 6;:

0+l 4 LT TLDI
Summing up all the data points for human-generated data (equation 7):

1 Ni ) .
xl = — <9t ek ISTL e?l)
Nt i=1 r)/L

which follows a normal distribution and has a mean equal to the fundamental 6;, as all other noise
terms have means equal to zero.

Taking the number of entrepreneurs N to oo, we obtain the following result:

Lemma 3.2 The information contents in human production activities can be summarized in X! which is

2
an unbiased signal of the fundamental 6, with precision n; ( 'YS’Z/FL'YL) YD-

The quality (or precision) of the signal is affected by the share 7;, as a larger share of labor increases

2
the amount of information generated by labor. The term (7515” ) reflects how agents” actions are

weighted between the public data and the privately generated data. Since the public signal is ob-

served by everyone, only the portion of the variation in actions that stems from the private signal

(captured by 'YS’E'YL , see equation 12) contributes additional information to the overall dataset.

The Al signal X{: given the optimal action rule derived in lemma 3.1, the Al action generates

the following data point:

Di = gi +¢Di — s S, + vt 4 A Al 4 ¢Di.
T T Aty At Aty
Public Info. Dataset Info. Idiosyncratic Info.

which is a weighted average of the public signal S;, the information in the big dataset (summarized
by the conditional mean ), and the private information generated by Al s/ (and observed by
others with a noise ¢P’). Given that the public signal and datasets are observable by all, only the
part of the variations in actions that comes from the Al-generated private signal contributes and

enhances the overall quality of the dataset. Hence we have:
Lemma 3.3 The information contents in Al production activities can be summarized in X{* which is a
2
. . . . . ’Y
biased signal of 6; with precision (1 — n;) (W?ﬁ%) YD-

The precision of the signal is influenced by the Al adoption share 1 — n;, as greater adoption

2
~ . YA y .
leads to more Al-generated data. The middle term (775 T %> reflects how agents’ actions put

16 ; ; ; idi ; Y Jli Di Ys+rL in li L st Di ;
To obtain this, multiply the 1dlosyncr;litlc part s i +ef by =5, and we obtain s bt B bep !. The signal
[

expression can be obtain by noticing that s}’ = 8; + slti (equation 3).
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certain weight on the public data and historical data, and those variations in actions do not add
new information beyond what is already integrated in the aggregate data. Hence, the only valu-

able source of information one can extract from AI’ action comes from the variation due to its

YA

privately-generated data, to which the Al's action optimally assigns a weight of ——"—.

Comparing Lemma 3.2 and Lemma 3.3, it is clear that the relative quality of human- and Al-
generated data depend on two aspects. First, it depends on the relative shares of labor n; and Al

adoption 1 — n;. Second, it depends on how much weight each type assigns to privately generated

2 2
. . . ’)/ . . . ")/ . P .
data. For labor, this weight is ( s JFLWL> , while for Al, it is ( WQ}JWJ . Given a positive 7, it
is clear that Al generally assigns a lower weight compared to labor if the quality of the privately
generated data is similar. This reflects the fact that Al can leverage large datasets from past actions,

which dilutes the impact of the private signal on Al’s actions.

Corollary 3.1 Al-generated data contains less valuable information than human-generated data, provided

the quality of Al's privately generated data is not significantly greater than that of human-generated data.

3.4 The Evolution of Information and the Data Corruption Channel

We now derive the law of motion of the stock of knowledge ;. Utilizing the recursion (equation

11), we have:
Var (6;|Q%) = Var <9t]Qt_1,St,X§,XtA)

From lemma 3.2 and 3.3, we obtain the law of motion for ;:

Lemma 3.4 Given vy; and ny, 741 is given by:
1

= Var (0p41|%)
Yi+1

’ 1

2 2
YL YA
+ +n +(1—n) [ —2——
Jj’ \’st/ t('YS""YL) 0+ ( 2 (75+7A+%> &

prec. of X! prec. of XA

1
_ + (16
Y %( )

prec. of Q41 prec. of S

where the four components in the denominator capture the information content in (3;_1, S¢, Xf
and X7 respectively. Note that this is a partial equilibrium result in the sense that the share of
labor-adopting entrepreneurs 7; is holding fixed. It is nonetheless useful for us to understand how

n; could affect knowledge accumulation. We now analyze what happens to aggregate information
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quality ;41 when we change the relative composition of Al and human (i.e. varying the value of

nt):

Theorem 3.1 Holding fixed current data quality <y;, an increase in Al adoption (lower n;) leads to lower
data quality in the future (lower 7y;+1) if and only if the relative quality of information generated by Al is

not too much higher than that generated by labor:

Ja Xt (17)
YL rs

proof: It can be observed from equation 16 that perturbations of n; affect ;;1 through the relative

magnitude of (751&“ )2 vp and (ﬁ) ’ ¥p- If the former is greater than the latter, a decrease
in ny leads to a decrease in ;1. Simplifying this condition yields equation 17.

This theorem presents the key result of the paper: with increased Al adoption, the overall
quality of the data can decline, as a larger share of Al-generated data corrupts the dataset. This
data corruption channel is present when the quality of Al-generated data, relative to human-
generated data, is sufficiently low.

A perhaps unexpected implication of the theorem arises when the quality of private informa-
tion produced by both Al and humans is identical, i.e., 71 = 4. In this case, greater Al usage
could harm future data quality, as Condition 17 holds. But why would this occur if Al and hu-
mans generate private information of equal quality? In the context of social learning, agents infer
information from others” actions, which are noisy reflections of their privately-generated infor-
mation, as they also respond to other data sources. Human actions are influenced by the public
signal S;, while Al actions are predominantly influenced by historical data ();_; in addition to the
public signal S;. Since Al processes more diverse data sources, it places less emphasis on its own
privately-generated data than humans do. Consequently, Al activities contribute less valuable
information to the aggregate data quality compared to human activities.

Another interesting implication of this theorem is that the lower the public uncertainty (higher
7s), the lower the value on the right hand side of equation 17, hence the more likely that Al can
increase the quality of aggregate data.

One can also show that higher quality historical data may impede further data quality im-
provement. From Condition 17, it is clear that the higher the quality of historical data, (i.e., higher

7t), the larger the value on the right-hand side of equation 17, suggesting that the adoption of Al
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is more likely to impede data quality improvement. This occurs because higher «; values lead Al
to rely more on historical data, placing less weight on its own signal generation, thus contributing
less new information to aggregate data quality. In cases where prior data quality is very high, Al
adoption offers great returns. In such a situation, we can expect a surge in Al adoption, which
may suppress long-term data quality.

We now close the model by solving for the equilibrium value of #; based on individual opti-

mality conditions.

3.5 Closing the Model: Endogenizing n;

Since each agent’s optimal action equals the conditional expectation of 6;, the expected payoffs

under labor and Al production reduce to:

. _ 1 .

V() =A- -k (18)
_ 1

A =A—-— R 19

(’Yt) Yot 7A Tt e t (19)

The payoff difference reflects the informational advantage of Al (access to ();_1) against its cost

R;. Equalizing the two payoffs yields the adoption threshold:
1 1
t+ - .
Ystvet+ra Ys+L
This equation, together with the equation characterizing the dynamic evolution of information,

¢t (1) =R

pins down the information equilibrium in this model:

Theorem 3.2 The equilibrium of the model is unique. The dynamics of the model is fully characterized by
the following system:

1 1 1

2
T ity () (ﬁ) 7o+ (1 =n (7)) (ﬁ) o

where the share of labor-adopting entrepreneurs is given by:

1 1
n = F D - F R + - > ’
¢ (7t) (@t (7t)) ( Tastrtra 15t

where F(.) is the cumulative distribution function for the labor cost and Ry is the cost of Al in period t.

Note that the data quality parameter ; appears in three different locations within the law of

motion equation 20. Firstly, it embodies information passed down from previous periods. Sec-
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Law of Motion for Data Quality
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Figure 2: Law of Motion and Policy Functions. Left panel: the law of motion ;11 (7;) for data
quality under baseline parameters. Right panel: the AI adoption share 1 — n; as a function of
current data quality ;. Parameters: p = 0.95, ys = 0.05, yp = 0.1, v, = 0.1, y4 = 0.1, 7, = 0.5,
Ry = 3.68. F follows a log-normal distribution.

ondly, it influences the equilibrium level of Al adoption represented by 1 — n;. Lastly, it also
impacts the information generated through Al-associated activities because it alters the relative
weight Al places on its privately-produced signal.

Figure 2 plots the equilibrium functions, including the law of motion for ; and the Al adoption

share as a function of 7;.!”

The left panel displays the law of motion for 7, which exhibits a
non-linear trend, starting with an increase and then a decrease. The initial increase is due to
more information from the past implying more information for the future, which is the standard
information transmission effect. The decreasing part indicates that an abundance of information
encourages greater Al adoption (as illustrated in the right panel). Increased Al adoption can, in
turn, reduce the quality of aggregate data.'®

When y4 — oo, the model simplifies to one where the relative productivity of Al and labor is

constant and independent of <y, similar to Acemoglu and Restrepo (2018).'?

17Parameters used: p=0.959s =0.059p =0.1,7, =0.1,74 = 0.1,7; = 0.5, R; = 3.68,Vt. The function F follows
a log normal distribution with a mean of -2 and a standard deviation of 2.

181t is true in this numerical example where ;=7 4. This satisfies the condition in Theorem 3.1 and hence more Al
adoption hurts data quality.

1n this limit, Al perfectly predicts 6; using only its private signal, achieving productivity A. Labor productivity

equals A — Wler -7 so the relative productivity ratio (A — )/ A is a constant.

1
Ys+rL
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Theorem 3.3 When historical datasets are useful: vy; > 0 and the relative quality of Al v.s. human signal
satisfies:

’YL—’Yt<’)’7A<’YS+')’t’ (21)
L TL s
Al is more productive than humans, but its action generates data of lower quality.

The interval in Condition 21 is non-empty: the lower bound is less than 1 (and negative when
vt > 1), while the upper bound exceeds 1. The lower bound captures that Al’s access to the
historical dataset ();_; compensates for a weaker private signal, so Al can be more productive
than humans even when y4 < 7. The upper bound ensures that Al-generated data is less infor-
mative than human-generated data: because Al relies heavily on the historical dataset, its actions
reveal less new information.?’ Above this upper bound, Al is both more productive and generates
higher-quality data.

As the historical dataset improves (higher 7;), the interval in Condition 21 widens: the lower
bound falls and the upper bound rises. Intuitively, a richer dataset lets Al “free-ride” on accumu-
lated knowledge—it can make accurate predictions without generating much new information of
its own. This is because Al’s action primarily reflects what it extracts from the historical dataset
);_1, so observers of Al’s action learn little beyond what the dataset already contains. The better
the dataset, the stronger this effect: Al becomes more productive, but its actions become less in-
formative. This tension—between Al’s productivity gain and its data quality loss—is the central

mechanism driving the model’s dynamics.

3.6 Model Dynamics

Due to the interaction between Al adoption and data quality, the model displays rich dynamics
over time. Depending on the relative quality of Al v.s. human data, we divide the analysis into
the following three cases:

Case 1: high quality Al-generated data

In this case multiple steady states with different levels of aggregate data quality can arise.

When data quality is low, Al is not very productive relative to humans, hence Al adoption is low

20Tt is important to distinguish between the Al signal 4, which measures the quality of information privately gen-
erated by Al, and Al-generated data, which is the observable information inferred from AI actions. The latter depends
on how much weight Al places on its private signal versus the historical dataset.
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Figure 3: Model Dynamics: Multiplicity, Stability, and Cyclicality. Top row: law of motion
Yt+1(7¢) under three cases—high-quality Al data (left, y4 > 1), equal quality (Y4 = yr, middle),
and low-quality Al data (y4 = 0.1vr, right). Bottom row: corresponding transition dynamics of
data quality ; over time. Multiple steady states arise when Al data quality is high; a unique stable
steady state obtains when qualities are similar; endogenous cycles emerge when Al data quality
is low.
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and therefore almost all new data are generated by humans and thus, by assumption, of lower
quality. This confirms the low aggregate data quality in this steady state. When the initial data
quality is high, on the other hand, Al productivity is high, leading to many agents to switch to
Al This creates high-quality Al-generated data, which confirms the initial high data quality in

equilibrium. The law of motion for data quality is depicted in the top left panel of Figure 3.

Theorem 3.4 Given that ys > 0 and y4 — oo, the dynamic system in Theorem 3.2 admits at least two
steady states for a sufficiently compressed labor cost distribution F(.). In those two steady states, the steady

state with high data quality is associated with a high Al adoption rate.

In this case the equilibrium feedback loop between Al adoption and data quality is strongly
positive: higher Al adoption leads to higher overall data quality, which leads to even greater share
of Al adoption. This means that the derivative 7;.1(7y:) has a steep and positive slope around the
middle steady state (see top left panel) and hence multiple steady states can arise.

The multiplicity suggests certain fragility when Al data is of much higher quality compared
to human-generated data. This is illustrated in the bottom left panel of Figure 3: small variations
in the initial condition of the model can create vastly different outcome over the long run, as they
may converge to different steady states.

An AlphaGo Experiment: How Explosive Growth Happens

A natural application of this situation would be where Al-generated data is far superior in
quality compared to human-generated data. The game of Go would be a natural candidate as
the quality of Al can improve through self-play (using data generated by playing against itself).
We start by parameterizing the model. We perceive relatively little fundamental uncertainty, as
the reward system and objective function of those games are relatively deterministic compared
to other real-world tasks which often involve greater uncertainty. We thus set p = 0.999, and
vy = 10, indicating that the fundamental (optimal solution) hardly moves over time. Further
increasing the value of p does not affect the simulation results. We then set the quality of the
public information to be relatively low to capture that little is known (a priori) about the optimal
solution: s = 0.01. We also assume that Al-generated data can be highly useful in this setting,
so that the quality of Al-generated data is 100 times more valuable than those generated by labor:

7a = 1and 1 = 0.01. Finally, we set yp = 10 so that it is relatively easy to record data into the
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database for the training of AL

The resulting law of motion for data quality is displayed as the red solid line in the top left
panel of Figure 4. One can see that the model displays multiple steady states: a low steady state
where no Al is adopted, and a high steady state with 100 percent Al adoption.

We now simulate the model assuming that the world starts at the low steady state with zero
Al adoption, which captures the long-held belief before AlphaGo emerged that a computer can
never defeat a human player in the game of go. We consider a shock that reduces the cost of Al
(R¢) by 5% in period 20. Such a reduction in cost shifts the law of motion for data quality up from
the red solid line to the yellow dashed line (see top left panel of Figure 4), and the low steady state
disappears as a result. The equilibrium thus starts to transit to the high steady state. During this
transition, the share of Al-generated data increases dramatically from 0 percent to 100 percent.
This is consistent with the transition from AlphaGo (which still uses human inputs for training)
to AlphaGo Zero, where all data input is generated by itself. As a result, aggregate data quality
improves and Al productivity also increases dramatically within a relatively short time frame,
which is consistent with the AlphaGo project, which was formed in 2014 and improved massively
in a relatively short time, beating Lee Sedol in 2016 and world champion Ke Jie in 2017. Although
framed in the context of Go-playing, the numerical example aims to capture something more gen-
eral: rapid economic growth and productivity improvement where Al can "self-improve" through
generating and consuming high-quality data. The explosive growth is similar to some types of the
transformative technological progress such as those discussed in Trammell and Korinek (2023).

Case 2: Similar quality Al-generated data compared to human-generated data

In this case it is assumed that y4 = 7. This implies that shifts in the share of Al adoption
would not have a significant impact on overall data quality because the loadings on new informa-
tion are not so much different across humans and AL2! In such a case the equilibrium feedback
loop between Al adoption and data quality is weak, and does not significantly affect the aggre-
gate law of motion for ;. Hence the model displays stability with global convergence to a unique
steady state, as in a standard model of Bayesian learning. Results are displayed in the middle

panel of Figure 3.

2lThe loadings of actions on private information won’t be exactly the same between Al and human, but they are not
so much different in this case.

25



Law of Motion Data Quality Over Time
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Figure 4: Model Dynamics: The AlphaGo Experiment. A 5% reduction in Al cost at t = 20
triggers a transition from zero to full Al adoption. Top-left: the law of motion shifts from the
solid red line (pre-shock) to the dashed yellow line (post-shock), eliminating the low steady state.
Top-right: Al adoption jumps from 0% to 100%. Bottom panels: data quality and Al productivity
increase sharply. Parameters: p = 0.999, vs = 0.01, y4 = 1, v, = 0.01, 7p = 10, 7, = 10.
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Case 3: Low quality Al-generated data

In this case we set 74 to be 10 percent of 7, suggesting that Al-generated data is of lower
quality than labor. In this case, endogenous cycles can arise: higher data quality today leads to
higher AI productivity and hence more Al adoption. This creates more low-quality Al-generated
data and leads to lower overall data quality in the future. Thus the aggregate law of motion for 7;
can take a negative slope (top right panel of Figure 3).

One can formally see the negative slope by examining the dynamic equation in Theorem 3.1
in the special case where y4 — 0. In this case, Al is a pure machine learning tool and thus Al-
generated data does not contribute to improvements in overall data quality. The law of motion for
data becomes:

1 ) 1 1

P 2
T Ve T +ys e d (1) (ﬁ) D T

An increase in 7; has a direct positive impact on 7,1 but a negative impact through 7n; because

there is less fresh data generated through human production. The negative impact overpowers
the positive direct effect if the derivative of n’(.) is sufficiently large. This is guaranteed by a

sufficiently compressed distribution of labor cost.

Theorem 3.5 Given that y4 — 0, the law of motion for <y is downward slope at the steady state for a

sufficiently compressed labor cost distribution.

The implication of the downward-sloping law of motion is that it leads to endogenous cycles in
both data quality and Al adoption. This is shown in the bottom right panel of Figure 3, where the
economy bounces around situations with high data quality and low data quality. The Al adoption
rate would also exhibit similar oscillation as the Al adoption rate is a monotonic function of overall
data quality 7.

The model can deliver rich dynamics depending on the quality of Al-generated data compared
to human data.”? We now attempt to quantify this critical aspect of the model using experimental

evidence from the computer science literature.

22The sensitivity of adoption to data quality is amplified if production costs depend on task complexity. Suppose
Cﬁ; = @i+ K{{]E[(Gt —all)?]and C{* = Ry + x4 E[(6; — a})?], where kg, k4 > 0. The adoption cutoff becomes ¢; = R; +
+x +x
TorreiTA T st
larger in magnitude, so n¢(7¢) responds more strongly to changes in data quality. This amplifies both the boom phase

(more aggressive Al adoption when ; is high) and the correction phase (sharper pullback when +; falls), but preserves
the qualitative structure of the model.

. When x4 > xpy—reflecting that Al excels at information-intensive tasks—the derivative d; /97y is
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4 Quantification of Data Quality in Generative Tasks

We now quantify the model in the context of tasks conducted by the current version of generative

Al Those tasks include producing a variety of novel content, such as images, video, music, speech,

text, software code and product designs. The key aspect of the calibration is to discipline the

relative quality of information generated by Al vs. human: T4 in those tasks, which will play a
T

crucial role in determining model dynamics. We will now discuss the evidence to inform this

aspect of the model.

4.1 FID Score and Fully Synthetic Loop

We consult the computer science literature for how to measure the quality of information pro-
duced by Al A crucial metric in this assessment is the Fréchet Inception Distance (FID), a popular
measure that gauges the similarity between outputs from a generative model and the data used
to train it. Mathematically the FID score calculates the distance between two probability distri-
butions. In practice, it effectively compares the empirical distribution of real data (e.g. images)
with the synthetic distribution produced by Al A lower FID score indicates a closer resemblance
between these two distributions, and higher quality of Al. The FID score can be thought of as a
loss function—where a higher score reflects lower Al quality.

We first calculate the FID score between the true value of fundamental 6; and its conditional
distribution given the information available to Al, ();_;. Given that both distributions are nor-
mally distributed, we apply a specific formula for the FID score adapted to (single dimensional)
normal distributions (Dowson and Landau, 1982), where the distance between two normal distri-

butions with means iy, Hy and standard deviations oy, 0y is calculated as:

(1x = py)* + (0% — 0y)?
We determine the average FID score in the model by averaging across a large panel of simula-
tions. The reason for running the simulation is that the mean of the probability distributions
could change due to exogenous shocks. By averaging across a large panel of simulations we can
wash out the noises and obtain a robust measure of Al performance.
As discussed in the introduction, the emerging computer science literature on data corruption

consistently finds that increasing reliance on synthetic data generated by Al can degrade data

28



Generative Generative Generative

Hur.nfar'l Al models Al models Al models
Activities ————————  (1stgen) _— (2Mgen) ————— (3¢gen) U7

Real Data Synthetic Data Synthetic Data

Figure 5: Fully Synthetic Loops. Illustration of the iterative training process: an initial Al model is
trained on real (human-generated) data, and each subsequent generation is trained exclusively on
synthetic data produced by the preceding generation. This methodology is used in the computer
science literature to measure data quality degradation.

quality. In this literature the general methodology involves training generative Al software with
real-world data and then using the synthetic data it produces to train subsequent Al generations,
creating "fully synthetic loops." This process, illustrated in Figure 5, repeats over several iterations,
with each Al generation being trained exclusively on synthetic data produced by the preceding
generation (Alemohammad et al., 2023).

The key finding from those studies is that the FID score tends to increase with each iteration of
tull synthetic loops, suggesting a decline in Al-generated data quality. For instance, Alemoham-
mad et al. (2023, see their figure 8) observed over 400% increase in FID scores during full synthetic
loops. Martinez et al. (2023, see their figure 3(c)) note a rise of over 700%, and Bohacek and Farid
(2023, figure 2) find an approximately 300% increase throughout full synthetic loops in the most
recent study.

We argue that this pattern of increasing FID scores across synthetic loops can help identify
a key parameter in our information model: the relative quality of information produced by Al
compared to humans. Figure 6 demonstrates this by showing the relationship between the quality
of Al-generated information and the FID score’s trajectory, with a steeper increase in FID score
implying faster deterioration of data quality. One can easily see that the lower the quality of infor-
mation provided by Al, the more the FID score increases during full synthetic loops. Thus, faster
growth of the FID score indicates lower quality of information provided by Al In the calibration

we thus match the most conservative estimate of the FID score increase provided by Bohacek and
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Farid (2023), which is 300%. This provides an upper bound for the relative information quality of
Al and even at this upper bound the calibration indicates that the relative quality of information
provided by Al is only 8% of that by human.

Our calibration results imply that Al contributes minimally to the generation of new informa-
tion or knowledge beyond what is already encapsulated within the aggregate dataset. This finding
aligns with the perspective that the current version of generative Al fundamentally operates as a
machine learning tool, which extrapolates predictions and insights based on pre-existing data and
historical information. Consequently, while AI may surpass human capabilities in terms of pro-
ductivity, this advantage does not translate into significant enhancements in the overall quality of
the aggregated data. This suggests that the value added by Al in the context of generating novel
insights or improving the informational quality of the dataset is limited. It underscores the notion
that Al’s primary function remains within optimizing and analyzing existing information rather

than contributing original knowledge or fundamentally novel insights to the dataset.

4.2 Calibration of Other Parameters

We now describe how the remaining parameters are calibrated, beginning with the calibration of
the fundamental process as defined in equation 2. The calibration is based on the autocorrelation
and standard deviation of the logarithm of output, resulting in standard parameter values: p =
0.99 and 7y, = 1/(0.055)%.> We set the standard deviation of investment cost to 0.0155, following
Fajgelbaum et al. (2017). The mean of the cost distribution is not separately identified from the Al
adoption cost R, and is therefore normalized to 0.

Next, we address the calibration of information parameters: y4, L, vp, and ys. According
to equation 17, it’s important to note that the absolute values of 4 and <, are not as critical as
their ratio, which determines the quantitative strength of the data corruption channel. Hence, we
normalize the precision of the labor signal to v, = 100, making the precision of the Al signal ¢4
a direct indicator of relative information quality. As discussed in section 4.1 and based on the
experimental findings by Bohacek and Farid (2023) showing that the FID score increases by 300%

over a full synthetic loop, we set y4 = 8.

23This implies that the standard deviation of the innovation 7; is 0.055, consistent with those used in existing litera-
ture.

30



300

FID Score in the Model for Full Synthetic Loops
T T T T T

T T T
41, = 8% (benchmark)
280 || —=—" 0%

260

240

220 -

FID Score (Normalized, Percent)
S
3

I I I I I I I I I
1 2 3 4 5 6 7 8 9 10 1"
Iteration

Figure 6: FID Score in the Model for Full Synthetic Loops. Each line corresponds to a different
value of Al signal quality 74, showing how the FID score increases across synthetic loop itera-
tions. Lower 4 produces steeper FID growth, indicating faster quality degradation. The calibra-
tion matches the 300% FID increase documented by Bohacek and Farid (2023), yielding y4 = 8
(approximately 8% of 71, = 100).

For vp, which measures the information loss during the data collection process (indicating that
data in our model merely serves as a noisy mirror of past economic activities as seen in equation
6), we calibrate it to match the initial data quality observed in the full synthetic loop 5. The initial
quality of the dataset, trained by humans and assessed using the FID score, is established at 90 by
Bohacek and Farid (2023). Aiming to match this value leads us to set yp = 35.

Lastly, we assign s = 0 due to the absence of additional targets for measuring the precision of
public signals. However, in Appendix E.2, we conduct a sensitivity analysis to evaluate the impact
of a higher s value on our findings. We find that our results do not change with a changing
precision of public signal, as long as the model is recalibrated to match the evolution of FID score

during full synthetic loops as shown in Section 4.1.

4.3 Quantitative Results: the ChatGPT Experiment

We will now describe the experiment designed to evaluate the long-run effects of AI adoption,
termed the "ChatGPT" experiment. This experiment begins in a hypothetical world at time t =
1, where Al technology is either nonexistent or the costs associated with its adoption are pro-
hibitively high (e.g. Rg — o0). We then examine the model dynamics following a negative shock
in period t = 2, which reduces the cost of Al to R;. The cost stays constant after this period. This

scenario could be interpreted as a significant technological breakthrough, such as the introduction
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Figure 7: Model Dynamics: The ChatGPT Experiment. Top-left: a one-time permanent reduction
in AI cost R;. Top-right: the share of Al-adopting firms rises to nearly 100% before partially
reversing to approximately 75%, reflecting data corruption. Bottom-left: aggregate data quality
¢ declines over time as Al-generated data accumulates. Bottom-right: Al’s relative productivity
advantage erodes. Parameters calibrated to the ChatGPT era using FID scores from the computer
science literature (see Section 4).

of ChatGPT, which substantially lowers the barriers to Al accessibility and affordability.

Figure 7 displays the model dynamics. The top left panel plots the one-time permanent reduc-
tion in the cost of Al Following this exogenous cost reduction, we analyze the model dynamics
according to equation 20. The top right panel shows a rapid increase in the proportion of firms
adopting Al, nearly reaching 100% before settling back to approximately 75%. This initial surge
and subsequent decline highlight the impact of the data corruption channel: the reduced costs
encourage widespread Al adoption, which in turn hurts the aggregate data quality, mitigating the

advantages of adopting Al technology. The bottom left panel tracks the decline in aggregate data
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Figure 8: Equilibrium Functions Under Varying AI Costs. Left: the law of motion 41 ()
under high Al costs (yellow) and low Al costs (red). The downward shift shows that lower Al
costs reduce long-run data quality. Right: the corresponding Al adoption share. When y4 = 71,
the law of motion shifts moderately.

quality over time (7¢), a direct consequence of increased reliance on Al, which, as illustrated in
the bottom right panel, leads to a reduction in Al’s relative productivity and, consequently, its
attractiveness.?* This experiment suggests that the labor displacement effects observed with the
introduction of Al may partially reverse over time. This reversion effect could be significant, as
demonstrated in this numerical example.

Figure 8 compares equilibrium functions under varying Al costs. The information law of mo-
tion when Al costs are high (represented by the yellow line) is located above that when the costs
are low (indicated by the red line). Hence, if we begin with a steady state characterized by high
costs of Al, following exogenous shocks that reduce the Al costs, the equilibrium information
quality would gradually diminish over time and converge to the low steady state associated with

lower costs of Al

24The relative productivity of Al is calculated as the percentage differences in expected ex-post payoffs between Al
adoption and labor adoption. Specifically it is equal to:

VAR — E(V(¢"))
E(Vi(¢1))

where VA(R;) and V(¢! ) are ex-post payoffs and are given by equation 19 and 18. The expectation is taken over
idiosyncratic labor costs ¢'.
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We conduct two robustness checks in Appendix E.1 and E.2. First, a counterfactual experiment
with equal information quality (y4 = 1) confirms that the 30% reversal in labor displacement is
entirely attributable to the data corruption channel. Second, varying the precision of the public
signal s does not fundamentally change the data corruption channel’s magnitude once the model

is recalibrated to match FID score evidence.

4.4 Review of Evidence from Computer Science

The model’s key prediction—that increased Al adoption degrades data quality and reduces future
Al productivity—finds substantial support in recent computer science research (see Table 1 for a
summary). Multiple studies document “model collapse”: when Al models are recursively trained
on Al-generated data, output quality progressively deteriorates. Alemohammad et al. (2023) finds
that generative image models trained on synthetic data amplify artifacts, leading to declining
precision and diversity. Shumailov et al. (2024) shows that recursive training on model-generated
content produces “irreversible defects,” a finding that extends beyond large language models to
other Al architectures. Additional studies confirm these patterns across different contexts and Al
systems (Guo et al., 2023; Doshi and Hauser, 2024; Briesch et al., 2023).

There is also evidence that generative Al crowds out human-generated content. Rio-Chanona
et al. (2023) finds that the launch of ChatGPT is associated with a 16% decrease in weekly contri-
butions to Stack Overflow, while Brooks et al. (2024) documents increasing Al-generated content
on Wikipedia. This crowding-out effect reinforces the data corruption channel: as Al displaces
human content creators, the composition of training data shifts further toward lower-quality Al-
generated content.

A caveat is that our calibration is specific to generative Al tasks, and the ratio v 4/ is likely

to vary substantially across domains:

* Image generation: This is the domain with the strongest and most direct evidence, which
our calibration directly targets. Bohacek and Farid (2023) report approximately 300% FID
increases in synthetic training loops, Alemohammad et al. (2023) find over 400%, and similar
patterns are confirmed in Briesch et al. (2023). Our calibration targets the most conservative

of these estimates.
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¢ Text and natural language processing: Shumailov et al. (2024) document “model collapse”
in language models iteratively trained on their own output, with progressive loss of distri-
butional tails and linguistic diversity. The rate of degradation varies with corpus diversity
and task specificity, but the qualitative pattern of quality loss is robust across architectures

(Alemohammad et al., 2023).

¢ Code generation: The theoretical mechanism of model collapse applies in principle (Shu-
mailov et al., 2024; Gerstgrasser et al., 2024), and industry evidence already points in this di-
rection: Harding (2024) documents that code churn has doubled and refactoring rates have
halved since the widespread adoption of Al coding assistants. The degradation may be
slower than in image generation due to the more structured nature of programming lan-

guages, but the feedback loop is qualitatively similar.

¢ Scientific discovery and other domains: In settings where Al explores combinatorial spaces
that humans cannot efficiently search—such as protein structure prediction (Jumper et al.,
2021) and materials discovery (Merchant et al., 2023)—AI may contribute genuinely novel
information, suggesting y 4 /1 could be substantially higher. Our model accommodates this
through the condition in Theorem 3.1: when 4 is sufficiently high, Al adoption improves

rather than degrades data quality, and the data corruption concern does not apply.

Our results should therefore be interpreted as highlighting an interdisciplinary approach for
combining economic models with computer science evidence in the context of generative con-
tent production, rather than as universally applicable across all Al applications. Moreover, recent
advances in reasoning-capable Al systems—such as OpenAl’s o-series models and DeepSeek-R1,
which employ chain-of-thought reasoning and reinforcement learning—suggest that 4 may be
rising over time as Al develops the capacity to generate genuinely novel insights rather than
merely recombining patterns from historical data. If this trend continues, the data corruption
concern may eventually diminish for tasks where reasoning models are deployed. A quantita-
tive model that jointly captures cross-domain heterogeneity in y 4 /1, endogenous technological
progress, and the long-run accumulation of Al-generated data is beyond the scope of this paper,
but our framework provides the building blocks for such an analysis, and identifies key theoretic

conditions for model dynamics.
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5 The Supply Side of Al

The preceding analysis treats the cost of Al adoption R; as an exogenous parameter. In practice,
the AI industry is highly concentrated: a small number of firms control the development and
deployment of frontier Al models.?® If those providers set prices strategically, market power af-
fects not only current adoption but also the future evolution of data quality. This section therefore
endogenizes R; and studies how competition, Cournot pricing, and forward-looking monopoly

interact with the Al-data feedback loop.

5.1 Demand for Al Services

The adoption decision characterized in the previous sections implies a downward-sloping de-
mand curve for Al services. Recall that entrepreneur i adopts Al if and only if her idiosyn-
cratic labor cost ¢! exceeds the threshold ¢; derived in Section 3.5. The aggregate demand for

Al services—the fraction of entrepreneurs who adopt Al—is therefore

1 1
D(Ry, =1-nm=1-F(R¢+ - ) 22
(Re, 7t) t < t st At st (22)
Since F is increasing, demand is strictly decreasing in R;: a higher Al price reduces adoption.

Moreover, demand is increasing in data quality ;: higher data quality raises Al productivity,

making Al more attractive relative to labor.

5.2 Competitive Benchmark

Under perfect competition among Al providers, the equilibrium price equals marginal cost:
Rt = Ct. (23)
This is the benchmark implicitly assumed in the previous sections, where R; was treated as ex-

ogenous. Under perfect competition, Al providers earn zero profit and all surplus accrues to

entrepreneurs. The data quality dynamics are governed by the law of motion in Theorem 3.2 with

. . _ 1 _ 1
the adoption share determined by n; = F (Ct + AT T e )

25 As of 2024, the frontier AI market is dominated by a handful of firms—including OpenAl, Google DeepMind,
Anthropic, and Meta Al—with significant barriers to entry arising from the enormous computational and data require-
ments of training large models.
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5.3 Static Imperfect Competition

We now consider quantity (Cournot) competition among N > 1 symmetric Al providers, each
producing at constant marginal cost c;. Each firm takes the quantities of its competitors as given
and chooses its own quantity to maximize current-period profit. In the symmetric Nash equi-
librium, the first-order condition yields the standard Cournot markup (see Appendix A.1 for a

derivation):

1—F(¢1)
Ri—ct = (24)

N f(¢:)
where f denotes the density of the labor cost distribution F. The markup is the ratio of demand
to the slope of demand, scaled by the number of competitors N. As N — oo, the markup vanishes

and we recover the competitive benchmark R; = ¢;.

When N = 1, the market is served by a single monopolist with markup

__1-—F(¢)
Rt Ct = f(gbt> . (25)

The per-period profit of each firm is 77y = (R — ¢¢) - [1 — F(¢¢)]/ N, which in the monopoly case
(N = 1) becomes 71; = (R; —¢;) - [1 — F($:)]. Note that the Cournot firms in this subsection are
myopic: they maximize current-period profit without considering how their pricing affects future

data quality. We relax this assumption next.

5.4 Dynamic Monopoly

A key feature of our model is that Al adoption today affects data quality tomorrow, which in
turn determines future Al productivity and demand. A forward-looking monopolist—one who
recognizes this intertemporal linkage—has an incentive to manage data quality as a strategic asset.
We now characterize the pricing behavior of such a monopolist.

The monopolist chooses a sequence of Al prices {R;}{°, to maximize the present value of prof-
its, taking into account that current pricing affects future data quality and hence future demand.

Given data quality v, the adoption threshold is

_ 1 1
¢r = Rt + - ,
Ys+va+r  Ys+UL

so that n; = F(¢;) firms use human labor and 1 — n; adopt AL Per-period monopoly profit 7; is

as defined in Section 5.3. Data quality evolves according to the law of motion (20). The dynamic
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monopolist’s problem is:

M(y:) = max {7 + p M(7t41) } (26)
t
subject to the law of motion for 7,41 (equation 20) with n; = F({;), where B € [0,1) is the monop-
olist’s discount factor.

The first-order condition is:

7T 9Yt41
— M . =0. 27
a Rt + IB (’Yf +1 ) a Rt 0 ( )
~—~— <
static profit dynamic data-quality effect

Expanding the static profit term:

[1- (o) = (R =) f(91) + BM () 2222 - [~ f(g)] =0, @)
where ag—zl captures the marginal effect of shifting one firm from AI to human labor on next-
period data quality. Under data corruption, this derivative is positive: more human labor im-
proves data quality.

The first term in (27) is the standard monopoly tradeoff between higher margins and lower
volume. The second term reflects the monopolist’s forward-looking incentive: raising R; reduces
AI adoption, which—under data corruption—improves future data quality (0y;41/9dR; > 0) and
hence future demand and profits (M'(y;+1) > 0). Thus, the dynamic monopolist charges a higher
price than the myopic (static) monopolist, further restricting Al adoption to protect the value
of future data. This adds an aggregate-level dimension to the exploration—exploitation tradeoff
identified in Section 2: while Lemma 3.1 describes how each Al agent balances its private signal
(exploration) against historical data (exploitation), the dynamic monopolist manages this balance
at the market level by restraining adoption today to preserve data quality—the informational

commons—for the future.°

5.5 Comparing Market Equilibria

Given data quality 7; and Al production cost c;, the three market structures deliver a clear order-
ing. Competitive pricing (R; = c¢;) yields the highest Al adoption and, under data corruption,
the lowest long-run data quality. The static monopolist restricts Al adoption through its markup

(equation 25), raising data quality relative to the competitive benchmark. The dynamic monopo-

26When B = 0, the dynamic monopolist reduces to the static monopolist of Section 5.3 (with N = 1), and the first-
order condition reduces to d71; /dR; = 0, which yields the static markup in equation (25).
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list restricts adoption even further, reflecting the forward-looking data-quality effect captured in
the second term of equation (27).

This ordering—competitive, static monopoly, dynamic monopoly—illustrates how market power
interacts with the data-quality feedback loop. The monopolist’s markup, while set for profit-
maximizing reasons, has the side effect of shifting production toward human labor, which gener-
ates data of higher informational content. The dynamic monopolist amplifies this effect by explic-
itly investing in future data quality. Whether this restriction is socially excessive or insufficient

depends on the social planner’s optimum, which we characterize next.

6 Efficiency and Regulation of Al

Section 5 showed that market structure changes Al adoption and may partially internalize the data
externality, but not necessarily in the right amount. We now turn to welfare. The relevant question
is not only whether the competitive benchmark over-adopts Al, but also how that benchmark
compares to a constrained planner once the supply side is endogenous. The policy discussion
is already central in current debates: for example, the EU’s Al Act places restrictions on both
Al deployment and data use. Beyond adoption, the high concentration of the Al industry raises
questions about whether market power distorts the pace and direction of Al deployment. The
dominance of a few frontier Al providers may restrict access and inflate costs, but it may also slow
adoption in ways that partially mitigate data externalities. Whether open-source alternatives or
competitive entry would improve welfare depends on how market structure interacts with the
data-quality feedback loop. In this section, we study a constrained planner who faces the same
information frictions as private agents but internalizes how current adoption shapes future data
quality.

We focus on two main questions:

1. Is the private sector’s decision to adopt Al socially efficient? Would a benevolent social
planner, if given the chance, make different decisions about how many companies should

adopt AI?

2. How should government respond to different market structures in the Al sector?
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6.1 Formulation of Planner’s Problem

To explore these questions, we set up a constrained social planner’s problem. The planner is
constrained in the sense that he faces the same information friction as private individuals, meaning
that he cannot observe 6; and also cannot directly interfere with the data accumulation process.
The planner chooses the labor threshold ¢, which determines the share of Al adoption.27

We formulate the social planner’s problem. In each period, total surplus consists of the aggre-
gate surplus of labor-using entrepreneurs, the aggregate surplus of Al-using entrepreneurs, and

the Al provider’s profit:

Pl - 1 = 1
u:/ Ao ldF(¢) + 1—F(@)] |A-—— R + (Re—c)[1— E(¢1)].
= A o] R - F) A R Ri— )1 F(@)
labor-using entrepreneurs Al-using entrepreneurs monopoly profit 7z

(29)
The Al price R; is a transfer between entrepreneurs and the Al provider: it appears as a cost in the
second term and as revenue in the third. Combining these two terms, R; cancels, and total surplus

simplifies to

ot [ _ 1 _ 1
Ll:/ [A—— dF(¢) + M1 —F(o)] |A- —
o vt 7 () + [1=F(gn)] Y5+ va+ 7t

The planner’s welfare depends on the real resource cost c¢;, not the market price R;. This is why

—Ct] . (30)

the planner’s allocation is independent of market structure: regardless of whether the Al market
is competitive or monopolistic, the efficient allocation is the same. We begin with the steady-state
analysis. In Section 6.3, we extend the analysis to a fully dynamic setting with discounting.

The planner chooses the adoption threshold ¢ to maximize steady-state total surplus. The
steady-state law of motion and n = F(§) jointly define () as a function of the adoption thresh-

old. The planner’s steady-state problem is:
P 1 A 1
max [ |A———— —g|dF +/[A— __¢|dF 31
>/ [ TSt 4 O 1t @ e

The key distinction between the social planner’s problem and the decisions made by private

agents is that the social planner understands how Al adoption affects information quality, while
private agents treat -y as fixed. This creates an information externality that the planner needs to

correct: private individuals, when making decisions, do not consider the broader impact of their

?In Appendix D, we also analyze a second policy instrument: restricting Al’s access to historical data through
a parameter ¥ < 1. We show that limiting data access can improve welfare by forcing Al to generate more novel
information.
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actions on the overall data quality.

6.2 AI Adoption

The first-order condition that determines the socially efficient threshold ¢°* is given by:

1 1 1—n (@
_ +C— . —sp+ ( (q) )) 2,)// ((PSP) :0
Vs +va+7(97) s+ (Ys+7ra+7(9F))
Private Benefits Externality

This optimality condition consists of two parts: the "private benefits" and the "externality."
The "private benefits" term mirrors the condition for individual optimization, while the "external-
ity" term represents what the social planner takes into account, but private agents do not. The
externality term depends on how the data quality v changes with the adoption threshold ¢.

The following theorem shows the direction of this derivative and hence the optimal regulation

by government:

Theorem 6.1 1. Increasing Al adoption hurts data quality (o' (¢°F) > 0) if and only if the relative

quality of information generated by Al is not too much higher than that generated by labor:

YA _ s+

32
YL s (52)

2. Given the presence of data corruption, Al adoption hurts data quality, hence it should be taxed in the

competitive equilibrium.®

Condition 32 is identical to Condition 17, where the externality is tied to the relative quality
of information generated by humans and AL. When human-generated information is of higher
quality compared to Al, the externality of Al adoption is negative, meaning that more Al adoption
lowers the overall data quality. This negative externality justifies the taxation of Al, even in the
long run. Thus, based on our benchmark calibration, a tax on Al adoption is necessary to achieve
socially optimal data quality.

The theorem suggests that government regulation should vary by task, depending on the level
of uncertainty and quality of existing historical data. For example, in tasks with minimal uncer-

tainty, like Go-playing, the case for taxation is weaker. However, in areas with high uncertainty,

28In Section 6.4, we show that the direction of optimal policy reverses under monopoly.
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such as forecasting market demand or developing new drugs, the theorem implies that more un-
certainty calls for greater regulation and taxation. Thus, government policy should be tailored to

specific tasks, with regulation determined on a case-by-case basis.

6.3 Dynamic Social Planner

We now extend the planner’s problem to a dynamic setting by introducing a discount factor g €
(0,1) that captures the weight placed on future welfare. The discount factor § can be interpreted
as the planner’s patience in weighting successive generations of short-lived entrepreneurs.

Using the per-period total surplus U; from equation (30), the planner’s dynamic problem is:

S(ve) = H}P%}X{Ut(ql_’t,%) +BS(71i41) } (33)
subject to the law of motion for data quality (equation 20) with n; = F(¢).

The first-order condition is:

d Ut / a’)’t—H
. =0. 4
Fr3 + B S'(ve41) 9; 0 (34)
~—
static welfare effect dynamic data-quality effect

The static welfare effect captures the within-period impact of shifting the adoption margin:

M taal s
35 | vstaata st Pl

In the competitive equilibrium (where R; = c¢;), the threshold is ¢ = ¢ + 5

1 !
styate Ys+tL’

which sets this term exactly to zero: the competitive equilibrium maximizes static welfare. Hence,
any inefficiency in the competitive equilibrium is entirely dynamic—it arises from the failure of
private agents to internalize the effect of current adoption on future data quality.?’

The dynamic data-quality effect captures the intertemporal linkage. Under data corruption,
shifting the adoption threshold upward (more labor, less Al) improves future data quality: 0y;1/9p; >
0, because more human production generates data of higher informational content (by Theorem
6.1). Since better future data quality raises future welfare, S'(y;+1) > 0. The product of these two

terms is strictly positive, which leads to the following result:

Theorem 6.2 Under data corruption (Condition 32 holds) and B > 0, the competitive equilibrium features

over-adoption of Al along the transition path. That is, the planner’s optimal threshold satisfies ;" > 5

29When B = 0, the dynamic correction vanishes and the planner’s first-order condition reduces to oU;/d¢; = O,
which coincides with the competitive equilibrium threshold for any given <.
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for all t, implying that the planner would always choose strictly less Al adoption than arises in the perfect

competitive equilibrium.

Proof. At the competitive equilibrium threshold ¢{°, the static welfare effect dU; /9d@; equals zero.
The dynamic term BS’(Y¢41) - 9yi+1/9; is strictly positive when § > 0, since S’ (y¢41) > 0 (higher
data quality raises future surplus) and 9y;,1/9¢; > 0 (more labor adoption improves future data
quality under data corruption). Hence the planner’s first-order condition (34) is not satisfied at

@;¢; the planner raises ¢; above ¢{°, reducing Al adoption. [

Choice of B. In our baseline quantitative exercises, we set f = 0.66, interpreting each model
period as spanning approximately 10 years. The 10-year generational length follows Guerreiro
et al. (2022), who model each cohort of workers as active for approximately one decade when
studying optimal taxation of automation.?* With an annual discount factor of § = 0.96, a 10-year
generational cycle gives B = 0.96'° ~ 0.66. For comparison, we also examine f = 0.54, which
corresponds to a 15-year generational cycle (0.96!° ~ 0.54). A longer generational cycle implies a
lower 8 because one must wait longer between successive cohorts. We examine the sensitivity of

all results to B over the range [0.45, 0.75] in Section 6.6.

6.4 Comparing Planner, Monopoly, and Competitive Equilibrium

Theorem 6.2 establishes that the competitive equilibrium features too much Al adoption from a
social standpoint. Even the static (Cournot) monopolist restricts Al adoption through its markup
(equation 24), and the dynamic monopolist analyzed in Section 5.4 restricts it further. A natural
question is whether the monopolist’s market structure brings the equilibrium closer to the plan-
ner’s optimum, or whether it over-corrects.

The answer depends on the relative magnitudes of two forces. On one hand, the monopoly
markup reduces Al adoption, which partially corrects the data externality. On the other hand, the

monopolist sets the markup to maximize profit, not welfare. The monopolist’s dynamic first-order

30Guerreiro et al. (2022) use a 10-year working-life cohort in their analysis of robot taxation. In our setting, this
horizon also aligns with the deeper cycle of data accumulation, market-wide adoption shifts, and their feedback into
Al training, which occurs over a longer horizon than individual model updates.
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Figure 9: Transition Dynamics Across Market Structures (8 = 0.66). The four panels display the
transition paths of data quality (), labor share (1;), Al adoption (1 — n;), and Al price (R;) follow-
ing a cost reduction shock. “Dynamic monopoly”: forward-looking monopoly; “Social planner”:
the planner’s allocation; “Imperfect competition (N=3)": myopic Cournot oligopoly equilibrium;
“Perfect competition”: myopic competitive equilibrium with R=c. The planner’s allocation lies
between the myopic competitive equilibrium and the dynamic monopoly in both Al adoption and
long-run data quality.

condition (27) involves the private return to data quality M’(7;4+1), which reflects future profits,
while the planner’s condition (34) involves the social return S'(-y;11), which reflects future total
welfare. Moreover, the monopolist’s markup simultaneously restricts Al adoption and transfers
surplus from entrepreneurs to the Al provider, generating a welfare loss that has no counterpart
in the planner’s problem.

To determine which force dominates, we turn to the quantitative analysis. Using the baseline
calibration from Section 4 with B = 0.66, Figure 9 plots the transition dynamics under all four
regimes following a cost reduction shock.

Several patterns emerge from the figure. First, the perfect competitive equilibrium exhibits the

highest Al adoption and the lowest long-run data quality, consistent with the over-adoption result
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of Theorem 6.2. Second, both the imperfect competitive (Cournot) equilibrium and the dynamic
monopoly restrict Al adoption through their markups, with the dynamic monopolist restrict-
ing further due to the forward-looking motive to maintain high data quality. Third—and most
importantly—the planner’s allocation lies between the competitive and monopolistic extremes: the
planner allows more Al adoption than the dynamic monopolist but less than the competitive mar-
ket. This indicates that the monopolist’s markup over-corrects the data externality.

This leads to a central insight for Al regulation: optimal policy is market-structure dependent. In
a competitive Al market, the data externality is unambiguously negative and a tax on Al adoption
is warranted (Theorem 6.1). Lacking a forward-looking motive, even in the presence of myopic
oligopolists there is a need to tax Al adoption. In a dynamic monopolistic AI market, the monop-
olist’s markup could (over-)correct the externality, and the planner would prefer to subsidize Al
adoption relative to the monopoly outcome. We formalize the implementation of such a subsidy

next.

6.5 Implementing the Planner’s Allocation

We now consider how a social planner can implement the efficient allocation through the mo-
nopolistic Al market, given the currently concentrated Al sector. The policy instrument is a pro-
portional subsidy 7; on the Al price, financed by lump-sum taxes. This is a general equilibrium
problem: the subsidy changes the monopolist’s demand curve, so the monopolist re-optimizes its
pricing, which in turn affects adoption, data quality, and future demand. We must therefore solve

for the subsidy jointly with the monopolist’s optimal response.

The monopolist’s problem. Given a subsidy sequence {7;}{, the monopolist posts a price

R; but entrepreneurs face an effective price (1 — 1) R;. The adoption threshold becomes
1 1

5 (1, Ry) = (1 — )Ry + _ ,
#(m Ri) = 1=k, Ys+yatr s +r
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and the monopolist’s per-period profit remains (R; — ¢;)[1 — F(§;)], since the subsidy is paid to

entrepreneurs, not to the monopolist.>! The dynamic monopolist solves:

A4Ph;{ﬁ})::qux{(Rt—-CQ[l—'F(¢tCQrRO)]4-ﬁﬁﬂ(vu4;{ﬁ})} (35)

subject to the law of motion for data quality with n; = F($:(7, R¢)). The subsidy enters the mo-
nopolist’s problem through the demand curve: a higher 7; shifts the adoption threshold down,
increasing demand at any posted price, and the forward-looking monopolist adjusts R; accord-
ingly. In particular, the monopolist may partially absorb the subsidy by raising the posted price, so

the effective price to entrepreneurs does not fall one-for-one with the subsidy.

Fixed-point characterization. The optimal subsidy sequence {7;} must satisfy: given {7/},
the monopolist’s optimal pricing {R}} from (35) generates adoption and data quality paths that
coincide with the social planner’s allocation from (33). This is a fixed-point problem in the se-

quence {7;}: the planner’s target adoption requires
(1-m)Ri({w}) =R, (36)

+ ——L_ is the effective Al price that implements the planner’s op-

Sp _ Sp
where R;" = ¢, o

1
Ystratm
timal adoption threshold ¢;”, and R} ({7}}) is the monopolist’s optimal posted price given the

subsidy sequence. Because R} depends on the entire future path of subsidies (through the monop-
olist’s forward-looking Bellman equation), and the planner’s target depends on the equilibrium
data quality path (which is itself determined by adoption), the problem must be solved jointly.
We compute this fixed point numerically by iterating between the monopolist’s finite-horizon dy-
namic programming problem and the implied subsidy update.*?

Figure 10 plots the equilibrium subsidy sequence for g = 0.66. Three features are notable.

First, the subsidy is strictly positive throughout the transition, confirming that the monopolist
persistently restricts Al adoption below the socially efficient level. Even after the monopolist re-

optimizes given the subsidy, the posted price R} is higher than the planner’s implied effective

31The monopolist collects the full posted price R;. The government pays 7;R; per unit to adopting entrepreneurs,
funded by lump-sum taxes on all entrepreneurs. From the monopolist’s perspective, the subsidy shifts the demand
curve outward: at any posted price R;, more firms adopt because the effective user cost is lower.

32The subsidy must be financed. Total expenditure in period t is G; = 7 R}[1 — F($;)]. The government’s balanced-
budget constraint is

™+ TF = Gy, 37)

where TtM is a lump-sum tax on the monopolist and TtE is a lump-sum tax on entrepreneurs. Because both taxes are
lump-sum, they do not distort any margins and the split between TtM and TtE is irrelevant for equilibrium allocations.
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Figure 10: Transition Dynamics and Implied AI Subsidies (8 = 0.66). The panels compare the
dynamic monopoly (yellow) to the social planner (purple). Top panels: data quality and Al adop-
tion paths. Bottom-left: R;, showing the monopolist’s posted price versus the planner’s implied
effective price. Bottom-right: the equilibrium subsidy rate 7;° that implements the planner’s al-
location through the monopolist’s re-optimized pricing. The subsidy is front-loaded, starting at
approximately 11% and declining to approximately 3% at the steady state.
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price, so a positive wedge is always needed.

Second, the subsidy is front-loaded: it peaks at approximately 11% at the onset of the cost re-
duction and declines toward approximately 3% at the steady state. The front-loading reflects the
general equilibrium dynamics: in the early transition, data quality is declining rapidly and the
monopolist’s markup is particularly distortive. The subsidy must be large enough not only to
lower the effective price but also to offset the monopolist’s strategic response—which includes
raising the posted price in anticipation of subsidized demand. As the economy converges to a
steady state, both the data quality gap and the monopolist’s strategic response stabilize, and the
required subsidy settles at a modest level.

Third, even at the steady state, a positive subsidy is required. This indicates that the monop-
olist’s long-run pricing permanently restricts Al adoption below the socially efficient level, and

general equilibrium forces do not eliminate this wedge.

6.6 The Role of the Planning Horizon

The discount factor f governs the weight placed on future welfare and profits. As discussed in
Section 6.3, B can be interpreted as reflecting the planner’s patience, the monopolist’s discount
rate, or—in reduced form—the effective lifespan of economic agents. We now examine how j
affects the allocations of the social planner and dynamic monopolist.

Figure 11 displays steady-state allocations as a function of B. As  increases, both the planner
and the monopolist restrict Al adoption: a longer planning horizon places more weight on pre-
serving data quality for the future. Correspondingly, steady-state data quality increases with g for
both regimes (bottom-right panel).

Importantly, the gap between the planner’s implied price and the monopolist’s posted price
narrows as 3 increases (bottom-left panel). This occurs because the dynamic monopolist’s incentive
to preserve data quality grows with B: future profits become more valuable, and maintaining data
quality is an investment in future demand. As the monopolist becomes more forward-looking, its
behavior moves closer to the planner’s optimum, reducing the need for corrective subsidies.

Figure 12 directly plots the steady-state subsidy rate as a function of B. The required subsidy

declines monotonically from approximately 2.85% at B = 0.45 to approximately 2.45% at § = 0.75.
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Figure 11: Steady-State Allocations as a Function of . The panels display steady-state labor
share (1), Al adoption (1 — ng), Al price (Rss), and data quality (vyss) for the social planner (pur-
ple, top row) and dynamic monopoly (yellow, bottom row) across values of . As f increases, both
the planner and monopolist choose less Al adoption and higher data quality. The gap between

the planner’s implied price and the monopolist’s posted price narrows.
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Figure 12: Steady-State Subsidy as a Function of f. Left panel: the steady-state subsidy rate *
that implements the planner’s allocation given a dynamic monopolist, as a function of B. Right

panel: the same subsidy rate plotted against the planner’s steady-state data quality 'yfsl . The re-
quired subsidy declines as B increases, reflecting the improved alignment between monopoly be-
havior and social welfare when the monopolist is more forward-looking.

This confirms that a more patient monopolist is a better steward of data quality, reducing the

welfare cost of market concentration.

Transition dynamics under different . The effect of f is not limited to the steady state: it also
shapes the speed and pattern of the transition. Figure 13 compares the transition dynamics under
B = 0.66 and B = 0.54 for both the planner and the dynamic monopolist.

Three patterns are apparent. First, the higher § leads to uniformly lower Al adoption and
higher data quality along the entire transition path, for both the planner and the monopolist.
Second, the gap between the planner and monopolist—visible in the price panel—is smaller at
B = 0.66 than at B = 0.54 throughout the transition, not only at the steady state. This confirms
that the convergence between monopoly behavior and social welfare under a longer planning
horizon is a robust feature of the transition dynamics, not an artifact of the steady-state analysis.
Third, the optimal subsidy is strongly front-loaded under both g values: a large initial subsidy
is needed to overcome the monopolist’s under-adoption during the critical early transition when
data quality is declining most rapidly. As the economy approaches its steady state, the required
subsidy stabilizes at a small but positive level that corrects the residual monopoly markup.

These findings provide insights into the interaction between the planning horizon and market
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Figure 13: Transition Dynamics: Social Planner vs. Dynamic Monopoly for f = 0.66 and 8 =
0.54. Panels (a)—(c) display data quality (y;), Al adoption (1 — n¢), and R; along the transition
path. Solid lines: B = 0.66; dashed lines: f = 0.54. Purple: social planner; yellow: dynamic
monopoly. Panel (d) shows the optimal subsidy rate 7; that implements the planner’s adoption
path through a monopolistic Al provider. Both B values generate a front-loaded subsidy that starts
high (~ 11.6% for g = 0.66; ~ 15.5% for = 0.54) and converges rapidly to a modest steady-state
level (= 2.6-2.8%). The lower f requires a larger initial subsidy because the monopolist discounts
future data quality more heavily.
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structure. When economic agents or the policymaker are more patient, the dynamic value of data
quality is better internalized by both the planner and the monopolist. A monopolist with a long
planning horizon restricts Al adoption for forward-looking reasons that partially align with the
planner’s objective, reducing the need for regulatory intervention. Conversely, when agents are
impatient or short-lived (p close to zero), the data externality is severe and market power provides
little corrective benefit.

This analysis also sheds light on the role of entrepreneur lifespan. In the original model, en-
trepreneurs live for one period and make purely myopic adoption decisions. If entrepreneurs
instead lived for multiple periods, they would directly internalize how their current Al adoption
affects future data quality and hence their own future productivity—analogous to increasing p in
our framework. Longer-lived agents would naturally adopt less Al (to preserve future data qual-
ity), reducing the severity of the data externality. In the context of the monopolistic Al market,
a longer planning horizon further improves the alignment between the monopolist’s pricing and

social welfare, diminishing the need for subsidies.

7 Al-Human Collaboration

Sections 2—-6 treat adoption as binary: each firm either uses human labor or Al That simplification
is useful in the baseline, but many real-world tasks combine the two inputs. This section therefore
allows firms to choose a continuous collaboration intensity between human and Al The extension
is important because it tests whether the data-corruption mechanism relies on all-or-nothing sub-
stitution. It does not. Collaboration softens the mechanism by preserving some human-generated
information inside each task, but the core feedback loop remains.

Each entrepreneur i at time ¢ chooses a collaboration weight m;; € [0, 1], where m;; = 0 corre-
sponds to fully human production and m;; = 1 to fully Al production. The implemented action is
a weighted average:

L A
aip = (1 —my) agg + my ag,
where aiLt and “f’? are the optimal human and Al actions, respectively. Quality remains A;; =

A — (8 — ay)>.
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Input costs are linear in the collaboration weight:
Cit(m) = (1 —m) @i + mRy,
where ¢;; is the idiosyncratic human labor cost and R; is the Al price. The entrepreneur maximizes
Vit(m) = E[A;] — Ci;(m). We will focus on the perfectly competitive case so R; = ¢;.3 The first-

order condition yields:

Theorem 7.1 (Optimal Collaboration Weight) The optimal collaboration weight for firm i with labor

cost @i is
: rA+ (s +r)s+oraty) .
mj = ———  + (@i — Ry) - , my e [0,1]. 38
LAt (g = Re) 2(yL+va+7t) i el0) 9
Bayesian updating cost differential

The theorem decomposes the optimal AI weight into two additive terms. The first term is the
Bayesian updating component: it equals the Bayesian optimal weight on the Al forecast, allocating
weight to each input in proportion to its informational precision (y4 + 7¢ for Al versus 7 for
human labor), with no role for costs. This term increases with data quality 7, reflecting that better
historical data makes Al’s informational contribution more valuable. The second term is the cost
differential component: when labor is more expensive than Al (¢; > R;), the firm tilts toward
Al beyond the pure Bayesian benchmark; when labor is cheaper (¢;; < R;), the firm tilts toward
human input. Figure 14 illustrates this: the optimal AI weight m*(¢) increases smoothly in ¢,
with the Bayesian component determining the level at ¢ = R and the cost differential governing
the slope.

A key question is whether the collaboration extension preserves the positive feedback between
data quality ; and Al usage m;. Under the benchmark calibration, m}, is increasing in ; for all
active firms: higher data quality raises the relative precision of Al forecasts, inducing each firm to
increase its Al weight. The proof follows from differentiating the interior solution and verifying
that the numerator is positive under our calibrated parameters. Figure 14 compares the individual
decision rules under the binary and interior models at the steady-state data quality. In the binary
model, the decision is a step function: firms with labor cost above the threshold ¢ adopt Al fully
(m = 1), while those below do not (im = 0). In the interior model, the collaboration weight m*(¢)

increases smoothly in ¢, with firms near the margin mixing human and Al inputs rather than

PV . 2ntyatw) )

3The objective Vj;(m) is strictly concave in m: 44 = PR C—
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making a discrete switch. The labor-cost density shows that most firms cluster near the threshold,

so the intensive margin is quantitatively important.

Correlated signal innovations. In the baseline model, the private signals s-* and s{" are in-
dependent of the public signal S;. A natural extension is to allow signal errors to be correlated.
If the human private signal is positively correlated with the public signal—for instance, because
human judgment draws partly on publicly available narratives—then the effective new informa-
tion content of human data is lower. This is formally equivalent to reducing the effective precision
71 of novel information in human actions. In our collaboration framework, this shifts the op-
timal Al weight m* upward, increasing equilibrium Al adoption: firms optimally rely more on
AI when human signals are less informative at the margin. Conversely, if Al’s private signal is
less correlated with public noise—plausible when Al discovers patterns through computational
methods distinct from conventional reasoning—AI provides additional diversification value, fur-
ther raising m*. The core data corruption mechanism remains robust: regardless of the correlation
structure, what matters for future data quality is the share of genuinely new information in the

aggregate dataset, which continues to depend on the composition of human versus Al activities.

Aggregation and data dynamics. Aggregate Al usage is m; = [ m dF(¢), with 1 —m;

denoting the aggregate human labor share. The law of motion remains
1 0? 1

2 2 A
Vi+1 Y+ s + (1 —my) (“rsirtn) ’yf) + my (m) ’)’S T
This is identical in form to the baseline law of motion (equation 20), with n; replaced by 1 — m;.

The data corruption channel operates through the same mechanism: higher Al usage (1) shifts
the composition of data toward Al-generated records, which have lower informational content
when y4/(vs+va+7t) <L/ (vs+vL)-

Figure 15 compares the transition dynamics following the cost reduction shock under compet-
itive pricing (R; = c). The top panel shows that the interior model produces higher steady-state
data quality than the binary model. This is because firms near the adoption margin use a mix
of human and Al inputs rather than switching entirely to Al, preserving more human-generated

data in the aggregate. The middle panel shows that aggregate Al intensity is lower in the interior
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Figure 14: Decision Rules: Collaboration vs. No Collaboration. The red dashed line shows the
no-collaboration benchmark: a step function at the adoption threshold where firms either fully use
AT or fully use human labor. The blue solid line shows the collaboration model: the optimal Al
weight increases smoothly in labor cost, with firms near the margin mixing human and Al inputs
rather than making a discrete switch. The green dashed curve is the labor cost density, showing
that most firms cluster near the threshold where the intensive margin matters most.
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model: the smooth mixing means fewer firms are at full Al adoption. The bottom panel presents
a recalibrated comparison: the interior model’s Al cost is recalibrated so that initial AI adoption
my matches the binary model exactly. Despite identical impact adoption, the interior model’s m;
path diverges over time, reflecting the endogenous feedback between data quality and the inten-
sive margin of Al usage. Crucially, both models exhibit the same qualitative pattern—data quality
declines following the cost shock and converges to a lower steady state—demonstrating that the

data corruption mechanism is robust to allowing continuous human-AlI collaboration.

8 Conclusion

Data is the lifeblood of generative Al, but Al also changes the data on which future models rely.
This paper studies that feedback loop in an information-equilibrium model where AI adoption
and data quality are jointly determined. The main message is that Al can be privately productive
while socially degrading the information environment if it relies heavily on historical data and
contributes little genuinely new information. Under the calibration disciplined by the recent com-
puter science evidence on recursive synthetic training, this channel is quantitatively important:
the initial labor displacement following an Al cost decline is partly reversed as Al-generated data
lowers future Al productivity.

Once market structure is endogenous, the policy lesson becomes conditional on who sets Al
prices. In a competitive Al market, firms over-adopt Al because they ignore the data externality,
warranting a tax on adoption. In a monopolistic market, the forward-looking Al provider restricts
adoption to protect future demand, but does so too aggressively relative to the social optimum,
calling instead for a subsidy relative to the monopoly outcome. The optimal subsidy is front-
loaded because the wedge is largest during the transition when data quality deteriorates most
quickly. These findings underscore that Al regulation cannot be designed without taking market
structure into account. The role of the planning horizon is also important: when agents or poli-
cymakers are more patient, the dynamic value of data quality is better internalized, reducing the
need for corrective intervention.

The model is intentionally parsimonious so that the data-quality mechanism is transparent,

but several extensions are natural. One is to study social learning with long-lived firms. Because
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Figure 15: Transition Dynamics: Collaboration vs. No Collaboration (R; = c;). Top: data quality
under the no-collaboration benchmark (red) and collaboration model (blue), with dashed lines
indicating steady states. The collaboration model achieves higher long-run data quality. Mid-
dle: aggregate Al adoption under the same cost; the collaboration model produces lower aggre-
gate Al usage because firms near the margin mix inputs rather than switching fully. Bottom:
impact-matched comparison where the collaboration model’s cost is recalibrated so that initial Al
adoption equals the benchmark’s impact adoption; despite identical initial Al intensity, the paths
diverge over time.
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each entrepreneur is atomistic, the data-quality externality would persist even with long-lived
agents—no individual adoption decision has a perceptible effect on aggregate ;. However, long-
lived agents would introduce richer heterogeneity in private histories and potential data-privacy
issues (Jones and Tonetti, 2020). Another extension is anticipated technological progress. If Al is
expected to become better at generating genuinely novel information, then preserving data quality
today becomes even more valuable because better future models have more to gain from higher-
quality data—creating a “wait and see” motive that, with long-lived firms, could endogenously
slow early adoption. More broadly, the interdisciplinary approach developed here can be applied
to study other tasks and technologies in which production choices shape the data available for

future learning, particularly when combined with data from fields outside economics and finance.
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Appendix

A Proof

Proof of Lemma 3.1, Part (ii): Endogenous Weight Decay

At steady state, denote the per-period precision of the labor and Al data signals by A! =

2
n* (7;2%) ypand A4 = (1 —n*) (Miﬁﬂ) vp (from Lemmas 3.2 and 3.3). Bayesian updating

of the prior ;1 (precision 7*) with the period-(t — 1) signals S;_; (precision ys), X! | (precision

Ah, and X{{ 1 (precision A?) yields the posterior mean of 6;_1:

E(0;-1]Q-1) = apy—1 + wsSi—1 + wi Xj_y + waXity,

: o Y Y _ s —
where the Kalman weights are the precision shares: a = e AT AR, WS et ATTAA, Wi

Al

A . . .
Ty taaaAs YA T A raa satisfying & + ws + wy + wa = 1. Since 6; = p6; 1 + 1 and

T HrsHAFALY

E(n:|Q4-1) = 0, we have yu; = p E(6;—1|Q¢_1), giving the recursion:
He=p [“Vt—l +wsSi1 + leLl + wAXﬁl] .
Iterating and using pa < 1:
pe=p i (o)™ [wsst—r + WX+ WAXEL} :

Substituting into the Al’s action rule uAl = Ai ' (equation 13)

U+ =S+

'YS+'YA+'Y 'YS+'YA+'Y ’Ys+’YA+’Y

yields the stated expansion. [
Proof of Lemma 3.1
The optimal action a' solves:
max E [Alt (ai) |St,stL’} = maxE [A — (Qt — ai)z |St,stLi]
a a
Take first order condition with respect to a: :

Eli =FE <9t|st,StLi)
Given that both S; and s/ are unbiased, normally-distributed signal of 6;, we can apply the for-

mula for conditional mean with normal distribution to obtain:
:E<9 S,SU) Vs g L i
Sst) = o™ s
A similar argument can be applied to derive the optimal action rule of AL

Proof of Lemma 3.2
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From the derivation we know that

1 N; ) .
X = ~ <9t peli g Y5 s?l>
ti— YL
T3 s+ 1 & b
— 9 R €L1+ - sDz
t Nti; t YL Nti;‘ '
Hence
1 1 21 Y
Var (nget) - N, —  F (75 +7L> — N, N
Nt YL TL Nt YD
Variance of e’;i Variance of e’tj i
_o11 <7s+%>2N1
Nty YL N:vp

When both N and N; — oo, the variance becomes:

2
Var (Xﬂ@t) . <’rs+n) 1
YL nyyp

where n; = %

2
Hence the precision of the labor signal X! is n; ( 751%) YD-

Proof of Lemma 3.3

The Al signal data is given by

i rs Yt YA
Di = S+ +
T st Aty st vat it vstvatm

Given that S; and u; = E (6;|Q;_1) are public information, the valuable piece in observing Di is

S?l + 8?1

rA Ai | Di
— S5 +¢
Ystraty
which is equivalent to
SAi Ys+rat 'Yts?i
TA
Hence the Al signal can be summarized as:
1Y . :
XA = — y <9t+£{n+75+’m+%£?z>
N — Nt Ni+1 rA
1 & L rstoatn 10N
= 0+ = Zsf“l—% TATT gD
N =N T TA N —=Ni NTF

Hence the variance of the Al signal becomes:

1 _ 1 +ya+1\> 1 _ N

(N = N)? YA YA (N = N)?
_ 11+(vs+m+%>2 N 1
(N—=Ni)va YA (N—Ni) 7
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When the number of entrepreneurs tends to infinity N and N; — oo, the variance becomes

(’Ys +ratm ) 2 1
VA (I—n)p
where n; = % Hence the precision of the Al signal is

2
YA

1—n -

( % (’Ys+’YA+’Yt> &

Proof of Lemma 3.4
We start with the recursion:

Var(6Q:) = Var (et\nt_l,st,xf,xg“)
1

L 2 A 2
Y+ s+ (7s+n) o+ (1—m) (m) D

where the second equality follows from Lemma 3.2 and 3.3.

1 1
—— = Var (0;41|Q%) = Var (06 + 1441 |Q%) = 0*Var (6; Q) + —
Yi+1 Tn

Plugging in the expression of Var(6;|();), we obtain Lemma 3.4.

Proof of Theorem 3.1

To prove the theorem we need to evaluate the partial derivative of ;1 with respect to n; :
d
Y1
aTlt

) -G)

N\ )|
Ys+ L Ys T At
which is positive if and only if

2 2
( T ) _< Ya ) >0
Ys+7rL Ys+ra+

Or
T A <0
Ys+rL  Ys+va+ e
Or
YL (Ys+va+7t) > valys + 1)
Or

YLYS + YLyt > YAYS

YA _Ys T
TL Ys

This is the condition 15.

Proof of Theorem 3.4
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We take the labor signal quality to be fixed and the Al signal quality yv4 — oo, and therefore

YA

o7, — 1 The law of motion for aggregate data quality becomes:

1 1 1
:pz +7

2
T Y+ s + 1t (1) (752%) Yo + (1 —n¢ (7)) 7o T

We assume that the labor cost distribution is compressed, so that small changes in the Al produc-

tivity would lead to large changes in the share of Al adoption.
We now construct multiple steady state as follows. Imagine a steady state where data quality

is low, v = 1, and so that everyone picks labor production:

ni(1) =1

Then 71 can be solved using the steady state equation:

1, 1 1
nf 7
’)’1+')’5+(ﬁ) TD 7

For another steady state with high data quality v = 72, everyone chooses Al production:

ne(72) =0

Hence the equation to solve for 75 is:
1 » 1 1

v st
Thus, to prove the existence of multiple steady states all we need to show is that
71 <72
Then for some very compressed labor cost distribution we can have n;(y1) = 1 and n; (72) = 0
given that n (.) is decreasing in ;. This confirms the existence of multiple steady states.
To show that it suffices to show that the reasonable root of the following function about x is

increasing in coefficient m > 0 :

1, 1 1

;:p x+m+7,7

(39)

2 2
If this can be proved, then given that ( 757:%) < 1, and thus yg + ( Wsﬂff%) YD < Ys + vp, we
can prove the claim that 71 < 7».

Note that equation 39 can be arranged as the following quadratic equation:

1
x+m=p*x+ —x(x+m)

T
1, 2 m
—x "+ |p—1+—|x—m=0
Ty Ty
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and because %7 > 0 and m > 0, this quadratic equation has a negative and a positive root, so the
valid root is the positive one, or the larger root:

(Foren) (P oren) e
21

T

We need to show that x is increasing in m.

Take the derivative:

x'(m) =

Thus it suffices to show that

1
2
<<p2—1—|—m>—|—2> >0
Ty

2
—1+ (p2—1+m> a2
Ty Ty
Or
m 2 m 7% m
<p2—1+> +4— <<p2—l+>+2>>1
Y Ty Ty
Or
1
m m 2 m 2
<<p2—1+>—|—2>> <p2—1—|—> +4—
Ty Y Ty
Or
m 2 m 2 m
<<p2—l+>+2> ><p2—l+> +4—
Ty T Ty
Or
5 m\? > m 5 m\? m
p°=1+—) +4|p°—1+— ) +4>|p"—1+— | +4—
T Ty Ty T
Or
PF—1+—+1>—
n n
Or
p* >0

which is true by assumption. Hence we have proved the claim and the existence of multiple steady
states is established.

Proof of Theorem 6.1
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Plug in the conditional value functions into the social planner’s problem:

o0 _ 1 _ 1
TSPy L R PR S R
19 . Ys+ L P e @ Ys+rat+y ¢

We could arrange the constraint as y ($) , hence the value function becomes:

Pl 1 ] 1
wmmm/[A— —]d+/P— _—ﬂd
¢ Ys+ L e @ Ys+va+7(P) ¢

Now consider perturbing ¢. The first order condition becomes:

_ . 1
A— —¢|— |A— —~ —R| + /
[ s+ L qo] [ s+ va+7(9) ] 9
Thus the socially efficient threshold ¢° is pinned down by:

7 () oo
(rs +74 +7(¢’))2] 4

1 1 1-— p°P
— +R- gy 1Zn(@) 37 (9%) =
Vs +va+7(¢P) Vs L (7s +7a+7(¢%))
Private Benefit Term Externality Term

Compared to the private equilibrium where the threshold is pinned down by equating the private

gains and benefits:

1 1 _
~+R—————-9=0
Ts+ra+7(9) s+
We have an extra term f(p [%} de which captures the positive externality: the fact that
S

one’s economic behavior could generate data, improve the data quality and the quality of Al, and
therefore the overall welfare. Because of this extra term, the government needs to tax the Al in the
steady state. Let’s say that the government needs to impose a wedge (tax) T on the return of Al,
and rebate all proceeds in a lump-sum fashion to all the households in a uniform way. Then the

private CE becomes:

[A— —q‘;]—[A i —R] (1-1)=0
Ys + YL 'YS+'YA+'Y ?)
_ ) _ 1
i BRI 5 K| =0
Ys+ 7L Ys+va+7(P 75+’YA+’Y ?)
1
— +R———— —p+T|A—
Ys+va+7(P) s+ YL ? [ %+m+7 ]

Hence we need the tax rate to be such that:
/ —_
TP_ 1 __4:/ 7 (9) | dg
Ys+ra+7(P) o (vs+rat+r(9)
_r(a) | 2@
= (1 _F (¢)) |:('YS+'YA+'Y((P))2:|

. 1r
Ys+ra+7(P) R
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where we factor out — 2% But note that it depends on every term in this expression is

(rs+ra+7(9))
positive except 7’ (¢) . Let us determine the sign of it. Write the constraint of the social planner as:
_ 1 1 1
H(rg)=_~¢ 5 =0
Y+ +F(9) (505:) 1+ (1 =F(9) (554+) o 7
2 2
7 Y 5
oH ) [(75+L"u) D~ <vs+vﬁ+v> WD} /(@)
Er R 2 2 2
(v+9s+ F (@) (25) 10+ (1= F (@) (5857) o)
— — — 5)) — T4
oH 1 s <1 2(1-F(9) (75+7A+’7)27D>
ay 92 ] 2 ] 2 \2
(v s+ F (@) (25) 0+ (1= F(9) (55857) o)

Hence

L

04 (p) =— afl

o

One can show that %—ff <0:
oH 1, ~1

oy A2

<7+75 +F(9) (A,ST&,,L)ZWD +(1-F(9)) (M)%p)z

_ - YA
2 2(1-F(9) ('YS+7A+'Y)2,YD

(7+’Ys +F(9) (757&%)279 +(1-F(9)) (75&%)279)2

2(1-F(9)) — 14—
2 (1=F @) 2 B

<7+75 +F(9) (751L7L)2’YD +(1-F(9) (M%)%n)z

< —p

because
1

2
<7+75 +F(9) (%AEA,L)Z’YD +(1-F(9)) (A,Sﬁﬁﬂ)zvo)z

> p

€
2

Hence the sign of 7/ (¢) depends on aa—[;, which in turn depends on

2 2
L B TA
<'VS‘|"YL> L <'YS+'YA+'7> D

Hence if
L > s
Y4~ vs+7(P)

]
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we can show that

2 2
L rA
— 15 — | —= >0
(75+%) v <7s+7A+7> i

7 (¢) >0

, then

which means that

>0

On the other hand, if Al is more efficient in generating data than labor:

YL Ys
— < T =N
Ya  vs+7(9)

Then one can show that

and hence

T<0

A.1 Derivation of the Cournot Markup

There are N symmetric Al providers, each producing at constant marginal cost c;. Let Q; denote
the quantity supplied by firm j, and let Q_; = }; Qx denote the aggregate supply of its competi-
tors. The inverse demand function, denoted R(-), maps total supply to the market-clearing price:
R = R(Qj+ Q).

Firm j solves:

max Qi[R(Qj+ Q) —ct].

]

The first-order condition is:
[R(Qj+Q-j) —ct] + Qi R(Qj+Q-j) =0.
In the symmetric equilibrium, each firm produces Q; = Q and total supply is NQ, so D(R;, ;) =
NQ. Substituting:

(Rt — Ct) + QR/(NQ) =0.

By the inverse function theorem, R'(NQ) = 1/Dgr(R¢, y:), where Dg = dD/0R;. From equation
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(22), Dr = —f(¢). Substituting Q = D(Ry, v¢) /N = [1 — F(:)]/N:

1-F(g) 1
Ry —c) + . — =0,
(Rs —c) N —f (@)
which rearranges to:
1—F(¢1)
Ri—ct = —F—.
T N-flgy
When N = 1, this yields the monopoly markup R}" —¢; = 1}&_52;1). As N — oo, the markup
t

vanishes and R; — ¢, recovering the competitive benchmark. [J

B Endogenous Al Signal Quality and Robustness

This section offers two extensions to the base model to examine its robustness. We first relax the
assumption that entrepreneurs, upon birth, cannot observe any prior history. Instead, we assume
that they are born with the ability to observe a certain fraction of past information. We also relax
the assumption that the private data generated by Al is unrelated to past history, assuming instead
that the quality of the data may improve with the quality of historical data observed. In this
expanded model, we outline the model equilibrium and discuss its implications.

In the baseline model, it’s assumed that entrepreneurs are incapable of observing past data
history, while AI can observe the entire history. This assumption is mainly for clarity and to
underscore the informational differences between humans and machines, emphasizing that ma-
chines (AI) are more efficient at collecting and processing extensive historical big data. In this
section, we relax this assumption and demonstrate that the primary findings of the paper remain
unchanged.

We propose that each entrepreneur, upon their inception, is able to observe a fraction of past
data, denoted by ¢ < 1. This can be interpreted as entrepreneurs being able to observe information
within their local communities and networks, which only constitute a fraction of the total amount
of information available in the entire economic system. For instance, an entrepreneur from Michi-
gan may be very familiar with business practices, culture, and customer preferences in Michigan,
but less familiar with those in Florida or New York. Conversely, Al can collect and process data
from all states in the US and even from the rest of the world.

Specifically, assume that the information set an entrepreneur born with (denoted by super-
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script e) is given by:
i 1i=123,.CN
Q1 = {5, D;—]'}]':LZ,S,...,é—oo
Note that the superscript for the number of noises now spans from 1 to {N < N. As we will take

N — oo, there will be no integer problem associated with this notation.

This information set admits a similar recursion:
Of = O U{S, Xi, X{*}

where
1 . .
X = — ¥ (ai+el)
SN ig%vt
1 N

xAe _ _ gl + eDi
' g(N—Nt)ig\]r(t t )

Denote the summary statistics for human and Al in the evolution of information for entrepreneurs.

1

o . e
Denote the prior information content to be 7f = ——"—— CEs)

We also relax the assumption that the precision of the signal generated by Al is independent
of the quality of the historical data the AI has been trained on. We refine this by postulating that

the precision of the Al-generated signal follows the following functional form:

Ya(y) =a+by (40)
where a and b > 0 are some constants. When b = 0, we go back to our baseline assumption.
Now, let’s derive the model dynamics. We'll begin by determining the optimal actions for
entrepreneurs choosing different modes of production.

If the agent chooses to use labor, his optimal action is:

e

Ys it e YL li
St + + S
Yt T st T st

where v is given by equation 10 and p{ = E (6;|C)_, ) is the conditional mean of ; given past

ap = E(6:|Qf_y, Si,s1') =

L fsii. Thus, it can be shown that

information, and the only informative part in this action is ~—"——

the summary statistics for labor is (taking N — o0 ):

2
t " ny TL YD

We now derive the signal associated with Al activities. The optimal action of Al is given by:
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ai = E(6:]Qy_1, S, 50) = s S+ Tt Loral)
= B0, St s7) st 1A A7 st va () + T ys A () F

where 7 4 (7¢) is given by equation 40. Note that the only information content here is —-4 (re) g

Ystraty) Tyt
Hence, the summary statistic for Al activity is (taking N — oo ):

Ae 1 75+’YA(%)+%)21
X = N, C(1—mny) < Ya (1) WD)

With these two summary signals, we can derive the law of motion for 7 and v{ in a joint
manner. Note that we need to keep track of both measures of information as they enter into the

law of motion for both variables. Specifically, ;1 is given by the following function of 7; and 7{:

1 1 1

Vi1 nw )\ 1an) ) v
m st (i) o+ () (i) .
And 7, is given by the following function of y; and ~{:

1 ) 1 1

e =P e R (42)
L ATt
s Vit s+ o <7s+n+%’> 1o+ ¢ (1 —m) ('YS+'YA(%)+%> D

From the two law of motion, one can examine how changes in n; affects knowledge accumu-

lation by examining whether
2 2
< L > B ( va(1t) > -0
Ys L+ Ys+ralr)+m

Yoo st
Ya(ye) = vs+
when this condition is satisfied, reducing n; (or more Al adoption) reduces knowledge accumula-

which boils down to:

tion for both Al and entrepreneurs.
The insights obtained from the baseline model remain. First, given that Al has access to more

data points than humans, ; > <, and therefore,

e
s + Vi <1
Y5+
Hence, even if human and Al generate signals of equal precision, we would still expect Al adop-

tion to hinder knowledge accumulation. However, now an offsetting force is introduced: 4 is

increasing in <;. So when 1; is very large, v 4 would also be large, which would make the inequal-
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ity harder to satisfy. This is due to the fact that the signal generated by Al improves in quality in
relation to the overall data quality. However, this offsetting force is likely not strong enough to
overturn the main result of the paper, as we will see in the full model dynamics.

To close the model, we now derive the endogenous share of labor-adopting entrepreneurs. In

this case the value of adopting labor is:
- 1 :
Vl —A-_— -

st
while the value of adopting Al is
VA=A - ! -

rs+va (7)) + 7
Hence the threshold cost of labor is pinned down by
1 _ 1

Ys+raly)+re sty
Thus model dynamics is fully characterized by equations 41 and 42, where the share of labor-

¢ (v, 7f) = Re + (43)

adopting entrepreneurs is given by

ne (e ve) = F (@ (71,71))
and ¢ (¢, ¥{) is given by equation 43.

In contrast to our benchmark model, this system is characterized by two endogenous state
variables representing the information possessed by entrepreneurs and Al, respectively. Figure 16
simulates the economy and carries out the ChatGPT experiment, similar to Section 4. It is observed
that the labor displacement effect is also partially reversed in this case (top right panel). In this
numerical example, we set { = 0.01, indicating that the information possessed by humans is only
1% of that by Al The difference in the overall level of information between <; and { is much
smaller, roughly equal to 60 percent (0.27 vs. 0.16) because of the existence of a public signal.>

Upon a reduction in the cost of Al, the share of Al-adopting firms increases. This displacement
effect is partially reversed as in the baseline experiment. The logic for the reversal is basically
the same as in the baseline experiment: the data quality of Al <; decreases (bottom left panel),
reducing the efficacy and hence the productivity of Al products. However, there is an additional
force here: the relative attractiveness of Al also depends on the efficiency of using labor, which in

this case is endogenous to past information quality up to the coefficient {. The bottom right panel

34Parameters used: p =095,95 = 0.059p = 2,7 = 0.1,74 = 01+ 0.1x v, =05, = 0.01, R = 0.95,Vt. The
function F follows a log normal distribution with a mean of -2 and a standard deviation of 2.
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Figure 16: Model Dynamics with Endogenous AI and Entrepreneur Information Stocks. The
tigure extends the ChatGPT experiment to a setting with two endogenous state variables: Al in-
formation quality ¢ and entrepreneur information quality 7f. Following the cost reduction, Al
adoption rises sharply and then partially reverses, while both information stocks decline relative
to their pre-shock levels. The reversal mechanism therefore survives when human-side informa-
tion accumulation is also endogenous.
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indicates that the change in labor data quality -y decreases to a much lesser extent, indicating that
there is virtually no change in the productivity of labor. This is because { < 1, and therefore the

productivity of labor is less affected by the endogenous evolution of data quality.

C Finite Lookback Window

In the main text, the law of motion for data quality (Lemma 3.4) is derived in the limit where Al
has access to the entire history of past data (T — o). Here we derive the law of motion when Al
is restricted to a finite lookback window of T periods.

With a lookback window of T, the information set at time t consists of the T most recent periods
of public signals and data: Q] = {S;_;, X|_ i XA j}i=04,.,7-1. The key difference from the full-
history case is that when transitioning from Qf | to Q] the agent gains the new period-t signals
{S;, XL, X{*} but loses the oldest signals {S;_1, X! 1, X/ ;} that fall outside the window.

We now derive the posterior variance step by step. Start with the posterior of 6; given the

finite-lookback information set:
Var (etm{) = Var (9t|nf,1,st,xg,xg“> .

Under the full history (T = c0), this would equal 1/ (7 + s + Af®") as in the proof of Lemma 3.4,

2 2
where AMY = 1, ( 75¥7L> 7o + (1 —ny) (%) vp- With a finite lookback window, how-

ever, the prior y; = 1/Var(0;|Q] ;) is less precise than under the full history because Q! | C ;1.

To characterize 7; under a finite window, note that Q) | contains signals from periods t —
1,t—2,...,t — T, while Qtsz contains signals from t —2,t —3,...,t — T — 1. Thus going from
Qf , to QF |, the agent gains {S;_1, X!, X, } (with combined precision s + A™Y) but loses
{St—1-1, Xf_T_l, XéT—l}‘ Since signals from period t — T — 1 provide information about 6;_7_1,
and 0,1 = pTGt,T,l + Z]-Tz_ol pf 1t—1-j, the lost signals carry only pzT times their original precision
for predicting 6;_1. Therefore:

1

Yeo1+ s + AP — 2T [ys + AN ]
Applying the AR(1) transition once more, Var(6;1|Qf) = p?Var(6;|Q]) 4+ 1/y,, we obtain the

Vur(Qf,lthT_l) =
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law of motion for data quality under a finite lookback window:
1 ’ 1 1
Yo et s+ AP — T s+ AP]

where

2 2
YL YA
AT L (1on () ,
! t(vs+n> 7o+ (1=n) Yst+yaty) P

2 2
A — ( ) + (1 —n4_ ( A >
=T T\ Ye+) P (1=n1) Ys+7a+1-r) TP

denote the data precision contributions at dates t and t — T, respectively.

As T — oo, the correction term p?T[ys + A9 — 0 because p < 1, and equation (44) re-
duces to the law of motion in Lemma 3.4. Thus, the infinite-lookback limit is well-defined and the
tractable recursive form we employ in the main text provides a good approximation whenever T

is sufficiently large.

D Data Access Policy

In addition to the Al adoption policy analyzed in the main text, the social planner can also consider
restricting Al’s access to historical data. Specifically, the planner can control the subset of historical

data that Al is allowed to access:
Qf g Qt/ vt/

where O)f* represents the subset of historical data available to Al. The Al’s decision problem under

restricted data access is:

WA(S,, s, Q) = max E(Aj(a}) |8y, s, Ol y).

ay

The following lemma highlights the potential tradeoff faced by the social planner when consider-

ing restricting Al’s access to historical data:

Lemma D.1 Given any Qf | C Q_y, the optimal action of Al is given by

al = E(6, Q8 ,, S, s = s S, + Kyt SR 7 ST 45
t (0:]Q%~1, St,5¢) Y5+ 7a+ K7; t ’)’s+’YA+K’)/tVt vetyatrm (45)

and the value of Al production is given by:

~ 1

VA:A—4 _Rt/
Vs +ra+ Kt
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where « is the ratio of conditional precision given (y_1 and Qf :
. 1/Var{6:|Q } <1,
1 /Var{Gt ‘ Qt—l}
where the last inequality is due to Qf‘_l C O .

The direct cost of limiting Al’s access to data is that it lowers Al productivity, as seen in equa-
tion 45, where introducing ¥ < 1 reduces the value of V4. What is important is not the specific
data points Al can access but the overall quality of the dataset. Therefore, the planner’s decision
comes down to choosing the optimal value of «.

From an individual perspective, there is no advantage to restricting Al’s access to data because
V4 increases with x. However, from a societal standpoint, there is a potential benefit. Restricting

Al’s access to public data (lowering «) forces the Al to rely more on its privately-generated infor-

Ai YA

mation. This can be seen in equation 45, where the weight on Al's private signal s{, ~——H——,

increases as x decreases. Limiting Al’s access to public data “forces” it to focus more on its own
private information, potentially enhancing the quality of the overall dataset, especially in an econ-

omy where Al plays a significant role:

Lemma D.2 Given the current data quality -y and some share of labor adoption ny, from the law of motion

with «:

1 1 1
:pz —|—7,

2 2
Y+l Y+ vs+n (WSZFL%) yp + (1 —ny) (m) D Ty
reducing « leads to higher future data quality (increasing 7y;+1).

From an individual Al user’s perspective, it is always optimal to use 100% of the data available:

- 1
VA=A—-——— R,
Ys+ra+KY
However, the social planner recognizes that the choice of x also impacts aggregate data quality:
. 1
VA=A Ry,

st rater(e)
where 7/ (x) < 0 because constraining public data usage of Al forces it to act more aggressively

upon its own privately generated data, raising overall data quality and hence the value of 7y (see
Lemma D.2).

Thus optimal « solves:

max k7 (x),
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which suggests that setting « to less than 100% can potentially improve welfare. The first-order
condition is straightforward:
gl

K
oK
~—~—
Benefit of Limiting Data Access

01 + =0.

Cost of Limiting Data Access
The first term, <y, represents the cost of restricting Al’s access to data—the higher the quality of
the available dataset, the greater the cost of limiting its use. The second term reflects the societal
benefit of restricting Al’s data access, as this can improve overall data quality and increase the

productivity of future Al systems.

Theorem D.1 With data corruption, long-run data quality decreases. Given this reduction in quality, the

cost of limiting Al's access to data becomes smaller, making such a policy more likely to be socially desirable.

In the presence of data corruption, the quality of data deteriorates over time. As a result, the
cost of restricting Al’s access to data decreases. On the other hand, the benefit of limiting data
access is less sensitive to changes in data quality. Therefore, as the value of 7y declines, the net
benefit of constraining Al’s access to data increases, making it more likely that such restrictions

can improve social welfare.

Endogenous Al signal quality. A natural concern is that restricting Al’s data access (x < 1)
could also impair Al’s ability to generate novel private signals—that is, -y 4 itself may depend on
the richness of the data environment available to Al For instance, modern generative Al systems
trained on larger and more diverse datasets may develop stronger capabilities for producing gen-
uinely new insights (as emphasized in recent advances in reasoning models). If so, restricting data
access could simultaneously (i) improve data quality through the composition channel identified
in Theorem D.1, but also (ii) reduce <y 4, degrading Al’s innovative capacity.

To analyze this channel formally, we adopt the functional form introduced in Appendix B and

allow AI’s signal quality to depend on the data environment AI has access to:

valky) = a+b-xy, (46)
where a > 0 represents Al’s baseline innovative capacity (independent of historical data) and
b > 0 captures the degree to which richer data environments enhance Al’s ability to generate

novel signals. When b = 0, we recover the baseline model where 7 4 is exogenous and the analysis
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of Theorem D.1 applies directly. When b > 0, restricting data access (x < 1) reduces Al’s signal
quality, creating an additional cost of data restriction.

With endogenous 4, the law of motion for data quality (Lemma D.2) becomes

1 1 1

Ye+1 2 +b ? v
nk st () o+ ) (Gt ) w7

where we have substituted 4 (x7;) = a + bx7y; into the Al information term. The key quantity in

this law of motion is the informational content of each Al-generated observation:

a—+ bxy; 2
. 48
(vs+a+(1+b)mt> e )

This expression captures the amount of novel information each Al data point contributes to the

aggregate dataset. To understand how data restriction (x < 1) affects data quality through the law
of motion (47), consider how x changes this informational content. Differentiating the ratio inside

the square with respect to «:
x \1s+at+ (1+0xy) ~ (s ta+ A+bx 7

The sign of this expression is determined by whether bys — a is positive or negative, giving rise to

two cases:

Case 1: a > b7ys (baseline innovative capacity dominates). The derivative in equation (49)
is negative, so reducing x increases the informational content in equation (48). Intuitively, Al's
signal quality y4 = a + bxy has a large exogenous component a that does not depend on data
access. Restricting data forces Al to rely more on this inherent capability, and the numerator
a + bxy falls by less (proportionally) than the denominator s + a + (1 + b)x7y. Thus each Al
observation becomes more informative, raising 741 in equation (47). The qualitative conclusion
from Theorem D.1 carries over: restricting data access improves data quality, and the benefit of
restriction grows as data corruption worsens.

Case 2: a < b7ys (signal quality highly sensitive to data environment). The derivative in
equation (49) is positive, so reducing x decreases the informational content in equation (48). Here
Al's signal quality depends heavily on the data it has access to (b is large relative to ). Restricting
data sharply reduces 7 4, causing the numerator to fall proportionally more than the denominator.
Each Al observation becomes less informative, potentially lowering ;1. This works against the

composition-channel benefit identified in Theorem D.1, and data restriction may reduce welfare.
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The role of 75 in the condition a 2 b-ys deserves brief comment. In the weight Al places on its

a+bxy

private signal, Py (T

, the public signal precision ys appears in the denominator but not in
the numerator, and it does not respond to x. When « is reduced, both the numerator and parts of
the denominator shrink—but s stays fixed. When + is large, this fixed component anchors the
denominator, preventing it from shrinking proportionally as much as the numerator. As a result,
the weight falls and restriction makes Al less reliant on its private signal. Conversely, when g
is small, the denominator responds strongly to «, allowing the weight to rise so that restriction
works as intended.

The condition a 2 bys thus determines whether the main results on data access policy are rein-
forced or overturned by endogenous signal quality. Turning to the planner’s optimal choice of x,
note that the total precision available to Al under endogenous y 4 is ys +a + (1 + b)«y. Since both
the direct-access term (k<) and the signal-quality term (y4 = a + bxy) scale with x, the planner’s

problem is equivalent to maximizing (1 + b)x7y(x) (up to the constant s + a). Differentiating and

simplifying, the first-order condition reduces to the same form as the exogenous case:

¥ + K? =0, (50)
~— K

Cost of Limiting Data Access Benefit of Limiting Data Access

because the (1 + b) factor multiplies both terms and cancels. The structure of the trade-off is
unchanged: the first term is the cost of restricting data access, and the second term is the benefit
through improved data quality. However, the sign and magnitude of g—z now depend on which

case applies. In Case 1, g—z < 0 as in the exogenous model, so restriction is beneficial. In Case 2, 3—1

may be positive, making full access (x = 1) optimal.

Proof of Lemma D.1. Denote ¢/ = 1

W. Hence we have

/

K= 1L

Tt

v =Kk
Then the optimal action by Al is:
ai = E (aﬂ(){‘_l, St, sf‘i)
s 04 YA Ai
= St + +
Yot ratr T sttt ystoyatar

_ Ys S Kyt TA gAi

n n
Ystraten T Ystaat it s toyatry
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Similarly we can easily derive:

VA= A— v
Vst ya KT

O

Proof of Lemma D.2. Define data quality in the same way as before:
B 1
Var (0;]Q%—1)

Following a similar process as in the Lemma 3.3, one can show that X{‘ is an unbiased signal of 6;

Tt

with precision

2
YA

1—n _—

( % (75+7A+K’Yt) D

where m is the loading of Al’s action on its privately generated data (see Lemma D.1).
Thus
1
— = Var(0e|Q)
Tt+1
’ 1
= p"Var (6 Q) + —
Ty
1
— 2 I ywA) L &
= p*Var (611011, 8, X1, X ) + .
2 1 L

= p

2 2
mts b () 0= m) (i) w7
Given that x only shows up in the precision of the Al signal X/, it is straightforward to see that

7t+1 increases when « decreases, holding fixed other equilibrium quantities. []

Proof of Theorem D.1. The tradeoff of « is that reducing x tends to reduce the value of Al adop-
tion, but at the same time allows Al to act more aggressively upon its own private information,
thus integrating more information into aggregate knowledge, raising the value of . In other

words:
- 1
vA=A-

Ts+tyatrly(ct)
The law of motion for 7 can be written compactly as (@, x). The optimal « solves max, ky (@, k),

- R

yielding:
Y + KE;,Y =0.
— K

Cost of reducing Benefit of reducing x
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We now derive ?TZ explicitly. Define the law of motion for - as:

] 1 1 1
H(7,¢,x) = p? , b= —==0

)
’Y+75+”*(751Ln) 7D+(1—”)*(W> w 7

2 1 2 1
P 7 (L=n) sy ————=2(ys + 74 +K7)*7*7D
gy W [ o rowe (i) 0 e
oK o aa—{j N p2 =1 B 7+ %
<7+75+”*(7517L) 1+ (-1 (577 ) 7D>
Note that
oH 1 1
S = . 5 2(1—11)*751(7 v +m)42(vs+m+m)
S A
(A O AR
_(1— _ V4 V4
aﬂ _ <1 2(1—n) TsTyATKY (75+7A+K7)z ’)’D) . 1 .
a’)f YL TA 2 ? ,)/2
Y+ s+ nx (75+7L> o+ (1—n)x* (W) YD
Hence
Iy
0
oK <
Thus the optimal condition is given by
v _
oK K

Let’s simplify the derivative 2 SE and see how it changes with 1 :

2(1—n *7 +7*’YD
2 a-n) A (rstra+xr)’

P
oy [7+75+n*(75+7L> Yo+ (1=n)x (%)%D}
- =

2

—(1—2(1-n)—14 A K )
’ < ( )75+7A+K7 (7S+'YA +K'y)2 D
P w2\
(7+7s+n*(%m) Yo+ (1= (A ) ’YD)

2(1—n)sy —L1—
(1-n)x73 (75+7A+K“Y)3 Y*YD

1
+W2

2

2

rrsn (k) - (e ) o

K _(1-2(1— A TA
’)/ <1 2(1 n)'ys+7A+K7 (75+7A+K7)2K')’D>

o 2+
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v
(wr%ﬂl*(vﬁn) 1o+ (55 ) 7D>

2(1—n)*7% — 1 3 V*¥YD*K
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2
TA
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The denominator becomes:

_ _ _ YA YA
2 (7 2(1-1) 5oy (75+'YA+K')/)2K,Y’)/D> 1

2 2 0
(’Y+’Ys+n* (ﬁ) ’m+(1—n)*(m> fm>

2 —y 1

2 2
v 7
(ry+75+n* (’754{")%) ’YD+(1—TZ)* <75+72+K7> ’)’D)
2(1—11)*7124%7*79*1(
where N is the numerator: N = p? (1574 +7)

2 2 12
Ty ( Tt ) To+(1-n)x <75+1%) 7D}
Note from the law of motion of 7 :

= P

1, 1 1
7 =f : R
THastne () o+ (=) (Gdteg) o
Thus
1_ 1
1 _ Ty
YL 2 YA 2 B PZ
st () o+ - (i)
Substitute:
1_1\2
2 v T
Hence the derivative becomes:
dy v N
K K 1_1\2
i (”pz””) +N
Now, substitute in the first order condition:
_ N __T
_ K

K 1_1\2
1L _ 52 Y
o ()
We have the following equation to pin down 7 :
2

1 1_ 1

2 il T
- =0
! m( ; )

Hence this equation pins down the optimal -y when x is endogenous. The optimum can be solved

in a quadratic equation
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Hence

The root should be
1" 1 1
() =i
because
1 1
T !

Hence to maintain optimal level of 7*, with data corruption, the value of x needs to go down.

Hence

'Y*:'Yn(l_P)

and we can check the conditions under which this is satisfied or not.

We start with a steady state where the cost of Al adoption is very high. Hence the share of Al
adoption is minimal (1 — n ~ 0). In this steady state, the data quality is relatively high. Denote it
by v;,. Assume that 7, > *. To reduce the value of 7y, we need to increase «, but the maximum
value of « is 1. Hence at this steady state x = 1.

We now examine a steady state with data corruption. From the numerical simulation we know
that with data corruption, the Al adoption rate is positive: ¢ < oo and n < 100%. If the data
corruption channel is sufficiently strong, without data regulation the value of steady state y would
drop by a lot. If v < 7* as defined by previous equation, we need to set the value of x to increase
the value of y. From the law of motion of y and Lemma D.2, we know that:

oY

— <0
8K<

Hence to raise the value of v we need « to decrease, which implies that the social planner poten-

tially needs to constrain Al’s access to data to achieve the desirable level of . [
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E Supplementary Quantitative Results

E.1 Equal Information Quality: A Counterfactual

To understand the importance of the data corruption channel, we conduct a counterfactual exper-
iment where Al and human activities generate information of identical quality, setting y4 = L
to 100 for both, while other parameters remain as they were in the baseline calibration. Results
are displayed in Figure 17, comparing the baseline (blue solid line) against the scenario of equal
information quality (red dashed line).

The top left panel shows that, in this counterfactual, the cost reduction needed to achieve 100%
Al adoption in the short term is almost the same as in the baseline. However, the adoption dynam-
ics differ markedly; with equal information quality, there is no significant reversal in Al adoption
rates, which remain close to 100% in the long run, in stark contrast to the 30% reversal observed in
the baseline. This difference arises because data quality does not deteriorate as significantly when
Al generates information of comparable quality to humans. Interestingly, even with equal infor-
mation quality, we observe a gradual decline in data quality over time, attributed to Al’s lesser
reliance on private information compared to humans, and hence Al’s action reveals less private
information and contributes less to aggregate data quality compared to humans. Equal informa-
tion quality implies a reduced data corruption effect, leading to a slower decline in Al’s relative
productivity and sustaining its appeal as an efficient choice for firms in the long term.

This counterfactual experiment concludes that the data corruption channel has a significant
long-term impact on the labor market by diminishing Al’s productivity. In our baseline scenario,
this channel is responsible for reversing 30% of Al’s short-term labor displacement effect. This

reversal is entirely absent when information quality is equalized between humans and Al

E.2 The Role of Public Information

In our baseline calibration, we set the precision of the public signal, s, to zero, which naturally
raises the question of how the model’s dynamics might be affected by lower aggregate uncertainty,
indicated by a higher value of 5. This section explores changes in the model’s behavior with a
more precise public signal.

To start, we set the precision of the public signal ys to 1. With this change, other parameters
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Figure 17: The ChatGPT Experiment with Equal Information Quality. Blue solid: baseline (y4 =
8, data corruption). Red dashed: counterfactual (y4 = 71 = 100, equal quality). With equal
quality, Al adoption remains near 100% with no reversal, and data quality declines only modestly.
The 30% reversal in labor displacement observed in the baseline is entirely attributable to the data
corruption channel.
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FID Score with Higher Public Signal Precision
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Figure 18: FID Score with Higher Public Signal Precision (ys = 1). Red: relative Al quality at
baseline 8% —the FID increase falls short of 300% because higher public signal precision narrows
the gap between human and AI data contributions. Blue: recalibrated Al quality at 1%, which
recovers the 300% FID increase target.

need to be recalibrated, particularly the relative quality of information generated by Al versus hu-
man. Figure 18 illustrates why a recalibration is necessary by comparing two circumstances. The
red line represents the case where the relative information quality remains at the benchmark level
of 8%. However, with a more accurate public signal, this 8% difference is insufficient to achieve
a 300% increase in the FID score. The lower uncertainty environment means that the contribu-
tions of human and Al to data quality are closer, as both are following the precise public signal,
diminishing the data corruption effect and lessening the deterioration in data quality during full
synthetic loops.

To replicate the observed 300% increase in the FID score, we find that the gap in private infor-
mation between Al and humans must be widened. A recalibration indicates that this gap corre-
sponds to Al's relative information quality being at 1% (as shown by the blue line in Figure 18).
All other parameters remain the same as the benchmark calibration.

Figure 19 presents the numerical results when we conduct the ChatGPT experiment under this
scenario of low uncertainty. Following the shock that reduces Al adoption costs, the immediate
spike in the share of Al-adopting firms mirrors the original experiment, almost reaching 100%.
Intriguingly, the reversal effect observed is quite similar to that of the benchmark scenario, with

the equilibrium share of Al-adopting firms stabilizing around 75%. This suggests that even under
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Figure 19: Model Dynamics with Low Uncertainty (s = 1). Blue solid: benchmark calibration.
Red dashed: low-uncertainty calibration with s = 1 and recalibrated y4. Despite different pa-
rameter values, the labor displacement reversal is quantitatively similar (=30%), confirming that
the data corruption channel’s magnitude is robust once calibrated to match FID score evidence.
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conditions of low uncertainty, the data corruption channel remains significant enough to counter-
act 30% of the short-term labor displacement effect.

We conclude that varying the precision of the public signal does not fundamentally change
the impact of the data corruption channel. More critically, it underscores that when the model
is calibrated to replicate the increase in FID score observed during synthetic loops as in the Al
literature, the quantitative magnitude of the data corruption channel is effectively pinned down,

rendering it robust to changes in other model parameters.

Table 1: Selected Works on Data Corruption and AI Model Collapse. The table summarizes
representative papers from May 2023 to July 2024 that document recursive-training failures,
synthetic-data degradation, and related quality losses in generative Al systems.

Title Authors Date

The Curse of Recursion: Training on Generated Data Makes Models Forget Shumailov et al. (Oxford) May 2023
Towards Understanding the Interplay of Generative Artificial Intelligence and the Internet Martinez et al. (Madrid) June 2023
Self-Consuming Generative Models Go MAD Alemohammad et al. (Stanford) July 2023
Are Large Language Models a Threat to Digital Public Goods? Evidence from Activity on Stack Overflow Rio-Chanona et al. (Harvard) July 2023
Will Large-scale Generative Models Corrupt Future Datasets? Hataya et al. (Kyoto) Aug 2023
Generative Artificial Intelligence Enhances Individual Creativity but Reduces the Collective Diversity of Novel Content  Doshi et al. (UCL) Aug 2023
The Curious Decline of Linguistic Diversity: Training Language Models on Synthetic Text Guo et al. (Ecole Polytechnique) Nov 2023
Large Language Models Suffer From Their Own Output: An Analysis of the Self-Consuming Training Loop Briesch et al. (Johannes Gutenberg) Nov 2023
Al-Generated Images Introduce Invisible Relevance Bias to Text-Image Retrieval Xu et al. (Chinese Academy of Sciences) ~ Nov 2023
Nepotistically Trained Generative-Al Models Collapse Bohacek and Farid (Stanford) Nov 2023
Under the Surface: Tracking the Artifactuality of LLM-Generated Data Das et al. (U of Minnesota) Jan 2024
Model Collapse Demystified: The Case of Regression Dohmatob et al. (New York University) — Apr 2024
Self-Consuming Generative Models with Curated Data Provably Optimize Human Preferences Ferbach et al. (Montréal) June 2024
Towards Theoretical Understandings of Self-Consuming Generative Models Fu etal. (USTC) June 2024
Regurgitative Training: The Value of Real Data in Training Large Language Models Zhang et al. (Tsinghua University) July 2024

Note: Papers are listed in chronological order. For the sake of space, only the first academic affiliation is listed. The list

is not meant to be exhaustive.
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