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Abstract
We develop and estimate a Ricardian model of labor displacement under explosive AI growth.
A key feature of the model is that agentic AI, though jagged, can hold an absolute advantage
over humans in every task. Yet wages rise as AI displaces labor, with an elasticity governed by
the jaggedness of the AI capability frontier. At the macro level, explosive but jagged AI growth
generates unbounded growth in the average wage. At the micro level, every worker can gain
without switching sectors, provided AI capabilities are jagged but adoption is sufficiently even
across sectors to prevent Baumol’s cost disease. We estimate the jaggedness of the AI frontier
from micro data comparing human and AI costs on similar tasks, and calibrate the jaggedness
of adoption to occupation-level measures of AI exposure. The estimated model matches the
untargeted wage effects of AI growth observed over 2022–25. If AI capabilities keep growing
at their current pace but remain jagged, the model predicts that average real wages will rise
3.5% per year over the next five years, even as labor is displaced from 30% of tasks. If the AI
frontier were five times less jagged than estimated, displacement would be larger and real wage
gains would all but vanish. Distributional effects are modest: every education group gains, even
without switching sectors, simply by taking over tasks in AI’s blind spots. These results suggest
that AI growth, despite its scale, may be less immiserizing than earlier labor-saving technologies
such as trade or engines, because its capability frontier is more jagged and its adoption more
even across the economy.

1 Introduction
As agentic AI models grow more powerful, many workers fear AI is coming for their jobs. They
worry that AI-driven growth will immiserate them. The fear is not difficult to understand: as
agentic AI becomes more productive, it will perform more and more tasks at lower cost than
human labor, until almost no work remains for humans. The fear harks back to past episodes of
rapid technological progress. A vivid example is the fate of horses at the dawn of the twentieth
century: engines displaced horses, rendering them economically irrelevant and unraveling a rapid
decline in the horse population. Many worry that what engines did to horses, agentic AI will do to
humans.

While the pessimism towards AI is understandable, some economists have presented an
optimistic counter-narrative in which labor is shielded, and even benefits from, explosive AI
growth. These arguments generally share the same fingerprint: they reserve some sanctuary tasks
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for labor that are inherently infeasible for machines. These tasks often require a human touch, and
more of them may emerge with further AI progress. In this view, human-only tasks become the
bottleneck under explosive AI-driven growth and command extraordinary compensation.

This paper offers an alternative view that is equally optimistic but rooted in the jaggedness of
the AI capability frontier. Drawing on Ricardo’s theory of comparative advantage, the argument
runs as follows. Suppose generative AI is more productive than humans at every task, but its
capabilities are jagged. Then AI will not necessarily perform every task. As long as AI capacity
is finite, it is optimal to allocate it to the tasks where its relative advantage is greatest. Humans
select into remaining tasks, freeing AI capacity for more productive uses. Many commentators
have made this argument informally, but it remains unclear how favorable it is for labor. Even if
workers remain relevant, do real wages fall, or does jaggedness prevent immiseration? Answering
these deeper macroeconomic questions requires a formal model.

We develop a dynamic Ricardian assignment model where each good is produced using a
continuum of tasks that can be assigned to either labor or AI. There is nothing that distinguishes AI
output from that of labor for a given task. However, AI capabilities are jagged, meaning that even
though they could perform better than humans at every task, they have blind spots in which the
relative difference is smaller. The optimal assignment is then determined purely by comparative
advantage, whereby humans retreat into blind spots and retain economic value even as capabilities
explode. The framework differs from existing pro-labor theories of AI in one key aspect: it does not
reserve any tasks for humans, nor does it require that human labor maintain an absolute advantage
over AI in some niche tasks.1

The model is used to examine the labor market impacts of explosive but jagged AI growth.
We differentiate between two modes of jaggedness: (1) a jagged frontier, reflecting dissimilarity
between labor and AI productivity profiles across tasks (Dell’Acqua et al., 2026), and (2) jagged
adoption across sectors (Rinehart, 2026). A bold theoretical prediction is that jagged AI-driven
growth will enrich workers without bound, even as agentic AI displaces humans in one task after
another. More remarkably, the gains can materialize even if workers have limited mobility across
sectors. All that is needed is that AI capabilities are sufficiently jagged but adoption is not too
jagged across sectors. Data on early AI growth and adoption suggest that both conditions hold. If
AI capabilities grow at the same pace but remain jagged, humans will be displaced from 30% of
the tasks across all sectors of the economy, but their real wages will rise by about 18.5 percent in
the process. And because AI adoption does not appear extremely jagged, the gains will materialize
even if workers are frozen in their respective sectors and are unable to move.

A notable feature of the model, owing to recent advances in trade theory, is a simple formula

1This differs from Korinek and Suh (2024), Artuç, Bastos and Rĳkers (2023), and Jones and Tonetti (2026) who reserve
some tasks for humans, and Acemoglu and Restrepo (2018), who assume that technological change creates new tasks
in which labor has an absolute advantage. In these models, labor is shielded by sanctuary tasks reserved for humans
at a given date. In our assignment model, however, AI can dominate humans in every task. Yet real wages are shielded
by the selection of humans into niche tasks through the forces of comparative advantage.
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characterizing the AI-driven growth’s impact on the aggregate real wage (𝑤). The formula
chctaerize wage growth in terms of two sufficient statistics: the jaggedness of the AI frontier (1/𝜓)
and displacement, measured as the decline in labor’s share of GDP (𝜋𝐿). Namely,

Δ ln𝑤 = (1/𝜓)︸      ︷︷      ︸
jaggedness

× Δ ln(1/𝜋𝐿)︸        ︷︷        ︸
displacement

Sectoral and occupational wages can be characterized similarly, in terms of frontier jaggedness,
adoption jaggedness, sectoral labor shares, and Domar weights. The fact that more displacement,
reflected in a lower labor share, coincides with higher wages is a manifestation of Ricardian
selection. As the labor share falls, labor productivity on retained tasks grows, raising dollar
earnings, and aggregate productivity rises, increasing the each dollar’s purchasing power. In other
words, the falling labor share is a sufficient statistic reflecting economy-wide productivity gains
from AI growth and labor’s productivity growth through Ricardian specialization. Together, these
forces offset the mechanical effect of displacement on real wages, producing an inverse relationship
between aggregate wages and the labor share. The relationship weakens as AI capabilities become
less jagged, and tend to zero without jaggedness.

The Ricardian micro foundation also un lets us measure the labor market effects of AI without
estimating an aggregate production function. The required elasticity, 1/𝜓, can be recovered
from micro-level data on the cost of humans versus AI on similar tasks. We estimate 𝜓 using
data on 484 software engineering tasks drawn from 12 open-source repositories in SWE-bench
Verified (Jimenez et al., 2024; OpenAI, 2024). AI cost is based on the tokens used by 32 AI system
configurations, released from 2024 through 2026 and evaluated by Epoch AI (Epoch AI, 2026a).
Human cost is based on a professional assessment of the time needed to complete the same task,
multiplied by the hourly wage of a software developer. By the end of the sample, AI completes
75.2 percent of the tasks below human cost, and for the median such task, human cost is 4 times
AI cost. Our two estimation methods yield 𝜓 = 1.14 and 𝜓 = 1.36, so each percent decline in
labor’s share of GDP raises the real wage by 0.7 to 0.9 percent. We calibrate the jaggedness of
adoption using sectoral measures of AI exposure (Eloundou et al., 2024), which proxy for the share
of future AI improvements each sector can absorb. Other sufficient statistics are consumption and
input-output shares, the share of tasks performed by AI in each industry, and the allocation of
workers across industries. We calibrate them to the BEA input-output accounts (U.S. Bureau of
Economic Analysis, 2026), a survey of US workers by Epoch AI and Ipsos (Epoch AI, 2026b), and
the American Community Survey (U.S. Census Bureau, 2024), respectively.

We test the model against historical data, using the goodness-of-fit measure proposed by Adão,
Costinot and Donaldson (2025). The yardstick is whether the calibrated model can reproduce
the effects of AI growth on sectoral wages from 2022 to 2025, which were not targeted in the
calibration. Because many other shocks affected wages over this period, the test asks whether the
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gap between observed and predicted wage changes across sectors is orthogonal to the AI growth
shock. The results are encouraging. The model is not rejected, whether workers remain in their
original sectors or move across sectors. The IV coefficient is 0.8 in the first case and 1.15 in the
second, and both 95 percent confidence sets contain one.

Next, we use the model to simulate the forward-looking impacts of AI growth. We extrapolate
the observed decline in the cost of completing software engineering tasks with AI, 79.1 percent a
year, and assume that the annual rate of decline slows to about 45.8 percent after five years. We
present four results. First, after five years, average real wages rise by 18.5 percent, while labor’s
share of GDP falls from 54.1 to 39.9 percent. With an AI frontier five times less jagged, real output
rises by 102.8 percent, but average real wages rise by only 0.64 percent. Jaggedness is what turns
AI-driven displacement into wage growth. Second, at about the same output growth, jagged
adoption pays workers more than balanced adoption, in which AI improves at the same rate in
every sector. After five years, the difference in annual wage growth increases every year: by year
50, real wages grow by 8.9 percent a year under jagged adoption and 5.7 percent under balanced
adoption. Third, every education group gains, even when workers cannot move across sectors,
with five-year gains that range from 12.5 percent for workers with a bachelor’s degree or more to
31.2 percent for those with high school or less. The reason is that AI-driven displacement leaves
niche tasks to workers within each sector rather than emptying it. Lastly, the Jevons paradox, in
which the knowledge workers that AI displaces gain the most, emerges only if the elasticity of
substitution across sectors exceeds about 2.5.

Related Literature. This paper relates to a growing literature on the aggregate impacts of labor-
substituting technologies (Zeira (1998), Acemoglu and Autor (2011), Acemoglu and Restrepo
(2018), Acemoglu and Restrepo (2022); Hémous and Olsen (2022); Moll, Rachel and Restrepo
(2022); Mookherjee and Ray (2022); Kogan et al. (2023); Autor and Thompson (2025)). In these
models automation often has a displacement effect, which reduces labor demand as tasks are
assigned to machines, and a productivity effect, which raises demand for the tasks labor retains.
Recent work extends these frameworks to explore the effects of AI on labor markets. Aghion, Jones
and Jones (2019), Nordhaus (2021), Trammell and Korinek (2023), Korinek and Suh (2024), Jones
and Tonetti (2026), and Acemoglu (2025), examine whether wages survive rapid AI-driven growth.
The general insight is that wages are shielded if some tasks remain beyond AI’s reach or new
human-only tasks arrive with further growth. Notably, Korinek and Suh (2024) show that a bound
on task complexity produces wage collapse.

A related literature explores the impacts of foreign trade as a labor-substituting technology:
Autor, Dorn and Hanson (2013), Caliendo, Dvorkin and Parro (2019), Traiberman (2019), Dix-
Carneiro and Kovak (2017), and Galle, Rodríguez-Clare and Yi (2023) examine how competition
from trade displaces workers and how the distribution of gains differs across sectors, occupations,
and groups of workers. Artuç, Bastos and Rĳkers (2023) nests automation within a Ricardian

4



model of trade. Real wages in their framework are further shielded from automation through a
range sanctuary tasks that are out reach for machines.

We contribute to this discourse by applying tools from trade theory (Eaton and Kortum (2002);
Arkolakis, Costinot and Rodríguez-Clare (2012); Galle, Rodríguez-Clare and Yi (2023); Costinot and
Vogel (2015); Caliendo and Parro (2015)) to examine the labor market impacts of AI displacement.
Several new results emerge from this marriage. First, real wages grow without bound under
explosive but jagged AI growth, even if no tasks are reserved for humans and agentic AI dominates
humans at every task.2 The aggregate real wage effects of AI displacement are determined by
two sufficient statistics: (1) jaggedness of AI frontier, and (2) change in the labor share of income.
This result opens the door for measurement using observed labor versus AI cost data, without
estimating substitutability within and across tasks. Lastly, if the AI frontier is jagged all workers
can gain from AI-driven growth even if they are stuck in more AI-exposed sectors or occupations.

Finally, our work relates to a growing literature that quantifies the labor market effects of AI.
Freund and Mann (2026) and Althoff and Reichardt (2026) build task-based models in which
workers differ in task-specific skills. Freund and Mann (2026) estimate the distribution of task-
specific skills and show that automating a task reshapes the jobs that bundle it: workers who
chose an occupation for the automated task leave and lose, those skilled in the remaining tasks
gain, and occupational exposure is a poor guide to individual wages. Althoff and Reichardt (2026)
add occupational choice and skill accumulation and identify a third channel besides automation
and augmentation, simplification, which lowers the skills a task requires and drives the fall in
wage inequality in their AI counterfactual. Hampole et al. (2025) argue that occupations whose AI
exposure is concentrated in a few tasks lose less labor demand because workers shift toward the
remaining tasks. Lindenlaub et al. (2026) infer comparative advantage and the cost of using AI from
adoption data, and Lashkari et al. (2026) measure AI training and inference costs. Our framework
condenses all information about the jaggedness of the AI frontier into a single estimable parameter,
which we identify from task costs. Exposure ratings (Eloundou et al., 2024) Then discipline the
jaggedness of adoption across sectors. Our analysis yields two fresh results. First, a jagged frontier
produces large aggregate wage gains. Second, because adoption is not too jagged, these gains
extend to workers at every education level.

2 A Ricardian Assignment Model with Jagged Frontier
We consider a neoclassical economy populated with a fixed number of workers, 𝐿 > 0 , and
endowed with a time-varying stock of AI capacity, 𝑀𝑡 > 0. Production in each date employs labor
and AI capacity. Final production involves a continuum of tasks indexed by 𝑖 ∈ [0, 1], each of which
can be assigned to labor or AI. Each task can be performed by either factor, and because labor and

2The result holds exactly when comparative advantage is unbounded; with a bound on the relative cost advantage the
real wage plateaus after an early rise, whereas Korinek and Suh (2024) obtain wage collapse; and a worker who cannot
leave a sector where AI capability grows much faster than elsewhere can see real earning power fall.
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AI output are perfect substitutes within a task, assignment is governed entirely by comparative
cost advantage. The two factors differ along two dimensions: their productivity profiles across
tasks, and their unit prices. Labor commands a wage rate 𝑤𝑡 and AI stock owners earn a rental
rate 𝑟𝑡 .

Aggregate output and price index. The final output is produced by combining tasks. Let 𝑦𝑡(𝑖)
denote output of task 𝑖, and let 𝜎 > 0 denote the constant elasticity of substitution between tasks.
Final output is a CES aggregation over the outputs of all tasks in [0, 1]:

𝑌𝑡 =

[∫ 1

0
𝑦𝑡(𝑖)(𝜎−1)/𝜎 d𝑖

]𝜎/(𝜎−1)
. (1)

The unit price of the final output is 𝑃𝑡 =
[∫ 1

0 𝑝𝑡(𝑖)1−𝜎 d𝑖
] 1

1−𝜎 , where 𝑝𝑡(𝑖) is the price of task 𝑖. We
assign 𝑌𝑡 as the numeraire at every date, so 𝑃𝑡 ≡ 1. Wages, rental rates, and all other prices are in
real terms, expressed in units of contemporaneous final output.

Ricardian production per task. Production is linear within each task. One unit of labor produces
𝑧𝐿(𝑖) > 0 units of task 𝑖, and one unit of AI produces 𝑧𝑀,𝑡(𝑖) > 0 units of the same task. Let ℓ𝑡(𝑖)
denote labor used on the task and let 𝑚𝑡(𝑖) denote the AI inputs used for it. Then total output is

𝑦𝑡(𝑖) = 𝑧𝐿(𝑖)ℓ𝑡(𝑖) + 𝑧𝑀,𝑡(𝑖)𝑚𝑡(𝑖),
∫ 1

0
ℓ𝑡(𝑖)d𝑖 = 𝐿,

∫ 1

0
𝑚𝑡(𝑖)d𝑖 = 𝑀𝑡 . (2)

Under perfect competition, the task is produced by the factor with the lower unit cost, yielding a
competitive price

𝑝𝑡(𝑖) = min
{
𝑤𝑡

𝑧𝐿(𝑖)
,

𝑟𝑡

𝑧𝑀,𝑡(𝑖)

}
. (3)

Thus, task 𝑖 is assigned to workers if 𝑤𝑡/𝑧𝐿(𝑖) ≤ 𝑟𝑡/𝑧𝑀,𝑡(𝑖) and is assigned to AI otherwise.

Comparative advantage. For each task, there are alternative ideas for how to perform it. Each
idea is specific to either labor or AI, and its productivity is the output produced by one unit of the
corresponding input. We model the stock of worker ideas and the discovery of AI-improving ideas
using Poisson processes. Worker ideas are drawn once and remain fixed, whereas AI-improving
ideas arrive over time, offering a new way to perform the task. The two processes share a task-
specific rate of arrival. Highly productive ideas are rare in both processes. Worker productivity
𝑧𝐿(𝑖) is the productivity of the best worker idea for task 𝑖. AI productivity 𝑧𝑀,𝑡(𝑖) is the productivity
of the best AI idea discovered by date 𝑡. A new AI idea raises productivity only if it is better than
the best available alternative.3

3We follow Kortum (1997) and Eaton and Kortum (2001), and let productivity be determined by the best available idea.
We build on the more general model proposed by Lind and Ramondo (2023) to allow a correlation between worker
and AI productivity within a task. In Lind and Ramondo (2023), ideas spread across locations. Here, worker ideas
remain fixed, AI ideas arrive directly for each task, and ideas do not spread between the two.
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The Poisson process over ideas, together with the assumption that productivity is determined
by the best available idea, implies a nested-Fréchet distribution for worker and AI productivity.
For any 𝑥 and 𝑦 ∈ R+, Appendix A derives the joint distribution:

Pr
[
𝑧𝐿(𝑖) ≤ 𝑥, 𝑧𝑀,𝑡(𝑖) ≤ 𝑦

]
= exp

[
−

{
𝑇𝐿𝑥

−𝜓 + 𝑇𝑀,𝑡𝑦
−𝜓}1−𝜌]

. (4)

Here, 𝑇𝐿 > 0 denotes the stock of worker knowledge; 𝑇𝑀,𝑡 > 0 represents the stock of AI knowledge
available at date 𝑡. The worker knowledge stock is fixed, whereas research spending determines
how quickly the stock of AI knowledge grows. A larger 𝑇𝐿 gives a representative measure of labor’s
absolute advantage across the continuum of task, and a larger 𝑇𝑀,𝑡 serves the same function for AI.
The common tail parameter 𝜃 > 0 regulates dispersion: a smaller 𝜃 implies greater productivity
dispersion across tasks. The parameter 𝜌 ∈ [0, 1) governs the correlation between worker and AI
productivity across tasks, with 𝜌 = 0 corresponding to independence. Altogether, 𝜓 ≡ 𝜃/(1 − 𝜌) is
the Fréchet dispersion parameter, whose inverse 1/𝜓 measures the jaggedness of the AI capability
frontier relative to humans.4 Section 7 estimates 𝜓 directly from this distribution.

A task is assigned to workers whenever worker productivity relative to AI productivity exceeds
the relative wage–rental ratio. At the prevailing factor prices, the joint distribution gives the worker
task share:

𝜋𝐿,𝑡 ≡ Pr
[
𝑧𝐿(𝑖)
𝑧𝑀,𝑡(𝑖)

≥ 𝑤𝑡

𝑟𝑡

]
=

𝑇𝐿

(
𝑤𝑡
𝑟𝑡

)−𝜓
𝑇𝑀,𝑡 + 𝑇𝐿

(
𝑤𝑡
𝑟𝑡

)−𝜓 . (5)

with 𝜋𝑀,𝑡 = 1 − 𝜋𝐿,𝑡 by construction. A smaller 𝜓 means greater differences in labor-vs-AI
productivity profiles and a weaker re-assignment response to relative factor price changes. Because
every positive productivity ratio 𝑧𝐿/𝑧𝑀 is realized, each factor produces some tasks whenever
both factor prices are finite and positive.

The joint distribution determines which tasks workers continue to perform. As AI becomes
more productive, it takes over the tasks on which it has the greatest cost advantage. Workers
sort into a narrower set niche tasks for which their relative productivity is higher. If workers are
left performing only a fraction 𝜋𝐿,𝑡 of all tasks, these will be the task for which they are most
productive: median worker productivity among those niche tasks is higher by a factor of 𝜋−1/𝜓

𝐿,𝑡

than the median across all tasks.

Jaggedness of the AI Frontier (1/𝜓). Many experts describe the AI capability frontier as being
jagged (Dell’Acqua et al., 2026). The notion of jaggedness reflects systematic differences in how
well AI capabilities across tasks vary with perception of difficulty based on human capabilities.
If AI capabilities are jagged, two tasks that appear similar in difficulty for humans may fall on

4A smaller 𝜃 makes very high productivity more common and increases dispersion in absolute productivity. When
𝜌 = 0, worker and AI productivity are independent and 𝜓 = 𝜃; as 𝜌 rises, their productivity profiles become more
similar task by task.
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Figure 1. Jaggedness of the AI capability frontier is regulated by 1/𝜓
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the opposite sides of the difficulty spectrum for agentic AI tools. Our Ricardian framework is
well-suited to analyze this particular aspect of AI-driven growth. Figure 1 illustrates the connection.
Fix the collective frontier of Human capabilities, 𝑇𝐿, and define jaggedness as AI’s relative strength
in relation to the frontier traced by 𝑇𝐿. From the lens of our model, if 𝜓 is high, there is a strong
correlation between Human and AI capabilities. So, the knowledge frontier will become uniformly
dominated by AI as capabilities grow. This leaves fewer pockets of comparative advantage for
human workers to retreat to. However, a lower 𝜓 implies less correlation between human and
AI capabilities. Consequently, humans may retain more pockets of comparative advantage tasks,
even as AI capabilities grow exponentially.

Assignment and equilibrium. Task assignment responds to technology and factor prices. Let
𝜋𝐿,𝑡 denote the fraction of tasks produced by workers and let 𝜋𝑀,𝑡 = 1 − 𝜋𝐿,𝑡 denote the fraction
produced by AI. Applying the cutoff rule in (3) to the distribution in (4) yields

𝜋𝐿,𝑡 =
𝑇𝐿𝑤

−𝜓
𝑡

𝑇𝐿𝑤
−𝜓
𝑡 + 𝑇𝑀,𝑡𝑟

−𝜓
𝑡

, 𝜋𝑀,𝑡 =
𝑇𝑀,𝑡𝑟

−𝜓
𝑡

𝑇𝐿𝑤
−𝜓
𝑡 + 𝑇𝑀,𝑡𝑟

−𝜓
𝑡

. (6)

The above equation states that a factor performs more tasks when its technology improves or its
price falls.

A competitive equilibrium consists of task quantities, factor allocations, task prices, a wage,
and an AI rental rate such that final good producers minimize the cost of producing the final
output bundle under (1); each task is assigned to the lower-cost factor per (3); and the aggregate
resource constraints (2) are satisfied. As shown in Appendix A, the conditional distribution of
task prices is the same among tasks produced by workers and by AI. Productivity differences
adjust the extensive margin of assignment, but conditional on assignment the price of the Human
bundle matches that of the AI. Thus, the average spending per task is the same in both sets, and
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task shares coincide with expenditure shares. Market clearing therefore becomes

𝑤𝑡𝐿 = 𝜋𝐿,𝑡𝑌𝑡 , 𝑟𝑡𝑀𝑡 = 𝜋𝑀,𝑡𝑌𝑡 , (7)

indicating that each factor receives a fraction of the aggregate revenue proportional to the share
of tasks it performs. Combining the assignment share formula with factor market clearing pins
down the relative factor price as [

𝑤𝑡

𝑟𝑡

]1+𝜓
=

𝑇𝐿

𝑇𝑀,𝑡

𝑀𝑡

𝐿
. (8)

Henceforth, let 𝑀̃𝑡 ≡ [𝑇𝑀,𝑡𝑀
𝜓
𝑡 ]1/(1+𝜓) denote the effective AI stock meaning that the supply of AI

raises if either the supply of compute 𝑀𝑡 increases or the AI frontier AI techniques 𝑇𝑀,𝑡 improve
through knowledge accumulation. Substituting the relative factor price back into (6) gives the task
shares directly in terms of technologies and factor supplies:

𝜋𝐿,𝑡 =
[𝑇𝐿𝐿𝜓]1/(1+𝜓)

[𝑇𝐿𝐿𝜓]1/(1+𝜓) + 𝑀̃𝑡

, 𝜋𝑀,𝑡 =
𝑀̃𝑡

[𝑇𝐿𝐿𝜓]1/(1+𝜓) + 𝑀̃𝑡

. (9)

It remains to aggregate tasks given the optimal assignment into aggregate output and price indexes.
The derivation is presented in Appendix A yielding the following representation for aggregate
output as a of productivity fundamentals,

𝑌𝑡 = 𝛾−1
{
[𝑇𝐿𝐿𝜓]1/(1+𝜓) + 𝑀̃𝑡

}(1+𝜓)/𝜓
. (10)

where 𝛾 > 0 is the a constant composed the parameters related to the output aggregator and
productivity distribution.5 Finally, invoking the labor market clearing condition in (7) yields the
following expression for the real wage:

𝑤𝑡 = 𝛾−1
(
𝑇𝐿

𝜋𝐿,𝑡

)1/𝜓
. (11)

The real wage measure worker welfare, as the amount of final good they can purchase with their
earnings. Here 𝛾 and 𝑇𝐿 are constant primitives. So the only time varying factor that affects the
real wage is 𝜋𝐿,𝑡 . And perhaps surpassingly, the real wage becomes higher the smaller the share of
tasks assigned to labor.

3 Displacement Is Not Immiseration
The sufficient statistics formula (11) uncovers a surprising relationship between displacement and
real wages. It is best understood by thinking of humans as collectively trading tasks with a country

5Throughout, we assume that the primitives are positive and finite, and 𝜎 < 1 + 𝜃, so that the price index is finite.
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of AI agents. As labor’s task share 𝜋𝐿,𝑡 shrinks, the gains from trade for labor improve: workers
retreat toward a narrower set of niche tasks, and as a result of specialization, their marginal
productivity grows. Each niche task they produce can be exchanged for an ever-cheaper, ever-wider
range of AI-performed tasks. Somewhat paradoxically, as the labor share approaches zero, the real
wage explodes.

Theorem 1.a (Displacement is not immiseration). If AI capabilities are jagged, AI-driven growth
raises the real wage in inverse proportion to labor’s share of economic tasks, with elasticity 1/𝜓,
representing the degree of frontier jaggedness:

Δ ln𝑤𝑡 = − 1
𝜓

Δ ln𝜋𝐿,𝑡

The labor productivity on human-performed tasks concurrently grows proportionally with 𝑤𝑡 . And as
AI capabilities grow without bound, labor retreats to a vanishingly small set of tasks; yet its real wage
rises without bound:

𝜋𝐿,𝑡 → 0, 𝑤𝑡 → ∞ (12)

The theorem is proved in Appendix B.1, though the machinery is pretty simple. As a stock of
AI 𝑀̃𝑡 grows, it consumes the share of tasks assigned to labor, given by

𝜋𝐿,𝑡 =
[𝑇𝐿𝐿𝜓]1/(1+𝜓)

[𝑇𝐿𝐿𝜓]1/(1+𝜓) + 𝑀̃𝑡

(13)

And as 𝑀̃𝑡 grows infinitely large, 𝜋𝐿,𝑡 goes to zero. And the real wage paid to workers grows with
the decline of 𝜋𝐿,𝑡 at an elasticity 1/𝜓. The joint productivity law then makes every percentile of
productivity among the tasks retained by workers a fixed multiple of the real wage. In other words,
worker productivity also explodes. An distinct feature of the Ricardian assignment model, is that
the niche tasks left to the workers are not expensive bottlenecks. To formalize this, let 𝑠𝐿,𝑡 ≡ 𝑤𝑡𝐿/𝑌𝑡
denote labor’s share of GDP. Factor-market clearing then implies the following.

Corollary 1 (Task and income shares). At every date, labor’s share of GDP equals its share of tasks:

𝑠𝐿,𝑡 = 𝜋𝐿,𝑡 .

This corollary contrasts with the essential task framework of Jones and Tonetti (2026), where a
small set of tasks can command a disproportionately large cost share. Rather than being driven
by such weak links, the explosion in real wages stems from the unbounded growth in labor
productivity as workers select into niche tasks where AI’s relative cost advantage is less pronounced,
precisely the tasks in which human labor retains a much higher relative cost advantage.
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3.1 Displacement Improves Labor Productivity

To connect to our result to task-based models of automation like (Acemoglu and Restrepo, 2018), it
is useful to unbundle the real wage effects of AI-driven growth. Doing so also elucidates why the
real wage growth is independent of the CES production parameter, 𝜎, which plays a canonical
rule in past studies. Let ℋ𝑡 be the set of tasks workers perform, of measure 𝜋𝐿,𝑡 , and let 𝑧̄𝐿,𝑡 denote
the average labor productivity on the tasks retained by workers.

𝑧̄𝐿,𝑡 ≡
[∫

𝑖∈ℋ𝑡

𝑧𝐿,𝑡(𝑖)𝜎−1
] 1

𝜎−1

Each task in ℋ𝑡 costs 𝑤𝑡/𝑧𝐿(𝑖) and its demand is proportional to 𝑌𝑡𝑝𝑡(𝑖)−𝜎, so summing revenue
over ℋ𝑡 gives labor’s income, 𝑤𝑡𝐿 = 𝑌𝑡 𝑤

1−𝜎
𝑡 𝜋𝐿,𝑡 𝑧̄ 𝜎−1

𝐿,𝑡
. Writing in log differences, obtains the

following expression for real wage growth:

Δ ln𝑤𝑡 =
𝜎 − 1
𝜎

Δ ln 𝑧̄𝐿,𝑡︸             ︷︷             ︸
labor productivity on retained tasks

− 1
𝜎
Δ ln(1/𝜋𝐿,𝑡)︸            ︷︷            ︸
dispalcement

+ 1
𝜎
Δ ln(𝑌𝑡/𝐿)︸               ︷︷               ︸

aggregate productivity

. (14)

With worker knowledge frontier 𝑇𝐿 fixed, (10) makes output per worker proportional to
(1/𝜋𝐿,𝑡)(1+𝜓)/𝜓. The realized labor productivity 𝑧̄𝐿,𝑡 is, meanwhile, proportional to (1/𝜋𝐿,𝑡)1/𝜓

because as workers sort into a narrower range of tasks, their productivity in these task would be
greater than the displaced tasks. Altogether, following the derivation in Appendix A.5, we get

Δ ln(𝑌𝑡
𝐿
) =

(
1 + 1

𝜓

)
Δ ln(1/𝜋𝐿,𝑡) Δ ln 𝑧̄𝐿,𝑡 =

1
𝜓

Δ ln(1/𝜋𝐿,𝑡). (15)

Plugging these equations back into Equation (14) yields our sufficient statistics formula under
Theorem 1.a:

Δ ln𝑤𝑡 =
1
𝜓

Δ ln(1/𝜋𝐿,𝑡),

The elasticity of substitution, 𝜎, is absent from this expression because the extensive and intensive
margins of displacement exactly offset each other. This feature of the model opens the door for
measurement with micro-level data without aggregate production function estimation.

3.2 General Distribution

Theorem 1.a invokes the sharp sufficient statistics formulas implied by the Fréchet distribution. We
used Fréchet as the baseline specification because it is built on a solid theoretical micro-foundation
and emerges organically from new discoveries arriving according to a Poisson process. The result
that displacement is not immiseration, nonetheless, goes through under a general distribution. To
demonstrate this, suppose that AI progress is Hicks-neutral across tasks, 𝑧𝑀,𝑡(𝑖) = 𝐴𝑡 𝑧̃𝑀(𝑖), and
let relative productivity advantage 𝑎(𝑖) ≡ 𝑧𝐿(𝑖)/𝑧̃𝑀(𝑖) follow an arbitrary continuous distribution
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𝐺 that admits a density. The distribution could be bounded or unbounded and depend on the
baseline productivity 𝑧̃𝑀 . Ricardian assignment delegates tasks for which 𝑎(𝑖) > 𝑎∗𝑡 to workers,
where 𝑎∗𝑡 = 𝐴𝑡𝑤𝑡/𝑟𝑡 . Thus, a share𝜋𝐿,𝑡 = 1−𝐺(𝑎∗𝑡) of tasks are performed by workers in equilibrium.
Aggregating tasks under this assignment profile using the CES price index yields:6

𝑤𝑡 =
𝑎∗𝑡

Φ(𝑎∗𝑡)
, Φ(𝑎∗) ≡ E

[
𝑧̃𝜎−1
𝑀 min

{
𝑎∗

𝑎
, 1

}1−𝜎] 1
1−𝜎

The following theorem then follows immediately from the resulting structure with a formal proof
provided in Appendix B.2.

Theorem 1.b. Suppose the relative productivity of labor to AI follows a general and potentially
bounded distribution 𝐺:

(i) The real wage rises with displacement wherever 𝐺(𝑎∗) > 0:

d ln𝑤𝑡
d ln(1/𝜋𝐿,𝑡)

=
𝑠𝑀(𝑎∗𝑡)
𝜂(𝑎∗𝑡)

> 0, (16)

where 𝑠𝑀(𝑎∗) is AI’s income share and 𝜂(𝑎∗) ≡ −d ln[1 − 𝐺(𝑎∗)]/d ln 𝑎∗ is the tail elasticity of
the joint productivity distributoin 𝐺.

(ii) Let 𝑎̄ < ∞ denote the upper limit of relative human productivity. Under standard regularity
conditions, unbounded growth in AI capabilities leads to full displacement, but raises real wages
until it plateaus at a positive but finite rate:

𝜋𝐿,𝑡 → 0, 𝑤𝑡 −→ 𝑎̄ · E[𝑧̃𝜎−1
𝑀 ] 1

𝜎−1 . (17)

The theorem states that the real wage rises monotonically to a finite plateau if 𝑎̄ < ∞ and
diverges if the productivity distribution is unbounded, i.e., 𝑎̄ = ∞. Moreover, if AI has an absolute
advantage in every task in the chosen baseline year, which would be the case under 𝑎̄ = 1, then
the real wage converges to AI’s average productivity in that baseline year under explosive AI
growth. More generally, Theorem 1.b states that the distribution of comparative advantage governs
the pace of wage gains and their eventual limit, but not the direction. The pace in (16) is the
ratio of AI’s share of income and the tail elasticity of 𝐺 (the rate at which displacement exhausts
labor’s remaining advantage). The limit, meanwhile, (17) depends on the upper endpoint of 𝐺. If
comparative advantage is bounded, the real wage climbs to a finite plateau rather than collapsing,
even as AI absorbs every task; if it is unbounded, the real wage grows without bound.7 In Korinek
6We assume here that 𝜎> 1and Φ(𝑎∗) is finite. For 𝜎 = 1, Φ(𝑎∗) = exp{−E[ln 𝑧̃𝑀] + E[ln min{𝑎∗/𝑎, 1}]}; all results below
still hold, and E[𝑧̃𝜎−1

𝑀
]1/(𝜎−1) becomes exp{E[ln 𝑧̃𝑀]}. See Appendix B.2.

7A constant tail elasticity is not required for the latter: an unbounded 𝐺 whose tail elasticity grows without bound still
delivers unbounded growth, though at a lower rate than any power of 1/𝜋𝐿,𝑡—see Appendix B.2.
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and Suh (2024), a bound on task complexity lets AI automate every task and the real wage collapses;
here, a hard bound on relative advantage makes the real wage plateau instead, because collapse
would require price of AI services to become exactly zero.8

3.3 Displacement is Leverage

The previous section showed that real wages survive displacement and even grow without bound
as AI capabilities improve. A natural worry is that the benefits of AI growth diminish as AI takes
over more tasks. Here, we show the opposite: that more displacement amplifies the marginal wage
gains from AI growth. To illustrate this point, let 𝑔𝑋 ≡ ¤𝑋/𝑋 denote the growth rate of a generic
variable 𝑋, with 𝑔

𝑀̃,𝑡
denoting The growth in AI capabilities, 𝑀̃𝑡 . When AI performs a narrow

set of tasks, the growth in 𝑀̃𝑡 has little bearing on real wages and consumption. But when AI
performs many tasks, the reduction passes through more broadly to real wages. In particular, the
elasticity of the real wage with respect to the stock of AI capabilities equals the AI-automated
share of tasks over 𝜓:

𝜕 ln𝑤𝑡
𝜕 ln 𝑀̃𝑡

=
𝜋𝑀,𝑡

𝜓
. (18)

The corresponding wage and output growth rates are

𝑔𝑤,𝑡 =
𝜋𝑀,𝑡

𝜓
𝑔
𝑀̃,𝑡
, 𝑔𝑌,𝑡 =

1 + 𝜓

𝜓
𝜋𝑀,𝑡 𝑔𝑀̃,𝑡

(19)

The proof follows from the Ricardian assessment model written in growth algebra. Ricardian task
assignment, per Equation (13), implies 𝑔𝜋𝐿 ,𝑡 = −𝜋𝑀,𝑡 𝑔𝑀̃,𝑡

, indicating that AI growth erodes labor’s
share of tasks in proportion to AI’s current reach. Since the real wage is inversely related to the
labor’s task share, 𝜕 ln𝑤𝑡/𝜕 ln𝜋𝐿,𝑡 = −1/𝜓, the two negative effects convert labor displacement
from tasks into real wage growth. The aggregate output equation ((10)) multiplies the real wage
growth by 1 + 𝜓, yielding the growth division presented above.

An immediate implication of the above result is that faster growth in AI capabilities raises real
wage and output growth in the same proportion. At a given level of automation 𝜋𝑀,𝑡 , doubling
𝑔
𝑀̃,𝑡

doubles both growth rates. As AI capabilities expand further, 𝜋𝑀,𝑡 rises, so subsequent
improvements apply to a larger share GDP and have a larger effect on both wages and output.
Their growth rate nevertheless retains the same ratio 𝑔𝑤,𝑡 = 1

1+𝜓 𝑔𝑌,𝑡 .
9 This differs from Korinek

and Suh (2024), where automation reduces the number of tasks reserved for workers, while capital

8Fréchet productivity is used because it delivers a closed form, not because it delivers an optimistic result. Under it the
response of the real wage to displacement in (16) is the constant 1/𝜓, so the real wage is an exact power function of
1/𝜋𝐿,𝑡 at every task share, while Theorem 1.b requires no such assumption. Appendix B.2 shows that limiting labor’s
comparative advantage to a finite upper bound 𝑎̄ multiplies that response by 1 − (𝑎∗

𝑡
/𝑎̄)𝜓 at 𝜎 = 1, where 𝑎∗

𝑡
is the

cutoff comparative advantage at which tasks shift to AI. That factor is close to one while the cutoff is well below 𝑎̄ and
falls to zero as the cutoff approaches 𝑎̄, so a bound makes wage gains smaller rather than larger.

9Section (7) estimates 𝜓 = 1.36, which implies 1/(1 + 𝜓) ≈ 0.42. Based on these estimates, real wages grow by 0.42
percent for every 1 percent increase in output.
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accumulation raises the productivity of workers who remain. So, wages continue to grow only if
capital accumulation keeps pace with automation and enough tasks remain exclusive to workers
to retain labor scarcity.10

3.4 Unbounded Real Wage Growth under Singularity

Next, we examine a recursive self improvement loop that leads to economic singularity in finite
time. To this end, suppose a fixed fractions 𝑠𝐼 > 0 and 𝑠𝑅 > 0 of output is respectively allotted to
AI installation and research, with 𝑠𝐼 + 𝑠𝑅 < 1. Pre-existing AI stock depreciates at rate 𝛿 ≥ 0, while
each unit of research spending replenishes the stock through improved capabilities, raising it by
𝜂 > 0 units. For expositional purposes, we keep the mode purposely simple here, treating 𝑠𝑅 and
𝑠𝐼 as fixed primitives rather than deriving them from equilibrium investment decisions. The two
factors contributing to the AI stock evolve according to

¤𝑀𝑡 = 𝑠𝐼𝑌𝑡 − 𝛿𝑀𝑡 , ¤𝑇𝑀,𝑡 = 𝜂𝑠𝑅𝑌𝑡 . (20)

The first equation describes the growth in AI capacity through installation; the second describes
growth in AI techniques through R&D. Output and prices at each date are determined by the
same competitive equilibrium described in Section 2.

This simple recursive self improvement reiterate the same labor enrichment result but over
a finite time horizon. Because a fixed share of output is allocated to expanding AI capacity,
investment eventually exceeds depreciation, and the resulting feedback drives the AI stock to
infinity at a finite date (i.e., the singularity). In the process, AI takes over nearly all tasks and
workers retreat to the few niche tasks where their productivity relative to AI is greatest. And
following the same mechanism outlined earlier, their real wage rises without bound on the path to
the singularity.11 The following theorem formalizes this point.

Theorem 2 (The singularity pays workers). Under recursive AI growth, the AI capabilities diverge
at a finite date 𝑡∞. Moreover, the wage grows without bound while the labor share vanishes:

𝜋𝐿,𝑡 ≍ (𝑡∞ − 𝑡)𝜓 , 𝑤𝑡 ≍ (𝑡∞ − 𝑡)−1 , (21)

As 𝑡 approaches 𝑡∞, the real wage rises at a rate that is proportional to the inverse time remaining to
singularity but independent of jaggedness, 𝜓.

10It is important to understand that this result is about the purchasing power of labor, not its income share. The labor
share of income falls as AI performs more tasks. However, even though workers are stuck in small pockets of GDP,
their wages have high purchasing power because growth in AI capabilities lowers the cost of performing most tasks,
making consumer goods cheaper.

11For positive 𝑓 and ℎ, 𝑓𝑡 ≍ ℎ𝑡 as 𝑡 ↑ 𝜏 < ∞ means that 𝑓𝑡/ℎ𝑡 is bounded above and bounded below by a positive
constant for all 𝑡 sufficiently close to 𝜏.
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The intuition behind singularity happening over a finite time horizon is simple. More AI stock
raises output, a fixed share of which finances additional AI stock. Once recursive AI growth dwarfs
depreciation, we get 𝑌𝑡 ≍ 𝑀̃

1+1/𝜓
𝑡 , so ¤̃

𝑀𝑡 ≍ 𝑀̃
1+1/𝜓
𝑡 . Since the exponent exceeds one, the percentage

growth rate rises with the level: each doubling takes less time than the last, and the total time
required for infinitely many doublings is finite, denoted by 𝑡∞. The noted growth equation implies
𝑀̃𝑡 ≍ (𝑡∞ − 𝑡)−𝜓, which combined with the fact that labor’s task share is inversely proportional to
𝑀̃𝑡 , implies 𝜋𝐿,𝑡 ≍ (𝑡∞ − 𝑡)𝜓. Accordingly, since 𝑤𝑡 ∝ 𝜋

−1/𝜓
𝐿,𝑡

, we obtain 𝑤𝑡 ≍ (𝑡∞ − 𝑡)−1 as stated in
Theorem (2). The bottomline is that jaggedness 1/𝜓 determines how quickly labor is displaced
from tasks but is irrelevant for the rate at which the real wage explodes.

4 Jagged Adoption Benefits Workers
Thus far we have modeled the economy as a single aggregate sector, which of course overlooks the
possibility that AI adoption could be concentrated in a handful of sectors. Jagged AI adoption
across sectors can have starkly different labor-market consequences than balanced adoption that
affects the entire economy. It turns out that jagged adoption is, if anything, actually more enriching
for workers.The intuition is straightforward. When AI adoption is concentrated in certain sectors,
it simply creates more room for labor to gain from comparative advantage, not only across tasks
within sectors but also across sectors themselves.

We formalize this point by extending the baseline model, adding a finite number of sectors
𝑠 ∈ {1, . . . , 𝑆}. Sector 𝑠 produces 𝑌𝑠,𝑡 at price 𝑃𝑠,𝑡 by aggregating over a continuum of tasks similar
to the baseline economy. Labor and AI productivity across tasks within a sector follow a Fréchet
distribution, mirroring the single sector case. The Fréchet dispersion parameter 𝜓 > 0 is the same
across sectors, but labor productivity 𝑇𝐿𝑠 is sector-specific and fixed, and stock of AI techniques is
also sector-specific 𝑇𝑀𝑠,𝑡 , but evolves over time.

We assume no frictions to the mobility of labor and AI agents across sectors. Sector 𝑠 uses 𝐿𝑠,𝑡
units of labor and 𝑀𝑠,𝑡 units of AI services, with market clearing conditions requiring

∑
𝑠 𝐿𝑠,𝑡 = 𝐿

and
∑
𝑠 𝑀𝑠,𝑡 = 𝑀𝑡 . The wage rate 𝑤𝑡 and AI rental rate 𝑟𝑡 is equalized across sectors as a result of

perfect mobility. Final demand is a Cobb–Douglas aggregator over sector-level output, with 𝛽𝑠 > 0
denoting sector 𝑠’s expenditure weight, with

∑
𝑠 𝛽𝑠 = 1. Thus, aggregate output 𝑌𝑡 and the unit

price index are given by

𝑌𝑡 =

𝑆∏
𝑠=1

(
𝑌𝑠,𝑡

𝛽𝑠

)𝛽𝑠
, 𝑃𝑡 =

𝑆∏
𝑠=1

𝑃
𝛽𝑠
𝑠,𝑡 ≡ 1. (22)

Ricardian assignment within each sector implies the following equation describing the share 𝜋𝑀𝑠,𝑡

of tasks assigned to AI and the resulting price index:

𝜋𝑀𝑠,𝑡 =
𝑇𝑀𝑠,𝑡(𝑤𝑡/𝑟𝑡)𝜓

𝑇𝐿𝑠 + 𝑇𝑀𝑠,𝑡(𝑤𝑡/𝑟𝑡)𝜓
, 𝑃𝑠,𝑡 = 𝛾𝑠𝑤𝑡

[
𝑇𝐿𝑠 + 𝑇𝑀𝑠,𝑡(𝑤𝑡/𝑟𝑡)𝜓

]−1/𝜓
. (23)
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where 𝛾𝑠 > 0 is fixed price shifter composed of constant parameters. The fraction 𝜋𝑀𝑠,𝑡 also
represents AI’s share of expenditure in sector 𝑠, with labor performing the remaining fraction
1 − 𝜋𝑀𝑠,𝑡 . Factor market clearing, therefore, pins down the relative factor price 𝑤𝑡/𝑟𝑡 as∑

𝑠

𝛽𝑠𝜋𝑀𝑠,𝑡 =
𝑀𝑡

𝑀𝑡 + (𝑤𝑡/𝑟𝑡)𝐿
. (24)

The left side represents the share of final expenditure paid to AI services across all sectors, and the
accounting representation of the AI input cost share. Since 𝜋𝑀𝑠,𝑡 increases with 𝑤𝑡/𝑟𝑡 for all 𝑠, the
equation has a unique positive solution. Given that solution, Cobb–Douglas aggregation and the
income accounting identity 𝑌𝑡 = 𝑤𝑡𝐿 + 𝑟𝑡𝑀𝑡 yield the following expression for the real wage:12

𝑤𝑡 =
∏
𝑠

𝛾−𝛽𝑠
𝑠

(
𝑇𝐿𝑠

𝜋𝐿𝑠,𝑡

) 𝛽𝑠
𝜓𝑠

 . (25)

Real output is given by 𝑌𝑡 = 𝑤𝑡

(
𝐿 + 𝑀𝑡

𝑤𝑡/𝑟𝑡

)
. To compare broad and narrow AI progress, we

introduce sectoral heterogeneity in AI progress as follows: let 𝐴𝑡 > 0 be a common AI productivity
index that grows without bound. Sector 𝑠 follows the power path

𝑇𝑀𝑠,𝑡 = 𝑇𝑀𝑠,0𝐴
𝜈𝑠
𝑡 , 𝑇𝑀𝑠,0 > 0. (26)

with the nonnegative exponent 𝜈𝑠 denoting the adoption rate of sector 𝑠, the fraction of each
advance in the common index that becomes productive in that sector. At least one sector has a
positive 𝜈𝑠 , and those with 𝜈𝑠 = 0 do not experience any growth in AI techniques.

This setting is particularly useful for showcasing how AI progress affects output and wages in
different ways. Each sector has a fixed weight 𝛽𝑠 in aggregate output, so overall output growth
reflects average AI progress across sectors, namely,

∑
𝑠 𝛽𝑠𝜈𝑠 . Workers, however, sort into sectors

where AI improvement is sluggish. So, progress in those lagging sectors determines how quickly
the worker wages fall relative to AI rental rates. If AI adoption is balanced across sectors, workers
have no lagging sector to retreat to, so real wages grow less. If AI capacities experience zero growth
in at least one sector, workers retreat to that sector preventing 𝑤𝑡/𝑟𝑡 from falling further. This pegs
the labor share of GDP and causes real wages to grow at the same rate as output.

Theorem 3 (Jagged adoption benefits workers). When sector-level AI capabilities grow as
𝑇𝑀𝑠 ∝ 𝐴𝜈𝑠 with 𝐴→ ∞, then

𝑔𝑤

𝑔𝑌
−→ 1 − 𝜓

1 + 𝜓
min𝑠 𝜈𝑠∑
𝑠 𝛽𝑠𝜈𝑠

∈
[ 1
1 + 𝜓

, 1
]
. (27)

12The specific details about sectoral employment and AI allocation in equilibrium are provided in Appendix B.5.
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Labor’s income share vanishes if AI advances in every sector (𝜈𝑠 > 0 for all 𝑠) and converges to a
strictly positive limit if adoption is jagged (𝜈𝑠 = 0 for some 𝑠).

Appendix B.5 provides the formal proof for this theorem. The same logic underpins how
employment evolves across sectors. If AI capabilities advance broadly across all sectors, employment
concentrates in the slowest growing sectors for which min𝑠 𝜈𝑠 . And if min𝑠 𝜈𝑠 = 0, employment in
every growing sector converges to zero. Balanced AI adoption therefore creates an environment
where real wages grow most slowly relative to output.13

Corollary 2 (Balanced vs jagged adoption). If labor is perfectly mobile across sectors: Balanced AI
adoption across sectors is the worst-case scenario for labor wage growth. By contrast, strictly jagged adoption,
in which some sectors see no AI gains at all, lets workers capture most of the growth surplus, with real wages
rising proportionally with output.

Intuitively, sectors experiencing low AI-driven productivity growth become relatively expensive,
following the same logic as Baumol’s (1967) cost disease. Labor concentrates in these lagging
sectors and commands a wage proportional to their price, which rises relative to the economy-wide
price index through rapid AI-driven growth elsewhere. For these reasons, the real wage 𝑤𝑡
grows faster under jagged adoption than under balanced adoption. Importantly, the unit elasticity
of substitution across sectors prevents lagging sectors from dragging down aggregate growth.
But this would not be the case under complementarity, where the lagging sectors eventually
regulate the aggregate growth rate (Aghion, Jones and Jones, 2019) and block the passthrough of
AI-driven productivity growth to wages. In the limit with Leontief aggregation across sectors,
sharp jaggedness (min𝑠 𝜈𝑠 ≠ 0) delivers

𝑔𝑤

𝑔𝑌
−→ 1

1 + 𝜓
,

[
Leontief aggregation

]
indicating that jagged and balanced adoption have the same effect on the real wage. It is important
to note that the analysis so far assumes labor moves across sectors without frictions. Under the
labor mobility frictions we explore later, the Baumol effect can erode real wages for workers stuck
in fast-adopting sectors. Their wages are tied to the price of their own sector’s output, which
falls in relative terms due to fast adoption, while lagging sector goods in the consumption basket
become more expensive.

13The concentrated progress result depends on Cobb–Douglas demand: with 𝜎𝑈 ∈ (0, 1), the expenditure shares of
sectors with AI progress fall to zero, 𝑤𝑡/𝑟𝑡 is pinned down by sectors with fixed intensity, and 𝑤𝑡 and 𝑌𝑡 approach
finite positive limits, so this result does not determine the limiting ratio of real wage growth to output growth;
Appendix B.6 gives the equations, proof, and limiting real wage.
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4.1 Input–Output Linkages

Our analysis so far assumes that humans or agentic AI perform tasks without using intermediate
tools or inputs. Now we introduce a more realistic model where AI and humans use a Cobb-
Douglas bundle of intermediate inputs from various sectors. Specifically, the primary input has
a weight 𝛼𝑠 ∈ (0, 1] in production and uses a intermediate input bundle with share Γ𝑘𝑠 sourced
from sector 𝑘. The price of task 𝑖 per Ricardian assignment is

𝑝𝑠,𝑡(𝑖) = min
{
𝑤

𝛼𝑠
𝑡

𝑧𝐿𝑠(𝑖)
,

𝑟
𝛼𝑠
𝑡

𝑧𝑀𝑠,𝑡(𝑖)

}
×

∏
𝑘

𝑃
Γ𝑘𝑠
𝑘,𝑡

Let 𝜆𝑠 be sector 𝑠’s Domar weight, which is its final good plus intermediate output relative to GDP,
with Λ ≡ ∑

𝑠 𝜆𝑠 .14 The share of tasks assigned to AI in equation (23) is given by

𝜋𝑀𝑠,𝑡 =
𝑇𝑀𝑠,𝑡(𝑤𝑡/𝑟𝑡)𝛼𝑠𝜓

𝑇𝐿𝑠 + 𝑇𝑀𝑠,𝑡(𝑤𝑡/𝑟𝑡)𝛼𝑠𝜓
, 𝜋𝐿𝑠,𝑡 = 1 − 𝜋𝑀𝑠,𝑡 . (28)

with the elasticity of 𝜋𝑀𝑠,𝑡/𝜋𝐿𝑆,𝑡 w.r.t. the wage-to-rental rate 𝑤𝑡/𝑟𝑡 given by 𝛼𝑠𝜓 rather than 𝜓 in
the baseline model. The variant of equation (24) describes factor market clearing, with the value
added shares 𝛼𝑠𝜆𝑠 in place of 𝛽𝑠 , and the aggregate labor share of GDP is 𝑠𝐿,𝑡 =

∑
𝑠 𝛼𝑠𝜆𝑠𝜋𝐿𝑠,𝑡 ,

which is a value added weighted share of tasks done by workers. as shown in Appendix B.9, the
real wage continues to follow a simple sufficient statistics formula:

𝑤𝑡 =
∏
𝑠

[
𝛾−𝜆𝑠
𝑠

(
𝑇𝐿𝑠

𝜋𝐿𝑠,𝑡

) 𝜆𝑠
𝜓

]
. (29)

This equation differs from the baseline equation (11), in that displacement in sector 𝑠 contributes
to the real wage based on the Domar weight, 𝜆𝑠 , rather than the final consumption weight 𝛽𝑠 .
The fact that Λ =

∑
𝑠 𝜆𝑠 > 1 reflects a larger passthrough from displacement to real wages due to

standard amplification effects through the input-output network. With 𝛼𝑠 = 1 in every sector, the
model nests the baseline model as 𝜆𝑠 = 𝛽𝑠 . Given the constancy of 𝛾𝑠 and 𝑇𝐿𝑠 the change in real
wage due to a growth in AI capabilities at any point in time is

Δ ln𝑤 = − 1
𝜓

∑
𝑠

𝜆𝑠 Δ ln𝜋𝐿𝑠 . (30)

Since the weights sum to Λ > 1, an across the board one percent fall in the share of tasks performed
by workers raises the real wage by Λ/𝜓, which is greater than 1/𝜓 percent implied by the model
that overlooks input-output effects.

14Specifically, 𝜆 = (𝐼 − Γ)−1𝛽 where 𝛽𝑠 denotes the final expenditure shares. Thus, 𝛼𝑠𝜆𝑠 represents the value added
share which add up to one.
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A variant of our multi-sector Theorem 3 carries over with minor amendments. Suppose AI
capabilities grow following 𝑇𝑀𝑠,𝑡 = 𝑇𝑀𝑠,0𝐴

𝜈𝑠
𝑡 , all else the same, where 𝜈𝑠 ≥ 0, with strict inequality

in at least one sector. As 𝐴𝑡 → ∞, the growth in real wage relative to aggregate output tends to

𝑔𝑤

𝑔𝑌
−→ 1 − 𝜓∑

𝑠 𝜆𝑠𝜈𝑠
min
𝑠

{
𝜈𝑠

1 + 𝛼𝑠𝜓

}
∈

[
Λ

Λ + 𝜓
, 1

]
. (31)

Since Λ > 1, the share of output growth appearing as wage growth under balanced adoption
is higher with intermediate inputs than without them. The lower bound Λ/(Λ + 𝜓) is strictly
greater than the bound without input-output loops.15 Two factors contribute to the higher floor.
First, input-output loops amplify the consumer gains from AI-driven growth, which manifests
itself as a fall in the cost of goods relative to the wage rate. Moreover, as intermediate inputs
become cheaper and more productive, the marginal productivity of labor indirectly benefits from
AI-driven growth, putting upward pressure on wages—a force that is absent in the baseline model
without intermediate input use.16

5 Wage Growth without Sectoral Mobility
A common concern with any rapid technological progress is that workers may not be able to adapt
because of frictions to labor mobility across sectors. This section argues that the welfare gains
from AI growth can materialize despite high frictions to labor mobility across sectors. This is
precisely what separates AI growth from other technological shocks like trade openness. To show
this, extend our multi-sector model to allow for multiple groups of workers that sort into sectors
based on their potential earnings à la Roy (Costinot and Vogel, 2015; Galle, Rodríguez-Clare and
Yi, 2023). To this end, partition workers into groups indexed by 𝑔, each with population mass
𝐿̄𝑔 > 0. Because labor mobility is subject to frictions across sectors, each sector pays a wage 𝑤𝑠,𝑡
per efficiency unit of labor. An individual’s wage income is if working in sector 𝑠 is 𝑤𝑠,𝑡𝑧𝑠 , where
𝑧𝑠 is their efficiency drawn the group-level multivariate Fréchet distribution

𝐹𝑔(z) = exp

(
−

∑
𝑠

𝑎𝑔𝑠𝑧
−𝜅𝑔
𝑠

)
, 𝜅𝑔 > 1,

The parameter 𝑎𝑔𝑠 ≥ 0 represents the group 𝑔’s overall productivity to sector 𝑠, and 𝜅𝑔 governs
the dispersion in worker productivity across sectors. 𝜅 therefore reflects frictions to labor mobility,

15The worst case scenario is when the adoption rate 𝜈𝑠 is proportional to 1 + 𝛼𝑠𝜓. The best case is jagged adoption
where min𝑠{ 𝜈𝑠

1+𝛼𝑠𝜓 } = 0,in which case 𝑔𝑤
𝑔𝑌

−→ 1. See Appendix B.9 for details.
16Our analysis assumes that productivity 𝑧 is Hicks-neutral. We could instead model productivity as a shifter specific to

each primary factor: 𝑝𝑠,𝑡 (𝑖) = min
{
( 𝑤𝑡
𝑧𝐿𝑠 (𝑖) )

𝛼𝑠
, ( 𝑟𝑡
𝑧𝑀𝑠,𝑡 (𝑖) )

𝛼𝑠
}
×∏

𝑘 𝑃
Γ𝑘𝑠
𝑘,𝑡
. In this case, intermediate inputs do not influence

the task share assigned to humans versus agentic AI. The share will be still described by equation (23). Also, the change
in the real wages will become Δ ln𝑤 = − 1

𝜓
∑
𝑠 𝛼𝑠𝜆𝑠 Δ ln𝜋𝐿𝑠 . Since

∑
𝑠 𝛼𝑠𝜆𝑠 = 1, this case weakens the amplification

effects of input-output linkages. See Appendix C.2 for further details.
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Because more dispersion means that workers cannot easily move sectors because they are unlike
to command the same income in a different sector.17 The Fréchet structure yields closed-form
expressions for group-level earnings and employment shares across sectors. Namely, the share of
group 𝑔 workers employed in sector 𝑠 and the group’s average earnings are

𝜇𝑔𝑠,𝑡 =
𝑎𝑔𝑠𝑤

𝜅𝑔
𝑠,𝑡∑

𝑘 𝑎𝑔𝑘𝑤
𝜅𝑔
𝑘,𝑡

, 𝑊𝑔,𝑡 = Γ

(
1 − 1

𝜅𝑔

) (∑
𝑠

𝑎𝑔𝑠𝑤
𝜅𝑔
𝑠,𝑡

)1/𝜅𝑔

.

The group’s average real income is thus𝑊𝑔,𝑡 . A larger 𝑎𝑔𝑠 draws more workers from group 𝑔 to
sector 𝑠 at a given wage vector and a larger 𝑤𝑠,𝑡 draws workers from all groups who can feasibly
work in that sector. Labor-market clearing equates the supply and demand for labor in sector 𝑠

𝑤𝑠,𝑡ℓ𝑠,𝑡 =
∑
𝑔

𝐿̄𝑔𝜇𝑔𝑠,𝑡𝑊𝑔,𝑡 = 𝛽𝑠𝜋𝐿𝑠,𝑡𝑌𝑡 ,

with ℓ𝑠,𝑡 denoting equilibrium employment in efficiency units in that sector and 𝜋𝐿𝑠,𝑡 is the share
of tasks assigned to labor in that sector:

𝜋𝐿𝑠,𝑡 =
𝑇𝐿𝑠

𝑇𝐿𝑠 + 𝑇𝑀𝑠,𝑡(𝑤𝑠,𝑡/𝑟𝑡)𝜓
,

Here, 𝜅𝑔 governs mobility across sectors, and labor becomes frozen in their respective sectors in
the limiting case where 𝜅 ↓ 1, representing what is considered a specific factors economy. As before,
𝜓 > 0 governs comparative advantage between workers and AI within sectors. The real income of
workers in group 𝑔:

𝑊𝑔,𝑡 = Γ

(
1 − 1

𝜅𝑔

)
𝑌𝑡

[∑
𝑠

𝑎𝑔𝑠

(
𝛽𝑠𝜋𝐿𝑠,𝑡
ℓ𝑠,𝑡

)𝜅𝑔 ]1/𝜅𝑔

, 𝑌𝑡 =
∏
𝑠

[
Φ𝑠ℓ𝑠,𝑡𝜋

− 1+𝜓
𝜓

𝐿𝑠,𝑡

]𝛽𝑠
.

where Φ𝑘 ≡ 𝑇
1
𝜓

𝐿𝑘
/𝛾𝑘𝛽𝑘 is a sector-level constant. AI capability grows according to 𝑇𝑀𝑠,𝑡 = 𝑇𝑀𝑠,0𝐴

𝜈𝑠
𝑡 ,,

with 𝜈𝑠 ≥ 0 and positive average progress:
∑
𝑠 𝛽𝑠𝜈𝑠 > 0. An interesting special case emerges when

labor is frozen to a given sector: ℓ̂𝑠
��
𝜅↓1 = 1. In this case, the percent change in real wages from

growing AI capabilities can be expressed as

Δ ln𝑤𝑠 |𝜅↓1 = Δ ln𝜋𝐿𝑠 − 1 + 𝜓

𝜓

∑
𝑠′

𝛽𝑠′Δ ln𝜋𝐿𝑠′

�����
𝜅↓1

.

17We do not assume that every education group can work in every sector. Instead we impose that for every group
𝑔, there is at least one sector for which 𝑎𝑔𝑘 > 0 , and that every sector has positive employment in the baseline
equilibrium.
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The first term captures the downward pressure on wages as AI performs more tasks in sector
𝑠, with better capabilities. The second term captures the increase in purchasing power through
aggregate productivity growth. Greater AI capabilities raise aggregate output across all sectors,
raising the purchasing power of wages. Appendix B.7 establishes a real wage floor per sector: there

is a constant 𝑐𝑠 > 0, independent of 𝐴𝑡 , such that 𝑤𝑠,𝑡 ≥ 𝑐𝑠𝐴
1
𝜓

∑
𝑘 (𝛽𝑘𝜈𝑘 )− 𝜈𝑠

1+𝜓
𝑡 . Moreover, even when

frictions to labor mobility across sectors are prohibitive then the elasticity of real wage w.r.t. AI
productivity growth is

d ln𝑤𝑠,𝑡
d ln𝐴𝑡

����
𝜅↓1

−→ 1
𝜓

∑
𝑘

𝛽𝑘𝜈𝑘 −
𝜈𝑠

1 + 𝜓
.

Thus unless AI adoption is extremely jagged across industries, real wages benefit from AI growth
across the board even when workers cannot switch sectors. The following proposition formalizes
this result in terms of growth calculus.

Theorem 4 (Wage divergence). As AI capabilities grow, 𝐴𝑡 → ∞, a worker employable only in
sector 𝑠 receives the following share of output growth:

𝑔𝑤𝑠
𝑔𝑌

����
𝜅↓1

−→ 1 − 𝜓

1 + 𝜓
𝜈𝑠∑
𝑘 𝛽𝑘𝜈𝑘

And regardless of workers’ profiles and their mobility across sectors,a

max𝑠 𝜈𝑠∑
𝑘 𝛽𝑘𝜈𝑘

<
1 + 𝜓

𝜓
=⇒ every worker’s real wage grows without bound

aUnder the strict reverse inequality, the real wage of a worker employable only in the sector with the fastest AI
adoption falls to zero.

The flip side of the above result is that if max𝑠 𝜈𝑠∑
𝑘 𝛽𝑘𝜈𝑘

>
1+𝜓
𝜓 , AI adoption is so much faster in one

sector than the rest of the economy that a worker who cannot leave that sector eventually sees their
real earning power approach zero. The reason is that jagged adoption will produce a Baumol’s
cost disease effect. Sectors that are slow to adopt will become increasingly expensive relative
to fast-adopting sectors. So, workers in fast-adopting sectors will see the purchasing power of
their wage fall w.r.t. the consumer goods purchased from lagging sectors. That being said, the
condition in Theorem 4 is satisfied based on our forthcoming estimation. The left-hand side is
(max𝑠 𝜈𝑠)/

∑
𝑘(𝛽𝑘𝜈𝑘) ≤ 1.63 in every year of our counterfactual, compared with (1 + 𝜓)/𝜓 = 1.74.

So, in this simple setting, even a worker stuck in the sector experiencing the fastest AI adoption
will see their real wage grow at no less than 6.06 percent of the rate of output growth.18

18The result holds in a weaker form in an economy where production involves fixed or slowly growing sector-specific
capital like machinery. In that case, increased demand raises the cost of capital intensive goods. This limits the gain in
the purchasing power of wages and can lower the real wages of workers in some sectors even when the condition in
Theorem 4 holds. Appendix C.9 derives the formula describing real wage growth under fixed capital.
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5.1 The Jevons Paradox

We close this section with a remark on the Jevons paradox, the idea that agentic AI growth can
make cognitive tasks so productive that the resulting demand boost for knowledge work outweighs
the displacement effect, raising knowledge workers’ wages relative to the rest of the economy
(Jevons, 1865). Under this logic, the same knowledge workers that AI displaces are those who gain
most from AI-driven growth. To explore this phenomenon, we must look beyond the baseline
Cobb–Douglas aggregator across sectors, since inter-sectoral substitution is the main driver of the
paradox. We consider the simplest alternative, which is a CES utility aggregator across sectors
with elasticity 𝜂 > 0. Keeping everything else unchanged in the model, sector 𝑠’s share of final
expenditure is

𝜔𝑠 ≡
𝑃𝑠𝑌𝑠

𝑌
=

𝛽𝑠𝑃
1−𝜂
𝑠∑

𝑘 𝛽𝑘𝑃
1−𝜂
𝑘

, (32)

The wage bill in sector 𝑠 becomes 𝑤𝑠𝐿𝑠 = 𝜋𝐿𝑠𝜔𝑠𝑌. With an endogenous sector-level expenditure
share 𝜔𝑠 , the response of wages in sector 𝑠 to rapid AI-driven growth is regulated by two effects.
First, substitution effects, whereby AI progress in sector 𝑠 lowers the task share of labor 𝜋𝐿𝑠 with
elasticity 𝜓. Second, income effects, where AI-driven growth makes the sector more productive,
deflating 𝑃𝑘 and increasing the sector-level expenditure share 𝜔𝑠 with elasticity 𝜂 − 1. The income
effect will dominate the substitution effect if and only if 𝜂 > 1 + 𝜓, increasing the wage bill with
AI-driven growth.19 In the limit 𝜅 ↓ 1, where labor is immobile across sectors, the relative wage
across any two sectors is fully determined by the relative displacement effect as20

𝑤̂𝑠

𝑤̂𝑘
=

(
𝜋̂𝐿𝑘
𝜋̂𝐿𝑠

) 𝜂−1−𝜓
𝜂𝜓

, (33)

If the inter-sectoral substitution elasticity is 𝜂 = 1 + 𝜓, the income effect exactly offsets the
substitution effects, laving relative wages unaffected. This invariance holds irrespective of the
mobility paramater 𝜅𝑔 . When 1 < 𝜂 < 1 + 𝜓, substitution effects dominate and there is no
paradox, as wages drop more in knowledge-intensive sectors where agentic AI growth causes
more displacement. However, if the inter-sectoral substitution elasticity 𝜂 > 1 + 𝜓 is sufficiently
large, the income effect dominates the substitution effect, elevating wages in sectors where AI
displacement is highest.

6 Differences between AI and other Labor-Saving Technologies

19This is the Hicks rule of derived demand (Hicks, 1932), the condition in Acemoglu and Restrepo (2018) for the
productivity effect to dominate displacement. The running assumption in all cases is that a sector is small enough
that 𝑌 and 𝑟 are unaffected.

20See appendix B.8 for the derivation.
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AI Displacement vs Engines Displacing Horses

A common example widely used to caution against the effects of AI-driven displacement is the
fate of horses. At the beginning of the 20th century, engines displaced horses, rendering them
economically irrelevant and unraveling a rapid decline in the horse population. Many worry
that what engines did to horses, agentic AI will do to humans. Our framework points to an
important distinction between horses and humans. What made horses especially vulnerable to full
displacement and immiserization is that their productivity profile was very similar to engines
Across manual tasks . From the lens of our Ricardian assignment model, this corresponds to
𝜌 = 1, which implies An infinitely large Ricardian dispersion parameter, i.e., 𝜓 → ∞. Going back
to our sufficient statistics formula, Δ ln𝑤 = − 1

𝜓Δ ln𝜋𝐿, the immediate implication of this is that
real wages would not grow with displacement, Δ ln𝑤 = 0.21What makes humans different from
horses, potentially, is that They perform a much wider range of tasks. They are adaptable, and
their productivity profile is different from agentic AI. Even if AI performs every task better than
humans, the relative difference between humans and agentic AI across tasks is not uniform.

AI Displacement vs Trade-driven Displacement

Trade is often invoked as an example of a large-scale technological change that led to massive
displacement. It immiserated workers in import-competing sectors, and makes one wonder why
AI-driven displacement would be any different? Theorem 4 sheds light on this exact question. It
states that when sector 𝑠 undergoes a technological change and workers cannot leave that sector,
their real wage prospects depend on the concentration of the shock in that sector, 𝜈𝑠/𝜈̄, and the
Ricardian dispersion parameter, 𝜓. Their real wage goes down iff 𝜈𝑠/𝜈̄ > (1+𝜓)/𝜓. The trade shock
wad characterized by 𝜈𝑠 = 1 in trade-exposed manufacturing sectors 𝒯 and 𝜈𝑠 = 0 elsewhere. This
lead to a high concentration index 𝜈𝑠/𝜈̄ = 1/𝛽𝒯 for manufacturing sectors, where 𝛽𝒯 =

∑
𝑠∈𝒯 𝛽𝑠 is

the share of manufacturing in GDP.
The trade shock would have benefited workers through Ricardian assignment iff 𝜓 <

𝛽𝒯
1−𝛽𝒯 ,

but this condition was far from satisfied. Data from 2000 points to 𝛽𝒯 ≈ 0.15 for the US economy,
while the dispersion parameter in an international trade context is often estimated to be around
𝜓 = 4.22 Thus, the conditions were stacked against workers in the manufacturing sector as the
concentration and trade elasticity far exceeded the values needed for real wag insulation despite
displacement. Intuitively, the manufacturing workers’ job prospects were heavily influenced by
import competition, whereas the other sectors were insulated and did not experience significant
productivity gains. Thus, nominal manufacturing wages declined, while the CPI, or consumer
price index, did not budge much and even rose because of the higher price of non-traded services.

21The collapse in the horse population also requires that the cost of keeping horses exceeded their income.
22Compare this with agentic AI adoption which is spread more equally across all sectors of the economy. Our

forthcoming analysis shows that max𝑠 𝜈𝑠/𝜈̄ = 1.63, which is well below 𝜈𝑠/𝜈̄ = 1/𝛽𝒯 ≈ 6.7.
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The fact that international trade in tasks is concentrated in select industries and operates under
a high trade elasticity is a natural consequence of high inter-country trade costs. Some sectors
are intrinsically not amenable to cross-country trade. The trade shock will be concentrated in
internationally traded sectors. For the same reasons, if producing goods requires performing
a sequence of tasks, it is extremely costly to perform those tasks in different locations. Trade
will generally involve performing a bundle of consecutive tasks in one location to minimize
intermediate border crossing. Appendix B.10 formalizes this point. Suppose tasks in sector 𝑠 are
grouped in blocks of 𝑘𝑠 consecutive tasks.23 Instead of assigning countries to individual tasks,
countries are assigned to blocks of tasks, with each block produced by the country that has lowest
cost. Then, if labor is immobile, in the limit as foreign’s relative productivity in sector 𝑠 grows
without bound, a home worker employed in that sector receives a real wage growth characterized
by

𝑔𝑤𝑠
𝑔𝑌

−→ 1 − 𝑘𝑠𝜓

1 + 𝑘𝑠𝜓
𝜈𝑠∑

𝑠′ 𝛽𝑠′𝜈𝑠′
. (34)

The worker’s real wage rises without bound if 𝜈𝑠/
∑
𝑠′ 𝛽𝑠′𝜈𝑠′ < 1 + 1/𝑘𝑠𝜓 and falls to zero under

the strict reverse inequality. With 𝑘𝑠 = 1 in every sector, (34) reduces to the specific factor case
of Theorem 4. The product 𝑘𝑠𝜓 is the trade elasticity in the limit where foreign technological
advantage in sector 𝑠 grows without bound.

7 Mapping Model to Data
This section estimates 𝜓, the parameter that reflects the jaggedness of AI frontier and regulates
the strength of Ricardian comparative advantage. I use two methods for estimating 𝜓. The first
method recover 𝜓 from the share 𝜋𝑀 of tasks that AI can complete below human cost and the
median cost gap between AI and humans. The second method identifies 𝜓 from the curvature of
the relative cost distribution. Both methods require data moments that are currently available only
for software engineering (SWE) tasks. The reason is that software tasks have largely observable
contexts and verifiable outputs, making them amenable to automation and benchmarking.

A natural question is whether the value of 𝜓 estimated from software engineering tasks is
representative of the broader economy. I view these estimates as a plausible upper bound on the
economy-wide 𝜓. The argument is that the same features that make software tasks amenable
to AI automation are also likely to make AI productivity relatively uniform across tasks. The
performance of AI would be arguably more varied across tasks that combine text-based and
embodied elements. Take, for instance, tasks related to legal work, which range from drafting
documents to appearing in court. The former is a standard AI task, but the latter is more difficult

23We take blocks as given here. They emerge when tasks are performed in sequence and an intermediate good that
changes country between two consecutive tasks requires 𝑓 ≥ 0 units of border crossing services, produced with home
and foreign labor in Cobb–Douglas shares of one-half each. The country of each task is then chosen to minimize the
cost of performing tasks plus the cost of border crossing, and a block is a full run of consecutive tasks in one country.
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for AI to perfect. Extrapolating from this example, one could argue that AI’s productivity is likely
to be more dispersed across tasks outside software engineering.

This interpretation makes our quantitative results that follow conservative, considering the
paper’s central premise. The paper argues that AI-driven growth can raise workers’ real wages
despite large-scale displacement. Using the software-based estimate for 𝜓 would understate
the real-wage gains generated by Ricardian selection, because a larger 𝜓 implies less scope for
comparative advantage across tasks.24

Data. Our estimation uses data from 484 software-engineering drawn from 12 open-source
repositories in SWE-bench Verified (Jimenez et al., 2024; OpenAI, 2024). The panel records 32 AI
system configurations released from 2024 through 2026 and evaluated by Epoch AI, an independent
research organization (Epoch AI, 2026a). The 32 configurations arrive on 26 distinct release dates,
which is also the time dimension used throughout the paper. AI cost is the API charge for the
tokens used in a successful attempt, scaled by a factor of 175 that stands for deployment costs
beyond tokens (Appendix D.1). Human cost is based on a professional assessment of the time
needed to complete the same task, multiplied by one of three hourly wage rates: the BLS mean
software developer wage, an effect BLS wage scaled up by a fixed multiplier 1.4 to cover benefits
and overhead, and a freelance rate of 100 dollars per hour (U.S. Bureau of Labor Statistics, 2024,
2023; Upwork, 2026). All costs are chained to July 2026 dollars using the CPI-U deflator (U.S. Bureau
of Labor Statistics, 2026a). Our baseline analysis constructs relative cost ratios using effective labor
wages, adjusted for overhead. Since the experts report a range of hours rather than a single number
for human time requirements, we use the midpoint of that range and treat tasks marked as "more
than four hours" to never exceed 16 hours. AI cost is calculated based on the cheapest rate available
from any model that completed the task by June 2026. Appendix D.1 provides further details on
the construction and provenance.

7.1 Estimating the Jaggedness of the AI Frontier (1/𝜓)

The model lets us estimate 𝜓 by comparing worker and AI costs task by task. Recall that the
unit cost of producing task 𝑖 is 𝑐𝐿(𝑖) = 𝑤/𝑧𝐿(𝑖) workersI and 𝑐𝑀(𝑖) = 𝑟/𝑧𝑀(𝑖) with AI. Denote the
spread between the human and AI cost as

𝐷(𝑖) ≡ 𝑐𝐿(𝑖)
𝑐𝑀(𝑖) =

𝑤

𝑟

𝑧𝑀(𝑖)
𝑧𝐿(𝑖)

. (35)

such that 𝐷(𝑖) > 1 indicates that AI can complete the task more cheaply than human. It is
straightforward to show that for any where 𝑑 ∈ R+, the nested-Fréchet productivity distribution

24The parameter 𝜓 also sets the size of the implied improvement in AI capabilities given an observed average cost
decline. So, a lower 𝜓 makes the counterfactual shock smaller. Appendix D.3 runs the model using lower estimates
for 𝜓 and shows larger gains in real wages but smaller gains in real output.
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implies

Pr[𝐷(𝑖) ≤ 𝑑] =
[
1 +Ω𝑑−𝜓

]−1
, Ω ≡ 𝑇𝑀

𝑇𝐿

(
𝑤

𝑟

)𝜓
. (36)

The share of assignments for which agentic AI is cheaper than humans is therefore 𝜋𝑀 = Pr[𝐷(𝑖) >
1]. Below I use the above expression to develop two methods for estimating 𝜓 using data on SWE
tasks.

Release-Level Regression. Let 𝑚 ≡ Med[𝐷(𝑖) | 𝐷(𝑖) > 1] denote the median cost spread between
humans and AI among tasks that AI performs cheaper. At cost parity, where 𝑑 = 1, equation
(36) gives Ω = 𝜋𝑀/(1 − 𝜋𝑀). Since 𝑚 divides the tasks above cost parity in half, it follows that
Pr[𝐷(𝑖) ≤ 𝑚] = 1 − 𝜋𝑀/2. Plugging these values back into Equation gives

𝑚𝜓 =
2 − 𝜋𝑀
1 − 𝜋𝑀

(37)

If the productivity distribution follows a nested-Fréchet, Equation (37) holds at every release
date with the same 𝜓. This equation will forms the basis of our first estimation method. Let 𝜋𝑀,𝑡

denote the sample share of tasks completed by AI below human cost by date 𝑡, and let 𝑚𝑡 denote
the corresponding conditional median.25 Rearranging equation (37) and taking logs gives the
estimating equation across release dates:

ln
2 − 𝜋𝑀,𝑡

1 − 𝜋𝑀,𝑡

= 𝜓 ln𝑚𝑡 + 𝜀𝑡 , (38)

𝜀𝑡 denotes measurement error associated with hourly human cost assessment across in release
date 𝑡. For inference, I bootstrap by repository: standard errors are calculated by selecting 12
repositories at random with replacement and recomputing the shares, the medians, and 𝜓.

Task-level regression. The previous regression uses only two values of 𝑑 per release date: cost
parity, 𝑑 = 1, and median, 𝑑 = 𝑚𝑡 . The next method, leverages the full distribution of the cost
spread 𝐷(𝑖) across tasks. Following equation (36), the share of tasks with cost spread above 𝑑,
relative to the share below 𝑑, equals Ω𝑑−𝜓. Let 𝑆𝑡(𝑑) ≡ Pr[𝐷(𝑖) > 𝑑] denote the share of tasks
whose cost spread exceeds 𝑑 at release date 𝑡. Then

ln
𝑆𝑡(𝑑)

1 − 𝑆𝑡(𝑑)
= lnΩ𝑡 − 𝜓 ln 𝑑.

The left-hand side represents the log odds ratio that a task has a cost spread above 𝑑. Thus 𝜓 is the
constant elasticity at which the log odds ratio falls with ln 𝑑. The intercept lnΩ𝑡 = ln[𝜋𝑀,𝑡/(1−𝜋𝑀,𝑡)]
is pinned down by 𝜋𝑀,𝑡 , which is directly observable. Plugging the expression for lnΩ𝑡 back into

25To harmonize the sample across both methods, the tasks with the greatest AI cost advantage must be left out for
every released date. However, 𝑚𝑡 is nearly unchanged without these tasks.
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the above equation obtains our estimating equation

ln
𝑆𝑖 ,𝑡

1 − 𝑆𝑖 ,𝑡
− ln

𝜋𝑀,𝑡

1 − 𝜋𝑀,𝑡

= −𝜓 ln 𝑑𝑖 ,𝑡 + 𝜀𝑖 ,𝑡 . (39)

Here 𝑑𝑖 ,𝑡 is the cost spread of task 𝑖 at date 𝑡, and 𝑆𝑖 ,𝑡 is the share of the 484 tasks whose cost spread
exceeds 𝑑𝑖 ,𝑡 . To harmonize the sample across methods we restrict the sample to tasks where 𝑑 ≥ 1
and drop the task with the largest cost spread, for which 𝑆𝑖 ,𝑡 = 0. by construction. Lastly, to limit
the influence of outliers, I winsorize the sample of cost spreads at the 5% level.

7.2 Estimation Results

Table 1 reports the estimated 𝜓 under both methods. The release-level regression yields 𝜓 = 1.14,
and task-level regression delivers 𝜓 = 1.36, both with narrow bootstrapped standard error bands.26

Figure 2 reports the mechanics of each estimation strategy. Panel (a) shows the path of 𝜋𝑀 over
release dates, showing that the share of tasks AI completes below human cost increased to 75.2
percent by the end of the sample.27 Panel (b) plots the distribution of the human-to-AI cost ratio
𝐺(.) among tasks dominated by AI at the latest release. For the median such task, the human
costs 4 times more than agentic AI. The release-level regression identifies 𝜓 from these two data
moments across the 26 release dates. Panel (c) plots the log odds ratio against the cost spread across
all tasks. The slope of the fitted line corresponds to the 𝜓 identified by the task-level estimation.
Both methods, deliver comparable results which is encouraging.

Robustness. A range of robustness checks is reported in the appendix. Specifically, I re-run the
estimations under several alternative configurations. First, I re-run the task-level estimation on the
full sample without winsorization, which leaves the estimated 𝜓 mostly unchanged at 1.35. I also
experiment with various proxies for the hourly wage drawn from different sources. Changing the
hourly wage shifts the relative human-to-AI cost, potentially affecting the release-level regression
that depends on the sample median cost. The estimated 𝜓 stays between 0.99 and 1.95 under all
explored specifications. Appendix Figure B1 reports the full session sensitivity grid. The takeaway
is that the estimated 𝜓 remains in a range of values that all predict qualitatively the same real-wage
and displacement trajectory when inserted into the model.

The relative cost distribution 𝐺(.) is continuous. Even though we fit a Fréchet distribution to the
data, the headline result of the paper does not require Fréchet. AI-driven displacement coincides
with real wage growth so long as the human-to-AI cost distribution 𝐺(.) is continuous, as Theorem

26The small bootstrapped standard errors capture only the random draw of repositories and not measurement error in
human costs. Each draw changes which repositories are in the sample but keeps the assessed completion times and
human cost conventions fixed. Appendix D.3 shows how much the estimate changes across human cost specifications
and wage bases.

27A simple regression of AI cost on release date gives an annual coefficient of -1.57, which implies a 79.2 percent decline
per year.
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Table 1. Estimation results: Productivity Dispersion Parameter 𝜓

Release level Task level
(1) (2)

Dispersion parameter 𝜓 1.14 1.36
(0.06) (0.04)

Implied wage growth (percent of output growth) 47 42

Tasks 484 484
Release dates 26 26
Task–date observations 6,589 6,589

Notes: Both estimates use the same sample: the 484 tasks observed over 26 release dates on
the frontier, whose assigned cost ratios—other than the largest ratio at each date, for which
the observed share above is zero—give one observation for each task and date, 6,589 in total.
Estimate (1) is the release-level regression estimate of equation (38), which collapses the
sample into two values per release date—the share of tasks AI completes below human cost
and the median of the cost ratios at that date in the sample—with no intercept. Estimate (2)
is the task-level regression estimate of equation (39) on each observation directly; the terms
for each release date are not estimated but set to the observed log odds of assignment at that
date, and we winsorize the log cost ratios at each release date at the 5% level. Standard errors,
below each estimate, are calculated by selecting 12 repositories at random with replacement
400 times, keeping every task from a repository together, and recomputing both estimates
each time. Implied wage growth is 100/(1+𝜓), the model’s real-wage growth rate as a percent
of the output growth rate. Both estimates use the BLS wage scaled up by 1.4, an upper limit of
16 hours, the midpoint in logs of each range of hours, and costs in July 2026 dollars.

1.b demonstrated. Figure 3 plots the raw distribution 𝐺(.) over tasks from the latest release date.
The plot visibly satisfies the continuity requirement posited by Theorem 1.b. Moreover, the Fréchet
fit implied by each estimate of 𝜓 closely mimics the empirical distribution, suggesting that our
quantitative framework also provides a reasonable approximation of the data.

7.3 Discussion

The parameter also governs the wage response to task displacement and the gross reassignment
hidden behind net displacement. First, the model’s real-wage equation implies

𝜕 ln𝑤𝑡
𝜕 ln(1/𝜋𝐿,𝑡)

=
1
𝜓
. (40)

At the two estimates of 𝜓, the local percentage increase in the real wage is 0.7 to 0.9 times the
percentage contraction in labor’s task share. This is an elasticity with respect to labor’s task share,
not the response to a unit change in AI’s task share, which also depends on the level of assignment.

For the counterfactuals, we use the task-level distribution estimate 𝜓 = 1.36 from Table 1 and
impose this value in every sector. Appendix D discusses the limits of applying the software-
engineering estimate to other industries, and Appendix Figure B1 reports estimates under different
wage bases and assessed-time conventions. Incomplete tasks provide no AI cost observation, as
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Figure 2. Data Moments Used for Estimating 𝜓
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Notes: Panel (a) reports, by release date, the share of the 484 tasks completed at a cost below human cost. The final
share is 75.2 percent. Three larger circle points show the shares of software written by AI that two large software
producers reported, the three values to which the factor that stands for deployment costs beyond tokens is calibrated.
Panel (b) plots the empirical distribution of the human-to-AI cost ratio among tasks assigned to AI. Its horizontal
axis is on a log scale; the line and the point show that median human cost is 4 times AI cost. Panel (c) plots the 6,589
points behind equation (39), one for each task and date, before winsorization: for each assigned task, the log odds
that the cost ratio of a task exceeds its observed ratio, net of the log odds of assignment at that date, against the log
cost ratio. Each of the 26 release dates contributes one line; the point at 𝑑 = 1 is cost parity, through which every line
passes by construction, and the fitted line with no intercept, estimated after winsorization as in the text, has slope
−1.36, the task-level estimate of −𝜓. Each panel uses the BLS wage scaled up by 1.4, an upper limit of 16 hours, and
the midpoint in logs of each range of hours. Panel (a) and panel (c) follow the frontier by release date; panel (b) uses
its June 2026 endpoint. Panel (a) and panel (b) show no fitted distribution. Our calculation uses the task-level cost
and assignment data described in Appendix D.1.

Appendix D.5 explains. These estimates describe observed comparative advantage and do not
determine its ultimate range.

7.4 Macroeconomic Calibration

We use the full model with multiple sectors, multiple factors, and input-output linkages to
run the simulations. As detailed in Appendix C, counterfactual equilibria can be simulated by
calibrating the model to six sufficient statistics from the baseline equilibrium. Two of these statistics
are industry-level share variables: (1) Final consumption shares, 𝛽𝑠 , and input-output shares,
Γ𝑘𝑠 , and (2) the share of tasks 𝜋𝑀𝑠 performed by AI in that industry. The two other statistics
correspond to worker allocation under the status quo. Namely, (3) the share of each education
group employed in each industry, 𝜇𝑔𝑠 , and (4) each group’s share of the aggregate wage bill, 𝜔𝑔 .
The final requirements two are structural parameters: (5) the productivity dispersion parameter, 𝜓,
and (6) the Roy parameter 𝜅𝑔 , which regulates worker mobility across sectors.28 The counterfactual

28To allow for capital income, the calibrated model lets final output combine the task bundle𝑌𝑠 with fixed sector-specific
capital 𝐾𝑠 . Namely, 𝑌̃𝑠 = 𝑌𝜃𝑠

𝑠 𝐾
1−𝜃𝑠
𝑠 , where 𝜃𝑠 > 0 is an observable share.
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Figure 3. Distribution of the Human-to-AI Cost Ratio across Tasks and the Fréchet Fit
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Notes: The figure shows the distribution of the log human-to-AI cost ratio across the 484 tasks at the June 2026
endpoint of the AI frontier. The AI cost frontier is determined by the cheapest successful completion of each task.
We treat uncompleted tasks as below cost parity but do not draw them. The line at 𝐷 = 1 shows cost parity; the share
of tasks to its right is 75.2 percent. Each fitted line is the density of the log cost ratio implied by the paper’s Fréchet
distribution based on estimates of 𝜓 from Table 1: 1.36 (task-level regression) or 1.14 (release-level regression). Its
calibrated so that its share above parity equals the observed share and scaled to the number of tasks. Costs use the
BLS wage scaled up by 1.4, an upper limit of 16 hours, and the midpoint in logs of each range of hours.

equilibrium can be solved using these observable or estimable statistics by solving the system
(C20)–(C29) in changes.

The consumption and input-output shares, 𝛽𝑠 , Γ𝑘𝑠 , are calibrated to match the 2024 BEA
accounts on input-output and value added shares (U.S. Bureau of Economic Analysis, 2026). the
sample covers 71 industries, with details about data construction provided in Appendix C.2.
We calibrate the employment shares 𝜇𝑔𝑠 to the 2024 American Community Survey (U.S. Census
Bureau, 2024). The sample includes employed adults aged 25–64 in private and government sectors,
with the latter accounting for 16.9 percent of the wage bill. We group workers into (1) high school
or less, (2) some college or an associate degree, and (3) a bachelor’s degree or more. Their share
𝜔𝑔 , of the aggregate wage bill claimed by each group are respectively, 18.2, 21.4, and 60.4 percent.
We adjust the group-by-industry wage bills to match the model’s sector wage bills while matching
these group-level shares. We use 𝜓 = 1.36 and, following Galle, Rodríguez-Clare and Yi (2023), set
𝜅𝑔 = 1.5 for every group. Appendix C reports further details on the industry concordances and
calibration method.29

29To allow for capital income, we calibrate the share of primary non capital inputs as 𝜃𝑠 = min
{
𝑤𝐷𝑠 𝐿

𝐷
𝑠

𝜋𝐿𝑠𝛼𝑠𝑋𝑠
, 1

}
, where

𝑤𝐷𝑠 𝐿
𝐷
𝑠 is worker compensation in the data. In our production function with capital, labor receives 𝜃𝑠𝛼𝑠𝜋𝐿𝑠𝑋𝑠 , agentic

AI receives 𝜃𝑠𝛼𝑠𝜋𝑀𝑠𝑋𝑠 , and sector-specific capital receives (1 − 𝜃𝑠 )𝛼𝑠𝑋𝑠 , where 𝑋𝑠 is gross revenue. The share 𝜃𝑠 is
set to one in 8 sectors, which leaves the aggregate model-predicted wage bill 1.29 percent below the BEA reported
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The share 𝜋𝑀𝑠 of tasks performed by AI in each industry is calibrated using the July 2026
survey of 1,103 employed US adults by Epoch AI and Ipsos (Epoch AI, 2026b). We supplement this
data the Anthropic Economic Index (Massenkoff and McCrory, 2026) to extend that measurement
beyond the survey. The Epoch AI–Ipsos survey asks US workers how much they rely on AI for 10
types of tasks, such as reading documents and analyzing data. These tasks, however, represent
only a fraction of the work people perform. So, we rely on the Anthropic Economic Index to
extend coverage to further tasks. Anthropic covers a wider range of tasks scoring them based on
Claude and assessed AI capability. The drawback is that these scores do not directly measure the
percentage of work delegated to AI. Yet they can be used to impute the AI task share 𝜋𝑀𝑠 across
work that is not represented in the Epoch AI–Ipsos survey.

We build each 𝜋𝑀𝑠 from industry worker occupation mix in industry 𝑠 as follows. The Epoch
AI–Ipsos survey measures AI use across ten tasks, identifying each respondent’s occupation group.
Each occupation performs many tasks not included in the survey. So, we draw on O*NET’s task
descriptions to map tasks to occupation (National Center for O*NET Development, 2026). We then
impute AI use on the remaining tasks per acceptation. For this, we leverage the fact that in the
Anthropic Economic Index, the average score for tasks outside the Epoch AI–Ipsos survey is 0.66
times the surveyed tasks. We impose a proportionality assumption, whereby AI performs the
non-surveyed tasks in each occupation at 0.66 times that occupation’s surveyed rate.

Figure 4 provides an overview of the 71 industries. Each circle represents one industry, with
the size scaled with the industry’s value added share, and the colors running from orange to teal
based on the share of employees with college degrees or higher. Panel A displays the intensity by
which production in industry uses cognitive versus physical tasks. Industries located in the bottom
right of the plot rely more on cognitive skills, while industries located in top left involve more
physical work.30 Panel B compares two measures of AI exposure. It plots the current AI task share
𝜋𝑀𝑠 against the forward-looking exposure score 𝑒𝑠 on the horizontal axis. The latter is constructed
from (Eloundou et al., 2024) based on the assessment of whether large language models could
reduce task completion time by one-half without reducing quality.31 The two exposure measures
serve different purposes: the survey-based 𝜋𝑀𝑠 determines the baseline AI task share in the
calibrated model, while 𝑒𝑠 is an ex-ante measure that proxies for the adoption rate, which is the
share of future AI improvements a sector can absorb.32 Appendix C details the construction of

worker compensation. We retain this accounting. See Appendix C.3 for more details.
30The manual and cognitive task indexes are not input shares in production function aggregating over tasks. They are

different indexes and do not add up to 100.
31A task receives an exposure score of 1 if a large language model by itself could deliver the time cost reduction. It

receives a score of 0.5 if the time cost reduction requires additional software built around the model, and 0 otherwise.
They map these task-level ratings into exposure scores for each occupation. We map these occupation scores to
industry-level scores using employment shares.

32Weighted by value added, the average AI adoption to date is 14.2 percent and the average exposure is 35.2 percent,
with 𝜋𝑀𝑠 < 𝑒𝑠 in every industry. The survey covers 10.25 percent of tasks directly, weighted by employment, and
drawing occupations at random gives an aggregate share between 11.8 and 17.3 percent. Appendix C.11 runs the
counterfactuals with Microsoft’s lower share of 6.8 percent, where the five year real wage gain falls to 6.7 percent
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Figure 4. Sectoral heterogeneity in cognitive skill intensity and AI exposure
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Notes: Each circle represents one sector. Panel A plots the physical intensity index against the cognitive skill
intensity index on the horizontal axis. The dashed lines report the employment weighted mean for each axis.
Panel B plots the current AI task share against the exposure measure used to discipline adoption of growing
AI capabilities. The dashed lines represent the value added weighted mean for each axis. In each panel, circle
size shows the sector’s value added share, and the colors report the share of its workers with a bachelor’s
degree or more. The calculations are based on the 2024 BEA input–output accounts, the Epoch AI–Ipsos survey,
Anthropic Economic Index task data, May 2025 BLS employment, the 2024 BLS employment projection and skill
scores, O*NET 30.3, the 2024 American Community Survey, and occupation exposure ratings (U.S. Bureau of
Economic Analysis, 2026; Epoch AI, 2026b; U.S. Bureau of Labor Statistics, 2026c,b; National Center for O*NET
Development, 2026; U.S. Census Bureau, 2024; Eloundou et al., 2024).

these measures, and Appendix C.11 runs sensitivity analyses using the lower baseline exposure
shares based on Microsoft’s record of AI use.

7.5 Historical Validation: The Model Explains 2022-25 Labor Market Effects

Before deploying the estimated model for forward-looking counterfactual simulations, it is useful
to test its explanatory power with respect to observed AI displacement effects. To this end, we
perform a retrospective test of the model using IV-based goodness-of-fit measure developed by
Adão, Costinot and Donaldson (2025). We ask whether the calibrated model reproduces the labor
market effects that materialized between 2022 and 2025, but were not targeted in the calibration.

under balanced adoption and 7.7 percent under jagged adoption.
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As detailed in Appendix C.12, we use changes to sectoral wages from May 2022 to May 2025 as
our validation test target.

The test has a simple logic. Between 2022 and 2025, the economy was hit by many shocks, each
of which may have affected wages. One such shock was the rapid improvement in agentic AI
capabilities from near-zero levels to those observed in 2025. This rapid growth shock hit different
sectors with various levels of intensity, represented by instrument 𝑧𝑠 . The idea behind the test is
to use the calibrated model to simulate the wage changes {Δ𝑤𝑠} implied by AI growth. We then
define the residual wage change as the difference between observed wage growth from 2022 to
2025 and the model-predicted wage change due to AI, Δ𝑤𝐷

𝑠 − Δ𝑤𝑠 . If the model correctly predicts
the wage effects of AI growth, this residual should be orthogonal to the AI growth shock. Formally,
the goodness of fit statistic 𝛽̂𝑧 = 𝑆−1 ∑

𝑠 𝑧𝑠(Δ𝑤𝐷
𝑠 − Δ𝑤𝑠) must have an expected value of zero. If so,

the residual reflects other contemporaneous shocks hitting the economy, rather than omitted wage
effects of AI growth the model failed to capture. The corresponding IV coefficient is

𝛽̂𝐼𝑉 =
𝑆−1 ∑

𝑠 𝑧𝑠Δ𝑤
𝐷
𝑠

𝑆−1 ∑
𝑠 𝑧𝑠Δ𝑤𝑠

= 1 + 𝛽̂𝑧
𝑆−1 ∑

𝑠 𝑧𝑠Δ𝑤𝑠
,

From the lens of the model, the change in the AI task share Δ𝜋𝑀𝑠 in each sector 𝑠 is the sufficient
statistics for constructing the instrument 𝑧𝑠 and simulating Δ𝑥𝑠 . The change in task share is
constructed based on each sector’s May 2022 occupation mix with the measure of occupational
exposure to agentic AI from Eloundou et al. (2024). Appendix C.12 provides the details about the
data construction and inference.

Because we are analyzing a three years window, labor mobility is presumably less than implied
by 𝜅 = 1.5, which estimated based on labor market response over a longer horizon. We therefore
assess two cases: 𝜅 ↓ 1, in which workers are frozen in their original sectors, and 𝜅 = 1.5, following
the preferred estimation value of Galle, Rodríguez-Clare and Yi (2023). Figure 5 reports the results.
The goodness-of-fit statistic is 𝛽̂𝑧 = 1.7 × 10−4 under 𝜅 ↓ 1 and 𝛽̂𝑧 = −8.6 × 10−5 with 𝜅 = 1.5.
The null of a zero discrepancy is not rejected at the 5 percent confidence level, in both cases. The
corresponding IV coefficient is 𝛽̂𝐼𝑉 = 0.8 when workers remain in their original sectors, with a
95 percent confidence set of [0.43, 1.21]. With 𝜅 = 1.5, the IV coefficient is 𝛽̂𝐼𝑉 = 1.15, with a 95
percent confidence set of [0.62, 1.74]. Both confidence sets contain one.

8 Forward-Looking Impacts of AI-Driven Growth
This section uses the calibrated model to simulate the prospective impacts of AI-driven growth,
assuming AI progress continues along its current trajectory. Our goal is to isolate the pure impact
of AI-driven growth on the labor market through Ricardian comparative advantage. We therefore
shut down all other engines of growth, including population growth and capital investment.
This naturally comes with clear caveats: fertility rates and investment decisions are presumably
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Figure 5. Observed 2022-25 Wage Changes Are Consistent with the Model Predictions
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(a) IV-based goodness-of-fit measure
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observed change = model prediction ( ̂βIV = 1)

(b) IV slope test

Notes: Dots are estimates. Lines are 95% intervals: equation-(6) intervals in panel (a) and Anderson-Rubin sets in panel (b).
The red lines mark agreement between the instrument-related wage response in the data and in the model: a zero gap in panel (a) and equal magnitudes in panel (b).
The κ = 1.5 calibration follows Galle, Rodríguez-Clare, and Yi (2023); the zero-mobility row uses the fixed-sector limit as κ ↓ 1.

Notes: The test compares wage changes across sectors relative to one another between May 2022 and May 2025
with the changes the calibrated model predicts when AI use is scaled back to its May 2025 level. It does not test
the average wage change, employment, or welfare, and the confidence sets are wide enough to allow sizable
errors in the predicted changes. Appendix C.12 describes the construction and the checks on the inference.

influenced by AI-driven growth, which is not modeled here. Ricardian reassignment is also not the
only force affecting labor market outcomes, though the retrospective test of the model’s predictive
power points to its ability to isolate AI-driven growth effects, at least over a shorter time horizon.
We begin by describing how we model the prospective AI growth trajectory, then present four
results tightly connected to our theoretical framework.

8.1 Extrapolating the AI Growth Trajectory

We extrapolate the trajectory of future AI growth from the observed decline in the cost of
completing software engineering tasks. The data used to estimate the rate of cost decline is the
same as Section 7. To give context, the data record the cost of AI systems performing software
tasks. The cost per successful task is calculated based on fixed token prices from July 31, 2026.
The reduction in cost therefore represent pure improvement in token efficiency. This is of course
a conservative measurement stance, since technological progress can present itself in terms of
lower token costs. However, we focus our measurement on fixed token prices to disentangle pure
technological progress from competition and captive pricing strategies.

Figure 6 plots the resulting cost index over the running sample period. Task costs at fixed
token prices fell at an annual rate of 79.1 percent 19 months of model releases. We assume that
AI task costs continue to fall, but that the annual rate of decline slows from 79.1 percent initially
to about 45.8 percent after five years. This calculation follows from improvements in computer
hardware halving the cost of completing tasks every 1.7 years. Meanwhile the cost reducing effects
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of improvements in model training, model design, and harness halve every two years.33 Under
these assumptions, task costs fall by 99.2 percent after five years.34 Appendix C.4 unpacks more
details about the our extrapolation of the growth trajectory.

Figure 6. The Cost of Completing the Same AI Task Fell by About 79 Percent per Year
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Notes: The observed cost index is calculated by release date from the frontier of the cheapest successful completion
of each task, with task fixed effects, and equals 100 at the first release date. Every model uses the same fixed
token prices. The solid projection assumes that the annual rate of decline slows toward the rate of improvements
in computer hardware; the range above and below it uses the same assumption for the 95 percent confidence set.
The line below the solid projection holds the estimated 79 percent annual decline constant. The cost index is on a
log scale. Section 7 describes the task panel and the estimation. Our calculation uses SWE-bench Verified model
task costs (Jimenez et al., 2024; OpenAI, 2024).

Next, we infer the growth in the stock of frontier AI knowledge from the reduction in average
task cost performed by AI. For this, we invoke the observation that under the model’s Fréchet
distribution, the average task cost for AI is

𝑐𝑀 =

∫ 1

0
𝑐𝑀(𝑖) 𝑑𝑖 = Γ

(
1 + 1

𝜃

)
𝑟𝑇

−1/𝜓
𝑀

33Specifically, we model the rate of decline in the task cost 𝑔(𝑡) ≡ −𝑑 ln 𝑐(𝑡)/𝑑𝑡 as 𝑔(𝑡) = 𝑔𝐻 + (𝑔0 − 𝑔𝐻 )2−𝑡/2 , where
𝑔0 ≈ 1.57 is the estimated current growth rate and 𝑔𝐻 = ln(2)/1.7 is the rate implied by hardware improvements.

34With the rate of decline held at its current level, the cost of performing tasks with agentic AI tools would fall by 99.96
percent.
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Hence, our measure of average task cost reduction at token prices fixed in units of the final good
(𝑟 = 1) determines the growth in stock of AI knowledge as 𝑇̂𝑀 = 𝑐̂

−𝜓
𝑀

. We assume that sector
𝑠 experiences 𝑒𝑠 times the decline in log AI costs, where 𝑒𝑠 is an exposure measure obtained
from interacting the occupation exposure ratings from (Eloundou et al., 2024) with BLS sectoral
occupation employment weight. Thus, the sector’s average AI cost and technology therefore
change by

𝑇̂𝑀𝑠 = 𝑐
−𝜓𝑒𝑠
𝑀

. (41)

We also experiment with a balanced adoption scenario, which replaces 𝑒𝑠 with the weighted mean
exposure 𝑒 =

∑
𝑘 𝛼𝑘𝜆𝑘𝑒𝑘 , where 𝛼𝑘𝜆𝑘 are value added shares.

8.2 Real Wage Growth Despite AI-Driven Displacement

Figure 7 shows how average real wages and labor’s share of GDP change under our projected
AI-driven growth scenario. The picture shows a clear divergence, amplifying the view expressed
at the outset of this paper—that displacement does not lead to immiserization. Our simulation
predicts that after five years, average real wages rise by 18.5 percent, while labor’s share of value
added falls from 54.1 to 39.9 percent. On an accounting level the explanation is straightforward.
After five years, real output rises by 60.7 percent, while workers’ share of value added falls from
54.1 to 39.9 percent. With the number of workers held fixed, these changes still imply an 18.5
percent increase in average real wages. To illustrate the key role jaggedness in AI capabilities, the
lighter lines in Figure 7 repeat the simulation with an AI frontier five times less jagged (𝜓 → 5𝜓).
Real output rises by 102.8 percent after five years, more than the baseline with greater jaggedness,
yet average real wages barely change, and labor’s share of value added falls more aggressively to
26.9 percent, about 50 percent of its value today.

The more interesting explanation is derived from the Ricardian assignment model. As labor
gets displaced from 30% of the tasks two development follow. First, AI-performed tasks become
more productive and their output becomes cheaper as a result. Labor sorts into more productive
tasks, and the marginal product of labor grows. The labor becomes more productive on the margin,
and the wage buys a larger basket of goods. Altogether, the real earning power of the workers
grows, even though they perform fewer tasks.

8.3 Jagged versus Balanced AI Adoption

Our baseline simulation allows adoption to be jagged, in the sense that different sectors have
different adoption rates. We proxy for adoption rates, based on exposure measures inferred from
the mix of occupations a sector employs. It’s motivated by evidence that the tasks performed by
some occupations are more amenable to AI automation than others. A question worth exploring,
here, is how jagged adoption is contributing the real wage growth. Theorem 4 argued that jagged
adoption is generally better for aggregate real wages. The intuition is that jagged adoption enables
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Figure 7. Average Real Wages Rise Despite the Sharp Drop in Labor’s Share of GDP

0 1 2 3 4 5

0.5×

0.6×

0.7×

0.8×

0.9×

1.0×

1.1×

1.2×

Co
m

pa
re

d 
w

it
h 

to
da

y

Average worker real wages

1.19× today

Labor share of GDP

74% of today's share

Real wages, 5× less jagged

1.01× today

Labor share, 5× less jagged

50% of today's share

Years from baseline calibration date (2026)

Notes: Each line is relative to its value today and equals one at year zero, on a log scale. The darker lines use the
estimated jaggedness of the AI frontier, 𝜓 = 1.36; the lighter lines repeat the simulation with a frontier five times
less jagged, 𝜓 = 6.79, and everything else unchanged. Aggregate real wages are the mean of the three education
groups’ real wages, weighted by baseline wage bills. The teal line is workers’ share of total value added. The
figure reports it as a percentage of the share today. The numeraire is the model’s final expenditure bundle for
the full set of industries. The simulation uses the central cost path in Figure 6, holds the stock of AI capacity
fixed, and sets the change in each sector’s AI technology as in equation (41). Our calculation uses the Epoch
AI–Ipsos survey, O*NET, the BEA industry accounts, BLS employment, the 2024 American Community Survey,
and occupation exposure ratings (Epoch AI, 2026b; National Center for O*NET Development, 2026; U.S. Bureau
of Economic Analysis, 2026; U.S. Bureau of Labor Statistics, 2026c; U.S. Census Bureau, 2024; Eloundou et al.,
2024).

sizable efficiency gains in exposed sectors, which translate to lower prices for their goods, while
also presenting labor with shelter in lagging sectors and occupations.

Figure 8 compares the growth in aggregate real wage under balanced and jagged AI adoption
over the 5-year horizon. Both cases use the same average cost decline projection, 𝑐𝑀 . However,
the balanced adoption applied this cost reduction uniformly to all industries or occupations:
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𝑇̂𝑀𝑠 = 𝑐
−𝜓𝑒
𝑀

where 𝑒 =
∑
𝑘 𝛼𝑘𝜆𝑘𝑒𝑘 is the weighted average exposure. The results are similar over the

first five years: under balanced adoption, average real wages rise by 16.8 percent and labor’s share
of value added falls to 39.6 percent. Real output rises by 59.5 percent under balanced adoption
and 60.7 percent under jagged adoption, so jagged adoption pays workers more at about the same
output growth. After five years, the difference in annual wage growth increases every year. By year
50, real wages grow by 5.7 percent a year under balanced adoption and 8.9 percent under jagged
adoption. Workers move toward sectors where AI improves more slowly. The prices of goods
produced in these sectors rise relative to prices in sectors where AI improves faster, increasing the
purchasing power of workers’ earnings, as in Theorem 3.

Figure 8. Jagged AI Adoption Lifts Average Real Wages Faster But has stronger Distributional Effects
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Notes: In panel A, each line is the annual growth rate of average real wages, the percentage change from the
previous year. Aggregate real wages are the mean of the three education groups’ real wages, weighted by
baseline wage bills, in units of the model’s final expenditure bundle for the full set of industries. The panel
shows the gap between the two profiles, and the rule shows the five-year horizon of the main results. Panel B,
plots a sector’s change in real wages after five year against the sector’s exposure to AI progress when workers
remain in their original sectors. The area of each dot is proportional to the sector’s value added, and the dotted
line marks the weighted average exposure across sectors. Both the jagged and balanced scenarios use the cost
reduction path in Figure 6 for 50 years, and set the change in each sector’s AI technology as in equation (41). Our
calculation uses the Epoch AI–Ipsos survey, O*NET, the BEA industry accounts, BLS employment, the 2024
American Community Survey, and occupation exposure ratings (Epoch AI, 2026b; National Center for O*NET
Development, 2026; U.S. Bureau of Economic Analysis, 2026; U.S. Bureau of Labor Statistics, 2026c; U.S. Census
Bureau, 2024; Eloundou et al., 2024).
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8.4 All Skill Groups Gain Irrespective of Mobility

A notable result from our Ricardian theory is that all workers can gain from AI-driven growth,
irrespective of which sector they work in, even if they cannot switch sectors. The prerequisite
for this to happen is that AI adoption not be too jagged and the agentic AI and labor profiles be
sufficiently different across tasks. Here we test this using the full-fledged quantitative model with
three groups of workers based on educational levels: (1) high school or less, (2) some college, and
(3) Bachelor’s degree or higher. We simulate the average real wage for each group under our 5-year
AI-driven growth scenario.

Panel A in Figure 9 shows that average real earnings rise among each education group even
when workers cannot move sectors. Panel A compares the five-year real wage gains in two scenarios:
in the first scenario workers remain in their original sectors, which corresponds to 𝜅 ↓ 1. In the
second scenario, workers move across sectors, governed by the Roy parameter 𝜅 = 1.5. Without
sectoral mobility, real earnings rise by 31.2 percent among workers with high school degrees or
less, 24.1 percent for those with some college or an associate degree, and 12.5 percent for those
with a bachelor’s degree or higher. When workers can move between sectors, the corresponding
real wage gains are 28.1 percent, 22.9 percent, and 14.1 percent, respectively.35

The reason workers gain despite not being able to switch sectors reflects how AI displacement
works. Unlike trade-driven displacement, AI-driven displacement generally does not consume
the entire task spectrum within a sector. Instead, it leaves some niche tasks to workers. So, rather
than having to switch sectors to find work, workers simply sort into those niche tasks within the
same sector. Panel B in Figure 9 illustrates this point. Among the 18 sectors with the highest AI
exposure, workers’ share of tasks falls from 85.2 to 53.8 percent over the five year window, with
AI’s share rising from 14.8 to 46.2 percent. These results reveal that, unlike say past trade shocks,
AI-driven growth would mostly affect labor market outcomes through within-sector rather than
across-sector reassignment. Even the most AI-exposed sectors continue to offer a considerable
range of tasks in which humans retains a comparative advantage.

8.5 The Illusive Jevons Paradox

Next, we use the model to uncover the conditions under which the Jevons paradox would emerge.
Our baseline calibration assigns a unit elasticity of substitution across sectors. As noted in Section
5.1 , this expectedly leads knowledge workers, who hold BA degrees or higher, to experience
relatively smaller gains from AI-driven growth. The reason is that the elasticity of substitution
between knowledge workers and AI is larger than the elasticity of substitution across sectors.
Consequently, the efficiency gains in knowledge-intensive sectors do not generate a strong enough
demand boost for those sectors to offset the wage losses from AI substitution. However, if the

35Appendix Figure C5 reports the group-level gains when AI adoption is set to be balanced across sectors.
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Figure 9. All Education Groups Gain from AI-Driven Growth by Switching Tasks rather than Sectors
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Notes: Panel A reports five-year gains in the average real income of each education group. Open points show the
equilibrium in which workers remain in their original sectors, and solid points show the equilibrium in which
workers move across sectors, at the calibrated 𝜅 = 1.5. Panel B reports worker and AI task shares, weighted by
baseline value added, at baseline and after five years for the 18 sectors with the highest AI exposure. The weights
are scaled to sum to one within this group. When workers remain in their original sectors, the effective labor each
education group supplies to each sector remains at its baseline level. Sector assignments are therefore fixed, but
tasks may still shift between labor and AI within a sector; wages, task shares, and sector prices adjust in general
equilibrium. Each panel holds the stock of AI capacity fixed. Our calculation uses the Epoch AI–Ipsos survey,
O*NET, the BEA industry accounts, BLS employment, the 2024 American Community Survey, and occupation
exposure ratings (Epoch AI, 2026b; National Center for O*NET Development, 2026; U.S. Bureau of Economic
Analysis, 2026; U.S. Bureau of Labor Statistics, 2026c; U.S. Census Bureau, 2024; Eloundou et al., 2024).

inter-sectoral elasticity of substitution is large enough, the demand boost could be enough to more
than offset the negative wage effects of AI displacement.

Figure 10 illustrates this point. It reports the real wage gains over the five-year window for
each education group under different inter-sectoral substation elasticities, 𝜂. Under the baseline
calibration, 𝜂 = 1, the gains have the expected ordering, workers with high school education or less
gains the most, and those with a bachelor’s degree or higher gains the least for AI-driven growth.
The gap closes as 𝜂 rises and all groups experience the exact same real wage gains under 𝜂 ≈ 2.5,
standing at 28.9 percent.36 Above this threshold we begin witnessing the Jevons paradox. Real
wages go up the most for workers with Bachelor’s degrees or higher who are the most exposed to
AI-driven displacement. However, as one may no

9 Conclusion
This paper offers a pro-labor view of explosive AI-driven growth. The view draws on Ricardo’s
theory of comparative advantage. An interesting implication of the theory is that AI displacement
36The elasticity at which the gap closes is a little above the threshold 1 + 𝜓 ≈ 2.36 noted in Section 5.1 because the

calibrated model is more general; it accounts for input-output linkages and sector-specific capital.
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Figure 10. Workers in AI-Exposed Sectors Gain the Most Only When Demand Across Sectors Is Highly
Elastic
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Notes: Five-year real wage gains by education group under jagged AI adoption, on the central cost path, with the
stock of AI capacity held fixed and workers who move across sectors at the calibrated 𝜅 = 1.5, calculated in the
calibrated model of Section 8 with input–output linkages and fixed sector-specific capital; the same 𝜂 governs
every use of a sector’s output, final and intermediate. The figure reports the gains for five values of the elasticity
of substitution across sector outputs 𝜂 of Appendix B.8, equation (B178), with 𝜂 = 1 the paper’s Cobb–Douglas
baseline. At 𝜂 ≈ 2.5, workers with a bachelor’s degree or more and workers with high school or less gain the
same 28.9 percent. If the same elasticity holds only for final demand, the two groups gain the same at 𝜂 ≈ 3.9.
Our calculation uses the Epoch AI–Ipsos survey, O*NET, the BEA industry accounts, BLS employment, the 2024
American Community Survey, and occupation exposure ratings (Epoch AI, 2026b; National Center for O*NET
Development, 2026; U.S. Bureau of Economic Analysis, 2026; U.S. Bureau of Labor Statistics, 2026c; U.S. Census
Bureau, 2024; Eloundou et al., 2024).

coincides with real wage gains at the aggregate level as long as humans and agentic AI have
different productivity profiles across tasks. More important, if the difference is sufficiently large
and AI adoption is not too jagged and concentrated in select industries, then every worker can
gain from AI-driven growth, even if they cannot switch sectors. One reason is a unique feature of
AI-driven displacement that distinguishes it from trade-driven displacement and past episodes of
automation: it leaves some niche tasks to workers within each sector. Engines displaced horses
because they were uniformly more productive than horses at all tasks, which left horses no
niche tasks to retreat to. Agentic AI may perform every task better than humans, but the relative
difference between humans and agentic AI across tasks is not uniform.

Many commentators have made this argument informally. We formalize it in a dynamic
Ricardian assignment model in which no task is reserved for humans. As AI becomes more
productive, it takes over the tasks on which it has the greatest cost advantage, and workers retreat
into a narrower set of niche tasks. The real wage then rises in inverse proportion to labor’s share of
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economic tasks, with an elasticity that measures the jaggedness of AI capabilities. Because labor’s
share of GDP equals its share of tasks, the aggregate real wage effects of AI are determined by
two sufficient statistics, the jaggedness of AI capabilities and the change in labor’s share of GDP,
which we can measure without estimating an aggregate production function. It follows that the
niche tasks left to workers are not expensive bottlenecks; wages grow instead because workers
become more productive on the tasks they retain and the wage buys a larger basket of goods. The
distribution of comparative advantage governs the pace of wage gains and their eventual limit,
but not the direction. More displacement also amplifies the marginal wage gains from AI growth,
and when fixed shares of output are allotted to AI installation and research, the real wage rises
without bound on the path to a singularity in finite time.

Across sectors, balanced AI adoption is the worst case scenario for aggregate real wages,
because workers have no lagging sector to retreat to. When adoption is jagged, labor concentrates
in lagging sectors and commands a wage proportional to their price, which rises relative to the
economy-wide price index through rapid AI-driven growth elsewhere. If adoption eludes some
sectors, real wages grow at the same rate as output. Input-output linkages raise the share of output
growth appearing as wage growth under balanced adoption. Even when workers cannot switch
sectors, real wages benefit from AI growth across the board unless AI adoption is extremely jagged
across industries. Trade-driven displacement immiserated workers in import-competing sectors
because trade is concentrated in select industries and operates under a high trade elasticity.

We estimate 𝜓, the parameter that reflects the jaggedness of AI capabilities, from the cost of
humans versus AI on similar software engineering tasks. By the end of the sample, AI completes
75.2 percent of the tasks below human cost. Our two estimation methods yield 𝜓 = 1.14 and
𝜓 = 1.36, so each percent decline in labor’s share of GDP raises the real wage by 0.7 to 0.9
percent. We view these estimates as a plausible upper bound on the economy-wide 𝜓, because
AI’s productivity is likely to be more dispersed across tasks outside software engineering, so our
quantitative results are conservative. The calibrated model is not rejected by a test against the
recent effects of AI growth on sectoral wages, which were not targeted in the calibration, whether
workers remain in their original sectors or move across sectors.

If AI continues to grow along the same trajectory, average real wages rise by 18.5 percent after
five years, while labor’s share of GDP falls from 54.1 to 39.9 percent. With an AI frontier five
times less jagged, real output rises by more, but average real wages rise by only 0.64 percent. At
about the same output growth, jagged adoption pays workers more than balanced adoption. Every
education group gains, even when workers cannot move across sectors, with five-year gains that
range from 12.5 percent for workers with a bachelor’s degree or more to 31.2 percent for those
with high school or less. The Jevons paradox, in which the knowledge workers that AI displaces
gain the most, emerges only if the elasticity of substitution across sectors exceeds about 2.5.

Our analysis has several caveats. To isolate the pure impact of AI-driven growth through
Ricardian comparative advantage, we shut down all other engines of growth, including population
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growth and capital investment, even though fertility rates and investment decisions are presumably
influenced by AI-driven growth. Ricardian reassignment is also not the only force affecting labor
market outcomes. Our estimates of jaggedness, drawn from software engineering tasks, describe
observed comparative advantage and do not determine its ultimate range. Deriving the shares
of output allotted to AI installation and research from equilibrium investment decisions, and
estimating the jaggedness of AI capabilities outside software engineering, are left for future work.
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