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Abstract

Artificial intelligence (AI) reshapes workers’ comparative advantage by al-
tering the tasks they perform and the skills those tasks require. We develop a
dynamic task-based model to quantify the general-equilibrium effects of task-
specific technical change. Workers have multidimensional skills, choose oc-
cupations, and accumulate skills on the job; occupations combine tasks, and
productivity depends on how workers’ skills match task requirements. We
develop a computationally efficient procedure to estimate the model using
panel data and a new database of task-level skill requirements. We apply the
model to AI, allowing it to augment, automate, and simplify tasks. We find
that AI narrows wage inequality and raises average wages across scenarios
ranging from slow to rapid AI progress. The key equalizing force is simplifi-
cation: by lowering tasks’ skill requirements, AI lets lower-skill workers com-
pete for previously inaccessible jobs. Adoption costs, highest for lower-skill
workers, dampen but do not eliminate the decline in inequality.
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tance. This work was supported by the Stanford Institute for Economic Policy Research (SIEPR).

†Stanford University. lalthoff@stanford.edu
‡CREi and Barcelona School of Economics. hreichardt@crei.cat

https://hugoreichardt.github.io/pdf/tstc_compadvantage.pdf
mailto:lalthoff@stanford.edu
mailto:hreichardt@crei.cat


1 Introduction

Artificial intelligence is transforming how people work—the tasks they perform,
the occupations they choose, and the skills they need. Workers’ comparative ad-
vantage shifts as AI makes tasks faster to complete, simplifies them, or automates
them entirely. How do wages change? Do their skills become more or less valu-
able? Can workers move to related occupations, and how quickly can they re-
train? Answering these questions—jointly and in general equilibrium—requires a
quantitative framework that links skill formation, occupational choice, and wage
determination.

This paper develops and estimates a dynamic task-based model of the labor
market that quantifies the general equilibrium effects of any task-specific techni-
cal change—observed or counterfactual. We apply this model to study the labor
market effects of artificial intelligence.

We model technical change as the augmentation, automation, and simplifica-
tion of tasks. Augmentation and automation are standard features of task-based
models, capturing increases in human productivity and the substitution of labor
by capital (e.g., Acemoglu and Autor, 2011; Acemoglu and Restrepo, 2018, 2019).
Beyond those standard forces, we introduce simplification, reflecting that technolo-
gies can reduce the skills a task requires, raising the productivity of lower-skill
workers more than higher-skill workers.1 This channel is motivated by emerg-
ing experimental evidence that lower-skill workers experience larger productivity
gains from AI than higher-skill workers (e.g., Dell’Acqua et al., 2023; Noy and
Zhang, 2023; Brynjolfsson et al., 2025; Cruces et al., 2026).

Our model combines the key features necessary to understand the labor market
effects of task-specific technical change. Specifically, workers have multi-dimen-
sional skills and their productivity depends on how well these skills match a task’s
requirements. Workers accumulate skills by performing tasks where requirements
exceed their current skills. Each period, workers choose an occupation (a bundle
of tasks) weighing wages against the future returns to learning on the job.

To quantify the model, we must identify (i) how skills determine workers’ pro-
ductivity across tasks and (ii) how workers accumulate skills over their careers.
The assumption that workers optimally allocate their time across tasks yields a
closed-form mapping from task-level productivity to occupation-level productiv-

1While standard augmentation is usually modeled as skill-neutral, simplification is equivalent
to lower-skill biased augmentation.
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ity and observed wages. We recover this mapping using detailed data on workers
(skills, occupations, and wages) and tasks’ skill requirements to recover task-level
productivity, identifying (i). We estimate skill accumulation from workers’ occu-
pational histories and the evolution of their wages, identifying (ii).

We develop a computationally feasible procedure to estimate the model by
maximum likelihood on panel data from the National Longitudinal Survey of
Youth 1979 (NLSY79). The computational challenge lies in the model’s dynamic
and high-dimensional nature. In our quantitative application, workers accumu-
late five-dimensional skills and differ in their rate of skill accumulation. Two in-
sights make estimation feasible. First, we recover equilibrium prices directly from
data, avoiding the need to solve the model inside the estimation loop. Second, we
estimate many parameters either by linear regression or by fast iterative routines
conditional on the remaining parameters, reducing the dimension of the parame-
ter space we must search non-linearly.

The quantified model offers a laboratory to translate measures of task expo-
sure to technical change into general-equilibrium outcomes. The model predicts
how technologies change workers’ comparative advantage, how workers reallo-
cate and retrain, and how prices adjust in general equilibrium. We develop com-
putationally efficient algorithms to solve for the new steady state and the transi-
tion path. We do so by simulating workers’ choices and skill accumulation, iterat-
ing on prices until markets clear.

We apply this machinery to AI, predicting its effects on individual workers and
the labor market. To construct the model’s inputs, we update and expand exist-
ing assessments of AI’s capabilities to augment, automate, and simplify each task,
using large language models (LLMs) to scale established survey designs (follow-
ing Eloundou et al., 2024; Aghion and Bunel, 2024; Acemoglu, 2025; Asirvatham
et al., 2026). Because AI’s capabilities are evolving and inherently uncertain, we
assess three scenarios—slow, moderate, and rapid AI progress (following Karger
et al., 2026). To ensure replicability and guard against idiosyncratic errors, we use
several open- and closed-weight LLMs.2 We find that these measures align with
independent expert assessments, experimental estimates of AI’s productivity ef-
fects, and changes in skill requirements in job postings.

Our first finding is that AI reduces wage inequality and raises average wages.
In the moderate AI scenario, the 90-10 wage ratio falls by 24 percent, and average
wages rise by 28 percent. The key force behind the reduction in inequality is sim-

2We make those data accessible via https://github.com/lukasalthoff/ai_labor_markets.
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plification. It lowers skill-based barriers by increasing the relative productivity of
lower-skill workers in tasks and occupations previously reserved for higher-skill
workers. Automation and augmentation, in contrast, have small distributional
effects but drive most of the average wage increase.

Second, AI decreases the returns to skills. Verbal skills depreciate most, while
manual and math skills retain much of their value. As simplification disincen-
tivizes skill accumulation, average skill levels fall, which dampens AI’s positive
growth effects. Mapping skills to college majors, we find that engineering, me-
chanics, and architecture gain value, while law, political science, and philosophy
lose value.

Third, we find that AI changes the occupational landscape. For example, ad-
ministrative occupations (e.g., financial clerks) see a large decline, while construc-
tion and manufacturing occupations become more important. The occupations
with the largest employment gains are often also those whose relative wages fall
the most. This negative relationship between employment and wage effects arises
from simplification, which makes jobs easier to perform, enlarges the pool of quali-
fied workers, and suppresses average wages through selection and increased com-
petition (Autor and Thompson, 2025). In contrast, augmentation and automation
barely affect relative wages because they leave workers’ comparative advantage
largely unchanged.

Fourth, despite the cost of adjusting to an unexpected transition, we find that
AI generates welfare gains for current workers. In the moderate AI scenario, these
gains are equivalent to a rise in lifetime wages between 15 and 45 percent. The
gains are largest for the lowest-skill workers who benefit disproportionately from
simplification. They vary most among older workers: some have skills and occu-
pations that happen to match the needs of the AI era, while others do not.

Finally, we have so far assumed that all workers adopt AI—yet adoption has
been slower among lower-skill workers (Humlum and Vestergaard, 2025; Bick
et al., 2026). Does this adoption gap undo AI’s equalizing effect? We extend our
model to incorporate skill-dependent adoption costs, estimated from data on cur-
rent AI adoption (Bick and Blandin, 2023; Bick et al., 2026). We find that these costs
dampen but do not eliminate AI’s equalizing effect: in the moderate scenario, the
90–10 ratio of wages still falls by 15 percent (versus 24% without adoption costs).
Average wage gains, however, shrink from 28 to 0.3 percent. Lowering adoption
costs is thus a key policy lever for realizing AI’s potential to raise wages, especially
among lower-skill workers.

3



Related literature. To understand the labor market effects of task-specific tech-
nical change, we integrate three literatures into one empirically tractable frame-
work: task-based production, multi-dimensional skill accumulation, and dynamic
occupational choice. First, we provide methods to estimate workers’ comparative
advantage across tasks—key for workers’ ability to reallocate in response to tech-
nical change (Autor et al., 2003; Acemoglu and Autor, 2011; Autor and Handel,
2013; Acemoglu and Restrepo, 2018, 2022; Hurst et al., 2024). The absence of such
methods has made it difficult to quantify the effects of counterfactual (future) tech-
nical change (Restrepo, 2024; Woessmann, 2025). Second, while task-based mod-
els typically treat workers’ skills as fixed, we incorporate multi-dimensional skill
accumulation—also key for workers’ adaptation. Third, we embed task-based
production in a general equilibrium model of dynamic occupational choice (Keane
and Wolpin, 1997; Heckman et al., 1998; Lee and Wolpin, 2006; Dix-Carneiro, 2014;
Traiberman, 2019; Humlum, 2021; Smeets et al., 2025).

We introduce simplification as a channel of task-specific technical change along-
side automation and augmentation. Simplification reduces a task’s skill require-
ments, increasing the relative productivity of lower-skill workers.3 Autor and
Thompson (2025) show that historically, the effect of automation on occupations’
wages has depended on whether “expert” or “non-expert” tasks are automated—
a form of indirect simplification.4 Downey (2021) and Danieli (2025) also consider
mechanisms related to simplification.5 We quantify all three channels within one
general equilibrium framework and find that simplification drives AI’s distribu-
tional effects. Our model quantifies a dynamic effect of simplification: because
workers build skills by performing demanding tasks, lowering requirements slows
skill accumulation.

This paper shows how workers’ multi-dimensional skills shape their compar-
ative advantage across tasks. Recent work emphasizes the multi-dimensionality
of skills (Lindenlaub, 2017; Guvenen et al., 2020; Lise and Postel-Vinay, 2020; Ba-
ley et al., 2022; Ide and Talamàs, 2026). Task-based models are inherently multi-
dimensional because workers are characterized by their productivity across many
tasks. Quantifying these models requires estimating each worker’s productivity,
including in tasks they do not currently perform. We overcome this identifica-
tion problem by providing a microfoundation of task-level productivity as a func-

3Simplification is thus a form of low-skill-biased technical change (Katz and Murphy, 1992).
4By indirect simplification we mean the occupation-level decrease in skills (“expertise”) re-

quired by automating tasks with relatively high skill requirements.
5Simplification is also similar in spirit to “non-autonomous AI,” which allows lower-skill work-

ers to solve hard problems with AI, raising their relative wages (Ide and Talamàs, 2025).
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tion of workers’ measured skills and tasks’ skill requirements. We also provide a
new database of these task-level skill requirements, expanding beyond the occu-
pational aggregates available in O*NET (as in Lise and Postel-Vinay, 2020; Baley
et al., 2022).

Finally, by applying our general framework to AI, we add to the rapidly grow-
ing evidence on AI’s labor market effects. Freund and Mann (2025) introduce a
framework to study how automation affects wages through changes in the im-
portance of tasks within occupations. Our approach differs in three ways: we
model simplification as a distinct channel through which AI reshapes compara-
tive advantage, we allow workers’ skills to evolve over their careers (making the
model dynamic), and we estimate task-level comparative advantage directly from
workers’ measured skills and tasks’ skill requirements.6 Hosseini and Lichtinger
(2026) show that even a simple model—static and with one-dimensional skills—
can capture part of the simplification mechanism. Hampole et al. (2025) provide
a structural framework to quantify AI’s effect on occupational demand through
observed adoption across firms. By contrast, we predict how AI affects individual
workers, who may respond by switching occupations.

2 Model

We develop a model that describes how workers choose occupations, perform
tasks, and accumulate skills over their careers. Overlapping generations of work-
ers live for A periods. Productivity and wages depend on the match between
workers’ skills and the skill requirements of the tasks relevant to the occupation
of choice. Workers accumulate skills on the job, so that their occupational choice
depends on the current wage as well as the learning benefits that the job offers.
Prices are determined in general equilibrium. Technical change can take the form
of augmentation, automation, and simplification of tasks.

2.1 The Firm’s and Worker’s Problems

Occupations and tasks. Each occupation produces a distinct good by combin-
ing a unique set of tasks. These tasks are combined with a constant elasticity of

6In contrast, Freund and Mann (2025) infer the distribution of task-level productivity indirectly
from data on wages and occupational choices.
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substitution ρ, so that the production function of occupation j is

Yj =

 ∑
τ∈Tj

θ
1
ρ

j,τy
ρ−1

ρ
τ


ρ

ρ−1

(1)

where Tj is the discrete set of relevant tasks, yτ is the output of task τ, and θj,τ is
task τ’s importance weight that satisfies ∑τ∈Tj

θj,τ = 1.

Task-level productivity and skills. The production function for task τ in occu-
pation j depends on whether the task is automatable, i.e., τ ∈ Aj, or not, i.e.,
τ ∈ Nj:

yτ(h, ℓτ, kτ) =


ℓτγτ f (h, rτ) if τ ∈ Nj

ℓτγτ f (h, rτ) + ϕτkτ if τ ∈ Aj

(2)

where ℓτ represents the share of the worker’s time allocated to task τ, γτ and
ϕτ capture the task-specific productivity of humans and capital respectively, h =

(hs)
′
s∈S is a vector capturing workers’ multi-dimensional skills, rτ ≡ (rτ,s)

′
s∈S is

the skill requirement of task τ, and kτ is capital devoted to task τ. If the task is
automatable, capital and labor are perfect substitutes.

The function f (·) determines how workers with different skills h are differen-
tially productive in tasks depending on their skill requirements, rτ. Intuitively, this
function captures how workers’ productivity depends on the “match” between
their skills and the skills required to complete the task (Lise and Postel-Vinay,
2020; Baley et al., 2022). For our quantification, we will assume a functional form
for f (·) (in section 2.3, equation 14) and show how its parameters can be identified
and estimated.

Technical change. We consider three different ways in which technical change
affects the task-level production function:

Augmentation Enhancing human productivity, increasing γτ;
Automation Substituting labor with capital, expanding Aj;
Simplification Simplifying tasks for humans, reducing rτ.

The first two are standard in the task-based literature (e.g., Acemoglu and Autor,
2011). We introduce simplification to allow for heterogeneity in technologies’ im-
pact on productivity depending on workers’ skills—essentially skill-biased aug-
mentation at the task-level (Katz and Murphy, 1992). Experimental evidence has
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shown that AI’s productivity effects tend to be stronger for lower-skill workers,
suggesting that simplification is an important force in practice (e.g., Dell’Acqua
et al., 2023; Noy and Zhang, 2023; Brynjolfsson et al., 2025; Cruces et al., 2026).
While we call this type of technical change “simplification,” the methodology
equally allows for increases in skill requirements (or “complication”).

The firm’s problem. Each good j is produced by a representative firm that takes
the equilibrium wage {wj(h)}h and the costs of capital R as given. The firm
chooses how many workers of each skill set h to hire, how to allocate their time
across tasks, and how much capital to use for each task. Formally, the firm solves
the following profit maximization problem:

max
{nj(h), ℓj,τ(h), kj,τ(h)}

∫
nj(h)

pjYj(h)− wj(h)− R ∑
τ∈Aj

k j,τ(h)

 dh

s.t. Yj(h) =

 ∑
τ∈Tj

θ
1
ρ

j,τ ỹτ(h)
ρ−1

ρ


ρ

ρ−1

∑
τ∈Tj

ℓj,τ(h) = 1 ∀h

ỹτ(h) ≡ yτ(h, ℓj,τ(h), k j,τ(h)) given by (2),

(3)

where nj(h) is the amount of labor employed with skill h, ℓj,τ(h) is the share of
time allocated to task τ, and k j,τ(h) denotes the capital per worker allocated to
workers with skill h working on task τ. Because the marginal product of capital
depends on a worker’s skills, the firm generally does not allocate an equal amount
of capital to each worker.

Since the labor market is perfectly competitive the worker’s wage must equal
their marginal product. That is,

wj(h) = pjYj(h)− R ∑
τ∈Aj

k j,τ(h). (4)

A worker’s wage thus depends on the allocation of their time and capital to the
various tasks in the occupation. If the worker only cares about the allocation in-
sofar as it affects the wage, the worker and firm would always agree that the allo-
cation should maximize the worker’s value added. However, when the allocation
also affects future payoffs (such as through skill accumulation as will be the case
in this model) the worker would in principle be willing to accept a lower wage
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in exchange for an allocation that yields higher future payoffs (through increased
learning). To rule out such an exchange, we make the following assumption:

Assumption 1 (Control and non-contractibility of task assignment). The firm con-
trols the workers’ time allocation across tasks which is not contractible.

Assumption 1 implies that the firm can freely determine how workers allocate
their time across tasks. Because time allocation is non-contractible, any promised
task assignment cannot be enforced by workers. As a result, the firm retains full
flexibility to adjust workers’ task allocations as it sees fit. This assumption implies
that the firm chooses the allocation that maximizes profits (output net of capi-
tal costs) for any given wage wj(h). In equilibrium, wages must thus equal the
worker’s marginal product given this allocation.

A second assumption is that automatable tasks are cheaper to perform with
capital than with labor, ensuring the worker’s time is only allocated to non-automatable
tasks:

Assumption 2 (Full automation of automatable tasks). The unit cost of producing
a task with capital is lower than the cost of producing it with labor for all occupa-
tions j, skills h, and tasks τ ∈ Aj,

wj(h)
γτ f (h, rτ)

>
R
ϕτ

.

Optimal time allocation. Assumptions 1 and 2 together imply that a worker’s
time is allocated to non-automatable tasks to maximize the production of these
tasks. That is, the firm solves the following time allocation problem:

{
ℓj,τ(h)

}
τ∈Nj

= arg max
{ℓτ}τ∈Nj

 ∑
τ∈Nj

θ
1
ρ

j,τ (ℓτγτ f (h, rτ))
ρ−1

ρ


ρ

ρ−1

s.t. ∑
τ∈Nj

ℓτ = 1.

The solution to this problem for a given task τ ∈ Nj is

ℓj,τ(h) =
θj,τγ

ρ−1
τ f (h, rτ)ρ−1

∑k∈Nj
θj,kγ

ρ−1
k f (h, rk)ρ−1

, (5)

which shows that more time is spent on tasks with greater weight θj,τ. If tasks are
substitutes (ρ > 1), a worker’s time is allocated to the tasks they are most produc-
tive in, i.e., tasks for which γτ f (h, rτ) is greater. If instead tasks are complements
(ρ < 1), workers spend more time on less productive tasks.
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Optimal capital allocation. In choosing how much capital to allocate to each
worker-task pair, the firm balances the marginal benefit of increased output against
the cost of capital. The first order condition implies that for all tasks τ ∈ Aj

k j,τ (h) = θj,τϕ
ρ−1
τ Yj (h)

(
pj

R

)ρ

, (6)

where Yj (h) is the profit-maximizing level of output when a worker with skill
vector h works in occupation j. Clearly, the lower the cost of capital relative to
the price of the output, the more capital the firm uses. Also, firms allocate more
task-automating capital to workers that are more productive in the non-automated
tasks, i.e., workers for which Yj(h) is larger.

Occupational productivity. Given the optimal allocation of workers’ time and
capital to tasks, the output per worker of type h in occupation j is

Yj (h) = Γ
ρ

1−ρ

j

 ∑
τ∈Nj

θj,τγ
ρ−1
τ f (h, rτ)

ρ−1

 1
ρ−1

(7)

where

Γj = 1 − ∑
τ∈Aj

θj,τ

(
R/ϕτ

pj

)1−ρ

is the labor share. Equation (7) shows that a worker’s output in occupation j is a
weighted function of their productivity across all non-automated tasks τ ∈ Nj.

Wages. Combining equations (4), (6), and (7) yields the wage when a worker of
skill h chooses occupation j:

wj(h) = pjYj(h)Γj = pj Γ
1

1−ρ

j

 ∑
τ∈Nj

θj,τγ
ρ−1
τ f (h, rτ)

ρ−1

 1
ρ−1

. (8)

Equation (8) shows that if none of the tasks are automatable, i.e. Aj = ∅ and
Γj = 1, a worker’s income equals total revenue wj(h) = pjYj(h).

Skill accumulation. Before entering the labor market at age a = 1, each worker
draws an initial skill vector h1 after which they accumulate further skills on the
job. We assume that a worker’s human capital accumulation depends on their
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current skills, their “ability to learn” ψ, and the skill requirements of the tasks in
their job j: h′ = gj(h, ψ).

Occupational choice. Every period, each worker chooses from a discrete set of
occupations to maximize utility. Workers consume their income each period and
live for A periods. The expected lifetime utility of a worker aged a, with learning
ability ψ, and previous occupation k is represented by the value function

Va(h, ψ, k) = E

[
max

j
log wj(h) + log ε j + µj − κ(k, j) + βVa+1

(
gj (h, ψ) , ψ, j

)]
(9)

where E[·] is the expectation over the occupation-specific productivity shocks ε j.
These productivity shocks are relevant to wages: a worker’s observed wage equals
the deterministic part (wj(h)) times the stochastic part (ε j).

Each occupation j has an amenity value µj. κ(k, j) is a cost of switching from
occupation k to j. In our quantitative application, we set this to κ(k, j) = κ1[j ̸=
k] for some constant κ. gj (h, ·) is next period’s human capital when choosing
occupation j. Because the worker’s life is finite, the value after terminal age A is
zero, VA+1(·) = 0.

We assume that the productivity shocks log ε j follow a type I generalized ex-
treme value (Gumbel) distribution with mean 0 and scale parameter ζ.7 This as-
sumption implies that the conditional probability of choosing occupation j has the
closed-form solution

Pa(j | h, ψ, k) =
exp

(
1
ζ

(
log wj(h) + µj − κ(k, j) + βVa+1

(
gj (h, ψ) , ψ, j

)))
∑J

l=1 exp
(

1
ζ (log wl(h) + µl − κ(k, l) + βVa+1 (gl (h, ψ) , ψ, l))

)
(10)

so that the value function in (9) can be simplified to

Va(h, ψ, k) = ζ log
J

∑
j=1

exp
(

1
ζ

(
log wj(h) + µj − κ(k, j) + βVa+1

(
gj (h, ψ) , ψ, j

)))
(11)

Since VA+1(·) = 0, equation (11) solves the value function, and thus the occupa-
tional choice problem, by backward iteration from age A to 1 for a given sequence
of prices. Note that the notation above omits any dependence on time. In princi-
ple, prices vary over time, so that the wage schedule wj,t(h), and thus the value

7The CDF is Pr(log ε < x) = exp
(
− exp

(
− x+ζγ

ζ

))
where γ ≈ 0.577 is Euler’s constant. This

implies that ε j follows a Fréchet distribution.
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functions, are time-dependent.

2.2 Equilibrium

The price of each occupational good pj is determined in equilibrium through de-
mand and supply. The supply is characterized by the solution to the worker’s
problem. The workers, in turn, consume and generate demand for the occupa-
tional goods. We assume that demand is characterized by a homothetic and in-
vertible demand function D

(
{pj}J

j=1

)
that maps prices pj into relative demand

for each occupational good. In our application, we use (standard or nested) CES
demand. Having specified demand, we can now define the competitive equilib-
rium.

Definition (Competitive equilibrium). Given an initial joint distribution of age,
skills, ability, and occupations, Ga,t(h, ψ, k), a distribution of human capital at birth
G1,t(h, ψ), and the supply of capital {Kt}∞

t=1, a competitive equilibrium is defined as
a sequence of prices

{
p1,t, · · · , pJ,t, Rt

}∞
t=1 such that

– Workers’ occupational choices maximize the present value of lifetime utility
given the sequence of prices. That is, their occupational choice probabilities
are as in equation (10);

– The distribution over states follows from occupational choices:

Ga+1,t+1
(
h′, ψ, j

)
=

J

∑
k=1

∫
gj(h,ψ)≤h′

Pa,t (j | h, ψ, k) dGa,t (h, ψ, k) ; (12)

– Demand for goods equals supply: D({pj,t}J
j=1) ∝ Yj,t, where

Yj,t ≡
A

∑
a=1

J

∑
k=1

∫
Yj(h)Pa,t(j | h, ψ, k)E[ε j | j, h, ψ, k] dGa,t(h, ψ, k); 8 (13)

– Demand for capital equals supply:

Kt =
A

∑
a=1

J

∑
k=1

J

∑
j=1

∑
τ∈Aj

∫
k j,τ(h)Pa,t (j | h, ψ, k) dGa,t (h, ψ, k) .

8E[ε j | j, h, ψ, k] is the expectation of the productivity shock conditional on choosing occupation
j when your states were h, ψ, k. The Gumbel distribution of log ε j implies that this expectation has
a closed-form solution: E[ε j | j, h, ψ, k] = exp(−ζγ)Γ(1 − ζ)Pa,t(j | h, ψ, k)−ζ .
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Solution algorithms. We provide algorithms to solve for a stationary competi-
tive equilibrium and the transition path after an unexpected technological shock.

These solution algorithms iterate over vectors of equilibrium prices for each oc-
cupational good at each point in time. For a given guess for such prices, we solve
the worker’s problem, compute the implied supply of each occupational good,
and update the price accordingly. The algorithm exploits a convenient feature of
equation (11) to avoid solving the value function for each occupation separately
despite occupations being a state variable. Appendix C describes the algorithms
formally and in more detail.

2.3 Parametrization

In our quantitative application, we make assumptions on the functions that gov-
ern task-level productivity and skill accumulation.

Production. We specify the task-level production function as

f (h, rτ) = ∏
s∈S

hωs
s exp

(
−η min {hs − rτ,s, 0}2

)
. (14)

This production function is similar to that proposed by Lise and Postel-Vinay
(2020). The first term in equation (14) reflects a force that makes workers with
higher skills more productive in any task, independent of its skill requirements.
The second (exponential) term captures the degree to which the worker’s produc-
tivity is diminished when performing tasks for which they are “underqualified.”
Figure A.1a shows the functional form graphically.

This functional form assumption implies that the wage function in (4) equals

wj(h) = pjΓ
1

1−ρ

j ∏
s∈S

hωs
s

 ∑
τ∈Nj

θj,τγ
ρ−1
τ exp

(
−η ∑

s∈S
min {hs − rτ,s, 0}2

)ρ−1
 1

ρ−1

.

(15)

Skill accumulation. We assume that skill accumulates according to the follow-
ing functional form:

gj,s(h, ψ) = (1 − δ)hs + ∑
τ∈Nj

ℓj,τ(h)max {rτ,s − hs, 0} e−λ(ψ)max{rτ,s−hs,0}, (16)
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where ℓj,τ(h) indicates workers’ time spent on task τ, defined in equation (5).
Equation (16) has several intuitive implications for skill accumulation. First, work-
ers’ learning is most affected by the tasks they spent most time on, i.e., for which
ℓj,τ(h) is greatest.9 Second, workers learn by performing tasks that have skill re-
quirements above their current skill levels. However, workers learn most from
tasks that are not “too hard.” As tasks become harder relative to the workers’
skill, the rate at which skills catch up decreases; λ(ψ) ≥ 0 governs the rate of
this slowdown. Figure A.1b illustrates how learning varies with the distance be-
tween the worker’s skills and the task’s requirements.10 Similar to Heckman et al.
(1998), we allow for workers to differ in their ability to learn ψ. Lastly, some skill
depreciation occurs independently of which tasks are performed, governed by δ.

3 Data

We use three data sources to estimate the model’s parameters. First, we rely on
O*NET to measure each occupation’s tasks and skill requirements. Second, we
provide and validate a new database that extends O*NET’s occupation-level data
on skill requirements to the task level using LLMs. Third, we use panel data on
wages, occupational choices, and multi-dimensional skills from the NLSY79.

For the application to AI, we also require data on AI’s capabilities to augment,
automate, and simplify each task. We follow the literature in using LLMs to es-
timate AI’s task-level capabilities (e.g., Eloundou et al., 2024; Acemoglu, 2025).
Because these capabilities are uncertain and evolving, we do not rely on a sin-
gle measure but instead construct three capability scenarios—slow, moderate, and
rapid (Karger et al., 2026)—and elicit each from several open- and closed-weight
LLMs. We compare the resulting measures with human expert ratings and exper-
imental evidence, with additional validation from job postings data.

3.1 Estimation Data

3.1.1 Occupations and Tasks (O*NET)

O*NET is the leading database on occupations, tasks, and skills in the US economy
(e.g., Autor et al., 2003; Acemoglu and Autor, 2011; Lise and Postel-Vinay, 2020).

9The workers’ time allocation across tasks thus affects skill accumulation. Assumption 1 implies
that firms do not take this into account.

10Since f (x) = x exp(−λx) is strictly increasing for x < 1
λ and strictly decreasing after, learning

from task τ is maximized when rτ,s − hs = 1/λ, yielding a learning gain of 1/ (eλ).
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O*NET contains detailed descriptions of 19,530 tasks linked to 974 occupations.
We rely on these data to define both the occupations j and tasks Tj in our model.11

We set the weights of each task τ in an occupation, θj,τ, to the importance measure
of that task as reported in O*NET.

We also use O*NET’s definition of worker skills across 35 dimensions (e.g.,
“reading comprehension” or “social perceptiveness”). O*NET rates skills on a
scale from 1 to 7 and provides anchors for each level (e.g., level 2 in reading com-
prehension corresponding to “read[ing] step-by-step instructions for completing
a form” and 4 to “understand[ing] an email from management describing new
personnel policies”).12

We reduce O*NET’s dimensions to five skill categories: manual, math, social,
technical, and verbal.13 Table B.1 shows this mapping.

3.1.2 Task-level Skill Requirements

Workers’ comparative advantage in a task is governed by the match between
their skills and the task’s skill requirements, rτ. While O*NET provides data on
occupation-level skill requirements, it lacks task-specific data. To address this gap,
we use several LLMs to estimate task-level skill requirements. To ensure consis-
tency with O*NET and a valid survey design, we replicate O*NET’s occupation-
level questionnaire at the task level, by using its questionnaire format, skill di-
mensions, and skill anchors. This process covers 19,530 task descriptions across
35 skills using 683,550 queries per model. See Appendix E.1 for further details on
our prompt design.

We validate our data by comparing aggregations of our newly generated task-
level data with O*NET’s occupation-level measures. For each occupation, we cal-
culate importance-weighted average task-level skill requirements (∑τ∈Tj

θj,τrτ,s)
and compare these with corresponding O*NET values. The five aggregated skills
have high agreement rates, with correlations ranging from 0.79 to 0.93 (see Fig-
ure A.2).14 The high agreement with O*NET suggests that LLMs can accurately
identify differences in skill requirements across occupations.

11Instead of the most granular definition of occupations, our analysis relies on 93 aggregate (3-
digit) occupation groups.

12The original O*NET questionnaire and skill level descriptions are available here.
13We equally weight each component in the aggregation of skills to our five final dimensions.

Relative to Addison et al. (2020); Baley et al. (2022); DeLoach et al. (2022), we include manual as a
separate skill because its interaction with AI is of particular interest.

14Agreement rates are also high across most of the 35 original O*NET skill dimensions (see Fig-
ure A.3).
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We also collect new human expert ratings of skill requirements for 200 skill-task
combinations in the occupation Economist. Skill requirements are highly correlated
between LLMs and the average of two human experts (ρ = 0.70; see Figure A.4a),
with correlations between LLMs and individual experts ranging from 0.59 to 0.65.
This correlation provides evidence that LLMs can also accurately distinguish skill
requirements of different tasks within an occupation.

3.1.3 Skills, Occupational Choice, and Wages (NLSY79)

We use data from the NLSY79 to estimate the task-level production function and
the skill accumulation function. The data contain information on wages, occupa-
tions, and multi-dimensional skill assessment scores.

We follow the literature in measuring skills in the NLSY79. Following Addison
et al. (2020); Baley et al. (2022), we measure skills with the Armed Services Voca-
tional Aptitude Battery (ASVAB): (i) manual skills via the average of standardized
scores on auto and shop information and mechanical comprehension; (ii) math skills via
mathematics knowledge and arithmetic reasoning scores; (iii) technical skills via gen-
eral science and electronics information; (iv) verbal skills via paragraph comprehension
and word knowledge. For social skills, we use a composite measure of self-reported
sociability as a young adult, sociability at age 6, the Rotter Locus of Control Scale,
and the Rosenberg Self-Esteem Scale (see also Deming, 2017; Addison et al., 2020;
Guvenen et al., 2020).

These data only provide an ordinal measure of skills. We observe h̃ = F(h)
where F(·) is the initial skill distribution. We do not directly observe the cardinal
measure h that is on the same scale as the skill requirements and estimate the
marginal distribution of skills together with all other parameters (see section 4).

We follow the NLSY79 cohort’s labor market history from age 25 to the survey
in 2022. We retain information on all jobs held, including their start and end dates,
the occupational code, the hourly wage, and the number of hours worked per
week. Similar to Lise and Postel-Vinay (2020), we only consider workers for whom
the maximum gap between observed jobs is no larger than 18 months. We collapse
this data to a worker panel of yearly frequency.

3.2 Data on AI’s Capabilities

In the model of Section 2, technical change takes three forms: augmentation, au-
tomation, and simplification. We construct scenarios for AI’s task-specific capabil-
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ities in each channel using LLMs. We define slow, moderate, and rapid progress
scenarios following Karger et al. (2026) and elicit each from several open- and
closed-weight LLMs (Alibaba’s Qwen 2.5, OpenAI’s gpt-oss, and OpenAI’s GPT-
4o). The open-weight elicitations, run at zero temperature, are exactly replicable.
We report results for all three scenarios, using the moderate scenario as our refer-
ence (summarized in Table B.2).

Augmentation. In measuring AI’s potential to augment human productivity, we
follow Eloundou et al. (2024) who asked human raters and OpenAI’s GPT-4 whether
they believed that LLMs can reduce the worker’s time required to complete a task
by at least half. We replicate their exercise with several more recent LLMs except
that we ask for a continuous estimate of the percentage of time saved (rather than
a binary measure), and consider generative AI more broadly (rather than LLMs).
On average, we estimate that generative AI in the moderate scenario saves 25.2
percent of worker time (see Table B.2). Appendix E.1.1 describes our prompt de-
sign.

The LLMs’ predictions align with experimental estimates of average produc-
tivity effects of generative AI in various tasks and occupations (see Table B.3). We
also find that our estimates are strongly correlated and comparable with both the
human- and LLM-rated data from Eloundou et al. (2024)—see Figure A.4c.

Average worker productivity in a task can be affected through both augmen-
tation (making all workers equally more productive) and simplification (mak-
ing lower-skill workers differentially more productive). To recover augmentation
from aggregate productivity effects, we first compute simplification’s average pro-
ductivity effects across all workers.15 We then compute augmentation’s produc-
tivity effect as the difference between the aggregate and the simplification-specific
productivity effects of AI.

Automation. We follow Eloundou et al. (2024) by eliciting automatability by task
from LLMs. For each of the tasks in O*NET, we ask whether AI can complete it
autonomously (i.e., whether task τ is in the automatable set Aj). Eloundou et al.
(2024) classify tasks as having either “no”, “low”, “moderate”, “high” or “full”
exposure to automation.16 We classify a task as “automatable” if it has high or
full automation exposure, which is restricted to cases where LLMs indicate that
generative AI can complete at least 90 percent of the components of the tasks. In

15We use the distribution of skills by occupation implied by the model’s pre-AI equilibrium.
16The specific prompt is documented in (Eloundou et al., 2024, Supplementary Materials).
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the moderate AI scenario, 22.4 percent of all tasks are classified as automatable by
generative AI (see Table B.2). The prompt is documented in Appendix E.1.2.

We find high agreement between our measures and those obtained by Eloun-
dou et al. (2024). The share of tasks that are automatable is almost identical across
the measures. Importantly for our exercise, we find strong agreement across tasks
(see Figure A.4d).

Simplification. Lastly, we elicit the degree to which AI changes tasks’ skill re-
quirements, rτ. In addition to our new data on pre-AI task-level skill requirements,
we prompt several LLMs to evaluate the task’s skill requirements before and after
workers gain access to generative AI (similar to Hosseini and Lichtinger, 2026).
The prompt can be found in Appendix E.1.3. We estimate that across all tasks and
skill dimensions, a one-step reduction (out of seven) is the most common change
in the moderate AI scenario (see Table B.2).

According to these predictions, there is large heterogeneity in what AI can sim-
plify across skills: the strongest simplification occurs in time management, writ-
ing, judgment and decision making, and critical thinking, versus the least simplifi-
cation in the manual skills of equipment maintenance, repairing, and installation.

We find that occupations with larger predicted simplification experience a de-
cline in skill requirements in real-time job postings. We use a random subsample
of US job postings from Revelio Labs’ Cosmos database, which covers the full text
of over 5 billion job postings from company websites and job boards since 2007.
Following Autor and Thompson (2025), we compute expertise indices by occupa-
tion over time based on the relative frequency of words specific to a professional
domain. Figure 1 shows that occupations predicted to be more simplified by AI
exhibit no differential trend in required expertise prior to 2022, but a sharp and
accelerating decline thereafter—reaching 0.4 standard deviations by early 2026.
This pattern is corroborated by two additional measures of occupational skill re-
quirements in Figure A.5a: both the frequency of skill-related language and the
rate of technical keywords in job postings fall post-2022 in occupations our model
predicts to be more simplified.

Lastly, that AI tends to simplify tasks aligns with experimental evidence that
has consistently shown larger AI-led productivity effects among lower-skill work-
ers across several occupations (e.g., Dell’Acqua et al., 2023; Noy and Zhang, 2023;
Brynjolfsson et al., 2025; Cruces et al., 2026).
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FIGURE 1: SIMPLIFICATION VIA JOB POSTINGS
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Notes: This figure shows that occupations predicted to be more simplified by AI exhibit a decline in
required expertise in real-time job postings. Continuous treatment exposure is measured using our
occupation-level predicted AI-led simplification (slow AI scenario to avoid factoring in post-2026
changes in AI capabilities). Following Autor and Thompson (2025), the outcome is an expertise
index based on the relative frequency of words that are highly specific to a professional domain.
We use a random subsample of US job postings in Revelio Labs’ Cosmos database. Each coefficient
gives the differential effect of a 1 standard deviation higher predicted simplification in t relative
to 2022-H1. We include occupation and time fixed effects; standard errors are clustered at the
occupation level.

4 Estimation

We jointly estimate the parameters governing productivity, skill accumulation, oc-
cupational choices, and the initial skill distribution using maximum likelihood on
the NLSY79 estimation sample. We provide a computationally efficient methodol-
ogy to do so using direct inference. The algorithm recovers the equilibrium prices
directly, avoiding the need to solve for the equilibrium within the estimation loop.
Table B.4 shows an overview of all model parameters and their estimated values.

4.1 Estimation strategy

The goal of the estimation strategy is to find the parameters that maximize the
likelihood of the observed wages and occupational choices. A full maximum-
likelihood approach over the complete parameter space is computationally pro-
hibitive given the dynamic and high-dimensional nature of the model. We reduce
the computational burden in two main ways.
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First, we maximize the likelihood using a sequential approach. We partition
the large parameter space into an outer vector θ1 and a set of objects that can
be consistently estimated using a fast procedure for any given θ1: the vector of
task-level productivity parameters θy = {η, {ωs}s∈S}, occupational amenities µ =

{µj}J
j=1, and equilibrium prices p = {pj}J

j=1. We then maximize the likelihood

L
(
θ1, θy(θ1), p(θ1), µ(θ1)

)
with respect to θ1 only, obtaining consistent estimates of θy(θ1), p(θ1), and µ(θ1)

via closed-form expressions and a fast iterative algorithm. This reduces the di-
mensions of the nonlinear search by 95 percent.

Second, we only maximize the likelihood of the occupational choices for work-
ers at the terminal age A. Since the occupational choice problem for these workers
is static, this avoids repeated solution of the dynamic value function.

Inner algorithm. The inner algorithm proceeds in three steps: infer workers’
skills, estimate the task-level productivity parameters using linear regression, and
recover occupational amenities from occupational choices.

The first step in the inner algorithm is to compute the workers’ skills given θ1.
The NLSY79 provides multi-dimensional skill scores. However, we observe those
skills i) only as percentile scores, not as cardinal measures, and ii) only at labor
market entry, not later. We first map percentile scores into cardinal skills h using
the marginal distribution, approximated with a Beta distribution with parameters
included in the outer vector θ1.17 That is, we recover the cardinal skills as h =

F−1(h̃), where F(·) is the estimated Beta distribution of initial skills and h̃ are the
workers’ percentile skill scores. We then successively apply the skill accumulation
function gj(·, ψ) in equation (16) to infer workers’ skills at later ages. That is, given
worker i’s occupational history ja−1

i ≡ {ji,1, . . . , ji,a−1}, worker i’s skill level at age
a is

hi,a(λ(ψi), δ) ≡
(

gji,a−1(·, ψi) ◦ gji,a−2(·, ψi) ◦ . . . ◦ gji,1(·, ψi)
)
(hi,1) .

where ( f ◦ g)(x) ≡ f (g(x)).18 Following Heckman et al. (1998), we proxy ψi by
the Armed Forces Qualification Test (AFQT) score. The parameters {λ(ψ)}4

ψ=1

and δ are in θ1.

We then estimate the task-level productivity parameters and equilibrium prices

17The Beta distribution is a flexible distribution characterized by two parameters Ba and Bb with
support on [0,1]. We assume that this distribution is common across skill dimensions.

18To save notation, it is left implicit above that hi,a depends on λ(ψi) and δ through gj(·, ψi).

19



using a linear regression. The derived occupational wage function in equation
(15) governs how skills translate into earnings in each occupation depending on
the occupation’s price and tasks, and the parameters of the production function
{ωs}s∈S and η. A log-linearization of this function around zero mismatch yields

log wj(hi) ≈ log pj + ∑
s∈S

ωs log(his)− η ∑
s∈S

∑
τ∈Tj

θ̃j,τ min {his − rτ,s, 0}2
(17)

where θ̃j,τ ≡ θj,τγ
ρ−1
τ (see Appendix D.2 for the proof).19 Equation (17) implies

that we can estimate the equilibrium prices pj and the parameters of the produc-
tion function using a simple OLS regression of wages on occupational fixed effects,
skills, and skill mismatch. Since the equilibrium prices can be recovered from the
occupational fixed effects in the regression, no equilibrium solution is required
within the estimation loop.

We correct for selection on the occupation-specific productivity shocks using
the control-function approach of Dubin and McFadden (1984). When observed
wages equal the deterministic component wj(h) times the stochastic shock ε j, se-
lection arises because workers observe ε j when choosing their occupation. The
Gumbel distribution of log ε j implies that its expectation conditional on choosing
occupation j is E[log ε j | j, h, ψ, k] = −ζ log Pa(j | h, ψ, k) where Pa(j | ·) refers
to the probability of choosing j (see e.g., Dubin and McFadden, 1984).20 We thus
control for this selection term in the regression.21

In the last step of the inner algorithm, we estimate the occupational amenities µ

using a fast iterative procedure to match the occupational choices of terminal-age
workers. At age a = A, equation (10) simplifies to

PA(j | h, ψ, k) =
exp

(
1
ζ

(
log wj(h) + µj − κ(k, j)

))
∑J

l=1 exp
(

1
ζ (log wl(h) + µl − κ(k, l))

) . (18)

where ζ (scale of productivity shocks), κ (switching costs) are included in outer
vector θ1 and thus taken as given in this step. The likelihood is maximized with
respect to µ when the observed share of terminal-age workers in occupation j,
denoted sj, equals the model-implied share s̃j (µ). We solve for this µ using the

19For estimation we set ∑τ∈Tj
θ̃j,τ = 1 for all j and use O*NET’s task-importance weights to

proxy θ̃j,τ . Since we estimate the model on pre-AI data, no task is automated, i.e., Aj = ∅.
20While Dubin and McFadden (1984) derives this selection equation for a static choice problem,

it extends directly to dynamic choice settings like ours.
21We estimate these probabilities using occupation-specific logit regressions that condition on

workers’ previous occupation, 10-year age bins, and each dimension of initial skill.
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contraction mapping proposed by Berry et al. (1995):

µ
(r+1)
j = µ

(r)
j + Ψ

(
ln(sj)− ln

(
s̃j (µ)

))
for some Ψ ∈ (0, 1] (19)

where Ψ is a damping parameter.22

Outer algorithm. In the outer algorithm, we optimize over the outer vector θ1—
the parameters governing skill accumulation, the initial skill distribution, and oc-
cupational choice. We choose these parameters to maximize the joint likelihood of
the wage function and workers’ occupational choices at terminal age A:

θ̂1 = arg max
θ1

N

∑
i=1

A

∑
a=1

J

∑
j=1

1[ji,a = j] log π
(
log wi,a,j − log w̃i,a,j(θ1)

)
+

N

∑
i=1

J

∑
j=1

1[ji,A = j] log PA(j | hi,A, ψi, ki; θ1)

(20)

where w̃i,a,j(θ1) is the expected wage based on the inner-step given θ1 and π(·).
The first term captures the likelihood of the observed wages and the second term
reflects that of the observed occupational choices. In practice, wages contain noise
that workers do not act on—such as measurement error or idiosyncratic pay—
which the structural model’s choice-relevant shocks log ε j alone cannot absorb
without distorting the occupational choice probabilities. We therefore augment
log ε j with an independent Gaussian term log νj and approximate the total wage
shock log ε j + log νj by a normal distribution π(·).23

Full-population amenities. As a final step after the outer algorithm has con-
verged, we re-estimate the occupational amenities µ using the full working-age
population rather than the old workers alone. This ensures that the model matches
employment shares for all workers. The procedure follows the same BLP iteration,
but now solves the worker’s full dynamic value function at each iteration.24 The
estimates of the occupational amenities resulting from the inner algorithm and
this dynamic BLP procedure are almost identical (correlation: 0.99), validating
our computational shortcut.

22In practice, we use the SQUAREM algorithm to accelerate convergence (Varadhan and Roland,
2008; Reynaerts et al., 2012; Conlon and Gortmaker, 2020).

23The estimated variance of log νj is substantially larger than that of log ε j, so the convolution is
dominated by the Gaussian component.

24In dynamic problems, this procedure is not generally a contraction mapping and we can thus
not prove that the fixed point is unique (see also Gowrisankaran and Rysman, 2012). However, the
procedure yields the same results for any starting value we tried.
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4.2 Parameter Estimates

Table 1 reports the estimates of the task-level production function parameters in
equation (14). The first five columns show the general skill elasticities ωs, which
govern the degree to which higher skills raise productivity across all tasks regard-
less of those tasks’ specific requirements. We find that the returns to math and so-
cial skills are highest, consistent with Deming (2017). The mismatch parameter η

implies that if a worker’s skill falls one unit below a task’s requirement in a single
dimension (on O*NET’s 1–7 scale), their task-specific productivity is 4.3 percent
lower than that in tasks for which they meet the skill requirements in every di-
mension. This cost of underqualification is substantial and generates meaningful
comparative advantage across tasks with differing skill requirements.

In Table B.5, we show that the estimates are not strongly affected by the log-
linearization of the wage function. Estimating the exact wage function by non-
linear least squares yields skill elasticities and mismatch costs that are nearly iden-
tical to the baseline estimates. Controlling for selection more flexibly using splines
also does not materially change the estimates.

TABLE 1: PRODUCTION FUNCTION: PARAMETER ESTIMATES

General skill Mismatch

ωMn ωMt ωS ωT ωV η

0.330 0.786 0.545 0.220 0.361 0.044
(0.024) (0.028) (0.021) (0.038) (0.031) (0.002)

Notes: This table shows estimates of the task-level productivity parameters. Subscripts Mn, Mt,
S, T, V refer to manual, math, social, technical, and verbal, respectively. Estimates are obtained
through OLS based on equation (17). Standard errors in parentheses (not corrected for uncertainty
in other parameters).

The occupational prices are recovered from the occupational fixed effects in the
production function regression. Consistent with the model’s prediction that oc-
cupational prices reflect skill requirements, the estimated prices p̂j are strongly
positively correlated with occupational skill requirements: skill requirements ex-
plain around 73 percent of the variance in prices across occupations (see Table
B.6). To reduce noise in these price estimates, we apply empirical Bayes shrinkage
toward the price predicted by skill requirements (Walters, 2024).

Table 2 presents the estimates governing initial skills and skill accumulation.
The depreciation rate δ = 0.0003 implies that skills are highly persistent when

22



workers only perform tasks for which they are overqualified. The learning cost
λ(ψ) is strictly decreasing in the AFQT quartile, implying that higher-ability work-
ers converge more quickly toward the skill requirements of tasks for which they
are underqualified. The shape parameters of the initial Beta distribution imply
an average initial skill level of Ba/(Ba + Bb) = 0.35, corresponding to 3.11 on
O*NET’s 1–7 scale, in between the “low” and “medium” skill requirement an-
chors. Figure A.6 plots the implied density function.

TABLE 2: SKILLS AND SKILL ACCUMULATION: PARAMETER ESTIMATES

Learning costs Depr. Initial dist.

λ(1) λ(2) λ(3) λ(4) δ Ba Bb

3.50 2.97 2.81 2.67 0.0003 61.74 113.84

Notes: This table shows parameter estimates for the law of motion for skill accumulation in (16) and
the initial skill distribution. λ(ψ) refers to the learning cost at quartile ψ of the AFQT distribution.

Lastly, we estimate the scale parameter ζ̂ = 0.053 and the switching cost pa-
rameter κ̂ = 0.340. The estimate for κ implies that the utility cost of switching
occupations is equivalent to a 29 percent wage loss.

Calibrated parameters. Some parameters are calibrated externally rather than
estimated. We set career length A to 40 so that each model period corresponds one
year between ages 25 and 64. Following Keane and Wolpin (1997), the discount
factor β = 0.78 (see also Postel-Vinay and Robin (2002) for similar estimates). We
set the elasticity of substitution between tasks ρ to 0.49, as estimated by Humlum
(2021), implying that tasks within an occupation are complements. The task sets
Tj, importance weights θj,τ, and the skill requirements are constructed from the
data described in sections 3.1.1 and 3.1.2.

The labor share Γj in each occupation—the share of occupational revenue ac-
cruing to workers—is calibrated from the share of automatable tasks and the cost
savings AI generates in those tasks. Appendix D.1 shows that this share satisfies

Γj ≈
χρ−1

(
1 − ∑τ∈Aj

θj,τ

)
∑τ∈Aj

θj,τ + χρ−1
(

1 − ∑τ∈Aj
θj,τ

) , (21)

where χ is the unit cost of producing automatable tasks with AI relative to the unit
cost of producing them with labor. Using experimental evidence, Acemoglu (2025)
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estimates the cost savings of AI in automatable tasks to be 27 percent. Hence, we
set χ = 0.73.

We close the model by estimating the demand for each occupational good.
Our baseline specification assumes that occupational goods are substituted with
a constant elasticity of substitution (CES) σ, so that demand for occupation j sat-
isfies Dj(p) ∝ αj p−σ

j . We set the elasticity of substitution between occupations
σ = 1.57—the midpoint between 1.81 (Burstein et al., 2019) and 1.34 (Caunedo
et al., 2023). The CES importance weights {αj}J

j=1 are then identified from ob-
served occupational wage shares and the estimated occupational prices because
for any two occupations i and j,

αi

αj
=

(
pi

pj

)σ−1

× Wage share of occupation i
Wage share of occupation j

.

We compute occupational wage shares from the 2018 BLS Occupational Employ-
ment and Wage Statistics (OEWS) and use the occupational fixed effects from
equation (17) as consistent estimates of log occupational prices. Because the supply-
side parameters are estimated independently of demand, this demand specifica-
tion does not affect any of the other parameter estimates.

In addition to this baseline CES structure for occupational demand, we estimate
a nested CES structure. Occupations are combined to produce goods for each
industry, where industries are characterized by the varying importance weights
of occupations. These industries (3-digit NAICS) are nested within sectors (1-digit
NAICS). For this nested CES, we set the elasticity of substitution between 1-digit
sectors to 1.01, across 3-digit industries within sectors to 2.98 (as estimated by
Hobijn and Nechio, 2019), and across occupation within industries to 0.90 (Goos
et al., 2014). Each occupation’s weight is inferred from its wage bill share within
an industry (analogous to the standard CES case). These occupation-level weights
are then aggregated to obtain industry- and sector-level importance weights.

4.3 Model Fit

The model’s steady state moments fit labor market data well. The model’s mo-
ments are computed from a simulated sample of 100,000 workers living in the
steady state before any technical change occurs. Figure 2 reports how well the
moments from this simulated panel match the data.

First, Figure 2a shows that the model captures the unconditional distribution
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of wages reasonably well. Given that some drivers of wage inequality, such as re-
gional, racial, and gender differences, are omitted from the model, it is not surpris-
ing that inequality is somewhat underestimated. However, this underestimation
is quite limited. For instance, the ratio between the 75th and the 25th percentile is
2.04 in the data, compared to 1.84 in the model. Table B.7 reports how additional
inequality measures compare between the model and the data.

The model also accurately replicates patterns of occupational sorting. Figure
2b shows the correlation between average skill by occupation in the model and
the NLSY79 data. We compute these correlations using young workers for which
we observe the skills directly from ASVAB scores (rather than partially inferred
through the skill accumulation function), making the test as stringent as possible.
The correlations range between 0.6 and 0.8 across skill dimensions, implying that
the skill assessment scores in the NLSY79 are predictive of occupational choices
(see also Lise and Postel-Vinay, 2020) and that workers in the model select into
occupations based on their skills in ways similar to that observed in the NLSY79.

Average wages by occupation and the wage gradient by age also show a rea-
sonable fit. Figure A.7a shows that the average wage by occupation matches the
data almost perfectly. This is unsurprising, since the estimation of occupational
demand and amenities directly targets total wages and employment by occupa-
tion. Figure A.7b shows that the model matches the growth rate of wages from
labor market entry to around age 55. However, the wage pattern in the model is
not as concave as in the data, so that growth in the first years is underestimated
and growth in the last 10 years overestimated.25

The model also generates a realistic degree of occupational persistence. The
probability of remaining in the same 3-digit occupation is 0.86 in the model and
0.90 in CPS data. This moment is directly targeted by the switching cost κ. The
model additionally reproduces the untargeted fact that staying within a broader
2-digit occupational group is even more likely: 0.92 (model) and 0.94 (CPS).

Lastly, we compare the transition probabilities between occupations conditional
on switching. The correlation between the (log of) the transition probabilities in
the model and data is 0.56 on the 2-digit occupation level. On the 3-digit level,
it is substantially lower: 0.20. The model thus accurately predicts occupational
transitions across 22 broader occupational groups. Within those groups, occupa-

25Besides, the model predicts markedly higher wages in the first period than those directly after.
This feature is caused by the fact that occupational switching costs are only incurred after the
first period. Workers are therefore more likely to choose occupations in which they are highly
productive (i.e., with a high ε j) in the first period than in any later periods.
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tional transitions are harder to predict, because occupations are more similar in
skill requirements within those groups.

FIGURE 2: MODEL FIT: COMPARING MODEL MOMENTS WITH DATA
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Notes: Panel A shows a kernel density plot of the wage distributions of the NLSY79 data and the
model’s steady state. Panel B reports the correlation between the average skill by occupation in
the model’s first period and the NLSY79.

5 Artificial Intelligence and the Labor Market

Having estimated the model and validated its ability to match various features
of the pre-AI labor market, we next use the model to assess AI’s labor market ef-
fects. Specifically, we study AI’s general equilibrium effects on wages, inequality,
welfare, skill returns, and occupations using the predictions of the technology’s
capabilities to augment, automate, and simplify.

5.1 AI’s Effects on Individual Workers

5.1.1 Wages and Inequality

We begin by studying AI’s impact on the steady state wage distribution. We find
that AI produces sizable average wage gains of 27.6 percent (see Figure 3). This
effect is larger than estimates of IT’s cumulative growth contribution of around 16
percent (Jorgenson et al., 2008). It is also similar to other estimates on AI’s growth

26



effect (Baily et al., 2023; Aghion and Bunel, 2024; Filippucci et al., 2024) but larger
than the estimate by Acemoglu (2025).26

FIGURE 3: WAGE EFFECTS ACROSS THE DISTRIBUTION
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Notes: This figure shows the distribution of wage changes induced by AI across the wage percentile
distribution for three scenarios of AI progress: slow, moderate, and rapid. We follow Karger et al.
(2026) in defining the scenarios and measure task-specific AI capabilities using Qwen 2.5. The left
panel shows the joint effect of AI’s augmentation, automation, and simplification on each wage
percentile; the right panel shows the effects if AI induced only augmentation and automation, but
no simplification. The horizontal axis represents wage percentiles weighted by pre-AI employ-
ment, and the vertical axis shows the percentage change in wages for each percentile.

The three mechanisms of technical change shape wages through competing
forces (see Figure A.9). Augmentation has an unambiguously positive effect on
wages, and we find it to be quantitatively large (22% on average). Automation
raises productivity but displaces labor with capital (Acemoglu and Restrepo, 2018);
here the productivity effect dominates, raising average wages by 8 percent.27 Sim-
plification weakly increases productivity (see equation 14), but limits opportu-
nities for learning; for AI, we find that the net effect is slightly negative (−3%).
Workers’ skill levels decrease significantly on average, especially for verbal and
technical skills (see Figure A.10). Our modeling of learning cost is consistent with
experimental evidence that AI usage slows the acquisition of new skills (Shen and
Tamkin, 2026).

The wage gains are concentrated at the bottom of the distribution and are nearly
zero at the 99th percentile, implying a significant drop in wage inequality. In the

26The productivity effects quantified by Acemoglu (2025) are based on a conservative automa-
tion scenario, whereas our evidence also incorporates augmentation.

27This finding is primarily driven by the cost savings of automation, which, following Acemoglu
(2025), we calibrate to 27%.
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moderate scenario, the 90-10 ratio of wages falls by 24 percent. In the slow and
rapid AI scenarios, it falls by 13 and 33 percent, respectively.

Simplification is the key force lowering inequality. Without simplification—that
is, with only augmentation and automation operating—inequality would slightly
increase rather than strongly decrease. Simplification lowers inequality in two ways.
First, it reduces wage dispersion within occupations by enabling lower-skill work-
ers to perform tasks more productively. Second, it reduces wage differences across
occupations by making occupations with high skill requirements more accessible
to lower-skill workers, reducing its relative price.

In contrast, automation and augmentation have small distributional effects.
First, within occupations, augmentation and automation affect the relative pro-
ductivity of workers with different skills only if they disproportionately affect
tasks with atypical skill requirements. In such cases, augmentation and automa-
tion induce an indirect form of simplification by changing tasks’ effective impor-
tance within an occupation. However, we find that these indirect effects are quan-
titatively small relative to direct simplification. Second, across occupations, aug-
mentation and automation can in principle increase wage inequality by increasing
the relative productivity of high-wage occupations. However, when the elasticity
of substitution across occupations is close to one—as empirical estimates suggest
(e.g., Burstein et al., 2019; Caunedo et al., 2023)—such productivity differences
translate only weakly into relative wage changes.

The estimates of AI’s effect on average wage growth are comparable to econ-
omists’ forecasts of AI’s impact on growth (Karger et al., 2026). On average,
economists predict that moderate AI progress would raise annual growth from 2.4
to 2.9 percent, implying 23.4 percentage points additional growth by 2050—close
to the model’s prediction of 27.6 percent. The general public’s forecasts imply 28.5
percent additional growth, AI experts’ 85.7 percent.

5.1.2 Returns to Skills

Consistent with the decrease in wage inequality, we find that the ex-ante wel-
fare gains are largest for lower-skill workers. Specifically, we compare expected
welfare at labor market entry, conditional on initial skills, in economies with and
without AI. We measure welfare changes using equivalent variation, measured in
terms of a permanent proportional wage increase that delivers the same welfare
gain as the introduction of AI (regardless of skill and occupation). Figure 4 shows
the coefficients of a regression of the welfare gains on initial skill levels. Workers
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with high verbal skills see the smallest increases in welfare gain: a 1-point increase
in verbal skills (on the O*NET scale from 1 to 7) decreases the welfare gains from
AI by 0.8 percent. Higher manual and math skills, in contrast, have the least neg-
ative association with AI-induced welfare effects. While qualitatively similar, the
decreases in the returns to skills are quantitatively starker in the rapid than in the
slow and moderate AI scenarios (see Figure A.18).

FIGURE 4: HOW AI CHANGES THE RETURNS TO SKILLS
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Notes: This figure shows how AI’s welfare effects differ by skills (moderate AI scenario). The
welfare effects are measured in equivalent permanent percentage wage increases. This figure plots
the coefficient of a regression of these welfare effects on skill levels across all dimensions. For
interpretability, the skills are expressed on the O*NET scale from 1 to 7. Figure A.18 shows the
slow and rapid AI scenarios.

Unlike the skill-biased technical changes of recent decades, which increased
the relative demand for cognitive skills and widened wage differentials (Katz and
Murphy, 1992; Autor et al., 2008), AI’s distributional effects are dominated by sim-
plification, which compresses the wage distribution. Simplification is similar in
spirit to “non-autonomous AI”, which allows lower-skill workers to solve diffi-
cult problems with AI, and thus raises their wages relative to skilled workers (Ide
and Talamàs, 2025).

The decline in the returns to verbal and social skills has implications beyond
overall inequality. Hurst et al. (2024) show that rising returns to abstract, cognitive
tasks—closely related to verbal and social skills—together with discrimination of
Black workers explain why the Black-White wage gap stopped closing after 1980.
Our finding that AI compresses these returns suggests that simplification could
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partially reverse this.

Lastly, we merge these changes in skill returns to data on college majors’ skill
content to analyze how the value of each major changes (see Figure A.19). Majors
high in manual and technical skill—especially, mechanics, engineering, culinary
arts, cosmetology, architecture, transportation, and physics—rank among the top
majors whose returns rise relative to other majors by over 1.5 percentage points. In
contrast, majors intensive in verbal and social skills fare worse, especially political
science, religion, women’s studies, sociology, philosophy, and law.

Our key result is not sensitive to the structure of demand for occupations. Com-
paring standard and nested CES demand, we find that the distributional impacts
are very similar (see Figure A.8). On average, wages increase slightly more with
the nested versus the standard CES.

5.1.3 Welfare

While wages are a natural measure of AI’s labor market impact, they capture only
part of workers’ overall welfare. First, wages abstract from the switching cost
workers bear to reach the new equilibrium. Second, even if AI raises average
wages, its distributional consequences matter: under standard concavity of utility,
wage gains accruing to lower-income workers generate larger welfare improve-
ments than equivalent gains at the top of the distribution.

We first consider AI’s welfare effects in the short run. Specifically, we consider
a one-off (“MIT”) shock through which AI is introduced to the economy. We mea-
sure welfare effects in terms of equivalent wage variation. That is, we ask: Absent
AI, how much would a worker have to be paid more for the rest of their life to
make them equally well off as they are in the transition to AI.

We find that welfare increases despite the reallocation costs that workers face
during the transition to AI—for most of them substantially (see Panel A of Figure
A.11). Perhaps unsurprisingly, AI affects older workers’ welfare particularly het-
erogeneously (see Figure 5). Older workers have already invested in occupations
and skills and have less time left to benefit from costly adjustments. Thus, those
who have invested in the “wrong” occupations and skills gain less than others.

We also consider scenarios in which AI does not provide any augmentation,
automation, or simplification. We find that a small set of workers experience neg-
ative welfare effects in the scenario where AI does not augment the worker at all
(see Figure A.12 for the distribution under each scenario). However, even in that
relatively pessimistic scenario the average worker experiences an 11 percent wel-

30



fare gain. In all other scenarios, we find positive welfare effects across the board.

FIGURE 5: SHORT-RUN WELFARE EFFECTS BY WORKER CHARACTERISTICS
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Notes: This figure shows heterogeneity in AI’s welfare effects along the transition path by worker
characteristics (moderate AI scenario). Panel (A) shows welfare effects by learning ability (AFQT
score). Panel (B) shows welfare effects by age. The welfare effect is measured in equivalent wage
variation: it represents the permanent wage increase across all occupations that yields the same
welfare gain as the introduction of AI.

Last, we consider the welfare effects in the long run for workers entering the
labor market in the new steady state.28 We find that long-run welfare increases by
37 percent on average, ranging between 30 and 42 percent for most workers (see
Panel B of Figure A.11). The welfare gains exceed the average wage increase (28
percent) because of reduced inequality: AI disproportionately raises wages at the
bottom of the distribution, where the marginal utility of consumption is highest.
The average welfare gain is higher in the long run than in the short run because
the transition requires costly reallocation. The most important difference is that
welfare gains are more unequally distributed in the short run.

5.2 AI’s Effect on the Occupational Landscape

Workers’ response to AI significantly shifts the occupational landscape. These
shifts are reflected in the changing importance of individual occupations as mea-
sured by their wage bill (employment times wages). Building and Maintenance as

28The welfare gain is expressed in equivalent wage variation as explained above.

31



well as Construction and Extraction occupations experience the largest wage bill in-
crease of 50 percent, while Office and Administrative Support as well as Business and
Financial Operations see an absolute decline in their wage bill (see Figure 6).

FIGURE 6: AI’S EFFECT ON OCCUPATIONS’ WAGE BILLS
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Notes: This figure shows the model predictions on AI’s wage bill effects by occupational group
(moderate AI scenario). Figure A.15 shows these effects on the disaggregated occupations used in
the model.

Occupations’ wage bill changes are driven by both wages and employment (see
Figure A.13). Although wages rise on average, some occupations experience ab-
solute wage declines. The effects on employment and wages often work in the
opposite direction (Figure A.14). For instance, Architecture and Engineering as well
as Life, Physical, and Social Science experience the largest increase in employment
share and the largest decrease in average wages. In contrast, Building Cleaning
and Maintenance experiences the largest increase in average wages and a decline in
employment. Note that because of workers’ reallocation, occupation-level wage
declines do not imply that individual workers experience wage losses. Since some
occupations lose more than half of their employment, considering worker reallo-
cation is key to understand how AI affects workers (Figure A.13c).
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FIGURE 7: AI’S EFFECT ON OCCUPATIONAL EMPLOYMENT & WAGES
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Notes: This figure shows the model’s predictions on AI’s employment and wage effects by occu-
pational group (moderate AI scenario). Occupations are sorted in descending order of AI’s effect
on the total wage bill, so that the first listed occupation experiences the largest wage bill increase.
We conduct a Shapley-Owen decomposition to separate the overall change into the contribution
of each channel: augmentation, automation, and simplification.

We find that simplification shapes relative wage effects more than augmen-
tation and automation. We decompose occupational outcomes by recomputing
them under all possible channel combinations (Shapley, 1953; Owen, 1977, see
Figure 7). Augmentation and automation tend to increase the productivity of all
workers in an occupation equally, unless the skill requirements of affected tasks
greatly differ from the occupational average. Small automation- and augmentation-
driven relative wage effects imply that such indirect simplification has limited
quantitative importance for AI.

In contrast to augmentation and automation, direct simplification has strong ef-
fects on relative wages. Simplification expands the pool of workers who can per-
form an occupation productively by lowering skill requirements. It thereby raises
affected occupations’ employment and compresses their average wages through
increased competition. Figure A.16 shows this breakdown for detailed occupa-
tional categories.

Three occupations illustrate the mechanisms behind these predictions: radiolo-
gists, management analysts, and telemarketers.
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Radiologists. In 2016, Geoffrey Hinton urged the field to “stop training radiol-
ogists,” predicting AI would replace them within five years. Radiology has since
accounted for more than 75 percent of FDA-authorized clinical AI tools, and about
two-thirds of US radiology departments use AI (Mousa, 2025). Yet the radiologist
labor market has grown: the wage bill share rose by 6.6 percent between 2016 and
2024, driven by strong employment growth (23.2% versus 9.8% on average) and
held back by below-average wage growth (30.1% versus 36.9%). The model lines
up with this pattern. It predicts a 41 percent wage bill increase for Health Diag-
nosing and Treating Practitioners, 1.5 times the average (Figure A.15), combining
above-average employment growth (11% versus 0% by construction) with near-
average wage growth (27% versus 28%; Figure A.16). Simplification drives both:
it raises employment and compresses radiologists’ relative wages. Automation
affects only a small share of their tasks, adding to employment with little wage
effect; augmentation matters little for either.

Management analysts. Management analysts (Business Operations Specialists)
shrink in importance: the model predicts a 3 percent employment decline and
flat wages (Figure A.16)—below the cross-occupation average on both margins.
They are strongly exposed to both simplification and automation: simplification
raises employment and lowers wages, while automation offsets the employment
gain, so the occupation shrinks overall. This matches experimental evidence that
lower-skill consultants gain more from AI (Dell’Acqua et al., 2023); in the model,
such gains can only come from (direct or indirect) simplification, which raises the
relative productivity of lower-skill workers.

Telemarketers. For telemarketers, AI substitutes for rather than complements
labor: all 12 of their tasks are automatable by generative AI. Their broader group,
Other Sales and Related Workers, also faces high automation exposure, sharply re-
ducing employment and placing telemarketers among the most negatively af-
fected occupations by both employment and wage bill (Figures A.15 and A.16).
Simplification plays little role, so relative wages stay constant.

5.3 Accounting for Adoption Costs

While AI has the potential to reduce wage inequality, adoption frictions may limit
this equalizing effect. Specifically, it may be most costly to adopt the technology
for workers with the lowest learning ability (Humlum and Vestergaard, 2025; Bick
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et al., 2026)—the workers who stand to benefit the most. In this subsection, we
consider how our findings change when we take adoption costs into account.

We model adoption as a firm-level decision taken separately for each worker.
Adopting AI for a worker with learning ability ψ shrinks output by a proportional
factor c(ψ) ∈ [0, 1) that captures the time, training, and reorganization required
to put the technology to productive use. After paying the adoption cost, the firm
benefits from augmentation, automation, and simplification. The firm adopts the
technology for a worker with skills h in occupation j whenever doing so makes
the worker more productive despite the adoption costs, i.e.,

(
1 − c(ψ)

)
YA

j (h) Γj > YN
j (h) (22)

where YA
j and YN

j are output with and without AI adoption and Γj is the labor
share that remains after automation costs as in equation (7). Since adoption affects
a worker’s time allocation across tasks, it affects their skill accumulation accord-
ingly (equation 16).

We estimate adoption costs by learning ability using micro-data on AI adop-
tion at work provided by Bick and Blandin (2023) and Bick et al. (2026).29 We only
consider variation in adoption costs within occupations, so as not to confound dif-
ferential adoption costs with differential productivity effects across occupations.
Specifically, we regress a dummy for work-related generative AI usage on fixed
effects for each occupation and each quartile of the learning ability distribution,
relative to the first quartile. We proxy learning ability with education. We then
find the vector of adoption costs that implies the same regression coefficients and
average adoption rate in the model, holding the distribution of skills and learning
ability by occupation constant at the pre-AI equilibrium.30

The resulting estimates for the adoption costs are from the lowest to the highest
quartile of learning ability ψ: 0.28, 0.26, 0.24, and 0.22. These estimates imply that
adoption costs are lower for workers with higher learning ability and that they
average around a quarter of a worker’s effective units of labor. Since generative AI
is still a relatively young technology, one may expect that adoption costs decrease
over time. In that sense, we view the estimated productivity effects of AI under
these adoption costs as conservative.

29These individual-level data on generative AI usage at work are from the Real-Time Population
Survey (RPS), a nationally representative survey of US adults aged 18–64 (Bick and Blandin, 2023).
We pool the June, August, and November 2024 waves, which included a generative AI module
(Bick et al., 2026).

30To estimate these adoption costs, we compute YA
j (h) based on AI’s capabilities under the

“slow” scenario, as this scenario is closest to AI’s current capabilities.
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FIGURE 8: ADOPTION COSTS AND AI’S WAGE EFFECTS
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Notes: This figure shows the distribution of wage changes induced by generative AI across the
wage percentile distribution with versus without adoption costs (both for the moderate AI sce-
nario). Estimates without adoption costs replicate the “moderate” estimates in Panel A of Figure
3. We follow Karger et al. (2026) in defining the scenarios and measure task-specific AI capabilities
using Qwen 2.5. Figure A.17 shows estimates for the slow and rapid scenarios. The horizontal
axis represents wage percentiles weighted by pre-AI employment, and the vertical axis shows the
percentage change in wages for each percentile. Results are similar when we change the learning
ability gradient of adoption cost by a factor of 0.5 or 2.

Our baseline estimates of adoption costs suggest that AI’s equalizing potential
is reduced but remains intact (see Figure 8). First, even though adoption costs are
lower for workers with higher ability, the model still predicts that AI reduces wage
inequality substantially. The 90–10 ratio of wages still falls by 15 percent (versus 24
percent without adoption costs). Adoption costs have qualitatively similar effects
under the slow and rapid AI scenarios (see Figure A.17).

Second, the adoption costs reduce the estimated wage effect from AI since
workers who adopt pay a large productivity cost of doing so and some work-
ers choose not to adopt. After accounting for adoption costs, our estimate of
AI’s effect on average wage growth—0.3 percent (versus 27.6% without adoption
costs)—is closer to short-run than long-run forecasts (Karger et al., 2026). The
short-run forecasts are the more modest of the two, projecting additional growth
of 1.1 to 3.3 percent by 2030 (versus 23.4% to 85.7% by 2050).

In sum, adoption costs attenuate AI’s equalizing effect but do not eliminate it,
even though they affect workers with lower learning ability most. Lowering these
costs is thus a key policy lever for realizing AI’s equalizing potential.
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6 Conclusion

Technical change reorganizes production at the task level, so understanding its la-
bor market effects requires characterizing workers’ comparative advantage across
occupations and tasks. This paper develops and estimates a dynamic task-based
framework that recovers this comparative advantage and embeds it in a general
equilibrium model of occupational choice and skill accumulation. We use this
framework to study artificial intelligence as a technology that augments, auto-
mates, and simplifies tasks. The quantified model predicts that AI substantially
raises wages, especially in the lower part of the wage distribution. Simplification
of tasks is the key reason why our model predicts that AI will reduce inequality.
However, simplification also reduces skill accumulation, dampening AI’s positive
effect on wage growth.

Our work has several limitations that future research may be able to overcome.
First, our estimates are based on our expectations (as of 2026) of AI’s future capa-
bilities. While we bracket this uncertainty with slow, moderate, and rapid scenar-
ios, the underlying range itself may shift as the technology develops. Second, our
model does not feature unemployment. While we find that AI generates a large
reallocation of workers across occupations, we ignore frictions that may gener-
ate transitional unemployment accompanying this reallocation. Third, this paper
only considers the effect of technical change on wage income. Beyond wages, AI
also has the potential to affect inequality through the incomes of entrepreneurs
and capital owners. On the one hand, small-scale entrepreneurs specifically may
benefit from the low fixed cost of using AI, making them more competitive with
large-scale entrepreneurs, lowering inequality. On the other hand, producing AI
requires high fixed costs, which can increase firm concentration and raise inequal-
ity (Reichardt, 2025). Furthermore, the owners of capital may benefit dispropor-
tionately if the returns to capital rise faster than wages (Moll et al., 2022).

Future research may also be able to address several additional dimensions we
hold fixed. In our framework, we take the technical change brought about by AI
as exogenous. One could, however, consider how simplifying technologies arise
from directed innovation when particular skills are in short supply (Acemoglu,
2002; Acemoglu and Restrepo, 2018). Similarly, we hold the organization of work
fixed. In practice, technological change may prompt the emergence of new tasks
and a reorganization of how work is bundled into occupations. While our method-
ology can accommodate new tasks, measuring what such new tasks (and their
skill requirements) might be is particularly challenging. Last, given that we find

37



empirical evidence for AI’s impact on college majors, it is useful to incorporate
how such educational choices respond to technical change in the model (Heck-
man et al., 1998).
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Appendix

A Figures

FIGURE A.1: PRODUCTION AND SKILL ACCUMULATION: FUNCTIONAL FORMS

(A) PRODUCTION

rτ,s
hs

f (hs, rτ,s)

(B) SKILL ACCUMULATION

rτ,srτ,s − 1
λ

1
λe

hs

g̃ (hs, rτ,s, λ)

Notes: This figure illustrates the functional forms of the production and skill accumulation func-
tions in equations (14) and (16), respectively. Panel A shows the production function f (hs, rτ,s) =

hω
s exp

(
−η min {hs − rτ,s, 0}2

)
. Panel B shows the learning part of the skill accumulation function:

g̃ (hs, rτ,s, λ) = max {rτ,s − hs, 0} exp (−λ max {rτ,s − hs, 0}). It illustrates that maximum learning
is attained when the skills are 1

λ below the skill requirements.
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FIGURE A.2: VALIDATION OF TASK SKILL REQUIREMENT DATA WITH O*NET

(A) MANUAL
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Notes: This figure shows the correlation between the occupation-level skill requirement in the
O*NET database versus the GPT-4o and Qwen-2.5 generated task-level skill requirements aggre-
gated to the occupation-level for the skills used in the analysis. Each observation represents an
occupation in the O*NET database.
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FIGURE A.3: VALIDATION OF TASK SKILL REQUIREMENT DATA WITH O*NET (35
SKILL DIMENSIONS)

0 .2 .4 .6 .8 1
Correlation with O*NET skill level

Troubleshooting

Equipment Selection

Quality Control Analysis

Installation

Operation and Control

Management of Material Resources

Technology Design

Time Management

Operations Analysis

Coordination

Monitoring

Management of Financial Resources

Operations Monitoring

Programming

Management of Personnel Resources

Service Orientation

Instructing

Systems Evaluation

Systems Analysis

Mathematics

Repairing

Negotiation

Learning Strategies

Speaking

Active Listening

Science

Persuasion

Active Learning

Equipment Maintenance

Complex Problem Solving

Critical Thinking

Social Perceptiveness

Judgment and Decision Making

Reading Comprehension

Writing

GPT-4o Qwen-2.5

Notes: This figure shows the correlations between the occupation-level skill requirement in the
O*NET database versus the GPT-4o and Qwen-2.5 generated task-level skill requirements aggre-
gated to the occupation-level for each of the 35 skills.
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FIGURE A.4: AGREEMENT ACROSS TASK-LEVEL MEASURES

(A) SKILL REQUIREMENTS WITHOUT AI
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Notes: This figure shows pairwise agreement across task-level measures of skill requirements and
AI capabilities. Panels A and B show pairwise correlations of task-level skill requirement ratings
across two human raters, the human average, and our LLM-generated ratings for tasks in eco-
nomics; Panel A shows pre-AI and Panel B post-AI skill requirement levels. All ratings are on
the 1–7 scale used by O*NET. Panels C and D show pairwise agreement on task-level AI exposure
across measures: Eloundou et al. (2024)’s measure based on GPT-4, our measure based on GPT-4o,
and our three measures based on the open-weight Qwen model conditioned on slow, moderate,
and rapid AI scenarios (Karger et al., 2026). Panel C reports pairwise correlations between mea-
sures’ task-level augmentation scores (the share of time saved to complete a task). Panel D reports
the share of tasks on which the row and column measures agree on whether a task is automated,
where a task is classified as automated if its exposure is “high” or “full”; Eloundou et al. (2024) pro-
vide only GPT-4-rated automation labels, so Panel D includes a single Eloundou measure. Panels
C and D are computed on the 14,209 tasks (out of 19,530) present in all measures. The overall share
of automated tasks is 21 percent, 22 percent, 14 percent, 22 percent, and 37 percent in Eloundou
et al. (2024)’s, our, and Qwen’s slow, moderate, and rapid measures, respectively.
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FIGURE A.5: ADDITIONAL MEASURES OF SIMPLIFICATION VIA JOB POSTINGS

(A) SKILL MENTION RATE
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(B) TECH KEYWORD RATE
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Notes: This figure shows that occupations predicted to be more simplified by AI show changes in
the use of skill and technical language in real-time job postings. Continuous treatment exposure
is measured using our occupation-level predicted AI-led simplification (slow AI scenario to avoid
factoring in post-2026 changes in AI capabilities). Panel A uses the rate of the words “skill” or
“skills” per 100 words, and Panel B uses the rate of technical keywords per 100 words (incl. terms
like Python, Git, JavaScript, Excel, deep learning, LLM, or API). We use a random subsample of US
job postings in Revelio Labs’ Cosmos database. Each coefficient gives the differential effect of a 1
standard deviation higher predicted simplification in t relative to 2022-H1. We include occupation
and time fixed effects; standard errors are clustered at the occupation level.

FIGURE A.6: INITIAL SKILL DISTRIBUTION
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Notes: This figure shows the estimated density of the skill distribution of young workers (age a = 1
in the model) on O*NET’s 1 to 7 scale. For comparison, for the skill “reading comprehension”, a 2
means being able to “read step-by-step instructions for completing a form”, 4 means being able to
“understand an email from management describing new personnel policies”, and 6 means being
able to “read a scientific journal article describing surgical procedures”.
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FIGURE A.7: MODEL FIT: COMPARING MODEL MOMENTS WITH DATA
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(B) LIFE-CYCLE OF WAGES
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Notes: Panel A shows the correlation between the average wage in an occupation in the model’s
steady state and in the data as reported in the 2018 BLS OEWS data. Panel B reports the median
wage by age in the NLSY79 and the model’s steady state.

FIGURE A.8: WAGE EFFECTS: STANDARD VS. NESTED CES
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Notes: This figure shows the distribution of wage changes induced by generative AI across the
wage percentile distribution under two alternative demand specifications (moderate AI scenario).
The horizontal axis represents wage percentiles weighted by pre-AI employment, and the vertical
axis shows the percentage change in wages for each percentile. The black line shows results under
the baseline one-level CES demand structure, while the gray line shows results under a nested
CES structure with three layers: broad industry groups, detailed industries, and occupations. Both
specifications include the joint effect of AI’s augmentation, automation, and simplification.
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FIGURE A.9: WAGE EFFECTS BY CHANNEL
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Notes: This figure shows the distribution of wage changes induced by generative AI across the
wage percentile distribution (moderate AI scenario). The horizontal axis represents wage per-
centiles weighted by pre-AI employment, and the vertical axis shows the percentage change in
wages for each percentile. The black line shows the joint effect of AI’s augmentation, automation,
and simplification on each wage percentile. Other lines show the effects when each channel oper-
ates alone.

FIGURE A.10: HOW AI CHANGES AVERAGE SKILL LEVELS
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Notes: This figure shows the average skill level before and after the introduction of AI for each
of the five skill dimensions (moderate AI scenario). Averages are computed across individuals in
the steady state of our model prediction before versus after AI. For interpretability, skill levels are
expressed on the O*NET scale from 1 to 7.

50



FIGURE A.11: DISTRIBUTION OF WELFARE EFFECTS
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Notes: This figure shows the distribution of AI’s welfare effect on individual workers (moderate
AI scenario), in the short run along the transition path, at the time of the shock (Panel A) and
in the long run across steady states (Panel B). The welfare effect is measured in equivalent wage
variation: the permanent proportional wage increase across all occupations that yields the same
welfare gain as the introduction of AI. Unlike the long-run comparison, the short-run measure
accounts for the dynamic adjustment path of the economy.

FIGURE A.12: DISTRIBUTION OF SHORT-RUN WELFARE EFFECTS UNDER
DIFFERENT SCENARIOS
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Notes: This figure shows the distribution of AI’s welfare effect on individual workers along the
transition path in the moderate AI scenario. The dark line represents the distribution under the
baseline scenarios. The other lines show the distribution when one of the channels is not present.
The welfare effect is measured in equivalent wage variation: it represents the permanent wage in-
crease across all occupations that yields the same welfare gain as the introduction of AI. Unlike the
steady-state comparison, this measure accounts for the dynamic adjustment path of the economy.
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FIGURE A.13: GENERATIVE AI’S EFFECT ACROSS OCCUPATIONS
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(C) EMPLOYMENT
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Notes: This figure shows the distribution of generative AI’s predicted effects across occupations
based on our structural model (moderate AI scenario). Panel (A) shows wage bill changes (wages
× employment). Panel (B) shows wage changes. Panel (C) shows employment effects, which
average to zero by definition as our model does not feature unemployment.

FIGURE A.14: AI’S EFFECT ON OCCUPATIONAL EMPLOYMENT & WAGES
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(B) WAGES
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Notes: This figure shows the model’s predictions on AI’s employment and wage effects by occupa-
tional group (moderate AI scenario). Occupations are sorted in descending order of AI’s effect on
their wage bill, so that the first listed occupation experiences the largest wage bill increase.
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FIGURE A.15: AI’S EFFECT ON DETAILED OCCUPATIONS’ WAGE BILLS
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Notes: This figure shows the model predictions on AI’s wage bill effects by occupation.
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FIGURE A.16: AI’S EFFECT ON DETAILED OCCUPATIONS’ EMPLOYMENT &
WAGES
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Notes: This figure shows the model’s predictions on AI’s employment and wage effects by occupa-
tion (moderate AI scenario). Occupations are sorted in descending order of AI’s effect on the total
wage bill, so that the first listed occupation experiences the largest wage bill increase. We conduct
a Shapley-Owen decomposition to separate the overall change into the contribution of each chan-
nel: augmentation, automation, and simplification.
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FIGURE A.17: ADOPTION COSTS AND AI’S WAGE EFFECTS: SLOW AND RAPID
SCENARIOS
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(B) RAPID

With cost of
adoption

Without

-30

-20

-10

0

10

20

30

40

50

60

70

A
I's

 e
ffe

ct
 o

n 
w

ag
e 

(%
)

1 10 20 30 40 50 60 70 80 90 99
Wage percentile

Notes: This figure shows the distribution of wage changes induced by generative AI across the
wage percentile distribution with versus without adoption costs for the slow (Panel A) and rapid
(Panel B) AI scenarios. Estimates without adoption costs replicate the “slow” and “rapid” lines in
Panel A of Figure 3. The moderate scenario is shown in Figure 8. Red lines show estimates with
adoption costs; blue lines show estimates without adoption costs. We follow Karger et al. (2026)
in defining the scenarios and measure task-specific AI capabilities using Qwen 2.5. The horizontal
axis represents wage percentiles weighted by pre-AI employment, and the vertical axis shows the
percentage change in wages for each percentile.

FIGURE A.18: HOW AI CHANGES THE RETURNS TO SKILLS BY SCENARIO
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Notes: This figure shows how AI’s welfare effects differ by skills across three AI scenarios: slow,
moderate, and rapid. The welfare effects are measured in equivalent permanent percentage wage
increases. This figure plots the coefficient of a regression of these welfare effects on skill levels
across all dimensions. For interpretability, the skills are expressed on the O*NET scale from 1 to 7.
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FIGURE A.19: AI’S EFFECT ON RETURNS TO COLLEGE MAJORS
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Notes: This figure shows the model’s predictions on AI’s effect on returns to college majors (mod-
erate AI scenario). Returns are calculated by combining major-level skill intensities from the Skill
Atlas with the model’s predicted changes in returns to each skill dimension. Values are centered
relative to the average major.
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B Tables

TABLE B.1: AGGREGATION OF O*NET’S SKILL REQUIREMENTS TO 5
DIMENSIONS

Skill O*NET skill O*NET skill category

Manual

Equipment Maintenance Technical
Equipment Selection Technical
Installation Technical
Repairing Technical

Math Mathematics Basic Content

Social

Active Listening Basic Content
Coordination Social
Instructing Social
Management of Personnel Resources Resource Management
Negotiation Social
Persuasion Social
Service Orientation Social
Social Perceptiveness Social

Technical

Complex Problem Solving Complex Problem Solving
Judgment and Decision Making Systems
Operation and Control Technical
Operations Analysis Technical
Operations Monitoring Technical
Programming Technical
Quality Control Analysis Technical
Science Content
Systems Analysis Systems
Systems Evaluation Systems
Technology Design Technical
Troubleshooting Technical

Verbal
Reading Comprehension Basic Content
Speaking Basic Content
Writing Basic Content

Notes: This table shows the mapping of the five skill clusters—Manual, Math, Social, Verbal, and
Technical—to the relevant O*NET skills and their respective O*NET’s skill category. For each of
the skills, we set the requirement to the average across the relevant O*NET skills. We dropped
7 out of 35 O*NET skill dimensions that could not be clearly mapped into the skills used in the
analysis.
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TABLE B.2: SUMMARY OF TASK-LEVEL DATA ON AI CAPABILITIES (QWEN)

Augmentation Automation Simplification

Excluding Including
automatable tasks automatable tasks

Mean 23.1% 25.2% 22.4% 23.9%
Std. Dev. 7.8% 8.8% 41.7% 6.9%
Median 20.0% 30.0% 0.0% 24.8%
Range 0.0% - 75.0% 0.0% - 75.0% 0.0% - 100.0% 0.0% - 42.9%

Tasks 15,161 19,530 19,530 19,530

Notes: This table summarizes our new estimates of generative AI’s potential impact on tasks across
three channels: augmentation (share of worker’s time saved by technology to complete the task),
automation (share of tasks that can be fully automated by technology), and simplification (relative
decrease in average skill requirements across all 35 O*NET skill dimensions). For augmentation,
we present estimates both excluding and including tasks that can be automated. We measure task-
specific AI capabilities using Qwen 2.5 under the moderate AI scenario, following Karger et al.
(2026) in defining the scenarios.
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TABLE B.3: EXPERIMENTAL ESTIMATES COMPARED TO OUR TASK
AUGMENTATION DATA

Occupation Activity Tool Estimate N Notes Source

RCT LLM

Software

developer

Coding GitHub

Copilot

26% 30% 4,867 +26.1% number of completed tasks in lab; new developers

higher adoption rates & higher productivity gains

[1]

Software

developer

Coding GitHub

Copilot

56% 30% 95 55.8% time saved, quality ↑ [2]

Software

developer

Coding GitHub

Copilot

36% 30% 23 36% time saved for familiar tasks; no change for unfamiliar

tasks; 48% fewer issues

[3]

Programmer Coding GPT-3 27% 30% 100 27% time saved among 100 expert programmers; 50 non-

programmers perform tasks similarly well with LLM

[4]

Programmer Coding GitHub

Copilot

0% 30% 24 No time saved; however, most participants still preferred us-

ing LLM

[5]

Management

consultant

Consulting GPT-4 25% 30% 758 25.1% time saved, +12.2% tasks completed, +40% quality

(decreased for tasks beyond AI frontier); lower-skilled con-

sultants benefited more

[6]

Customer

support

Resolution GPT-4 14% 30% 5,179 +14% productivity (issues resolved per hour), +34% for low-

skill workers; minimal for high-skill workers

[7]

– Writing GPT-3.5 40% 30% 453 40% time saved, +18% output quality; inequality between

workers ↓; low-skill workers benefited most

[8]

Taxi driver Selecting

routes

AI Navi 14% 10% 520 Shorter cruising time; gains only among low-skill drivers [9]

Lawyer Legal writing Vincent,

o1-prev.

20% 30% 127 19.9% time saved across different legal writing tasks, quality

↑, LLM “Vincent” slightly higher gains

[10]

Product de-

signer

Product mar-

keting, dev.

GPT-4o 13-

16%

30% 776 +0.37 SD quality and 16.4% time saved for individuals; +0.39

SD quality and 12.7% time saved for teams

[11]

Software

developer

Coding GitHub

Copilot

65% 30% 24 Developers implemented ∼65% more requirements with AI

assistance

[12]

Software

developer

Coding Google

AI

21% 30% 96 AI users finished an enterprise-grade task 21% faster. Re-

sults stronger for senior developers.

[13]

Programmer Coding CodeFuse 55% 30% 1,219 Lines of code produced ↑ 55%, gains concentrated among

junior staff

[14]

Knowledge

workers

E-mail MS 365

Copilot

11% 30% 7,137 Treated spent 12% less time on email each week; did not sig-

nificantly change time spent in meetings.

[15]

Train com-

missioning

technician

Trouble-

shooting

GPT-3.5

+ RAG

20% 20% 173 +1.14 SD quality score; 20% increase in tasks completed not

significant; less-experienced benefit more.

[16]

Knowledge

workers

E-mail GPT-4.1

assis-

tant

9–

15%

30% 1,174 Duration falls by 0.96 min (low edu) and 1.51 min (high edu)

on ∼10.4–10.7 min baseline (∼9–15%); closes ∼75% of edu

performance gap.

[17]

Software

developer

Coding Frontier

AI tools

-19% 30% 16 Experienced developers in 246 real repository tasks [18]

Knowledge

worker

Office tasks GPT-4o 21% 40% 101 Randomized GPT-4o access reduces time by 21%; quality

rose 33-44%

[19]

Security

professional

Reporting Security

Copilot

23% 30% 147 7% higher accuracy; reports have 49% more key facts [20]

Notes: Sources correspond to [1] Cui et al. (2024), [2] Peng et al. (2024), [3] Clarke and Hanrahan (2024), [4] Campero et al.
(2022), [5] Vaithilingam et al. (2022), [6] Dell’Acqua et al. (2023), [7] Brynjolfsson et al. (2025), [8] Noy and Zhang (2023),
[9] Kanazawa et al. (2022), [10] Schwarcz et al. (2024), [11] Dell’Acqua et al. (2025), [12] Weber et al. (2024), [13] Paradis
et al. (2024), [14] Gambacorta et al. (2024), [15] Dillon et al. (2025), [16] Lowhagen et al. (2025), [17] Cruces et al. (2026). [18]
Becker et al. (2025), [19] Maršál and Perkowski (2025), [20] Edelman et al. (2024). To construct our own estimates of task
augmentation by generative AI at the level of work activities, we aggregate our task-level estimates within the relevant
occupation as equally weighted averages for tasks we judge to be relevant to the work activity covered in each experiment.
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TABLE B.4: OVERVIEW OF MODEL PARAMETERS

Model object Symbol Value How it is set

Elast. of substitution: Occupations σ 1.57 Burstein et al. (2019);

Caunedo et al. (2023)

Elast. of substitution: Tasks ρ 0.49 Humlum (2021)

Number of occupations J 93 3-digit BLS SOC occupa-

tions

Number of periods A 40 Years between 25 and 64

Discount factor β 0.78 Following Keane and

Wolpin (1997)

Skill dimensions S Addison et al. (2020); Baley

et al. (2022), plus manual

Occupational task sets Tj O*NET tasks

Occupational task weights θj,τ O*NET task importance

Task-level skill requirements rτ Large language model

Task-level AI augmentation γτ ”

Task-level AI automation Aj ”

Learning cost: 1st AFQT quartile λ(1) 3.50 Maximum likelihood

Learning cost: 2nd AFQT quartile λ(2) 2.97 ”

Learning cost: 3rd AFQT quartile λ(3) 2.81 ”

Learning cost: 4th AFQT quartile λ(4) 2.67 ”

Human capital depreciation δ 0.0003 ”

Scale of productivity shocks ζ 0.053 ”

Occupational switching cost κ 0.340 ”

Skill distribution (Beta) (Ba, Bb) (62,114) ”

Cost of underqualification η 0.04 OLS within MLE routine

Skill productivity: Manual ωMn 0.33 ”

Skill productivity: Math ωMt 0.79 ”

Skill productivity: Social ωS 0.55 ”

Skill productivity: Technical ωT 0.22 ”

Skill productivity: Verbal ωV 0.36 ”

Occupational amenities {µj}J
j=1 Match employment shares à

la (Berry et al., 1995)

Occupational demand {αj}J
j=1 Using estimated prices and

wage bills

Notes: This table provides an overview of the parameters of the model, their mathematical symbols,
the value at which they are set, and the procedure with which we arrived at the value.

60



TABLE B.5: PRODUCTION FUNCTION: ROBUSTNESS OF PARAMETER ESTIMATES

General skill Mismatch

ωMn ωMt ωS ωT ωV η

Baseline 0.330 0.786 0.545 0.220 0.361 0.044
NLS 0.330 0.785 0.547 0.219 0.362 0.043
Spline 0.304 0.816 0.533 0.223 0.328 0.042

Notes: This table shows robustness of the estimates of the task-level productivity parameters to
changes in the estimation routine. Subscripts Mn, Mt, S, T, V refer to manual, math, social, techni-
cal, and verbal, respectively. The first row shows the baseline estimates in Table 1. The second row
shows estimates resulting from non-linear least squares on the exact wage function in equation
(15), instead of from OLS on the linear approximation as in the baseline. The third row shows the
estimates resulting from controlling for the selection term more flexibly using a cubic spline.
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TABLE B.6: OCCUPATIONAL SKILL REQUIREMENTS PREDICT OCCUPATIONAL
PRICES

Dependent variable: Log occupational price p̂j

Skill requirements

Manual 0.228 0.230 0.226 0.227
(0.207) (0.214) (0.201) (0.208)

Math -0.070 -0.073 -0.077 -0.080
(0.277) (0.286) (0.269) (0.278)

Social -0.083 -0.078 -0.077 -0.073
(0.352) (0.363) (0.341) (0.353)

Technical 1.342∗∗ 1.341∗∗ 1.353∗∗ 1.352∗∗

(0.599) (0.619) (0.581) (0.601)

Verbal 0.554 0.554 0.550 0.550
(0.376) (0.388) (0.364) (0.377)

Sample occupations All 50+ All 50+
Empirical Bayes applied No No Yes Yes
Observations 93 87 93 87
R2 0.73 0.73 0.74 0.74

Notes: This table shows the coefficients and R2 of a regression of the estimated occupational prices
(in logs) on occupational skill requirements. Each observation represents one occupation and is
weighted by the number of worker-year observations in that occupation. Columns where sample
occupations indicates “50+” only include occupations with at least 50 observations. The third and
fourth column show the results with fixed effects on which empirical Bayes regression has been
applied. Occupational prices are estimated as the occupational fixed effects in regression equation
(17). Occupational skill requirements refer to ∑τ∈Tj

θj,τrτ,s. * p < 0.10, ** p < 0.05, *** p < 0.01.

TABLE B.7: MODEL FIT: WAGE INEQUALITY IN DATA AND MODEL

Ratios Top shares

Gini p90
p10

p90
p50

p75
p25 10% 5% 1%

Data 0.32 4.01 2.13 2.04 0.26 0.16 0.05

Model 0.24 2.96 1.83 1.84 0.20 0.11 0.02

Notes: This table reports measures of inequality in the unconditional wage distribution in the
NLSY79 data and in the model’s steady state. The unit of observation is a worker-age pair in
the data and in the model. We only included workers who remain in the NLSY79 and work until
2020 without interruptions over 18 months. Sample weights are applied in the NLSY79 data.
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C Solution Algorithm

Below we describe in detail the algorithms used to solve for a stationary competi-
tive equilibrium and the transition path after an unexpected one-off technological
shock.

Stationary equilibrium. To solve for a stationary equilibrium, we use the fol-
lowing algorithm:

1. Guess an initial vector of relative prices
(

p(1)1 , · · · , p(1)J

)
.

2. For iteration r, given the prices
(

p(r)1 , · · · , p(r)J

)
, solve the worker’s problem

and compute the implied output of each good
(
Y (r)

1 , · · · ,Y (r)
J

)
. Then, up-

date prices to clear the market given supply: p(r+1) = D−1
(
{Y (r)

j }J
j=1

)
.31

3. Repeat step 2 until
∥∥∥p(r+1) − p(r)

∥∥∥ < ϵ for a threshold ϵ > 0.

Transition path. Starting from the initial stationary equilibrium, we solve for the
transition path of prices

{
p1,t, · · · , pJ,t

}∞
t=1 from the moment the shock is realized.

We numerically approximate this infinite sequence by solving for
{

p1,t, · · · , pJ,t
}T

t=1
for a large enough T such that prices are constant after period T. The solution al-
gorithm is based on Boppart et al. (2018):

1. Compute the stationary equilibrium before (t = 0) and after the change (t =
T).

2. Guess a path for the sequence of prices.32

3. For iteration r, given the sequence of prices
{

p(r)1,t , · · · , p(r)J,t

}T

t=1
, solve for the

value function at t = T, T − 1, . . . , 1. Then, compute the implied output of
each good at each time and the corresponding prices p(r+1)

t = D−1
(
{Y (r)

j,t }
J
j=1

)
for t = 1, . . . , T.

4. Repeat step 3 until
∥∥∥p(r+1)

t − p(r)
t

∥∥∥ < ϵ ∀t = 1, . . . , T for a threshold ϵ > 0.

31In case of simple CES demand for occupations as in our baseline, there is a simple closed-form
solution for the updated price. We also consider a nested CES structure, in which case the price
update can be computed using a Newton tâtonnement algorithm.

32A reasonable guess is the path where prices adjust immediately to the new stationary equilib-
rium.

63



Computing implied output given the sequence of prices is the main computa-
tional challenge in these algorithms. It consists of three main steps for which we
provide more detail below.

First, we solve for the value function. While conceptually straightforward, the
large state space (h, ψ, j) makes brute force value function iteration costly. We
exploit a convenient feature of the value function in equation (11) to provide relief.
Since the occupational switching cost is κ(j, k) = κ1[j ̸= k], the value function can
be written as

Va(h, ψ, k) = ζ log

[
e−

κ
ζ

J

∑
j=1

Ṽ j
a (h, ψ) +

(
1 − e−

κ
ζ

)
Ṽk

a (h, ψ)

]

where Ṽ j
a (h, ψ) ≡ exp

(
1
ζ

(
log wj(h) + µj + βVa+1

(
gj (h, ψ) , ψ, j

)))
. This solution

implies that it is sufficient to solve for Ṽ j
a (h, ψ), shrinking the state space in the

value function iteration step by a factor equal to the number of occupations J (in
our exercise, J = 93).33

Second, after computing the value function and conditional choice probabili-
ties, we compute the joint distribution of state variables using the law of motion
in equation (12). We do so by simulation. We first draw from the initial distribu-
tion of skills and learning ability at age a = 1. For each of these individuals, we
then draw an occupation based on the choice probability conditional on their ini-
tial states and update state variables accordingly. We iterate this process forward
until a = A.34

Third, to update the relative prices, we compute total implied production of
each good given the previous price iteration. The previous steps yield a sample
of workers with a given occupation and set of skills. From there, we approximate
the integral in equation (13) for each occupation j. That is, we evaluate the term
Yj(h)Pa,t(j | h, ψ, k)E[ε j | j, h, ψ, k] for each worker-age and for each j = 1, . . . , J.
We do not condition on the occupational draw in the computation of production
so that sampling noise only affects workers’ states, not production conditional on
those states.

33Conditional choice probabilities can then be recovered as

Pa(j | h, ψ, k) =
Ṽ j

a (h, ψ) e−
κ
ζ 1[j ̸=k]

e−
κ
ζ ∑J

j=1 Ṽ j
a (h, ψ) +

(
1 − e−

κ
ζ

)
Ṽk

a (h, ψ)
.

34To save computational costs at early price iterations, we begin with a small number of simula-
tions, and increase sample sizes as the difference between subsequent price iterations decreases.
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D Estimation

D.1 Cost savings and AI’s income share

The cost of performing a task τ with the worker’s unit of time equals

cl
τ(h) ≡

Λj(h)
γτ f (h, rτ)

where Λj(h) is the shadow value of a unit of time in occupation j given skills h.
Similarly, let ck

τ be the unit cost of producing task τ with capital, i.e.,

ck
τ ≡ R

ϕτ
.

For any automated task τ ∈ Aj, the cost of producing the task with capital relative
to performing the task by labor thus equals

χτ ≡ ck
τ

cl
τ(h)

= ck
τ ·

γτ f (h, rτ)

Λj(h)
.

Since the shadow value of a unit of time is the wage, i.e., Λj(h) = wj(h), equa-
tion (8) implies that cost savings are equal to

χτ =
ck

τ

pj

1 − ∑
τ∈Aj

θj,τ

(
ck

τ

pj

)1−ρ
 1

ρ−1
γτ f (h, rτ)(

∑τ∈Nj
θj,τγ

ρ−1
τ f (h, rτ)ρ−1

) 1
ρ−1

.

For our quantification, we need an estimate of ∑τ∈Aj
θj,τ

(
ck

τ
pj

)1−ρ
for each occu-

pation. To obtain this, we make two simplifying assumptions. First, we assume
that the cost savings do not vary across automatable tasks, i.e., χτ = χ for all
τ ∈ Aj and ∀j = 1, . . . , J. Second, we assume that the automated tasks are
not different in productivity and skill requirements from the non-automatable
tasks, i.e., γ

ρ−1
τ f (h, rτ)

ρ−1 ≈ 1
∑τ∈Nj

θj,τ
∑τ∈Nj

θj,τγ
ρ−1
τ f (h, rτ)ρ−1 for all τ ∈ Aj and

∀j = 1, . . . , J. Under those two assumptions, the cost savings simplify to

χ =
ck

τ

pj

1 − ∑
τ∈Aj

θj,τ

(
ck

τ

pj

)1−ρ
 1

ρ−1
1(

1 − ∑τ∈Aj
θj,τ

) 1
ρ−1

∀j = 1, . . . , J, ∀τ ∈ Aj
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so that

ck
τ/pj =

χρ−1

1 − ∑
τ∈Aj

θj,τ

+ ∑
τ∈Aj

θj,τ

 1
ρ−1

,

from which equation (21) follows.

D.2 Log-linearization of the production function

In this paragraph, we derive the log-linear wage regression equation in (17). Start-
ing from the wage equation (15), and imposing Aj = ∅ (so that Γj = 1 and
Nj = Tj) for all j = 1, . . . , J, we obtain

log wj(h) = log pj + ∑
s∈S

ωs log(hs)

+
1

ρ − 1
log

 ∑
τ∈Tj

θj,τγ
ρ−1
τ exp

(
−η ∑

s∈S
min {hs − rτ,s, 0}2

)ρ−1
 .

Now define the variable mτ ≡ ∑s∈S min{hs − rτ,s, 0}2 and log-linearize the wage
function around mτ = 0 for all τ ∈ Tj. That is, we linearize the wage function
around the perfectly matched worker.

A first-order Taylor expansion around this point yields

log

 ∑
τ∈Tj

θj,τγ
ρ−1
τ exp ((1 − ρ) η mτ)



≈ log

 ∑
τ∈Tj

θj,τγ
ρ−1
τ

+ η(1 − ρ)

∑
τ∈Tj

θj,τγ
ρ−1
τ mτ

∑
τ∈Tj

θj,τγ
ρ−1
τ

= (1 − ρ)

η ∑
τ∈Tj

θj,τγ
ρ−1
τ mτ


where the second equality follows from ∑τ∈Tj

θj,τγ
ρ−1
τ = 1. Combining the equa-

tions above with the definition of mτ yields equation (17).
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E Data

E.1 AI Capabilities: Augmentation, Automation, Simplification

We model AI’s task-level impact on workers through three distinct channels: aug-
mentation, automation, and simplification. We leverage O*NET’s assessment frame-
work and descriptions of occupations, tasks, and skills to generate new data us-
ing a variety of LLMs, including two open-weight models (Alibaba’s Qwen 2.5-
72B-Instruct, a 72.7-billion-parameter dense model; and OpenAI’s gpt-oss-120b, a
mixture-of-experts model with 117 billion total and 5.1 billion active parameters)
and a closed-weight model (OpenAI’s GPT-4o, whose parameter counts are not
publicly disclosed).

We treat our main estimates as those from Qwen 2.5-72B-Instruct under the
moderate AI-progress scenario; the slow and rapid scenarios, together with the gpt-
oss-120b and GPT-4o estimates, serve as robustness checks. Our prompt structure
is consistent across AI scenarios and LLM models, varying only the AI scenario.
All prompts can be found in our GitHub repository: https://github.com/lukas
althoff/ai_labor_markets.

TABLE E.8: AI-PROGRESS SCENARIOS

Slow Moderate Rapid
AI is a capable assisting
technology for humans:
writing literature reviews at
the level of a capable PhD
student, handling half of all
freelance
software-engineering jobs
that would take an
experienced human a day to
complete, topping up online
grocery carts, and physically
being able to unload
dishwashers in some homes.

AI is an effective
collaborator across domains:
autonomous lab systems can
make rapid advances in
solar-cell technology; almost
all freelance
software-engineering jobs
requiring 5 days of effort
from an experienced human
are automatable; robots can
do dishes as quickly as
humans; robo-taxis can
drive anywhere that humans
can.

AI systems surpass humans
in most cognitive and
physical tasks. Autonomous
researchers can collapse
years-long research
timelines into months or
even days. AI systems
surpass all freelance
software engineers,
customer service agents,
paralegals, and clerical
workers. Models can write
2025-Pulitzer-caliber
books—and negotiate the
resulting book contract.
Robots can assist in an
arbitrary home or factory
anywhere in the world.

Notes: This table shows the three scenarios borrowed from Karger et al. (2026) to anchor the LLM’s
prediction on AI’s task-specific capabilities. In addition to these three scenarios, we also generate
estimates using a no-scenario condition (i.e., the prompts include no explicit scenario statement,
which we use as an additional robustness check).
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We consider multiple scenarios of AI capabilities: slow, moderate, and rapid AI
progress as defined in Karger et al. (2026)—see Table E.8. We additionally provide
all of our prompts without outlining a specific scenario as a further robustness
check.

E.1.1 Augmentation of Tasks

For augmentation assessment, we ask the language model to estimate time savings
when workers get access to generative AI. We evaluate one prompt per O*NET
task, for a total of 19,530 independent prompts.

E.1.2 Automation of Tasks

To measure AI’s potential to automate occupational tasks, we follow Eloundou
et al. (2024) in using a five-tier rubric ranging from no automation (T0) to full
automation (T4) exposure. We evaluate one prompt per O*NET task, for a total
of 19,530 independent prompts. The automation prompt follows Eloundou et al.
(2024)’s format, with generative-AI-specific definitions and examples.

E.1.3 Simplification of Tasks

The simplification channel assesses how AI changes the skill requirements for per-
forming tasks. We evaluate skill levels both without and with AI access, allowing
us to measure the change in required skills.

We elicit a task’s skill requirements by replicating O*NET’s occupation-level
questionnaire on the task-level. We request the skill requirement for each of the
19,530 tasks for each of the 35 skill dimensions, resulting in 683,550 independent
prompts. As in O*NET, the skill requirements are rated from 1 to 7 and each of
the 35 skills have different “level anchors” to indicate the meaning of levels 2, 4,
and 6. These anchors, as well as the set of tasks in each occupation, and their
descriptions, are taken from the O*NET database.

The prompt asks for both values simultaneously. This approach allows us to
measure both the baseline skill requirements rτ and the AI-adjusted requirements
r′τ in a single API call for each skill and task, improving consistency and reducing
potential discrepancies from separate queries. The difference between these two
values captures AI’s simplification effect on task skill requirements.
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