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Abstract
This paper develops a tractable general equilibrium model in which AI is

produced by a monopolist that both learns by doing and uses AI recursively as
an input. Explicitly modeling AI production allows us to clarify how AI prices
and adoption affect labour market dynamics, the evolution of real wages, and
the specialized–to–nonspecialized wage premium.

Learning and self-use make the monopolist’s pricing of AI forward-looking
and endogenous, and generate two distinct adoption regimes: learning-first and
scale-first, each with its own implications for labour market outcomes.

For analytical clarity, we characterize a generalized balanced growth path
under a Cobb–Douglas benchmark. This benchmark delivers a closed-form con-
dition for stable growth and implies that AI output grows faster than final out-
put, the relative price of AI falls persistently, real wages rise with overall output,
and the specialized–nonspecialized wage ratio is constant.

We then turn to CES technologies and derive a closed-form effective de-
mand elasticity for AI. This elasticity combines input substitution in production
with product-market substitution across differentiated varieties. Together, these
forces pin down the AI markup and price path and link the evolving role of AI
in production to factor demands and wage premia.

Simulations show that complementarity in final-goods inputs generates the
learning-first, capital-light adoption regime before scaling, whereas substitutabil-
ity generates the scale-first adoption and attenuates the two-phase pattern. On
the labour side, the premium to specialized labour is lowest when final-goods
inputs are complements and rises as they become more substitutable; greater
substitutability in AI production amplifies these dynamics without changing
their sign.
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1 Overview
Recent advances in AI combine rapid scale-up, recursive reuse of existing mod-
els, and experience-driven improvements.These features make the production of
AI itself a central determinant of its price and adoption—and, through adoption,
of labour demand, relative wages, and wage inequality. These mechanisms are
largely absent from standard macro and labour frameworks. The contribution of
the paper is to show how this explicit treatment of AI production—through re-
cursive self-use and learning—changes the dynamics of prices, adoption, growth,
profits, and the relative wage of specialized labour in general equilibrium. The
model delivers testable implications for the path of the skill premium during AI
diffusion and for how that path depends on production-side elasticities.

We develop a closed-economy model of a macroeconomy that includes AI
production. In this model, AI is an intermediate good produced by a monopolist
that uses its own output as an input and learns by doing. So, the AI price
path and profits are determined endogenously. Without modeling AI production
explicitly, these dynamic price and adoption patterns cannot be generated in
general equilibrium. These adoption dynamics, in turn, govern the path of
factor demands in final-goods production and therefore the evolution of the
specialized–to–nonspecialized wage premium.

The mechanisms embedded in the model reflect central features of contem-
porary AI development. Specifically, the combination of learning by doing and
AI’s use in its own production allows for a rich characterization of observed
AI development cycles. Automated design, coding and data processing—once
instantiated—can be reused to refine or extend themselves; and existing models
and software libraries are used to generate better subsequent models. While
learning by doing reflects the accumulation of knowledge through repeated pro-
duction, recursive self use represents a strategic decision: the producer’s internal
use of AI enhances future capabilities but comes with an opportunity cost in
terms of foregone sales.

The dual mechanism underscores both the cumulative nature of experience-
driven improvements and the allocation decision inherent in recursive use. The
result is that the AI producer internalizes the mechanism via a dynamic term
in its pricing rule, which early on pushes the price below a standard, static
benchmark price. This accelerates adoption and shifts labour demand across
specialized and nonspecialized workers.

We introduce final-goods producers as monopolistic competitors; and both
AI and final goods are produced using a constant-returns-to-scale technology in
each period. We show that this set-up implies that learning by doing dampens
the AI monopolist’s markup, the production of AI accelerates, and final-goods
production rises. We also distinguish between specialized and nonspecialized
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labour; and we characterize the behavior of their relative wages and of profits.
After introducing the model and some general results, we focus on the special

case of Cobb-Douglas production. This allows us to derive a generalized balanced
growth path (GBGP) analytically. With recursive self-use and learning by doing,
the existence of a GBGP imposes tight restrictions linking AI growth, final
output growth, and relative prices. The GBGP characterizes the long-term
growth rates of AI, of final production, and of the relative prices of AI, of energy,
and of wages. We show that AI production grows faster than final output, and
that the price of AI falls continuously toward zero. In this simple case, the wage
of specialized labour relative to nonspecialized labour remains constant. The
GBGP provides a closed-form long-run benchmark. Specifically, it pins down:
the condition for non-explosive growth with constant shares, the relative growth
of AI vs. final output, and the trend in the AI price.

Next, we move from Cobb–Douglas to a CES specification and simulate the
model over a range of elasticities. The distribution of income evolves over time,
and its dynamics depend on these elasticities. In particular, the specialized–to–
nonspecialized wage premium is lowest when final-goods inputs (not AI inputs)
are complements and rises as they become more substitutable.

The AI price decline generates a profit dip and a fall in total AI capital
when inputs are complements in final-goods production. These effects are mit-
igated—though not eliminated—by substitutability within AI production; and
they vanish or even change sign when inputs are substitutes in final-goods pro-
duction.

These simulations reveal an early-adoption pattern that depends on input
substitutability in final-goods production. With recursive self-use and forward-
looking pricing of AI as an intermediate input, complements yield a learning-
first, capital-light phase; while substitutes yield a scale-driven, capital-deepening
phase. And, throughout, greater substitutability in final-goods production raises
the specialized–to–nonspecialized wage premium; with complements, the pre-
mium is lower.1

These mechanisms and distributional patterns connect to several strands of
the macro–AI literature. The general equilibrium approach of our paper builds
on Acemoglu and Restrepo’s seminal series of task-based models of automation
(e.g., Acemoglu and Restrepo 2018, 2020). Those papers characterize balanced
growth paths driven by the reallocation and creation of tasks. Our approach
also draws on Korinek and Stiglitz’s (2019) general equilibrium model in which

1Related ongoing work extends the model to allow for heterogeneous households.
The heterogeneous approach allows for the characterization of the distribution of wel-
fare, not just income. In addition, the formulation lends itself to an evaluation of the
effects of a universal basic income (UBI) while incorporating participation utility from
work (alongside disutility from hours) and the role of entrepreneurial contributions.
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AI can be treated as a perfect substitute for labour. We complement these
approaches by endogenizing the dynamics of AI production and pricing, and by
characterizing the associated implications for capital, profits, and the wage of
specialized labour relative to that of nonspecialized labour.2

In separating these two types of labour–specialized and nonspecialized, our
work is in the spirit of Benzell and Brynjolfsson’s (2019) distinction between
scarce ‘genius’ labour and ordinary labour. Benzell and Brynjolfsson develop
a general equilibrium model in which the replicability of digital technologies
raises the returns to scarce “genius” labour while compressing ordinary wages
and the interest rate. Our contribution extends this insight by embedding the
distinction between labour types in a dynamic framework with endogenous AI
production; this allows us to characterize not only distributional outcomes but
also the long-run evolution of AI production, prices, and profits.3

Our treatment of AI as an intermediate input with recursive use connects di-
rectly to other recent work differentiating AI from earlier technologies. Aghion,
Jones, and Jones (2017) model AI as a factor in idea production that can substi-
tute for researchers; Brynjolfsson and Mitchell (2017) emphasize AI as a general-
purpose technology; Cockburn, Henderson, and Stern (2019) describe AI as an
“invention of a method of invention” with broad spillovers; and Veldkamp and
Chung (2024) model data as a factor of production with increasing returns. Our
approach offers a way to capture aspects of these ideas within a unified macroe-
conomic framework. Taken together, these connections situate the model within
the broader macroeconomic analysis of AI.

2 The Model Setup

2.1 AI Production
We treat AI as an intermediate good produced by a monopolist. The monopolist
benefits from learning by doing and produces AI (At) using inputs of capital
(KA,t), specialized labour (Ls

A,t), energy (EA,t), and recursively using AI as an
input, (AA,t):

At = (At−1)ϕf(KA,t, Ls
A,t, EA,t, AA,t) (2.1)

2Both Acemoglu–Restrepo and Korinek–Stiglitz treat AI as a replacement for hu-
man labour. We abstract from replacement mechanisms that can lower real wages and
instead analyze how recursive self-use and learning shape AI pricing, adoption, profits,
and the skilled–nonskilled wage gap.

3Like their work, ours also reflects (though to a lesser extent) the issues raised in
Brynjolfsson, Chandar, and Chen’s (2025) empirical study of generative AI’s labour-
market impacts.
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where ϕ ∈ (0, 1) is a parameter that governs learning by doing based on the
producer’s prior output, AI is used recursively as an input into AI, and t denotes
the time period. We assume that f itself is constant returns to scale in each
period.

Note also that while production exhibits constant returns to scale in each
period (the distribution parameters sum to one), it exhibits dynamically in-
creasing returns to scale since ϕ > 0. At the same time, the restriction that
ϕ < 1 prevents explosive dynamics and keeps the model tractable.4

2.1.1 AI Producer’s Problem

The AI monopolist maximizes the present discounted value of future profits:

max
{At,KA,t,Ls

A,t,EA,t}∞
t=0

∞∑
t=0

βtΠA,t, (2.2)

subject to the AI production function, Equation 2.1, and period profits are:

ΠA,t = pA,tAt − ws
t Ls

A,t − rtKA,t − pE,tEA,t − pA,tAA,t,

where pA,t, ws
t , pE,t are the period-t prices of AI, specialized labour, and energy;

and rt is the interest rate.
The AI monopolist’s Bellman equation is:

V (At−1) = max
At

{
pA,t At − Ct(At) + β V (At)

}
s.t. pA,t = Pt(At),

(2.3)

where Ct(At) is the cost-minimizing expenditure to produce At using {KA,t, Ls
A,t, EA,t, AA,t}

at factor prices (rt, ws
t , pE,t, pA,t).5

The first order condition is then:
pA,t

(
1 − 1

ϵt

)
= MCA,t − β V ′(At), (2.4)

where marginal cost is MCA,t ≡ C ′
t(At); and ϵt denotes the effective (positive)

price elasticity of demand for AI faced by the monopolist.6
4Nordhaus (2021), among others, explores the possibility of such explosive dynam-

ics.
5We also impose a participation constraint: VA,0 = ∑

t≥0 βtΠA,t ≥ 0. Note also that
the recursive use of AA,t entails foregone revenue at the market price pA,t.

6Since AI is an intermediate good, the effective elasticity reflects both the final-
goods producer’s input substitution and the household’s demand elasticity. Under
CES production (derived in the appendix), it is a convex combination of the two.
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2.1.2 Dynamic Pricing with Self-Use and Learning.

Accounting for both the benefits of learning-by-doing and the recursive use of
AI in its own production, the monopolist sets prices dynamically to maximize
the present value of profits.

Specifically, solving the first order condition, (2.4), for price gives the dynamic
monopoly pricing rule:

pA,t = MCA,t − β V ′(At)
1 − 1

ϵt

. (2.5)

The term β V ′(At) captures the value of turning today’s output into future
capability: part from experience (learning-by-doing) and part from self-use (own
output used as an input). Because β V ′(At) > 0, the optimal price is strictly
below the standard static monopoly price: MCA,t−β V ′(At)

1− 1
ϵt

< MCA,t

1− 1
ϵt

.

That is, Equation 2.5 implies that to maximize long-run profits, the AI mo-
nopolist lowers prices today to expand production, accelerate learning, and re-
duce future costs.

Equation 2.5 also has two other implications: the price drop is higher when
ϕ and αA are higher; and the self-use share AA,t

At
rises early, then declines as

external sales scale.

2.2 Final-Goods Production
We assume a continuum of differentiated final goods indexed by i ∈ [0, 1].7 Each
variety Yt(i) is produced by a firm with constant returns to scale:

Yt(i) = Zth(KY,t(i), Ls
Y,t(i), Ln

Y,t(i), EY,t(i), AY,t(i)), (2.6)
where Zt denotes total factor productivity in the final-goods sector and is as-
sumed to grow exogenously at the rate gz.8

Aggregate final output is a CES aggregate over the differentiated varieties:

Yt =
(∫ 1

0
Yt(i)

ε−1
ε di

) ε
ε−1

, (2.7)

7The introduction of a variety of final goods allows for a finite elasticity for each
good, so combined with input substitutability in final-goods production, the AI firm
can charge a markup over marginal cost. Without this assumption, the AI firm faces
an infinite elasticity, and no markup is possible.

8To ensure that an elasticity of substitution, σY , is well defined, we assume that the
production function is twice continuously differentiable and quasi-concave with positive
input use.
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where ε > 1 is the household’s elasticity of substitution between the differenti-
ated final goods, ε.

This gives rise to demand for each variety:

Yt(i) =
(

pt(i)
Pt

)−ε

Yt, (2.8)

where pt(i) is the price of variety i, and Pt is the final-goods price index:

Pt =
(∫ 1

0
pt(i)1−ε di

) 1
1−ε

(2.9)

We define the final good as the numeraire: Pt = 1. Under symmetry all firms
choose the same price in equilibrium, so pt(i) = 1 ∀i, and the aggregate price
index remains constant.

Each final-goods firm chooses its price and input quantities to maximize prof-
its (subject to the production function and CES demand), where profits for
variety i in period t are given by:

ΠY,t(i) = pt(i)Yt(i)
− ws

t Ls
Y,t(i) − wn

t Ln
Y,t(i)

− rtKY,t(i) − pE,tEY,t(i) − pA,tAY,t(i) − f,

(2.10)

where f is a fixed cost; and we assume free entry.
The pricing first-order condition implies:

pt(i) = µY · MCt(i), µY = ε

ε − 1 . (2.11)

That is, final goods are priced at a constant markup over marginal cost; and
the markup, as is standard in such models, depends on the household’s elasticity
of substitution between the differentiated final goods.

Note that the AI monopolist, in turn, will face an effective elasticity of de-
mand (ϵ) that reflects two distinct margins: the product-market substitutability
across final-goods varieties (ε) discussed here, and the final good producer’s
technological substitutability of AI with other inputs. (Below, in section 4, we
discuss the closed form solution, derived in the Appendix, for the case where
production exhibits CES.)

2.3 The Household
The representative household consumes a continuum of differentiated final-goods
varieties Ct(i) for i ∈ [0, 1], which aggregate into a composite good Ct according
to a CES aggregator:
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Ct =
(∫ 1

0
Ct(i)

ε−1
ε di

) ε
ε−1

, ε > 1. (2.12)

The household derives utility from this composite good and supplies labour
inelastically, and lifetime utility is given by a standard CRRA function:

max
∞∑

t=0
βt C

1−σc
t − 1
1 − σc

, σc > 0, σc ̸= 1. (2.13)

The household earns income from supplying both types of labour, renting
capital, and receiving monopoly profits from the AI firm.9 It allocates income
between consumption of final goods and saving:10

∫ 1

0
pt(i)[Ct(i) + St(i)]di = ws

t Ls
t + wn

t Ln
t + rtKt + ΠA,t.

Since we assume symmetry across goods, we can write: Pt = pt(i), Ct = Ct(i),
and St = St(i); and, this simplifies to:

Ct + St = ws
t Ls

t + wn
t Ln

t + rtKt + ΠA,t (2.14)

The household chooses consumption and saving subject to this constraint
and the intertemporal accumulation of capital. This yields the standard Euler
equation:

Ct+1

Ct
= [β(1 + rt+1)]

1
σc . (2.15)

2.4 Factor Markets
We assume that specialized labour, nonspecialized labour, and energy are all
fixed, that capital accumulates endogenously, and that markets clear. So, we
have the following conditions:

9Note that we assume symmetry and free entry in the final-goods sector, so final-
goods firms make zero profits in equilibrium, as in Dixit and Stiglitz (1977).

10We assume the household does not buy energy directly.
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labour Markets

Ls
Y,t + Ls

A,t = L̄s

Ln
t = L̄n

AI Market
AY,t + AA,t = At

Energy Market
EY,t + EA,t = Ē

Interest Rate
rt = MPKY − δ = MPKA − δ.

Capital Accumulation11

KY,t+1 = (1 − δ)KY,t + IY,t

KA,t+1 = (1 − δ)KA,t + IA,t

St = IY,t + IA,t

Note that St reflects household saving out of income, which includes labour
income, capital income, and monopoly profits.

3 A Generalized Balanced Growth Path
We derive a generalized balanced growth path (GBGP) that characterizes the
long-run equilibrium of an economy with recursively produced AI and learning by
doing. The GBGP pins down when self-use and learning jointly sustain stable,
non-explosive growth with constant factor shares; and it delivers closed-form
expressions for long-run growth rates and relative prices.

In order to analytically characterize this path, we specify both production of
AI and of final goods to be Cobb-Douglas at the firm level.

So, AI production becomes:

At = Aϕ
t−1K

αK
A,t (Ls

A,t)αLs EαE
A,tA

αA
A,t, (3.1)

where the αs represent the distribution parameters, with αA capturing the re-
cursive use of AI; and, as before, ϕ represents the extent of learning by doing.

Final-goods production becomes:

Yt = ZtK
ωK
Y,t (Ls

Y,t)ωLs (Ln
Y,t)ωLn EωE

Y,tA
ωA
Y,t (3.2)

11We assume that the unconsumed final goods can be converted into capital for use
in the production either of AI or of any of the varieties of final goods.
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where the ωs represent the distribution parameters in final production.
In each case, we assume the distribution parameters sum to one: αK + αLs +

αE +αA = 1 and ωK +ωLs +ωLn +ωE +ωA = 1. And, we let Zt grow at the rate
gZ . as in Section 2.2, we have symmetry in equilibrium; So we can treat one
representative variety as determining aggregate output. Hence, the growth path
of the economy can be characterized using a representative firm’s Cobb-Douglas
production function, Equation 3.2.

3.1 Consumption Growth, the Interest Rate, and Capital–Output
Ratios in the GBGP

We begin with the household’s consumption growth rate. Since the GBGP
requires constant consumption growth, the Euler equation implies a constant
real interest rate.

Specifically, the Euler equation (Equation 2.15, reproduced here) relates the
growth rate of consumption to the interest rate:

Ct+1

Ct
= [β(1 + rt+1)]

1
σc .

The GBGP requires constant consumption growth. Since the representative
household satisfies a standard Euler equation, the growth rate of consumption is
determined by the intertemporal preferences of the household. This pins down
the real interest rate. So the Euler equation becomes:

Ct+1

Ct
= [β(1 + r∗)]

1
σc , (3.3)

where r∗ is the constant interest rate in the GBGP.
Taking logs of both sides and rearranging gives the constant growth rate of

consumption:

c∗ = 1
σc

log (β(1 + r∗)) (3.4)

This expression determines the growth rate of consumption as a function of
preference parameters and the equilibrium real interest rate.

Turning to the interest rate, we note that each final good variety is produced
by a monopolistically competitive firm using Cobb-Douglas technology, and al-
though firms set prices with a markup, they minimize cost conditional on output.
As a result, input demands satisfy standard marginal productivity conditions.
Specifically, cost minimization implies:
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r∗ = ωK
Yt(i)

KY,t(i)
− δ = αK

At

KA,t
− δ.

Under symmetry, Yt(i) = Yt and KY,t(i) = KY,t, and this simplifies to:

r∗ = ωK
Yt

KY,t
− δ = αK

At

KA,t
− δ.

So the marginal product of capital is constant and equal across the two sec-
tors. This implies constant capital–output ratios, and the following growth rate
equalities:

g∗ ≡ gY = gKY
, (3.5)

gA = gKA
, (3.6)

where g∗ is the growth rate of final-goods output, gKY
is the growth rate of

capital in the final-goods sector, and gA and gKA
are the growth rates of AI

output and of capital used in AI production, respectively.

3.2 AI Production in GBGP
The growth rate of AI production is determined by learning-by-doing, recursive
AI use, and capital accumulation. Taking logs and growth rates of the AI
production function (Equation 3.1) gives:

gA = ϕgA + αKgKA
+ αLsgLs + αEgEA

+ αAgAA
, (3.7)

where, as above, gA = gKA
denote the growth rates of AI production and of the

capital used in its production; and gLs, gEA
, and gAA

denote the growth rates of
the inputs of specialized labour, energy and AI itself into AI production.

We first pare this down by noting that under the Cobb-Douglas structure, cost
shares remain constant (and in this case, equal to the distribution parameters).12

Because the total supplies of labour and of energy are fixed, their prices must rise
at the rate of output to preserve these cost shares. So, the wage of specialized
and nonspecialized labour both grow at the rate of output in the GBGP:

gws = gwn = g∗ (3.8)
gpE

= g∗. (3.9)
12Here, and throughout, the constancy of shares refers to the constant cost (value)

shares implied by Cobb-Douglas cost minimization: with changing prices, constant
shares need not imply that input quantities grow at the same rate as output.
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And, the wage of specialized labour relative to nonspecialized labour remains
constant.

Correspondingly, the quantities allocated to each sector remain constant over
time. That is, their growth rates are zero:

gLs
A

= gLs
Y

= 0, (3.10)
gEA

= gEY
= 0. (3.11)

Then, with gKA
= gA (following Equation 3.6), Equation 3.7 becomes:

gA = ϕgA + αKgA + αAgAA
. This gives us the following expression for the

growth of AI production:

gA = κgAA
. (3.12)

where:
κ = αA

1 − ϕ − αK
.

This expression relates the growth rate of AI production, gA, to the growth
rate of the recursive AI input, gAA

. And the coefficient, κ, captures the extent to
which recursive use amplifies AI output growth through accumulated learning
by doing and accumulated capital. The larger the coefficient, the more recursive
AI use is amplified in AI production over time.

Existence of a GBGP requires κ = 1. Feasibility alone requires that κ ≥ 1.
That is, the recursive use of AI must ultimately grow no faster than the rate of
AI production. Otherwise, the input of AI eventually would exceed all of the
AI produced. More generally, κ ̸= 1 implies a contradiction with the constant
interest rate implied by the constant growth rate of consumption required by a
generalized balanced growth path. That is, we impose: ϕ = 1 − αA − αK . So:

gAA
= gA. (3.13)

That is, in the GBGP, the recursive use of AI grows at the same rate as the
production of AI itself.

With κ = 1, we can read off the long-run objects in closed form: AI grows
faster than final output, the AI price falls every period, real wages grow with
output, and the specialized/nonspecialized wage ratio is flat in this benchmark.
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3.3 AI Prices and Profits in the GBGP
As above, each final good variety is produced by a monopolistically competitive
firm that sets price as a constant markup over marginal cost. Cost minimization
implies that the marginal product of AI input equals its marginal cost divided
by the final-goods producer’s markup. Thus, the price of AI is:

pA,t = µY · ωA · Yt

AY,t
(3.14)

Taking logs and differentiating with respect to time yields the growth rate of
the price of AI:

gpA
= gY − gAY

Combining this with Equation 3.16, we obtain

gpA
=
(

ωA

1 − ωK
− 1

)
gAY

. (3.15)

Since constant returns to scale implies ωA < 1 − ωK , we have gpA
< 0: that is,

the price of AI falls continuously in the GBGP.
Because factor shares and markups are constant on the GBGP, per-period

AI profits grow at the same rate as final output. Hence the AI profit share is
constant and is pinned down by the AI markup, the AI share in final-goods
costs, and the steady self-use share.

3.4 Final-Goods Production Growth in GBGP
Since each final good variety is produced using a Cobb-Douglas technology,
and—as above—symmetry allows us to treat the growth rate of a representative
firm’s output as determining the growth rate of aggregate output, its growth
rate is:

gY = ωKgKY
+ ωLsgLs + ωLngLn + ωEgE + ωAgAY

, (3.16)
As above, capital grows at the same rate as output under the constant GBGP
interest rate. And since labour and energy are fixed in supply, cost minimization
requires their allocation across sectors to remain constant over time. So, gLs =
gLn = gE = 0; and Equation 3.16 becomes g∗ = ωKg∗ + ωAgAY

, or:

g∗ ≡ gY = ωA

1 − ωK
gAY

(3.17)
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The growth rate of final output is proportional to the growth of AI used in its
production, where the proportionality factor depends simply on the distribution
parameters for capital and AI, ωA and ωK ; and—since constant returns to scale
impose that their sum is less than one—the proportionality factor is less than
one. That is, final output grows more slowly that the AI input.

To summarize: in this GBGP, AI production grows faster than final output,
so the price of AI falls continuously. Real wages of both specialized and nonspe-
cialized labour rise in step with overall output, while their relative wage remains
constant. Finally, the real interest rate is pinned down by household preferences.

In the Cobb–Douglas benchmark with fixed labour and energy and no exoge-
nous Zt growth, the economy converges to a constant K/Y ratio and a constant
level of output. Consumption growth likewise converges to zero, so the Euler
equation implies rt → r⋆ = β−1 − 1. Hence, if the pre-AI steady state also fea-
tured zero growth under the same β, the real interest rate returns to its original
level asymptotically.

This interplay makes the Cobb–Douglas case a useful benchmark, clarifying
how learning and recursion sustain balanced growth, and setting the stage for
the more flexible CES setting.

4 CES Production: Simulation
In this section, we relax the unit elasticity assumption and specify both AI
and final-goods production as CES. Keeping period-by-period constant returns
and the market structure intact yields a closed-form expression for the effective
demand elasticity faced by the AI monopolist, which we use to construct the
simulations that follow. We first lay out the CES setup, then we turn to the
simulations.

4.1 CES Specification
We begin by specifying the CES production function for AI.

At = (At−1)ϕ

[
α

1
σA
K KρA

A,t + α
1

σA
Ls (Ls

A,t)ρA + α
1

σA
E EρA

A,t + α
1

σA
A (AA,t)ρA

] 1
ρA

. (4.1)

As before: ϕ ∈ (0, 1) is a parameter that governs learning by doing based on
the producer’s prior output; αA ∈ (0, 1) is the distribution parameter of AI used
recursively as an input into AI; from constant returns to scale, αK + αLs + αE +
αA = 1; and σA = 1

1−ρA
governs the degree of input substitutability.13

13In the numerical work below, we generalize the production function to allow for
the learning by doing to change over time.
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In final-goods production, we again assume a continuum of differentiated final
goods indexed by i ∈ [0, 1]. Each variety Yt(i) is now produced by a firm using
a CES technology, with a fixed cost (f) and free entry:

Yt(i) = Zt

[
ω

1
σY
K KρY

Y,t + ω
1

σY
Ls (Ls

Y,t)ρY + ω
1

σY
Ln (Ln

Y,t)ρY + ω
1

σY
E EρY

Y,t + ω
1

σY
A (AY,t)ρY

] 1
ρY

(4.2)

where ωK + ωLs + ωLn + ωE + ωA = 1; Zt denotes total factor productivity in
the final-goods sector and is assumed to grow exogenously at the rate gz; and
ρY governs the degree of input substitutability.

Profits for variety i in period t are then given by:

ΠY,t(i) = pt(i)Yt(i)
− ws

t Ls
Y,t(i) − wn

t Ln
Y,t(i)

− rtKY,t(i) − pE,tEY,t(i) − pA,tAY,t(i) − f

(4.3)

Combining the resulting final-goods producers’ production decisions with the
household’s consumption preferences (unchanged from Equations 2.12 and 2.13)
gives us the monopolist’s effective elasticity of demand.

As mentioned in section 2, the effective elasticity has two parts. First, because
final-goods producers use AI in CES production with elasticity σY , their AI input
demand, holding their output fixed, has elasticity σY . At the same time, the
final-goods producers face CES demand from households with elasticity ε, so
their own output also adjusts in response to the final-goods prices they set.
Since the AI monopolist internalizes both the input demand response and the
induced change in output of final goods, it faces an effective elasticity, ϵ, that
reflects both underlying elasticities.14 Specifically,

ϵt = σY (1 − sA,t) + ε sA,t, (4.4)

where sA,t is the AI cost share. This is the effective elasticity in the optimal AI
pricing rule in Section 2.1.2. It (along with sA,t) is derived in the appendix.

With the effective demand elasticity in hand, we can now turn to the param-
eterization and numerical simulations.

14The monopolist sets a single price based solely on final-goods producers’ demand.
While the monopolist also uses AI recursively in its own production (with market
clearing requiring At = AY,t + AA,t), this internal use represents optimal input choice
at the given price rather than independent demand that affects pricing decisions.
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4.2 Simulation
The CES formulation nests the Cobb–Douglas case as the special case with
σA = σY = 1. Here, we simulate the special case to examine its dynamics. Then,
we depart from unit elasticity to allow us to examine how input substitutability
affects the AI production, pricing, and income distribution.

4.2.1 Parameterization

The parameter values for all the simulations are chosen to be broadly consistent
with standard macroeconomic practice and with the stylized facts of the AI
sector. Preferences are set to yield plausible consumption–savings behavior;
production parameters are drawn from factor income shares; and elasticities are
varied over a range to capture cases of complementarity and substitutability.
Key parameter values are given in Table 1. Full parameter values are reported
in Appendix B.

Table 1: Key Parameters Used in Simulations
Symbol Description Values
ϕ Learning 0.150
αA Recursive AI distribution parameter 0.425
αK Capital distribution parameter in AI production 0.425
σA CES elasticity, AI production 0.900, 1.000, 1.100
ωA AI distribution parameter in final-goods production 0.025
ωK Capital distribution parameter in final-goods production 0.350
σY CES elasticity, final-goods production 0.100–2.000
β Discount factor 0.980
σc CRRA coefficient (risk aversion) 2.000
ε Elasticity of substitution across varieties 6.000

The distribution parameters are chosen to reflect suggestive evidence re-
garding the shares of specialized labour. The share of specialized labour (with
the kind of qualifications at the major AI labs in the U.S. and elsewhere) in
the workforce appears to be something less than about 0.01; and workers with
specialized AI development knowledge currently are said to earn roughly five
times what educated non-specialist workers earn, and about ten times that of
nonspecialists overall.15

4.2.2 Dynamic Simulation Results

We begin the simulations with the Cobb-Douglas specification, σA = σY = 1.
These are shown in figures 1a-1c, at the end of the paper.

15See, for example, OECD (2023); U.S. Bureau of Labor Statistics (2024); Insider
(2025); H1B Data (2025); PYMNTS (2025).
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Figure 1a illustrates the results for the AI production. As shown in the top
row of Figure 1a, AI production accelerates early then tapers off, and the use of
energy and specialized labour spikes before reverting toward its initial starting
level. In the second row, we can see that the price of AI drops and the recursive
use of AI rises early before tapering off as production tapers off.

Figure 1b gives the corresponding results for final goods production. As
shown in the top row, final production rises more gradually than AI production,
and—since total energy and specialized labour are fixed–their use in final goods
production counterbalances their use in AI production: first falling sharply be-
fore recovering substantially. As shown in the second row, unspecialized labour
use is constant (since it is in fixed supply and not used in AI production), but
the use of AI rises rapidly–with the production of AI seen in Figure 1a.

Figure 1c illustrates how prices behave. As shown in the top row, real wages
for both specialized and nonspecialized labour rise; and the relative specialized–
to–nonspecialized labour spikes before returning toward its original level. The
second row shows a gradual, but permanent rise in the price of energy. We also
see a temporary rise in the interest rate that corresponds to the build up of
capital in both sectors. Profit, like wages also rise.

Figures 2a-2c depict the results when inputs are complements in AI produc-
tion (σA = 0.9), with a range of values of for σY . As shown in the top row of
figure 2a, AI production initially rises rapidly, then tapers off; however it rises
more when inputs are highly substitutable in final-goods production. The use of
energy and specialized labour follow a corresponding pattern. As shown in the
second row (and as in the Cobb-Douglas case), the price of AI drops initially,
then levels off, and AI’s recursive use rises with AI production.

Figure 2b gives the results for final-goods production when inputs are com-
plements in AI production. While final goods production rises more when its
inputs are highly substitutable, the use of energy and specialized labour again
counterbalance their use in AI: they decline before tapering off— all the more
so as σY rises.

Figure 2c gives the results for prices. As shown in the top row, real wages
rise, as expected; but the specialized-to-nonspecialized wage premium rises with
the degree of input substitutability in final goods. The second row, shows that
energy prices, the interest rate, and AI profits, like the wage premium, also
rise with final goods input substitutability. The bottom row shows that the AI
markup and the corresponding price move inversely with the final goods’ input
substitutability.

Figures 3a-3c give the results when inputs in AI production are substitutes,
with figure 3a giving the results for AI production. As shown in the top row and
in the first panel and last panels in the bottom row, all aspects of AI production
are higher when final goods inputs are substitutable, while the price–shown in
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the middle panel of the bottom row–falls correspondingly more.
Final goods production, shown in Figure 3b, rises most when its inputs are

substitutable. Its use of AI rises correspondingly; and, again, the use of energy
and specialized labour counterbalance their use in AI.

Figure 3c gives the pricing results. As in the case of AI input complements,
real wages–shown in the top row, both rise. And, while the specialized-to-
nonspecialized wage premium rises when σY is greater than one, it falls when
the elasticity equals one or less, and it is lowest when the inputs in final goods
production are complements. As shown in the second row, profits follow the
same pattern as specialized labour: notably, profits fall when final goods inputs
are complements. The price of AI, shown in the last row, falls in all cases, but
it falls most when final good inputs are substitutes.

Across cases, higher substitutability in final-goods production strengthens
pass-through, lowers the AI markup and price, expands quantity, and raises
AI profits. And, when final-goods inputs are complements, the opposite
holds—markups are higher but quantity and external sales respond weakly, so
AI profits are lower. When AI inputs are more substitutable, these patterns are
amplified but not reversed. The specialized–to–nonspecialized wage premium
rises when σY > 1 and is lowest when σY < 1.

With complements in final-goods production, adoption is learning-first and
capital-light: the AI producer still lowers price to scale and learn, but a larger
share of output is allocated to self-use, so external sales and profits grow more
slowly.

5 Conclusion
This paper establishes four results. First, recursive self-use of AI, together with
learning by doing, reshapes monopoly pricing and scale: early price cuts raise
future productivity, and self-use amplifies the returns to learning. Second, with
CES production we derive a closed-form effective elasticity that links markups
and the AI price path to the endogenously evolving AI cost share. Third, un-
der Cobb–Douglas we characterize a generalized balanced growth path in closed
form. The characterization pins down the conditions for stable, non-explosive
growth, yields long-run growth rates as functions of primitives, and provides
a long-run analytical benchmark. Finally, the CES simulations connect adop-
tion and distribution to elasticities: when final-goods inputs are complements,
AI adoption is learning-first and capital-light before scaling; when inputs are
substitutes, adoption is scale-first and the two-phase pattern attenuates. On
the distribution side, the specialized–to–nonspecialized wage premium is low-
est when final-goods inputs are complements and rises when inputs are substi-
tutes. Greater substitutability in AI production amplifies these patterns without
changing their sign.
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Figure 1a: AI Sector:  σA = 1 and σA = 1
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Figure 1b: Final goods:  σA = 1 and  σY = 1
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Figure  1c: Results for relative prices: σA = 1 and σY = 1 
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Figure  2a: AI Sector: σA = 0.9
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Figure  2b: Final goods: σA = 0.9
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Figure  2c: Relative prices: σA = 0.9 
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Figure  3a: AI Sector: σA = 1.1
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Figure  3b: Final goods: σA = 1.1
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Figure  3c: Relative prices: σA = 1.1 
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Appendices
A Effective Elasticity of AI Demand
This appendix derives the elasticity of AI demand faced by the AI monopolist.

Markup in the Final-Goods Sector
Setting Zt = 1, each final-goods variety i is produced with a CES technology:

Yt(i) =
 ∑

j∈{K,Ls,Ln,E,A}
ω

1/σY

j xj,t(i)ρY

1/ρY

, σY ≡ 1
1 − ρY

. (A.1)

The unit cost index is:

Ut ≡
∑

j

ωj p 1−σY
j,t


1

1−σY

. (A.2)

Under symmetry in the final-goods sector and CES demand over varieties
with elasticity ε > 1, the final-goods markup is

µY ≡ ε

ε − 1 , and pt(i) = Pt = µY Ut. (A.3)

FOCs and Factor Demands
Each final-goods producer minimizes variable cost ∑j pj,txj,t(i) subject to (A.1).
The Lagrangian is

L =
∑
j

pj,t xj,t(i) + λt

Yt(i) −
∑

j

ω
1/σY

j xj,t(i)ρY

1/ρY
 .

FOC w.r.t. xj,t(i):

pj,t − λt

∑
k

ω
1/σY

k xk,t(i)ρY


1

ρY
−1

ω
1/σY

j xj,t(i)ρY −1 = 0. (A.4)

Taking ratios across j, k and using the production function yields the factor
demands:

xj,t(i) = ωj

(
pj,t

Ut

)−σY

Yt(i). (A.5)
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Let sj,t denote the cost share of input j in final-goods production:

sj,t ≡ pj,txj,t(i)
UtYt(i)

=
ωj p 1−σY

j,t∑
k ωk p 1−σY

k,t

= ∂ ln Ut

∂ ln pj,t
. (A.6)

Applying (A.5) to j = A and aggregating with symmetry gives:

AY,t = ωA

(
pA,t

Ut

)−σY

Yt = ωA U σY −1
t p−σY

A,t TCt, TCt ≡ UtYt. (A.7)

How TCt Responds to pA,t

From TCt = UtYt,
d ln TCt

d ln pA,t
= d ln Ut

d ln pA,t︸ ︷︷ ︸
= sA,t

+ d ln Yt

d ln pA,t
. (A.8)

By (A.3), Pt = µY Ut, so

d ln Pt

d ln pA,t
= d ln Ut

d ln pA,t
= sA,t.

Final demand satisfies d ln Yt/d ln Pt = −ε; hence

d ln Yt

d ln pA,t
= −ε sA,t. (A.9)

Substituting (A.9) into (A.8):

d ln TCt

d ln pA,t
= (1 − ε) sA,t. (A.10)

Effective Elasticity of AI Demand
Taking logs of (A.7) gives:

ln AY,t = ln ωA − σY ln pA,t + (σY − 1) ln Ut + ln TCt.

Then, differentiating ln AY,t w.r.t. ln pA,t, and using d ln Ut/d ln pA,t = sA,t and
d ln T Ct

d ln pA,t
= (1 − ε) sA,t gives:

d ln AY,t

d ln pA,t
= −σY + (σY − 1) sA,t + (1 − ε) sA,t = −σY + (σY − ε) sA,t.
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Finally, defining the (positive) effective demand elasticity as

ϵ ≡ −d ln AY,t

d ln pA,t
.

gives the effective elasticity facing the monopolist:

ϵ = σY (1 − sA,t) + ε sA,t. (A.11)

Written this way, the expression for the effective elasticity separates the input
substitution effect, σY (1 − sA,t), from the output scale effect, ε sA,t. When the
price of AI declines, AI demand rises both through input substitution (firms use
more AI relative to other inputs) and through output expansion (lower costs
enable firms to reduce prices and expand production). Notice that the input
substitution effect dominates when AI has a small cost share, but the output
scale effect dominates when AI’s cost share is large.
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B Parameter Values

Table 2: Parameter Values for Simulations
Symbol Description Value
Household / Intertemporal
β Discount factor 0.980
σc Coefficient of relative risk aversion 2.000
ε Elasticity of substitution across varieties 6.000
Capital
δ Depreciation rate 0.050
Technology: AI production (At)
ϕ Learning parameter 0.150
αA Recursive AI distribution parameter 0.425
αK Capital distribution parameter 0.425
αLs Specialized labour distribution parameter 0.050
αE Energy distribution parameter 0.100
σA Elasticity of substitution 0.900, 1.000, 1.100
Technology: final-goods production (Yt)
ωK Capital distribution parameter 0.350
ωA AI distribution parameter 0.025
ωLs Specialized labour distribution parameter 0.125
ωLn Nonspecialized labour distribution parameter 0.450
ωE Energy distribution parameter 0.050
σY Elasticity of substition 0.100-2.000
Endowments / Initial conditions
L̄s Specialized labour supply 0.050
L̄n Nonspecialized labour supply 0.950
Ē Energy endowment 1.000
AY,0 Initial AY 1.187
AA,0 Initial AA 0.001
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