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Abstract

Renewable-energy equipment is traded internationally and produced in a few countries, while
the electricity it generates is largely local. I develop a dynamic multi-country trade model with
traded renewable equipment and production learning, in which equipment trade shapes the cross-
border incidence of subsidies. The analytical results decompose marginal welfare returns per
fiscal dollar and show how the two subsidies affect purchaser prices, production learning, and
abatement across countries. At a common fiscal cost in the calibrated economy, global con-
sumption welfare favors deployment support in the importing United States and equipment sup-
port at the Chinese production hub. At unilateral preferred rates, national welfare favors the
reverse assignment: U.S. equipment support and Chinese deployment support. The two glob-
ally favored policies have opposite foreign-emissions effects: U.S. deployment support raises
them, whereas Chinese equipment support lowers them. Removing equipment trade reverses
the global-consumption ranking of the two U.S. instruments and eliminates most of the global-
consumption advantage of locating equipment support in China rather than in the United States.
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1 Introduction

Governments can subsidize either renewable deployment or domestic production of renewable equip-

ment. The U.S. Inflation Reduction Act (IRA) combines both approaches, and related policies op-

erate in Europe, China, India, and Japan.1 Their effects depend on the instrument and on whether

support comes from a large importing market or an established production hub. The policy choice

therefore helps determine where production, learning, and emissions reductions occur.

That choice matters because renewable electricity and renewable equipment have different eco-

nomic geographies. Electricity is generated and consumed mostly within national markets, whereas

solar and wind equipment is traded internationally and its production is concentrated in a few coun-

tries. China manufactures roughly 80 percent of the world’s solar equipment, and the United States

imports about 86 percent of what it uses. A deployment subsidy immediately expands renewable

generation in the installing country, but much of the resulting equipment demand and production

experience may accrue abroad. An equipment subsidy instead shifts production toward the support-

ing country and builds origin-specific experience there, but it also lowers current prices for foreign

buyers and, through learning, their future installation costs.2

I study these forces in a dynamic multi-country trade model with traded renewable equipment,

local electricity, forward-looking investment in renewable capital, and learning-by-doing. Equipment

productivity depends on both world experience and production accumulated in each origin. Policies

change current sourcing and income as well as the future geography of comparative advantage and

the cost of renewable deployment. Fossil-fuel trade creates conventional carbon leakage through the

world fossil price. Equipment trade adds a second leakage margin: deployment support can initially

bid up traded equipment prices and slow renewable investment abroad, although the production it

induces subsequently lowers costs through learning.

The analytical section decomposes each subsidy’s marginal welfare return per fiscal dollar when

carbon pricing is unavailable. A deployment subsidy raises equipment demand in one destination

and allocates the resulting production and learning across origins according to sourcing shares. An

equipment subsidy raises production at one origin—partly by displacing rival suppliers—and lowers

purchaser prices wherever buyers source from that origin. These routing results do not sign total

policy rankings: terms-of-trade effects, net policy incidence, and indirect equilibrium responses also

matter. National objectives count price and learning gains accruing abroad only insofar as they affect

domestic income or costs, so national and global rankings can differ.

The main quantitative result has this importer–hub form: at a common fiscal cost, global con-

sumption welfare favors deployment support in the importing United States and equipment support

1Examples include the EU’s Green Deal Industrial Plan, India’s Production-Linked Incentive scheme for solar modules,
and Japan’s Green Transformation plan.

2If electricity were freely traded, deployment support could also change foreign generation directly through power
exports, weakening this separation.
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at the Chinese production hub. Deployment support in the United States produces a positive global

consumption gain and the smaller U.S. loss. U.S. equipment support shifts production toward a rel-

atively small domestic base and has a slightly negative global consumption effect. In China, deploy-

ment support produces the larger domestic gain, but equipment support produces the larger global

consumption gain and the larger discounted emissions reduction. The assignment is consistent with

the inherited pattern of revealed comparative advantage and the geography of learning: U.S. de-

ployment support routes demand through the existing supplier network, whereas Chinese equipment

support reinforces the established hub and generates more global learning than Chinese deployment

support.

Equipment trade is central to this ranking because it governs which foreign suppliers expand or

contract and which buyers receive a policy-induced price benefit. The emissions response also differs

across instruments and locations. At a common fiscal cost, deployment support lowers emissions

in the policy country but raises them abroad in both the U.S. and Chinese experiments. Deploy-

ment support can generate leakage through lower world fossil prices and, initially, higher renewable-

investment costs abroad. The direct equipment-price effect of equipment support works in the op-

posite direction by lowering delivered prices in destinations that source from the subsidized origin.

Foreign emissions rise slightly under U.S. equipment support but fall under Chinese equipment sup-

port. U.S. support passes relatively little price relief abroad and partly expands domestic production

by displacing established foreign suppliers, whereas Chinese support displaces less foreign produc-

tion and transmits a larger price reduction through its export network.

The covered equipment sector is small relative to the world economy, and the aggregate con-

sumption effects are correspondingly small. The substantive question is whether this limited trade

margin nevertheless changes instrument rankings and the relative return to policy locations.

Shutting down equipment trade while retaining world-experience learning reverses the U.S.

global-consumption-welfare ranking: equipment support becomes more valuable than deployment

support. It also reduces by about three quarters the global-consumption-welfare gap between locat-

ing equipment support in China and in the United States. The pattern reflects the two cross-border

margins removed by the shutdown: U.S. equipment support no longer reallocates production away

from foreign suppliers, while Chinese equipment support no longer lowers foreign investment costs

through its export network. Equipment trade therefore affects both instrument choice in an importing

market and the value of locating production support at an export hub.

National and global rankings need not select the same instrument. The unilateral preferred rates

are about 3 percent for U.S. deployment support, 9 percent for U.S. equipment support, and 16

percent for either Chinese instrument. At these rates, national welfare favors U.S. equipment support

and Chinese deployment support. Yet at both the equal-budget and unilateral preferred rate sets, the

opposite assignment—U.S. deployment with Chinese equipment support—delivers the largest global

consumption gain among the four fixed-rate assignments. Incidence helps explain the divergence: the
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national choices concentrate production or direct price benefits at home, while the global assignment

routes U.S. demand through the supplier network and spreads the price and learning benefits of

Chinese equipment support abroad.

A stylized IRA-scale package combining U.S. deployment and equipment subsidies reduces dis-

counted world emissions by 1.85 GtCO2, but lowers U.S. and global consumption welfare before

avoided climate damages are counted. Valuing the emissions decline at $210 per tCO2 makes the

global effect positive. This does not make industrial subsidies a substitute for carbon pricing. The

subsidies target learning in a small traded-input sector; a carbon price acts on fossil use throughout

the economy.

The quantitative implementation covers 15 countries and regions, with trade in renewable equip-

ment, fossil fuel, and other goods. Solar and wind electricity are produced locally, installed capacity

evolves over time, and the model traces the transition through 2100. I construct the 2022 benchmark

from input–output accounts, bilateral equipment trade, renewable capacity and generation, fossil use,

and emissions. For solar, the decline in world module prices disciplines total learning, while bilateral

exporter performance disciplines the origin-specific component. The estimates imply a 27.5 percent

price decline per doubling of cumulative production and an origin-specific learning weight of about

0.12; variation in exporters’ exposure to foreign feed-in-tariff expansions provides corroborating ev-

idence. Wind learning is calibrated rather than estimated, informed by shorter price histories and

manufacturer-location proxies.

Taken together, the results show that equipment trade is central to the assignment of green subsi-

dies. It changes where price and learning gains accrue, so national and global rankings can diverge.

The model and results bring together four strands of research.

Industrial policy and production learning. Classical analyses study infant-industry protection

and production externalities (Baldwin, 1969; Bardhan, 1971; Young, 1991; Melitz, 2005), while re-

cent empirical and quantitative work examines temporary protection and sector targeting (Juhász,

2018; Liu, 2019; Lane, 2025; Goldberg et al., 2024); see Juhász et al. (2024) for a survey and Ro-

drik (2014) for the green-industrial-policy case. Related evidence documents production learning

in semiconductors, shipbuilding, batteries, and renewable technologies (Irwin and Klenow, 1994;

Thornton and Thompson, 2001; Barwick et al., 2025b,a; Way et al., 2022). This paper places these

forces in a multi-country setting where producer support expands world experience while reallocat-

ing production across suppliers. Because the targeted good is renewable equipment, these production

and learning effects also shape renewable investment and carbon emissions across countries.

Clean growth and climate policy. A large literature studies clean growth, renewable deployment,

and climate policy, mostly in closed or effectively single-country settings (Acemoglu et al., 2012,

2016; Fried, 2018; Bistline et al., 2023; Casey et al., 2026; Donald, 2024; Gentile, 2024; Aghion et

al., 2025; Hahn et al., 2026). Related open-economy work examines unilateral environmental pol-

icy, clean comparative advantage, and international subsidy spillovers (Hémous, 2016; Kotchen and
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Maggi, 2025). Closely related, Bañares-Sánchez et al. (2026) use Chinese city-level policy varia-

tion and a quantitative spatial model to study how production, innovation, and installation subsidies

helped build the solar manufacturing hub. This paper instead takes the inherited global supplier

network as given and studies where additional deployment and equipment subsidies should be used

and how their benefits are distributed through equipment trade. The closest quantitative antecedent

in the electricity-learning literature is Arkolakis and Walsh (2023), who combine world-experience

learning with a spatial electricity system; relative to their framework, I model international trade in

renewable equipment and compare the two subsidy instruments.

Dynamic quantitative trade. Conditional on inherited states, the production and sourcing block

follows multi-sector gravity models with input–output linkages (Eaton and Kortum, 2002; Caliendo

and Parro, 2015). Renewable equipment plays the role of a traded investment good (Mutreja et al.,

2018), while capacity accumulation and the transition solution build on dynamic quantitative trade

models (Eaton et al., 2016; Ravikumar et al., 2019; Caliendo et al., 2019; Kleinman et al., 2023). As

in the classic learning-and-trade literature and recent models of international technology diffusion,

current trade patterns can change future comparative costs (Krugman, 1987; Young, 1991; Bai et al.,

2024). Here, a temporary policy reshapes equipment trade; production at each origin accumulates

into experience, which changes subsequent trade and investment.

Trade and the environment. Research on trade and the environment studies leakage, border ad-

justment, and the location of emissions-intensive production (Copeland et al., 2021; Shapiro, 2021;

Kortum and Weisbach, 2021; Caliendo et al., 2024; Farrokhi and Lashkaripour, 2025), while related

work examines clean innovation and international environmental policy (Xiang, 2023; Hsiao, 2024).

Recent quantitative models study power investment with internationally traded fossil fuels and the

adjustment of capital and labor to climate policy (Abuin, 2026; Shin, 2026). This paper instead stud-

ies trade in renewable-energy equipment, a capital input that determines future local abatement costs.

Such trade changes current international incidence, where production learning accumulates, and the

future cost of renewable deployment. Environmental effectiveness consequently depends on the joint

response of terms of trade, learning, and fossil use.

The remainder of the paper proceeds as follows. Section 2 documents the geography of renew-

able equipment production, deployment, trade, and cost decline. Section 3 presents the model, and

Section 4 derives its incidence results. Section 5 describes the calibration. Section 6 reports the

policy comparisons and mechanism diagnostics. Section 7 concludes.

2 Background

2.1 Production, Deployment, and Trade in Renewable-energy Equipment

Renewable electricity is generated locally, but the equipment that builds generating capacity is traded

internationally and produced in a small number of countries. Figure 1 compares the geography
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Figure 1: Production and Deployment of Solar and Wind Equipment, 2022
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(b) Wind equipment: made vs. deployed
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Note: Bars report regional shares of 2022 equipment manufacturing and capacity additions. Manufacturing shares are calibration targets.
Appendix B.3 gives the sources.

of equipment manufacturing with the geography of deployment. These regional shares provide a

descriptive motivation for equipment trade; they do not themselves measure bilateral trade in final

equipment or components.3

For solar (panel (a)), China and Southeast Asia together produce about 90% of global equipment

but account for only about 48% of deployment. Europe, the United States, and the rest of the world

deploy far more than they manufacture; the United States installs about 9% of global capacity while

producing about 2%. Trade therefore connects production in a few locations to deployment across

many markets. For wind (panel (b)), manufacturing and deployment are more closely aligned: China

and Europe produce about 82% of global equipment and deploy a comparable share, while the United

States produces about 8% and installs about 11%. These aggregate shares locate production and

installation; bilateral sourcing—of blades, nacelles, towers, and other components—is measured

separately by the equipment-expenditure matrices that discipline the model’s trade patterns.

Direct trade data sharpen the distinction between local electricity and tradable equipment. Gross

cross-border electricity imports amounted to 2.8% of total electricity supplied in 2021, so renewable

generation remains overwhelmingly local.4 Renewable equipment, by contrast, is internationally

sourced. Imports account for 53% of world solar-equipment absorption in 2022, and the United

States imports 86% of the solar equipment it installs. Wind equipment appears more home-biased

within the product coverage used here: imports account for 35% of world absorption, and the United

States sources about 45% of its wind equipment domestically.5 The relevant distinction is therefore

3For details on the data used in this section, see Appendix B.3.
4World Meteorological Organization and World Trade Organization (2024, p. 22) measure international electricity trade

as the sum of countries’ gross imports and report a 2021 total of 809 TWh.
5The import shares are measured across individual countries. Aggregating to the model’s 15 regions nets out intra-
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Figure 2: Equipment Prices and Cumulative Experience
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Note: Prices are indexed to 100 in 2000. Solar experience is cumulative global PV module production from IEA
PVPS (IEA PVPS, 2024); wind experience is cumulative global installed wind capacity. Dashed lines are fitted log–
log relationships.

between locally generated electricity and internationally sourced capital equipment, with sourcing

patterns allowed to vary by technology.

2.2 Equipment Cost Declines and Learning-by-Doing

Unlike fossil generation, solar and wind generation require no purchased fuel, and much of their cost

is embodied in the equipment installed at the outset. Declines in equipment cost have therefore been

central to the falling cost of renewable electricity. Figure 2 plots equipment price indexes against

cumulative experience. Solar module prices fell by 95% between 2000 and 2021, while wind turbine

prices fell by 74%. A simple log–log fit implies price declines per doubling of cumulative experience

of about 27% for solar modules and 21% for wind turbines.

Experience curves summarize the empirical regularity that unit costs tend to fall as cumula-

tive output expands. In equipment manufacturing, repeated production can improve line design,

yields, worker proficiency, supplier coordination, and the organization of production. This is the

learning-by-doing channel studied in the renewable-energy literature.6 The relationship in Fig-

regional—especially intra-European—trade and yields calibrated import shares of 47% for solar and 14% for wind. The
wind matrix covers generating sets and selected parts but omits other components and production networks, so it is a partial
measure of wind-supply-chain openness.

6See, among others, Baker et al. (2013), Bolinger et al. (2022), Covert and Sweeney (2024), and Arkolakis and Walsh
(2023).
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ure 2 is nevertheless descriptive: cumulative output also moves with R&D, input prices, scale, and

other experience-linked improvements. I therefore use the price–experience relation to discipline the

model’s learning process, rather than interpret the fitted slope as a causal estimate of learning alone.

Appendix B.5 describes the estimation and supporting evidence.

The geographic reach of learning is a separate question. Some improvements are codified in

designs, machinery, and common suppliers and can diffuse across producing countries. Other gains

depend on production-line experience, worker skills, and local supplier relationships and may remain

tied to the origin where production occurs. The model allows output to build both a world experi-

ence stock, which lowers future costs at all origins, and an origin-specific experience stock, which

improves the relative productivity of the producing origin. The first component spreads learning

gains internationally; the second gives the location of manufacturing persistent value.

These observations motivate the model’s dynamic channel. A subsidy changes current prices

and production, where production experience accumulates, and who benefits from the resulting cost

decline. The next section formalizes that link between equipment trade, production experience, and

future productivity.

3 A Dynamic Trade Model of Green Industrial Policy

Countries install solar and wind capacity using equipment sourced from a global market. Equip-

ment trade determines where equipment is produced and where production experience accumulates;

accumulated experience raises future equipment productivity and changes comparative advantage.

Electricity generation and fossil displacement occur locally, while renewable equipment, fossil fuel,

and the non-energy composite are traded. Within each year, inherited states and forward-looking

investment choices jointly determine prices, trade, production, and fossil use. Current investment

updates installed capacity, which affects future capacity accumulation, while current real equipment

output updates experience.

Within each period, production and sourcing follow a multi-sector Eaton–Kortum economy with

input–output linkages (Eaton and Kortum, 2002; Caliendo and Parro, 2015). Renewable equipment

is a traded input into renewable investment, connecting the model to the capital-goods-trade literature

(Mutreja et al., 2018), and renewable capacity follows the constant-elasticity adjustment technology

used in dynamic quantitative trade models (Ravikumar et al., 2019). Production experience is an

additional state variable. Setting the origin-specific weight to zero recovers the world-experience

learning specification in Arkolakis and Walsh (2023); a positive weight allows comparative advan-

tage to evolve with the location of production.
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3.1 Geography, Sectors, and Timing

There are N countries and discrete time t = 1, 2, . . .. Renewable technologies are r ∈ R ≡ {S, W}.
The traded composites are J T ≡ {O, F, MS, MW}, where O is a non-energy composite, F is fossil

fuel, and MS and MW are solar and wind equipment. A superscript Mr therefore denotes a variable

associated with the equipment sector for technology r. Solar and wind generation are local. The

non-energy composite is used for consumption, production, investment, balance-of-system inputs,

and operations and maintenance; energy services enter household demand and are used as an input

by non-energy and equipment producers.

The beginning-of-period state is

St =
{

KD
n,t, KS

n,t, KW
n,t, QS

n,t, QW
n,t

}N

n=1
.

Here KD is non-energy capital, KS and KW are renewable capacities, and the Q’s are stocks of

equipment-production experience. End-of-2022 capacities form the capital state inherited in 2023.

The experience state inherited in 2023 combines the beginning-of-2022 stock with production during

2022, as specified below. Given the state and investment choices, wages, prices, sourcing, produc-

tion, and absorption are jointly determined within the year; investment and real equipment output

update the next state. Labor endowments are fixed, while fossil extraction follows a country-specific

supply curve. World labor income is the annual numeraire, ∑n wn,tLn = 1. Households, firms, and

the national investment fund have perfect foresight over policy paths and equilibrium prices when

making intertemporal choices.

Preferences. The representative household supplies labor inelastically. Consumption combines the

non-energy composite and local energy services:

Cn,t =

(
CO

n,t

µO
n

)µO
n
(

CE
n,t

µE
n

)µE
n

, µO
n + µE

n = 1,

PC
n,t = (PO

n,t)
µO

n (PE
n,t)

µE
n .

Lifetime utility is

Un =
∞

∑
t=1

βt−1 log Cn,t. (1)

Each period is one year; t = 1 is 2023, T = 78 is 2100, and β = 0.96.

3.2 Production and Bilateral Trade

The equipment sectors link deployment in each destination to production across domestic and for-

eign origins. The non-energy composite and fossil fuel enter the same multi-sector Eaton–Kortum
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structure, so wages, intermediate costs, terms of trade, and fossil prices adjust jointly with equip-

ment sourcing. Sector-j productivity is Fréchet with location Aj
i,t and trade elasticity θ j. Equipment

producers use labor, the non-energy composite, and local energy services, with unit cost

cMr

i,t = Br
i wζL,r

i
i,t (PE

i,t)
ζE,r

i (PO
i,t)

1−ζL,r
i −ζE,r

i , r ∈ R.

Here Br
i is a cost shifter, ζL,r

i is the labor share, and ζE,r
i is the energy share. The non-energy sector

uses labor, domestic capital, local energy services, and its own composite as intermediates; rD
i,t de-

notes the rental on non-energy capital. Fossil extraction responds to the origin price relative to the

wage according to the isoelastic supply curve

Fs
i,t = φF

i

(
pF

i,t

wi,t

)εF

,

where φF
i is calibrated to 2022 extraction. The benchmark (εF, ηF) = (1, 1/2) admits a competitive

labor–fixed-resource interpretation, with labor receiving the revenue share ηF = εF/(1+ εF) and the

remainder accruing as resource rent. Appendix D gives the complete unit-cost and factor-payment

system.

Let κ
j
ni be the iceberg cost, τ

j
ni,t an import tariff, and sj

i,t an origin subsidy, which is zero outside

renewable equipment. Define delivered unit cost by

dj
ni,t = κ

j
ni(1 + τ

j
ni,t)(1− sj

i,t)c
j
i,t.

The Eaton–Kortum price index and bilateral expenditure share are

Pj
n,t = γj

[
∑

i
Aj

i,t(d
j
ni,t)

−θ j

]−1/θ j

,

π
j
ni,t =

Aj
i,t(d

j
ni,t)

−θ j

∑m Aj
m,t(d

j
nm,t)

−θ j
, j ∈ J T, (2)

where the first subscript of π
j
ni,t denotes the purchasing destination and the second the producing

origin, and γj is the usual Fréchet price constant. Appendix A.2 gives the within-sector aggregation.

For computation, I write the within-period gravity block in exact hat algebra around the observed

2022 expenditure shares, following Dekle et al. (2007); Appendix D gives the full system. Let X j
n,t

denote purchaser expenditure in destination n. Gross producer revenue at origin i, inclusive of the
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origin subsidy and available for factor payments, is

Y j
i,t =

1

1− sj
i,t

∑
n

π
j
ni,tX

j
n,t

1 + τ
j
ni,t

, (3)

Destination spending is allocated across origins by π
j
ni,t. Thus Y j

i,t is nominal producer revenue,

not the real equipment-output measure that enters learning; equation (5) defines the latter for the

equipment sectors. Cost minimization determines domestic factor payments, while tariff revenue

accrues to the household.

3.3 Renewable Investment and Local Energy

Renewable investment links local deployment to demand in the world equipment market. A devel-

oper in country n purchases Ir
n,t units of a renewable-investment bundle that combines traded equip-

ment with balance-of-system inputs purchased in the destination. Let Cproj,r
n,t denote the bundle’s unit

cost. Its unit cost and conditional expenditure demands are

Cproj,r
n,t = Bnr

(
PMr

n,t

ωr

)ωr (
PO

n,t

1−ωr

)1−ωr

,

XMr

n,t = ωrCproj,r
n,t Ir

n,t, XB,r
n,t = (1−ωr)Cproj,r

n,t Ir
n,t. (4)

Here Ir
n,t is real gross investment measured in units of this bundle, so Cproj,r

n,t Ir
n,t is total renewable-

project expenditure. The parameter Bnr is a destination–technology project-cost shifter, ωr is equip-

ment’s share of project cost, and XB,r
n,t is balance-of-system expenditure in destination n. Equipment

demand is allocated across origins by πMr

ni,t. Thus ωrπMr

ni,t is the share of renewable-project expen-

diture spent on equipment sourced from origin i. Tariff-exclusive buyer payments to origin i are

obtained by additionally dividing by 1 + τMr

ni,t ; gross producer revenue also includes the subsidy

payment in equation (3).

To define experience accumulation, let θr ≡ θMr
, ar

i,t ≡ (AMr

i,t )
1/θr

, and c̃M,r
i,t ≡ cMr

i,t /ar
i,t. Be-

cause AMr

i,t (c
Mr

i,t )
−θr

= (cMr

i,t /ar
i,t)
−θr

in the Fréchet trade block, ar
i,t is the origin’s unit-productivity

shifter and c̃M,r
i,t is its productivity-adjusted factory-gate unit cost. Origin real equipment output is

producer revenue deflated by this cost:

yM,r
i,t =

YMr

i,t

c̃M,r
i,t

. (5)

This index measures factory-gate real output within technology r, after deflating nominal producer

revenue by the origin’s productivity-adjusted unit cost.
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Local energy. Installed capacity produces nontraded electricity,

Gr
n,t = zr

nKr
n,t, r ∈ R,

rr
n,t = PG,r,p

n,t zr
n −mr

nPO
n,t. (6)

Here zr
n is generation per unit of installed capacity, and rr

n,t is the net operating return to one unit of

that capacity. The energy-services aggregator pays PG,r,u
n,t , the generator receives PG,r,p

n,t , and mr
nPO

n,t is

operating cost per unit of capacity. The two generation prices coincide absent a renewable-generation

production subsidy. Generation has constant returns to installed capacity.

Solar and wind first form a renewable composite,

Rn,t =
[
(ηS

n)
1/ρ(GS

n,t)
(ρ−1)/ρ + (ηW

n )1/ρ(GW
n,t)

(ρ−1)/ρ
]ρ/(ρ−1)

, ηS
n + ηW

n = 1, (7)

En,t =
[
η

1/ψ
n R(ψ−1)/ψ

n,t + (1− ηn)
1/ψ(Fd

n,t)
(ψ−1)/ψ

]ψ/(ψ−1)
. (8)

Here Fd
n,t is fossil absorption in destination n, and PE

n,t is the dual price of energy services. The ηr
n’s

and ηn are CES distribution parameters; ρ governs solar–wind substitution and ψ renewable–fossil

substitution, with the usual Cobb–Douglas limits when either elasticity equals one. Aggregate energy

services clear En,t = CE
n,t + EO

n,t + ∑r EMr

n,t , where EO
n,t and EMr

n,t are the energy inputs of the non-

energy and equipment sectors and all users face the same composite price PE
n,t. Household demand

assigns expenditure share µE
n to energy, and producer energy demand follows from the unit-cost

functions above. Appendix A.3 gives the dual prices and expenditure shares. This annual formulation

does not model dispatch, storage, or transmission; Appendix B.6 discusses the implications of this

aggregation.

3.4 Income and Market Clearing

The household owns domestic firms, the fixed fossil resource, and capital through a national in-

vestment fund. The fund receives non-energy capital income, renewable operating surplus, fossil-

resource rent, and tariff revenue, net of investment expenditure. Let Divn,t denote this net payout.

The consolidated household budget is

PC
n,tCn,t = wn,tLn + Divn,t + Tn,t −Λn,t. (9)

Here Tn,t is an international transfer and Λn,t the lump-sum tax that finances policy outlays. The

household and fund take prices, aggregate experience, and the tax that balances the government

budget as given.

Countries do not trade an international asset. Let nxn be 2022 net imports divided by world labor

income, positive for a deficit country. The fixed transfer Tn,t = nxn ∑m wm,tLm, with ∑n nxn = 0,

12



preserves the benchmark trade imbalance as a share of world labor income; setting nxn = 0 imposes

balanced trade.

Definition 1 (Conditional within-period equilibrium). Given the inherited state St, current invest-

ment flows {Ik
n,t}n,k, and the current wedges and transfers, a conditional within-period equilibrium

consists of prices, allocations, and bilateral expenditure shares such that producers and developers

minimize costs; sourcing and origin revenue satisfy equations (2) and (3); project demand and local

energy satisfy equations (4) and (6)–(8); household absorption satisfies equation (9); and goods,

factor, energy, and fossil markets clear. Appendix D states the complete dividend, external-balance,

absorption, and market-clearing equations.

3.5 Investment and Learning Dynamics

The within-period equilibrium maps deployment into equipment production across origins. The

state then evolves through two laws of motion: investment augments productive capacity, while

origin production augments the experience stocks that govern future comparative advantage. For

each k ∈ K ≡ {S, W, D}, capital evolves according to

Kk
n,t+1 = (1− δk)Kk

n,t + Φk
n(Ik

n,t, Kk
n,t), Φk

n(I, K) = χk
n IαK1−α. (10)

For r ∈ R, Kr
n,t denotes installed capacity. The corresponding non-energy variables are gross in-

vestment ID
n,t and capital KD

n,t. Here δk is depreciation, χk
n is installation efficiency, and inherited

capital is a predetermined input into installation, so that α < 1 creates a technological adjustment

friction. This is the constant-elasticity adjustment form used by Ravikumar et al. (2019); it applies

to all three capital stocks, including the solar and wind capacity whose investment bundles contain

internationally traded equipment. The national fund chooses all three investment flows from 2023

onward; observed 2022 investment enters only through the inherited stocks.

Real origin output from equation (5) builds experience according to

Qr
i,t+1 = µQ,rQr

i,t + yM,r
i,t , Qr

glob,t ≡∑
i

Qr
i,t, µQ,r ∈ (0, 1]. (11)

The retention parameter µQ,r allows experience to depreciate; µQ,r = 1 gives cumulative production.

Equipment productivity combines world and origin-specific experience,

AMr

i,t = AMr

i,2022

( Qr
glob,t

Qr
glob,2022

)1−λr
L
(

Qr
i,t

Qr
i,2022

)λr
L
νr

tot

. (12)

The stock Qr
i,2022 accumulates origin i’s production through 2021, and Qr

glob,2022 = ∑i Qr
i,2022. The

first policy state is Qr
i,2023 = µQ,rQr

i,2022 + yM,r
i,2022, so 2022 production enters once.
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Here νr
tot ≥ 0 is the elasticity of the Fréchet productivity parameter with respect to the composite

experience index, gr = νr
tot/θr is the corresponding price–experience elasticity, and λr

L ∈ [0, 1]
is the origin-specific learning weight. World experience shifts the frontier shared by all origins;

origin experience tilts relative productivity toward the producing country. Setting λr
L = 0 nests the

world-experience specification of Arkolakis and Walsh (2023); positive λr
L adds an origin-specific

component that can change comparative advantage. As in the competitive learning-by-doing tradition

of Krugman (1987) and Young (1991), individual producers take aggregate experience as given.

Equation (12) is therefore a country–sector Marshallian externality.

Let sI,r
n,t denote the deployment subsidy. Define the after-subsidy acquisition price of one unit of

technology-r renewable investment as P̃inv,r
n,t = (1− sI,r

n,t)C
proj,r
n,t . Let Φk

I,n,t and Φk
K,n,t denote the

derivatives of the installation technology with respect to investment and inherited capital, evaluated

at (Ik
n,t, Kk

n,t). The shadow value of one additional unit of installed renewable capacity is qr
n,t =

P̃inv,r
n,t /Φr

I,n,t. The household’s one-period nominal discount factor is

Mn,t+1 ≡ β
PC

n,tCn,t

PC
n,t+1Cn,t+1

.

It converts a nominal payoff at t + 1 into its value at t. The fund’s renewable-capital Euler equation

is

qr
n,t = Mn,t+1

[
rr

n,t+1 + qr
n,t+1

(
1− δr + Φr

K,n,t+1
)]

, r ∈ R. (13)

Non-energy investment is chosen on the same margin, with shadow value qD
n,t = PO

n,t/ΦD
I,n,t and

Euler equation

qD
n,t = Mn,t+1

[
rD

n,t+1 + qD
n,t+1

(
1− δD + ΦD

K,n,t+1

)]
. (14)

The renewable rental rr is given by equation (6), while rD is the rental on non-energy capital.

Each Euler equation equates the current shadow value of installed capital to the discounted value

of next period’s rental income and continuation value. Solar, wind, and non-energy investment use

the same household discount factor and the same installation functional form, with country- and

capital-specific parameters. Because investment is forward looking, future learning affects current

investment through anticipated project prices and capital values. No separate learning-externality

term appears in equation (13) because the fund does not internalize how its own investment changes

aggregate experience and future equipment productivity. The usual transversality condition closes

the infinite-horizon capital problem; Appendix D describes how the calculation approximates capital

values beyond 2100.
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3.6 Policies and Transition Equilibrium

The two subsidies act at different points in investment and sourcing. An origin equipment subsidy

sM,r
i,t lowers the delivered cost of equipment produced in i and can therefore change sourcing wher-

ever that equipment is available. It can raise production and origin-specific experience at i while

reducing both at competing origins; equations (2), (5), and (11) map these sourcing changes into

real output and experience at the subsidized and competing origins. A deployment subsidy, sI,r
n,t,

implemented as an investment tax credit (ITC), instead lowers the after-subsidy acquisition price of

renewable investment in n and expands equipment demand across origins according to the endoge-

nous sourcing shares.7 Country n’s investment fund pays the after-subsidy investment expenditure,

(1− sI,r
n,t)C

proj,r
n,t Ir

n,t, while the government of the same country finances the subsidy. The contempo-

raneous fiscal outlays are

ΛI,r
n,t = sI,r

n,tC
proj,r
n,t Ir

n,t,

ΛM,r
i,t =

sM,r
i,t

1− sM,r
i,t

∑
n

πMr

ni,tX
Mr

n,t

1 + τMr

ni,t
, Λn,t = ∑

r
(ΛI,r

n,t + ΛM,r
n,t ).

The first expression equals the subsidy rate times the pre-subsidy project-expenditure base, Cproj,r
n,t Ir

n,t.

In the second, the sum is the tariff-exclusive expenditure of buyers worldwide on technology-r equip-

ment from origin i. This expenditure equals the buyer-financed share 1 − sM,r
i,t of gross producer

revenue, so multiplying it by sM,r
i,t /(1− sM,r

i,t ) yields the government’s subsidy outlay. Finally, Λn,t

sums country n’s outlays on deployment and equipment subsidies across solar and wind. These

outlays are financed by the contemporaneous lump-sum tax in equation (9).

The two instruments can therefore generate different cross-country emissions responses. A de-

ployment subsidy enters the fund’s after-subsidy acquisition price directly only in the installing coun-

try, whereas an equipment subsidy changes delivered equipment costs in every destination that buys

from the subsidized origin. Foreign emissions can respond through renewable-equipment prices and

production learning as well as through the world fossil market. Section 4 formalizes the investment-

cost channel, and Section 6.2 quantifies the full response.

Definition 2 (Transition equilibrium). Given the inherited state S1, policy paths, and a trade-cost

and transfer regime, a perfect-foresight transition equilibrium is a sequence of conditional within-

period equilibria, investment flows {Ik
n,t}n,k, shadow values {qk

n,t}n,k, and states {St+1}t≥1 such that

capital evolves according to equation (10); real equipment output, experience, and equipment pro-

ductivity satisfy equations (5), (11), and (12); the national investment funds satisfy equations (13)

7A renewable-generation production tax credit (PTC) can also be represented in this framework. It raises generator
revenue rather than reducing installation cost and subsidizes inframarginal generation as well as generation induced by
new investment. Appendix B.1 maps a PTC into an equivalent marginal investment incentive, Appendix C.4 compares
finite and permanent ITC and PTC windows, and Appendix D records their distinct fiscal outlays.
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and (14); and the fiscal outlays defined above are financed by the lump-sum tax in equation (9).

Equipment producers take aggregate experience as given, and the transversality and terminal condi-

tions described in Appendix D hold.

The subsidy paths eventually return to zero, while regime-specific trade policy, other trade costs,

and transfers remain in place. Appendix D.4 describes the solution method, and Appendix C.9

reports learning-stock and horizon checks.

3.7 Welfare and Carbon Accounting

Fossil absorption generates territorial CO2 emissions,

Zt = ∑
n

ϵnFd
n,t. (15)

Here ϵn is country n’s territorial emissions factor per unit of fossil absorption. Carbon damages do

not enter private utility, and carbon is unpriced in the benchmark and subsidy counterfactuals. I value

policy-induced emissions changes ex post when reporting carbon-inclusive welfare; Appendix C.8

separately introduces a fossil-use tax. For policy p, country n’s consumption-welfare change is

∆Ucons
n =

∞

∑
t=1

βt−1 (log Cp
n,t − log C0

n,t
)

. (16)

Let ℓcons
n denote country n’s corresponding log consumption-equivalent change, and let En,T be coun-

try n’s present-value baseline expenditure under the common post-2100 continuation used across all

policy counterfactuals. Let SCCt denote the social cost of carbon, or global marginal damage per

unit of CO2. The superscript R denotes aggregation with reference-expenditure weights. The global

consumption-welfare index and its carbon-inclusive counterpart are

ℓR
W = ∑

n
ϖnℓ

cons
n , ϖn =

En,T

∑m Em,T
,

ℓR,SCC
W = ℓR

W −
1
EW,T

T

∑
t=1

βt−1SCCt
(
Zp

t − Z0
t
)
, EW,T = ∑

n
En,T. (17)

The index aggregates country consumption welfare using fixed reference-expenditure weights; the

Pigouvian benchmark in Section 4 instead uses a cooperative planner objective. Changing the SCC
path changes the global carbon-inclusive index; alternative allocations of global damages across

countries affect only the corresponding national accounts. Neither changes the equilibrium paths.

Appendix A.4 explains the post-2100 welfare adjustment, the conversion to percentage consumption-

equivalent variation, and the allocation of global damages across countries.

Section 4 first isolates how equipment trade shapes each subsidy’s effects on investment costs
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and production learning, and then embeds those effects in a welfare envelope. The direct formulas

do not sign the general-equilibrium emissions responses reported in the quantitative analysis.

4 International Incidence and Marginal Policy Returns

This section develops the international incidence and marginal welfare returns of deployment and

equipment subsidies when carbon pricing is unavailable. Throughout this section, the analytical ref-

erence transition has no pre-existing policy wedges, and all marginal derivatives are evaluated at that

reference unless stated otherwise. I first state the full-instrument benchmark and then characterize

marginal second-best policy returns. Fiscal normalization puts the two subsidies on a common scale,

while sourcing shares determine where their investment-cost and learning effects accrue. Technology

and time indices are suppressed; Appendix A.1 gives the full derivations.

4.1 First-Best Benchmark and Marginal Second-Best Returns

First-best benchmark. Let BL,r
i,t be the discounted marginal value of the future world and origin-

specific experience created by one additional unit of current equipment output; Appendix equa-

tion (A.10) gives its expression in model primitives. Economically, it is a discounted sum of future

productivity gains: it is larger when learning is steeper, experience persists longer, and future equip-

ment output is large relative to the relevant experience stock, with λr
L determining the weight on

origin-specific rather than world experience.

Lemma 1 (Pigouvian implementation). Suppose international lump-sum transfers support the plan-

ner allocation and learning and carbon are the only externalities. A Pigouvian implementation

satisfies

sM,r,∗
i,t c̃M,r

i,t = BL,r
i,t , tF,∗

n,t = ϵnSCCt, sI,r,∗
n,t = 0, (18)

where SCCt is the date-t numeraire value of one unit of emissions and tF
n,t is a specific tax on all

fossil use.

The fossil tax prices emissions, while the origin-indexed equipment subsidy prices the future

productivity created by current output, as in the familiar carbon-tax-plus-clean-innovation-subsidy

result of Acemoglu et al. (2012) and Hémous (2016).8 The paper studies the constrained case in

which the fossil tax is unavailable. Deployment and equipment subsidies then affect emissions

through the equilibrium responses of investment, fossil use, and equipment production, and affect

learning through the production they induce across origins. Neither subsidy generally reproduces

8Implementing the learning wedge with the model’s ad valorem subsidy additionally requires 0 ≤ BL,r
i,t /c̃M,r

i,t < 1.

Outside this range, BL,r
i,t remains the required specific wedge but cannot be implemented with an ad valorem rate satisfying

1− sM,r
i,t > 0.
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both the origin-by-technology learning wedge and a tax on all fossil use. Their second-best ranking

therefore depends on policy location, the pattern of equipment trade, and the objective used to value

foreign effects.

Marginal second-best returns. Let In denote a deployment-subsidy policy in destination n, and let

Mi denote an equipment-subsidy policy at origin i. Each policy specifies its technology coverage

and time path; write z ∈ {In, Mi}. Let fz be its present-value fiscal outlay in the model numeraire.

Because the subsidy base is positive at the reference, the statutory rate can be locally inverted, so

fz can parameterize policy changes around it. Fiscal normalization places policies with different

statutory rates and subsidy bases on a common marginal scale.

Local variation in fz scales the specified policy path while holding its timing and technology

coverage fixed. For differentiation, fz is extended as a signed local coordinate around zero.

I use three objectives. Let WP denote the cooperative planner’s carbon-inclusive objective un-

derlying Lemma 1, normalized by its date-1 numeraire multiplier; letWG = ℓR
W andWNn = ℓcons

n ,

matching the log consumption-equivalent indices in Section 3.7. Unless stated otherwise, G and Nn

exclude carbon; carbon-inclusive results append the damage account in equation (17).

Define the combined learning return as

Lo
z ≡ ∑

r∈R

[
(1− λr

L)Lo,r
z,W + λr

LLo,r
z,O

]
.

The marginal return to policy z, per unit of fiscal outlay, is then

Ro
z ≡

∂W o

∂ fz

∣∣∣∣
0
= To

z + Fo
z + Lo

z + Co
z . (19)

The first two terms describe international incidence; the other two value learning and carbon ex-

ternalities. To
z is the terms-of-trade effect from changes in pre-subsidy origin prices. Fo

z records

redistribution through the subsidy payment itself, net of domestic financing, and through the trans-

fer that preserves benchmark external balances. Lo
z values future productivity gains from world and

origin-specific experience, and Co
z values the induced emissions path. The weight λr

L determines

how strongly the learning term depends on production location.

For sufficiently small changes at a common fiscal scale, Ro
z ranks policies. At finite scales,

nonlinear equilibrium responses and policy interactions can alter that ranking, so the quantitative

exercises solve the full nonlinear transition.

At the reference point, a marginal subsidy payment is offset by its domestic lump-sum financing,

while the envelope theorem removes private reoptimization terms. An equipment subsidy can still

redistribute income internationally when some price relief accrues to foreign purchasers. There is

therefore no separate −1 fiscal-cost term. For the cooperative planner, these international transfers

cancel, so TP
z = FP

z = 0. They need not cancel under the global consumption index or a national
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objective. Carbon is reported separately in the main consumption-welfare tables; Appendix A.1 gives

the derivation.

4.2 How Equipment Trade Routes the Two Subsidies

I first derive how marginal changes in the two statutory subsidy rates—and, after fiscal normalization,

the associated marginal fiscal outlays—change renewable-project costs and production experience

across countries. For one technology and date,9 let P̃inv
d = (1− sI

d)C
proj
d be the acquisition price

paid by investors, ω equipment’s project-cost share, and πdi destination d’s sourcing share from

origin i. Holding current origin costs, productivities, and trade costs fixed, the direct price effects are

−
∂ log P̃inv

d
∂sI

n

∣∣∣∣∣
0

= 1{d = n}, −
∂ log P̃inv

d

∂sM
i

∣∣∣∣∣
0

= ωπdi. (20)

Let VM
di ≡ πdiXM

d denote destination d’s expenditure on equipment from origin i. Let Jn be total

project spending in destination n, and let Si = ∑d VM
di be origin i’s total equipment sales. Since

∂ΛI
n/∂sI

n|0 = Jn and ∂ΛM
i /∂sM

i |0 = Si, the same effects per marginal fiscal dollar are

−
∂ log P̃inv

d
∂ΛI

n

∣∣∣∣∣
0

=
1{d = n}

Jn
, −

∂ log P̃inv
d

∂ΛM
i

∣∣∣∣∣
0

=
ωπdi

Si
. (21)

The deployment subsidy therefore changes acquisition cost directly only in the subsidizing destina-

tion. The equipment subsidy affects every destination that buys from the subsidized origin. Sourcing

shares govern the magnitude and geographic distribution of foreign price pass-through.

For the remainder of this section, k ∈ {W, O} indexes the experience component, with W
denoting world and O origin-specific experience. Let vk,o

i be the discounted learning value generated

by one dollar of equipment sales at origin i. Appendix A.1 gives its expression in model primitives

using the continuation value per unit of real output. Its magnitude depends on the objective: the

planner, the reference-weighted global index, and a national government value the same productivity

path differently. Suppress o below, and let ςni = VM
ni /Si denote destination n’s share in origin i’s

sales.

The two direct learning measures below use different denominators. Define the deployment

equipment-spending multiplier—the increase in own-destination equipment spending per dollar of

deployment-subsidy outlay—as

ξ I
n ≡

∂XM
n /∂sI

n
∂ΛI

n/∂sI
n

∣∣∣∣
0

.

Multiplying the deployment routing value by ξ I
n expresses its own-destination contribution per fiscal

9Appendix A.1 marks reference-path levels with an overbar; the bars are suppressed here. The full policy return in
equation (19) discounts and aggregates the date- and technology-specific formulas.
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dollar. The multiplier ξ I
n captures the equipment-spending response in the subsidizing destination;

the sourcing shares πni then allocate those purchases across origins.

Proposition 1 (Direct learning effects of the two subsidies). For k ∈ {W, O}, the deployment

routing value per additional dollar of equipment purchases in destination n is

V I,k
n = ∑

i
πnivk

i . (22)

Its own-destination contribution per marginal dollar of deployment-subsidy outlay is ξ I
nV I,k

n . By

contrast, the equipment measure below is already normalized per marginal dollar of equipment-

subsidy outlay. At fixed current destination spending, origin costs, and productivities, it is

VM,k
i = vk

i︸︷︷︸
additional origin output

+ θ ∑
n

ςni ∑
h 6=i

πnh(vk
i − vk

h)︸ ︷︷ ︸
production reallocation

. (23)

Combining the world and origin-specific components gives

V I
n = (1− λL)V I,W

n + λLV I,O
n , VM

i = (1− λL)VM,W
i + λLVM,O

i .

The deployment subsidy inherits the destination’s sourcing mix: its learning value is a sourcing-

weighted average of supplier learning values. The equipment subsidy combines additional produc-

tion at the subsidized origin with the production it displaces elsewhere. Reallocation raises the direct

learning value when the displaced suppliers have lower learning values than the subsidized origin,

and lowers it in the reverse case. Because the equipment measure is normalized by fiscal outlay, a

large sales base alone does not imply a high learning return. Neither export scale nor hub status alone

therefore signs this direct effect.

These are direct effects, not general-equilibrium welfare derivatives: they hold current spending,

origin costs, and productivities fixed. After aggregation over dates and technologies, these measures

supply the routing components of Lo
z in equation (19); the full learning return also includes indi-

rect equilibrium responses in spending, costs, and productivity. Appendix A.1 embeds them in the

dynamic welfare envelope and gives the technology- and date-specific sourcing formulas.

Corollary 1 (Direct investment-cost pass-through and abatement). Suppose a lower renewable-

investment price weakly raises discounted abatement through the direct investment-cost channel.

Let Ao
d ≥ 0 be the welfare value under objective o of the abatement generated by a one-unit decline

in destination d’s log renewable-investment price, holding the other general-equilibrium channels

fixed. With Jn and Si the project-spending and equipment-sales totals defined for equation (21), the
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corresponding direct carbon components per marginal fiscal dollar are

Co,dir
In

=
Ao

n
Jn

, Co,dir
Mi

=
ω

Si
∑
d

πdiAo
d. (24)

Thus the deployment subsidy generates direct abatement only in the subsidizing destination. The

equipment subsidy can transmit direct abatement to every destination that sources from the subsi-

dized origin. These expressions sign the direct renewable-investment-cost channel, not the general-

equilibrium response of territorial emissions.

Section 6 solves the additional spending, sourcing, supplier-cost, fossil-price, income, and scale

responses in the nonlinear model.10

Equipment sourcing governs where production and learning occur; because renewable electricity

is local, the destination of investment governs where new capacity directly displaces fossil genera-

tion. Electricity trade would add a second network linking generation to emissions, without changing

the equipment-sourcing formulas.

4.3 Global and Origin-Specific Learning and Equipment Trade

Under world experience, the direct learning value depends on additional total output. Under origin-

specific experience, it also depends on where that output is produced. At a fixed reference transition,

shifting weight toward origin-specific experience raises a policy’s direct learning value exactly when

its origin component exceeds its world component. This comparison holds continuation values fixed;

recalibrating λL and resolving the equilibrium is a separate counterfactual.

Corollary 2 (Learning scope and equipment trade). Suppose first that λL = 0 and productivity-

adjusted unit costs are common across active origins. Then vW
i = vW , and the two displayed

learning measures coincide numerically:

V I,W
n = VM,W

i = vW for every n with Jn > 0 and i with Si > 0. (25)

Production reallocation then has no direct effect on learning through the composition of output

across origins; only total real output matters. The fiscal-normalized own-destination deployment

contribution is ξ I
nvW , so equation (25) does not equate full policy returns. If instead equipment is

not traded,

πni = 1{n = i} =⇒ V I,k
n = vk

n, VM,k
i = vk

i , k ∈ {W, O}, (26)

10The direct-versus-total distinction is related to the reverse-leakage mechanism in Kotchen and Maggi (2025). Their
green subsidy supports the output of a traded green-energy input. Here deployment and equipment production are sepa-
rate margins, and equipment trade and production learning make foreign investment costs and emissions depend on the
instrument and location.
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and an equipment subsidy has no direct foreign investment-cost pass-through.

With origin-specific experience, equal world output need not imply equal future productivity.

At a fixed reference path, the origin-specific learning value vO
i rises with discounted future sales

and falls with inherited experience. Equipment trade then adds two distinct margins: deployment-

induced demand can create experience abroad, and an origin-indexed equipment subsidy can displace

production at competing suppliers while lowering project costs in foreign destinations. Both cross-

border equipment-trade margins disappear in the no-trade limit, but world-experience spillovers and

fossil-fuel trade remain. Even under pure world experience, equipment trade can matter through

delivered equipment costs, carbon, terms of trade, and net policy incidence.

These formulas characterize how equipment trade routes direct price, learning, and abatement

incidence across borders. They do not sign total policy returns from importer or hub status alone,

because terms-of-trade effects, net policy incidence, and endogenous equilibrium responses also

matter. Because national objectives count foreign price and learning gains only insofar as they affect

domestic income or costs, nationally preferred instruments need not form the globally preferred

assignment. Section 6 evaluates the national and global instrument rankings in the nonlinear model;

Table 5 and Appendix Table C.4 provide numerical counterparts to the pass-through and marginal-

return formulas.

5 Calibration

I calibrate the objects identified in Section 4 around a 2022 benchmark and retain historical tariff

data for the applications with observed policy wedges. Input–output accounts, capacities, genera-

tion, labor, and emissions supply observed anchors; balanced equipment-expenditure matrices and

bilateral tariff equivalents are constructed from source data. Factor and expenditure shares, installa-

tion efficiencies, and initial states are mapped internally; structural elasticities are externally sourced,

constructed, or imposed as summarized in Table 1; and two solar-learning moments are estimated.

5.1 Countries, Sectors, and Benchmark Trade

The model contains 15 countries and regions: the United States, China, Canada, Mexico, Japan, Ko-

rea, India, and Russia, together with Europe including the U.K., Australia–New Zealand, Southeast

Asia, South America, Africa, the Middle East, and the rest of the world. Appendix B.2 gives the

aggregation. The four traded composites are solar equipment, wind equipment, fossil fuel, and a

pooled non-energy good; solar and wind generation are local.

The 2022 OECD inter-country input–output accounts determine bilateral fossil and non-energy

flows, sectoral output and absorption, value-added shares, and investment. Separate matrices deter-

mine solar- and wind-equipment expenditures. The solar matrix balances Comtrade cell and module
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flows to independent production and absorption margins. Wind sourcing is imputed by combining

trade in generating sets and selected parts with installation-based absorption margins. The resulting

equipment expenditures are $139.6 billion for solar and $58.0 billion for wind; China supplies 80.1

percent of solar equipment, while the imputed wind matrix assigns China 59.8 percent of wind sup-

ply. The solar matrix is also used as the sourcing proxy for the traded solar components included in

the equipment share of installation cost. Appendix B.3 gives the construction and product-boundary

assumptions.

The historical data include observed trade policy. Sourcing shares embed the full trade-cost

wedge, while the tariff matrix records its policy component separately. The central China-to-U.S.

solar wedge is a 70.4 percent tariff equivalent; other material bilateral rates and their construction

are listed in Appendix B.3. The central assignment exercise sets this policy component to zero while

preserving calibrated productivity and other trade-cost fundamentals; sourcing then adjusts endoge-

nously. The IRA and source-restriction applications restore the observed tariff matrix. Whenever

tariffs are active, purchaser expenditure includes tariffs, tariff revenue accrues to the importer, and

origin factor revenue is tariff-exclusive. Fixed transfers preserve the 2022 external positions and sum

to zero.

Trade elasticities govern supplier reallocation within each composite. I set (θS, θW , θF, θO) =

(5.38, 4.38, 3.16, 6.43). The first three values are estimates from Fontagné et al. (2022) mapped to the

corresponding ICIO sectors; θO is the baseline-expenditure-weighted aggregation of the component

non-energy sectors.

5.2 Equipment Learning

Two moments parameterize learning for each technology. A world price–experience curve disci-

plines gr = νr
tot/θr, while an exporter-capability regression disciplines br = λr

Lνr
tot. I estimate both

moments for solar. For wind, the shorter price–experience series provides descriptive evidence on

total learning, while the benchmark total-learning elasticity and origin-specific learning weight are

calibrated from external evidence. The mapping into the model is

νr
tot = θrgr, λr

L =
br

θrgr
.

For solar, I estimate

log PS,real
W,t = a− gS log QS,beg

glob,t + βP log Ppoly,real
t + ut,

where PS,real
W,t is the real world module price, QS,beg

glob,t is the retained world experience stock at the

beginning of the year, and Ppoly,real
t is the real polysilicon price. On the benchmark µQ = 0.99 stock,

the 2000–24 regression gives ĝS = 0.465 (Newey–West s.e. 0.023), implying a 27.5 percent price
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decline per doubling.

To estimate the origin-specific component, I first recover exporter-year capability ŜS
n,t from a

PPML gravity equation with importer-year and country-pair fixed effects. This capability is a gravity-

based index of relative exporter competitiveness: in the model, it rises with origin productivity but

may also reflect time-varying origin costs and policy wedges. I then estimate

log ŜS
n,t = bS log QS,beg

n,t + δn + δt + εn,t,

where δn and δt are origin and year fixed effects. Using module production for 22 origins over

2005–23 gives b̂S = 0.308 (country-clustered s.e. 0.092). At θS = 5.38, the two estimates map into

(νS
tot, λS

L) = (2.50, 0.12).
These regressions discipline the calibration rather than identify a causal learning effect: cumula-

tive production also covaries with R&D, scale, input prices, and other experience-linked innovation.

Still, a corroborating specification that instruments cumulative output with exporters’ predetermined

exposure to foreign feed-in-tariff expansions gives a coefficient of 0.313 (s.e. 0.119), close to the

benchmark estimate of 0.308, with a first-stage F-statistic of 19.8. Appendix B.5 reports the es-

timates, data construction, sensitivity to stock timing, initial experience, sample windows, and the

policy-based instrument; Appendix Table B.3 summarizes the mapped learning parameters. Ap-

pendix C.2 reports joint low- and high-learning-parameter scenarios, counterfactuals that shut down

individual learning mechanisms, and technology-specific marginal policy returns.

The descriptive wind fit in Figure 2 implies a 21 percent price decline per doubling of cumulative

installed capacity. The price history is short, however, and installed capacity is an imperfect proxy

for manufacturing experience, so the data do not support the same two-moment decomposition with

comparable precision. The analogous manufacturer-location regression gives an own-country coef-

ficient near 0.6 but uses only six producer clusters and reverses sign when China is removed. Covert

and Sweeney (2024) find that experience at other wind-turbine firms receives only 0.1–0.6 percent

of the marginal weight on own-model experience, although these firm-level estimates do not map

directly into a country-level weight. I therefore calibrate wind learning rather than estimate it. Con-

ditional on νW
tot = 1, I conservatively round the noisy own-country coefficient near 0.6 to λW

L = 0.50
and bracket it with 0.25 and 0.75. The resulting benchmark implies a 14.6 percent price decline per

doubling, within the empirical range (Wiser et al., 2024).

I initialize country experience stocks from historical equipment production—module output from

the annual IEA PVPS Trends reports for solar (IEA PVPS, 2024) and manufacturer-location data for

wind—and scale them to match the model’s 2022 equipment-output units. Following Arkolakis and

Walsh (2023), the benchmark assumes one percent annual experience obsolescence, µQ = 0.99,

and constructs beginning-of-2023 stocks so that 2022 output enters once. The cumulative-output

case µQ = 1 re-estimates the solar moments and reconstructs the stocks; no-learning and no-global-

learning exercises leave the 2022 trade and capital anchors unchanged.
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5.3 Renewable Investment and the Energy Block

IRENA capacities for 2021 and 2022 determine beginning- and end-of-2022 solar and wind stocks.

Dividing Ember’s 2022 generation by end-of-2022 capacity gives the country–technology coefficient

zr
n in equation (6). The benchmark assumes constant returns to installed capacity, Gr

n = zr
nKr

n. This

specification uses observed country–technology generation per unit of capacity to capture average

utilization differences and leaves within-country resource congestion outside the benchmark.

The inner solar–wind aggregator is Cobb–Douglas, ρ = 1.11 The outer renewable–fossil elastic-

ity is ψ = 3, close to the estimate in Jo (2025) and within the ranges in Papageorgiou et al. (2017)

and Wiskich (2023); Appendix C.3 considers ψ ∈ {2, 4}.
Total benchmark energy expenditure is the sum of fossil expenditure XF

n,2022 and renewable-

electricity expenditure ER
n,2022; it is divided between households and production. Household energy

expenditure is the residual

XE,H
n,2022 = XF

n,2022 + ER
n,2022 − ζE,O

n YO
n,2022 − ∑

r∈R
ζE,r

n YMr

n,2022.

Here ζE,O
n and ζE,r

n are the energy-input expenditure shares of non-energy and equipment production.

The household energy weight and the renewable share of the common energy composite are then

µE
n =

XE,H
n,2022

PC
n,2022Cn,2022

, ωR
n =

ER
n,2022

XF
n,2022 + ER

n,2022
.

The production energy shares are constructed from intermediate-input expenditures in the OECD

input–output accounts. For equipment, I use the pooled electrical-equipment and machinery parent

industries as a proxy for solar- and wind-equipment producers. The energy shares count direct fossil

inputs and the renewable share of domestic electricity purchases; other purchased electricity remains

in the pooled non-energy composite. Households, non-energy producers, and equipment producers

purchase the same local energy composite, which is why ωR
n is calibrated from total energy expen-

diture. Across regions, the household energy weight averages 2.4 percent and ranges from 0.4 to 5.4

percent. Solar’s share of renewable expenditure is based on generator revenue rather than the raw

TWh split. Generator revenue is constructed to cover the user cost implied by the 2021–22 capital

transition and annual fixed O&M of $23 per kW for solar and $43 per kW for wind (National Renew-

able Energy Laboratory, 2024). With benchmark energy prices normalized to one, these expenditure

shares map directly into the CES distribution parameters. Appendix A.3 gives the mapping.

Traded equipment accounts for ωS = 0.40 of solar installation cost and ωW = 0.55 of wind

installation cost. The solar share reflects modules, inverters, and electrical balance-of-system in the

11Appendix B.4 reports ρ̂ = 0.645 (s.e. 0.554). The estimate is too imprecise to distinguish it from the Cobb–Douglas
benchmark and is not used as a structural estimate.
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NREL utility-scale benchmark (Ramasamy et al., 2025); the wind share is the ex-works turbine share

in the land-based cost benchmark of Stehly et al. (2024). The remaining installation spending is local

non-energy input.

5.4 Initial States, Transition Parameters, and Carbon Reporting

Renewable installation efficiency χr
n is chosen so the capital law maps observed 2021 capacity

and matrix-implied 2022 renewable-investment spending into observed end-of-2022 capacity. Ap-

pendix B.7 describes the regularization used for three region–wind observations with near-zero

matrix-implied spending. Observed 2022 non-energy investment is gross fixed capital formation net

of renewable-investment spending; its initial stock and installation scale make the 2022 investment

rate stationary under the same capital law. I set α = 0.76, following Ravikumar et al. (2019), and

(δS, δW , δD) = (0.03, 0.03, 0.07), following Arkolakis and Walsh (2023). The non-energy capital

share in value added is 0.30 (Greenwood et al., 1997).

Motivated by the 0.5–1 oil-field extraction-cost calibration in Kortum and Weisbach (2021), I set

the fossil-supply elasticity to εF = 1 and use the competitive mapping ηF = εF/(1 + εF) = 0.5
for the labor-payment share, as required by the exact envelope derivation in Appendix A.1. Ap-

pendix C.3 varies εF over {0.5, 2} while holding ηF = 0.5, and hence the benchmark income split,

fixed; those reduced-form cases do not use the exact envelope decomposition. The supply elasticity

governs aggregate extraction, while the fossil trade elasticity governs sourcing conditional on origin

prices.

End-of-2022 capital and beginning-of-2023 experience are inherited states, and 2023 is the first

endogenous investment year. The explicit transition runs through 2100; Appendix C.9 reports the

learning-stock and horizon exercises.

The 2022 emissions account is anchored to 37.1 GtCO2 of fossil and industry emissions from the

Global Carbon Project (Friedlingstein et al., 2026). I aggregate those emissions to the model regions

and set ϵn equal to regional emissions divided by benchmark fossil absorption. I value counterfac-

tual changes at a flat $210 per metric ton in 2022 dollars. This benchmark converts the $185 central

mean SC–CO2 estimate in 2020 dollars from Rennert et al. (2022), computed at a 2 percent near-term

risk-free discount rate, to 2022 dollars and rounds it. Using an SC–CO2 value matches the model’s

physical emissions measure rather than folding other greenhouse gases into a CO2-equivalent price.

Appendices B.8 and B.9 describe the physical account and its ex-post valuation; Appendix C.8 sep-

arately imposes the same value as a specific fossil-use tax, rebates its revenue, and re-solves the

equilibrium.
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Table 1: Key Calibration Objects

Object Benchmark value Status Source or identifying moment

Trade elasticities θ j (5.38, 4.38, 3.16, 6.43)
for solar equipment, wind
equipment, fossil, and
non-energy

External; con-
structed

Fontagné et al. (2022) estimates mapped to ICIO
sectors; expenditure-weighted aggregation for
non-energy

Observed tariff matrix
τMr

ni,2022

Bilateral; China–U.S. so-
lar 70.4 percent

Constructed
benchmark input

Source-specific policy rates; zero tariffs define a
counterfactual regime, not a recalibration

Solar learning (gS, bS) (0.465, 0.308) Estimated World price curve and exporter capability under
µQ = .99 retention

Solar (νS
tot, λS

L) (2.501, 0.123) Mapped ν = θg, λ = b/ν
Wind (νW

tot, λW
L ) (1.00, 0.50) External scenario Literature range and manufacturer-location evi-

dence
Experience retention
µQ

0.99; 1 in robustness External Arkolakis and Walsh (2023); one-percent annual
obsolescence with matched estimation and state
construction

Energy elasticities
(ρ, ψ)

(1, 3) Imposed/external Cobb–Douglas inner nest; ψ = 3 follows Jo
(2025); sensitivity reported for ψ ∈ {2, 4}

Generation returns Gr
n = zr

nKr
n Maintained spec-

ification
Constant returns in the benchmark

Equipment shares
in installation cost
(ωS, ωW)

(0.40, 0.55) External NREL solar and CoWER wind cost decomposi-
tions

Installation curvature α 0.76 External; main-
tained

Ravikumar et al. (2019)

Depreciation
(δS, δW , δD)

(0.03, 0.03, 0.07) External Arkolakis and Walsh (2023)

Fossil supply (εF , ηF) (1, 0.5) Imposed/derived εF imposed and ηF implied by the competitive
benchmark; sensitivity holds ηF fixed

Fixed O&M (mS, mW) (23, 43) dollars/kW-year Externally set NREL Annual Technology Baseline (National
Renewable Energy Laboratory, 2024)

Factor-cost and model
energy-expenditure
shares

Region-sector specific Calibrated 2022 input–output accounts and energy-demand
closure

Generation zr
n, installa-

tion χr
n

Region-technology spe-
cific

Mapped; cali-
brated

2022 TWh/capacity and the 2021–22 capacity
boundary

Non-energy (KD
n , χD

n ) Region specific Calibrated clo-
sure

Common adjustment technology; KD
n,0 =

ID
n,0/(αδD) and χD

n = δD(KD
n,0/ID

n,0)
α

Discount factor β 0.96 annually Imposed Annual model convention
Carbon value and tax $210/tCO2; zero tax in

reference and subsidy
paths

External; policy
use

Flat SC–CO2 from Rennert et al. (2022); imposed
as a tax only in Appendix C.8

Emissions intensity ϵn Region specific; world to-
tal 37.1 GtCO2

Mapped Global Carbon Project fossil and industry emis-
sions (Friedlingstein et al., 2026) divided by
benchmark fossil absorption
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Table 2: Calibration Fit and Non-Targeted Outcomes

Measure Year Model Data

Panel A. Balanced calibration matrices versus source data
China share of world solar-equipment output
(percent)

2022 80.1 80.1

China share of world wind-equipment output
(percent)

2022 59.8 59.8

Southeast Asia and Korea share of U.S. solar-
equipment imports (percent)

2022 94.2 93.4

China share of U.S. solar-equipment imports
(percent)

2022 0.8 0.8

Panel B. Non-targeted reference-transition outcomes
China share of world solar-equipment output
(percent)

2023 77.1 83.3

2024 78.6 86.4
Solar share of solar-plus-wind additions (per-
cent)

2023 62.1 75.2

2024 61.4 79.8
Notes: Panel A reports benchmark objects; U.S. origin shares use equipment imports as the denominator. The wind output share
in Panel A is implied by the imputed wind matrix, whereas the solar output share is anchored to IEA PVPS production data. Panel
B uses the reference transition with observed 2022 tariffs and no post-2022 deployment or equipment subsidy. Model solar output
combines cells and modules, whereas the observed China series covers modules.

5.5 Calibration Fit and Non-Targeted Outcomes

Panel A of Table 2 compares selected shares from the balanced equipment matrices with their source-

data counterparts. Balancing to production and absorption margins modestly changes the raw U.S.

import composition. The remaining 2022 bilateral expenditures, input–output margins, capacities,

household energy shares, tariff receipts, and transfers also enter the benchmark accounts.

Panel B compares non-targeted outcomes from the model’s reference transition with observed

supplier concentration and technology composition in 2023–24. The reference transition retains ob-

served 2022 tariffs but imposes no deployment or equipment subsidy after 2022. It preserves China’s

dominance in solar equipment and reproduces the increase in its share from 2023 to 2024, although

the model share is lower than the observed module share. It also predicts that solar remains the

majority of combined solar-and-wind additions. The lower model solar share may partly reflect

technology-specific policy take-up in the data: realized PTC and ITC support can differ between

solar and wind, whereas the reference transition does not reproduce those technology-specific effec-

tive subsidies. These comparisons assess supplier concentration and technology composition, two

margins that matter directly for policy incidence.
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6 Policy Assignment in Global Equipment Markets

Using the calibrated model, I ask which instrument and location deliver the larger welfare effect

at a common fiscal cost and how much the ranking depends on equipment trade. The benchmark

compares deployment and equipment subsidies in an importing market (the United States) and a pro-

duction hub (China). It removes observed equipment tariffs while retaining the calibrated residual

determinants of delivered costs and allowing sourcing to adjust.12 This benchmark isolates the roles

of equipment trade and learning from second-best interactions with existing tariffs. I then use wel-

fare accounting and domestic–foreign quantity responses to relate the equilibrium outcomes to the

model’s mechanisms.

The deployment instrument is an investment tax credit (ITC) against renewable-investment cost,

whereas the equipment instrument is an ad valorem production subsidy that lowers domestic equip-

ment producers’ effective unit cost. Policies cover solar and wind and, unless stated otherwise,

operate during 2023–2032. Country effects are exact consumption-equivalent variations (CEVs).

The global welfare index is the baseline-expenditure-weighted average of country log consumption

equivalents defined in equation (17). Carbon damages do not enter the equilibrium allocation, so

consumption effects and discounted physical CO2 are presented separately.

6.1 Instruments and Locations at a Common Fiscal Cost

Common subsidy rates are not economically comparable because the four tax bases differ. I define

the common budget within the tariff-free benchmark as the $48.35 billion fiscal present value of a 30

percent U.S. equipment subsidy. I then solve separately for the rate of each other instrument–location

pair that attains this budget. Table 3 reports the matched rates.

Panel A of Table 3 shows a location-dependent ranking at fixed spending.13 In the United States,

deployment support produces a positive global effect and a smaller domestic consumption loss than

equipment support, whose global effect is slightly negative. In China, deployment support produces

the larger national gain, whereas equipment support produces the larger global gain. Thus, at this

common fiscal scale, global welfare favors deployment support in the importing market and equip-

ment support at the production hub. This ordering is a calibrated outcome of sourcing, international

incidence, and learning values rather than a consequence of the importer and hub labels alone.

All four policies reduce discounted emissions. The carbon-benefit column is an ex-post damage

account rather than a benefit–cost calculation: the CEV columns report the equilibrium consumption

consequences of financing and policy distortions but exclude climate damages. The consumption

effects are small in level; the substantive result is their ordering across instruments and locations.

The benchmark equipment sectors are small: model-covered solar and wind expenditures were

12The IRA and source-restriction applications restore observed 2022 equipment tariffs.
13Tariff removal leaves calibrated bilateral trade costs in place; it does not imply frictionless sourcing.
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Table 3: Policy Instruments and Locations With and Without Equipment Trade

Policy Rate World log CEV U.S. CEV China CEV CO2 Carbon benefit
(percent) (percent) (MtCO2) (2022 $bn)

Panel A: Equipment trade
U.S. deployment 12.86 0.0006 −0.0010 0.0033 −361.7 75.9
U.S. equipment 30.00 −0.0001 −0.0024 0.0022 −296.8 62.3
China deployment 3.12 0.0010 0.0004 0.0049 −503.2 105.7
China equipment 4.70 0.0017 0.0008 0.0038 −542.1 113.8

Panel B: Equipment trade shut down
U.S. deployment 14.38 0.0006 −0.0004 0.0033 −366.1 76.9
U.S. equipment 26.89 0.0009 −0.0005 0.0045 −403.7 84.8
China deployment 3.12 0.0009 0.0004 0.0050 −496.8 104.3
China equipment 6.57 0.0013 0.0006 0.0066 −553.6 116.3

Notes: Policies operate during 2023–2032. Within each trade regime, every rate is solved to match a $48.35 billion fiscal present
value. Panel A is the tariff-free benchmark. Panel B shuts down international trade in solar and wind equipment while trade in fossil
fuel and other goods and world-experience learning remain active. “Deployment” denotes the deployment ITC and “equipment”
the production subsidy. CO2 entries are changes in territorial fossil combustion over 2023–2100, discounted at the annual factor
β = 0.96. The carbon-benefit column values those discounted changes at $210 per ton and is not included in the CEV columns.

$139.6 billion and $58.0 billion in 2022. Panel B asks whether trade in these sectors can nevertheless

change the policy ranking and reports results from the model without equipment trade. The shutdown

eliminates two direct equipment-market margins: U.S. equipment support can no longer expand

domestic production partly by displacing foreign suppliers, while Chinese equipment support can

no longer transmit its purchaser-price reduction through China’s export network. Direct equipment-

market incidence is therefore concentrated in the policy country, although world-experience learning,

fossil trade, and other equilibrium responses remain.14

The ranking consequences differ by country and objective. For U.S. policies, the global-welfare

ranking reverses from deployment to equipment support: the global effect of equipment support

rises from a 0.0001 percent loss to a 0.0009 percent gain. U.S. welfare, however, continues to

rank deployment support slightly higher, although its advantage nearly disappears. For Chinese

policies, equipment support remains globally preferred, whereas China’s national ranking reverses

from deployment under trade to equipment without trade.15 Consistent with the loss of the export-

network channel, the global-welfare advantage of Chinese over U.S. equipment support narrows

from 0.0018 to 0.0005 percentage points. Equipment trade therefore affects both instrument choice

14Corollary 2 does not sign these finite changes: Panel B re-solves the full transition at fiscally matched rates, so the
removed margins interpret rather than decompose the welfare responses.

15No equipment trade makes both policies source equipment domestically but does not make them equivalent. At the
no-policy no-trade reference, their direct project-cost effects per marginal fiscal dollar coincide. Deployment support
subsidizes the full project bundle; equipment support instead lowers equipment’s price relative to local balance-of-system
inputs. With the Cobb–Douglas bundle and ωr < 1, the latter raises physical equipment use—and hence output and
experience—per unit of investment. If ωr = 1, the instruments coincide under the corresponding rate mapping. The finite
ranking also reflects nonlinear equilibrium responses.
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Table 4: Domestic and Foreign Responses at a Common Fiscal Cost

∆CO2 (MtCO2)
∆ equipment output

(present value, 2022 $bn)

Policy Policy country Rest of world Policy country Rest of world

U.S. deployment subsidy −461.7 +100.0 +20.4 +84.1
U.S. equipment subsidy −308.2 +11.4 +171.5 −45.4
China deployment subsidy −620.7 +117.5 +101.8 +9.3
China equipment subsidy −482.2 −59.9 +194.2 −11.3

Notes: These are the tariff-free equal-budget experiments in Table 3. CO2 entries are discounted full-horizon changes
in territorial fossil combustion. Equipment entries are discounted changes in solar-plus-wind real output by produc-
ing region, valued at constant 2022 unit costs.

in an importing market and the value of locating production support at an export hub.

6.2 International Transmission: Production, Emissions, and Investment Costs

Because electricity remains local while equipment and fossil fuels are traded, the two subsidies trans-

mit production and emissions differently across countries. Table 4 separates responses in the policy

country and abroad. Deployment support concentrates abatement in the policy country while routing

equipment demand through its supplier network. Under U.S. deployment support, 80.5 percent of

the increase in world equipment output occurs abroad. Foreign emissions nevertheless rise by 100.0

MtCO2 under U.S. deployment support and by 117.5 MtCO2 under Chinese deployment support.

Deployment support can generate leakage through both fossil prices and a short-run equipment-price

channel: the additional equipment demand raises delivered costs and reduces renewable investment

abroad. Production learning lowers those costs over time.

Equipment support moves the equipment-price margin in the opposite direction. It lowers the

delivered cost of the subsidized origin’s equipment in destinations that source from it while con-

centrating production in that origin. Both equipment policies expand world output while reducing

output abroad, so aggregate expansion and geographic reallocation occur together. The net foreign-

emissions response differs by policy origin: foreign emissions rise by 11.4 MtCO2 under U.S. support

and fall by 59.9 MtCO2 under Chinese support. This contrast is consistent with direct pass-through:

Chinese support delivers substantially more equipment-price relief to foreign buyers, whereas U.S.

support shifts production toward U.S. suppliers while providing much less direct relief abroad.

Table 5 decomposes 2023–32 average project-cost changes into direct-policy and learning com-

ponents in the policy country and abroad. Because the table reports policy-window averages, its

positive foreign deployment entries show that learning-induced cost declines eventually more than

offset the initial equipment-price pressure described above.

In Panel A, the foreign Direct column is zero by construction: the statutory deployment wedge

applies only to projects in the granting country. The average foreign cost declines therefore arise
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Table 5: Domestic and Cross-Border Transmission to Renewable-Investment Costs

Policy country Foreign destinations

Country Technology Total Direct Learning Total Direct Learning

Panel A: Deployment support
United States Solar 14.35 13.77 0.58 0.36 0.00 0.36
United States Wind 14.22 13.77 0.45 0.18 0.00 0.18
China Solar 3.59 3.17 0.43 0.40 0.00 0.40
China Wind 3.45 3.17 0.29 0.16 0.00 0.15

Panel B: Equipment support
United States Solar 4.44 3.69 0.75 0.36 0.09 0.26
United States Wind 15.73 14.25 1.49 1.76 1.58 0.17
China Solar 2.57 1.88 0.69 1.67 1.05 0.62
China Wind 3.02 2.62 0.40 0.88 0.70 0.17

Notes: Entries are 2023–2032 average log project-cost declines, multiplied by 100; positive values denote reductions,
and foreign destinations are unweighted means over nonpolicy regions. Direct is the deployment wedge or equipment
purchaser-price effect; learning combines world and origin-specific experience. Total includes supplier-cost and
balance-of-system terms, jointly below 0.01 point.

almost entirely through learning. Equipment support, by contrast, lowers the purchaser price of

subsidized-origin equipment in every destination that sources from that origin. The magnitude of this

pass-through depends on equipment’s share of project cost and the destination’s sourcing exposure.

Under U.S. equipment support, learning accounts for most of the foreign solar cost decline, whereas

direct pass-through accounts for about 90 percent of the foreign wind decline. Chinese equipment

support produces sizable direct cost reductions abroad in both technologies. The learning column

combines world and origin-specific experience.

Appendix Table C.1 reports the corresponding welfare decomposition. Terms-of-trade incidence

measured from pre-subsidy origin costs is substantial nationally but nearly cancels globally, while

learning contributes positively under all four policies. Within the learning component, world expe-

rience accounts for roughly four-fifths of the global contribution under all four policies. Chinese

equipment support generates about 60 percent more global learning value than Chinese deployment

support, consistent with its global ranking. The two U.S. instruments generate nearly identical global

learning contributions, so learning does not account for their ranking.

6.3 Policy Scale and National–World Incidence

The common-budget exercise fixes policy scale. I now allow scale to differ and ask which instrument

each country prefers when acting alone. Figure 3 traces national and global welfare over unilateral

policy rates, with every other green policy set to zero. U.S. national welfare is higher under equip-

ment support, which peaks at about 9 percent with a consumption gain of 0.000114 percent, than

under deployment support, which peaks at about 3 percent with a gain of 0.000045 percent. China’s
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Figure 3: National and Global Welfare Rank the Instruments Differently
Notes: Markers are solved unilateral grid points; lines connect them for readability. Solid lines report the policy country’s con-
sumption equivalent and dashed lines the global consumption equivalent. Large black-outlined markers evaluate both objectives
at each instrument’s approximate national-welfare peak; they do not identify global optima. All other green policies are zero, and
climate damages are excluded. Appendix Table C.7 reports the broader grids.

national ranking is the reverse: deployment support generates a gain of 0.0154 percent at its approx-

imately 16 percent peak, compared with 0.0082 percent under equipment support at about the same

rate.16

Evaluating global welfare at those same instrument-specific national peaks reverses the ordering

in both countries. Global welfare is 0.000159 percent under U.S. deployment support and 0.000061

percent under U.S. equipment support; for China, it is 0.00566 percent under equipment support and

0.00369 percent under deployment support. Thus unilateral national incentives favor U.S. equipment

and Chinese deployment, whereas global welfare favors U.S. deployment and Chinese equipment.

The incidence results in Section 4 help explain this reversal. In the importing United States,

equipment support directs production toward domestic suppliers, whereas deployment support routes

demand and learning through the supplier network. At the Chinese hub, deployment support concen-

trates its direct price effect on domestic investors, whereas equipment support reaches both domestic

and foreign buyers. Its price reduction for foreign buyers is a terms-of-trade-like transfer financed by

China; in the equal-budget decomposition, it also generates more global learning than Chinese de-

ployment support. National welfare counts the terms-of-trade, policy, and learning effects accruing

domestically; global welfare also counts gains to foreign buyers and foreign learning.

16These are separate national optima rather than an equal-budget comparison. Appendix Table C.7 reports the corre-
sponding fiscal present values and broader evaluated grids.
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Table 6: Joint U.S.–China Policy Assignments

U.S. instrument China instrument World log CEV U.S. CEV China CEV CO2
U.S. fiscal

PV
China fiscal

PV
(percent) (MtCO2) (2022 $bn)

Joint policies at equal-budget rates
Deployment (12.86%) Deployment (3.12%) 0.0016 −0.0005 0.0082 −864 48.5 48.4
Deployment (12.86%) Equipment (4.70%) 0.0022 −0.0003 0.0071 −905 48.8 48.9
Equipment (30.00%) Deployment (3.12%) 0.0009 −0.0020 0.0071 −799 48.4 48.4
Equipment (30.00%) Equipment (4.70%) 0.0016 −0.0016 0.0060 −827 47.5 47.6

Joint policies at unilateral preferred rates
Deployment (2.75%) Deployment (16%) 0.0038 0.0028 0.0159 −3,164 7.6 363.5
Deployment (2.75%) Equipment (16%) 0.0058 0.0032 0.0087 −2,206 7.9 217.9
Equipment (9%) Deployment (16%) 0.0037 0.0029 0.0155 −3,142 5.3 363.4
Equipment (9%) Equipment (16%) 0.0057 0.0033 0.0085 −2,172 4.4 216.3

Notes: Policies operate during 2023–2032 in the tariff-free benchmark. World log CEV uses baseline-expenditure weights and
excludes climate damages. The first block uses the unilateral equal-budget rates; the second uses each country’s approximate unilateral
preferred rate. Fiscal present values are realized joint-policy bills. Negative CO2 denotes discounted emissions reductions.

6.4 Joint U.S.–China Policy Assignments

The unilateral profiles imply opposing national and global assignments; I next ask whether these

rankings persist when both countries intervene.

Table 6 compares all four U.S.–China instrument assignments at two rate sets.17 The first block

uses each instrument’s unilateral equal-budget rate. The second uses the rate that maximizes the

corresponding country’s welfare when that instrument is used alone, so policy scale differs across

instruments.

At both rate sets, U.S. deployment combined with Chinese equipment support produces the

largest global gain among the four assignments, while the reverse assignment produces the smallest.

The ranking matches the calibrated importer–hub comparative advantage in policy use: U.S. deploy-

ment support routes additional demand through the importing market’s supplier network, whereas

Chinese equipment support accumulates production experience at the established hub and lowers

equipment costs in the markets it serves.

At the rates taken from the separate one-instrument profiles, the globally leading assignment is

also mutually beneficial. U.S. deployment expands demand for Chinese equipment, while Chinese

equipment support lowers the delivered costs faced by U.S. renewable investors; adding the partner’s

policy raises each country’s welfare. Yet the instruments each country prefers in isolation—U.S.

equipment and Chinese deployment—form the assignment with the smallest global gain. National

one-instrument incentives therefore point away from the globally leading assignment.

17These are fixed-rate assignments, not a strategic equilibrium.
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Table 7: A Stylized IRA-Scale Package and Its Components

Experiment
Fiscal present

value World log CEV U.S. CEV China CEV Discounted CO2
(2022 $bn) (percent) (MtCO2)

Deployment component, 30% 196.1 ≈ 0 −0.0091 0.0096 −1,088
Equipment component, 30% 55.4 ≈ 0 −0.0032 0.0038 −384
Combined 30/30 package 371.6 −0.0028 −0.0271 0.0189 −1,851
Notes: Policies apply to solar and wind during 2023–2032 with observed 2022 equipment tariffs in place. Consumption effects
exclude carbon damages; negative CO2 entries denote emissions reductions. The package is solved jointly and is not the sum of the
component rows.

6.5 A Stylized IRA-Scale Package

To connect the benchmark experiments to current U.S. policy, I restore observed 2022 equipment

tariffs and combine a 30 percent deployment ITC with a 30 percent subsidy to domestic solar- and

wind-equipment production during 2023–2032.18 Unlike the tariff-free common-budget comparison

in Table 3, the equipment component here operates with observed tariffs and has an endogenous

fiscal present value of $55.4 billion rather than $48.35 billion. Table 7 reports the two components

and the jointly solved package.

The package shifts consumption welfare away from the United States and toward China while re-

ducing world emissions. It lowers the U.S. consumption equivalent by 0.0271 percent, raises China’s

by 0.0189 percent, and lowers global consumption welfare excluding climate damages by 0.0028

percent. Discounted world emissions fall by 1.85 GtCO2. Valuing that reduction at the flat $210

benchmark gives about $390 billion in avoided damages and raises carbon-inclusive global welfare

by 0.0156 percent.

The joint bill exceeds the sum of the component-only bills because each policy expands the

other’s fiscal base; this does not imply welfare complementarity.

6.6 Trade Restrictions and Policy Assignment

I restore observed 2022 equipment tariffs and impose a permanent restriction under which U.S.

buyers cannot source solar equipment from China or Southeast Asia.19 The restriction creates no

tariff revenue or quota rents; wind equipment and other trade links remain unchanged.

The restriction and the equipment subsidy act on different margins. The subsidy lowers one

origin’s cost in every destination, whereas the restriction removes selected origin–destination links

18The deployment rate is the statutory ITC rate under Sections 48 and 48E. Section 45X instead provides component-
specific per-unit credits; the 30 percent equipment wedge places solar and wind on a common policy scale. Appendix B.1
gives the detailed mapping and scope. This is a stylized rate experiment rather than a legislative budget score.

19The experiment is broader than current U.S. rules, which restrict Xinjiang-linked imports and address circumvention
through Southeast Asian assembly rather than imposing a blanket regional exclusion (U.S. Customs and Border Protection,
2025; U.S. Department of Commerce, 2023). Appendix C.6 studies narrower and temporary alternatives.
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Table 8: Trade Restrictions and Policy Assignment

Trade regime U.S. policy Rate World log CEV U.S. CEV China CEV Discounted CO2
(percent) (percent) (MtCO2)

Panel A: Total effect relative to the factual no-policy transition
China and Southeast

Asia excluded None — −0.0022 −0.0065 −0.0004 140

Panel B: Policy effect relative to no policy under the same trade regime
Factual sourcing Deployment subsidy 14.58 0.0009 −0.0007 0.0048 −398
Factual sourcing Equipment subsidy 30.00 0.0002 −0.0033 0.0055 −387
Restricted sourcing Deployment subsidy 15.21 0.0008 −0.0009 0.0052 −410
Restricted sourcing Equipment subsidy 28.33 0.0008 −0.0020 0.0064 −436

Notes: Observed 2022 equipment tariffs are active throughout. Panel A compares the restriction-only transition with factual no
policy. Panel B compares each subsidy with no policy under the same trade regime; policy rates are solved to attain the same fiscal
target in each trade regime. The restricted no-policy path emits 140 MtCO2 more than factual no policy. The restriction generates
no revenue or rents.

only from the U.S. market. It therefore changes both the sourcing composition of deployment-

induced demand and the foreign reach of equipment support. Panel A of Table 8 compares the

restriction-only transition with factual no policy. Panel B compares each subsidy with no policy

under the same trade regime. Policy rates are solved to attain the same fiscal target in each trade

regime.

The restriction is costly on its own and shifts relative performance toward equipment support,

but it does not make either matched subsidy beneficial for U.S. consumption. Without either subsidy,

it lowers U.S. consumption by 0.0065 percent and global consumption welfare by 0.0022 percent,

and raises discounted emissions by 140 MtCO2. Because China supplies only 0.6 percent of U.S.

solar-equipment purchases under observed tariffs, the restriction primarily removes Southeast Asian

rather than Chinese supply.

The two subsidies respond differently to the restricted sourcing environment. The smaller U.S.

investment base raises the deployment rate required to match the fiscal target from 14.58 to 15.21

percent; the U.S. loss widens slightly and the global gain falls. For equipment support, the larger

protected domestic production base is consistent with a lower matched rate, a smaller U.S. loss, and

a larger global gain. China’s gains rise slightly in both comparisons, a pattern consistent with its

limited direct exposure to the restricted U.S. market and its continued access to world-experience

spillovers.

The larger incremental emissions reductions in the restricted-sourcing rows reflect the dirtier

restricted no-policy baseline, not cleaner U.S. production. Relative to factual no policy, combining

the restriction with either subsidy reduces emissions by less than the corresponding subsidy under

factual sourcing. Appendix C.6 reports China-only and temporary restrictions, finite tariffs, and

alternative allocations of tariff revenue.
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6.7 Carbon Pricing and Green Industrial Policy

The preceding experiments work through renewable-investment costs, equipment demand, and pro-

duction learning; they do not price the broader carbon externality. This subsection asks whether

carbon pricing makes green industrial policy redundant and what distinct role remains for each in-

strument. Appendix C.8 solves carbon-tax counterfactuals in which fossil use is taxed and the rev-

enue is rebated lump sum in the taxing region. The carbon-tax paths operate through 2100, whereas

the subsidy windows close after 2032. A worldwide $210-per-ton tax reduces discounted emissions

by 576 GtCO2. Its noncarbon consumption cost is 2.6 percent of world consumption, but avoided

emissions valued at the same rate produce a net global gain of about 4.1 percent. This is not a

like-for-like return comparison: the tax operates for longer and reaches fossil use throughout the

economy, whereas the subsidies act through investment and learning in a small traded-input sector.

Carbon pricing does not make learning support redundant. Adding to the worldwide tax an

origin- and technology-specific equipment-subsidy schedule derived from Lemma 1 and iterated to

a fixed point on the taxed path raises the carbon-inclusive global gain from 4.09 to 4.20 percent. The

schedule imposes an additional noncarbon consumption cost of 0.19 percentage points but gener-

ates an additional carbon benefit of 0.30 percentage points, so targeted learning support can remain

valuable after emissions are priced. This mirrors the lemma’s two-wedge division of labor: carbon

pricing acts directly on fossil use, while origin-indexed equipment support targets production expe-

rience; in that full-instrument benchmark, deployment support has no first-best role. The combined

counterfactual illustrates this division of labor; it is not a solved first best.

Unilateral carbon pricing also has international incidence. Appendix C.8 evaluates U.S.-only

taxes of $50, $100, $150, and $210 per ton, each operating through 2100. The $210 tax reduces

discounted world emissions by 40.4 GtCO2, lowers U.S. consumption welfare by 1.35 percent before

assigning climate benefits, and produces a carbon-inclusive global gain of 0.12 percent. Among the

four rates, that gain is largest at $100 per ton, at 0.18 percent; the ranking values avoided damages

worldwide, and the exercise does not solve for the tax that would maximize U.S. welfare. The

discounted foreign-emissions offset remains between 47 and 48 percent as lower fossil demand in

the United States depresses the world fossil price. The tax’s direct international incidence begins in

the fossil market, whereas the subsidies enter through renewable investment and traded equipment;

both markets adjust in general equilibrium. Carbon pricing is therefore the primary instrument for

emissions, while origin-indexed equipment support addresses the production-learning externality that

the tax leaves unpriced.

7 Conclusion

This paper studies how the instrument and location of green subsidies shape incidence when renew-

able equipment is traded but electricity remains local. At a common fiscal cost, global welfare favors
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U.S. deployment and Chinese equipment support; deployment also minimizes the U.S. loss, while

China itself favors deployment. Shutting down equipment trade reverses the U.S. global ranking and

removes most of China’s location advantage. World experience provides about four-fifths of global

learning value, and U.S. deployment with Chinese equipment support yields the largest gain among

the four fixed-rate assignments.

Equipment trade and the scope of learning drive these rankings: trade patterns determine where

investment-cost relief arrives and where production expands, while world and origin-specific ex-

perience determine future costs. At their unilateral national-welfare peaks, the United States favors

equipment and China deployment—the reverse of the global ranking. The IRA application shifts con-

sumption welfare away from the United States but cuts discounted world emissions by 1.85 GtCO2;

at $210 per ton, its carbon-inclusive global effect is positive. Carbon pricing targets the broader

fossil-use margin, while equipment support corrects production-learning externalities.
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A.1 Proofs for International Incidence and Marginal Returns

Trade-price envelope. For the extension with pre-existing tariffs, let V j
ni,t = π

j
ni,tX

j
n,t/(1+ τ

j
ni,t) be

the tariff-exclusive value of purchases by destination n from origin i. With ℓ
j
i,t = log[(1− sj

i,t)c
j
i,t],

the Eaton–Kortum price envelope implies

X j
n,t d log Pj

n,t = ∑
i
(1 + τ

j
ni,t)V

j
ni,t

[
d log(1 + τ

j
ni,t) + dℓj

i,t −
1
θ j d log Aj

i,t

]
. (A.1)

Tariff revenue in the same sector is TRj
n,t = ∑i τ

j
ni,tV

j
ni,t, so

dTRj
n,t = ∑

i

[
V j

ni,t dτ
j
ni,t + τ

j
ni,t dV j

ni,t

]
.

At fixed iceberg costs, define source-specific real purchases by d logm
j
ni,t = d log V j

ni,t − dℓj
i,t +

(1/θ j)d log Aj
i,t. Combining the household’s purchaser-price change with the tariff-revenue rebate

cancels the direct dτ term. The remaining contribution from link (n, i, j) is

−V j
ni,tdℓ

j
i,t︸ ︷︷ ︸

import-price incidence

+
V j

ni,t

θ j d log Aj
i,t︸ ︷︷ ︸

productivity gain

+ τ
j
ni,tV

j
ni,td logm

j
ni,t︸ ︷︷ ︸

tariff interaction

.

The export side of the first term enters domestic factor income through origin-market clearing.

For the exact dynamic envelope, let a scalar p scale a complete policy sequence around the

reference transition; overbars denote levels on that transition, and dots denote total derivatives with
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respect to p. At a tariff-free reference, define the following components.

I p,T
n,t = ∑

j
∑
d

V̄ j
dn,t

d log cj
n,t

dp
−∑

j
∑

i
V̄ j

ni,t

d log cj
i,t

dp
,

I p,F
n,t = ∑

j
∑
d

V̄ j
dn,t

d log(1− sj
n,t)

dp
−∑

j
∑

i
V̄ j

ni,t

d log(1− sj
i,t)

dp
+ Ṫn,t,

Lp
n,t = ∑

r∈R
∑

i

V̄Mr

ni,t

θr

d log AMr

i,t

dp
. (A.2)

The first component values changes in export receipts net of import costs that arise from pre-subsidy

origin prices. The second captures redistribution through the statutory subsidy wedge and the transfer

that fixes external balances. The third values the induced path of equipment productivity. Since the

net delivered-cost change combines the pre-subsidy cost change and the statutory-wedge change, the

first two components sum to total international incidence. With pre-existing tariffs,Hp
n,t collects the

tariff-interaction term above. Let

En ≡
∞

∑
t=1

βt−1Ēn,t, ϖn ≡
En

∑m Em
, Bβ ≡

∞

∑
t=1

βt−1.

Dynamic envelope. Start from En,t = PC
n,tCn,t and define the reference nominal welfare weight

µn,t ≡
βt−1

Ēn,t
.

The contribution of date t to the derivative of lifetime utility is therefore

βt−1 d log Cn,t

dp
= µn,t

[
Ėn,t − Ēn,t

d log PC
n,t

dp

]
. (A.3)

Before differentiating, consolidate the fiscal accounts:

(1− sI,r
n,t)C

proj,r
n,t Ir

n,t + ΛI,r
n,t = Cproj,r

n,t Ir
n,t, deployment subsidy,

YMr

i,t −ΛM,r
i,t = ∑

n
VMr

ni,t , equipment subsidy.

The subsidy payment and the lump-sum tax financing it thus cancel as a direct transfer at a zero-rate

reference.

Differentiate the consolidated budget and substitute firms’ zero-profit and factor-demand condi-

tions, goods-market clearing, and the trade-price envelope above. Intermediate purchases and factor

2



payments cancel between users and suppliers. The remaining date-t money metric is

Ėn,t − Ēn,t
d log PC

n,t

dp
= I p,T

n,t + I p,F
n,t + Lp

n,t +H
p
n,t + ∑

k∈K

(
r̄k

n,tK̇
k
n,t − P̄inv,k

n,t İk
n,t

)
, (A.4)

whereHp
n,t is the tariff-interaction term and is zero in the tariff-free reference. The sum runs over all

three capital stocks, because the fund chooses non-energy investment alongside the two renewable

margins. For the renewable technologies the acquisition price is the renewable investment bundle,

P̄inv,r
n,t = C̄proj,r

n,t ; non-energy investment is purchased out of the non-energy composite, so P̄inv,D
n,t =

P̄O
n,t.

It remains to eliminate the privately chosen capital variations. Let ak
n,t ≡ 1− δk + Φ̄k

K,n,t. Dif-

ferentiating the capital law and using the definition of the installed-capital value at the zero-subsidy

reference gives, for every k ∈ K,

K̇k
n,t+1 = ak

n,tK̇
k
n,t + Φ̄k

I,n,t İk
n,t, P̄inv,k

n,t = q̄k
n,tΦ̄

k
I,n,t,

r̄k
n,tK̇

k
n,t − P̄inv,k

n,t İk
n,t = −q̄k

n,tK̇
k
n,t+1 +

(
r̄k

n,t + q̄k
n,ta

k
n,t

)
K̇k

n,t. (A.5)

Non-energy capital enters this construction as a third stock with the same adjustment technology.

Equations (13) and (14), together with µn,t−1M̄n,t = µn,t, imply, for t ≥ 2 and every k ∈ K,

µn,t

(
r̄k

n,tK̇
k
n,t − P̄inv,k

n,t İk
n,t

)
= µn,t−1q̄k

n,t−1K̇k
n,t − µn,tq̄k

n,tK̇
k
n,t+1.

All three Euler equations share the discount factor M̄n,t and the same adjustment technology, so the

three blocks telescope under one argument. Summing over dates therefore leaves only boundary

terms in each block:

T

∑
t=1

µn,t

(
r̄k

n,tK̇
k
n,t − P̄inv,k

n,t İk
n,t

)
= µn,1

(
r̄k

n,1 + q̄k
n,1ak

n,1

)
K̇k

n,1 − µn,T q̄k
n,TK̇k

n,T+1.

The initial state is fixed, so K̇k
n,1 = 0 for every k ∈ K. End-of-2022 renewable capacities and

the inherited non-energy stock are data, and observed 2022 non-energy investment enters that stock

before the first policy choice rather than as a date-2023 decision, so the first-date boundary term van-

ishes in all three blocks. The transversality condition removes each limiting terminal term, including

limT→∞ µn,T q̄D
n,TK̇D

n,T+1. Combining equations (A.3)–(A.5) yields

ℓ̇cons
n =

1
Bβ

∞

∑
t=1

βt−1

Ēn,t

(
I p,T

n,t + I p,F
n,t + Lp

n,t +H
p
n,t

)
. (A.6)

Appending the separately defined carbon account, multiplying by ϖn, and summing over countries

3



gives

ℓ̇R,SCC
W =

1
Bβ

∑
n

ϖn

∞

∑
t=1

βt−1

Ēn,t

(
I p,T

n,t + I p,F
n,t + Lp

n,t +H
p
n,t

)
− 1

∑n En

∞

∑
t=1

βt−1SCCtŻt. (A.7)

At the tariff-free reference, Hp
n,t = 0. Equations (A.6) and (A.7) are the full-model envelope under-

lying the fiscal-normalized return decomposition in equation (19).

Reindexing origins and destinations, and using ∑n Ṫn,t = 0, gives

∑
n
I p,T

n,t = 0, ∑
n
I p,F

n,t = 0.

Thus both components cancel in dollars across countries. They also cancel in welfare under a com-

mon marginal welfare weight per dollar, but need not cancel under the fixed expenditure weights

used for global consumption welfare or under a national objective.

Fiscal normalization. Let az scale the statutory rates of policy z, and let Fz(a) be its present-value

fiscal bill. At the zero-policy reference, ∂Fz/∂az > 0, while ∂Fz/∂az′ = 0 for z′ 6= z: a policy

with a zero own rate has a zero bill even if another policy changes its prospective base. The inverse-

function theorem therefore permits the local change of coordinates a 7→ f, where fz = Fz(a). For

any scalar perturbation p that scales policy z, the fiscal-normalized return is explicitly

Ro
z =

dW o/dp
d fz/dp

∣∣∣∣
p=0

. (A.8)

Dividing each component of the policy envelope by the same d fz/dp defines To
z , Fo

z , Co
z , Lo,r

z,W , and

Lo,r
z,O. These fiscal-normalized derivatives govern local comparisons around the zero-policy reference;

finite policies are evaluated by solving the nonlinear transition.

The learning term already includes the entire induced productivity path and must not be added

again as an output co-state. To obtain the stripped components used in equation (19), differentiate

equations (11) and (12). Under the reference-weighted global objective, one unit of technology-r

4



output at date t has world-experience value

ΩG,r
W,t =

1
Bβ

∑
u>t

βu−1 νr
tot
θr (µQ,r)

u−t−1︸ ︷︷ ︸
retention to u

∑n,h(ϖn/Ēn,u)V̄Mr

nh,u

Q̄r
glob,u︸ ︷︷ ︸

world-experience value

,

ΩG,r
i,O,t =

1
Bβ

∑
u>t

βu−1 νr
tot
θr (µQ,r)

u−t−1︸ ︷︷ ︸
retention to u

∑n(ϖn/Ēn,u)V̄Mr

ni,u

Q̄r
i,u︸ ︷︷ ︸

origin-specific value

,

ΩG,r
i,t = (1− λr

L)Ω
G,r
W,t + λr

LΩG,r
i,O,t. (A.9)

Thus the direct learning contribution to reference-weighted global welfare is ∑r,i,t ΩG,r
i,t ẏM,r

i,t . The

planner and national components replace the reference weights in these expressions with their re-

spective marginal values of income. Terms-of-trade effects and net policy incidence remain in I p,T

and I p,F, respectively, and any interaction with a pre-existing tariff remains inHp.

Pigouvian implementation. Let λW
t denote the planner’s common shadow value of the date-t nu-

meraire and let mW
t,u ≡ λW

u /λW
t . With gr ≡ νr

tot/θr, the marginal learning value used in Lemma 1

is

BL,r
i,t = ∑

u>t
mW

t,u(µQ,r)
u−t−1gr

[
(1− λr

L)
∑h YMr

h,u

Qr
glob,u

+ λr
L

YMr

i,u

Qr
i,u

]
. (A.10)

The first term inside the brackets values the common experience stock; the second values the origin-

specific stock.

Differentiating the experience law and equation (12) gives, for u > t,

∂ log AMr

h,u

∂yM,r
i,t

= (µQ,r)
u−t−1νr

tot

[
1− λr

L
Qr

glob,u
+

λr
L

Qr
i,u

1{h = i}
]

.

At a tariff-free planner allocation, the Eaton–Kortum envelope values a log productivity increase at

origin h by YMr

h,u /θr units of the date-u numeraire. Multiplying by the derivative above, summing

over future dates and origins, and applying mW
t,u = λW

u /λW
t gives BL,r

i,t . Equations (5) and the

equipment-subsidy budget imply ΛM,r
i,t = sM,r

i,t YMr

i,t = sM,r
i,t c̃M,r

i,t yM,r
i,t , so equating the subsidy per

unit of real output to its marginal learning value gives the first equality in equation (18). When

0 ≤ BL,r
i,t /c̃M,r

i,t < 1, the specific learning wedge is implemented by the admissible ad valorem rate

sM,r,∗
i,t = BL,r

i,t /c̃M,r
i,t . Otherwise the same specific wedge remains the Pigouvian object, but the ad

valorem parameterization with 1− sM,r
i,t > 0 cannot implement it.

One unit of fossil absorption in country n, whether purchased through household energy services

or as the fossil component of a producer’s energy input, creates ϵn units of emissions. A specific tax

ϵnSCCt levied at every use margin therefore prices its marginal global damage; were the tax confined

to the household margin, producers’ fossil use would remain an unpriced emitting margin and the

5



two instruments would no longer separate. With learning and carbon priced directly, all remaining

margins are competitive and the planner and private fund face the same capital laws, including the

non-energy accumulation technology. Their renewable- and non-energy-investment Euler equations

consequently coincide without an acquisition or generation subsidy; the transversality conditions

remove the limiting capital and experience terms. This proves Lemma 1.

The lemma identifies the required wedges, not a unique statutory instrument. An alternative

instrument mix is equivalent only if it reproduces the origin-by-technology production wedge and

the fossil-use wedge along the same allocation; matching the capitalized investment incentive alone

does not equalize fiscal outlays, especially for a PTC paid on inframarginal generation.

Proof of Proposition 1 and Corollary 1. For equipment technology r, differentiation of the gravity

share at fixed X, c, A gives

∂ log πMr

nh,t

∂sM,r
i,t

=
θr

1− sM,r
i,t

[
1{h = i} − πMr

ni,t

]
.

Conditional on current destination spending, unit costs, and productivities held fixed in this deriva-

tive, equations (3) and (5) imply, in a tariff-free neighborhood of the reference,

yM,r
h,t =

1

(1− sM,r
h,t )c̃

M,r
h,t

∑
n

VMr

nh,t.

At the zero-subsidy reference, this identity reduces to

ȳM,r
h,t =

1

c̃
M,r
h,t

∑
n

V̄Mr

nh,t.

Differentiating the neighborhood identity, rather than only its zero-policy restriction, and substituting

the share derivative gives

∂yM,r
h,t

∂sM,r
i,t

∣∣∣∣∣
X,c,A

=
1

c̃
M,r
h,t

∑
n

V̄Mr

nh,t

{
θr
[
1{h = i} − π̄Mr

ni,t

]
+ 1{h = i}

}
.

The supported origin gains both the sourcing response and the subsidy top-up; every competing

origin loses sales wherever the two origins overlap. Define S̄r
i,t ≡ ∑n V̄Mr

ni,t and ςr
ni,t ≡ V̄Mr

ni,t /S̄r
i,t for

every active origin. For objective o and learning component k, define

vo,r,k
h,t ≡

Ωo,r,k
h,t

c̃
M,r
h,t

, k ∈ {W, O},

where the world component has Ωo,r,W
h,t = Ωo,r

W,t. Multiplying the output derivative by Ωo,r,k
h,t , sum-

6



ming over origins, and using V̄Mr

ni,t = π̄Mr

ni,tX̄
Mr

n,t gives, for either component,

∑
h

Ωo,r,k
h,t

∂yM,r
h,t

∂sM,r
i,t

∣∣∣∣∣
X,c,A

= S̄r
i,t

[
vo,r,k

i,t + θr ∑
n

ςr
ni,t ∑

h 6=i
π̄Mr

nh,t
(
vo,r,k

i,t − vo,r,k
h,t

)]
.

Because ∂ΛM,r
i,t /∂sM,r

i,t |0 = S̄r
i,t, the bracket is the direct learning return per marginal equipment-

subsidy dollar in equation (23). The nested sum remains well defined as trade vanishes.

For deployment, one additional dollar of purchaser expenditure in destination n creates π̄Mr

ni,t dol-

lars of receipts at origin i in the tariff-free benchmark. Dividing by c̃
M,r
i,t and weighting by Ωo,r,k

i,t gives

V I,r,k
n,t = ∑i π̄Mr

ni,tv
o,r,k
i,t , proving equation (22). Dividing the induced destination-spending response

by ∂ΛI,r
n /∂sI,r

n |0 gives the equipment-spending multiplier ξ I
n in the main text. With a pre-existing

tariff, the corresponding origin receipt is π̄Mr

ni,t/(1 + τ̄Mr

ni,t).

The direct price derivatives follow from the after-subsidy acquisition price and the Eaton–Kortum

price-index envelope. More generally, for any differentiable policy perturbation p,

d log P̃inv,r
n,t

dp
= − 1

1− sI,r
n,t

dsI,r
n,t

dp
−ωr ∑

i
π̄Mr

ni,t
1

1− sM,r
i,t

dsM,r
i,t

dp

+ ωr ∑
i

π̄Mr

ni,t
d log cMr

i,t

dp
+ (1−ωr)

d log PO
n,t

dp

− ωr

θr ∑
i

π̄Mr

ni,t
d log AMr

i,t

dp
. (A.11)

No derivative of the sourcing share appears because the expenditure shares are envelope weights in

the price-index derivative. Holding the last two lines fixed and evaluating at zero gives equation (20).

Dividing by the two marginal fiscal bases gives equation (21); applying the destination abatement

values gives equation (24). This proves Proposition 1 and Corollary 1.

Limiting cases. If λr
L = 0, Ωo,r

W,t is common across origins before division by real unit cost. Com-

mon c̃
M,r
i,t therefore implies common vW,o

i ; substituting that value into equations (22) and (23) makes

every production-reallocation difference zero and proves equation (25). Under no equipment trade,

substituting πni = 1{n = i} makes the nested reallocation sum zero and yields equation (26). The

same substitution in equation (20) eliminates direct foreign pass-through. These substitutions do not

remove world-experience spillovers or fossil trade.

A.2 Composite Intermediate Goods (Dixit–Stiglitz)

Composite producers in sector j aggregate a unit continuum of varieties ω j ∈ [0, 1] through a stan-

dard Dixit–Stiglitz technology with elasticity of substitution σj > 1 across varieties. Cost minimiza-

tion delivers the usual isoelastic variety demands and the CES sectoral price index Pj
n,t that appears

7



in the main text; because the aggregator is entirely standard, the familiar expressions are omitted.

A.3 Energy Aggregation and Expenditure Shares

The dual price indices corresponding to the quantity nests in Section 3.3 are

PR
n,t =

[
∑

r∈R
ηr

n(PG,r,u
n,t )1−ρ

]1/(1−ρ)

,

PE
n,t =

[
ηn(PR

n,t)
1−ψ + (1− ηn)(PF

n,t)
1−ψ
]1/(1−ψ)

. (A.12)

Here PG,r,u
n,t is the user price of technology-r electricity paid by the energy aggregator; it differs from

the producer price PG,r,p
n,t received by the generator only when a generation subsidy is present. The

Cobb–Douglas limits apply at unit elasticities. Total spending on energy services is equation (D.4),

and its fossil share is

γF
n,t =

1 +
ηn

1− ηn

(
PF

n,t

PR
n,t

)ψ−1
−1

. (A.13)

Renewable spending is the complement, and technology-r’s share of renewable spending is

ηr
n(PG,r,u

n,t )1−ρ

∑h∈R ηh
n(PG,h,u

n,t )1−ρ
.

Thus fossil, solar, and wind expenditures sum exactly to XE
n,t. At ρ = 1 this share equals ηr

n;

only the outer renewable–fossil share responds to relative prices. Equations (A.12) and (D.5) give

the corresponding zero-profit and market-clearing conditions. Because the composite shares are

properties of the CES aggregator, the same share algebra applies to total energy expenditure XE
n,t

regardless of its split across household demand and the energy-input demand of non-energy and

equipment producers, all of whom face the common price PE
n,t.

A.4 Consumption Welfare and the Ex-post Carbon Account

This subsection defines two distinct objects: the utility-based consumption equivalent and an ex-post

present-value expenditure account for carbon damages. Both are dimensionless shares of reference

consumption, so their sum is a useful carbon-inclusive reporting measure. In general, however, that

sum is not the derivative of the private utility in equation (1). The finite implementation follows

consumption through year T and holds the terminal policy–reference log-consumption gap fixed in

the post-2100 welfare tail. Let dn,t = log Cp
n,t − log C0

n,t, HT = ∑T
t=1 βt−1 + βT/(1− β), and

8



define

ℓcons
n =

1
HT


T

∑
t=1

βt−1dn,t︸ ︷︷ ︸
modeled transition through T

+
βT

1− β
dn,T︸ ︷︷ ︸

post-T welfare tail

 . (A.14)

The first term is the discounted consumption effect along the explicitly solved transition. The sec-

ond carries the terminal proportional consumption gap beyond T. Dividing by HT converts their

discounted sum into the constant proportional change in consumption that would deliver the same

lifetime utility. This is the implemented approximation to the infinite-horizon consumption equiva-

lent in equation (16); it does not assert that the stationary tail equals the exact value implied by every

possible state in 2100.

The corresponding level consumption equivalent is

CEVcons
n = exp(ℓcons

n )− 1. (A.15)

Country CEV columns report 100 CEVcons
n . Columns labeled “World log CEV” instead report

100 ℓR
W , defined below.

Define present-value reference expenditure under the same tail convention by

En,T =
T

∑
t=1

βt−1Ēn,t︸ ︷︷ ︸
modeled reference expenditure

+
βT

1− β
Ēn,T︸ ︷︷ ︸

post-T expenditure tail

,

EW,T = ∑
n
En,T.

The denominator is therefore the present value of reference consumption expenditure under the same

horizon convention. The world carbon account values damages along the explicitly solved 2023–

2100 emissions path and expresses them as a share of this present value. Unlike the consumption

calculation, it does not extrapolate the policy-induced emissions gap beyond year T:

ℓZ
W = − 1

EW,T

T

∑
t=1

βt−1 SCCt(Zp
t − Z0

t )︸ ︷︷ ︸
change in global dollar damages

. (A.16)

The leading minus sign means that an emissions reduction, Zp
t − Z0

t < 0, raises carbon-inclusive

welfare. If damage allocation s assigns country n the date-t share qdam,(s)
n,t of global dollar damages,

9



with ∑n qdam,(s)
n,t = 1, the corresponding national money-metric component is

ℓ
Z,(s)
n = − 1

En,T

T

∑
t=1

βt−1qdam,(s)
n,t SCCt∆Zt. (A.17)

This is an ex-post allocation of a dollar damage account, not a change in private utility. For national

incidence, ℓZ,(s)
n is added to ℓcons

n as a wealth-equivalent reporting adjustment. It would coincide with

the log-consumption equivalent of contemporaneous damages only under additional restrictions—

for example, if reference expenditure were constant over time or if the assigned damage bill were

proportional to reference expenditure in every period. The reference-expenditure-weighted average

of the national accounts reproduces the global account exactly because the damage shares sum to one

in every period. The noncarbon global consumption-welfare measure is

ℓR
W = ∑

n
ϖnℓ

cons
n , ϖn =

∑T
t=1 βt−1Ēn,t +

βT

1−β Ēn,T

∑m

[
∑T

t=1 βt−1Ēm,t +
βT

1−β Ēm,T

] .

The carbon-inclusive world measure is ℓR,SCC
W = ℓR

W + ℓZ
W . The baseline-expenditure weights are

held fixed across policies. They provide a transparent incidence summary but do not generally equal-

ize weighted marginal utilities of income at every date. Consequently ℓR
W can value pure international

redistribution and is not a planner objective based on planner first-order-condition weights. Its local

counterpart is equation (A.7).

Appendix B Calibration: Data and Estimation

B.1 Renewable Energy Provisions in the IRA

The deployment instrument is an investment tax credit (ITC) applied to gross renewable-investment

cost. It operates on the same investment margin as the traded equipment input. To compare it with a

renewable-generation production tax credit (PTC), let Mn,t,u be the date-t value of one nominal dollar

at date u, and let Rr
n,t,u be the marginal date-u generation revenue produced by capacity installed at

t. Let qr
n,t = Pproj,r

n,t /Φr
I,n,t denote the pre-credit installed-capital cost. The ITC rate that produces

the same marginal investment incentive as the PTC is

seq,r
n,t =

∑u>t Mn,t,uτD,r
n,u Rr

n,t,u

qr
n,t

. (B.1)

The numerator is the capitalized PTC payment on one additional unit of installed capacity; Rr
n,t,u

includes the propagation of that marginal capacity to date u along the reference path. The mapping

does not impose fiscal equivalence: a PTC pays on generation, including output from inframarginal
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capacity, so the PTC experiment records the actual generation-based fiscal bill.

The equipment instrument is an ad valorem subsidy to domestic solar- and wind-equipment out-

put. Counterfactual rates are imposed directly rather than inferred from statutory component-specific

schedules. This keeps the comparison between destination deployment support and origin equipment

support on a common ad valorem basis. Along an integrated solar supply chain, the Section 45X

credits sum to approximately $0.14 per watt. Relative to the 2022 U.S. module price of about $0.42

per watt in the IEA PVPS data, this is of the same order as a 30 percent ad valorem subsidy (Internal

Revenue Service, 2026; IEA PVPS, 2024). I apply the same rate to wind to keep the two equipment

sectors on a common policy scale, not because every wind component receives a statutory 30 percent

credit.

The policy application in Section 6.5 combines a 30 percent deployment ITC with a 30 percent

equipment subsidy during 2023–2032. I call it a stylized IRA-scale package: the 30 percent ITC

matches the statutory investment-credit rate, while the equipment rate summarizes Section 45X’s

component-specific per-unit credits as an ad valorem production wedge. The experiment does not

reproduce every eligibility rule, phaseout, bonus, or technology covered by the law; it measures the

incidence of policy wedges rather than producing a legislative budget score of the IRA, and its fiscal

present value is the endogenous general-equilibrium outlay on the two modeled tax bases.

The central instrument-and-location comparison holds fiscal present value fixed rather than im-

posing a common rate. Its $48.35 billion target is the model-implied cost of a 30 percent U.S.

equipment subsidy in the tariff-free benchmark. For each instrument–location pair, I solve for the

subsidy rate that matches this target in equilibrium. The resulting bills differ from the target by at

most $0.003 billion. This procedure compares allocations generated by a common amount of public

spending; it does not linearly rescale policy outcomes and it does not equalize the fiscal burden as a

share of national income.

B.2 Geographic and Time Coverage

List of countries and regions. I calibrate the model to 15 countries and regions, aggregated from

the OECD Inter-Country Input–Output (ICIO) tables. Eight economies are modeled individually:

the United States, China (including Hong Kong and Taiwan), Canada, Mexico, Japan, Korea, India,

and Russia. The remaining economies form seven aggregates. Europe comprises the 27 European

Union member states plus Norway, Switzerland, and the United Kingdom; Australia–New Zealand

comprises Australia and New Zealand; Southeast Asia comprises Bangladesh, Brunei, Cambodia,

Indonesia, Laos, Malaysia, Myanmar, the Philippines, Singapore, Thailand, and Vietnam; and South

America comprises Argentina, Brazil, Chile, Colombia, Costa Rica, and Peru. Africa comprises

Angola, Cameroon, Côte d’Ivoire, the Democratic Republic of the Congo, Egypt, Morocco, Nigeria,

São Tomé and Príncipe, Senegal, South Africa, and Tunisia, and the Middle East comprises Israel,

Jordan, Saudi Arabia, Türkiye, and the United Arab Emirates. A synthetic rest of the world collects
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all remaining economies in the ICIO tables (Belarus, Iceland, Kazakhstan, Pakistan, Ukraine, and

the ICIO rest-of-world residual), so that the 15 regions sum exactly to the world.

Sector aggregation. The model has four traded composites: solar equipment, wind equipment,

fossil fuel, and a pooled non-energy good. Four exhaustive rules map the source ICIO industries

into these composites: B05_06, mining and quarrying of energy-producing products, identifies the

fossil-extraction good; C26, computer, electronic and optical equipment, is the solar-equipment

input–output proxy; C28, machinery and equipment n.e.c., is the wind-equipment proxy; and ev-

ery remaining ICIO industry, including background electricity (D), enters the pooled non-energy

composite. The replication package contains the full code-level crosswalk. Solar and wind gener-

ation are local goods whose 2022 scale is calibrated from observed generation and capacity rather

than ICIO industries, and the equipment sectors’ bilateral trade matrices are calibrated separately

from Comtrade and industry production data (Appendix B.3).

Time horizon. The year 2022 is the historical boundary supplied by the input–output accounts,

equipment trade matrices, and renewable-capacity data. The first endogenous choice is made in

2023. The modeled 2023–2100 transition therefore contains 78 choice years, with the treatment of

values beyond 2100 described in Section 3.6; some results focus on the years through 2050.

B.3 Equipment Trade and Benchmark Sourcing

Production and deployment shares (Figure 1). Bilateral trade data come from UN Comtrade

at the 6-digit HS level. For the 2022 solar matrix I use HS 854142 (PV cells not assembled in

modules) and 854143 (PV cells assembled in modules or panels). For wind equipment I combine

HS 850231 (wind-powered generating sets) with a destination-specific allocation of HS 850300

(parts of electric motors and generators) and exclude HS 841290. This is a broad product-boundary

proxy: HS 850231 omits important non-generator components, while HS 850300 also includes

motor and generator parts used outside wind. The destination-specific share is applied uniformly

across origins within a destination; this is an identification assumption rather than an observed origin-

specific wind-content measure. I reconcile mirror flows, scale destination totals to installation-based

absorption, and impute domestic shipments as the residual. Solar manufacturing shares are 2022

production-origin shares from the IEA PVPS Trends data (IEA PVPS, 2024) and provide the solar

row-margin targets. Benchmark wind origin shares are the PPML-imputed row sums of this proxy

and should not be read as observed turbine-market shares; they place China at about 60% and Europe

at about 22%. The separate manufacturer-location panel enters the wind experience stock, not the

trade matrix. Deployment shares for both technologies are based on 2022 regional capacity additions.

The solar trade matrix covers cells and modules, whereas the equipment share of installation cost

also includes inverters and electrical balance-of-system. In the absence of comparable bilateral data

for those components, I use cell-and-module sourcing shares as a proxy for the origin composition

of the full traded solar bundle. This assumption allocates equipment spending across origins; it does
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not determine equipment’s total share of installation cost. The experience stock uses module output

in MW rather than the sum of cells and modules, avoiding double counting of cells embodied in

modules.

Observed equipment tariffs. Observed bilateral expenditures are duty inclusive, while the model

records the policy component of the trade wedge separately. The calibrated observed-policy China–

U.S. solar rate is a representative 2022 tariff equivalent of 70.41 percent: 25 percent under Sec-

tion 301, 14.75 percent under the Section 201 safeguard, a 14.79 percent antidumping separate rate,

and a 15.87 percent countervailing-duty non-selected rate. These duties are additive on entered value.

The remaining solar rates are 14.75 percent from Japan to the United States, 15 percent from Korea

and Southeast Asia to the United States, and 40 percent on imports into India. The Indian model good

is module dominant, so I use the module rather than cell rate. For wind, the aggregate-equipment

proxies are 25 percent from China and 5 percent from Korea to the United States. Tariff revenue

equals τ/(1 + τ) of duty-inclusive expenditure and accrues to the importer.1

U.S. import penetration. For solar, I use the U.S. Energy Information Administration’s Monthly

Solar Photovoltaic Module Shipments to proxy domestic supply and compute import penetration as

the share of imports in total U.S. supply. For wind, I use the U.S. Department of Energy’s Land-

Based Wind Market Report, which reports domestic-content shares by major component (nacelle

assembly, towers, blades/hubs). I aggregate these component shares using component value-cost

weights to obtain a plant-level domestic-content measure and the implied import share.

Figure 2 (equipment prices). The solar module-price series splices PVPS average-price observa-

tions through 2012 with the BNEF/ITRPV global c-Si ASP series for 2013–23, cross-checked against

PVPS spot/lowest-price observations, and Fraunhofer/PVPS evidence for 2024. For wind equipment,

I use IRENA’s global onshore wind cost index as a proxy for turbine/equipment price dynamics.

B.4 Evidence on the Inner-Nest Elasticity

Energy production in the model is a two-level CES. As auxiliary evidence on the inner-nest elasticity

between solar and wind, ρ, I report the log–log relationship

log
(

ys
n,t

yw
n,t

)
= − ρ log

(
ps

n,t
pw

n,t

)
+ FEn + FEt + εn,t, (B.2)

where FEn and FEt denote country and year fixed effects. Country fixed effects absorb time-

invariant cross-country heterogeneity (e.g., average site quality), while year fixed effects capture

common time-varying factors such as global technological progress and input-price movements.

Equation (B.2) is the demand system dual to the inner CES aggregator in equation (7).

Relative prices and quantities are jointly determined. I therefore also instrument log(ps
n,t/pw

n,t)

1The U.S. solar stack uses Proclamation 10339 (87 FR 7357), the Section 301 List 2 schedule, and the U.S. Department
of Commerce’s 2019–20 antidumping and 2019 countervailing-duty administrative reviews. India’s module duty follows
the Ministry of New and Renewable Energy notice effective April 1, 2022. See also Gerarden et al. (2025).

13



Table B.1: Estimates for Substitution Elasticity (Inner Nest)

Dependent Variable: ln(ys
n,t/yw

n,t)
(1) (2) (3) (4)

ln(ps
n,t/pw

n,t) -1.067 -1.173 -0.332 -0.645
(0.211) (0.356) (0.413) (0.554)

Model F 25.56 56.19 54.00
1st-stage F 52.46
N 144 144 144 144
Country FE ✓ ✓ ✓
Year FE ✓ ✓
IV ✓

Note: The unit of observation is country-year. Standard errors are clustered at the country level and reported
in parentheses.

with wind subsidies that vary across country–year. Because these policies may affect technology

choice through channels other than measured relative cost, I treat the IV estimate as suggestive

reduced-form evidence rather than structural identification of ρ.

Data. Solar and wind output (ys, yw) come from the International Renewable Energy Agency

(IRENA). For prices, I construct an unbalanced 15-country sample by combining the levelized cost

of electricity for solar and wind (IRENA) with wind deployment subsidies (OECD) for 2010–2021.

Estimates. Table B.1 reports the results. OLS suggests an elastic response to relative prices; adding

FEn and FEt attenuates the slope. The IV specification with country and year fixed effects gives

ρ̂ = 0.645 (s.e. 0.554). Within the model, ρ governs how the renewable composite rebalances in

response to relative cost changes. The estimates support treating solar and wind as imperfect rather

than perfect substitutes, but are too imprecise to distinguish the point estimate from one. I therefore

adopt the parsimonious Cobb–Douglas case (ρ = 1) in the quantitative analysis.

B.5 Learning Calibration and Supporting Estimates

The model requires the total response of equipment costs to world experience and the additional

loading on an origin’s own experience. I discipline these objects with two complementary moments

rather than interpreting either regression as a causal estimate of learning-by-doing. Define

gr ≡ −
∂ log Pr

t
∂ log Qr

glob,t
, br ≡

∂ log Ŝr
n,t

∂ log Qr
n,t

.

The structural mapping into equation (12) is

νr
tot = θrgr, λr

L =
br

θrgr
=

br

νr
tot

.
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Table B.2: Sensitivity of the Solar Price–Experience Estimate to Timing and Price Measurement

Specification νS
tot LRS

Real price, beginning-year stock, µQ = 0.99 2.501 27.5%
Nominal prices 2.256 25.2%
Zero beginning-1993 seed 2.460 27.2%
Cumulative-output case µQ = 1 2.504 27.6%
End sample in 2022 2.457 27.1%
Add post-2013 source-splice indicator 2.470 27.3%

Notes: World solar modules, 2000–24. Regressions control for the polysilicon price and use beginning-of-year
experience unless stated otherwise. Real prices are in 2024 dollars. νS

tot = 5.38gS and LRS = 1− 2−gS .

Thus the world curve disciplines total price progress, while the exporter panel disciplines the origin-

specific component. Because cumulative production can also proxy for R&D, scale economies, and

other experience-linked improvements, the resulting estimates discipline the calibration rather than

identify a causal learning parameter.

Common timing and units. All experience stocks are beginning-of-year objects. The baseline sets

the retention rate to µQ = 0.99, so Qt+1 = 0.99Qt + yt; µQ = 1 provides the cumulative-output

robustness case. The world solar stock used in estimation starts with PVPS module production in

1993 and a conservative 110 MW beginning-1993 seed, equal to cumulative PV capacity in IEA

PVPS reporting countries at the end of 1992. The construction of initial transition states begins its

historical flow panel in 2000, which changes the benchmark world solar stock-to-flow ratio by about

0.07 percent. Country experience shares are floored at 0.1 percent and renormalized to avoid zero

local stocks. Finally, historical 2022 equipment flow is valued at purchaser prices when the initial

experience state is built, whereas endogenous transition output is valued at factory-gate resource

cost; removing tariffs from that historical flow lowers the world 2022 solar and wind flows by 2.54

and 0.25 percent. Module and polysilicon prices are converted to 2024 dollars using the U.S. CPI.

Country experience is measured by module output. Adding cell and module output would

double-count watts embodied in modules; alternative product boundaries provide sensitivity checks.

World price–experience moment. For solar I estimate

log PS,real
W,t = a− gS log QS,beg

glob,t + βP log Ppoly,real
t + ut,

over 2000–24 and use Newey–West standard errors with two lags. Under the benchmark retention

specification, the estimate is ĝS = 0.4649 (s.e. 0.023), which implies ν̂S
tot = 2.501 at θS = 5.38

and a 27.5 percent price decline per doubling. Table B.2 reports sensitivity to price units, the pre-

sample stock, stock timing, retention, and the sample period. The variation across sample windows,

rather than the HAC standard error alone, defines the empirical range used in the learning robustness

exercises.
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Figure B.1: Solar Exporter Capability
Notes: Exporter-year capability ŜS

n,t is recovered from the PPML gravity equation with importer-year
and country-pair fixed effects. The United States is normalized to zero within each year. The estimates
therefore measure relative exporter capability and may also incorporate time-varying origin costs and
policy wedges.

Exporter-capability moment. I recover an exporter-by-year capability ŜS
n,t from a PPML gravity

equation with importer-by-year and country-pair fixed effects. The importer-year effects absorb the

common equipment frontier and destination demand; the exporter-year term is the model’s origin ca-

pability, although time-varying origin costs and policy wedges may also enter it. Under equation (2),

this term combines log AMr

n,t − θr log cMr

n,t with origin policy wedges. After the second-stage year ef-

fects absorb common world experience, its structural own-experience loading is λr
Lνr

tot; the empirical

coefficient equals that loading only if the remaining origin-cost and policy terms are conditionally

unrelated to experience. I then estimate

log ŜS
n,t = bS log QS,beg

n,t + δn + δt + εn,t.

Using module production over 2005–23 under the benchmark retention specification gives b̂S =

0.308 (country-clustered s.e. 0.092). Dropping China gives 0.293. Omitting the observed pre-2000

origin history lowers the estimate to 0.256, while using the maximum of cell and module output gives

0.306. The estimate is therefore not sensitive to this alternative product boundary.

Figure B.1 plots the exporter-year capability estimates for the major producing origins. Because

the United States is normalized to zero in every year, the paths show changes in relative exporter

capability rather than movements in the common world frontier.

In the Comtrade matrices, rows are importing destinations and columns are exporting origins. Let
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ωnd,0 be origin n’s average annual share of exports sold to destination d during 2000–04, normalized

so that ∑d ωnd,0 = 1, and let Fd,t indicate a pre-specified generous solar feed-in-tariff or demand-

support window in destination d. Define

f FIT
n,t = ∑

d
ωnd,0Fd,t, FFIT

n,t =
t

∑
u=2000

f FIT
n,u , zFIT

n,t = logFFIT
n,t . (B.3)

I use zFIT
n,t to instrument module-only beginning-of-year cumulative output in the 2005–23 capability

regression; this corroborating specification uses µQ = 1. The policy window is used instead of

realized installations, which are equilibrium outcomes, and is coded from REN21, the IEA policy

database, and country policy histories. The IV estimate is 0.313 (s.e. 0.119), with a first-stage F =

19.8 and a 95 percent Anderson–Rubin acceptance interval of [0.070, 0.589]. Dropping China gives

0.319. Leave-one-destination-out coefficients range from 0.236 to 0.352, although omitting Japan

lowers the first-stage F to 4.9. The design provides corroborating rather than stand-alone causal

evidence.

China’s 2018 policy reversal (descriptive). China’s May 2018 “531” reform sharply reduced do-

mestic solar deployment support. China’s relative exporter capability did not decline after the reform:

it rose from 0.56 in 2018 to 1.01 in 2021, while China’s share of world solar exports rose from 32

to 42 percent. This before–after pattern is consistent with persistence in accumulated production ca-

pability after domestic demand support is withdrawn. It is not used for identification or calibration,

however, because the single-country episode has no control group and coincided with other changes

in global solar markets.

Combining the two unrounded moments gives

λ̂S
L =

0.3076
2.5011

= 0.1230 (delta-method s.e. 0.038).

This parameter is an own-stock loading in addition to a common frontier; it is not literally the fraction

of all social learning benefits captured by the origin.

Wind. The wind data do not support the same decomposition with comparable precision. The world

price series is short and its slope varies with the price concept; the country-production panel maps

manufacturer market shares to headquarters and is therefore a noisy proxy for production location.

The own-country coefficient is about 0.6 but has only six producer clusters and reverses sign when

China is removed. The calibration therefore sets (νW
tot, λW

L ) = (1.00, 0.50). Appendix Table C.3

reports a joint lower envelope (0.50, 0.25) and upper envelope (1.20, 0.75), paired with the solar

ranges described above. These values are calibrated rather than estimated and are not comparable to

the solar moments.

Quantitative parameters. The model sets (νS
tot, νW

tot) = (2.501, 1.00), (λS
L, λW

L ) = (0.123, 0.50),
and µQ = 0.99. Beginning-of-2022 stocks accumulate physical production through 2021 under
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Table B.3: Learning calibration and empirical moments

νr
tot br λr

L LRr

Solar, estimated/mapped 2.501 0.308 0.123 27.5%
(0.123) (0.092) (0.038)

Wind, calibrated value 1.00 0.50 0.50 14.6%
Note: br = λr

Lνr
tot. Solar standard errors are Newey–West, country-clustered, and delta-method, respectively. For wind, (νW

tot, λW
L ) are

calibration choices; bW and LRW are implied values rather than separately estimated moments.

the corresponding retention specification and satisfy Qr
glob,2022 = ∑n Qr

n,2022. A trade-elasticity

sensitivity must preserve the empirical sufficient statistics: changing θr requires recomputing both

νr
tot = θrgr and λr

L = br/(θrgr), followed by a fresh equilibrium solve. The no-learning and origin-

specific-learning-only cases isolate the mechanism, µQ = 1 provides the stock-retention sensitivity,

and Table C.3 reports the joint parameter envelope.

Data construction. Country module production comes from the annual Trends in Photovoltaic

Applications reports of the International Energy Agency Photovoltaic Power Systems Programme

(IEA PVPS, 2024). The world module-price series uses PVPS average-price observations through

2012, the BNEF/ITRPV global c-Si ASP series for 2013–23 with PVPS cross-checks, and Fraun-

hofer/PVPS evidence in 2024. The world series covers 2000–24; the production pre-sample covers

1993–99, and the 1992 cumulative-capacity observation supplies a conservative earlier stock. U.S.

CPI series CPIAUCSL converts module and polysilicon prices to 2024 dollars. Bilateral equipment

trade comes from UN Comtrade; the gravity step uses the full bilateral matrix and the FIT expo-

sure uses the 2000–04 origin-column-normalized destination shares in equation (B.3). The country

experience flow is module MW, not the sum of cell and module MW.

For wind, global installations and price concepts come from IRENA and LBNL. Country manu-

facturing is a proxy constructed from manufacturer market shares and headquarters locations, scaled

to global output. This proxy is distinct from deployment but remains too concentrated in a small

number of producers to support a precise local-share estimate; it therefore provides only directional

evidence.

B.6 Intermittency, Value Factors, and Annual Aggregation

The model aggregates generation and energy use annually and therefore omits storage operation,

curtailment, hourly transmission constraints, and within-day and seasonal dispatch. The renewable–

fossil substitution elasticity summarizes these integration costs in reduced form. A fixed annual

elasticity cannot steepen endogenously as renewable penetration grows, so the model may understate

late-transition integration costs if value factors decline more sharply than the annual CES implies,

or overstate them if storage becomes sufficiently cheap. Models with explicit dispatch and storage

include Helm and Mier (2021) and Gentile (2024).
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The demand-side content of intermittency at annual frequency is a declining value factor. Be-

cause solar and wind produce when the resource is available rather than when power is most valuable,

the market value of a megawatt-hour of renewable output falls relative to the average power price as

renewable penetration rises; this is the central lesson of the literature comparing intermittent and

dispatchable generation (Joskow, 2011) and documenting the declining market value of variable re-

newables (Hirth, 2013). In the model this penalty is carried by the outer nest of the energy aggregator

(8). With a finite elasticity ψ between the renewable composite and fossil energy, absorbing a larger

renewable share requires the relative price of renewable output to fall, so the marginal value of re-

newable generation declines with penetration. The range ψ ∈ {2, 4} spans stronger and weaker

versions of this penalty.

Within the renewable bundle, the baseline calibration sets the inner solar–wind nest to Cobb–

Douglas (ρ = 1), which treats the complementarity between the two technologies in reduced form.

Renewable expenditure divides between solar and wind in fixed proportions, so the model imposes

neither the additional penalty on an unbalanced mix that gross complements (ρ < 1) would generate

nor the near-perfect substitutability that would let a single technology serve the entire renewable

share at no cost. The counterfactual analysis holds ρ = 1. Observed 2022 generation per unit of

capacity embeds average capacity factors in the country–technology coefficients zr
n.

B.7 Measuring the Initial Productive Stocks

The quantitative model has three capital states: solar capacity, wind capacity, and non-energy capital.

Fossil extraction instead uses the within-period supply curve in equation (D.2); there is no fossil-

capital stock.

Solar and wind. I aggregate IRENA installed capacity in 2021 and 2022 to the model regions. End-

of-2022 capacity is the renewable state inherited in 2023. For each technology, the model-consistent

2022 gross capacity flow is end-of-2022 capacity less undepreciated end-of-2021 capacity; it includes

replacement and is not the observed net addition. Baseline renewable-investment expenditure is

inferred from equipment expenditure and the calibrated equipment share, equation (4). I choose χr
n

so that the capital law in equation (10) reproduces the observed 2021–22 capacity boundary. For

wind in Africa, Australia–New Zealand, and the rest of the world, I use the world-average installed

cost when matrix-implied spending is near zero. Thus the historical boundary fixes both the initial

stock and the units in which renewable investment augments capacity; it does not impose a 2022

Euler equation.

Non-energy capital. I measure 2022 non-energy investment as total gross fixed capital formation

less solar and wind renewable-investment expenditure. Its baseline rental income is the capital share

of non-energy value added, RD
n = γKγV

n ȲO
n . Because non-energy capital uses the same adjustment

technology as renewables, I initialize this block by combining a unit marginal installed-capital price
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with a stationary 2022 law of motion:

KD
n,0 =

ID
n,0

αδD
, χD

n = δD

(
KD

n,0

ID
n,0

)α

.

These two equations imply ΦD
I = 1 and qD

n,0 = 1 at the reference point, and KD
n,t+1 = KD

n,t whenever

real ID remains at its 2022 value. Rental income determines rD
n,0 = RD

n /KD
n,0. This initialization

does not impose an Euler condition on observed 2022 investment; from 2023 onward, non-energy

investment is chosen endogenously under equation (14).

Fossil supply. The 2022 origin value of fossil production fixes the level of the reduced-form supply

curve. I impose the supply elasticity εF = 1 and derive the labor-payment share ηF = εF/(1+ εF) =

0.5 under the competitive labor–fixed-resource interpretation; the remaining share accrues to the

domestic fossil resource. The code stores the two parameters separately, which permits the sensitivity

exercises to vary the supply response while holding the benchmark income split fixed.

B.8 Emissions Accounting

Flow emissions in the model are linear in fossil-energy use, Zt = ∑n ϵnFd
n,t (equation (15)). Physical

emissions and country intensities are constructed as follows.

Physical anchor. The Global Carbon Project’s fossil-carbon accounts give world emissions of 37.1

GtCO2 in 2022 (Friedlingstein et al., 2026). I aggregate national combustion and cement emissions

to the model regions and assign the world-total residual, including international bunkers, to the rest

of the world. Non-CO2 gases are outside the physical measure.

Country intensities. The intensity for region n is the ratio of territorial emissions to model fossil

use in the base year,

ϵn =
EGCP

n,2022

F̄d
n,2022

,

where F̄d
n,2022 is baseline real fossil absorption—destination expenditure on the fossil-energy sector

deflated by its user price—measured at the burning site and inclusive of non-electricity fossil demand.

Emissions are thus attributed to the region where the fossil energy is used, matching the territorial

basis of the anchor, rather than to the region extracting the fuel.

Time variation. The equilibrium calculation determines percentage changes in fossil use and hence

in emissions. For welfare reporting, the baseline normalization fixes world emissions and the world-

income denominator at their 2022 levels throughout the horizon: Z̄t = Z̄2022 and ȲW
t = ȲW

2022.

Policy-induced emissions hats vary over time, so the physical deviation used in the account is Z′t −
Z̄t = Z̄2022(Ẑt − 1). This normalization converts the model’s percentage deviations into tons, but

it is not a projected baseline emissions or GDP path. The results in Section 6 that exclude carbon

damages do not depend on this physical scaling.
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B.9 Social Cost of Carbon

In the reference and green-subsidy experiments, carbon damages do not enter private objectives or

equilibrium allocations. The tables that exclude carbon damages are paired with the ex-post account

in equations (A.16) and (A.17), under which any SC–CO2 path can revalue the solved emissions

deviations. This revaluation changes welfare accounting but not prices, quantities, investment, or

emissions. Appendix C.8 instead imposes a fossil-use tax and re-solves the equilibrium. World

noncarbon incidence uses the present-value baseline-expenditure weights described in Appendix A.4.

The global damage price is the flat $210 per tCO2 benchmark described in Section 5. It applies

to the territorial fossil CO2 measure above; non-CO2 gases are not folded into either the emissions

quantity or the price. I do not report country-specific SCCs. Such an exercise requires a separate and

contestable allocation of a fixed global damage account across recipients, changes no equilibrium

object, and does not affect the global carbon benefit or the paper’s policy-assignment comparisons.

The generic national allocation in Appendix A.4 is retained only so that any chosen recipient shares

can be applied transparently.

Appendix C Mechanisms and Robustness

This appendix distinguishes the tariff-free exercises that accompany the central policy-assignment

comparison from observed-tariff extensions used for the IRA application and parameter sensitivities.

Every table states the relevant regime. Equilibrium robustness exercises re-solve the full transi-

tion; ex-post carbon revaluations instead hold solved consumption and emissions paths fixed. Ap-

pendix C.8 is different: it introduces a fossil-use tax and re-solves the equilibrium. Unless noted

otherwise, policies operate during 2023–2032, the learning specification sets µQ = 0.99, and con-

sumption equivalents exclude climate damages.

C.1 Welfare Decomposition

Table C.1 decomposes the equal-budget welfare changes in Table 3, separating world-experience and

origin-specific learning. For each policy, I evaluate the marginal welfare components at intermediate

subsidy rates and integrate them as the subsidy rises from zero to the reported rate. The terms-of-trade

term values changes in export receipts and import costs using pre-subsidy origin costs, and the two

learning terms value the productivity effects of world and origin-specific experience. The finite-rate

counterpart of Fo
z is instrument specific. For deployment subsidies, the table reports the investment-

margin ITC wedge; for equipment subsidies, it reports purchaser-price relief net of marginal fiscal

outlay. These are additive accounting contributions, not a common measure of policy deadweight

loss. Carbon is excluded and reported separately in the main text.
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Table C.1: Welfare Decomposition in the Tariff-Free Benchmark

Policy Terms of trade World exp. Origin exp. ITC wedge Equip. incidence Other Total

Panel A: Global consumption welfare
U.S. deployment subsidy −0.08 7.46 1.91 −4.23 — 0.70 5.75
U.S. equipment subsidy 0.09 7.71 1.48 — −10.94 0.56 −1.10
China deployment subsidy −0.07 8.16 2.18 −0.93 — 0.67 10.01
China equipment subsidy −0.13 13.23 3.29 — −0.45 0.89 16.82

Panel B: Policy-country consumption welfare
U.S. deployment subsidy −2.01 2.86 3.39 −15.33 — 1.43 −9.65
U.S. equipment subsidy 9.85 2.94 7.50 — −45.19 1.01 −23.89
China deployment subsidy 22.62 20.92 8.14 −5.36 — 2.57 48.89
China equipment subsidy 30.78 33.54 13.53 — −42.05 2.60 38.40

Notes: Entries are in 10−4 percentage points of consumption-equivalent welfare. Rates are 12.86 percent for U.S. deployment,
30 percent for U.S. equipment, 3.12 percent for China deployment, and 4.70 percent for China equipment. Channels are 12-point
Gauss–Legendre path integrals. “Terms of trade” use pre-subsidy origin costs. For equipment subsidies, “Equip. incidence” reports
purchaser-price relief from the statutory (1− sM) wedge, including relief received abroad, net of marginal fiscal outlay. The ITC-
wedge and equipment-incidence columns are not a common measure of efficiency cost. “Other” is the signed unallocated residual.
Its largest absolute value is 6.1 percent of the sum of absolute channel contributions; quadrature error is below 10−11. Climate
damages are excluded.

Learning is positive in every row. For U.S. deployment support, the world-experience component

accounts for about four-fifths of the total learning contribution, and the positive learning contribution

is larger in absolute value than the negative ITC-wedge contribution. The two U.S. policies gen-

erate nearly identical world-experience contributions at the displayed precision, but the difference

is smaller than either row’s unallocated residual. Chinese equipment support produces a world-

experience contribution about 60 percent larger than Chinese deployment support. Terms-of-trade

incidence is close to zero globally but substantial in the policy-country rows. The table documents

the role of learning and national incidence, but it does not compare the efficiency cost of the two

instruments.

Destination allocation of buyer-price benefits. The equipment-policy term contains a direct buyer-

price benefit. Let a ∈ [0, 1] scale the reported equipment-subsidy path at origin i, so that sM,r
i,t (a) =

asM,r
i,t (1) and all other equipment-subsidy rates remain zero. The discounted benefit delivered to

destination n is

Pbuy
n←i ≡ −

∫ 1

0

T

∑
t=1

βt−1 ∑
r∈R

VMr

ni,t (a)
∂ log

[
1− sM,r

i,t (a)
]

∂a
da. (C.1)

Here VMr

ni,t (a) is tariff-exclusive bilateral equipment expenditure at the intermediate equilibrium. Its

variation with a incorporates endogenous sourcing and quantities; changes in origin costs and pro-

ductivity remain in the terms-of-trade and learning channels. Define Pdom
i ≡ Pbuy

i←i and P for
i ≡

∑n 6=i P
buy
n←i.
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Table C.2: Destination Allocation of Equipment-Subsidy Buyer-Price Benefits

Fiscal PV
($bn) Buyer-price benefit (PV $bn) Foreign incidence

Policy Total Policy country Foreign Share (%) Cents/$

U.S. equipment subsidy 48.350 25.394 22.137 3.258 12.83 6.74
China equipment subsidy 48.348 45.810 31.373 14.437 31.51 29.86

Notes: Dollar entries are present values in 2022 dollars, discounted at β = 0.96. Equation (C.1) is integrated over the same 12-point
policy path as Table C.1. “Foreign share” divides foreign by total buyer-price benefit; “cents/$” divides foreign benefit by fiscal
outlay. These are direct effects of the policy wedge, not welfare effects or estimated pass-through. The difference between fiscal
outlay and measured buyer benefit is not decomposed here.

Table C.3: Equipment-Learning Robustness with Observed Tariffs

Lower learning
Observed-tariff

benchmark Upper learning

Panel A: Fiscal-matched policy rate (percent)
U.S. deployment subsidy 14.66 14.58 14.55
U.S. equipment subsidy 30.46 30.00 29.39
China deployment subsidy 4.71 4.68 4.69
China equipment subsidy 6.81 6.75 6.72

Panel B: Global consumption CEV (percent)
U.S. deployment subsidy 0.0004 0.0008 0.0019
U.S. equipment subsidy −0.0004 0.0002 0.0015
China deployment subsidy 0.0008 0.0013 0.0027
China equipment subsidy 0.0015 0.0023 0.0045

Panel C: Policy-country consumption CEV (percent)
U.S. deployment subsidy −0.0012 −0.0008 −0.0001
U.S. equipment subsidy −0.0043 −0.0035 −0.0021
China deployment subsidy 0.0062 0.0086 0.0136
China equipment subsidy 0.0026 0.0064 0.0150

Notes: Observed 2022 equipment tariffs are retained. The three columns use solar pairs (νS
tot, bS) of (2.04, .221), (2.50, .308),

and (3.52, .408) and wind pairs (νW
tot, λW

L ) of (.50, .25), (1, .50), and (1.20, .75). Rates are fiscal-matched; climate damages are
excluded.

C.2 Learning Robustness and Technology-Specific Returns

Table C.3 recomputes the four observed-tariff equal-budget policies under joint lower and upper

learning-parameter scenarios. Within each scenario, the policy rate is solved again to attain the

same fiscal present value rather than held fixed. Chinese equipment support has the largest world

effect throughout, while U.S. equipment support is close to zero and becomes negative under lower

learning. Both U.S. policies reduce U.S. consumption welfare throughout the range; in the upper-

learning scenario, China’s domestic ranking switches from deployment to equipment support.

Separate observed-tariff counterfactuals for U.S. deployment support, U.S. equipment support,

and Chinese equipment support shut down individual learning mechanisms while holding the param-

eters fixed. Shutting down learning makes the global effect negative for these three policies. Re-
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Table C.4: Marginal Global Welfare per Fiscal Dollar: Solar and Wind

Policy Solar Wind Solar/wind

U.S. deployment subsidy 2.783 1.859 1.50
U.S. equipment subsidy 3.513 1.763 1.99
China deployment subsidy 2.664 1.830 1.46
China equipment subsidy 4.711 2.385 1.97

Notes: The solar and wind columns are in 10−5 percentage points of global consumption-equivalent welfare per billion 2022
dollars of fiscal cost, obtained from Richardson-extrapolated small policy changes in the tariff-free benchmark. The underlying
calculations use 1 and 2 percent rate changes and show no detectable curvature at this scale. Each row varies one technology-
specific instrument while all other green policies remain zero. These are marginal returns, not finite-policy welfare effects.

taining only origin-specific learning leaves only Chinese equipment support slightly positive. These

counterfactuals provide a finite observed-tariff counterpart to the learning-scope distinction in Corol-

lary 2: when common experience is removed, the calibrated value of production location is sufficient

to preserve a small gain only for Chinese equipment support among these three policies.

Table C.4 compares the technologies in marginal fiscal experiments. Because it divides an in-

finitesimal welfare change by its fiscal cost, it is the closest numerical counterpart to the return RG
z

in equation (19). For all four combinations of country and instrument, the global return per fiscal

dollar is higher for solar than for wind. The ratio is about 1.5 for deployment subsidies and about 2

for equipment subsidies. Because solar and wind differ in learning, trade, initial production, deploy-

ment, and energy productivity, this comparison summarizes the full calibration rather than isolating

any one parameter. It also concerns marginal policy changes and need not reproduce the ranking of

finite equal-budget policies.

C.3 Structural Sensitivity

Table C.5 varies the outer energy elasticity and the two distinct fossil elasticities. Greater substitution

between renewable and fossil energy amplifies both policies without changing their ranking. The

fossil trade elasticity has little effect on global welfare. The fossil supply elasticity is more important

because it directly governs the fossil-price response: at εF = 2, the already small effect of the U.S.

deployment subsidy becomes slightly negative, whereas the effect of Chinese equipment support

remains positive throughout the evaluated range.

The small U.S. aggregate effects are parameter-sensitive. In policy-country results not displayed

in Table C.5, U.S. consumption falls by 0.0002 percent at ψ = 2 and by 0.0001 percent at ψ = 3,

but rises by 0.0002 percent at ψ = 4. Changes in εF likewise reverse both the U.S. and world

signs for that experiment. I therefore interpret U.S. deployment support as approximately neutral in

consumption terms and emphasize its cross-country incidence. By contrast, the world and Chinese

effects of Chinese equipment support remain positive over the evaluated ψ and εF ranges.
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Table C.5: Structural Sensitivity with Observed Tariffs

Parameter setting U.S. deployment subsidy China equipment subsidy

Panel A: Renewable–fossil elasticity
ψ = 2 0.0003 0.0016
ψ = 3 0.0007 0.0035
ψ = 4 0.0012 0.0060

Panel B: Fossil supply elasticity
εF = 0.5 0.0013 0.0057
εF = 1 0.0007 0.0035
εF = 2 −0.0001 0.0011

Panel C: Fossil trade elasticity
θF = 3.16 0.0007 0.0035
θF = 8 0.0006 0.0035
θF = 15 0.0006 0.0035

Notes: Entries are world log CEVs for a 10 percent policy with observed 2022 equipment tariffs retained; one parameter block varies
at a time.

Table C.6: Policy Duration and PTC Mapping with Observed Tariffs

Experiment Policy horizon World log CEV
Fiscal present

value Discounted emissions
(percent) ($bn) (MtCO2)

Panel A: Duration of a U.S. investment credit, µQ = 1
ITC 5 years 0.0004 17.3 −160
ITC 10 years 0.0006 30.7 −262
ITC 20 years 0.0008 49.2 −379
ITC Permanent 0.0009 77.8 −501

Panel B: ITC and PTC comparison, µQ = 0.99
ITC 10 years 0.0007 30.8 −264
Per-technology PTC 10 years 0.0003 31.7 −83
ITC Permanent 0.0009 77.4 −503
Per-technology PTC Permanent 0.0009 140.1 −623

Notes: Observed 2022 equipment tariffs are retained. Panel A uses µQ = 1; Panel B uses µQ = .99. PTC rates use the capitalized
marginal return, q = Pproj/Φ. Inframarginal PTC payments make its fiscal cost differ from the ITC.

C.4 Policy Duration and the PTC Mapping

Panel A of Table C.6 compares policy durations under the cumulative-experience case µQ = 1;

relative to the benchmark, it is therefore a joint duration-and-retention exercise rather than a duration-

only sensitivity. Panel B returns to the benchmark retention rate µQ = .99 to compare ITC and PTC

incentives. As the window expands from five years to a permanent policy in Panel A, the global

CEV rises from 0.0004 to 0.0009 percent, while the present-value fiscal bill rises from $17.3 billion

to $77.8 billion. Welfare therefore rises much less than the fiscal bill over the same experiments.

Appendix C.9 shows that the material policy effects are insensitive to the change in retention.
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For permanent policies, the appropriately capitalized PTC and ITC generate nearly identical

global-welfare effects, although the PTC’s fiscal bill is substantially larger. The equivalence breaks

for a ten-year calendar window. The finite-window PTC produces less than half the effect of the ITC

with a similar fiscal present value because installations completed late in the window receive few

subsidized operating years and existing capacity receives inframarginal payments. The PTC and ITC

are therefore not interchangeable temporary policies.

C.5 Unilateral Policy-Rate Profiles

Table C.7 reports selected points from the tariff-free unilateral grids behind Section 6.3. U.S. welfare

peaks at about 3 percent for deployment support and about 9 percent for equipment support. Chinese

welfare peaks near 16 percent for both instruments, with the peak bracketed by rates of 14 and 18.5

percent. Global welfare under Chinese deployment support turns down after 18.5 percent, whereas

global welfare under Chinese equipment support continues to rise through the highest evaluated rate

of 26 percent. These are one-instrument profiles with all other green policies set to zero.

C.6 Source Restrictions and Tariff Alternatives

The main source-restriction exercise permanently removes U.S. access to solar equipment produced

in China and Southeast Asia. It is a broad decoupling experiment rather than a literal representation

of a particular trade rule: the country aggregation does not identify ownership, component content,

or transshipment. The restriction creates no tariff revenue or quota rent, and learning follows the

production that remains after sourcing adjusts.

Table C.8 compares the main restriction with five alternatives: a China-only restriction, a 2023–

2032 restriction, a finite tariff under two revenue allocations, and the China–Southeast Asia restric-

tion with the 2022 tariffs removed. In each regime, policy rates are solved again to attain the com-

mon fiscal target. The China-only restriction has little effect because direct observed-tariff U.S. solar

sourcing from China is small; most of the main restriction’s cost comes from excluding Southeast

Asia. The temporary restriction preserves the signs and has smaller effects than the permanent case.

The form of the restriction affects incidence. A finite tariff produces smaller losses than a pro-

hibitive barrier when the United States retains the revenue. Reassigning that revenue to exporters

leaves the real allocation and global consumption welfare unchanged but shifts the country effects.

Within the China–Southeast Asia restriction, removing pre-existing tariffs does not change the signs

of the incremental policy effects. Adding energy use in production leaves the tariff-free restriction’s

global-welfare loss essentially unchanged: the permanent restriction lowers global consumption wel-

fare by 0.0028 percent, within 0.00001 percentage points of the estimate when production energy use

is omitted.

Across the policy variants, the global welfare gain from deployment support exceeds that from
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Table C.7: Tariff-Free National and Global Welfare across Policy Rates

Policy Rate (percent) CEV (10−4 percentage points)
Global National

U.S. deployment subsidy 0.50 0.2985 0.1548
1.00 0.5932 0.2783
1.50 0.8839 0.3692
2.00 1.1702 0.4263
2.75 1.5912 0.4458
3.50 2.0012 0.3818
6.00 3.2757 −0.4967

10.00 4.9400 −4.4417
13.00 5.7826 −9.9651

U.S. equipment subsidy 2.0 0.1574 0.4534
5.0 0.3740 0.9503
7.0 0.5010 1.1235
9.0 0.6099 1.1354

11.5 0.7140 0.8669
14.0 0.7729 0.2003
19.0 0.7016 −2.7996
25.0 0.1009 −10.9483

China deployment subsidy 5.0 15.6122 75.3277
8.0 23.6323 111.2676

12.0 32.0566 144.1142
14.0 35.0169 152.3774
16.0 36.9461 154.0107
18.5 37.6435 145.1383
21.0 36.0737 121.9610
26.0 24.2628 21.5211

China equipment subsidy 6.0 21.5054 47.4648
9.0 32.2811 65.0878

12.0 42.9254 77.1716
14.0 49.8762 81.4579
16.0 56.6488 82.1505
18.5 64.7660 77.0708
21.0 72.3558 64.1333
26.0 85.1917 8.0451

Notes: Each row varies one policy in isolation in the tariff-free benchmark. Consumption equivalents exclude climate damages. The
reported points bracket all four national peaks. The Chinese equipment-subsidy grid does not bracket a global-welfare peak, so no
global optimum is reported for that instrument.

equipment support, and the U.S. consumption loss is smaller under deployment, although the global

gap narrows under broad restrictions. China gains from both policies in every reported regime.
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Table C.8: Source-Restriction Robustness Variants

Trade regime U.S. policy Rate World log CEV U.S. CEV China CEV Discounted CO2
(percent) (percent) (MtCO2)

Panel A: Total effect relative to the factual no-policy transition
China and Southeast Asia excluded (reference) None — −0.0022 −0.0065 −0.0004 140
China excluded only None — ≈ 0 −0.0001 ≈ 0 0
Windowed 2023–2032, reopens after None — −0.0009 −0.0025 −0.0005 74
Finite 50% tariff, revenue to U.S. None — −0.0012 −0.0025 −0.0012 125
Finite 50% tariff, rent to exporters None — −0.0012 −0.0054 −0.0007 125
China/SEA restriction, 2022 tariffs removed None — −0.0028 −0.0071 −0.0025 264

Panel B: Policy effect relative to no policy under the same trade regime
China excluded only Deployment subsidy 14.58 0.0009 −0.0008 0.0052 −419
China excluded only Equipment subsidy 29.99 0.0002 −0.0034 0.0060 −408
Windowed 2023–2032 Deployment subsidy 15.40 0.0008 −0.0012 0.0056 −428
Windowed 2023–2032 Equipment subsidy 28.54 0.0007 −0.0024 0.0067 −451
Finite 50% tariff Deployment subsidy 14.99 0.0008 −0.0007 0.0052 −417
Finite 50% tariff Equipment subsidy 28.86 0.0005 −0.0032 0.0070 −455
China/SEA restriction, 2022 tariffs removed Deployment subsidy 14.96 0.0008 −0.0013 0.0054 −409
China/SEA restriction, 2022 tariffs removed Equipment subsidy 28.96 0.0007 −0.0019 0.0056 −413

Notes: Panel A compares each restriction with the factual transition. Panel B compares policy with no policy within each regime;
rates are solved to attain the same fiscal target in each trade regime. The windowed case reopens after 2032; negative emissions
entries denote reductions.

Table C.9: Local Pigouvian Equipment Rates on the Observed-Tariff Path

Origin Technology 2023 rate Output-weighted 2023–2032 rate
µQ = .99 µQ = .99 µQ = 1

United States Solar 43.0 38.2 38.3
China Solar 43.9 39.0 39.2
United States Wind 15.2 13.7 13.4
China Wind 18.2 16.1 15.9

Notes: Entries are ad valorem percentages; window averages use origin output weights. Rates value future learning on the
observed-tariff no-policy path through 2100. They are not a solved planner allocation and exclude the carbon tax.

C.7 A Local Pigouvian Benchmark

Lemma 1 characterizes the equipment subsidy that prices the learning externality along a planner

allocation. For a scale comparison, I instead evaluate that marginal benefit on the no-policy reference

path. I use the expenditure-normalized social discount factor

mW
t,u = βu−t EW

t
EW

u
, EW

t = ∑
n

PC
n,tCn,t,

apply the world and origin-specific experience weights in equation (12), and divide the resulting

per-unit learning benefit by the origin unit cost. Table C.9 reports both the first-period rate and the

origin-output-weighted average over the policy window.

The benchmark puts the policy experiments in perspective. A common 30 percent equipment rate

is below the local solar-learning wedge but above the wind wedge, so it cannot be read as a uniform

approximation to the first best. The similarity across the two experience-retention assumptions also

28



Table C.10: Carbon Taxes in Equilibrium at the Flat $210 Valuation

Experiment
Noncarbon

world CEV (%)
U.S. consumption

CEV (%)
Carbon benefit

(% / $bn)
World total

(%)
Emissions
(GtCO2)

Foreign
offset (%)

World tax, $210/t −2.60 — +6.69 / 121,026 +4.09 −576.3 —
+ local-Pigouvian

learning
−2.79 — +6.99 / 126,478 +4.20 −602.3 —

+ IRA-scale
package

−2.66 — +6.75 / 122,170 +4.09 −581.8 —

U.S. tax, $50/t −0.04 −0.147 +0.18 / 3,187 +0.14 −15.2 47.0
U.S. tax, $100/t −0.12 −0.476 +0.30 / 5,441 +0.18 −25.9 47.4
U.S. tax, $150/t −0.22 −0.872 +0.39 / 7,068 +0.17 −33.7 47.7
U.S. tax, $210/t −0.35 −1.354 +0.47 / 8,479 +0.12 −40.4 47.8

Notes: Changes are relative to the no-policy transition over 2023–2100 with observed tariffs. Carbon benefits value discounted world
emissions at $210 per ton; world total adds this benefit to noncarbon world CEV. U.S. CEV excludes climate damages. Foreign offset
is the discounted foreign emissions increase divided by the U.S. reduction. Tax revenue is rebated lump-sum in the taxing region.

shows that the comparison is not driven by the small annual depreciation of knowledge.

C.8 Carbon Pricing in Equilibrium

This appendix reports the carbon-tax counterfactuals referenced in the main text. A specific fossil-use

tax tF
n,t = ϵn SCC per unit of real fossil absorption enters the equilibrium: fossil demand responds to

the user price PF
n + tF

n at every use margin, the consumer price index and the producers’ energy-input

prices are built from the same user price, the fossil producer continues to receive PF
n , and the revenue

is rebated lump-sum to region n’s household. Because observed tariffs are retained and the subsidy

schedule is not re-optimized against this objective, the rows are constrained benchmarks rather than

a first best; the learning row applies an origin- and technology-specific equipment-subsidy schedule

derived from Lemma 1 and iterated to a fixed point on the taxed path.

The unilateral rows show why the $210 rate is a global-damage benchmark rather than an optimal

U.S. tax: among the four evaluated rates, carbon-inclusive world welfare peaks near $100 (0.18

percent) and falls to 0.12 percent at $210 because the noncarbon cost grows faster than the abatement

benefit. At $210, U.S. discounted emissions fall by 77.4 GtCO2 while rest-of-world emissions rise by

37.0 GtCO2—a discounted foreign-emissions offset of 47.8 percent over 2023–2100—as the world

fossil producer price falls by about 6.2 percent. The offset remains between 47 and 48 percent

throughout the evaluated range; it reflects large, non-marginal shocks and is sensitive to the calibrated

fossil-supply elasticity. The $210 tax raises about $9.0 trillion in present-value revenue for the U.S.

household. Like deployment support, the unilateral tax also raises clean-equipment demand, but

Table C.10 does not separately decompose the resulting production response. The tax abates far

more than the subsidy experiments, although the instruments are not directly comparable: the tax

applies through 2100 whereas the subsidy windows close in 2032.
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Table C.11: Observed-Tariff Robustness to the Explicit Transition Horizon

Policy T = 78 T = 148 Difference
(10−4 percentage points)

U.S. deployment subsidy 7.43 7.28 −0.15
U.S. equipment subsidy −0.19 −0.37 −0.18
China deployment subsidy 12.49 12.32 −0.17
China equipment subsidy 21.83 21.58 −0.26

Notes: Entries are in 10−4 percentage points and use the observed-tariff specification. They report world consumption CEVs
over 2023–2100, excluding carbon and the stationary tail. Both horizons use the same policy rates. The exercise tests the
common transition window, not convergence of every terminal state.

C.9 Learning Stock, Horizon, and Accounting Revaluations

In the observed-tariff specification, using µQ = 1 instead of 0.99 changes the material policy effects

by less than 5 percent and leaves their rankings unchanged; policy effects that are already close to

zero move more in relative terms while remaining close to zero. Table C.11 extends the explicit

transition from T = 78 to T = 148 and evaluates both paths over 2023–2100 without the stationary

welfare tail. The three material effects change by 1.2–2.1 percent and retain their ranking; U.S.

equipment support remains close to zero.

Evaluating each solution through its own terminal date and stationary tail also preserves the

ranking. The already small U.S. equipment effect declines substantially with the longer horizon, so

the paper does not assign it a precise sign.

In the subsidy exercises, the carbon price does not enter the equilibrium allocation: the flat

$210 per ton SC–CO2 benchmark revalues the physical emissions deviations after the equilibrium

has been solved, an accounting exercise rather than an equilibrium robustness check. By contrast,

Appendix C.8 introduces a fossil-use tax and re-solves the equilibrium.

Appendix D Exact Hat Algebra in the Trade Block and Computational
Implementation

D.1 Within-period trade block

The Fréchet productivity distributions, the equipment unit-cost function, the delivered cost κ
j
ni(1 +

τ
j
ni,t)(1 − sj

i,t)c
j
i,t, and the level Eaton–Kortum price index and bilateral shares are those of Sec-

tion 3.2, equation (2). This subsection records the remaining unit costs and rewrites the gravity block
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in exact changes. The non-energy unit cost and fossil supply curve are

cO
i,t = BO

i

[
w1−γK

i,t (rD
i,t)

γK
]γV

i
(PE

i,t)
ζE,O

i (PO
i,t)

1−γV
i −ζE,O

i , (D.1)

cF
i,t = pF

i,t, F̂s
i,t =

(
p̂F

i,t

ŵi,t

)εF

. (D.2)

Here γV
i is the non-energy value-added share, γK is capital’s share within value added, ζE,O

i is the

non-energy sector’s energy-input share, and 1− γV
i − ζE,O

i is its own-composite intermediate share.

The variable rD is the rental on non-energy capital, and the fossil origin price clears the reduced-form

supply curve. The share ηF of fossil revenue is paid to labor and 1− ηF is resource rent.

The reference and policy transitions are solved relative to the 2022 historical boundary. Follow-

ing Dekle et al. (2007), I use exact hat algebra only within the within-period gravity block. Let bars

denote the 2022 reference equilibrium and define

Âj
i,t =

Aj
i,t

Āj
i

, d̂j
ni,t =

1 + τ
j
ni,t

1 + τ̄
j
ni

1− sj
i,t

1− s̄j
i

cj
i,t

c̄j
i

.

The level gravity equations (2) imply
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. (D.3)

Equation (D.3) uses the observed 2022 bilateral expenditure shares directly, so the baseline Fréchet

locations and iceberg costs need not be recovered separately. Baseline tariffs are embedded in both

the observed shares and the denominator of the tariff change; counterfactual tariff rates enter through

their gross-rate ratio. For non-equipment sectors, productivity is fixed unless an exogenous path is

specified. For equipment, equation (12) determines the change in the Fréchet location parameter,

while ar
i,t = (AMr

i,t )
1/θr

is the corresponding unit-productivity shifter used in equation (5). In the

implementation, the stored equipment cost is c̃M,r = cMr
/ar, tariff-exclusive receipts are Rnet =

∑n Vni, gross factor receipts are Rgross = Rnet/(1− sM), and real output is yM,r = Rgross/c̃M,r.

Capital and experience are not solved in hats. They evolve in 2022-normalized levels according

to equations (10) and (11). Observed 2022 capital and equipment production form the historical

boundary, and 2023 is the first choice year governed by the Euler equations; no Euler condition is

imposed on observed 2022 investment.
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D.2 Resource and Policy Accounting

Border-value bilateral sales and tariff revenue are

V j
ni,t =

π
j
ni,tX

j
n,t

1 + τ
j
ni,t

, TRn,t = ∑
j∈J T

∑
i

τ
j
ni,t

1 + τ
j
ni,t

π
j
ni,tX

j
n,t.

Together with origin revenue in equation (3), cost minimization allocates factor income as

rD
n,tK

D
n,t = γKγV

n YO
n,t, ΠF

n,t = (1− ηF)YF
n,t,

wn,tLn = ∑
r

ζL,r
n YMr

n,t + (1− γK)γ
V
n YO

n,t + ηFYF
n,t.

Under the implemented constant-returns technology, renewable operating surplus equals the rental

on installed capacity:

Πr
n,t = PG,r,p

n,t Gr
n,t −mr

nPO
n,tK

r
n,t = rr

n,tK
r
n,t.

The national fund’s dividend is therefore

Divn,t = rD
n,tK

D
n,t + ∑

r
Πr

n,t + ΠF
n,t + TRn,t

− PO
n,t ID

n,t −∑
r
(1− sI,r

n,t)C
proj,r
n,t Ir

n,t.

The remaining traded and local absorption terms are

XF
n,t = PF

n,tF
d
n,t,

XO
n,t = PO

n,t(C
O
n,t + ID

n,t) + ∑
r

[
(1−ωr)Cproj,r

n,t Ir
n,t + mr

nPO
n,tK

r
n,t

]
+ ∑

r
(1− ζL,r

n − ζE,r
n )YMr

n,t + (1− γV
n − ζE,O

n )YO
n,t,

XE
n,t = PE

n,tEn,t = PE
n,tC

E
n,t + ζE,O

n YO
n,t + ∑

r
ζE,r

n YMr

n,t . (D.4)

Together with equation (4), these terms exhaust final, intermediate, operating, and investment de-

mand. Energy-market clearing requires

PF
n,tF

d
n,t = γF

n,tX
E
n,t, ∑

r
PG,r,u

n,t Gr
n,t = (1− γF

n,t)XE
n,t, (D.5)

with renewable spending split by the inner CES. Non-energy capital and the fossil resource clear

domestically.

The investment credit changes who pays for renewable investment, not its gross resource cost:

the fund payment plus ΛI,r equals Cproj,r Ir. For equipment support, purchaser spending net of desti-
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nation tariffs plus ΛM,r equals the origin factor payment in equation (3). Dividing that payment by

the productivity-adjusted unit cost gives equation (5); the subsidy top-up is not counted twice. In the

PTC branch,

PG,r,p
n,t = (1 + τD,r

n,t )PG,r,u
n,t , ΛPTC,r

n,t = τD,r
n,t PG,r,u

n,t Gr
n,t. (D.6)

Here τD,r
n,t is the ad valorem generation-credit rate. Energy demand uses the user price, renewable

surplus and rentals use the producer price, and the investment Euler uses the unsubsidized acquisi-

tion price because sI,r = 0. Contemporaneous lump-sum taxes finance policy spending, and these

accounts exhaust resource use.

Fixed transfers Tn,t = nxn ∑m wm,tLm reproduce observed external imbalances without creating

an asset position. Border-value external balance requires

∑
j∈J T

∑
i

π
j
ni,tX

j
n,t

1 + τ
j
ni,t

− ∑
j∈J T

∑
m

π
j
mn,tX

j
m,t

1 + τ
j
mn,t

= Tn,t.

Transfers consume no resources and carry no Euler equation. Fossil extraction is a within-period

fixed-resource margin, and the model has no bond or net-foreign-asset state.

D.3 Post-2100 Values and Numerical Solution

The household discount factor and the installed-renewable-capital value used in the private Euler

equation are

Mn,t+1 = β
PC

n,tCn,t

PC
n,t+1Cn,t+1

, qr
n,t =

P̃inv,r
n,t

Φr
I,n,t

,

Φr
I,n,t = αχr

n

(
Ir
n,t

Kr
n,t

)α−1

, Φr
K,n,t = (1− α)χr

n

(
Ir
n,t

Kr
n,t

)α

, r ∈ R.

The economic model has an infinite horizon. The computation solves an explicit transition through a

distant terminal year, after which policy rates are zero. The last renewable Euler row uses a stationary

private-return approximation,

qr
n,T

[
1− βΓq,r

n,T
(
1− δr + Φr

K,n,T
)]

= βrr
n,T.

Here Γq,r
n,T ≡ qr

n,T+1/qr
n,T is the assumed post-2100 growth factor for installed-capital value. The

benchmark sets Γq,r
n,T = 1. When experience is fully cumulative and learning remains active, the

alternative specification lets Γq,r
n,T reflect the sourcing-weighted decline in future equipment prices

implied by experience growth at the end of the explicit horizon. The non-energy Euler row uses the
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same stationary closure,

qD
n,T

[
1− β Γq,D

n,T

(
1− δD + ΦD

K,n,T

)]
= βrD

n,T,

with Γq,D
n,T ≡ qD

n,T+1/qD
n,T = 1 in the benchmark.

Household welfare uses the stationary last-consumption-gap tail in equation (A.14); the carbon

account ends in 2100 and carries no stationary tail. The envelope proof of Appendix A.1 uses the in-

finite horizon, whereas the finite implementation has three distinct boundary approximations: the ter-

minal private-capital return, the post-2100 evolution of learning, and the stationary last-consumption-

gap tail. They need not be derivatives of a single post-2100 value function. Denote their combined

directional error by

Rbdry
n,T = RK

n,T +RQ
n,T +RC

n,T.

With endogenous non-energy capital, RK
n,T includes its terminal approximation in addition to the

solar and wind terms. It also contains the truncated telescoping term −µn,T q̄D
n,TK̇D

n,T+1, which the

infinite-horizon transversality condition would remove but the finite implementation retains. An

exact derivative of the post-2100 value function would make all three terms zero. Because stock size

alone does not determine the weighted boundary error, the calculations do not assign this residual to

a particular capital block; the exercises in Appendix C.9 assess the combined quantitative importance

of these boundary approximations.

I verify the goods, factor, fiscal, external-balance, capital, learning, and investment-Euler condi-

tions for every reported solution. A tariff-free, balanced-trade benchmark without learning or carbon

also reproduces the envelope cancellations derived above. The observed-tariff baseline contains pol-

icy wedges and is not treated as first best.

D.4 Solution Algorithm

Given a policy path, I solve for country–year sequences of the logarithms of wages, all three invest-

ment flows, and fossil prices from 2023 through 2100. One wage is omitted in each year under the

world-labor-income numeraire, so with fifteen regions and a 78-year horizon the stacked unknown

vector has (5× 15− 1)× 78 = 5,772 entries. For any candidate vector, the model is evaluated for-

ward from the inherited 2022 capital and experience stocks. In each year, a within-period fixed point

solves the static block at the candidate wages and fossil prices: the unit-cost system of this appendix,

including equation (D.1) and the feedback of the energy composite price into non-energy and equip-

ment costs; the exact-change price indices and bilateral shares in equation (D.3); equipment demand

and origin revenue in equations (4) and (3); the energy mix and dual prices in equation (A.12) with

the clearing condition (D.5); the absorption identities in equation (D.4); and the household budget in

equation (9). The candidate investment sequences update installed capacity through equation (10),
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and equilibrium real equipment output from equation (5) updates the experience stocks and next

year’s equipment productivity through equations (11) and (12). Because the trade block is written

in exact changes around observed 2022 shares, this evaluation never requires the levels of bilateral

trade costs or fundamental productivity.

The outer residual system is square. For every year it stacks three blocks: labor-market clearing

in all but the numeraire country, using the factor-income allocation of this appendix; the investment

Euler equations in every country, comprising the solar and wind conditions (13) and the non-energy

condition (14), whose final rows use the terminal conditions described above; and fossil-market

clearing at each origin, equating the fossil demand implied by equation (D.5) to the supply curve

in equation (D.2). The Euler residuals make current investment consistent with the entire future se-

quence of rents, installation costs, and capital values. The omitted labor-market condition is retained

as an independent Walras check.

Following the sequence-space approach of Auclert et al. (2021), I solve this stacked system with

a damped Newton method, reusing the Jacobian of the residual vector across policy counterfactuals

and introducing large policy changes gradually. Reported solutions satisfy a maximum normalized

equilibrium residual of 10−10 and are separately checked against the household budget (9), the goods-

market and absorption identities of this appendix, the fiscal accounts, the capital and experience

laws (10) and (11), and the omitted Walras condition.
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