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Abstract

We study optimal climate policy when the low-carbon transition is constrained
by frictions in scaling clean energy and retiring fossil assets. We develop a stochastic,
quantitative, intertemporal general-equilibrium model with heterogeneous dirty capital
disciplined using firm-level data and adjustment costs disciplined using evidence on
historical energy-system expansions and phase-outs. The data reveal an important
‘dirty tail’ of highly emissions-intensive assets that can be retired early at low cost.
This means that, despite transition frictions, optimal policy entails rapid near-term
decarbonisation, with emissions halving in the first ten years. The transition is not
primarily constrained by the cost of stranding dirty capital, but by the rate at which
clean capital can be expanded. Our results highlight the importance of modelling
heterogeneity in emissions intensity and support policies targeting high-emissions assets

and easing clean investment constraints.
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1 Introduction

Reducing greenhouse gas emissions is becoming more and more urgent. The 2015 Paris
Agreement on climate change aimed to hold the increase in global average temperature to
well below 2 °C above pre-industrial levels, while pursuing efforts to limit warming to 1.5°C.
These were ambitious goals from the outset. Yet, since the Agreement was signed, global
emissions have continued to rise. As a result, any pathway that aims to meet these goals
now necessarily involves steep emissions reductions starting now.

While the Paris goals are the outcome of a political process, economic research increas-
ingly reinforces the case for rapid mitigation. Recent estimates of the social cost of carbon
(SCC) — the marginal damage caused by an additional tonne of COy — are much higher than
most earlier modelling. For example, the U.S. Environmental Protection Agency has lever-
aged recent, fine-grained econometric work to put the SCC at US$243/tCO, (EPA] 2023)),
Moore et al.[(2024) have used an expert survey of SCC modellers to produce estimates in the
range $169-336/tCO,, and Bilal and Kanzig| (2026)) estimate an SCC exceeding $1,200/tCO4
based on an econometric approach exploiting global rather than local temperature shocks.[]
With such large marginal benefits, rapid near-term emissions reductions are desirable.

At the same time, concerns about the feasibility and cost of rapid decarbonisation remain.
Achieving large emissions reductions requires the rapid scaling of clean energy, as well as
the rapid phase-out of dirty energy (IEA| 2021)). In practice, both margins are subject
to frictions. Expanding clean energy is limited by manufacturing capacity, supply chains,
permitting and siting processes, etc. Similarly, early retirement of fossil assets entails not
only economic losses but also legal, institutional, and political costs (van der Ploeg and Rezail,
2020b). These transition frictions raise the concern that aggressive climate policy may impose
large adjustment costs, potentially altering the optimal timing and composition of emissions
reductions. The central economic question, therefore, is not whether emissions should be
reduced, but how rapidly the transition should proceed once the costs and constraints of
adjustment are taken into account.

Accordingly, the core contribution of this paper is to quantify optimal climate policy
when the low-carbon transition is constrained by frictions to capital reallocation and the
early retirement of fossil assets, within a fully intertemporal, general-equilibrium framework.
A central feature of our approach is the explicit modelling of heterogeneous dirty capital.
Emissions arise from the use of fossil assets that differ in emissions intensity, and we allow
the planner to retire these assets prematurely at a cost. We discipline the composition of

dirty capital using global firm- and plant-level data, constructing an empirically grounded

LAll values are inflated to 2024 prices.



mapping from asset values to emissions. This leads to the crucial insight that large emissions
reductions can be achieved through the early retirement of a relatively small subset of highly
emissions-intensive assets, which we call the ‘dirty tail’

We embed this representation of dirty capital in a model with convex adjustment costs
that penalise rapid changes in capital stocks. These costs capture frictions in scaling up
clean technologies and in managing large-scale asset retirement. The parameters governing
adjustment costs are disciplined using historical evidence on rapid energy-system expansions
and phase-outs. Coupled with limited short-run substitutability of dirty energy in produc-
tion, our approach avoids overstating the ease of transition and ensures that the speed of
decarbonisation is endogenously determined.

Because technical change and uncertainty are also important for the transition, we incor-
porate both. Clean technical change occurs exogenously, and endogenously through learning-
by-doing. We introduce uncertainty through a stochastic extension of the model with recur-
sive preferences, allowing us to study how risk affects optimal carbon pricing and the speed
of the transition. We incorporate multiple sources of uncertainty, including the business
cycle and climate variability. This results in a stochastic model with six states, including
four capital stocks, and three control variables, putting it with frontier stochastic Integrated
Assessment Models (IAMs). We solve it using state-of-the-art methods based on neural nets.

Our central result is that, even when empirically grounded transition frictions are taken
seriously, optimal climate policy entails rapid near-term decarbonisation. The key mecha-
nism is the dirty tail of very emissions-intensive assets, the early retirement of which achieves
large emissions reductions at low cost. As a result, the optimal transition begins with a sharp
initial decline in emissions, followed by a more gradual reconfiguration of the capital stock
as clean capital expands and remaining dirty capital is replaced. This highlights the impor-
tance of modelling heterogeneity in emissions intensity, which is central to understanding
the speed and structure of the transition.

A second key insight is that transition frictions operate asymmetrically across margins.
The transition is not primarily constrained by the cost of stranding dirty capital, but by
the rate at which clean capital can be expanded. While the planner does retire emissions-
intensive assets, the associated stranding costs are not strongly binding in equilibrium. In
contrast, clean investment operates against a tight adjustment constraint, making the ex-
pansion of clean capacity the central bottleneck for decarbonisation.

Extending the model to a stochastic setting reinforces these conclusions: optimal in-
vestment and emissions are comparatively insensitive to shocks, with uncertainty primarily
affecting temperature and the SCC. Early in the transition, emissions reductions are effec-

tively pinned down by the optimal retirement of the dirty tail, making the initial path largely



invariant to realised shocks. Later, emissions reductions are driven by clean-capital expan-
sion and substitution away from remaining dirty capital, but adjustment costs and the high
cost of substituting away from remaining dirty capital again make the path insensitive to
shocks. By contrast, temperature remains highly uncertain for similar emissions paths, and
with convex damages this generates substantial variation in marginal damages/the SCC.
These results highlight the potential importance of policies that directly target the dirty
tail, particularly in a second-best setting where it is infeasible to set a globally harmonised
carbon price. Examples include targeted finance to support the early retirement of high-
emissions assets in developing countries. They also highlight the importance of policies that
relax bottlenecks to clean capital investment, given the pace of the transition is governed by

constraints on clean capital expansion rather than the cost of stranding dirty assets.

Related literature

Our analysis is situated at the intersection of several strands of climate-economics literature
that differ in their modelling objectives, time horizons, and treatment of transition dynamics.

A foundation for much of the relevant literature is given by long-run IAMs designed to
study optimal climate policy over centuries, pioneered by William Nordhaus (e.g. |Nordhaus),
1991} Barrage and Nordhaus, 2024). These couple models of long-run economic growth with
simple climate models. Several strands of literature derive from this, including analytical
models that generate closed-form expressions — policy rules — for the optimal carbon tax
under simplifying assumptions (e.g. (Golosov et al, [2014; |Gerlagh and Liski, 2018; Traeger],
2023)), models with Directed Technical Change (DTC), in which the transition is driven by
endogenous innovation and technology choice (e.g. |Acemoglu et al., [2012)), and stochastic
[AMs that compute an adaptive optimal path under uncertainty (e.g. Lemoine and Traeger],
2014} |Cail, 2019; [Barnett et al., [2020). Taken together, these approaches are widely used
to inform discussions about optimal long-run temperatures, the urgency of emissions reduc-
tions, and the SCC. However, transition constraints are typically not the organising principle
of the analysis. Transition dynamics are instead simplified either by assuming frictionless
reallocation of production factors across uses or frictionless adjustment of an emissions con-
trol variable, rather than being the outcome of capital turnover (Hambel et al. 2024, is an
exception).

Distinct from long-run TAMs, short-run macroeconomic models have also been applied
to climate change in order to study the interaction between climate policy and macroeco-
nomic volatility (see Annicchiarico et al., 2022] for a literature review). Dynamic stochastic
general equilibrium (DSGE) models are the core tools used to study these interactions. Ap-

plications of these models to climate change are usually based on perturbations around a



steady state, often for individual economies or regions, and are not designed to characterise
long-run optimal climate policy or the SCC. Capital is often omitted. Thus, while recent con-
tributions move beyond local dynamics and allow for non-stationary transition paths (Sahuc
et al., [2024)), their primary focus remains on macroeconomic volatility and monetary policy
interactions driven by nominal and financial frictions, rather than on constrained capital
reallocation during the low-carbon transition.

Finally, a growing literature studies stranded assets directly. The notion of stranded cap-
ital assets originates from empirical studies calculating ‘committed emissions’ from existing
carbon-intensive infrastructure (e.g. Tong et al.,[2019)). Achieving stringent temperature tar-
gets is likely to trigger premature retirement and capital losses from dirty assets, especially
in the power sector (e.g. [Fofrich Navarro et al.,[2026]). Other contributions use more stylised
representations of dirty capital, analysing how capacity constraints, adjustment costs, and
policy design shape the sequencing of investment and capital utilisation (e.g. Baldwin et al.|
2020; Rozenberg et al., 2020)). We build on this literature by embedding capital accumulation
and premature retirement in a dynamic general-equilibrium framework with heterogeneous
dirty technologies, allowing the optimal transition path to be shaped by the selective re-
tirement of emissions-intensive assets, rather than by sector-specific constraints or aggregate

representations of capital.

The remainder of the paper is organised as follows. Section 2 presents the model. Sec-
tion 3 analyses how adjustment costs and asset stranding affect the optimal carbon price in
theory. Both deterministic and stochastic settings are discussed. Section 4 describes how
our quantitative model is calibrated, with a focus on heterogeneous dirty capital, and adjust-
ment costs. Sections 5 and 6 present quantitative results for the deterministic and stochastic

models, respectively. Section 7 provides a discussion.

2 The model

In this section, we present a continuous-time version of the model, which is more conve-
nient for deriving analytical solutions. We use a discrete-time version of the model for our

numerical simulations.

Production of final goods

A final good Y is used for consumption and investment. The production function is Cobb-

Douglas in labour and a composite of capital and energy. Capital and energy are combined



through a constant-elasticity-of-substitution (CES) aggregator:
Y (t) = [AG) L] [pr K () + opB ()] Q(t), (1)

where A is labour-augmenting productivity, L is labour, K is capital used in final-good
production and FE is energy. The parameter « is the share of the capital-energy composite
in production, while ¢ and g are CES share parameters satisfying ¢s + ¢g = 1. The
parameter ey = (0 — 1)/oy, where o denotes the elasticity of substitution between final-
good capital and energy. The multiplier 2 represents climate damages and is explained

below. We assume TFP grows exogenously at rate g and labour at rate gy.

Energy

Energy is produced using two types of capital: dirty and clean. Dirty energy represents fossil
fuels without carbon capture and storage (CCS). Clean energy comprises renewables (solar,
wind, hydro and modern biofuels), nuclear power, and fossil fuels with CCS. The two energy

types are also combined through a CES aggregator,
_ =0 ()]
E(t) = [pa(Ka(t) + ) + @K (t) W] 7, (2)

where Ky and K. denote dirty and clean capital, respectively. The parameters ¢, and ¢,
capture their shares and satisfy ¢q + ¢, = 17|

While a nested CES structure is a popular and natural way to represent substitution
between clean and dirty energy, an unshifted CES aggregator exhibits a drawback that we
wish to highlight: as the dirty-energy input approaches zero, its marginal product becomes
unbounded. This implies an unrealistic infinite marginal abatement cost at full decarboni-
sation. To avoid this behaviour, we include a small positive shifter £ on dirty capital.

The parameter €(t) = (o(t) — 1)/o(t), where o denotes the elasticity of substitution
between dirty and clean energy and is allowed to vary over time and with the state of
the energy system; its full specification, which captures both exogenous and endogenous
technical change, is introduced below. An increasing elasticity of substitution is in line with
research showing that the elasticity in the short run is lower than in the long run (e.g.

“In principle, energy production uses both capital and labour, and skills shortages may contribute to
transition frictions. However, the labour share of energy value added is empirically small (Barrage, [2020;
Fried, [2018). Introducing labour to clean- and dirty-energy production would also require solving a high-
dimensional labour-allocation problem at each instant in time. To preserve computational tractability while
[maintaining appropriate aggregate factor shares, we incorporate all labour inputs into aggregate labour in|
[final-good production. The calibration of final-good production then ensures that the total labour share in|
[value added is consistent with national accounts, while the CES aggregator for energy production correctly|
reflects the contribution of energy capital. |

I § |




et al., [2021; Hochmuth et al.,|2026). Our energy production function can be rewritten in the
tradition of DTC models as

B(t) = [(Aat) (Kalt) + ) + (A Eo(t) 0] (2)

where Ay and A, are the productivities of dirty and clean capital, respectively. Thus, our
specification corresponds to A.(t) = @/ A,(t) = oD and A(0)4© + A,(0)<© = 1,
As a result, technical change increases productivity with decreasing marginal effects and a

larger effect on clean than dirty capital

Investment adjustment costs

Investment in each capital stock is subject to convex adjustment costs. Let I; denote invest-
ment in capital type j € {f,¢,d}. Rapid expansion of capital is costly because it requires
reallocating resources and installing new capacity faster than the sector can efficiently absorb.

Accordingly, the effective addition to capital is reduced by an adjustment-cost term,

Li(t) = X%Z),

(3)

where x > 0 governs the magnitude of adjustment frictions. Adjustment costs depend on
investment intensity I;/K;, so expanding a small sector is more costly than expanding a
large one. This is important for the low-carbon transition, since clean-energy capital starts
from a much smaller base than dirty capital. We will assume Y is the same in all sectors, so

differences in adjustment costs depend only on the size of the sector.

Carbon intensity and stranding of dirty capital

Dirty energy capital is heterogeneous in its carbon intensity. For example, coal-fired gen-
erators emit far more per unit of capacity than combined-cycle gas turbines, and there is
substantial heterogeneity in emissions intensity within fossil-fuel technologies due to differ-
ences in design, operating efficiency, and maintenance.

Let (i) denote the emissions intensity of type i, with ¢/(i) < 0, thus dirty capital types
are ordered from highest to lowest emissions intensity. Let K,4(i) denote the quantity of
dirty capital of type i, and define Kq(i) = fi Kq(u)du as the cumulative quantity of dirty
capital embodied in types no cleaner than i. We specify a stranding function, according to

which emissions intensity declines exponentially with the cumulative quantity of dirty capital

3At equal use of clean and dirty capital (K4 = K.), technical change does not affect energy unless we set
Ye+ pa < 1.



embodied in successively cleaner types:

U(Kq(1)) = 11 exp(—2Kq(i)) + 13, (4)

where the parameters (11,19, 13) are calibrated to firm-level data as described in Section .

A key feature of the model is that we allow negative dirty investment, I4(t) < 0, corre-
sponding to the early retirement of existing dirty assets. When dirty capital is retired, the
most carbon-intensive units (lowest i) are withdrawn first. To track early retirement, the
model keeps a separate stock of stranded dirty capital, K(t), which records the cumulative
quantity of dirty capital removed from productive use.

All dirty-capital types depreciate at the same physical rate, and any new dirty investment
is assumed to be of the average type of the existing distribution. In addition, we assume
that emissions intensity declines exogenously at rate g, capturing gradual improvements in
the carbon efficiency of dirty energy use that occur independently of climate policy. These
include within-technology improvements such as higher thermal efficiency, reduced flaring
and leakage, and incremental retrofits that lower emissions per unit of energy produced.

Combining these elements, total emissions at time t are

where the lower integration limit reflects that the dirtiest units have been stranded first,
while the upper integration limit is unaffected by stranding. The average emissions intensity
of the remaining productive dirty capital is therefore () = P(t)/K4(t).

Premature retirement of dirty capital entails an economic cost because long-lived assets
are scrapped before the end of their useful lifetime. First, we conservatively assume that
negative dirty investment does not release resources for consumption or other investment,
i.e., dirty assets have no salvage valueﬁ Second, we introduce a convex stranding-cost term to
capture institutional, regulatory, and political frictions (e.g., compensation claims, regulatory

delays, remediation obligations and worker displacement costs) that make large-scale or rapid

4When optimal dirty investment is negative, we can exclude the emergence of a secondary market with
positive prices for dirty capital. This simplification is consistent with evidence of low capital resale prices
in phases of forced liquidation or low demand, especially in sectors characterised by strong asset specificity
(Lanteri, 2018; [Kermani and Ma) 2023). We also assume zero scrap value: while gross scrap values are
usually low but positive, these are often entirely absorbed by decommissioning costs (e.g. demolition costs,
land restoration, overheads, etc.), leading to null or negative net scrap values. See for instance |Jindal and
Shrimali| (2022) for coal plants in India and Raimi| (2017) for power plants in the US.



asset retirement increasingly costly:

O(t) = L(1,)<0) Xs%’ (6)

where x; > 0 is distinct from the adjustment cost for positive dirty investment. This spec-
ification ensures that stranding costs are zero when I4(t) > 0, increase with the magnitude

of negative investment, and are convex in Iy(t).

Capital equations of motion

Final-good capital and clean energy capital evolve according to the standard accumulation

equation with sector-specific adjustment costs. For j = f and j = ¢,
Kj(t) = I;(t) — 4(t) — 0K(1), (7)

where 9 is the depreciation rate and ¢; captures sector-specific adjustment costs.
Dirty energy capital evolves similarly when investment is positive, but negative dirty
investment corresponds to the premature retirement of existing dirty assets and therefore

does not incur the same adjustment cost. We write
Kq(t) = L(t) — L(zumso) ta(t) — 0Ka(t). (8)

When I; > 0, the quadratic term captures the adjustment cost of expanding dirty capacity;
when I; < 0, this term vanishes and dirty capital contracts at rate I, with the associated
economic cost of premature retirement accounted for separately through the stranding-cost
function © in the resource constraint.

Negative dirty investment increases the stock of stranded dirty capital. Stranded assets

are withdrawn from production but depreciate at the same rate as productive dirty capital:
K, (t) = max{—1I4(t),0} — 6K,(t). (9)

Clean technical change

The model includes two mechanisms of clean technical change. First, exogenous improve-
ments occur independently of the scale of clean deployment. These represent innovation
spillovers from other sectors (e.g., general-purpose technologies) and basic R&D directly

into clean technology that is independent of levels of clean technology use.E] Second, endoge-

This is a form of endogenous innovation that is explicitly modelled in some of the literature (Goulder
and Mathai, [2000; |Acemoglu et al., 2012), but |Coppens et al.| (2025)) show that, if tractability is a concern,



nous improvements arise from learning-by-doing: as clean technologies are deployed more
widely, firms accumulate experience, supply chains mature, and costs fall through economies
of scale and process optimisation.

We combine these channels in the technical change factor

TC(t) =we %" + (1 —w) (]\]\j((f)))>_ : (10)

where w € [0, 1] determines the relative weight on exogenous vs. experience-based improve-
ments, ¢, is the rate of exogenous technical change, and ¢ > 0 is the learning elasticity.

Cumulative experience is proxied by cumulative abatement relative to time zero:

M(t) = M)+ | (Poav - P(w) du, (11)

where Pgay denotes emissions along a business-as-usual path without climate policy at time

zero. Thus, M increases whenever realised emissions are reduced below the initial BAU level.

The technical change factor governs the substitutability between clean and dirty energy.

As TC declines through innovation and learning-by-doing, it becomes easier to substitute
clean for dirty energy: e
t

e(t)y=1- W7 (12)

where ¢(0) is the calibrated initial level of substitutability. The corresponding elasticity of

substitution is
1 a(0)

W= ~ TCw (13)

Thus, as TC falls, the elasticity o rises.

Damages and warming

The damage multiplier is
) =exp (-27(7) (14

where 7 is the damage function coefficient and 7T is global mean temperature relative to its
pre-industrial level.

Climate science has shown that T is approximately linearly proportional to cumulative

then it is possible to treat such R&D-driven clean technical change as exogenous provided R&D investment
costs are small relative to output.

10



carbon dioxide emissions (IPCC| 2021)), so we write

7(t) = ¢5() = ¢ [ Plu)du (15)

where S stands for cumulative emissions of all greenhouse gases (GHGs) and ( is known as the
transient climate response to cumulative carbon emissions or TCRE. Although temperature
responds to a COy emission impulse with a delay of a few years, the relationship between
temperature and cumulative emissions is still well approximated by Eq. (Dietz and
Venmans, 2019; Dietz et al., [2021)).

Shocks

Uncertainty enters the model through four stochastic processes: shocks to the accumulation
of the three types of capital, which capture economic volatility and uncertain emissions
abatement costs, and temperature shocks, which capture climate uncertainty. We represent
economic volatility with capital rather than TFP shocks in order to avoid adding extra state
variables. All processes are assumed independent.

Each capital stock K follows a geometric Brownian motion:
dKj = (Ij—Lj—éjKj)dt—FO'KjKdej, (16)

where dWW7 is a standard Wiener process with variance d¢ and ok, denotes the volatility of
capital type 7.

Temperature is also subject to a geometric Brownian motion,
dT = ¢Pdt + o T AW, (17)

where or captures volatility in the climate system’s temperature response to emissions.
The Brownian motion dW7 represents both epistemic uncertainty — arising from imperfect
knowledge of the climate response — and aleatoric uncertainty — random variability in the
Earth system’s transient behaviourﬂ Equation replaces in the stochastic model.

6This decomposition can be made explicit by assuming that epistemic uncertainty (Bayesian updating) in
the TCRE parameter ¢ follows the process d¢ = o1dW; and that aleatoric (weather) shocks are proportional
to temperature, adding an uncorrelated geometric Brownian motion with volatility 5. This yields

AT = ¢Pdt + %wal + oo T dWs,

which is equivalent to the simplified expression above with o7 = \/(01/¢)? + 03.

11



Consumption and utility

Aggregate consumption C' is determined by the resource constraint
Ct) =Y () = I1(t) = Luum>o La(t) — Le(t) — O(1). (18)

When dirty investment is negative, existing capital is scrapped and yields no salvage value,
so —I4(t) does not release resources for consumption or other investment.

To disentangle intertemporal substitution from risk aversion, we assume recursive pref-
erences in the sense of Duffie and Epstein (1992). Let V(z) denote the value function,
where

r= (K, K., Kq, K, S, t) (19)

collects the endogenous state variables, where we replace T" by S since they scale linearly,
and time ¢ is an additional state argument.

Lifetime utility is given by

V(z) = max E, /too f(x(u),V(x(u)),]f(u),lc(u),]d(u)> du. (20)

Iy, Ic,1q4

The instantaneous aggregator is

_ew)/L))T 1 —RRA
fla, Vi 1o, 1) = 1= T - (P—QL)Vﬁa (21)
with
T =(p—g)[(1-RRA)Vi7as (22)

Here 7 is the elasticity of marginal utility of consumption, RRA is the coefficient of
relative risk aversion, and p is the pure rate of time preference. The pure rate of time
preference is adjusted for population growth to give classical utilitarian preferences. Setting
17 = RRA collapses the formulation to standard expected utility, and in the deterministic
case RRA is irrelevant in any case. However, in the stochastic setting the restriction that
1n = RRA is difficult to reconcile with empirical evidence on risky and risk-free asset returns,
while in the climate-policy context it mechanically links higher risk aversion to a higher

effective discount rate and therefore to weaker climate ambition.

12



3 Optimal capital accumulation and carbon pricing in

theory

In this section, we build intuition for our quantitative results by looking at how transition
frictions affect the optimal pricing/taxation of GHG emissions in theory. The results are
based on solving the model as a social planning problem (Appendix , for which we switch
to effective labour units so that the model’s balanced growth path is a steady state. In
Appendix [B] we show the decentralised competitive equilibrium equivalent to the social
planner’s solution.

Let Ag denote the co-state for cumulative emissions. The co-state equation from the

planner’s problem is

1

MO ) (23>

s = (r—g)hs — " |[—yyC3S — yeecens

where lowercase variables are per unit of effective labour (e.g., e for energy) and r is the

consumption discount rate. Integrating this forward and defining

A= = [T exp (= = g)u— 1) ¢3S du (24)

AIC = /t T exp (—(r — g)(u—1)) ¢ yeecens du, (25)

1
M(0)
we get

As = A37C 4+ \EC.

Thus, the shadow price of carbon is the sum of marginal climate damages — the SCC — and
the marginal social benefit of technological learning. Learning-by-doing is assumed to be
an externality. Therefore, it increases the shadow price of carbon because the prospect of
reducing future abatement costs creates an added incentive to abate emissions today. The
additivity of A\3°C and A\I¢ comes from the fact that both depend on emissions — in the
case of learning-by-doing, cumulative emissions abatement serves as a proxy in the model
for experience with clean technologyﬂ In a decentralised market equilibrium, the learning-
by-doing externality would most plausibly be internalised by an abatement subsidy, distinct

from a Pigouvian tax on emissions to internalise the climate externality A3 (Appendix .

TCoppens et al.|(2025) compare this case with others where the two externalities are not additive.

13



MAC decomposition with adjustment costs

Define the investment-capital ratio a; = i;/k;, the investment growth rate g/ = i;/i;, and
the capital growth rate g]K = kj /k; for capital type j. Let vy, and y,, be the marginal
products of dirty and clean capital, respectively, and P, be the marginal emissions from
dirty capital.

The marginal abatement cost is defined in consumption units as MAC = —\gc". The
specific form of the MAC depends on whether the economy is in a stranding regime, in
which dirty capital is being retired prematurely, or not. Starting with the latter case 74 > 0,

combining the Euler equations for clean and dirty capital yields

MAC - (1 = 2xaa) Py, = (1 = 2xaq) yr, — (1 — 2x0ac) yi, (26)
(A) Net marginal product gap
+ x(ag — az)
—_———

(B) Current adjustment-cost pressure

L YaT 9 990
a1 ke

2xiq 2Xtc

(C) Dynamic adjustment effects

The right-hand side of is the excess return on dirty capital relative to clean at the
social optimum, including marginal products, adjustment costs, and dynamic considerations.
Dividing this by the term (1 — 2ya,)Py,, which reflects both the marginal emissions from
dirty capital and the wedge introduced by adjustment costs, yields the carbon price required

to make this return differential consistent with optimal investment allocation.

(A) Net marginal product gap. The term

(1 = 2xaq)yr, — (1 = 2xac)ys,

is the difference in the effective marginal products of dirty and clean capital. It measures the
direct loss from shifting one unit of capital from dirty to clean. Without adjustment costs,
the MAC is simply yx, — yr.. With adjustment costs, since clean investment intensity a. is
high relative to a4 along the low-carbon transition, the direct effect of adjustment costs is
to increase the MAC.

(B) Current adjustment-cost pressure. The term

x(aj — a?)
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arises because adjustment costs scale with the square of investment intensity. Holding invest-
ment fixed, increasing the capital stock reduces adjustment costs by increasing the denomi-
nator. Since clean investment intensity a. is high along the transition, an increase in clean
capital reduces adjustment costs more strongly than an equivalent increase in dirty capital.
As a result, the clean-side term ya? dominates, so x(a3 — a?) < 0. Intuitively, expanding
clean capital relaxes adjustment-cost pressures more than expanding dirty capital, making

the reallocation toward clean activities easier at the margin and thereby lowering the MAC.

(C) Dynamic adjustment effects. The term

2xagq 2xa

I K 1 K c

—gk) SATd (g gK) AT 27
(91— ai) T ovay (98— 9¥) e (27)
dirty-side dynamic effect clean-side dynamic effect

captures how the time profile of adjustment costs affects the current return differential be-
tween dirty and clean capital. These terms arise because adjustment costs are not only a
function of current investment intensities, but also of how those intensities are changing over
time. If dirty investment is falling relative to the dirty capital stock, so that g} — g < 0,
then future dirty adjustment costs are declining. This makes current dirty investment less
attractive relative to the future, which increases the MAC. If clean investment is growing
faster than the clean capital stock, so that g/ — g > 0, then part of the required clean
expansion is already being brought forward. This helps smooth future adjustment costs and

therefore lowers the MAC required to tilt investment toward clean capital.

MAC under a stranding regime and the role of stranding costs

When i4 < 0, the planner strands high-emissions capital. Let A\, be the co-state on stranded

capital. The marginal resource cost of stranding is

)\kd — )\ks = 2)(8 aq C_n. (28)

15



Using the dirty-capital Euler equation together with , we obtain

MAC- (P, — Pr,) = Yra (29)
N
(A’) Marginal product of dirty capital

+ X5

——
(B’) Level effect of stranding costs

¢
+ — 2xsa4 <r+gL+nc+5—gé+g§<>.

(C’) Dynamic stranding effects

The term P, — Py, is the marginal emissions from keeping one unit of dirty capital in

E]

operation rather than stranding it, expressed in effective emissions units consistent with the
MAC definition.

(A’) Net marginal product gap under stranding. When i; < 0, the relevant marginal
cost of increasing the rate of stranding is just the foregone output from dirty capital, given

by its marginal product.

(B’) Stranding costs and current strain. In the stranding regime the quadratic term in
the MAC is

2
Xsada

which reflects the convex cost of disinvesting from dirty capital. Because stranding implies
negative investment, a large negative ay means that disinvestment is occurring at high in-
tensity relative to the existing dirty capital stock. With quadratic costs, this makes further

increases in the rate of stranding disproportionately costly, which raises the MAC.

(C') Dynamic stranding effects. The term

¢
_2Xsad<r+gL+nc+5_chi+g£{>

is the dynamic counterpart to (C). It captures how the time profile of stranding costs affects
the current marginal cost of stranding. Because ay < 0, this term is positive when dirty
investment is falling relative to the dirty capital stock, so that g} — g& < 0. In that case the
local dynamics imply a steeper path of stranding intensity, which raises the marginal cost
of additional stranding today and therefore raises the MAC. Intuitively, when the optimal
path requires rapid stranding, the planner has an incentive to smooth those costs over time

rather than concentrate them immediately.
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Stochastic extension: risk-adjusted carbon pricing

With recursive preferences and stochastic shocks, the optimal carbon price is obtained by
applying the envelope theorem to the HJB equation and converting the shadow value of cu-
mulative emissions from utility units into consumption units. Denoting by Vs the derivative
of the value function with respect to cumulative emissions (equal to Ag in the above analy-
sis), and by Vj; the derivatives with respect to the capital stocks (Mg, above), the optimal

carbon price can be written as

MAC = <I>{ Ve Myy(¢2S — Vg P

(1) Marginal damage cost

1
M(0)

+ We [yeeeeM ‘| - ‘/tS

(2) Technological-change effect
72 2

_ i , i
— Vi, [Zf - Xk]; —(0+gL+ g)k‘f] — Vi, [Zd - 1z‘d>oxé — (0 +gr+ g)kd]
-2

. 1z .
— Vs, [zc Xy~ (@ tgt g)kc] — Ven, |~ Ls<opia — (6 + gz + 9)kd]

(3) Capital reallocation effects

1
— Vsss(f% — §VSSSSQU%
_lv k202 —EV kQQ—EV ko
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(4) Risk premia

(30)
where
- 1
o = ( n) 1—n 7 ! (31)
51— RRA + (RRA — p)et—n (1 — RRA)V)_l—RRA} Vi (1-2x32)
‘P(V) — p 1—n (32)

(1 — RRA)V)Twia 1
Here p is the effective discount rate in the recursive aggregator.
To interpret the stochastic carbon price in Eq. , notice that —Vjs is the optimal carbon
price in utility units and is positive. This sign convention is useful in reading the various
cross-derivatives. Whenever a marginal emission raises future damages or increases marginal

utility in adverse states, it contributes positively to the optimal carbon price. The individual
components of Eq. can then be read as follows.
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(1) Marginal damage cost. The first term generalises the deterministic social cost of
carbon. The component We=7y~(2S captures the current marginal damage of an additional
emission through higher temperatures and lower output, scaled by recursive preferences. The
term —Vgg P reflects how a marginal emission changes the future path of marginal damages.
On a path of rising temperatures, a convex damage function implies increasing marginal

damages, so that —Vgg > 0.

(2) Technical change effects. The second set of terms captures how emissions affect future
abatement costs through technical change. The first element reflects the marginal social
benefit of learning, just as in the deterministic model. The second element, V;g, embodies
the exogenous forces in the model that reduce the MAC, specifically the time-dependence
of the elasticity of substitution between clean and dirty capital in Eq. and the time-
dependent emissions intensity of dirty capital. These effects lower the optimal carbon price
by making abatement exogenously cheaper. In the deterministic model, such trends are
included in Ag. In the stochastic model, the value function depends directly on time, and

the envelope condition for cumulative emissions yields the additional V,g term.

(3) Capital reallocation effects. These terms capture how emissions affect the opportu-
nity cost of holding different types of capital and hence the optimal reallocation between
dirty and clean activities. The derivatives Vg;, measure how a marginal emission changes
the value of each capital stock through its impact on future damages and marginal utility.
The drift terms in square brackets describe the expected evolution of final-good, dirty, clean
and stranded capital net of depreciation and, where relevant, adjustment costs. In the pres-
ence of adjustment costs, these terms closely parallel the deterministic MAC decomposition

shown above.

(4) Risk premia. The main change to the optimal carbon price in a stochastic setting is the
introduction of a set of risk premia. The first two terms —VggSo2 — %VSSSSQU% constitute
a temperature risk premium. Uncertainty in the temperature response to emissions implies
that a marginal tonne of CO, increases not only expected damages but also the dispersion
of future temperature outcomes. With risk aversion, greater downside climate risk raises the
value of mitigation because marginal damages are weighted more highly in low-consumption
states. The next three terms constitute capital risk premia. Dirty, clean and final-good
capital are risky assets whose returns covary with marginal utility, changing the distribution

of future consumption.

It is useful to contrast this expression with a straw-man model in which there are no
adjustment costs, no endogenous technical change, and no uncertainty, but in which emissions

arise from capital use in the standard way. In such a model, the optimal carbon price
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reflects expected marginal damages and the frictionless opportunity cost of emissions through
their effect on future output and capital values. Relative to this benchmark, adjustment
costs change the timing and marginal cost of capital reallocation by making rapid shifts
between dirty and clean capital costly, endogenous technical change links emissions to future

abatement costs, and uncertainty adds a set of risk premia.

4 Calibration

We calibrate a discrete-time version of the model with annual time steps, with numerical
simulations starting in 2025. Capital stocks and output are measured in trillion 2024 US
dollars. We begin with the most novel elements of our calibration: (i) the stranding function;
and (ii) adjustment and stranding costs. We then present the remaining parameters and
initial conditions, drawn from standard values in related literature or calibrated to match
recent empirical evidence and key features of the initial state. Table in Appendix

summarises all parameter values.

Emissions intensity and stranded assets

Dirty capital K; comprises a continuum of heterogeneous polluting technologies ¢ with emis-
sions intensity (i), as in Equation . The key objective of this subsection is to discipline
the model’s stranding function 9 (Ky(i), ), i.e., the relationship governing which dirty assets
are selected for early retirement and how much emissions abatement this achieves. To do so,
we conduct a novel analysis of company-level data on tangible assets and emissions, com-
plemented by plant-level evidence that confirms our benchmark patterns. This allows us to
recover a realistic distribution of capital emissions intensities, taking into account that assets
differ not only in their current emissions intensity, but also in the share of emissions that re-
mains embodied in their residual lifetime. Appendix provides further details supporting
what follows.

We start by considering all active companies operating in a set of particularly polluting
sectors covered by Bureau van Dijk’s Orbis database. We include 22 productive NACE
sectors. From Orbis, we extract balance-sheet information on the monetary value of physical
assets potentially at risk of stranding. We treat all types of tangible assets except land as
strandable (buildings, plant and machinery, transport equipment, leased assets and other
plant, property and equipment). We then match these data to company-level Scope 1 GHG
emissions from the LSEG financial database. This yields a sample of 1,983 companies,
emitting roughly 9.3 GtCOse. To account for incomplete coverage of sectoral emissions, we

compute sector-specific scaling factors using data from Crippa et al.| (2025) and UNFCCC
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(2026)), and apply them to both emissions and tangible-asset values. The scaled sample
accounts for 33.2 GtCOse, or about 64.2% of global emissions. We attribute the remaining
emissions to (i) other productive sectors; and (ii) end-use household activities.

The age and expected lifetime of capital assets are important. When productive capital
is stranded, society avoids not only current emissions, but also those that would have been
released over the asset’s remaining life (its ‘embodied’ emissions). To incorporate this tem-
poral dimension, we exploit the availability on Orbis of both ‘net’ and ‘gross’ physical asset
values, denoted by K, and K, respectively. Assuming linear depreciation, as is common
in corporate accounting (Jackson et al., 2009), we proxy asset age as a = (1 — K,,/K,) LT,
where LT is the typical lifetime of tangible assets. We then fix LT = 34.65 years jointly
with our depreciation rate 6 = 0.04.

We define ‘forward-looking emissions intensity’ (FLEI) as the annual emissions intensity
of a company, rescaled by a factor that reflects the remaining lifetime of the asset stock.
This adjustment is needed to reconcile the exponential depreciation structure of the model
with the linear depreciation embedded in the Orbis company data. Equalising embodied
emissions across the two depreciation structures, i.e., setting Popis(LT — a) = Prioder/9,

yields

_ P(i) LT — ai)
Kq(0) 16

After dropping observations with emissions below 1 ktCOse and winsorising the FLEI dis-

(i) (33)

tribution at the 2.5th and 97.5th percentiles to mitigate the influence of outliers, we obtain
a sample of 1,849 companies with observed emissions and tangible assets, scaled by sector-
specific factors.

We rank companies by their FLEI and obtain the upper panel of Figure [l Each bar
represents a company, with width proportional to the value of its tangible assets. Assets
with high FLEI — on the left of the plot — are stranded first when iy < 0, either because
the underlying technology is particularly emissions-intensive or because a large fraction of
emissions remains locked into the asset’s residual life. It is from this calibration that we are
able to identify a ‘dirty tail’ of assets in which emissions are highly concentrated: the first
$10 tn of dirty capital accounts for almost 70% of the emissions in our company sample.

To see the implications of this concentration of emissions for abatement costs, define
‘stranding cost per cumulative emission’ (SCCE) as the cost of abating one ton of COse
by decommissioning company i’s dirty assets, taking into account both current and future

emissions:

K, (i)
P(i)(LT — a(i))

The lower panel of Figure [T| ranks companies by their SCCE, with bar width proportional to

SCCE(i) = (34)
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Figure 1: Company-level forward-looking emissions intensity (FLEI - upper panel) and
stranding cost per cumulative emission (SCCE - lower panel). Total observations: 1,849.
Sector-specific scaling factors are applied. The width of each bar is proportional to com-
pany physical assets (upper panel) or the amount of embodied emissions (lower panel).
FLEI/SCCE values are winsorised at 95%. Companies with emissions lower than 1 ktCOqe
are dropped. Only companies with SCCE < $200 are shown in the lower panel.

their scaled embodied emissions, i.e. the emissions their dirty tangible assets would generate
if operated until the end of their natural lifetime. For readability, we display only companies
with an SCCE below $200. Assets with low SCCE values — on the left of the plot — are
the cheapest to strand. These are the assets with a high FLEI. A substantial amount of
emissions can be abated at limited monetary loss, for example, more than 400 GtCOse at a
cost below $50/tCOqe.

After having estimated companies’ FLEI, we fit a shifted exponential function to the
empirical curve, (Kq(i)) = 11 exp(—aKy(i)) + b3, where v3 is the minimum emissions
intensity, 1, + 15 is the intercept at K; = 0, and v, governs the rate at which intensity
declines as K increases We obtain ¢, = 6.120, 15 = 0.729, and 3 = 0.767, which we use
to calibrate the stranding cost function in Equation .

Given the importance of the FLEI curve and the dirty tail, we test the robustness of our

8To improve the fit in the initial part of the FLEI curve, where the model selects firms to strand, we
apply a logistic weighting pattern and estimate the function using DEoptim (Mullen et al., 2011).
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calibration by repeating the analysis with global coal and gas plant data from |GEM] (2026));
results are reported in Appendix [C.3] Despite the different data source and methodology
— plant monetary values are approximated using region-specific overnight capital cost esti-
mates rather than balance-sheet data — the plant-level FLEI and SCCE distributions closely
replicate the company-level patterns. Coal and gas plants occupy the far left of both curves
in Figure [1] confirming that they represent the most emissions-intensive and cheapest-to-
strand assets. Consistent with the company-level evidence, substantial near-term abatement
can be achieved through the targeted retirement of a comparatively small set of very dirty
assets: almost the entire global coal and gas power fleet — representing close to 250 GtCOqe
— can be stranded at an SCCE below $20/tCOxe.

Finally, besides endogenous abatement through capital stranding, we allow emissions
intensity to decline exogenously at rate g,. We set g, = 0.01/yr using [World Bank| (2026)
data on total GHG emissions (net of agricultural methane and nitrous oxide emissions) and
value added in industry, including construction. The rate is computed over 1994-2007 to

limit the influence of climate policies on the underlying trend.

Adjustment costs

Our model has two key parameters limiting the speed of the energy transition. The first, y,
captures constraints on how quickly productive capital of any sort can be scaled up. These
constraints will be most relevant to the clean-energy sector, since it starts small but must
expand rapidly. The second, xs, captures frictions impeding the premature retirement of
dirty capital.

Since x is most relevant to the clean-energy sector, our calibration strategy anchors it
to historical episodes of unusually rapid expansion in large-scale, capital-intensive energy
systems. These episodes provide a benchmark for how quickly new capacity can be deployed
under real-world constraints. We map these peak net growth rates of the energy capital
stock into x. From Equations and , the peak net growth rate of capital can be written

as

Gpeak = A — XGQ — 0,

where a = i/k as before. The sector subscript is suppressed given that we set x equal across

sectors. Let the marginal effectiveness of clean investment be
eff =1 - 2ya,

which measures the fraction of an additional unit of investment that is transformed into

productive capital. Rather than interpreting observed peak expansion episodes as operating
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at zero marginal effectiveness, we impose a conservative effectiveness floor eff > eff,;,. This
reflects the idea that even during intense mobilisation, a substantial fraction of marginal
investment continued to translate into productive capacity.
Imposing both the peak-growth and effectiveness-floor conditions yields the closed-form
expression
1 —eff?

4(gpeak + 6) ‘
peak

Assuming eff,,;, € [0.5,0.7] and 6 = 0.04, we estimate x based on empirical data on g,

X:

which we obtain from three historical episodes of rapid energy-capital build-out: the global
nuclear expansion in the mid-1980s (Bennett and Skjoeldebrand, |1986), China’s power-
system expansion in the late 2000s (Nan and Moseley|, 2011), and the US combined-cycle
gas turbine boom of the early 2000s (EIA, [2025b)). These data indicate gpeax € [0.10, 0.12],
implying x € [0.8, 1.35]. We therefore set x = 1 as our baseline valueﬂ

We calibrate s through a similar but separate procedure, which uses historical evidence
from rapid phase-outs of coal-fired electricity. These transitions provide direct information
about the upper-tail rates at which modern power systems have been able to decommission
dirty capital under real-world constraints. Let gqe. > 0 denote the net proportional rate of
dirty-capital decline, so that kg /ka = —gaec. When dirty investment is negative, define the

retirement intensity

"
=
Given the law of motion for dirty capital,
U = Gdec — d.

Evidence from coal phase-outs in the United States, United Kingdom and Germany suggests
upper-tail values of ggec € [0.05,0.07]. With § = 0.04, this implies v € [0.01,0.03] (EIA|
2025b, [2023; BEIS| 2024 WSB|, 2019).
Using Equation @, an economically interpretable object is the additional frictional cost
per unit of prematurely retired capital,
O
K= — = XlU.
il

The parameter x captures real resource costs associated with early retirement, such as com-

9The literature uses a very wide range, from below 0.1-0.2 (e.g. ivan der Ploeg and Rezai, 2020a; [David
and Venkateswaran, [2019) to above 10 (Pindyck and Wang} [2013; Hambel et al., |2024). Our value is similar
to |Asker et al.| (2014]).
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pensation schemes, remediation obligations, and labour-transition programmes, over and
above the mechanical destruction of productive capital. Evidence from coal power-plant
decommissioning suggests that physical retirement costs alone range from a few percent of
replacement value to over 10% in some cases (Raimi), |2020; EIA| 2025a). Because k is in-
tended to capture a broader set of frictional costs than physical decommissioning alone, we
conservatively calibrate x € [0.05, 0.15]. Using midpoint values u = 0.02 and x = 0.10

implies a central calibration of xs = 5.

Clean technical change

Clean technical change is governed by Equation , according to which it is a convex
combination of exogenous, time-dependent technical change, and learning-by-doing. Our
calibration is based on data from Coppens et al. (2025)), who use large-scale evidence from
climate-mitigation scenariof™] to recover predicted rates of clean technical change across
[AMs. Coppens et al. (2025) estimate that exogenous technical change reduces the slope
of the MAC curve by 2.7% per year in their preferred specification, which we use as our
central value for g,. For learning-by-doing, they estimate a learning elasticity of about 0.21,
implying a learning rate of roughly 10%: each doubling of cumulative abatement reduces the
MAC slope by 10%. Choosing ¢ = 0.1 results in the same learning rate for the marginal pro-
ductivity of clean capital in our model and choosing M (0) = 50 GtCO; makes this learning
rate stable over timeE-] Finally, the parameter w governs the relative weight of exogenous
and endogenous technical change. Since the evidence does not identify this parameter, we
follow the principle of insufficient reason and set w = 0.5, assigning equal weight to the two
channels. This is broadly consistent, however, with evidence that a substantial share of clean
innovation is driven by spillovers and complementarities with innovation outside the focal
technology (Taalbi, 2020)). As a result, the elasticity of substitution o reaches 5.02 in 2100,

which is at the upper end of what is used in the literature.

Energy production

We calibrate the initial stock of dirty capital K4(0) using the same empirical analysis em-
ployed to construct the stranding cost function. The scaled company-level Orbis data imply

total dirty capital of $47.2tn. However, this figure omits some relevant sectors such as agri-

10They combine the databases of the Intergovernmental Panel on Climate Change Sixth Assessment Report
and the Network of Central Banks and Supervisors for Greening the Financial System (IPCC| |2022; NGFS,
2024]).

HMore particularly, the implied learning elasticity of clean productivity with respect to cumulative ex-
perience is 0.20 at initial capital levels, rising to an average of 0.23 over 2025-2050 and 0.21 over the full
2025-2100 horizon.
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culture and households, and does not capture the fact that firms in ‘clean’ sectors employ
small amounts of dirty capital in reality. Instead, we set K;(0) = $58.4tn, so that initial
emissions P(0) match the area under the fitted emissions-intensity curve (i) at ¢ = 0.
We set P(0) = 53.2 GtCOqe, equal to global GHG emissions in 2024 according to EDGAR
(Crippa et al.| |2025). The shifter parameter £ = 0.01 is set to a small but non-zero value.

We set K.(0) by targeting the share of low-emission sources — renewables, nuclear, and
fossil fuels with CCUS — in total final energy consumption, which was 16% in 2024 (IEA]
2025). The share of clean sources in electricity generation/capacity is much higher, but
our energy sector represents all productive activities that use energy while generating GHG
emissions, not just the power sector. Ideally, we would target the share of clean capital
rather than output, but comprehensive capital-stock data are only available for the power
sector. We therefore use the clean share in final energy consumption as the most appropriate
empirical target and set K./(K.+ K4+ &) = 0.16.

We set the initial elasticity of substitution between energy types to ¢(0) = 2, implying
€(0) = 0.5. This value is in line with the capital-based estimates in|Papageorgiou et al.| (2017))
and the rest of the related literature, where values usually range from 1.5 to 4, indicating a
relatively high degree of substitutability between clean and dirty energy.

The profit-maximising condition in the energy sector, which equalises the marginal prod-
ucts of the two energy-capital stocks, then implies CES share parameters p; = 0.696 and
0. =1— g =0.304. Appendix provides more details.

Final good production

We calibrate the starting value of TFP A(0) = 8.09 so that, given initial values for labour
and the capital stock, the 2024 value of global GDP is $110.98 tn (World Bank, 2026). As
is common in the literature, we assume TFP grows at a long-run rate g4 = 2%/yr. We set
the initial value of population L(0) = 8.16bn (UN} 2024), and we set population growth
equal to the average growth rate in the UN’s medium variant scenario for 2020-2100, i.e.
gr = 0.29%/yr. The share of capital in production « is assumed to be 0.3, as customary in
the literature.

We initialise the final-good capital stock to K (0) = $321.3 tn so that the economy starts
on a balanced growth path (see Appendixfor details). This is important because we want
transition dynamics to be driven by changes in endogenous factors rather than by imbalanced
initial capital stocks. In the model expressed in effective labour units, balanced growth
corresponds to a steady state. We therefore calibrate the initial capital stock from a ‘BAU
steady state’, in which emissions no longer generate additional warming and temperature

remains at its initial level, so that the economy is interpreted as having already adjusted to
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the damages associated with past warming.

We then set the CES share parameter for energy, ¢g, so that the marginal products of
final-good and energy capital are equalised. The CES share parameter for final-good capital
is then given by ¢ = 1 — pp. Finally, we conservatively set the elasticity of substitution
o = 0.2, which implies €y = —4, in line with the short-run estimates of Olovsson and Vestin
(2023)) and [Hassler et al.| (2021)).

Damages and warming

WMO| (2025) estimate that climate-induced warming in 2024 relative to the 1850-1900 pre-
industrial baseline lies between 1.34°C and 1.41°C. We take the midpoint of 1.38°C as our
initial value. TPCC] (2021)) reports a central estimate of the TCRE ¢ = 0.00045°C/GtCOs.
However, this estimate does not take into account the zero-emissions commitment or some
known climate feedbacks. After incorporating these effects, we set ¢ = 0.0006°C/ GtCOQH
Finally, we set the damage parameter v = 0.0201, so that the climate damage function
matches the meta-analytic estimate in [Howard and Sterner| (2017)), including both catas-

trophic and non-catastrophic damages.

Shocks

We calibrate the temperature uncertainty parameter or to replicate the 80% confidence
interval of temperatures under the IPCC’s RCP2.6 and RCP4.5 warming scenarios in 2100.
This gives op = 0.0265°C/yr!/2. We choose scenarios RCP2.6 and RCP4.5 because they
span the optimal emissions in our model. We impose a common capital volatility parameter
ok, = 0.015/yr'/? Vj. This is based on van den Bremer and van der Ploeg| (2021), who
calibrate capital shocks to the standard deviation of global GDP growth over 1961-2015. As
they note, this is a conservative choice: asset return volatility is empirically much larger, and
calibrating to it would generate a higher risk premium on the optimal carbon price. Imposing

common capital shocks enables us to disentangle their effects more straightforwardly.

Preferences

We use the expert survey of Drupp et al.| (2018) to set both the elasticity of marginal utility

of consumption (i.e., the inverse of the elasticity of intertemporal substitution) n = 1.35 and

12Emissions in our model include all GHGs, converted to COg using their 100-year Global Warming
Potentials. Therefore, we need an estimate of the TCRE based on an analysis of the temperature response
to GHG emissions excluding non-COy forcers. According to IPCC| (2021)), the median cumulative COq
budget for 0.93°C warming from 2020 onwards is 1350 GtCOsy. This includes 0.1-0.2°C warming from
non-COs forcers, which should be excluded. Taking the midpoint, the 1350 GtCOs results in 0.78°C extra
warming. Rounding the TCRE parameter to four decimal places, we get ¢ = 0.0006.
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the utility discount rate p = 1.1%/yr. The coefficient of relative risk aversion RRA is set
equal to 4, following |Barro (2009).

5 Deterministic results

In this section, we present results from the deterministic model, reporting the optimal paths
under base parameter settings as well as a sensitivity analysis. We also explore the roles
of adjustment costs and capital with very high emissions intensity. The model is solved
numerically in Julia as a finite-horizon nonlinear optimisation problem over investment paths,
using automatic differentiation to compute gradients. We employ a multi-start local search
strategy (combining L-BFGS with bound constraints) to mitigate non-convexities, and verify

robustness by comparing solutions across alternative initialisations and solver settings.

The optimal transition

Figure [2] reports optimal emissions, temperatures, the SCC, capital stocks, energy demand
and growth for the deterministic model. The key result is that despite imposing substantial
adjustment costs and limiting the substitutability of dirty energy in the short run, optimal
emissions fall steeply (panel a). Using the half life of emissions — i.e., the time taken for
emissions to fall to half of their starting level — as a measure of the speed of the transition,
emissions halve in 10 years. Thereafter, the rate of emissions decrease slows, but optimal
abatement limits the increase in temperature to 2.1°C in 2100 (panel b).

The SCC - the Pigouvian carbon tax — starts at $181/tCOqe and rises to $331/tCOxqe in
2050 (panel c¢). Together with an additional abatement subsidy to internalise the learning
externality, this incentivises immediate disinvestment from the dirtiest energy capital, after
which it is optimal to let dirty capital depreciate at its base rate of 4%. $2.3tn of dirty
capital is stranded in the first year alone, and the stock of stranded capital reaches $4 tn
after seven years (panel d), equivalent to 1% of total capital and 7% of dirty capital. Referring
back to Figure (1] readers will notice that this corresponds to the point at which the FLEI
curve flattens out. Thus, optimal disinvestment from dirty capital quickly removes the dirty
tail, then stops. Dirty capital is gradually replaced by clean capital, with the latter stock
overtaking the former in 2036. In 2100, dirty capital accounts for less than 3% of energy
capital.

In addition to substituting dirty capital for clean, the economy adjusts to the higher cost
of energy by reducing energy demand in the short run (panel e). Indexed to 100 in 2024,
optimal energy demand falls by around 10% by the early 2030s, before resuming strong

upwards growth. Optimal output/consumption grow all along the transition path (panel f),
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Figure 2: Optimal transition paths.

with an initial growth rate of around 1.7%, increasing to around 2.2% in the second half of

the century.
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Sensitivity analysis

Table [1f reports the results of a one-factor-at-a-time sensitivity analysis. For each factor, we
report two key outputs of the model, which we interpret as sufficient statistics for (i) the
speed of the initial transition and (ii) the long-run ambition of climate policy. For (i) we use
the emissions half-life. For (ii) we use the increase in global mean temperature in 2100. At
default parameter settings these are 10 years and 2.1 °C, respectively.

Three broad types of relationship emerge. First, there are parameter variations that
primarily affect the speed of the initial transition, but not the long-run ambition of climate
policy. These include variations in adjustment costs x and s, the capital depreciation rate
d, the elasticity of substitution between final-good capital and energy o, and the TCRE (.
Increasing adjustment costs slows the reallocation of capital and lengthens the emissions half-
life, while removing adjustment costs accelerates the transition. Varying the depreciation rate
mainly affects the optimal transition through its effect on dirty capital: lower depreciation
increases the persistence of dirty capital and slows the transition, while higher depreciation
speeds it up through faster capital turnover. Reducing the elasticity of substitution between
final-good capital and energy makes it more costly to reduce energy use in production and
lengthens the emissions half-life, whereas higher substitutability has the opposite effect. A
low TCRE reduces the climate response to emissions, lowering marginal climate damages
and weakening incentives for abatement. This increases the emissions half-life. Conversely,
a high TCRE raises marginal damages and strengthens incentives for abatement, shortening
the half-life. However, temperature in 2100 changes much less than emissions do, because
the direct effect of TCRE on warming is partly offset by the endogenous response of optimal
cumulative emissions: a higher TCRE induces stronger abatement and lower cumulative
emissions, while a lower TCRE induces weaker abatement and higher cumulative emissions.

The second type of relationship encompasses parameter variations that affect both the
long-run ambition of climate policy and, consequently, the speed of the initial transition.
These include variations in the elasticity of substitution between clean and dirty energy,
captured by the initial value o, the damage coefficient v, and the two preference parameters
p and 7. In general, these sensitivities are well known in the literature. When substitutabil-
ity between clean and dirty energy is limited, optimal emissions never fall much below half
of their initial level, leading to a much longer emissions half-life and increasing 2100 temper-
ature. By contrast, greater substitutability facilitates deep decarbonisation and low optimal
long-run temperatures. Similarly, a lower damage coefficient weakens climate ambition, re-
sulting in both a slower transition and higher long-run temperature, while higher damages
imply a much faster transition and lower temperature. With a high damage coefficient set at

4x its base value, which is in the direction of the recent results of |Bilal and Kanzig) (2026]) (our
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SCC = $556/tCOqeq in 2025 in this case), the emissions half-life falls to just three years and
temperature in 2100 is only 1.7 °C. This illustrates how recent, very high estimates of climate
damages imply an extremely fast transition. The preference parameters operate through dis-
counting (in this deterministic, globally aggregated setting, n affects outcomes solely through
its influence on the effective discount rate). Lower discounting strengthens climate ambition
and accelerates the initial transition, while higher discounting has the opposite effect.

The third type of relationship comprises parameter variations that do not have a strong
effect on either the initial transition or long-run temperature. These include the technical
change parameters, population growth gz, and the rate of autonomous decarbonisation g,.
Varying these parameters produces only modest changes in both the emissions half-life and
long-run temperature.

How robust is our overall finding of a fast transition? We find it is highly sensitive to as-
sumptions about the climate response and damages, social preferences/discounting, and the
substitutability of clean energy. But these sensitivities are well established in the literature
as determinants of overall climate ambition and consequently the urgency of decarbonisation.
Our result is moderately sensitive to assumptions about capital inertia and capital-energy
substitution, with the emissions half-life varying by a few years, but overall we would ar-
gue this still constitutes a fast transition. Our result is robust to assumptions about clean

technical change, growth and decarbonisation.

Decomposing transition inertia: expansion versus retirement frictions

The sensitivity analysis varies the general adjustment cost parameter y and the stranding
cost parameter y, jointly. To better understand the sources of transition inertia, we now
vary these parameters independently and focus on the first two decades of the transition.
This allows us to distinguish between frictions affecting the expansion of clean capital and
frictions affecting the retirement of dirty capital. Figure[3|decomposes the resulting dynamics
into capital accumulation (panel a), adjustment costs as a share of investment (b), aggregate
energy supply (c), and emissions (d).

Panel a shows that doubling x substantially slows the build-out of clean capital. Over the
first decade, clean capital accumulation is markedly weaker than in the baseline, while dirty
capital declines more slowly as a consequence of reduced clean substitution. By contrast,
doubling the stranding cost parameter y, has little effect on clean capital accumulation and
only modestly slows the initial decline of dirty capital.

Panel b clarifies the mechanism. When y is doubled, the clean adjustment cost share
L./ I, rises significantly to above 35% and remains elevated, indicating that expansion of clean

capacity is directly constrained by higher investment frictions. In contrast, the stranding
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Table 1: Sensitivity analysis of key parameters.

P half-life (years) T in 2100 (°C)
Low Default High Low Default High

Parameter/sensitivity Range

Capital inertia

Adjustment costs x & xs [0,2] x base 8 10 14 2.0 2.1 2.2
Capital depreciation rate ) 2%, 6%] 16 10 7 2.1 2.1 2.1
Energy substitution

Elasticity (capital-energy) or [0.05, 1.01] 13 10 9 2.2 2.1 2.1
Elasticity (clean—dirty) o0 [1.01, 3] 86 10 9 3.1 2.1 1.9
Climate and damages

TCRE ¢ [4.2,7.8]x10~% 24 10 8§ 21 21 2.2
Damage coefficient vy [0.01,0.08] 38 10 3 2.7 2.1 1.7
Preferences/discounting

Utility discount rate p (0%, 2.5%] 4 10 45 1.7 2.1 2.9
Elasticity of marginal utility 7 [0.5, 2.2] 4 10 56 1.7 2.1 2.9
Clean technical change

Speed of technical change 9o, 0 [0,2] X base 8 10 10 2.6 2.1 2.1
Weight on exog/endog TC w [0, 1] 10 10 11 2.4 2.1 2.1
Growth & decarbonisation

Population growth Jr [0.23%, 0.37%] 10 10 10 2.2 2.1 2.2
Exogenous decarbonisation gy [0.5%, 1.5%)] 11 10 9 2.1 2.1 2.3

Notes: "Low" and "High" refer to the lower and upper bounds of the range shown.

cost share |©/1,| changes little. When x, is doubled, the opposite pattern emerges: the
stranding cost share rises in the early years, while the clean adjustment cost share remains
close to its baseline path.

Panels ¢ and d trace the aggregate consequences of these distinct frictions. Doubling
produces a substantially deeper contraction in energy supply and a slower recovery thereafter.
The resulting energy shortfall persists well into the second decade of the transition. Although
tighter energy supply tends to dampen energy use and thereby emissions, this effect is more
than offset by slower clean capital expansion and a more gradual decline of dirty capital.
As a result, emissions remain persistently above the baseline path. By contrast, doubling
Xs has only modest effects on aggregate energy and emissions. Although dirty capital is
retired somewhat more gradually and stranding costs are higher relative to disinvestment,
clean expansion proceeds largely unchanged. As a result, total energy supply remains close
to its baseline path and emissions deviate only slightly.

Taken together, these results imply that the critical bottleneck in the transition is how
quickly clean capital can be deployed, not whether dirty capital is costly to retire. In the
model, build-out frictions meaningfully constrain energy supply and delay decarbonisation,
whereas retirement frictions have only modest macroeconomic effects when clean expansion

is unconstrained.
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Figure 3: Decomposing transition inertia: expansion versus retirement frictions. Panel (b)
reports clean energy capital adjustment costs as a share of clean energy investment, and
stranding adjustment costs as a share of dirty capital disinvestment.

The role of the dirty tail

A central feature of the model is heterogeneous dirty capital, and global data discussed
above identify a tranche of highly emissions-intensive dirty capital: the dirty tail. Because
these units generate disproportionately large emissions per unit of capital, their premature
retirement delivers substantial emissions reductions per dollar of capital scrapped. To isolate
the importance of this, we eliminate within-dirty heterogeneity by setting 1o = 0. We then
adjust 13 so that, for given K4(0), initial emissions are unchanged and continue to match
the observed level.

Figure 4] illustrates the consequences. Panel (a) shows the evolution of dirty capital,
clean capital, and stranded capital, while panel (b) shows the path of emissions. Removing
the dirty tail sharply reduces optimal premature retirement: the stock of stranded capital

K, peaks at only $0.8tn, about five times less than the $4 tn of stranded capital in the base
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Figure 4: Removing the dirty tail in the stranding function.

case. As a result, abatement shifts toward clean capital accumulation. Clean capital rises
more strongly over time than in the baseline, while dirty capital declines more gradually in
the early years. The loss of the high-return stranding margin leads to a more gradual decline
in emissions over the first decade. By 2050, however, the emissions paths converge as clean
capital eventually substitutes for dirty capital.

These results pin down the importance of heterogeneity in dirty capital for the timing of
decarbonisation. The dirty tail accelerates early emissions reductions by making premature
retirement an efficient abatement option. When this heterogeneity is removed, the transition
relies more heavily on clean capital build-out and becomes more gradual in the near term,

even though long-run outcomes are similar.

6 Stochastic results

In the preceding section, we showed that the optimal policy implies a rapid transition. We
now examine how this result is affected by uncertainty. We focus on three questions: how
uncertainty shapes the distribution of optimal transition paths; which sources of uncertainty
matter for key outcomes; and how much the planner can adjust the transition in response
to realised shocks, given capital inertia and adjustment costs.

The stochastic model is computationally challenging to solve, for several reasons. First,
the model has six continuous state variables (the four capital stocks, cumulative emissions,
and time) and three decision variables (investment in the three productive capital stocks).
Second, the value function is highly non-linear and by design it has a kink at zero dirty
investment. Third, we have geometric Brownian motions on the three productive capital

stocks and on temperature. Recent work at the computational frontier of stochastic TAMs
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Figure 5: Stochastic optimal transition paths.

includes |Cai and Lontzek| (2019)); [Friedl et al.| (2023)); [Folini et al. (2024). We follow
(2022)) in using a deep neural net function approximator for the policy function based
on the DEQN method. This enables us to handle the curse of dimensionality and the kink.

The neural net (policy function) maps states into optimal controls and shadow values, and

is trained using simulated state trajectories rather than a fixed grid, focusing approximation
accuracy on the relevant regions of the state space. Parameters are estimated by minimising
the squared residuals of the model’s optimality conditions using stochastic gradient descent.

Appendix [E] provides further details.

The optimal transition under uncertainty

Figurereports probability distributions for optimal emissions, temperature, the SCC/carbon
tax, and clean and dirty capital, based on 10,000 Monte Carlo runs. Panels @) and @) show
that emissions and capital paths exhibit relatively limited dispersion, particularly in the first

decades. This reflects the fact that a large part of the transition is effectively predetermined
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by the structure of the capital stock. Early on, emissions reductions are pinned down by
the optimal retirement of highly emissions-intensive assets — the dirty tail — which is optimal
across a wide range of states. Later in the transition, adjustment shifts toward the expansion
of clean capital and the gradual replacement of lower-emissions dirty capital, but responses
remain muted because it is costly to substitute away the last bit of dirty capital. As a result,
both emissions and capital remain relatively insensitive to realised shocks throughout the
transition.

By contrast, panels (b)) and (d) show that temperature and the SCC are highly dispersed.
Temperature in 2100 ranges from around 1.5°C at the 10th percentile to 2.5°C at the
90th percentile, while the SCC reaches $280-360/tCOqe in 2050. This reflects the fact
that temperature remains highly uncertain even for similar emissions paths, due to large
uncertainty in the climate response to emissions. Since damages are convex in temperature,
this translates into large variation in marginal damages and hence in the SCC, even when
emissions paths are similar.

These results imply an asymmetric response to realised shocks: when warming turns out
to be worse than expected, the planner has limited scope to accelerate the transition, as key
adjustment margins are already either exhausted or constrained. Conversely, when warming
is less severe, emissions reductions remain substantial because the transition is largely shaped

by adjustment constraints rather than marginal damages alone.

Decomposition of shocks

Figure 6] compares three specifications: (i) uncertainty in both temperature and capital, (ii)
temperature uncertainty only, and (iii) capital uncertainty only. Temperature uncertainty
has a clear effect on the SCC, particularly in the second half of the century (panel [a), and
leads to slightly lower temperatures on average (panel @, reflecting a modest insurance effect
due to convex climate damages. The effect on emissions remains limited, consistent with the
muted response of quantities documented above.

By contrast, capital uncertainty has little effect on the SCC or on temperature. In our
calibration, this reflects the fact that the prudence effect — whereby consumption risk raises
the marginal utility of future consumption — is largely offset by the risk premium on capital.
In particular, because climate damages are proportional to output, the effective ‘climate beta’
is close to one, while intertemporal inequality aversion (n = 1.35) is of similar magnitude. In
a model where = 3, a negative shock to GDP will increase marginal utility and decrease
damages in equal proportion (Dietz et al., 2018; van den Bremer and van der Ploeg), 2021]).
As a result, the carbon price will not be affected by growth/macroeconomic uncertainty, as

is the case in (Golosov et al.| (2014]). Capital uncertainty nonetheless contributes to dispersion
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Figure 6: The effect of temperature and capital shocks on the mean SCC/Pigouvian tax,
temperature and clean capital. The orange model has uncertainty on temperature and the
three productive capital stocks, the green model only has temperature uncertainty and the
red model only has capital uncertainty. The boxplots show percentiles P10, P25, P50, P75
and P90.

in clean capital, particularly in the second half of the century (panel , where investment
dynamics are more responsive to economic conditions.

Figure m reports impulse response functions (IRFs) for shocks to temperature, final-good
capital, and clean capital. These IRFs can be interpreted as local measures of how much the
planner can adjust the transition path in response to realised shocks.

The left column shows the response to a positive temperature shock of +0.1°C. Despite
a noticeable increase in the carbon price (see Appendix , emissions decline only modestly,
by around 0.2 GtCOaqe in the very long run. As a result, the temperature response remains
highly persistent. Note that in a model without emissions inertia, we would see an immediate
reduction in emissions in year one followed by a gradual return to zero, both for emissions
and for temperature. By contrast, in our model, adjustment costs lead to a ‘sticky’ emissions
response, taking decades to adjust. And as temperature is the result of cumulative emissions,
we obtain a ‘super sticky’ temperature.

The middle column shows the response to a positive shock to final-good capital. Higher
capital raises energy demand, leading to an increase in both clean investment and emissions.
The expansion of clean capital is limited due to adjustment costs, so part of the additional
energy demand is met by decelerating stranding of dirty capital. This highlights the role
of energy as a bottleneck: macroeconomic expansions translate into higher emissions when
clean capacity cannot adjust quickly enough.

The right column shows the response to a positive shock to clean capital. The immediate
effect is a reallocation away from clean investment, but this is limited because clean invest-
ment is already close to its maximum expansion path. Over time, higher clean capacity

supports higher output and energy demand, leading to a partial rebound in emissions. The
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Figure 7: Impulse response functions. Columns correspond to a positive shock on tempera-
ture, final capital and clean capital respectively. Rows show the response of final investment,
clean investment, emissions and temperature. Investment is expressed per unit of effective
labour. The size of the shocks corresponds to three standard deviations. The response is the
mean difference compared to the baseline for 10,000 Monte Carlo runs.

shock is absorbed only gradually, reflecting both capital persistence and the central role of
energy constraints in shaping investment dynamics.

Across all shocks, a common pattern emerges: prices adjust more than quantities. While
the planner responds actively through the carbon price, emissions respond only modestly,
especially in the short run. This reflects the fact that the transition is constrained along two
margins. Farly on, emissions reductions are effectively predetermined by the retirement of

the dirty tail. Thereafter, adjustment is governed by the costs of expanding clean capital
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and substituting away from the last remaining dirty capital. As a result, the scope for ez

post adjustment of the transition path is limited.

7 Discussion

This paper studies optimal climate policy when the low-carbon transition is constrained by
frictions in retiring dirty assets and scaling clean capital. We embed empirically disciplined
heterogeneous dirty capital and adjustment costs in a general equilibrium model. We show
that optimal policy entails rapid near-term decarbonisation. The key mechanism is a ‘dirty
tail” of highly emissions-intensive assets that can be retired at relatively low cost, delivering
a sharp initial decline in emissions. As the transition unfolds, the margin of adjustment
shifts from early retirement of the dirty tail to the expansion of clean capital. Accordingly,
stranding costs are not strongly binding, whereas limits to clean investment constitute the
central bottleneck. Extending the analysis to a stochastic setting reinforces this picture: un-
certainty primarily affects temperatures and marginal damages, while optimal emissions and
investment paths remain comparatively insensitive, reflecting the limited flexibility created
by capital inertia and the front-loaded optimal retirement of the dirty tail.

Here we benchmark our quantitative results against the existing literature as a consistency
check, showing that our model delivers (i) carbon prices, (ii) abatement costs, (iii) energy
demand, (iv) stranded dirty capital and (v) risk premia that are broadly in line with recent

work, and that any differences can be traced to identifiable features of our model:

(i) We estimate a Pigouvian carbon tax/SCC of $181/tCOqe in 2025, rising to $331/tCOqe
by 2050. These values are consistent with recent work reporting substantially higher
SCC values, as discussed in the introduction. The consistency comes primarily from
rapid climate dynamics (Dietz et al., 2021)) and high damages (Howard and Sterner,
2017) that recent studies share.

(ii) We compare the MAC curve implied by our model to the range of MACs in the IPCC
ARG6 and NGFS scenario databases (IPCC, 2022, NGFS, [2024). Our implied MAC
curve lies within the interquartile range of other IAMs (Figure [A3]in Appendix [F.2),
except near current emissions levels. The very low initial MACs in the IPCC/NGFS
models are partly explained by those models solving a cost-effectiveness/Hotelling-type
problem under relatively high discount rates of 4-5% and ignoring macro-economic
adjustment costs. The consistency of our estimates with other IAMs is reassuring
given that we do not explicitly target them in calibration.

(iii) Our model implies a temporary decline in the aggregate energy input F of around 10%

over the first decade of the transition. While E is not directly comparable to standard
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(iv)

IAM energy aggregates, this pattern can be benchmarked against global final energy
demand in the IPCC ARG scenarios (IPCC| 2022). Using reported ranges for 2020 and
2030, one can construct conservative outer bounds for the implied change in energy
demand of roughly 80-130 on a 2020=100 index. Our projected decline lies comfortably
within the range.

Our estimates of stranded assets are also broadly in line with the literature, once
differences in definitions are taken into account. The stock of stranded dirty capital
peaks at around $4 tn (about 3.6% of initial GDP). Direct comparison is difficult, since
stranding is defined differently, often measured in physical rather than monetary units,
and typically focuses on narrower sectors. von Dulong (2023) and Fofrich Navarro et al.
(2026) estimate stranded fossil power assets of $500 bn in a 2 °C scenario, while Edwards
et al.[(2022) estimate stranded coal assets of $0.6-1 tn alone. Using a different definition
of capital stranding, Burda et al.| (2025) estimate losses equal to 1.46% of GDP under
ambitious climate policy. Since our analysis covers the entire productive system and
identifies the optimal stranding path endogenously, our estimates are naturally larger.
Nevertheless, they remain broadly consistent with the existing literature.

We find a small effect of mean-preserving temperature uncertainty on the SCC. Other
studies investigating climate uncertainties and tipping points find similar results (Cai
and Lontzek, 2019; (Crost and Traeger, 2014; van den Bremer and van der Ploeg,
2021)F_3] First, although cumulative temperature shocks lead to large uncertainty over
a century, the yearly effects are modest compared to other shocks. A one standard
deviation shock on temperature leads to a 0.1% reduction in GDP, which is less than
a tenth of the observed standard deviation of world GDP. Second, on an optimal
trajectory, shocks are less harmful, as marginal damages are balanced with abatement
costs. On an non-optimal trajectory, however, the risk premium on the carbon price

can be substantial.

The concentration of emissions in a relatively small set of highly emissions-intensive assets

— the dirty tail — implies that effective mitigation can, in principle, be achieved by targeting

a limited subset of the capital stock. In our model, a Pigouvian carbon price implements

this outcome directly. Experience shows, however, that a global carbon price is difficult to

implement at the required scale and credibility.

This motivates an inquiry into second-best instruments that could more directly target

the dirty tail. To start with, one could relax the assumption of a globally harmonised

13Cai and Lontzek| (2019) find that increasing the RRA from 2 to 5 increases the SCC by a mere 3% (Fig.
7 therein). In|Hambel et al.| (2021)), the effect is 3% for the Dell et al.|(2012) damages calibration and n = 1
(Table 6 therein). The effect is barely visible in |Crost and Traeger| (2014), SM Fig 5.
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carbon price and consider differentiated prices, presumably lower in developing countries.
While inefficient from a global perspective, this may still be sufficient to incentivise early
retirement of the dirty tail given the low costs involved. Moving beyond Pigouvian carbon
prices, a range of policy options exists. In a national context, these include government-
mandated phase-out schedules, reverse auctions, performance or rate-based standards, and
feebate schemes. In an international context, they include targeted finance and technology
transfer to support early retirement of high-emissions assets in developing countries. Existing
initiatives, such as Just Energy Transition Partnerships under the Paris Agreement and coal
transition vehicles, provide examples of this approach.

Our analysis also highlights the importance of easing bottlenecks on the clean side of
the transition. Constraints on the rate of clean capital expansion — arising from manufac-
turing capacity, supply chains, permitting, and infrastructure — materially affect the pace of
emissions reductions, especially after the dirty tail is eliminated. This points to the impor-
tance of policies that relax these constraints, including support for manufacturing capacity,
permitting reform, grid infrastructure, and supply chains for critical materials.

An effective second-best policy mix therefore combines targeted measures to accelerate
the retirement of the dirtiest assets with broad-based policies to expand clean capacity.
Early stranding of the dirty tail delivers large emissions reductions at relatively low cost,
while accelerating clean investment addresses the binding constraint on the speed of the
transition. Designing policies that achieve this combination in practice remains an important

challenge.
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Appendix A Social planner solution of the determin-

istic model

This appendix finds the social planner’s solution of the deterministic model.

The objective function for the deterministic model is

/0 - ePfLwl/f)n_ndt. (A1)

Expressed per unit of effective labour, the objective can be rewritten as

°° () 0 2 (&)
/ exp(—pt) A ”L% dt = / exp| —(p— gr+ (n = Do)t | A0)L(0)>{*2— dt
0 — 0

(A2)
where we define the effective discount rate as r — g with r = p+ng— g, being the population-
adjusted Ramsey rule. Production, energy and consumption follow equations [1], [2] and [I§]

The Hamiltonian of the model is

el

H:

+)\kf Zf—ka— 5+g—|—gL)kf>
A’“C( xk—— §+g+gL)k>

+ Ak <zd — 12d>oxk (0+g+ 9L>kd>

+ N (—(6 4+ g+ gr)ks + 15,<0(—ia))
+ N P(kg, ky),

where each shadow price is multiplied by its respective equation of motion (ex: S =
P(kq, ks)). Defining a; = i;/k;, the first-order condition (FOC) with respect to clean capital
is

¢ =\ (1 — 2ya.) , (A3)
and the equivalent applies to final capital.

For dirty investments, we have three FOCs associated with three regimes: negative in-
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vestment, no investment, and positive investment{”]

g <01 2xsaqc T+ N — \kd =0, (A4)
iq=0: M < \ka, (A5)
ig>0: ¢ =\4(1—2yay). (A6)

In the FOC of the negative investment regime, the first term involving i4 is negative and
captures the adjustment cost of stranding. The shadow price of stranding capital, A\*s, reflects
the welfare gain from replacing a unit of dirty capital with the highest emissions intensity
by one with the lowest emissions intensity. Over the stranding period, A*s declines as the
emissions intensity of the dirtiest capital decreases.

The shadow price of dirty capital, \*, reflects two opposing effects: the productivity
of dirty capital as well as the marginal emissions associated with dirty capital, P, (which
reflect the emissions intensity of the least-polluting remaining units when dirty capital is
heterogeneous). As a result, the initial sign of A is ambiguous. During the stranding
phase, the decline in k, raises the marginal productivity of dirty capital, so A*¢ increases up
to the point where it equals A\** when iy = 0.

The FOC for zero investment is a regularity condition. If it were violated, it would
be optimal to simultaneously invest in and disinvest from dirty capital. In that case, the
problem would not be concave in 74, and multiple local optima could arise. The FOC for
positive investment is the same as for the other capital stocks.

The current-value costate equations are

N = (1 — AT — ¢y + AN (54 g + g1 — va?) (A7)

Ao — (r — g))\kc —c My, + NFe (5 +9+9rL— Xaz) (A8)

Ned — (r — g))\kd —c " (ykd + 1id<oxsa§) + \ka (5 +9+ gL — 1z'd>0XCL(21) — )\SPkd (A9)

4Tn the numerical applications, we use a softplus function sp_(ig) = In(1 + exp(eid)) /e to smooth the

kink. Its derivative is the sigmoid function ¢.(ig) = spL(iq) = m This leads to a single FOC:

(se(ia) + Liy<o2Xsaa) ¢+ (1 — s (iq)) N¥* = M (1 — 1;,50 2xaq) .

Note that we smooth the payoff kink but retain regime-dependent adjustment costs.
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N = (r 464 go) N = AP, (A10)

A= (r—g)A¥ — ¢ (—yVCZS — YeCcbM (A11)

1
M(0)
Integrating Equation (A11]) shows that the shadow price of cumulative emissions corre-

sponds to the sum of the social cost of carbon and the marginal social benefit of technological

learning,

o —(r—g)(t—t -n 2 1
A1) = = [ et er) [ymwc S<T>+ye<7>e€<7>eMM(O)] ar o (A12)

At the optimum, the shadow price of emissions, \°, determines the marginal abatement
cost (MAC). To obtain an expression for the MAC, we compare the optimality conditions
for clean and dirty capital.

Start by rewriting the costate equation for k. as follows:

}\k'c 777
r+gL = I\ )\k ~—— Yk, — O + xat. (A13)

This equation is a Ramsey-type Euler equation with adjustment costs: the left-hand side
is the discount rate adjusted for population growth, while the right-hand side gives the 4
components of the return on capital: capital gains, dividend yield (multiplied by Tobin’s q),
depreciation and adjustment costs (increasing k. leads to lower adjustment costs).

Combining this with the FOC for clean investment, and defining gJI- = ij /ij and g;* =

e/ kej, yieldd?]

9e — 9o
T+ gL +n- +5—(1—2xac)ykc+xa2+,‘;c701. (A14)
2Xic -
Applying the same steps to dirty capital (for non-negative investment) gives
¢ 9a—91 N
r g 0= (1= 2xaa) gy + xaa + G + 33, P (A15)

2xtq

Subtracting the clean-capital equation from the dirty-capital equation eliminates the
common left-hand side and yields an expression linking the shadow price of emissions to the

wedge between dirty and clean returns.

5Note that —né/c is close to zero and that 7 includes the growth of A.
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Defining the MAC in per-effective-labour consumption units as

MAC & 7S¢, (A16)
we obtain
I_ K I_ K
(1= 2xaa) yr, — (1 = 2xac) y, + %70 — %% + xaf — xa?
MAC = g . (A17)

Pkd (1 — 2X&d)

For negative investment, an analogous derivation yields

Uk, + Xs03 — 2xs0a (1 + gr 40 + 0 — g + gIF)

MAC = —X\°¢" =
Py, — P,

. (A18)

To give insight into the meaning of the shadow price of ks, we integrate its costate
equation |19
No(t) = [ et E03S () Py () dr. (A19)

t
This shows that the shadow price is positive and corresponds to the difference between the
highest and lowest emissions intensity of dirty capital, valued at the social cost of carbon,
discounted at the sum of the discount rate and the decay rate of capital. A\* is initially de-
creasing because Py, decreases as we go down the stranding function (while k; is increasing).

g,i ((TT)) increases at rate g + g, — g4. The shadow

Thereafter, \*s can be increasing because

price of k, has the following steady state,

h o AP

= — A20
r+9+g9r ( )

In the stochastic model, we assume that ¢, () = g4,(0)+(g9 + g2 — 94(0)) (1 — exp(—ggwt»,
where g, is a parameter governing the convergence speed of g,. This converges to g+ gy, to
avoid ever-increasing Py, (it will also stabilise Py,). This helps convergence of the algorithm
as it allows for a well-defined steady state.

In the steady state, the transversality condition of ¥ imposes kg = 0, therefore, iq = 0,

and using Nrd = () gives the steady state shadow price of dirty capital

_ Yk APy,
r+d+ 9

AP : (A21)

16The general solution to the differential equation includes a term ke("t9+92)t with k the integrating
constant. From the transversality condition lim;_, . A¥se~("=9)* = 0, it follows that k = 0, which we make
explicit in the numerical optimisation by imposing bounds [0, 1] on A¥s.
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which is positive because yy, > r+0d+gr. Finally, in the steady state we also have A\¥ = \Fd,

A.1 Dirty capital, stranding and emissions

This subsection characterises how heterogeneous dirty capital translates into aggregate emis-
sions and how stranding affects marginal emissions.
Dirty capital is heterogeneous in its carbon intensity, indexed by ¢. The stranding function

has the exponential form
W(kai) = e 9! (1/11€_¢2kd’i + 1/13) : (A22)
Integrating over dirty capital yields emissions. Initial emissions are:

P(0) = Z;( e-w2kd<0>)+w3kd(0). (A23)

Dirty capital decays at rate 0 F_7] Emissions at time ¢ are hence

P(t) = A(0)L(0) exp((g + gz — gu)t)

x {jﬁ’%’; o ka0 ) - exp(—wzkdm))] o
+%m}
The marginal effect of dirty capital on emissions is:
= ALO) expl(g + 91— 0)0)

U ks 1 ks U1
{%exp< wzkd(o)kd+ks> [kd( 0) w2kd+k ] RO) exp(—wzkd<0))+¢3}‘

For stranding, the marginal emissions reduction is larger. The reduction from stranding

one unit of capital is:

or _op
Okg Ok,

= A(0)L(0) exp((g + g — gu)t) (% exp(—wgkd( ) ) + wg,) . (A25)

kd—l-k’

"Due to this decay, the carbon intensity of a given type evolves as 1/J(/€d,i kkdﬁ%) ) During periods of

negative investment, kkdﬁ?c) = ¢, During periods of positive investment, newly installed capital is of

average intensity. As a result, the least carbon-intensive type remains 1;e~%2k4(0) 43,
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This uses:

= — ALO) explg+ g — )0

Py 1 ks
X { — %k:d(()) [exp (-%lcd(o) kg + k8> - eXP(—%kd(O))]

ks
+ 77Z}1 k?d + k’ eXp<—¢2kd(0) kd + k’5> }

The term 88712 declines rapidly over time, despite the positive growth rate g + gr — gy,

because the marginal impact of additional stranding decreases as k; becomes large. In

addition, o +k — 1. This behaviour is partly driven by the softplus smoothing but is not
quantitatively important, as g—i only affects A*s, which becomes irrelevant after the initial

stranding phase.
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Appendix B Decentralised competitive equilibrium

This appendix presents a decentralised competitive equilibrium corresponding to the model.
All quantities are expressed in levels. This choice is natural for the decentralised equilibrium,
which describes ownership, prices, market clearing, and policy instruments measured in
physical and monetary units (e.g. tonnes of emissions, carbon prices per tonne).

Markets are competitive and all technologies exhibit constant returns to scale in priced
inputs, implying zero static profits. Households choose consumption; firms solve dynamic
investment problems with adjustment costs, and the shadow values of installed capital deter-
mine investment through standard g-theory conditions; government policy internalises the

climate externality and the learning-by-doing externality arising from abatement.

Households

The representative household supplies labour inelastically and owns all productive capital
stocks. Its financial wealth W is the market value of final-good, clean-energy, and dirty-
energy capital,

W = qs Ky + g Ke + qaKa, (A26)

where ¢; denotes the price of one unit of capital of type j. Stranded capital K earns no
rental income and has no market value, so it does not enter (A26]).

The household chooses a consumption path {C'};>o to maximise

o] 1-n
/ e (G (A27)
0 1—n

subject to the wealth-accumulation equation

W =#W +wL+TR - C, (A28)

where w is the wage and TR are lump-sum government transfers. In equilibrium, no arbitrage
implies that all assets yield the same return #, which is the discount rate used by firms. The

household’s optimality condition for consumption is the standard Euler equation

F=p+ngc/L, (A29)

where gc/p, is the growth rate of consumption per capita.

92



Final-Good Firms

Final-good firms produce output using

afer

Y = (AL)'" (g, K7 +opEY) " Q, (A30)

where climate damages are
Q= exp(—gT2) . T=¢S, $=P (A31)

Final-good firms choose labour, energy inputs, and investment to maximise the present
discounted value of profits. Let ¢y denote the shadow value of installed final-good capital.
The firm solves

V, = /°° ftf(s)dS{Y— L—ppE — I, dt. A32
s wL —ppk — Iy (A32)

subject to the capital-accumulation equation

. I3
K;=1I;— XKff — K. (A33)

The static FOCs for inputs are

oY oY
-~ = . A34
YTor PPTeE (A34)
The investment FOC is
Iy
1= 1—2y=—=* A35
and the costate equation is
Y PPN A R (A36)
=|7r — _ .
i &2)Y 0K,

Energy Sector

An integrated energy firm owns and operates both clean and dirty capital. The integrated
representation makes transparent how the composition of energy supply responds to prices
and policy, because the trade-off between clean and dirty capital is internalised within a
single optimisation problem. However, an equivalent equilibrium could be obtained with

separate clean- and dirty-energy firms.
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Energy output is produced using the CES aggregator
E = [pa(Kq+ &) + oK (A37)

where the time-varying substitution parameter ¢; is determined by

T -0
6 =1-2C PO we 4 (1— ) (Aj‘j) . (A38)
0

g0

Cumulative experience evolves according to
t
M = Mo+ /0 (Poav — Pw)) du. (A39)

Emissions are generated by dirty capital and depend on the composition of the remaining
dirty-capital stock. Let K, denote cumulative stranded dirty capital, interpreted as the
amount of the highest-emissions-intensity dirty capital that has been retired. Then aggregate

emissions can be written in reduced form as
P = P(Ky, K,), (A40)

with op op
P =—>0 P = 0. A4l
Ko = oK, K = oK. © (Adl)

The dependence on K, captures the idea that stranding the dirtiest units of dirty capital

lowers the emissions intensity of the remaining stock. This reduced-form representation is
the decentralised counterpart of the planner’s emissions block.

The energy firm maximises the present discounted value of profits,

Vg = max /0 P RO L P oy - S (PBAU — P) — L. =1y 0ls— O] dt, (A42)

{Icyld}
subject to
. I2
K.=1.—x-*% —-0K,, A4
X% (A43)
. I2
Kq= 15— 1(1,0 X7eo ™ 0K g4, (Ad44)
d
K, = max{—1I;,0} — 0K, (A45)

where 7p is a carbon tax, s is an abatement subsidy (more on these just below), and

© = 1(;,<0)xs13/Ka is the stranding cost.
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Let q., q4, and ¢, denote the shadow values of clean, dirty, and stranded capital. Because
negative dirty investment simultaneously reduces active dirty capital and increases stranded
capital, the marginal condition for I; < 0 depends on both ¢; and ¢,. The investment FOCs

are

I
l=¢q. (1-2y—), A46
q ( XKC) (A46)
I
1=gqu (1 — zxd) : I, >0, (A47)
K4
I
0=qs—qs — 2Xs d 1, <0, (A48)

Ea

and the costate equations are

Ic? oF
= (6= =) g — i Ad
e <r+5 XK02> O T (A49)
.. I g OF op
qa = <7“ +0 - 1Id>OXKd2> da — 1Id<0Xs?3 ~PERR, + (1p — SA)iaKd, (A50)
oP

4s = (f + 5)(]5 + (TP - SA) (A51)

oK,

Government

The government levies the tax 7p on emissions P and pays the subsidy s4 per unit of

abatement
A = Pgau(0) — P.

Its flow budget constraint is
TpP = s4A+ TR, (A52)

with transfers rebated lump-sum to households.

Induced technical change operates through cumulative abatement, via its effect on TC
and hence on ¢;. We assume it is fully externalised. The planner’s shadow value of emissions
therefore contains two components: marginal climate damages and the marginal value of
induced innovation. In the decentralised economy we represent these using a “damage-only”
carbon tax 7p and an abatement subsidy s4 paid per unit of emissions reduced relative to
a BAU benchmark. An equivalent representation is a single adjusted carbon price equal to
the full marginal social value of emissions; both formulations implement the same wedge

(Tp + s4) in the dirty-capital condition.
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Market Clearing and Feasibility

Capital and labour markets clear. Goods market clearing is given by
C=Y —1I;—1I.—1,50ls—O. (A53)

When I; < 0, dirty capital is scrapped without salvage value and disinvestment does not

add resources for consumption or investment.

Competitive Equilibrium

Definition 1 (Competitive Equilibrium). Given policy paths {Tp,sa} and initial states
K(0), K.(0), K4(0), Ks(0), S(0), a competitive equilibrium consists of allocation paths,

price paths, and transfers such that:

1. households choose consumption to mazimise lifetime utility subject to their wealth-

accumulation equation and take prices and transfers as given;

2. final-good firms choose inputs and investment to maximise their value, taking prices as

given and satisfying their FOCs and costate equation for capital accumulation;

3. the energy firm chooses clean and dirty investment to maximise its value, taking prices
and policy instruments as given and satisfying its investment FOCs and costate equa-

tions, including adjustment and stranding costs;
4. the government budget constraint holds;
5. labour, capital, and goods markets clear; and

6. state variables evolve according to the laws of motion specified above.

Decentralisation

Proposition 1 (Decentralisation of the Planner’s Allocation). Let (-)* denote an allocation
that solves the planner’s problem in the main text. Let u'(¢*) = ¢*~" denote the marginal
utility of consumption along the planner’s allocation, and let \g be the planner’s shadow

value of cumulative emissions. Decompose

As = AFTC 4+ A5°,
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where \3°C captures marginal climate damages and NEC captures the marginal value of in-

duced technical change. Define policy instruments

TC
As

<’

)\SCC
7_dau[nage _ s §* — —
P - =N ’ A T

(A54)

Then the planner’s allocation can be decentralised as a competitive equilibrium under the
. damage &

policy paths (Tp , S A).
Equivalently, the same allocation can be decentralised using a single adjusted carbon price

equal to the full marginal social value of emissions.

Proof sketch. To compare the decentralised equilibrium to the social planner’s solution, con-

vert the shadow prices g; in consumption units to shadow prices A; expressed in utils,

, _ I\
g =XNc"=N <(C/ )> (A55)
A
G _N ¢
& PV +s (A56)

where we use gc/ = % + g. With this transformation and using 7 = r + g, + 7]%, the firms’
FOCs (A35] [A46], [A47]and [A48) are identical to the planner’s (A3[A4] [A6). Similarly, costate

equations [A306], [A49A50], and [A5T] result in costate equations [A7] [A8] [A9] and [AT0] O

The decentralisation result assumes that private agents and the social planner share

the same discount rate. If private discounting differed from the social rate, additional in-
tertemporal wedges would arise and the carbon-price path would no longer decentralise the
planner’s allocation (Barrage, 2018). The result also assumes that policy instruments are
credible and that the policy-maker can commit to future carbon taxes and abatement sub-
sidies. Because preferences are time-separable and discounting is exponential, the planner’s
problem itself is dynamically consistent (Iverson and Karp, [2021)). However, as in standard
investment models with irreversible capital and adjustment costs, lack of policy commitment
could distort private investment incentives through hold-up effects or induce deviations from

the Ramsey carbon price path. We abstract from these issues here.
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C.1 Calibration table

Appendix C Further details on calibration

Table A1l: Parameters and initial values in the central scenario

Parameter Symbol Value Source

Production

Initial TFP value Ao 8.09 Calibrated to match Yy
TFP long-run growth rate ga 0.02/yr By assumption

Initial population Ly 8.16 bn 2024

Population growth rate gL 0.0029/yr 2024

Output elasticity of capital-energy e 0.3 Standard

Share of E in final good production YE 0.00005603 Implied by s = Yre
Share of K in final good production oy 0.999944 Implied by ¢ =1 — ¢g
Elasticity of K- substitution of 0.2 In line with literature
Energy and emissions

Share of K, in energy production ©d 0.696 Implied by Yre = Yra
Share of K, in energy production Ve 0.304 Implied by ¢4 =1 — @,
Initial elasticity of K4-K, substitution o9 2 Papageorgiou et a1.|q2017p
Initial GHG emissions Py 53.2 GtCO2e Crippa et al. 2025P
Emission intensity premium 1 6.120 Estimated (Section
Emission intensity decay rate o 0.729 Estimated (Section
Emission intensity floor 3 0.767 Estimated (Section
Emission intensity exogenous decline rate 9y 0.01/yr 1\
Capital

Initial final good capital Ky $321.3tn Implied by balanced growth path
Initial dirty capital Kap $58.4 tn Estimated (Section
Dirty capital shifter 13 0.01 By assumption

Initial clean capital Ko $11.3tn Implied by K40 and
Asset lifetime LT 34.65 years Calibrated to match g4
Depreciation rate ) 0.04 In line with literature
Adjustment cost parameter X 1 Calibrated (Section [4)
Stranding cost parameter Xs 5 Calibrated (Section [4)
Std. dev. of capital Brownian motion oK 0.015/yr'/? |Van den Bremer and van der PloegNQ()le
Clean technological progress

Rate of exogenous technological progress 9o 0.027/yr |Coppens et al.|q2025p
Exogenous learning weight parameter w 0.5 By assumption
Cumulative abatement at ¢, M, 50 GtCOqe Coppens et al.|(2025
Elasticity of TC' to cumulative abatement 0 0.211 Coppens et al.|(2025
Damages and warming

Temperature increase in 2024 To 1.38°C 'WMO l\

TCRE ¢ 0.0006 °C/GtCO, ;HIPCC (2021}

Climate damage function parameter y 0.0201 Howard and Stcrncrl 02017 I)
Std. dev. of T' Brownian motion or 0.0265°C/yr'/2  [IPCC|(2021

Preferences

Elasticity of marginal utility of consumption n 1.35 Drupp et al.
Relative risk aversion RRA 4

Utility discount rate p 0.011/yr Drupp et al.
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C.2 Construction of firm-level stranding metrics

Selection of sectors to analyse

We identify the most polluting sectors using Eurostat data on EU sectoral GHG emissions,
the only major source reporting emissions using NACE categories, and retain productive
sectors emitting more than 50 MtCOse, excluding households. This yields the following 22
NACE level 2 sectors: B05-09 Mining and quarrying; C10-12 Manufacture of food, beverage
and tobacco; C19 Manufacture of coke and refined petroleum products; C20 Manufacture of
chemicals and chemical products; C23 Manufacture of other non-metallic mineral products
(including cement); C24 Manufacture of basic metals (including iron, steel and aluminium);
D35 Electricity, gas, steam and air conditioning supply; E37-39 Waste management; F41-43
Construction; H49 Land transport and pipelines; H50 Water transport; H51 Air transport.
We exclude agriculture because of concerns about the comprehensiveness of company-level
non-CO2 emissions reporting in Orbis. We validate this sector selection against global sec-

toral emissions data from |Crippa et al.| (2025)), converted to NACE categories.

Sector-specific scaling factors

This section describes the construction of sector-specific scaling factors that reconcile firm-
level emissions from Orbis with sectoral totals from EDGAR and UNFCCC. For each NACE
sector 7, the goal is to obtain a multiplicative factor s; such that scaled Orbis emissions match
the corresponding external benchmark, under the assumption that the share of emissions
captured by Orbis is representative of the uncovered remainder.

We start from the EDGAR emissions dataset (Crippa et al., 2025)), which reports 2024
country-level and global GHG emissions by sector using IPCC| (2006) categories. The emis-
sions data reported by UNFCCC (2026]) are less recent and less geographically compre-
hensive, but in some cases more disaggregated across [PCC| (2006)) categories. Whenever
available, we therefore use UNFCCC sub-sector shares to further split broad EDGAR sector
aggregates. Before doing so, we adjust for differences in the treatment of agriculture and
LULUCF emissions between the EDGAR/IPCC accounting framework and the UNFCCC
Common Reporting Framework (CRF).

Next, we map the resulting IPCC/CRF sectoral emissions to the NACE Rev. 2 level-2
categories used in Orbis, using the CRF-NACE correspondence table in |Eurostat| (2015,
Annex I). Several adjustments are needed for consistency. First, when a CRF category
maps to multiple NACE codes, we split its emissions equally across them. Second, the table

includes entries mapped to the label ‘CS’, denoting country-specific reporting categories
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Table A2: Sector-specific scaling factors s; (multipliers) applied to Orbis firm emissions.
Shown values are rounded to the third decimal place.

NACE sector 55 NACE sector 55 NACE sector 55

B5-10 3.244 (€23 2.304 F41-43 0.470
C10-12 2937 C24 1.006  H49 10.716
C19 1.477 D35 5.595  H5H0 2.271
C20 2.462 E37-39 13.125 H51 2.380

without a harmonised CRF definition. We conservatively exclude ‘CS’ codes when splitting
emissions. Whenever a CRF subcategory is associated uniquely with a ‘CS’ label, we exclude
the corresponding emissions altogether; this implies a loss of about 2% of total emissions.
Finally, the label ‘01-99” also appears, for which insufficient information for sector-level
allocation is available. We therefore treat it in the same way as ‘CS’. In practice, this causes
no additional loss of emissions, because ‘01-99” always appears alongside other well-defined
sectoral codes.

Let E'JEDGAR denote the resulting benchmark emissions allocated to NACE sector 7, and
let EPRPIS — 37, e; the corresponding unscaled ORBIS sector total. We define the sectoral

scaling factor as
EEDGAR
— J

J

Scaled firm emissions are then given by e = s, e;, where j(¢) is firm s NACE sector.

By construction, Y, € = EFPEAR for each sector j. Table reports the resulting

scaling factors.

Asset age structure

For some companies, physical asset values are observed only for either K, or K;. In these
cases, we impute the missing value so that implied asset age equals the mean age among
firms for which both are observed, separately by asset sub-category. In total, 618 companies
have at least one imputed capital value, mostly in ‘Other plant, property and equipment’.
LT and § must be determined jointly to reconcile: (i) the linear depreciation structure
applied to Orbis data; and (ii) the exponential depreciation structure in the model. We
do so by matching the asset economic half-life across the two settings, i.e. the number of
years required for the asset’s value to fall to half its original level. Since economic half-life
is LT/2 under linear depreciation and In(2)/d under exponential depreciation, we obtain
LT = 21In(2)/4, and therefore set d; = 0.04 and LT = 34.65 years jointly. These values are

consistent with both depreciation rates used in models with long-lived physical assets and
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Forward-Looking Emission Intensity
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Figure Al: Plant-level forward-looking emissions intensity (FLEI - upper panel) and strand-
ing cost per cumulative emission (SCCE - lower panel). Total observations: 5,073 (coal);
6,951 (gas). The width of each bar is proportional to the monetary value of power plants
(upper panel) or the amount of embodied emissions (lower panel). FLEI/SCCE values are
winsorised at 99%.

empirical estimates of typical physical capital lifetimes (see for instance 2020)).

C.3 Plant-level analysis

This section replicates the estimation procedure presented in Section [ using plant-level
rather than company-level data. A fully comprehensive plant-level dataset encompassing all
productive sectors would be ideal, but plant-level information remains sparse outside power
generation. We therefore provide complementary evidence in support of our company-level
results using the Global Coal Plant Tracker and the Global Oil and Gas Plant Tracker of
(2026). These dataset report generation capacity and commissioning year for more
than 5,073 operating coal plants and 6,951 gas plants worldwide. Given our chosen value
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of LT, the commissioning year allows us to infer each plant’s remaining lifetime, LT — a.
While GEM]| (2026) also offers asset-level estimated emissions for coal plants, we estimate
emissions for gas plants ourselves, combining capacity data with country- or region-specific
utilisation factors from IPCC| (2014)) and a single technology-wide lifecycle emission factor
of 490 gCOzeq/kWh (IPCC, [2006)).

To approximate plant monetary values, we convert capacity into capital values using
Overnight Capital Costs (OCC) estimates. OCCs cover pre-construction, construction, and
contingency costs, and are routinely used in technology comparisons and levelised cost of
electricity (LCOE) calculations. Using region- and technology-specific OCC estimates from
von Dulong] (2023)), we construct K, = GW x OCC x (LT — a)/ LT[

We then follow the same steps as in Section [l Results are shown in Figure where
colour indicates plant location and colour transparency the technology.. Despite the different
calculation strategy, plant-level results closely match the company-level patterns discussed in
the main text. Coal and gas power plants represent the very left end of both the company-
level SCCE and FLEI plots, where companies owning fossil power plants would appear.
We confirm that abating emissions through stranding appears to be relatively inexpensive:
almost the entire global fleet of coal and gas plants, when considering current and future
emissions, can be stranded at a cost below 20$/tCOse. The figure also shows that most fossil
power plants — including those that should be stranded first — are located in China, India
and other Asian countries, raising geopolitical questions about the feasibility of a global

dirty-asset stranding strategy.

C.4 Calibration on the BAU steady state

We use steady-state conditions to pin down the two CES share parameters, ¢4 and g, as
well as the initial final-good capital stock k(0) (and hence K;(0)).

Expressed in units of effective labour, the equations of motion for the three productive
capital stocks can be written as

. 72
kj =i = X7 = 0+ g+ gu)k;.
J

We also define the ratio of dirty to final-good capital as 8; = (kq + £)/ks and the ratio of

18von Dulong (2023)) reports overnight capital costs for coal (first value reported) and gas/oil power plants
(second value): 3,095/8128/kW (Australia); —/906$/kW (Canada); 2,000/1,0008/kW (EU); 2,419/1,109%/kW
(Japan); 1,151/9738/kW (Korea); —/6018/kW (Mexico); 2,100/1,0008/kW (US); 2,153/9148/kW (Other
OECD countries); 2,189/8473/kW (Brazil); 800/5608/kW (China); 1,200/700$/kW (India); 1,396/702$ /kW
(Other non-OECD countries). OCC values only for gas/oil plants are available for two countries: 906%/kW
(Canada); 601$/kW (Mexico)
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clean to final-good capital as 0. = k./ky.

In the steady state of the model expressed in effective-labour units — equivalently, on the
balanced growth path in levels — all productive capital stocks satisfy the same law of motion.
Hence, the investment-capital ratio is common across sectors, so that a; = i;/k; = a for all

Jj € {f,c,d}. The steady-state condition /%:j = 0 then implies

1—/1-4x(0+g+g
a=xa*+(5+g+gr) & a= \/ 2)5 L). (A58)

Combining this with the investment FOCs and the costate equations for productive capi-
tal, and evaluating the dirty-capital condition in the non-stranding BAU regime, yields the
common steady-state return condition

0+7+gr —xa® _

Ykd = Yke = Ykf = [~ 2va =R (A59)

Since ¢. = 1 — @y, the condition yi. = yrq yields

9 1—e B
Pa = [() +1 (A60)
Oa
Rewriting production as
« € ever/e] /s
y =k |05 + o (pbs + 0at)) 7] 0, (A61)
and using ¢y = 1 — ¢, the condition y; = yi. yields the energy share parameter
1
<!

1+ (et + pat)
Finally, the condition y,; = R* pins down the steady-state value of final-good capital:

1
€ e\Ef/€ ajes—1 T—a
avs (@r + ¢ (pbs + pads) 0O
hy = ( I ) . (A63)

This shows that damages also have a decreasing effect on the steady state capital, via a lower
incentive on investment. Combined with equation this shows that the damage factor
in the steady state production is raised to a power ﬁ For example, for a = 0.3 an initial

damage of 3% becomes 4.3% after taking into account the feedback on capital.
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Appendix D HJB equation, It6’s lemma and optimal-
ity conditions

Consumption per unit of effective labour is a function of six state variables {ky, kq, k., ks, S, t}

and three control variables {iy, 4, %.}:

-2
.. . . . 1
C(kf7 kd? kc; ké:‘? S7 tu tr,d, ZC) =Y =ty —1lc— 1id>02d - lid<0Xsk7d- (A64)
d

This defines the value function in Equation and the recursive aggregator in Equation

(1.

The HJB equation is

1
mas { -+ IV (p, b e o, 5,10} =0,

if,ldybe

where discounting is already incorporated through the transformation to effective labour
units.

Applying It0’s lemma yields

i}
+Vi, (’if - Xl?f — (0 +gr + g)kf)
2

) 7
+Vi, (Zd - 1z'd>0Xé — (049 + g)kd)

+Vio (Li,<0(—tq) — (6 + g1 + 9)ks)

1 1 1
§dekdk30§<d + ivkckckzagfc + 5

1
+VsP + 5‘/55520'%

+ kakfk}%af(f

+w}.

Optimality conditions. The first-order condition with respect to dirty investment, away

from the kink at ig = 0, is

feciy + Vi, (1 —1;,502xaq) — Vi, 1i,<0 = 0. (A65)
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From Equation (A64]),
Ciy = —Liz>0 — Lij<02Xs0a- (A66)

Combining these expressions characterises the optimality condition for dirty investment.
The corresponding conditions for clean and final capital are analogous but do not involve
stranding terms.

The derivative of the recursive aggregator with respect to consumption is

n—RRA

fo=pc (1 — RRA)V] i mma (A67)

Carbon price. The shadow value of cumulative emissions in utility units is —Vs. We denote
partial derivatives of the value function by subscripts, e.g. Vi, = 0V/0ky, and higher-order
derivatives accordingly, e.g. Vsi, = 9°V/(0S0ks). To obtain the optimal carbon price
in consumption units, we differentiate the HJB equation with respect to S and apply the
envelope theorem.

Differentiating the HJB with respect to S yields contributions from: (i) the direct effect
of S on the aggregator; (ii) the drift terms for the capital stocks; (iii) the diffusion terms;
and (iv) the explicit time dependence of the value function. Collecting these terms gives the
shadow value of emissions in utility units.

To convert this shadow value into consumption units, we use the marginal utility of

consumption together with the first-order condition for clean capital,

fe=Vi. (1 —2xa,) .

Using Equation (A67)) to substitute for f, then yields the normalisation factor ® in Equation

(30). This delivers the stochastic carbon-price expression reported in the main text.
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Appendix E Neural nets solution method

Our algorithm is based on |Azinovic et al.| (2022)). Call x(ky, k., kq, ks, T, T) the vector of state

variables, where 7 is synthetic time defined as

—1In(1 — ot 1
Tzl—e_th(:)t:in( T)@—zi. (A68)
g- or  g.(1—71)
We approximate the policy and value functions using a neural network
N(l’) = (if> ley L, )‘ksa )‘57 U),
which maps states into optimal controls, shadow prices, and the value function.
Recursive problem. The recursive problem is
1-n —(r—g)At _ —L-n
o(m) = max { S {E[ (- m o ea) TP } (A69)
{isiciat | 1 — n 1-— n

Instead of imposing zyyar = g(@, iy, 1, 1q) directly, we treat z;,a; as additional choice

variables and impose the laws of motion as constraints. The resulting Lagrangian is

" rna ]
L= max { G At — e A {E [(—U (:l?t+At))11R?” o

ifzic»idaxt+At 1 - 77

+> > M [C’onstminti} } .

t ie{ka{C’kd?kSvS}

First-order conditions. The first-order conditions ard™]

9The derivative of the softplus function sp.(iq) is the sigmoid function ¢(gig) = m.
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The loss function is constructed as the sum of squared residuals of these first-order

conditions together with the Bellman equation.

Envelope conditions. To compute derivatives of the value function, we apply the envelope

theorem to the Lagrangian:

oL,
Vg, = (97/@:’
oL,
e = Ry
S
k‘d - akdv
oL,
KT
oL,
Vs = %

These expressions yield the analytical derivatives used in the loss function.

Implementation details. To stabilise training, we rescale variables so that inputs and

outputs of the neural network are of order one. In particular, we scale S, \°, 44, i. and v
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by factors ¢, 1/¢, 100, 10 and 0.01, respectively. Using T instead of S as a state variable is
equivalent to this rescaling.

We augment the state vector with auxiliary inputs yx,, yk., Y, and ys.

To avoid explosive adjustment costs when capital is close to zero, adjustment costs are
capped at 70% of investment. This constraint is not binding along the optimal path given
the calibration of y.

We use the first-order conditions to substitute out A\¥/, A¢ and A<, For example,
N = ¢ (1 - 2xa) "

and similarly for k. and k.

We initialise the neural network with random weights. A batch of initial states is drawn
around the initial condition and used to generate simulated trajectories. Parameters are
updated using stochastic gradient descent. The neural network has three layers with 200,
200 and 100 nodes, GELU activation functions, and dropout of 1%. We use the AdamW
optimiser with a learning-rate schedule decreasing from 7x 10~ to 1076 over 200,000 episodes.
We start with a model where n = RRA = 1.35 until the model has found a good value for
the value function v (after 100,000 episodes). Next, we gradually increase RRA and increase

the relative weight of the Bellman equation.
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Appendix F Further results

F.1 Impulse response functions
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Figure A2: Impulse response functions. Columns correspond to a positive shock on tem-
perature, final capital and clean capital respectively. Rows show the response of output,
energy and the carbon tax. Investment is expressed per unit of effective labour. The size of
the shocks corresponds to three standard deviations. The capital shocks correspond to 10%
of initial capital. The response is the mean difference compared to the baseline for 10,000

Monte Carlo runs.

69



F.2 Marginal abatement costs
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Figure A3: Validation of marginal abatement costs. Markers represent the MACs emerging
from the transition in our model. Solid lines represent the median, 25-75th percentiles and
10-90th percentiles of MACs originating from the dataset of IPCC and NGFS models running
RCP2.6 scenarios.
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