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Abstract

This paper addresses the problem of meeting a predetermined temperature
target cost-effectively under uncertainty and gradual learning on climate sen-
sitivity. An analytical solution to a stochastic cost-minimization problem
with a temperature constraint is first provided, portraying an outline of the
risk hedging solution. Then, numerical stochastic scenarios with cost curves
fitted to recent climate change mitigation scenarios are presented, illustrat-
ing both the range of possible future pathways and the effect of uncertainty
to the solution. Last, the effect of several different sets of assumptions on
the optimal hedging strategy are analyzed. The results highlight that the
hedging of climate sensitivity risk calls for deeper early reductions, although
the possibility of different assumptions prevents providing accurate policy
guidance.
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1. Introduction

The vigour with which climate change should be mitigated has been de-
bated for long. To address the question, the economic approach of weighing
costs of reducing emissions against the benefits from climate change miti-
gation has been used extensively, e.g. with integrated assessment models
tracing back to Nordhaus (1991). This approach has, however, drawn criti-
cism for incorporating judgements on intertemporal and interregional equity
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tainty on climate sensitivity is not a completely new research topic. Earlier
work by e.g. Syri et al. (2008) and Webster et al. (2008) have analyzed hedg-
ing strategies against the uncertainty, while assuming a one-shot learning
in or around 2040. Johansson et al. (2008), on the other hand, employed
a slightly more complex framework of sequential learning for valuing CH4

against the value of CO2.
This paper extends this line of research by improving the formalism of

meeting a predetermined temperature target cost-effectively under uncer-
tainty, and provide numerical stochastic scenarios on reaching the 2◦C tar-
get. First, section 2 provides an analytical solution to a schematic, recursive
cost minimization problem under a temperature limit. Although the theory
section gives insight into what the solution of the problem will look like, the
section may be skipped without a large hindrance to grasp the insights from
the rest of the paper. Second, a simplified numerical optimization model for
emission reductions and associated costs is presented. The model incorpo-
rates estimates on global reduction costs and sequential learning on climate
sensitivity, and produces stochastic scenarios for emission levels and prices.
Several different assumption sets are analyzed in order to identify factors
that affect the solution the most. Finally, a concluding section discusses
implications of the results and potential directions for further work.

2. An analytical consideration

Let us start with a theoretical model for minimizing the emission abate-
ment costs under a given temperature target. The same problem setting is
elaborated further and more explicitly in the numerical analysis in sections
3 and 4. Elements to be captured by the model include possible future emis-
sion levels, the cost associated with reaching these levels, climate dynamics
for translating the emission pathway to changes in global mean temperature,
and uncertainties associated with the climate dynamics. Some simplifications
have to be made, but only to an extent that robust implications can still be
drawn from the model.

The model assumes a baseline of greenhouse gas emissions that would take
place if no measures for emission control are taken. Control measures incur
expenses, represented by a time-dependent cost function that is increasing
with higher reduction levels. The decision maker chooses sequentially the
level of emission reductions for the current time period, while minimizing
the expected long-term costs from reductions that are necessary to meet
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(e.g. Azar and Sterner, 1996), because costs and benefits in different points
of time and location have to be aggregated into a single value.

Another source of difficulties are the uncertainties involved. Both the
damages from climate change and costs from its mitigation span several
decades or centuries. The warming induced by a given concentration of
greenhouse gases is still uncertain, and the damages to society from a given
temperature increase are even less known. Assuming a prior probability
distribution for the damages and adopting sequential decision making strat-
egy under learning, this uncertainty may in principle be hedged (Manne and
Richels, 1991; Hammitt et al., 1992; Kolstad, 1996). With a fat-tailed proba-
bility distribution for climate damages, however, low-probability catastrophic
events dominate the cost-benefit analysis (Weitzman, 2009; Ackerman et al.,
2010), making the prior distribution a critical assumption in the analysis.
Moreover, sufficiently large uncertainty might even prevent using the cost-
benefit comparison altogether (Tol, 2003).

Such concerns have prompted e.g. Ackerman et al. (2009) to suggest
temperature targets which would be set outside of any model-based balancing
of expected costs and benefits, and which would be pursued with a least cost
strategy. This is also what has happened on the climate policy arena, with
the 2◦C target written e.g. into the Copenhagen Accord of the UNFCCC.

A cost-effective solution to a predetermined temperature target is the
point of departure for this paper. The temperature target, nevertheless, has
to arise from somewhere. Should the target be a result of rational decision
making, some kind of cost-benefit analysis – if only implicit – needs to take
place. This paper does not consider the process that leads to the temperature
target, but takes it as given. As such, this paper can be seen to address solely
the cost side of the cost-benefit equation.

Although a temperature target avoids the uncertainty of valuing climate
damages, substantial uncertainty is still involved in climate sensitivity, i.e.
the equilibrium temperature increase from a doubling of CO2 concentration
in the atmosphere. Settling this uncertainty is likely to be easier than that
of climate damages, for as a scientific parameter it is not a question of value
judgements, and might be gradually resolved over time. This learning also
gives rise to sequential decision making. The emission reductions that are
required to meet the temperature target become gradually more certain, and
optimal emission pathways will be revised to reflect this new information on
climate sensitivity.

Meeting a temperature target with minimal mitigation costs under uncer-
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• cτ (rτ,s) is the cost corresponding to the reduction rτ,s,

• xτ,s is a general climatic state variable, including the level of tempera-
ture,

• T (xτ,s) is the difference between the maximum allowed and current
temperature (i.e. slack to the temperature target),

• fs(xτ,s, rτ,s) is the transfer equation for the climatic state variable, cor-
responding to the climate sensitivity in scenario s

• S(τ, s) indicates the node in the scenario tree corresponding to scenario
s at time τ ,

The state of the world xt,s includes in a general manner all relevant variables,
such as temperature and atmospheric concentrations of greenhouse gases.
Future evolves according to the transfer function fs – which includes e.g.
the climate dynamics – and depends on the emission reductions r. The
temperature target is represented with T (xt,s) as the difference between the
target and current temperature, and is required to be positive. The scenario
tree is represented with a mapping S(τ, s), which connects an information
state (τ, s) to a node in the scenario tree. All states (τ, s) that are in the
same node have the same history of past decision variables and learning, and
therefore are required to result in the same decision variable at time τ .

The problem setting is defined for the state of knowledge at time t. As
time evolves, the temperature change will be observed and the uncertainty in
climate sensitivity will be reduced. With this new information in the future,
the plan for current and future reductions r may be changed. This creates a
recursive structure for the problem. As we solve the problem at time t, we face
a similar problem at time t+1, but with the baseline emissions and marginal
costs shifted by one period, a new climatic state xt+1,s and new information
on climate sensitivity, reflected through the expectation Et+1[·]. Due to this,
the future mitigation costs need to be considered through expectations, as
the anticipated future emission reductions might be readjusted later.

The problem in (1) can be solved by first including the temperature con-
straints in a Lagrangian function, and writing the problem as a recursive
minimization problem. For this, the reduction costs are first re-written as

c̃(xτ,s, xτ+1,s) = {c(rτ,s)|xτ+1,s = Et [fs(xτ,s, rτ,s)]} , (2)
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the emission target. For simplicity, no path-dependency is assumed for the
baseline or costs, i.e. that past emission reductions do not affect the emission
baseline or the reduction cost curves in the future.

For climate dynamics, the analytical model takes a schematic approach
without explicitly specifying the equations for the climatic system. The level
of climate sensitivity is uncertain, and this uncertainty decreases gradually
through learning. The learning process is modelled as a scenario tree (see e.g.
Ruszczynski and Shapiro, 2003, section 3.2), where each single scenario repre-
sents one possible learning path and final realization of the climate sensitivity
parameter. The initial state reflects the current probability distribution for
climate sensitivity, and future states gradually converge into some realization
from this prior distribution.

The temperature constraint has to be met at all future periods and pos-
sible realizations of climate sensitivity. This is a bold requirement, and can
generally render the problem infeasible if the constraint is close to binding
and there is limited possibility to reduce emissions, or if the temperature
change in the next period can be arbitrarily large. Here we assume that
the problem does have a solution. In the numerical scenarios of sections 3
and 4 the existence of solution is ensured with two assumptions: that the
highest possible realization of climate sensitivity is finite, and that the uncer-
tainty will be resolved by 2080, which is before the considered temperature
constraint typically becomes binding.

The cost minimization problem at time t is defined as

min r

{

Et

[

∞
∑

τ=t

βτcτ (rτ,s)

] ∣

∣

∣

∣

∣

T (xτ,s) ≥ 0, xτ+1,s = fs(xτ,s, rτ,s), ∀s, τ ≥ t,

rτ,s1 = rτ,s2 if S(τ, s1) = S(τ, s2)

}

, (1)

where

• Et[·] indicates expectations with the information at the time t.

• β is the discounting factor,

• s indicates the learning scenario for climate sensitivity,

• rτ,s indicates the amount of emission reductions,
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again as a function of the reduction level rt
2. Then, optimal reductions imply

c′t(rt(xt, xt+1)) = βEt

[

c′t+1(rt+1,s(xt+1,s, xt+2,s))
r
(1)
t+1,s(xt+1,s, xt+2,s)

−r
(2)
t (xt, xt+1,s)

(6)

+
λt+1,sT

′(xt+1,s)

−r
(2)
t (xt, xt+1,s)

]

.

This equation is the solution to the problem, creating a connection between
marginal reduction costs – i.e. alternatively the market prices of emissions
or the optimal emission tax level – at the current state and expected future
state. Note that the optimal emission levels are directly prescribed by the
optimal marginal costs.

To build insight to (6), we might first disregard the two ratios on the
right side of the equation. Then the expected value of emission price in-
creases according to the discount factor. The first ratio, between marginal
reductions now and in the next step, acts as a multiplier for the expected
future emission price. This reflects the climate dynamics, measuring how a
deviation in current emissions should be compensated later on in order to
bring the system on track. Should the temperature depend merely on the
cumulative emissions, the ratio would always be one3. Alternatively, if we
assume a climate response based on additative, decaying emission impulses,
the required correcting action done at time t+ 1 is slightly smaller than the
deviation at time t, and the ratio should be slightly below one.

Finally, the last term on the right side of the equation (6) brings in the
price effect from the temperature constraint at time t+1, if the constraint is
binding. This increases the emission price at time t. Not much can be said
from the magnitude of this effect in a generic sense, though, but should the
effect be relatively small, the last term may be seen as to reduce the discount-
ing effect that would otherwise mainly drive the development of the emission
price. Therefore, as soon as the temperature target becomes binding, the
price ceases to grow exponentially.

2Here, the reductions are written as rt(xt, xt+1), i.e. as the reductions that are neces-

sary to bring the system from xt to the state xt+1. Note that r
(1)
t > 0, and r

(2)
t < 0, i.e.

that a higher current state – e.g. concentration or temperature – requires more reductions,
and higher future state requires less reductions.

3Note that r
(2)
t < 0, i.e. −r

(2)
t > 0
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i.e. as the cost for bringing the system from state xτ,s to an expected state
xτ+1,s. Then, the temperature constraints can be included in the minimiza-
tion through the Lagrangian multipliers λτ,s. Note that the probabilities
with which each future temperature constraint will be materialized – due
to being associated with the climate sensitivity state that will unltimately
be realized – are reflected in the Lagrangian multipliers for future periods.
Alternatively, we can divide the future Lagrangian multipliers with the as-
sociated probabilities and then take these multipliers inside the expectation.
The Lagrangian function L can be then written in a recursive form

Lt(x, λ) = c̃t(xt, xt+1) + λtT (xt) + βEt [Lt+1(x, λ)] , (3)

where x indicates the vector of states acting now as decision variables. The
scenario indices have been omitted in the recursive formulation to simplify
notation.

If we write the optimal value of the minimization problem as a value
function Vt(xt), dependent on the current state xt, the problem of (1) can be
written in a recursive form

Vt(xt) = minxt+1,λt
{c̃t(xt, xt+1) + λtT (xt) + βEt [Vt+1(xt+1,s)] (4)

| T (xt+1,s) ≥ 0 ∀s, λt ≥ 0}.

This form reflects the recursive nature of the problem. We wish to minimize
the sum of costs occurring now and the present value of costs in the next step,
while ensuring that the temperature constraint still holds in the next step1.
Further, the formulation of (4) can be solved through standard methods for
recursive problems (e.g. Ljungqvist and Sargent, 2004), i.e. combining the
first-order optimality condition and the envelope theorem for (4). This yields

c̃
(2)
t (xt, xt+1) + βEt

[

c̃
(1)
t+1(xt+1,s, xt+2,s) + λt+1,sT

′(xt+1,s)
]

= 0, (5)

where c̃
(n)
t denotes the derivative with regard to nth argument of c̃t.

A more intuitive form for (5) is gained if the marginal costs are written

1The temperature constraints at later timesteps are handled recursively by the problem
in the next step, presented by Vt+1(xt+1,s)
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Figure 1: Marginal costs for reaching desired emission levels, based on scenarios from five
integrated assessment models (Calvin et al., 2009; Gurney et al., 2009; Krey and Riahi,
2009; Loulou et al., 2009; van Vuuren et al., 2010). Two separate curves corresponding
to the high-cost and low-cost envelopes of the scenarios are used in the cost minimization
model.
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3. A simplified numerical experiment

The analytical solution of equation (6) frames how current actions and
future expectations should be balanced to achieve the target cost-effectively.
For practical policy guidance, actual numbers are needed. The numerical
results are presented in two parts. First, a simplified model is presented in
this section. Despite some inaccuracies and loss of realism, the results from
this model serve as a connection to the analytical model of section 2 and
as a reference point for further analysis. Later in section 4, a number of
intricacies and alternate assumptions are taken into account.

3.1. The cost of reducing emissions

As in the analytical treatment, the numerical model assumes a baseline
projection for emissions and predetermined cost curves for reducing them.
The emission levels for CO2, CH4 and N2O and marginal reduction costs
were gathered from existing climate scenario literature (Calvin et al., 2009;
Gurney et al., 2009; Krey and Riahi, 2009; Loulou et al., 2009; van Vuuren
et al., 2010), spanning five different integrated assessment models, 23 climate
change mitigation scenarios and a baseline scenario for each model. Thus,
these provide a wide range of different scenario and modelling assumptions,
and presumably a representative set for fitting the cost curves for the model.
The emission levels, aggregated to CO2 equivalents with 100 year Global
Warming Potentials (GWPs), as the function of marginal abatement costs
are presented in Figure 1 for years 2020, 2050 and 2100.

For the baseline emissions, the average of five models was assumed, sep-
arately for each decade until 2100. Also for each decade, a such marginal
abatement cost curve was fitted which – combined with the baseline assump-
tion – would correspond to the relation between emissions and marginal costs
in the scenarios. However, a single marginal cost curve does not capture the
range of variability between the different scenarios, as is evident from Figure
1. Instead, two separate curves of the form r = αcβ were described in a
way that they correspond to the higher and lower envelopes of the scenario
results4. The two envelopes therefore represent the range of correspondences
between emission level and marginal costs in the literature.

4A notable feature in the scenarios of Figure 1 is the variance of baseline emissions
in 2020. Due to this, it might seem that the fitted curves do not correspond well to
the original scenarios. However, what matters for the solution of the cost-minimization
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Figure 2: A binomial lattice for the information process on climate sensitivity (Cs). In
each node, the highest or lowest possible value of climate sensitivity is ruled out with
a probability of 50%. The end-state probabilities are set according to the symmetric
probability distribution of Knutti and Hegerl (2008). One possible path through the
lattice is illustrated with red arrows.

Therefore, instead of a single, sudden learning event, an information pro-
cess in the form of a binomial lattice is introduced to the cost-minimization
model. In the process, the uncertainty is gradually narrowed down by ex-
cluding with a 50% probability either the lowest or highest possible value of
the discretized distribution every 10 years. The probabilities of final states
were set according to the symmetric distribution of Knutti and Hegerl (2008).
Following the results of Webster et al. (2008), the process was parameter-
ized with 7 possible values for climate sensitivity, with the actual realization
resolved in 2080. The specified binomial lattice is portrayed in Figure 2.

3.3. A risk-hedging strategy for the 2◦C target

We are now ready to portray a strategy for hedging against mitigation
cost risks due to uncertain climate sensitivity. As mentioned earlier, a sim-
plified – perhaps overly simplified – case is presented first to highlight the
overall nature of the risk hedging strategy. Later, section 4 adds further
considerations and provides sensitivity analysis for the hedging strategy.

The cost curves of Figure 1 and the uncertainty-resolution process of
Figure 2 were implemented in a stochastic TIMES modelling framework,
using the climate module of the ETSAP-TIAM model (see e.g. Loulou and
Labriet, 2008; Ekholm et al., 2010). For simplicity, only the low-cost curves
of Figure 1 are used in this section, and all gases are converted to CO2
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The straightforward use of predetermined marginal cost curves, fitted
to the scenario results, might not appear as an entirely sound approach.
After all, the emissions and marginal costs are a result of intertemporal
optimization and decisions that span several decades. Thus it would not be
realistic to move freely from one point to another in the cost curves. Another
concern might be that the fitted curves do not correspond to a single scenario,
but combine different scenarios on different time periods.

The first issue is alleviated by the fact that an intertemporal optimization
also takes place in our cost-minimizing framework, and the optimal emission
pathway does not jump arbitrarily from slight to steep emission reductions.
Regarding the second concern, the cost curves employed should be taken
as expositional, portraying in a general way the range of possible scenarios.
What should nevertheless be borne in mind, is that the low-cost and high-
cost curves represent scenarios in which the costs remain low or high for the
entire time frame. Further work should be done to take the dynamic and
uncertain nature of the cost curves into account.

3.2. Climate sensitivity and its uncertainty

The other main component in our cost-minimizing model is the uncer-
tainty in climate sensitivity, and how it might be reduced in the future.
Multiple probability distributions have been presented for the current state,
but few estimates exist on the future evolution of the uncertainty.

Past scenario work on the hedging of climate sensitivity risks (Syri et al.,
2008; Johansson et al., 2008; Webster et al., 2008) have assumed a single-shot
learning around and 2040, with Johansson et al. (2008) also exploring a three
stepped learning process until 2045. The gradual nature of learning might be
extended even further, as new information is obtained decade after decade.
Moreover, it seems unlikely that the uncertainty would be resolved during
the next decades. For example, Webster et al. (2008) estimated a 20–40%
reduction in uncertainty during next 20-50 years using a Bayesian learning
model. Over a more longer term, the relative standard deviation would be
reduced by some 75% by 2080. If the possibility that the observed increase in
temperature is not anthropogenic, the time frame required for full learning
could extend dramatically (Leach, 2007).

problem is with what marginal cost a given emission level may be reached. The level of
baseline emissions affects the total costs, but not the optimal emission level or emission
pricing.
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were set according to the symmetric distribution of Knutti and Hegerl (2008).
Following the results of Webster et al. (2008), the process was parameter-
ized with 7 possible values for climate sensitivity, with the actual realization
resolved in 2080. The specified binomial lattice is portrayed in Figure 2.

3.3. A risk-hedging strategy for the 2◦C target

We are now ready to portray a strategy for hedging against mitigation
cost risks due to uncertain climate sensitivity. As mentioned earlier, a sim-
plified – perhaps overly simplified – case is presented first to highlight the
overall nature of the risk hedging strategy. Later, section 4 adds further
considerations and provides sensitivity analysis for the hedging strategy.

The cost curves of Figure 1 and the uncertainty-resolution process of
Figure 2 were implemented in a stochastic TIMES modelling framework,
using the climate module of the ETSAP-TIAM model (see e.g. Loulou and
Labriet, 2008; Ekholm et al., 2010). For simplicity, only the low-cost curves
of Figure 1 are used in this section, and all gases are converted to CO2
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in the climate module using 100 year GWPs. High-cost curves and specific
atmospheric properties of CH4 and N2O are taken into account later in section
4. The mitigation costs, the present value of which is being minimized, are
discounted with a 5% rate.

As a result, the cost minimization under the 2◦C target and uncertainty
on climate sensitivity yields stochastic scenarios on the optimal emission
levels and prices, presented in Figure 3. The model was run until 2200
by extending baseline emissions and cost curves of 2100 as constant, but
results are presented only up to 2100 in order to avoid horizon effects. For
comparison, the figure presents also optimal solution of a deterministic case
with the climate sensitivity set to 3◦C, i.e. the most probable value.

In both cases, the expected value of marginal costs – i.e. optimal emis-
sion prices – increase according to equation (6): first approximately by the
discount rate and later, as the temperature constraint approaches and even-
tually becomes binding, at a lower rate. Due to the uncertainty, the expected
marginal costs are higher in the stochastic case than in the deterministic one
practically throughout the time frame. This is associated with higher emis-
sion reductions in the stochastic case during the first half of the century.
Later, however, the convergence of marginal cost in the deterministic, and
of expected marginal cost in the stochastic case means that the expected
emission level is higher in the stochastic case due to the convexity of the cost
curve5. In practice this means that more ambitious early reductions in the
hedging strategy will allow higher expected emissions later in the future.

The wide distribution of prices across individual scenario realizations is
also a point of interest. After 2030, each learning event might trigger either
a considerable decline in price, or a two- to threefold increase, both with a
50% probability, within the next 10 years. This is already an important risk
factor for investments with holding periods of several decades, and might
hinder the effectiveness of emission pricing (Fuss et al., 2009).

Some questions also arise from Figure 3. First, are negative emissions
by 2070 a sound assumption? As the possibility of such deep reductions
directly affects the necessary level of hedging, alternate cost curves should
also be considered. Second, are the changes in the emissions too rapid in the

5A convex curve translates a distribution of marginal cost with mean c onto a distribu-
tion emissions, the mean of which is higher than the emissions that correspond to a single
marginal cost c.
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to the emission reduction capacity initiated at time t+1, and define the lower
bound for time t+ 2. Regarding the case with capital lifetime, it is good to
note that the analytical results of section 2 do not hold, because intertemporal
dependencies were not considered in the analytical model. Further analysis
on the rigidities of emission reduction dynamics might be required in the
future.

Last, an important question is what discount rate should be used. This
problem is perhaps more simple than in cost-benefit analyses, as we are now
considering only technical reduction costs at different points in time. Still,
using a single discount rate globally is perhaps a questionable assumption
given that there exists notable differences in the marginal productivity of
capital between regions. The problem setting at hand merely allows the
treatment of this through different assumptions for the single rate, here at
3%, 5% and 7% rates, but additional discussion has been provided by Manne
and Stephan (1999).

The current policy decisions deal with near-term emission targets, or
alternatively near-term emission prices. Figure 4 therefore presents the op-
timal hedging strategies for 2020, defined by the optimal emission levels and
prices6, for all assumption combinations. Since all these differing assump-
tions yield considerable different strategies, it remains unanswered whether
the analysis can provide policy advice.

The different assumptions have obvious consequences. Higher discount
rates shift more of the mitigation burden to the future, and shift the optimal
emissions and prices along the cost curve. Capacity inflexibility increases the
prices somewhat, without effect on optimal emissions in 2020. Taking the
climate dynamics of CH4 and N2O appropriately into account lowers optimal
emission levels, as hypothesized earlier, with also a slight effect on optimal
prices.

The cost curve assumption, however, deserves special attention. Evi-
dently higher abatement costs necessitate higher prices, but it is noteworthy
how large the difference in optimal prices is between the low and high cost
cases in 2020. The higher emission levels with the high-cost curves seem to

6The term “prices” refers to the shadow value of CO2. In the case with capital lifetime,
the shadow value can differ from the marginal cost with which emissions are reduced. For
gases other than CO2, the GWP-weighted shadow value towards the temperature target
can differ from the shadow value of CO2, see Manne and Richels (2001) for further analysis
regarding this.

15

individual scenario realizations? In practice there are rigidities due to long
capital lifetimes, policy inertia and maximal technology dispatch rates that
might constrain the flexibility of readjusting emission levels.

4. Adding realism – a sensitivity analysis

The hedging strategy presented in Figure 3, however illustrative, is rather
simplified and does not provide sufficiently exhaustive treatment towards
different assumptions.

An important bit of realism is to take the different climatic impacts of
CH4 and N2O into account. A likely effect from the simplification in section
3 is that the required emission reductions are underestimated, because a
conversion of CH4 into CO2 with 100 year GWP’s leaves some of the warming
unaccounted with timeframes shorter than the 100 years. To highlight the
effect of this simplification, the results will be later presented with both
approaches: with all gases converted to CO2 equivalents or with separate
abatement cost curves and warming impacts being used for CO2, CH4 and
N2O.

Two important factors related to the emission reductions are the assump-
tions on cost curves – particularly the possibility of reaching negative emis-
sions in the distant future – and the flexibility of emission reductions. To-
wards the first issue, the set of high-cost emission reduction curves from
Figure 1 was also introduced to the model. The second warrants some addi-
tional discussion.

Although global emission targets could be readjusted every ten years in
principle, directing actual emissions to the target might be trickier. Upward
inflexibility for adjusting the emission level arises from long capital lifetimes,
which is several decades in electricity generation for example. Downward
inflexibility might result from the inability to increase the reducing capac-
ity at a sufficient rate, including effects from technological learning. Some
additional inertia might also result from a necessary level of commitment to
climate policy. As inflexibilities hinder optimal readjustments, they are likely
to increase the emission reduction costs.

Here, only the long lifetime of reduction capacity is considered. As an
alternative to the flexible approach used section 3, a 20 year capacity lifetime
is assumed. That is, the emission reductions initiated at time t define a lower
bound for emission reductions at time t + 1. If emission reductions at time
t+1 are greater than at time t, the difference of these reductions correspond
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to the emission reduction capacity initiated at time t+1, and define the lower
bound for time t+ 2. Regarding the case with capital lifetime, it is good to
note that the analytical results of section 2 do not hold, because intertemporal
dependencies were not considered in the analytical model. Further analysis
on the rigidities of emission reduction dynamics might be required in the
future.

Last, an important question is what discount rate should be used. This
problem is perhaps more simple than in cost-benefit analyses, as we are now
considering only technical reduction costs at different points in time. Still,
using a single discount rate globally is perhaps a questionable assumption
given that there exists notable differences in the marginal productivity of
capital between regions. The problem setting at hand merely allows the
treatment of this through different assumptions for the single rate, here at
3%, 5% and 7% rates, but additional discussion has been provided by Manne
and Stephan (1999).

The current policy decisions deal with near-term emission targets, or
alternatively near-term emission prices. Figure 4 therefore presents the op-
timal hedging strategies for 2020, defined by the optimal emission levels and
prices6, for all assumption combinations. Since all these differing assump-
tions yield considerable different strategies, it remains unanswered whether
the analysis can provide policy advice.

The different assumptions have obvious consequences. Higher discount
rates shift more of the mitigation burden to the future, and shift the optimal
emissions and prices along the cost curve. Capacity inflexibility increases the
prices somewhat, without effect on optimal emissions in 2020. Taking the
climate dynamics of CH4 and N2O appropriately into account lowers optimal
emission levels, as hypothesized earlier, with also a slight effect on optimal
prices.

The cost curve assumption, however, deserves special attention. Evi-
dently higher abatement costs necessitate higher prices, but it is noteworthy
how large the difference in optimal prices is between the low and high cost
cases in 2020. The higher emission levels with the high-cost curves seem to

6The term “prices” refers to the shadow value of CO2. In the case with capital lifetime,
the shadow value can differ from the marginal cost with which emissions are reduced. For
gases other than CO2, the GWP-weighted shadow value towards the temperature target
can differ from the shadow value of CO2, see Manne and Richels (2001) for further analysis
regarding this.
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be, on the other hand, a mere artifact from the setup of cost curves. In
the high-cost case, emissions lower than in the low-cost case are required
between 2030 and 2070 in order to compensate the difficulty to reach neg-
ative emissions during the end of the century. With the current setup this
is dominated by the difficulty of reaching even moderate reductions in 2020,
although these two drivers need not be tied together. After all, the possi-
bility of negative emissions in the distant future might not be connected to
the cost curve of 2020, as has bee assumed in our low-cost and high-cost
curves. Further research with added detail on the reduction possibilities is
thus necessary.

5. Conclusions and discussion

Mitigation of climate change can be framed as a question of large-scale
risk management. This paper intends to address one side of the issue, the
cost risk of a temperature target under uncertainty on climate sensitivity.
With analytical and numerical solutions to the problem, stochastic scenarios
on optimal hedging strategies were presented.

As the most direct outcome, risk hedging against uncertainty in climate
sensitivity necessitates more ambitious early emission reductions than what a
deterministic approach would imply, a result that has been presented already
earlier (Johansson et al., 2008; Syri et al., 2008; Webster et al., 2008). In
addition, gradual learning on climate and sequential decision making bring
about a vast range of possible emission pathways and optimal emission prices.
Especially for long-term energy investments, the risk in emission prices might
be of great importance.

The exact level at which either emissions or emission prices should be
set for 2020 with an optimal risk hedging strategy, however, depends largely
on the assumptions. The approach used in this paper, for example, assumes
a single, global discount rate. This is in conflict with differing marginal
productivities of capital between countries, but affects the hedging strategy
significantly. Nevertheless, the discounting assumption for technical emission
abatement costs rests on a more solid ground than the discounting of climate
damages in cost-benefit analysis.

An even greater impact on near-term strategy arises from the emission
reduction possibilities. On one hand, the long-term reduction potentials and
costs translate to near-term actions via expected future emission prices ac-
cording to equation (6). The prices reflect current and future reductions

17

♦
×

Figure 4: Emission pricing and emission levels in 2020 with optimal hedging strategies
under different assumptions on reduction cost curves, discount rates, inertia of reduction
measures and treatment of different greenhouse gases.
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that are necessary to reach the temperature target also under worst-case re-
alizations of climate sensitivity. On the other, near-term actions are guided
by near-term reduction potentials. While these two factors were entangled
in the assumptions of this paper, further research should strive to separate
them. A potential approach would be to introduce uncertainty and subse-
quent learning also to the future cost curves, perhaps taking effects from
technological learning also into account. Before these issues are addressed,
decision support for global climate policy from such experiments might be
too imprecise.

Indeed, the optimal emission reductions in 2020 across different assump-
tion sets vary with a factor of two, while the largest of optimal emission
prices is ten times higher than the lowest. This difference in the width of
the optimal reduction and price ranges is also interesting. Should the result
be of more general nature, it might shed light to the discussion on whether
a price or quantity should be a preferred mode of control (Weitzman, 1974).

The sequential decision making approach could also be applied to answer
where the temperature target should be set. A simple setting, similar to this
paper, might consider only learning on climate sensitivity. Such approach
might suggest that the temperature target should be adjusted to a higher
level if climate sensitivity turns out to be high, since in that case also the cost
of reaching the 2◦C target will be high. A more comprehensive framework
could also consider learning on adaptation costs and economic damages from
climate change, although it might be challenging to make well-grounded spec-
ifications on when and under what circumstances new information on these
would become available. Still, some critical aspects such as the discounting
of future benefits and fat-tailed distributions for the damages, would remain
unanswered.

The risk hedging and sequential decision making portrayed in this pa-
per addresses the cost side of the whole cost-benefit framework, and also
intends to provide policy support towards the 2◦C target. Main insights of
the paper frame how near-term and possible long-term actions should be
balanced, given assumptions on possible learning and estimates on reduction
possibilities. Accurate near-term policy guidance seems, however, be yet out
of reach.
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