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Summary
All Paris-aligned pathways for limiting warming to 1.5°C require large-scale deployment of carbon dioxide removals 
(CDR) by mid-century. Integrating CDR technologies into net-zero strategies is justified in the long term partly 
on the basis of economic efficiency: they can offset hard-to-abate and dispersed emissions where removal may 
ultimately be less costly than further mitigation. They may also enable a return of emissions to 1.5°C following an 
overshoot.2 Technical removals are particularly important because of their potential scale and ability to lock up CO2 

on a geological timescale. However, the technical CDR sector is nascent at present, with the costs of bioenergy 
with carbon capture and storage (BECCS) at $400+/tCO2 and direct air capture (DAC) ranging from £400 to 2,500 
/tCO2. In the short term, this makes these technologies prohibitively expensive to integrate and scale consistent 
with Paris-aligned goals. Policies are therefore needed to support their development and rapidly reduce their costs 
towards the anticipated economic efficiency.

At present, policy analysis commonly estimates the learning rates of BECCS and DAC technologies based on 
single factor learning curves (SFLCs). These estimates are often calculated by benchmarking against analogous 
technologies and are subsequently incorporated into whole-energy systems models. These analyses of learning 
rates are fundamental for policy design as they shape estimates of future technology costs and, consequently, the 
scale, timing and form of targeted public policy interventions. 

This policy briefing makes the case that orthodox approaches to learning curve analysis can blind policymakers 
to the complexity inherent in technology learning for three reasons: (1) they radically simplify the complexity of 
technology learning; (2) they implicitly assume that markets allocate resources when, in practice, firms do; and 
(3) they tend to apply SFLC assumptions exogenously, resulting in actors advocating opaquely for assumptions 
that they prefer. There is therefore a risk that poorly informed policies will be developed without the application 
of more sophisticated approaches. This will inflate the costs of achieving net zero and undermine one of the main 
justifications for bringing CDR technologies into the climate toolbox. We propose a ‘deep uncertainty approach’ 
to address the fundamental flaws in orthodox learning curve analysis. We seek to establish this process in the 
literature, and invite others to utilise it, adapt it and critique it.
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1. Introduction
As part of its net-zero aspirations, the UK intends to establish a new carbon dioxide removal (CDR) sector from 
a standing start. Simulations suggest that the UK requires up to 100 MtCO2 of CDR by 2050.

3 It has allocated 
more than £20bn indirectly and £100m directly to establish the sector since 2019.4 It has also proposed policies 
designed to support the sector from the mid-2020s to 2030s – namely the integration of negative emissions credits 
into the UK Emissions Trading Scheme (ETS) and the introduction of a Carbon Contract for Difference (CCfD).5 
CO2RE has undertaken analysis that suggests these policies are inadequate to facilitate the attraction of capital 
to the start-ups in the UK’s nascent CDR sector, and that other risk sharing interventions are therefore required.6 
Furthermore, additional analysis has found that cost curve simulations for policy design have not been sufficiently 
taken into account, potentially leading to misinformed policy design for the UK CDR sector.7 This has happened 
because of a failure of the analytical community across academia, consultancies and multilateral organisations to 
understand the characteristics of CDR, which we have argued is composed of both market-creation and market-led 
complexity.8 We have also illustrated how these complexity characteristics are not well captured by existing tools 
that support policymaking to target CDR technology learning,9.10 

In this policy briefing, we provide an alternative approach to decision-making support which is both exploratory 
and participatory in nature to ensure technology learning is as effectively captured in analysis as is pragmatically 
possible. This framework allows multiple factors to be explicitly involved in learning, rather than embedded within 
opaque or speculative assumptions external to the model. We contend that learning dynamics are so poorly and 
inconsistently applied in the technology innovation corpus that there is a real risk of public policies failing 
to address the needs of technology developers or provide the public purse value for money. Learning curves 
are highly important because they shape the dynamic relationship between policy choices and technology cost 
trajectories over time. If analysis distorts insights, the policy built on it stands to be mis-calibrated – either requiring 
the provision of far more support than needed in reality, or too little to stimulate a meaningful cost reduction 
trajectory. 

Using the UK as a case study, CO2RE has designed and applied an analytical framework to gain insights on (1) the 
impact of policy interventions on firm-level strategic investment to generate multi-factor technological learning 
effects; (2) the quantified impact that this will have on CDR sector development; and (3) the fiscal implications 
of those interventions. The study employs an economic theoretic modelling approach that endogenises different 
learning curve impacts on technology development applied within an exploratory modelling11 – a framework which 
in turn engages with market actors and policymakers to identify targeted interventions. This enables the analysis to 
reflect stakeholder market perspectives and generate insights relevant to policymakers designing UK CDR policy. 
The proposed approach challenges the dominance of consolidative,12 whole-system optimisation approaches that 
focus on predicting an unknowable future and distort innovation policy design for net zero.13 Because government 
research, development, demonstration and deployment budgets are constrained and the stakes of resource 
misallocation are high, more reliable targeting of innovation spending can directly improve investment decisions.14 
We seek to establish this process in the literature, and invite others to utilise it, adapt it and critique it.

Section 2 sets out learning-curve analysis, Section 3 describes how learning curves are presently compiled, 
Section 4 sets out what still needs to be considered, and Section 5 concludes and draws the analysis together. 
This briefing is targeted at a policy audience. For those that require a more substantive treatment of the theoretical 
economics that underlie the endogenisation of different learning curve impact on technology deployment 
see Feng, Stemmler and Workman (forthcoming).15 For those that would like to better contextualise how this 
briefing augments the state of the learning curve and policy sequencing corpus in the assessment of technology 
deployment see Grubler and Wilson (2016).16
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2. Learning curves in orthodox net-zero analysis 
There is a rich literature on the role of learning curves17 relevant to decarbonisation technologies,18,19,20,21,22 including 
that specific to CDR.23,24 The application of one-factor learning curves or single-factor learning curves (SFLCs) 
remains the most dominant method for quantitative modelling of energy technology innovation. This is due to the 
dominance of cost-optimisation models in policy design, which tend to only allow a single variable to be applied,252.  
Gambhir, et al. identify three principal methods for projecting future technology costs, each of which have strengths 
and weaknesses: SFLC extrapolation, expert elicitation and bottom-up engineering assessment, alongside an 
increasingly common fourth practice of combining them.26 In the case of a sector as nascent as CDR, it also means 
that learning rates are justified based on a very small corpus, often of other modelled analyses, which are laden 
with assumptions. An example of how a direct air capture (DAC) UK learning curve study was undertaken applying 
orthodox approaches is shown in Box 1.

SFLCs, however, capture only a subset of the drivers recognised in the innovation literature.27 The omitted drivers 
are not minor. Technology innovation is a high-dimensional, dynamic, emergent and complex learning process 
encompassing the following components:28 

1.	 Learning-by-researching, or -by-searching, in which cost reductions arise from technical improvements 
generated through research and knowledge creation. 

2.	 Learning-by-deployment, which has the following sub-components: 
2.1	 Learning-by-doing; 
1.2	 Learning-by-using; and 
1.3	 Learning-by-interacting (competition and x-efficiencies, which is similar to market demand), or spillover of 

learning, which has further granularity.29
3.	 Economies of scale at device, plant and industry level, which can also contribute to technology cost reductions, 

with device-level upscaling potentially having particularly significant positive or negative impact on costs. 
4.	 Market factors: 

1.1	 Production market drivers explain the dynamics related to the supply-chain, incorporating input material 
availability and their market price, the cost of supplies, the variation of capital and labour costs.

1.2	 Market demand accounts for the dynamics related to the sales market, encompassing an increased 
number of competitors and the implementation of new environmental regulations. 

Quantitative, multi-factor learning curves methods (MFLCs),30 and more recently, advanced versions of bottom-up 
cost models (BUCM), 31 are still in their infancy. This means that the other learning drivers, such as market dynamics 
and learning-by-interacting across different stakeholders and geographical areas, remain poorly quantified, despite 
their recognised impact on cost reduction. 
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Box 1: Orthodox approaches to learning curve development and technological diffusion for net zero technologies – in this case the cost of direct 
air capture (DAC) for the UK’s 7th Carbon Budget (2038–2042)32

Figure 1 (above): The study applied a traditional learning rate associated with a 
first of a kind (FOAK), whereby costs increase and then, as learning takes place 
through scaling, costs fall to nth of a kind (NOAK).

Figure 2 (above): A cost model was then developed based on academic literature 
for solid sorbent DAC (purple) and then liquid sorbent (green). Learning was based 
on historical growth and learning rates for analogous technologies, based on an 
arbitrary, globally modelled and scaled sector for both technologies, with 2050 costs 
simulated at £328/tCO2 and £242 /tCO2, respectively (central scenario). Uncertainty 
is addressed by having an upper bound learning rate and lower bound learning rate. 
These are then plotted on a graph (Figure 3, left), with each of the costs broken 
down into CAPEX, non-energy OPEX and energy OPEX for each technology based 
on FOAK and NOAK.
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This does not mean that SFLCs are without empirical value. Because cumulative deployment is often correlated 
with R&D, supply-chain development, market formation, standardisation and firm-level learning, SFLCs may 
indirectly capture some of these wider drivers. Two-factor learning curves (2FLCs) improve on this by adding 
knowledge-stock measures, such as cumulative R&D expenditure or patents. However, both remain reduced-form 
representations and cannot fully identify the policy, market, institutional and firm-level mechanisms through which 
different forms of learning are generated. This matters because each type of learning is stimulated by one or more 
policies, market interventions and firm responses to stimuli.

The emergent interaction of these interventions, and their direct and indirect impacts on a specific learning 
channel, therefore become difficult to disentangle. As a result, the effectiveness of an ecology of multiple innovation 
policies to stimulate individual and/or multiple learning rates is itself subject to deep uncertainty4.

The oversimplification by which orthodox approaches assume away the complexity of technology learning has two 
further concomitant impacts as a function of their integration into whole-system optimisation modelling. These 
economic models implicitly suggest resources within an economy are allocated by market forces. In practice, they 
are allocated by governments through innovation initiatives such as the Inflation Reduction Act in the US, but most 
importantly via firms through strategic investment decisions. These will be predicated on a variety of objectives 
beyond least cost and profit maximisation, and are highly problematical to model.

Furthermore, the way in which whole-system optimisation models apply technology learning exogenously can 
encourage stakeholders to advocate for modelling assumptions that they know will lead to the strategy or policy 
that they already prefer. This could result in the distorting of policy design by actors advocating for policies that 
favour their specific technology at the expense of the economic efficiency of the sector as a whole.

3. A deep uncertainty approach to learning 
curves: a direct air capture use case
This study seeks to advance MFLC and BUCM approaches by developing a deep uncertainty framework that 
accommodates multiple factors in technology learning curves. By making them and their associated uncertainties 
transparent, the framework can support more targeted policy interventions aligned with different technology 
learning needs. It combines exploratory computer visualisation with a participatory and deliberative process 
involving relevant stakeholders. This enables stakeholders to explore how different assumptions, system 
components and policy choices interact, and to examine trade-offs across a wide range of plausible futures. The 
objective is therefore to identify interventions that are robust across uncertainty rather than optimal under a single 
assumed future.

As a specific case study, we opt to focus on DAC technology due to the simplicity of the ‘value chain’, whereby the 
study focus was on the removal technology component only. We engaged with several groups of individuals in 
the space to calibrate the application of our model to DAC. These expert-elicited inputs were then employed as 
parameters in a theoretical DAC model designed to evaluate the interactions between learning and policy-setting, 
including timing and duration. Among other surveyed items, these parameters include the individuals’ perceptions 
of removal costs, learning rates and required levels of policy support. Both the model and the expert survey are 
described further below. Rather than trying to cover every possible form of learning as per above, the priority was 
to keep the analysis structured, focused and comparable. 
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The model applied:

•	 CDR cost reduction, through two main learning channels: 

•	 (1) Learning-by-doing – costs fall as firms deploy more capacity and gain production experience; and 

•	 (2) Learning-by-searching – costs fall through R&D investment and knowledge accumulation. 

•	 We model learning-by-doing and learning-by-searching simultaneously, so that both the firm’s production and 
R&D choices directly affect future costs.

•	 The dynamic model simulates a single CDR firm’s removal output and investment/R&D responses to the 
allocation of resources relevant to innovation and to a sequence of policies over a 25-year period. 

•	 The model maps policy instruments into removal prices faced by the firm over time (i.e. a CCfD strike price) – 
for detail, see Feng, Stemmler and Workman (forthcoming, endnote 15). Given these prices, the firm decides 
how much CDR to produce, and how much to invest in R&D. These decisions affect future costs through 
learning-by-doing and learning-by-searching. 

In this way, different policy sequences can lead to different deployment pathways, investment patterns and long-
term costs. 

Because empirical data on emerging CDR technologies remains limited, we conducted a targeted expert elicitation 
exercise from UK CDR specialists to inform numerical examples.

 This comprised a structured pre-workshop questionnaire followed by group discussion. Participants were asked 
to provide plausible ranges for: (1) CCfD strike prices and durations; (2) initial costs; and (3) learning-by-doing and 
learning-by-searching rates. Responses varied significantly, underscoring the lack of consensus around parameters 
that are fundamental to CDR learning. This uncertainty is central to the analysis, because different assumptions can 
lead to very different outcomes.

In order to prioritise our analysis, several policy sequences comprising timely policy instruments were compared 
based on the feedback from market participants in the questionnaire. The main comparison focused on a sequence 
which combined CCfD with later ETS integration, and a similar sequence that also includes a 20% research 
investment tax credit, as shown in Figure 4 below.

 
Using the range of elicited parameter values, the modelling results are presented as exploratory parallel-coordinate 
plots that make uncertainty and complexity transparent and illustrate the implication of endogenising learning 
within technology-learning simulations (see Figures 5 and 6). These plots allow analysts and stakeholders to 
compare many combinations of assumptions and policy settings at the same time, and to examine relationships 
between main input variables and deployment, cumulative removals and cost outcomes.

Figure 4: Policy sequences applied in the study 
based on market actors’ feedback.
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Applying the parallel plots, the modelling explores pessimistic, average and optimistic assumptions from elicitation 
inputs on initial costs, learning-by-doing and learning-by-searching rates, and policy support, as illustrated in 
Figure 5 below. The results suggest that:

•	 Strong early price support, especially through generous carbon contracts, can help drive deployment and cost 
reductions. 

•	 Under pessimistic cost assumptions, very high policy support may be needed to induce meaningful removals. 

•	 Under mid-range assumptions, deployment is possible but more limited. Adding an investment tax credit can 
strengthen R&D incentives and produce somewhat higher long-term removals. 

Figure 5 is colour-coded according to the initial costs of DAC removal per tonne and shows how different learning 
rates, CCfD strike prices and contract durations impact DAC deployment in 2035 and 2050 as well as cumulative 
removals in 2050.

Figure 5: All possible scenarios under assumptions according to survey responses. Note: Input variables are 
initial costs, learning-by-doing, learning-by-searching, CCfD strike price and CCfD duration. Output variables are 
removals (per year) in 2035, removals (per year) in 2050 and cumulative removals by 2050. The numerical values 
are illustrative only and are intended to highlight the underlying dynamics, not specific values or magnitudes.
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The main takeaway is that learning can have a substantial effect on deployment and costs but does not eliminate 
the need for strong policy intervention. If CDR technologies can drive costs down through rapid learning, early 
support can accelerate movement towards lower costs and larger scaled deployment. However, if initial costs 
are high or learning rates are low, policy support may need to be much stronger and sustained for longer (i.e. a 
longer-duration CCfD facilitates more prolonged support, allowing further cost reductions). The large spread of 
possible outcomes cautions against relying on a single forecast or scenario, as is common in orthodox SFLC-based 
whole-systems analysis. The plots allow us to identify combinations and policy settings that achieve material DAC 
deployment by 2035 and 2050. In particular, we can examine scenarios consistent with illustrative deployment 
benchmarks set by the UK’s Climate Change Committee. We therefore filter the scenarios shown in Figure 5 to 
include only those reaching 5 MtCO2/year by 2035 and 10 MtCO2/year by 2050, producing the subset shown in 
Figure 6. This allows stakeholders to compare scenarios that combine initial costs, learning-by-doing, learning-
by-searching and different policy settings that achieve particular targets, such as 5 MtCO2/year by 2035 and 10 
MtCO2/year by 2050.

4. Implications for UK DAC CDR development
After we had created the exploratory parallel computer visualisations produced from the model and made the 
uncertainty/complexity transparent across combinations of input variables, we then presented them at a workshop 
to engage a range of stakeholders in a deliberative set of exercises. The half-day workshop brought together 
12 attendees from policy (DESNZ, LCCC); the third sector (Carbon Gap, Carbon Balance); DAC start-ups and 
developers (Mission Zero, Air Hive, OnePointFive, Progressive Energy); and finance (Seoi.Cure, HSBC, Green 
Finance Institute, Accountants for Sustainability).

Figure 6: Scenarios achieve 5 MtCO2/year by 2035 and 10 MtCO2/year by 2050. Note: Input variables are initial 
costs, learning-by-doing, learning-by-searching and CCfD strike price. Output variables are cumulative removals 
by 2050, cumulative costs to regulators by 2050 and cumulative costs to the firm by 2050. The numerical values are 
illustrative only and are intended to highlight the underlying dynamics, not specific values or magnitudes.
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The following perspectives emerged from the different groups:

The developer view: just get something built. For DAC developers, the most pressing problem is not the strike 
price of a future carbon contract; it is the sheer difficulty of getting any project to the point of final investment 
decision. The capital expenditure (CAPEX) requirement is enormous, funders are wary and many of the policy 
instruments currently on offer only kick in once a project is already operational and selling carbon credits.

Developers pointed to a specific timing problem: CCfDs may not be available until 2028 or the early 2030s, 
leaving an immediate gap for the first wave of projects. They called for CAPEX grants, state-backed performance 
guarantees and public procurement – mechanisms that reduce risk before a single tonne of CO₂ has been 
removed. One consistent message was that DAC will be financed through project finance, not corporate balance 
sheets, which makes the bankability of each individual project absolutely critical.

The finance view: the capital stack problem. Investors brought a different kind of clarity to the discussion. 
Working through a hypothetical £200 million first-of-a-kind (FOAK) DAC project, the finance group mapped 
out what a viable capital structure would actually look like. Their conclusion was stark: 50% of that sum would 
potentially need to come from government development funds or philanthropic capital willing to absorb first-loss 
risk. Only then would private credit funds consider the remaining portion. Traditional banks, with their near-zero 
tolerance for technical risk, would take only a small, heavily guaranteed slice of any investment.

The group also identified what an offtake agreement33 needs to look like before any serious investor conversation 
can begin: secured, reputable, ideally collateralised and supported by secondary revenue streams. Without these 
foundations, no amount of policy generosity will make an investment feasible. Their broader contribution was that 
the government should act as initial insurer for FOAK projects. This is a role private markets could eventually take 
over once risks are better understood and quantified.

The policymaker and enabler’s view: sequencing and fiscal reality. Policymakers and enablers brought the 
need for fiscal discipline and a longer strategic view to the decision space. They were broadly sympathetic to the 
case for early-stage support, but also clear about the fiscal limits of public budgets and political feasibility. On the 
central question of CCfDs, they agreed with developers and investors that locking in high strike prices now – before 
technology costs have fallen – risks not providing value for money for the taxpayer. Cost reductions via learning 
make this lock-in effect even more salient. 

This group placed particular emphasis on demand-side instruments. ETS integration – tightening allowance caps to 
make DAC credits more competitive – was seen as essential, though the current UK ETS carbon price was widely 
acknowledged as too low to drive meaningful deployment. Mandates requiring a growing share of compliance 
obligations to be met through permanent removals were seen as a more durable way to create the demand signal 
that investors actually need, e.g. a sustainable aviation fuel mandate. This echoes the need to ‘commit to additional 
support for pilot- and mid-scale projects to address “valley of death” issues and secure a pipeline of diverse GGRs’ 
spelled out in the Independent Review on Greenhouse Gas Removals.34

The following areas of convergence emerged across the groups:

•	 Policy sequencing matters as much as policy content. The right instrument at the wrong moment may achieve 
very little.

•	 Early deployment and de-risking must come before long-term market instruments such as CCfDs. CCfDs are 
better suited to scaling than to launching the first projects.
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•	 Demand creation is the central policy challenge. Without credible, growing demand, no financing structure 
holds together.

•	 Government must act as first-loss investor and initial insurer for FOAK plants. The private sector cannot yet 
absorb that risk in the DAC sector.

•	 Technological diversity must be preserved. Policy should avoid inadvertently picking winners before the field 
has matured.

5. A deep uncertainty complexity approach to 
technology learning
None of these amounts to an easy answer for the establishment of DAC CDR technologies in the UK. The workshop 
surfaced deep tensions between fiscal prudence and the need for bold, early action; between revenue certainty for 
developers and value for money for taxpayers; and between technology-neutral policy and the practical need to 
make something happen soon.

In terms of the deep uncertainty complexity approach, the framework demonstrated that structured, deliberative 
dialogue between these groups produces something that the multiple factors involved in technology learning 
can stimulate when they are made transparent: a shared understanding of where the real obstacles lie and the 
complexity of the trade-offs that need to be considered when establishing a new sector from a standing start 
for which no precedent is available. Issues and dynamics that are assumed away in SFLC and whole-system 
optimisation modelling analysis stand to distort policy design for frontier technology development. This could not 
be more important, given the UK’s increasingly constrained public finances and the need to demonstrate value for 
money.

Recommendations
•	 Policymakers need to be much more aware of the importance of the different aspects of technology learning 

when developing innovation policy, as well as the shortcomings of assumption-heavy frameworks that 
dominate the orthodoxy, which at best hide, and at worst distort, the relevant policy interventions required to 
fulfil innovation policy objectives.

•	 Investors should develop financing approaches that recognise the unique risk profile of early DAC projects, 
using blended finance and risk-sharing mechanisms to enable FOAK projects until technology and market risks 
are sufficiently reduced.

•	 Technology developers need to prioritise bankability alongside technical performance, recognising that 
learning-by-doing encompasses commercial, financial and operational capabilities as much as technological 
improvement.

Finally, coordination among policymakers, investors and technology developers will be essential to overcome the 
substantial barriers to widespread CDR deployment. The market is so nascent and the information asymmetries so 
substantive that neoclassical economic assumptions do not hold. There is a need for decision support frameworks 
that make the complexity transparent and facilitate the deliberation between parties to address these information 
asymmetries. The deep uncertainty approach we have put forward goes some way to addressing this. We therefore 
encourage academic institutions, consultancies and multilateral organisations involved in this space to further 
develop the deep uncertainty complexity approach to technology learning we have prototyped. We invite others to 
apply it, adapt it and critique it.
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