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ABSTRACT

Due to the critical role of technical innovation in transitioning from fossil fuel energy to carbon-free alternatives, there is a
widespread consensus among IAM teams regarding the necessity of modeling endogenous technical change (ETC). This paper
systematically demonstrates current techniques and theoretical foundations for handling ETC in both demand-side and supply-
side, using the EBMETL model as an example. Modeling technological progress and innovation in IAMs is essential for
understanding technology competition and evolution, leading to more reasonable and insightful results. However, IAMs still lack a
systematic framework for the development of ETC, requiring sectoral innovation mechanisms to develop endogenous technology
modules and support the economic and social changes of technological innovation. Meanwhile, emerging techniques such as the
socio-technical approach, innovation diffusion, and agent-based interactions show promise for ETC when integrated with IAMs.
Furthermore, it is important to recognize that ETC interacts more extensively with non-energy systems, such as land, biological
systems, and human health, than commonly assumed. This underscores the need for assessments within a more realistic

framework and redesigning in conjunction with international cooperation.
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1 Introduction

Curbing the confirmed human influence on the climate system
and mitigating climate change will require profound
transformation of global energy system. Technical progress is
critical for lowering renewable energy costs and accelerating the
transition of energy services away from fossil fuels and toward low-
carbon energy sources. Meanwhile, it is a significant uncertain
factor influencing the implementation of mitigation investment
and activities of carbon dioxide reduction, thus causing the
uncertainty of climate damage'’. The economic growth of sector
output, decrease of energy cost and scale economy arousing by
technological change and diffusion of new technology could
effectively increase the returns on energy-related investment™ .
Therefore, modeling technical progress and innovation in
integrated assessment models (IAMs) are of the essence as it
provides insights about the consequences of possible strategies for
long term greenhouse gas (GHG) emission reductions, by
simultaneously capturing the development of several interacting
systems and technical evolution process.

In the early stages of integrated assessment modeling, energy
technology development controlled by exogenous technological
change was predominant: In top-down models, the constant
elasticity substitution (CES) function has been widely used to
model energy technological substitution in those conventional
models, leaving energy technology advancement externalized by
autonomous energy efficiency improvement (AEEI). It implicitly
assumes technological change does not alter the marginal
substitution rate of labor and capital. For bottom-up models, they
always modeled as a range of specific energy technologies with
competitive relationships, treating technological progress as an
exogenous process of cost and efficiency improvements. However,

both bottom-up and top-down modeling approaches have their
own advantages and drawbacks. For instance, the former
describes macro-economy and interactions among sectors in
more detail but lacks a specific depiction of energy technology in
variety, which probably fails to capture the technological
transformation in the energy system. The latter is quite noted for
its detailed description of dynamic characteristics in technological
improvement and advanced technology diffusion by introducing
learning curves. However, its macroeconomic structure is too
simple to capture the close interdependence between the energy
sector and other sectors.

Due to gradually deepening cognition of both energy system
and social transition, modelers have recognized that IAMs with
induced endogenous technical change produce more reasonable
and explanatory outcomes in pathways assessment of climate
policy and damage estimation work, which makes endogenous
technical change (ETC) becomes the consensus of model
communities. Messner and Strubegger was the earliest work that
introduced technological change into an energy system model
named MASSAGE", which inferred that the investment cost of
energy technology decreases with an increase in installed capacity,
inducing the increase of investment in new energy technology and
ultimately leading to the earlier emergence of zero-carbon
technology. Afterwards Bosetti et al. (2006)" conducted a
technological learning mechanism with double learning curves
LBD (learning by doing) and LBS (learning by searching), which
confirms that R&D investment is also an important factor
affecting technological progress and cost reduction, broadening
the way of knowledge accumulation. The accumulated experience
shows that it is the interaction of these two effects of technological
progress that makes the long-term cost of technology decrease
significantly. In addition to endogenous learning rate, other
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common techniques for modeling ETC include endogenous
energy efficiency and knowledge capital®”, which have also been
applied in different IAMs.

During the past years, IAMs have evolved gradually from
simple structure to detailed complex module structure®",
accompanied by the transformation from exogenous to
endogenous technological progress. Up to now, embracing
quantitative modeling of technological change is still regarded as
one of the ambitious challenges that must be faced in the third
wave of climate change economics™. The need arises from the fact
that only radical technological innovation can bring about a shift
in the way energy is produced and consumed, ultimately
achieving net-zero goals in the second half of this century.
Acknowledging that energy transition is essentially a process of
social structural transition, we will quickly notice that advanced
technology is developed through endogenous competition, which
changes the direction of evolution in the energy system!. This
ultimately leads to the transformation of innovation and the
economy'**.,

In recent years, several new strands of theories and methods
have emerged that aim to contribute valuable insights towards
technical transitions in climate policy assessment. This includes
studies that directed technical change theory (DTC) originated
from endogenous economic growth"’, socio-technical approach
focusing on the evolution of technology diffusion'”, technology
choice model based on discrete choice model (DCM)" as well as
agent-based IAM model characterized by heterogeneity and
bounded rationality®. Odenweller (2022)* conducted a coupled
model combined with the technology diffusion model and the
multi-regional economic climate model systematically elaborated
on the expected prospects of the future development of IAM to
the direction of socio-technical modeling, as an attempt to expand
the existing optimization model to the socio-technical system.
Koch et al. (2023)"" developed an IAM focused on global-scale
structural transformation to study the interaction between sectoral
reallocation of economic activities and climate mitigation policies.
It is argued that the structural transformation of the economy
should be compatible with climate change goals. Therefore, it
should be pointed out that modeling endogenous technological
change (ETC) within a broader social system will be one of the
core tasks in future model development. More modeling of
technological innovation, diffusion, and transition dynamics
should be included in IAMs to be consistent with the actual
development dynamics of technology.

Although there exist great differences in the methods of
innovation modeling in studies™*’, one common problem is the
increasing returns to scale caused by technical progress, which
brings difficulties in finding an optimal solution. Due to the fact
that innovation is a path-dependent process, the core problem
behind it is that the initial state and incentive intensity towards
innovation play an essential role in the transition from dirty to
green energy”’. If the innovation level and technical capacity are
large enough, then it is foreseeable that the energy system will
move towards a clean future. This is also consistent with the
reality that solar power capacities are currently about to or have
already gone across the tipping point of cost and entered the era of
parity®™. Unfortunately, few models capture characteristics of this.
Path dependence and complementarities in technological
diffusion and adoption are also currently poorly dealt with in
IAMs™”. In particular, technological improvement is usually
modeled using worldwide learning curves (e.g. Imaclim-R &
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REMIND), which imposes strong assumptions about perfect
diffusion and spillovers®. In this regard, DTC theory, DSGE
method, and ABMs may provide unique insights into climate
assessment of technological change for the well descriptions about
state dependence of innovation, lock-in effect, and network
diffusion effects. However, DSGE models may also encounter
problems with multiple solutions due to non-convexity.

Here we explore these issues in the context of a specific
application: the Energy-Economy-Environment Model with
Endogenous Technological change by employing Logistic curves
model (E3METL). This model has been designed to systematically
assess socio-economic and energy technology development under
the background of climate change and energy transition, which
has made significant contributions to issues in the environmental
and climate change economics area after multi-generational
development. The paper is organized around the updated avenues
of modeling endogenous technical change (ETC), elucidating
these approaches within the context of specific models and
examining the implications and limitations of each. E3METL
model, a global dynamic intertemporal optimization IAM based
on endogenous economics growth theory, introduces a new
technical mechanism, the revised logistic model, to be the
technical core of the energy module. It inherited the structure of
the classical DICE model, consisting of macroeconomics, energy
technology, and climate modules. E3METL-R, the global multi-
regional directed technical changed IAM with detailed demand
sectors, is underdeveloped. It models endogenous technical
transition in a wider social system, which is also a signal of the
E3METL model in the next stage.

Like all models of complex systems, E3METL reflects a number
of compromises among the details of economic sectors and their
technologies, the levels of complexity in mathematical
specification, and computational feasibility. It is a progressive
developing model structure with a consistent theme of
endogenous technical progress, which incorporates new
perspectives on energy technology and empirical outcomes into
the model. We describe various modeling techniques on ETC and
highlight the anticipated effect of ongoing developing model.

The rest of this paper is arranged below: Section 2 reviews the
modeling of endogenous technical change in IAMs, dividing
technical change modeling into two different types. Section 3
briefly introduces the structure of the proposed E3METL-R
model, consist of the economy, energy, and climate module.
Section 4 describes the demand-side modeling that incorporates
technological change. Section 5 then turns to supply mechanisms
dealing with multiple energy technologies based on a bottom-up
approach. Finally, Section 6 lays out key challenges in
understanding technology in climate policy, as well as research
opportunities for deploying technological advances in
optimization-type IAMs.

2 Endogenous technical change in IAMs

2.1 Endogenous technical change and innovation in economic
theory

One of the two common techniques used in modeling technical
change is the learning by doing (LBD) strategy in bottom-up
models, the other technique involves the concept of knowledge
stock accumulating with R&D expenditure in top-down models.
The discrepancy between these techniques is the difference of
opinion on knowledge innovation. In the long term, scholars
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specializing in technology believe that energy efficiency can be
improved at a low cost as long as active interventions are
conducted toward the market for energy-using equipment. This
perspective suggests that substantial reduction of greenhouse gas
(GHG) emissions can be achieved at a low cost by employing
specific marketing tools focused on technical solutions. The view
is similar to that presented in Arrow (1962)%” who notes that the
accumulation of knowledge is not the result of deliberate effort,
but rather a side effect of traditional economic activities. This
implies that knowledge can be acquired through the accumulation
of experience® * . Hence, that is why there are significant
increasing returns to scale in sectors critical for climate policy,
such as power generation. The forms in which learning curves are
used, however, have relatively weak theoretical underpinnings.

Other scholars focusing on markets place more emphasis on
utilizing market-based GHG control policies by minimizing
system costs and achieving optimal energy efficiency. They argue
that there is a trade-off between energy efficiency and economic
efficiency. Prices coordinate the behavior of all agents so that the
market for production factors (labor, capital, knowledge, etc.)
reaches equilibrium™ “**. Endogenous technology change, as
proposed by Romer based on the micro-market theory, suggests
that innovations can be enhanced through increasing the variety
of goods. This supports the idea that research activities play a
crucial role in the development of new types of machines and that
a wider variety of machines leads to a more efficient "division of
labor", ultimately resulting in improved productivity of the final
product™*,

Other researchers! apply analogous ideas on aspects of
progressive enhancement of existing products. For example,
Grossman and Helpman (1991)™ propose that research leads to
the invention of new goods, which means they argue that
households obtain greater utility from consuming a greater variety
of products because they prefer variety. Grossman and Helpman
(1994)"9 also points out that international interdependence
through trade produces spillover effects of R&D innovation.
Following endogenous growth theory, Acemoglu developed
directed technical change (DTC) theory based on the ideological
basis of Romer, that is, endowment resources devoted to different
types of innovations reflect the market power on a large scale™.
Recently, the DTC theory has been applied in climate change
economics due to it could well explain the relationship between
substitutions among sectors and innovation bias™ .

The concept of knowledge stock being engaged in production
function, inherited from the theory of endogenous technical
change, has been applied in modeling technology transformation
in climate policy. Endogenous technical change (ETC) has been
incorporated into some top-down integrated assessment models
(IAMs), with the common thread being technical progress rooted
in the accumulation of R&D investments. Duan et al. (2017)"
corrected the model’s deviation from single exogenous handling
methods by incorporating endogenous energy efficiency. This
study contends that targeted R&D policy is the primary force
driving endogenous energy efficiency improvement and that R&D
investment can promote the formation and accumulation of
energy-related knowledge capital, of which the substitution effect
on traditional energy enables emissions-free production.

31, 35)

2.2 Modelling technical change in demand sectors

In integrated assessment models, the primary source of total
energy demand is that from economic sectors. The technical
transition embodied in the energy sector, underpinning both
economic growth and emission reduction, is one of the major
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drivers of change in demand sector activities. Given the
significance of demand sectors in terms of energy demands and
CO, emissions, accurate modeling within the context of the law of
technical change implied for economic growth is critical for
reflecting the extensive structural revolution against climate
change in global economic activities.

The CES function is commonly used as the sectoral production
function in IAMs, where the subject model is a macroeconomic
model. Total factor productivity is used as the primary indicator
of technological progress, and the level of energy efficiency
progress is determined by the parameter of autonomous energy
efficiency improvement (AEEI) ®**. In general, AEEI includes
energy efficiency enhancement associated with energy
consumption behavior and energy structure transformation,
excluding those induced by price factors. The common limitation
of these models is that their mechanism of energy efficiency
cannot distinguish between endogenous and exogenous energy
efficiency, which makes them unable to accurately describe the
improvement in energy efficiency triggered by R&D policies. In
fact, any attempt to distinguish energy efficiency based on R&D
may probably involve other factors affecting energy efficiency at
the same time, which leads to carbon intensity being simulated by
a model higher than the true level®. The introducing of
endogenous energy efficiency can well make up for the lack of an
exogenous energy efficiency handling mechanism, thereby
correcting the bias that an exogenous treatment into the model
results™.

Targeted R&D policies are critical in driving energy efficiency
improvements. R&D investment can encourage the creation and
accumulation of knowledge capital related to energy use, and the
substitution of such capital for traditional energy allows for lower-
emission production. Gillingham et al. (2008)" developed an ETC
model with an endogenous technical framework (see Table 1) that
incorporates feedback from endogenous technology learning,
which occurs through channels such as energy prices, additional
R&D activity, or the accumulation of production experience to
reduce production costs (learning by doing). Gillingham et al.
(2008)™ also state that there is no available framework that can
directly match the theory model and existing numerical modeling
for the real world.

As a commonly used approach to endogenize technological
change, R&D-induced technological change has been widely
applied in TAMs. From the early theoretical work of Kennedy
(1964)"" and Kamien and Schwartz (1968)"! in developing the
innovation possibility frontier (IPF) and induced technological
innovation, there is a long-standing theoretical foundation for
endogenous R&D-based technological change. Nordhaus (2002)
introduced technical innovation into the R&DICE model (see
Table 1). These models indicate that endogenous technological
innovation is conducive to developing low-carbon production
technologies and using low-carbon energy products for
enterprises, although its impact on climate change policy is weaker
than that of substitution among energy, capital, and labor.
Buonanno et al. (2003)* found that the introduction of
endogenous technology has a significant effect on reducing
abatement costs and this result is not influenced by the
implementation of a carbon emission trading mechanism.
Furthermore, Gillingham et al. considered whether ETC can
reduce the optimal abatement cost is related to whether the
assumed technology in the baseline scenario reaches the optimum.
When the innovation market is imperfect and the technology
supply is insufficient, ETC can lead to lower abatement costs, as
found in many studies”’. However, assuming that the level of
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technology is already optimal in the baseline, the envelope
theorem suggests that technological changes under the policy may
not have a significant impact on abatement costs if other relative
prices do not change significantly.

In addition, the impact of energy prices on technological
progress and consumer behavior has been confirmed in
numerous empirical studies. This relationship has been captured
and modeled as a price-induced form in IAMs. Popp (2001)™
empirically concluded that there is a negative correlation between
the change in energy intensity of the US industrial sector and the
change in energy price. Approximately two-thirds of the change in
energy consumption came from price-induced factor substitution,
while only one-third of that came from policy-induced
technological innovation. The higher price of fossil fuel energy is
expected to encourage investment in energy efficiency
improvement and promote a shift in energy consumption
behavior. Price-induced technology change assumes that energy
efficiency or technological progress in energy is greatly affected by
energy prices. According to the Hicks-induced innovation
hypothesis, changes in relative prices can stimulate innovation,
leading to a reduction in the use of more expensive inputs, such as
energy. As described in Table 1, both the EPPA model and
IAMGE model attempt to model price induction™ .. However,
this modeling method oversimplifies the relationship between
innovation stimulation and price mechanism. It lacks
consideration for other market influences, such as the scale effect,
and relies heavily on empirical results. Hence, this implicit
modeling method has not been widely used in IAMs and is
gradually being replaced by modeling methods based on R&D.

Introducing R&D investment into the IAMs partially solves the
problem of technological path solidification caused by completely
exogenous technology change. However, it lacks the description of
knowledge externalities and the micro foundations of modern
endogenous growth theory. As Nordhaus points out, it is unclear
who is responsible for R&D activities and how they are funded
and valued. Acemoglu (2002)"" demonstrated that the trade-off
between innovation in various directions in IPF is generated
internally through the dynamic optimization problem faced by
firms. There have been limited attempts by IAMs to address this
issue. Smulders and de Nooij (2003)"*" proposed an economic
growth model driven by energy utilization and the ETC, in which
the speed and direction of technological progress are endogenous.
The model captures the stylized facts of total energy use growth,
energy efficiency improvement, and energy intensity decline.
However, it has limited capability in modeling the dynamic
changes in the energy technology mix.

2.3 Endogenous technological changes on the supply side

In historical context, the utilization of coal and oil energy
technologies has resulted in the influence of anthropogenic
industrial activities on climate change, and vice versa, the shift to a
low-carbon society requires the widespread advancement and
extensive implementation of innovative low-carbon technologies.
Thus, low-carbon technologies on the energy supply side offer the
potential to overcome barriers to climate change mitigation.
Endogenous modeling of energy technologies is particularly
important for the economic analysis of climate change mitigation.
There are numerous ways in which technology learning can be
used in energy transition modeling™ *, which through these
approaches presents us with a future of cost reduction, efficiency
improvement, and infrastructure service capability enhancement
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through technology learning.

At present, the most common approach in IAMs is to conduct
endogenous learning curves® . This approach aims to improve
technical efficiency by leveraging the two effects: Learning-by-
Doing (LBD) and Learning-by-Searching (LBS). LBD refers to the
investment cost for energy technology decreases as the total
installed capacity increases, reflecting the accumulation of
experience in practical application, whereas LBS represents the
decrease in investment for energy technology as the accumulated
R&D capital increases. Unlike endogenous learning by capacity
accumulation, the level of R&D activity relies more on policy
support. In the early stages of new technology deployment, private
enterprises often encounter challenges in becoming the main
sponsors of R&D activities due to the uncertainties in technology
development and the associated investments risks. Therefore, the
allocation of government public funds becomes crucial. The
learning curve that only considers Learning-by-Doing (LBD) is
referred to as the One-Factor Learning Curve (OFLC), while the
process of technological progress that comprehensively
incorporates both LBD and LBS is termed the Two-Factor
Learning Curve (TFLC). This solution is pivotal in IAM
applications and serves as the mechanism for addressing
technology endogeneity in nearly all energy system modules.
However, it is worth noting that energy models using linear
programming as the optimal solution often encounter significant
computational costs when incorporating endogenous learning
curves. Consequently, externally fitting cost curves become an
alternative solution.

Although endogenous learning can lead to cost reductions in
technology development, the effects of multiple technology curves
can sometimes be uncertain. Manne and Richels (1992)*, based
on the MERGE model, integrated a top-down economic
perspective with a bottom-up energetic approach to establish
endogenous technical learning curves. They found that for each
doubling of accumulated experience, the learning cost decreases
by 20%. It was observed that LBD significantly affects the time and
cost of abatement. Moreover, incorporating both LBD and LBS
into the POLES model* resulted in complex simulation
properties. The results indicated that the learning efficiency of
R&D was slower in the accelerated abatement scenario due to the
faster deployment of technology, resulting in less cumulative
research and R&D learning. Nevertheless, in the accelerated
abatement scenario, learning efficiency improved as targeted
accumulated capacities and costs were reached in a shorter time.

In addition to considering the learning characteristics of
technology, it is also important to take into account technology
diffusion, the speed of energy transition, and the technical
dynamic process™. For example, technology co-evolution and
innovation spillovers are crucial in technology diffusion but are
rarely explicitly modeled in IAMs, making it difficult to capture
path dependence, innovation behaviors, market drivers, and
inertia in technical substitution™ 7. In fact, due to the high
investment cost and long lifetime characteristics, infrastructure
construction has been shown to create lock-in path dependence.
Socio-technical approaches rooted in evolutionary economics and
focused on temporal transformation dynamics have emerged and
been applied in IAMs™ *. The social-technical perspective of
technological change revolves around technology diffusion and
technological lock-in, which are portrayed in the wider co-
evolutionary understanding of society and technology. Duan et al.
(2015)*" proposed the E3METL model, constructed using the
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logistic curve as the core of the technology module and
accounting for ETC. Logistic curves were used to describe the
substitution and evolution laws among various technologies in the
model. In addition, the variables of carbon tax and subsidy are
introduced into the traditional logistic curve as powerful tools to
depict the evolution of multiple energy technologies.

A typical IAM focused on technical diffusion is EBME-FIT"), a
simulation model derived from the parameterizing of historical
data and the trajectory of technical diffusion. Unlike traditional
IAMs, it extends from a single representative consumer and
decision maker to include heterogeneous consumers and
suppliers. The industrial, transportation, and electricity sectors are
represented by different FTT sub-models, characterized by the
typical S-shaped curve of technology adoption. This perspective
shift leads to a policy orientation from the traditional energy
modeling community®™ and offers a better depiction and

Table1 The way endogenous technological progress modeled in IAMs.

prediction of the future based on reality. Nijsse et al. argue that the
dynamics of cost competition between renewable energy and fossil
energy have undergone a significant shift. They suggest that the
focus should no longer be on achieving a carbon price balance,
but rather on addressing challenges related to grid resilience,
financing channels, material supply chain management, and other
factors crucial for achieving net- zero emissions. In contrast,
Odenweller (2022)™ provides an example of two-way coupling
between the MIND macro model and the power model of FIT
technology diffusion. Odenweller points out that the linear
optimization method of cost minimization may lead to overly
optimistic results of technology evolutio due to the path-
anchoring bias introduced by the initial state of the model. This
bias is caused by the lack of calibration updates for the current
cost of the latest energy technology in the IAM.

Model Type Representation of ETC Reference
R&DICE Optimization model R&D [9]
ENTICE Optimization model R&D [61]

ETC-RICE Optimization model R&D [42]
E3METL Optimization model R&D; LBD&LBS [62]
WITCH Optimization model R&D; LBD&LBS [63]
REMIND Optimization model LBD [64]

MIT-EPPA CGE Price-indued; LBD [46]

Sue Wing-EPPA CGE R&D [65]
GEM-E3 CGE Price-indued; LBD [66]

MARKAL Energy system model LBD [67]

MESSAGE Energy system model LBD [29]

POLES Energy system model LBD&LBS [54]
IAMGE Simulation model Price-induced [45]

E3ME-FTIT Simulation model Technical diffusion [60]

ENGAGE ABM Technical diffusion [68]

Note: Model abbreviations and other abbreviations can be found in Table A1 and Table A2 in Appendix.

3 Structure of the E3METL-R model

The E3METL model (Energy-Economy-Environment Model with
Endogenous Technological change by employing Logistic curves)
is an Integrated Assessment Model (IAM) designed to incorporate
the ETC. Constructed upon logistic curves as the fundamental
framework of the technology mode, it comprises three main
modules: economy, energy technology, and carbon emissions. The
E3METL-R model, the global multi-regional version of E3METL,
inheriting the assumption of the Ramsey intertemporal
optimization framework, which aims to maximize global
discounting utilities determined by the social planner. In other
words, the model is forward-looking rather than myopic. The
utility function at any time and region is based on constant
relative risk aversion (CRRA), which guarantees the balanced
growth path of the economy. E3METL models series have
exploited single-region (China), global single-region, and global
multi-region versions. In this example, we will focus on the latter
(E3BMETL-R) due to its relative completeness, which makes it
convenient to study the long-term evolution of various energy
technologies.

Energy and Climate Management | 2025, 1(1): 9400003

3.1 Macroeconomic module

The optimizing objective is maximizing intertemporal discounted
reginal utility function U,, which is calculated with consumption
C(t,r) and labor L(t,7), p(7) is the pure time preference. U,(-)
represents regional instantaneous utility function as an expession
of utility per capita at the given moment. U,(-) in benchmark
model employes CRRA utlilty with U/(:) >0, U,"(-) <0 and
constant relative risk aversion coefficient 0.

C(t,r) )”’ o

Maxz L(t, r)(L(t’r) g ﬁ(l—i—p(r))*me” (1)

1- =0

where p(t) =p,-e " represents discounting factor to measure
time preference, specificly p, is initial time preference, and d, is
decline rate of time preference rate. p(t) declining with time
represents a less impatience with the future and more attention to
cliamte change issue. The time scale of the model is step and p(t)
presents average discout level in each period.
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In the E3METL-R model, there are specialized production
sectors for consumer goods, and the production process is
represented by a constant elasticity substitution production
function:

Vi

Y(tr) = [@(A K L)) + A=) ES(En)] ()

where Y(t,r) presents total output, K(t,+) presents capital stock in
t year, and L(t,7) is labor element input detemined by exogenous
growth rate. A,, is technical progress level in the mix of capital
and labor, @ means the share of captical in capital-labor mix,
ES(t,1) is energy service level, and « is the share of production
element. Final good Y is generated by nest CES function
combined with KL and ES, and x represents elasiticity of
substitusition between them. Capital stock K can be formulated in
terms of current and past capital stock adjusted by the
depreciation rate:

K(tr)=(1-8)K(t—1Lr)+1(t7) (3)

where & presents yearly depreciation rate of capital and I(t,7)
presents investment level. Regional consumption per capita is the
only decision vaiable in utility function and controlled by budget
constraint with taking cliamte damage feeback, investment, net-
export and energy cost into account. The outputs Y(z, ) are made
by the production department and will be used to pay for
consumption C(t7), investment I(f,r), net-export MG(t,r)—
XG(t,1), energy costs EC(t,7), trading cost cxtrade; and cmtrade;,
adaption investment IAdap(t,r), abatement cost CAbate(t,r),
R&D activities expenditure TRD(t,r), agriculture cost CAgri(t,7)
and pollution expendeture CPollution(t,r). The balance
relationship is as follows:

C(t,7) :M

Lr

— TRD(t,r) — IAdap(t,r) — EC(t,r) — CAbate(t, 1)

+(1—€°)MG(t,r) — XG(t,r) — I(t, 7)

— cxtrade; - X;(t,r) — cmtrade; - M;(t, 1)

+ pxEL- Y EIX;(t,1,k) — pmEL - Y EIX;(t, k1)
k k
— CAgri(t,r) — CPollution(t,r) (4)

where MG(t, 1) presents import of region r and XG(t, r) prensents
export with €° as trade cost of composite goods. %EIXJ-(L r,k) and
Y EIX;(t,k,r) are imports and exports of region r in electricity
t:ilateral trade respectively with import electricity price pmEl; and
export electricity price pxEl;.

3.2 Energy technology module

Based on the consideration of the scarcity of exhaustible resources,
E3METL-R incorporates the updates and explanation of Rogner’s
cumulative extraction cost curve (CECC) to model fossil fuel price
changes™ . The extraction cost of oil, coal, and gas is as follows:

FOSe0t (1, 1) =0ty + oy, CumExfos(t, r) + a, ,CumExfos(t, r)?
+ a,,CumExfos(t, 1)’ (5)

CumExfos(t,r) = CumExfos(t — 1, 1) + tstep - Fos..(t,1)  (6)
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where Fos,.o.(t,7) is long-term extraction cost of fossil fuel in
region r, o, ®,, &, and a,, are the coefficients of the
polynomial function (5). Eq.(6) describes the accumulation of
fossil fuel extractions CumExfos(t,r) with yearly extraction
Fos..(t,r). In addition, the model introduces short-term
adjustment costs, which are used to simulate the penalty markup
caused by excessive fluctuations in short-term extraction.

Fose. (L1 x
Fosu (61) =1*¢+¢(T()) (7)
COSTFO0S 1 (1, 7) = FOSyeous (1, 7) + FOS 0 (,7) )

where Fos,q. (1, 1) presents the short-term adjustment costs with
threshod parameters ¢, y. COSTFos.,(t,r) presents total
extraction cost of fossil fuels, which equals the sum of long-term
cost and short-term cost.

3.3 Carbon emission module

Total CO, emissions are the sum of CO, emissions from fossil-
fuel combustion in industries EMISpus(t 1), from land-use
change EMIS, \o(t,7) minus emissions from avoided
deforestation EMISgepp(t,7). Total emissions and industrial
emissions can be expressed as:

EMIS(t, 1) = EMISppus (1, 7) + EMISaxp (1, 1) — EMISeenn (6,7) (9)

EMISipus(t,r) = Y emif;- PROD(t,r) — Y CCS, (t,r)  (10)
! f

CCS;(t,r) = PRODy (t, 1) X capture_rate, (10”)

here emif; is carbon emissions per unit of fossil fuel consumption
(carbon emission factor), while f and f encompasse all energy
technologies and technologies with CCS, respectively. PROD((t, 1)
and PROD; (t,r) denote the annual regional energy production
without and with CCS, respectivel. The quantity of carbon
captured, CCS;(t,r), is computed from all CCS technologies

according to a specific capture rate capture_rate; .

3.4 Global multi-regional demand sectors and trade

mechanisms

The level of energy input of the economic module depends on the
energy demand of the economic sectors. These sectors are divided
into three categories: construction, industry, and transportation.
The CES functional form is still used for the energy input levels of
construction, industry, and transportation. The energy input of
the economic sector is as follows:

E(1,t) = (s (*) Indus(t, 1) + otpq(7) Build(t, r)™
Qg (7) Trans(t, 7)) "™ (11)

Indus(t,r), Build(t,r), and Trans(t,r) represents industry,
construction and tranport sectors inputs respectively, «; stands for
input share of sectors, &; € { &0 Xpuia> Xrans - The energy used
by conventional economic sectors, such as the industry and
construction sectors, is divided into electric energy and non-
electric energy. Electric energy is generated through various
energy technologies, which include renewable energy sources and
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fossil fuels (primarily coal, oil, and natural gas). Non-electric
energy includes the use of coal, oil, natural gas, biomass fuels, and
some backstop technologies in the construction and industrial
sectors. The CES functions of electric and non-electric energy are
aggregated as follows:

Indus(r, t) = ( O indus (T) ELi e ( £ 7‘) KE,indus
+ (1 — Opinus (1) )NEL s (£, 7)) Vg indus (12)

Buzld(r, t) = (aE,huild(r)ELhuild(t, T)KE,bmu

VKE buitd

(1~ @) NELya (1, (13)

where EL(t,r) and NEL(t,r) stands for the electricity and
nonelectricty input level with the share of two inputs a;(r) and
substitution elasticity «; between two elements. The input of
tranport sector divides into passengers transport Pass(t,r) and
freight transport Freight(t,7). gu.(r) is the share of passenger
traffic in the energy input of the transport sector and
represents the elasticity of substitution between the two inputs.
Energy inputs in the transport sector are as follows:

Trans(r,t) = (g yans (1) Pass(t, 1)
+ (1= Cg s (1)) Freight(t, r) e ) e (14)

The E3METL-R model explicity models the trade of final
composite goods, primary energy, and emission quotas, making it
suitable for intertemporal investment and trade analysis in the
long run. The model allows for intertemporal trade, which
complements capital mobility in multi-regional trade. The clearing
condition for intertemporal trade must be satisfied in period T (T
is the last period in which the model is solved), which corresponds
to the consumer’s intertemporal budget constraint or the
Walrasian rule. Capital flow is defined as the cash flow
accompanied by unrestricted trade of composite commodities.
However, it does not encompass capital flow on a broader scale,
such as the influx of foreign investment, so it can be regarded as
weak capital mobility™. Capital flows and intertemporal trade lead
to the equalization of the rate of capital return and ensure
intertemporal and cross-regional trade equilibrium.

In the composite commodity trade, primary energy trade, and
carbon quota trade, it is assumed that the imports and exports of
the regions come from a common pool, and there is no bilateral
trade between the two regions. This means that for a given
commodity j, there is a corresponding unique market price P;.
The trade equilibrium in period ¢ is as follows:

Y (X(tr)—=M(t,r) =0 VjVt (15)

r

The physical trade volume of primary energy, including coal,
oil, natural gas, and biomass energy, conforms to the budget
constraint of primary energy supply:

PE(t,r) = EX|(t,r) = X;(t, ) + M;(t,7) (16)

where PE;(t,r) represents regional energy supply, EX(tr)
represents the amount of domestic primary energy extraction,
X(t,r) is the primary energy export volume of region r, and
M;(t,r) is the primary energy import volume of region r. Any
trade in goods and energy implies trade in financial capital and a
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net flow of financial capital. This relationship is characterized by
the intertemporal budget constraint, and the net foreign assets
(NFA) of each region converge to 0 in period T:

B(r) =N(f)+ZZPj(f) (Xt r) = Mi(6,1)] Vr (17)

4 Demand-side technical change in typical
IAMs

4.1 Endogenous energy efficiency mechanism in E3BMETL-R

The exogenous efficiency trajectory significantly influences
macroeconomic growth and carbon emissions. However, relying
on historical data to calibrate the AEEI may not ensure its
effectiveness because setting AEEI too high or too low can result
in underestimating or overestimating the energy demand and
abatement cost™ 7. The introduction of endogenous energy
efficiency can mitigate the shortage of exogenous energy efficiency
mechanisms and correct biases introduced by a single exogenous
treatment in the model results®. The energy service consists of
two parts: carbonaceous fossil energy and energy-related
knowledge capital.

ES(r, ) = [B, (.o, KDE(r, 1))" + (1= B,) (E(r,1))']" (18)

where E,, stands for energy inputs, 8, stands for the share of
knowledge capital in energy service, and « is representation of
ease of substitution of knowledge KDE,, and energy E,,. The scale
factor of knowledge «.., is used to represent the energy-saving
effect resulting from R&D knowledge.

The dynamic accumulation equation of KDE,, gives

KDE(r,t) = (1—0,,) KDE(r, t —1) + IPF(r, ) (19)

where d,. is the decay rate of knowledge. IPF(r,t) is called the
innovation possibility frontier, which is used to describe the
process of R&D investment generating knowledge. It can be
expressed as:
IPF(r,t) = aRD?, KDE": (20)
Total R&D input (TRD) includes R&D expenditure (RD;) from
carbon-free energy (biomass BIO, nuclear NUC, hydroelectricity
HYD, and other renewable energy OTHRE) and R&D investment
from energy efficiency improvement (RD,, ).

TRD, =Y _RD,,+RD,,, i€I={BIO, NUC, HYD, OTHRE}
(21)

The modeling of energy efficiency improvement in RICE,
ENTICE, WITCH, and EPPA, given in Table 2, adopts a similar
way, that is, the modeling approach based on R&D capital. The
introduction of endogenous energy efficiency has a significant
positive impact on the gross world product (GWP). However, this
positive effect gradually weakens with the implementation of
emission control policies, particularly in the middle and late stages
of emission reduction policies”. The improvement of endogenous
energy efficiency is primarily driven by R&D investment, leading
to more efficient production with an economic rate of return on
R&D, ultimately improving the production value per unit of
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Table2 The comparison between EBMETL and other IAMs in demand-side technical change.

Model exogenous AEEI R&D capital modeling Endogenous economic growth Multi-regional model Reference
RICE ol v v [9]
ENTICE v [61]
ETC-RICE v v [42]
FUND 3 Y [75]
E3METL v v [62]
WITCH ol v v [63]
REMIND Y v V [76]
AIM ol v [77]
MIT-EPPA \ y [46]
GEM-E3 v v [66]

energy. The study by Wang et al. (2019)" examined the
relationship between energy share and energy cost, indicating a
1% increase in the energy share results in a 1.2% improvement in
energy efficiency over the next 20 years. This relationship has been
modeled in an TAM and a carbon price intervention could lead to
a 30% energy savings compared to a scenario without an
endogenous energy efficiency induction mechanism in 2120. This
finding suggests that higher carbon prices incentivize investments
in renewable energy and result in an increased share of green
energy.

4.2 Directed technical progress mechanism in EBMETL-R

Based on modern endogenous growth theory™ *, the
characteristic of the directed technological change (DTC) model is
that innovation is built on the shoulders of giants. This means that
innovators not only improve current technologies but also enable
future innovators to build upon their innovations™. The earliest
example of DTC was proposed by Aghion and Howitt (1992)"",
who modeled research and development separately and analyzed
the incentives of researchers to allocate their efforts to both.
Afterward, Acemoglu developed the typical DTC model, which
showed that innovation could increase the demand for either low-
skilled or high-skilled labor. Several studies have explored the
impact of DTC between energy-saving and energy-consuming
technologies™ while DTC between clean and dirty technologies in
energy production has also been investigated"’. Insights from
DTC have been integrated into fields such as environmental
economics and labor economics, yet no IAM has thus far
explicity modeled directed technological innovation. The
productivity of endogenous fossil energy and renewable energy in
this model is as follows:

Ay = 1+ ynng " )As (22)
Ay = (1+ ynn;:'V)Agt,l (23)
ny+ng, =1 (24)

where A;, and A,, represents productivity of fossil fuel and clean
energy technology, n; and n, stands for the proportion of
research input targeted innovation activities in two sectors. v is
the diminishing returns to scale, # is probability of successfully
innovation, and y is innovation scale. The innovation possibilities
frontier is as follows. At the beginning of every period, innovation
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input need to determined whether devoted in renewbale or fossil
fuel technology. Innovation inputs is then randomly allocated to
at most one machine and is successful in innovation with
probability # € (0,1), where innovation increases the quality of a
machine by a factor 1+ yn,,* and 1+ ynj,", that is, from A, and
A, to (14+yn;") Ay and (1+yny.") A,

E3METL-R, the global regional version of E3SMETL model (see
Table 2), endogenously models the productivity of energy
technology in demand sectors according to the theoretical
mechanism of DTC, which fundamentally changes the mode of
economic growth and forms an economic structure change driven
by ETC. More detailed comparisons between E3METL and other
IAMs in demand-side technical change are shown in Table 2.

5 Multiple energy
mechanisms in IAMs

technology  diffusion

5.1 Diffusion of multiple energy technologies

The E3METL-R model’s primary feature is the systematic
integration of induced technical change, with a focus on the
endogenous learning curve for renewables. The return on R&D
investment depends on previously accumulated knowledge capital
that is conducive to lower energy investment costs, resulting in a
learning-by-searching (LBS) effect in undeveloped technologies
such as wind and solar. Notably, EBMETL, WITCH, and POLES
models in Table 1 incorporate the LBS mechanism. Additionally,
learning-by-doing is extensively employed in energy system
optimization models (e.g, MARKAL, MESSAGE, POLES models
in Table 1 and Table 3), where renewables are integrated with
alternative energy technologies. Over time, knowledge and
experience may become obsolete due to the depreciation rate of
knowledge, impacting the speed of forgetting™. Our model
applies two-factor learning curves”™”\. The form is as follows:

Ibr_factor Ibd_factor

Y RD,(t,1)
Y RD;(0,r)

Y. CCAP/(t,7)
1G(t7) = (1) - S CCAP 0]
' (25)

where IC(t,r) is the investment cost of energy tchnology j,
RD,(t,r) is the R&D capital stock, CCAP;(t,r) is total installed
capcacity of energy technology j, and «;(r) is the difference
between initial investment cost and least cost price. Technological
learning is assumed to be global, and the knowledge capital stock
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Table3 The comparison between EBMETL and other IAMs in supply-side technical change

Model LBD LBS Diftusion of technologies Diffusion across regions Reference
E3METL J J V [62]
WITCH \ \ \ [63]
REMIND J [76]

MARKAL v [671
MESSAGE V [29]
POLES J J [54]
MIT-EPPA V [46]
GEM-E3 J [66]
E3ME-FTT 3 «/ [17]
ENGAGE 3 [68]

and installed capacity of each region are pooled to reduce the cost
of technology. Ibr_factor and Ibr_rate measure the intensity of
the learning effect. They are based on the relationship below,
Ibr_rate measures the rate at which unit costs fall for doubling of
the stock of knowledge or capacity.

In(1— Ibr_rate)

Ib tor =
r_factor )

(26)

It is easy to see from Eq. 25 that technology costs will decrease
as knowledge grows. However, cost cannot be reduced infinitely,
so it is necessary for us to consider the possible minimal cost, then
Eq. 26 can be transformed into Eq. 27:

IC(t,r) =IC(t—1r) — (IC,(t—1,1) — IC;in(r))
Y RD,(t,r) —RD;(t—1,r)
Y.RD,(t,7)

Y. CCAP,(t,r) — CCAP,(t—1,7)

r

Ibs_factor; -

+1bd_factor; -

Y CCAP,(1,7)
(27)

Eq. 28 describes the equation of installed capacity accumulation
for technology j, based on yearly depreciation and installed
capacity increment:

CCAP;(t+1,r) = CCAP;(t, 1) - (1—8,)*"* +tstep- ADDCAP,(t,r)
(28)

The influence of incorporating the learning curve into energy
modules in IAMs is evident, particularly given the background of
the cost of alternative energy technology is much higher than
traditional technologies, due to R&D activities requiring incentives
from relevant policies® *. Duan et al. (2015)" explored the
evolutionary process of renewable technologies with R&D inputs
using two learning curves, revealing that R&D investment can
effectively mitigate adverse shocks associated with the
implementation of a mix of carbon taxes, thereby increasing the
flexibility of emission reduction policies. Based on CE3METL and
the plate ocean climate model®, the study concentrated on the
radiative forcing and temperature benefits of electricity
technologies substitution and found that the learning effect
enhances the competitiveness of photovoltaic power by
contributing to a more competitive price.
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5.2 Knowledge diffusion across regions

The diffusion of emerging knowledge is influenced by the
accumulation of knowledge capital in energy technologies, known
as the diffusion effect of knowledge. In endogenous economic
growth theory, knowledge diffusion effects vary across specific
modeling frameworks: sometimes expressed as state dependence
on alternative technology™, while other times characterized by the
productivity growth rate depending on the distance to the frontier.
Despite these variations, these modeling techniques commonly
establish knowledge diffusion based on productivity gains without
considering the source of these productivity gains from knowledge
diftusion.

Indeed, knowledge diffusion effects across technologies are the
foundation of many new technological innovations. For example,
Tesla’s first product prototype was developed by reconfiguring a
fuel-powered car by removing the internal combustion engine and
filling the engine compartment with batteries. Consequently, the
relative reduction in R&D costs is a significant driving force
behind directed technical innovation. Specifically, the
accumulation of R&D capital lies on innovating investment in the
region at time ¢, existing R&D capitals stock, and diffusion effect
from other regions. Modeling the knowledge diffusion effect as an
amplification proportion of R&D investment, taking the product
of the diffusion effect and R&D investment as the increment of
R&D capital means that the greater the technological gap with
developed regions, the greater the increase in R&D capital per unit
of investment corresponding to more effective R&D investments.
Energy technologies accord with this rule include PV, wind,
hydrogen, biomass, and others.

RD(t+1,7) = RD(t, 1) (1 — 8gp)™? + tstep - Iyp - SPILL (2, 7) (29)

Y RD(tr)\ "™

re{OECD}

SPILLy(t,r) = RO

(30)

where RD(t,r) is the R&D capital stock, 8, is depreciation
coefficient of R&D capital and ¢, is the sclae factor of spillover
effects. SPILLyy(t,7) is the knowledge spillover effect and the scale
is expressed as the gap in knowledge stock between this region
and OECD regions.

Knowledge diftusion effects across technologies are crucial for
understanding the role of policy in the transition of the economy
towards cleaner production. Studies by Donald (2023)*”, Liu and
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Ma (2021)® have demonstrated that technology spillover is
equally important as the substitution effect, and it has a profound
impact on the speed of long-term goals, in other words achieving
a clean energy future. Unfortunately, this spillover effect is usually
excluded from current models. Leimbach and Edenhofer (2007)®!
analyzed the impact of climate policy characterized by technology
spillovers using the REMIND model, which was the first to apply
a model with technology spillovers within the context of climate
policy. The study found that spillover effects could smooth
emission reduction costs across regions and provide stronger
incentives for developing economies to engage in climate
agreements. A recent study™ combined the WITCH model and
GEM-E3 model, incorporating the R&D learning rate, diffusion
mechanism, and GEM-E3’s distinctive low-carbon technology
financing mechanism to offer insights into the selection of energy
technology mix and the optimal timing for R&D investment. In a
regional context, Zhang et al. (2020)* found that the diffusion
effects of technical learning have different influences on global and
regional aspects based on various control settings for diffusion
effects using the REMIND model. This study emphasizes
explicitly modeling the manufacturing and trade of equipment
components to link energy system modeling with innovation
research that integrates innovation, deployment, and diffusion
dynamics to regional patterns.

5.3 Multiple energy technologies diffusion

In the E3METL model, logistic curves are employed to represent
the substitutional and evolutionary dynamics of various energy
technologies, while also incorporating carbon taxes and subsidies
into the conventional logistic curve framework. Furthermore,
considering the inverse correlation between energy technology
costs and the proportion of energy technologies, we propose a
novel approach to substitute the proportion of technical change
relative to time with the proportion relative to price in logistic
curves. The revised equation is as follows:

S <1+Sj(t)ZSj(t)) Sj(t)} (31)

here P;(t) is the ratio of marker technology that is presented by
fossil energy technology in E3BMETL to alternative technologies
that consist of all the non-carbon technologies; the formulation is

ds,(1)
dP (1

= ajsj(t)

G(#) (1+ Tax(t))

B0 = 0 (1= suby(0)

(32)
here, C(t) and C(t) denote the costs per unit of energy for the
marker technology and alternative technology. Tax,(t) and
Sub;(t) represent the tax rate for fossil energy and the subsidy
levels for alternative energy, respectively. a; is a substitution
parameter, and S; means the maximum possible share of
technology j in energy supply market, with 0 < §; < §; < 1.
Incorporating  the mechanism of multi-technological
competition into the E3METL model™ further confirms the
effectiveness of logistics curves as a powerful tool for illustrating
the alternative evolution of multi-technologies. By employing
simulation techniques, the findings revealed that solar energy,
wind power, and geothermal power have been developed more
sufficiently rather than fossil fuels. Under the combined carbon
tax scenario with a 140% increase, the proportion of solar, wind,
and geothermal energy is 24.9%, 6.1%, and 9.7% respectively. In
contrast, these energy sources account for only 0.1%, 0.06%, and
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0.8% in the baseline scenarios. In another study of optimal carbon
tax within carbon constraints by using the CESMETL model", it
was discovered that it is increasingly essential for the learning rate
to describe the penetration of non-carbon technologies and
determine the optimal carbon tax. In the BAU scenario, for every
3% increase in the learning rate, the share of renewable energy will
only increase by 3.23%, which contrasts with 26.33% of renewable
energy share in the mitigation scenario.

Socio-technical approaches, characterized by the interaction
between technology diffusion and technological lock-ins, offer
distinct advantages in comprehensively capturing the energy
technology revolution™. The estimations of technology diffusion
derived from empirical studies are progressively integrated into
energy system models®. Duan et al. (2014)* employed the
modified Lotka-Volterra model to compare development patterns
and diffusion laws related to wind and photovoltaic technologies
on a national level, which revealed that the scale dependence effect
is prevalent in wind power markets across different countries,
whereas it is not common in photovoltaic energy markets. In the
context of the cross-border diffusion of technology, Duan et al.
(2018)* proposed a two-dimensional framework to analyze the
theoretical and empirical aspects of cross-country diffusion effects
on technical innovation. However, the aforementioned research is
more concentrating on wind energy and photovoltaic energy
separately, while disregarding the influence of other renewable
energy technologies and fossil energy sources. The FTT model™
has been increasingly involved in the evaluation of energy systems
by simulating the diffusion competition among multiple energy
technologies. Mercure et al. (2021)"” conducted a re-evaluation of
the geographical pattern of energy under the decreasing costs of
renewable energy and the economic consequences of the post-
pandemic era. Their study utilized the E3BME-FTT-GENIE model
and revealed that energy systems experience a wider range of
impacts under the technology diffusion and path dependence
perspective than in previous research findings. Photovoltaic (PV)
will become the dominant energy technology, electric vehicles are
also experiencing a winner-take-all trend in the transportation
sector. Additionally, heating technologies are undergoing
significant advancements as households strive to reduce their
carbon footprint.

5.4 Other ETC modeling techniques

IAMs are often criticized for their failure to capture the dynamic
processes of technology diffusion and technology transition *,
for example, co-evolution between technologies, mutual learning
between agents, network spillover effects, and reinforcing
feedback. While previous sections have discussed the systematic
integration of technological progress and evolution components
into intertemporal IA models, certain modeling techniques are
better suited for simulation models rather than optimization
models. Hence, this section primarily delves into the remaining
modeling techniques for ETC and provides examples of their
application in existing research.

Demand sectors in macroeconomics-IAMs are often
represented by simplified CES function structures, lacking an
endogenous selection process from energy service to final energy
use. This limitation hinders the ability to provide specific
recommendations for decarbonizing demand sectors. Due to the
discrete choice model (DCM) can easily determine the utilities of
purchasing or using products and services for customers in a
group, as well as simulate the competitive circumstances of the
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energy market, DCM has been gradually engaged in the sector
modeling of TAMs. Widely utilized in transportation studies,
DCMs analyze individual behavior regarding destination and
transportation mode to forecast demand for transport
technologies"".

The underlying principle of DCM is based on random utility
theory, which involves selecting fixed utility factors and a random
utility distribution. This allows the mathematical expression of the
probability of selecting each alternative as a function of the fixed
utility. The cost of energy technology can be modeled as the
perceived cost, encompassing both monetary and non-monetary
factors, such as consumer preferences. Vehicle choice is
determined by the polynomial logit equation in IMAGE’s vehicle
choice model™, allocating the market share of various types of
vehicles each year, to ensure that the cheapest vehicle captures the
largest share of the market. The variation in vehicle types is
influenced by factors such as regional energy costs, technological
investment costs, regional loading factors, and energy efficiency®”.
Based on this model, Edelenbosch et al. (2018)" employed a
combined technological and social learning model to examine the
interaction between these two factors and their impact on the
transition dynamics of electronic vehicles, which demonstrated
how early adopters promote technical innovation by stimulating
market demand. In addition, the methodological principle behind
models such as FTT-transport and FTT-power is also based on
DCM. What they have in common is not optimizing the entire
system, but rather being partly based on the observed technical
diffusion trajectory and partly based on the characteristics of
customers, including agent heterogeneity, social influence, and
non-monetary factors.

Social learning about the benefits and risks associated with new
technologies is at the core of technical diffusions, which could be
defined as the process of innovations spread over time among
members of a social system and can be effectively captured by an
agent-based model™. Agent-based model (ABM) is a promising
field that addresses the aspect of individual heterogeneity within
social systems in integrated assessment models. This type of
model analyzes the dynamics of climate, energy, and
macroeconomics based on agents*’, representing climate damage
and its cross-sector penetration from a bottom-up perspective and
explains the role of finance in sustaining the economy and
shaping the dynamics of the energy transition. The outstanding
advantage of ABM is that it allows us to explicitly characterize
individual heterogeneous consumers, instead of relying on
aggregate equations. As the first generation of ABM-IAMs,
ENGAGE model, shown in Table 1, focuses on the diffusion of
technology over time, in which technical change is simulated as a
process of endogenous evolution and probability, allowing for the
simulation of future scenarios with different technologies.
However, the simulation of ABM models, such as ENGAGE, is
still quite stylized and has many obvious shortcomings. For
example, it completely ignores population growth and only uses a
limited number of representative sectors and all these features
greatly reduce the realism and comparability of the model.

In recent years, ABM-based IAMs are still emerging. Multi-
agent model for transition risk (MATRIX) is a multi-sectors and
multi-agents macroeconomic model™, using different climate
models, damage functions, and carbon cycle models to simulate
different climate policy scenarios, which aims to assess the
economic impacts of climate change and abatement policies in the
context of wuncertainty and heterogeneity. The model
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endogenously incorporates firms investment in emission
reduction efforts based on updated information, but
unfortunately, the MARTIX model does not account for
endogenous technological progress. The ABM-IAM model™
describes how interactions between heterogeneous consumers,
firms, power plants, and banks within the network drive the
economy. By introducing climate cycles and damage functions in
traditional IAMs, the model captures the complex interaction
among the economy, electricity, and financial markets and
provides more detailed insights into the heterogeneity of the
inequality issue.

6 Conclusions

Technical cost changes brought about by innovation are one of
the decisive factors in the long-term mitigation costs of climate
change, as a result systematically modeling the structure of
endogenous technical change has been a consensus among the
majority of IAM teams. Due to the scope and complexity of the
climate change problem, as well as the trade-off between model
intelligibility and complexity, modeling endogenous technical
change requires both skill and difficulty to achieve. This paper
attempts to systematically demonstrate current techniques and
theoretical basis for handling ETC and uses the E3SMETL model as
an example, in which showing the outcomes of energy technology
development path, economic output impacts, and abatement cost
changes by introducing R&D investment, LBD&LBR learning
curves, and logistic technical mechanism into the model. The
integration of IAM combined with a macroeconomic module and
a bottom-up energy module offers several advantages in
addressing the issue of technical change problem, so it is
conducive to the expansion of modeling methods for different
techniques.

For modeling technical change in demand sectors, taking R&D
investments into the economic structure, which is also called
induced innovation, is the most common technique in top-down
macroeconomic IAMs™. The knowledge capital associated with
specific energy technologies can be developed and accumulated
through innovative inputs, gradually expanding in competition
with traditional energy capital, and ultimately facilitating the
adoption of carbon-free energy. The method similar to induced
innovation is price-induced technical progress, constructing the
paths of technical progress through the quantitative relationship
between energy price and technical efficiency. Considering the
particularity and significance of carbon reduction potentials in
demand sectors, developing endogenous technical innovation
mechanisms in demand sectors has the potential for future
expansion. For example, developing a detailed technology choice
model for demand sectors, addressing knowledge externalities,
and examining the relationships between technologies and
innovations.

For modeling technical change from the supply side, the
concept of ETC can be well represented by learning curves, which
illustrate the internal factors driving technical progress. The
learning process specifically manifests as the LBD effect, which
means that production costs decrease exponentially as cumulative
production increases, and the LBS effect, which means that
production costs decrease exponentially as knowledge capital
increases. Two-factor learning curves have been applied gradually
in many researches with increasing consideration of endogenous
technical progress in energy system models. Nogueira et al.
(2023)" linked three TAMs in a macroeconomic framework

9400003 (11 of 16)


https://doi.org/10.26599/ECM.2024.9400003

https://doi.org/10.26599/ECM.2024.9400003

(WITCH, MERGE-ETL, and GEM-E3) with a bottom-up,
technology-rich energy system model (TIAM-ECN), examining
technological learning in macroeconomic sectors and the cost-
reducing effects of energy systems, so as to quantitatively explore
how R&D investments can support deep decarbonization.

With the reexamination of technological learning in the context
of economic structural and social transformation, more and more
modern endogenous growth theories and socio-technical methods
have been engaged in IAMs, for instance E3METL is a
preliminary attempt to incorporate the S-shaped logistic curve
into the competition mechanism and its optimization effect is
evident. There is currently an important body of research in the
field of IAM addressing this issue. For instance, Mercure et al.
(2015)“" investigated alternative modeling approaches based on
complex dynamics and agent heterogeneity to represent
technology adoption and diffusion. Beyond that, modeling based
on discrete choice and agent-based plays a significant role in
technical diffusion and transition dynamics*>*. We point out that
IAM still lacks a systematic framework for the development of
endogenous technological progress, to which more and richer
theories and methods are needed to develop the endogenous
technology modules and support the economic and social changes
of technological innovation.

E3METL-R, the global multi-regional version of E3METL
currently being developed, features its detailed economic and
trade modules, and demand sectors with DTC mechanisms.
Meanwhile, as one of key sources that hinders the reliability of
model outcomes on energy technological progress, model
uncertainty has been a public concern of policy research
communities. Multi-model comparisons are effective methods for
exploring reliable scientific findings and drawing robust policy
conclusions® . The current multi-model research has high model
requirements, especially for climate economics and policy research
based on IAMs. Further multi-model work at both the global and
regional levels remains meaningful and challenging.

We retraced the approaches of technology change modeling
in order to shed light on the processes and challenges in
developing the mechanism of ETC in IAMs and its contribution
to international cooperation on climate change. In reality,
emission scenarios have always been a crucial part of IPCC
reports. To enhance diversity and transparency, models consisted
with a wider range of sectors and more detailed deep climate
mitigation policies are called for in developing future-focused

cooperation® .. In fact, it is difficult and unfair to discuss
economic growth separately without considering the impact of
technological progress on productivity, as technological progress is
the determinant of long-term economic growth. A reasonable
modeling framework for endogenous economic growth is crucial
to address the widely criticized limitation of IAMs, which is their
lack of realism. Therefore, a redesign of current policy mixes
consisting of more coherent policies under a ETC framework,
such as clarifying the intervene time of carbon taxes and
renewable energy subsidies, may respond to the current call for
strengthened policies. Additionally, through redesigning in
combination with international cooperation, it is possible to
prevent carbon leakage to other sectors and countries, avoiding
stranded assets, and strengthening the regulatory capacity of
governments™”.

Further, exploring the global impacts of non-energy systems
driven by technological advancements is also an promising
direction for future research. While all decarbonization
approaches offer environmental benefits, the scale of these benefits
and potential trade-offs is largely determined by the technologies
chosen endogenously"”. For example, rapid development of
bioenergy can pose risks to the environment, food markets, and
biodiversity, especially considering regional disparities. Even
though IAMs typically incorporate constraints on land use, such
as protecting biodiversity-rich areas, real-world implementation
requires corresponding regulatory frameworks"”. Efforts should
also be made to mitigate leakage effects in international bioenergy
markets and prevent free-riding behavior. Therefore, ETC
interacts more profoundly with non-energy systems'”, such as
land, biological systems"*, and human health, than commonly
assumed, leading to increasing uncertainty in technology
developments over longer time horizons.
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scenario databases and implementing international climate Appendix
Table A1 Abbreviations.
Abbreviation Definition Abbreviation Definition
ABM Agent-based model GWP Gross world product
AEEL Autonomous energy effiency improvement IAMs Integrated assessment models
CCS Carbon capture and storage IPF Innovation possibility frontier
CECC Cumulative extraction cost curve LBD Learning by doing
CES Constant elasticity substitution LBS Learning by searching
CGE Computable general equilibrium NFA Net foreign assets
CRRA Constant relative risk aversion OFLC One-factor learning curve
DCM Discrete choice model PV Photovoltaic
DTC Directed technical change R&D Research and development
ETC Endogenous technical change TFLC Two-factor learning curve
GHG Greenhouse gas
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Table A2 Model abbreviations and names.

Abbreviation Model’s name
AIM Asia-Pacific Integrated Model
DICE Dynamic Integrated Climate-Economy
E3ME-FIT Energy-Environment-Economy Macro-Econometric-Future Technology Transformations
E3METL Energy-Economy-Environment Model with Endogenous Technological change by employing Logistic curves
ENTICE ENdogenous Technological Integrated Climate-Economy
EPPA Economic Projection and Policy Analysis
ETC-RICE Endogenous Technical Change-Regional Integrated model of Climate and the Economy
FUND Framework for Uncertainty, Negotiation and Distribution
GEM-E3 General Equilibrium Model for Energy-Economy-Environment interactions
IAMGE Integrated Model to Assess the Global Environment
MARKAL MARKet ALlocation
MERGE Model for Evaluating Regional and Global Effects
MESSAGE Model for Energy Supply System Alternatives and their General Environmental Impact
POLES Prospective Outlook on Long-term Energy Systems
REMIND REgional Model of INvestments and Development
TIAM TIMES Integrated Assessment Model
WITCH World Induced Technical Change Hybrid
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