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ABSTRACT
Climate policy studies require models that capture the combined
e!ects of multiple greenhouse gases on global temperature, but
these models are computationally expensive and di"cult to embed
in reinforcement learning. We present a multi-agent reinforcement
learning (MARL) framework that integrates a high-#delity, highly
e"cient climate surrogate directly in the environment loop, en-
abling regional agents to learn climate policies under multi-gas
dynamics. As a proof of concept, we introduce a recurrent neu-
ral network architecture pretrained on (20,000) multi-gas emission
pathways to surrogate the climate model CICERO-SCM. The sur-
rogate model attains near-simulator accuracy with global-mean
temperature RMSE → 0.0004K and approximately 1000↑ faster one-
step inference. When substituted for the original simulator in a
climate-policy MARL setting, it accelerates end-to-end training by
> 100↑. We show that the surrogate and simulator converge to
the same optimal policies and propose a methodology to assess
this property in cases where using the simulator is intractable. Our
work allows to bypass the core computational bottleneck without
sacri#cing policy #delity, enabling large-scale multi-agent exper-
iments across alternative climate-policy regimes with multi-gas
dynamics and high-#delity climate response.
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1 INTRODUCTION
Climate modeling provides the scienti#c backbone for climate pol-
icy exploration, but there exists an inherent trade-o! between
model #delity and computational tractability. State-of-the-art Earth
System Models (ESMs) resolve intricate physical processes across
the atmosphere, ocean, cryosphere, and biosphere, yielding detailed
projections of climate variables under speci#ed emission scenarios
[4]. However, thesemodels are slow to run - a single ESM simulation
can require days to weeks of wall-clock time on high-performance
computing systems - severely limiting the number of scenarios or
policy strategies one can feasibly evaluate. This computational bar-
rier motivates the use of simpler models for many applications [1].

To enable broader and faster exploration of scenarios, the climate
science community relies on reduced-complexity Simple Climate

Models (SCMs) that emulate the climate’s response at far lower com-
putational cost. SCMs are compact models - often energy-balance
models with simpli#ed ocean and carbon-cycle components - cali-
brated to reproduce the behavior of more complex ESMs [20]. For
example, MAGICC [25] and CICERO-SCM [12] both use energy-
balance formulations coupled to upwelling-di!usion ocean mod-
els, providing tractable representations of global climate behavior.
Other SCMs such as FaIR take an even more simpli#ed approach,
using impulse-response functions to approximate the carbon cy-
cle and temperature response [18, 29]. These approaches sacri#ce
some process-level detail in exchange for very high computational
e"ciency. Because SCMs run orders of magnitude faster than ESMs,
they have been widely adopted for applications requiring large en-
sembles or many iterative evaluations, such as probabilistic climate
projections or integrated assessment models (IAMs) [1].

IAMs couple the economy, energy-land systems, and society
with a climate module to assess mitigation and impact pathways.
By linking socio-economic drivers to greenhouse gas emissions and
their consequences for the climate system, IAMs translate climate
outcomes into economic metrics. Pioneering IAMs like DICE and
its regional variant RICE demonstrated this paradigm by combining
a highly simpli#ed climate module with a neoclassical economic
optimization approach [30–35]. Building on this foundation, more
detailed IAM frameworks such as REMIND-MAgPIE, MESSAGE-
GLOBIOM, WITCH, and IMAGE employed optimization-based or
game-theoretic formulations that incorporate additional realism
(e.g. technological detail, land-use, energy systems) [8, 10, 22, 43].
These latter models often make use of socio-economic scenarios
(SSPs) to explore uncertainty [37]. In all cases, IAMs rely on fast
climate simulators, such as MAGICC, for their climate component,
because the computational cost of ESMs precludes their use in
large scenario ensembles or within iterative optimization loops.
One important limitation of the traditional IAM paradigm is that it
typically models the world as a handful of aggregate regions that are
internally homogeneous and that optimize toward an equilibrium
outcome under strong foresight assumptions. This aggregation and
reliance on optimal-control or game-theoretic formulations can
mask heterogeneity in preferences, adaptive behavior, and the path-
dependent dynamics of collective actions. These limitations have
prompted interest inmore $exible, simulation-based approaches [21,
40].



Reinforcement learning (RL), and in particular multi-agent RL
(MARL), has been proposed as a promising alternative framework
for studying climate-economy interactions [26, 38]. In an MARL
formulation, multiple agents (e.g. countries or regions) make simul-
taneous decisions and learn strategies through repeated interaction
in a simulated environment, rather than assuming an equilibrium
or globally optimized trajectory. This approach can accommodate
heterogeneous agents, non-linear dynamics, and bound rational
decision-making. An early attempt to couple MARL with an IAM is
the RICE-N model introduced by Zhang et al. [45], which extended
the RICE integrated assessmentmodel by replacing its decisionmak-
ing with learning agents. However, RICE-N used a highly simpli#ed
climate module and basic mechanisms for cooperation, limiting its
realism and the policies that could emerge. Subsequent work has
begun to enrich this line of research: for example, Rudd-Jones et al.
[39] explore more sophisticated cooperation and coalition forma-
tion mechanisms in a learning-based climate game, and Heitzig
et al. [14] examines the impact of commitment strategies on climate
mitigation outcomes. The recent JUSTICE framework by Biswas
et al. [3] goes further by integrating the FaIR climate model into
a multi-objective MARL setting, improving the #delity of climate
dynamics within the learning environment. Despite this progress,
even JUSTICE only allowed agents to control CO2, retained a low-
dimensional action space, and involved only a few agents, limiting
policy exploration and undercutting the bene#t of a more detailed
climate response. In reality, greenhouse gases and aerosols span a
spectrum of radiative e!ects that impact di!erent time horizons.
Long-lived gases such as CO2 and N2O persist for centuries and
set the baseline for long-term warming, methane remains in the
atmosphere for about a decade and has a particularly strong near-
term warming e!ect, and very short-lived species such as ozone
and aerosol precursors decay within months and often cool the
climate. The actions a policymaker can take to reduce emissions
(mitigation levers) act on these species heterogeneously where for
example decarbonizing the energy sector cutsCOFF

2 but also reduces
SO2 emissions, which can lead to short-term warming. Land-use
measures such as halting deforestation a!ect both COAFOLU

2 and
CH4 without the same short-term climate penalty. To explore such
interactions, MARL climate games need a climate engine that re-
sponds to multi-gas emission patterns rather than just aggregate
CO2. Overall, state-of-the-art MARL climate studies have relied on
oversimpli#ed climate dynamics and severely restricted the action
space, mainly due to computational constraints.

Scalability is a particularly critical issue as MARL experiments
often require on the order of 107 environment interactions for
agents to learn e!ective policies [36]. Even a fast SCM that takes
only a few tenths of a second per call can become a bottleneck
when invoked millions of times. This explains why, to date, MARL
studies have been unable to incorporate more complex or multi-gas
climate models - doing so would entail intractable computational
running time. A natural next step is to #nd a way to embedding
higher-#delity climate dynamics into MARL frameworks without
incurring a prohibitive computational cost.

One promising approach is to use surrogate modeling and ma-
chine learning emulators. Recent work has shown that machine
learning surrogates can accelerate the most computationally inten-
sive components of ESMs by orders of magnitude [6], and that deep

neural networks can learn to mimic short-term climate predictions
with high speed and reasonable accuracy [44]. These successes
suggest that simpli#ed climate models too might be further accel-
erated by surrogate approaches. If an accurate and faster surrogate
could emulate an SCM, it would enable the integration of more de-
tailed climate responses in contexts like MARL or large uncertainty
ensembles that require millions of model evaluations.

In this paper, we propose to extend the realism of MARL climate
policy games by embedding more complex, multi-gas climate dy-
namics into the environment while keeping optimization tractable.
This is achieved by integrating surrogate models into the envi-
ronment loop. First, we design a framework that proposes how to
integrate surrogate models as a replacement for the climate module
of a climate-economy MARL game. Secondly, we introduce a recur-
rent neural network surrogate of CICERO-SCM, detail the design of
our MARL experiment, and outline a method for evaluating policy
consistency when running the simulator is intractable. Lastly, we
report the results showing how the MARL training time can be
reduced by orders of magnitude while maintaining policy #delity.

2 CONCEPTUAL FRAMEWORK AND CLIMATE
ENGINE

A realistic MARL climate environment must expose agents to policy
levers thatmirror keymitigation and adaptation priorities in climate
policy. According with the IPCC Sixth Assessment Report (AR6) on
mitigation and on impacts & adaptation [13, 17, 24], the primary
interventions include: (i) decarbonizing the energy sector (e.g. coal
phase-out, renewable expansion), (ii) targeting methane abatement
(e.g. waste management, leak mitigation, livestock strategies), (iii)
improving agricultural and land-use practices (e.g. reduced defor-
estation, fertilizer e"ciency, sustainable intensi#cation), and (iv)
investing in adaptation or preventive measures that reduce realized
damages.

These di!erent policies a!ect multiple greenhouse gases that
have a di!erent e!ect on the change of climate. Ideally, the emis-
sion changes should propagate into a high-#delity climate model
providing a realistic estimate of the temperature increase given the
policies. The modeled temperature increase should then propagate
into region speci#c damage functions.

However, when developing MARL climate environments, there
is a trade-o! between environment complexity and tractability. As
mentioned in Section 1, simpli#cations make experiments tractable
but also constrain the policies and dynamics that can be explored.

We introduce a modular framework in which complex but realis-
tic climate components of the environment can be exchanged with
fast surrogate emulators. We conceptually divide the environment
into three modules:

(1) Emissions Module: a mapping from the agents’ chosen
actions / policies to emissions of various gases

(2) Climate Module: a climate dynamics function 𝐿 that takes
the current emissions as input and produces the climate’s
response (e.g. temperature change)

(3) Impact Module: a translation of climate outcomes and
chosen actions into economic costs and climate damages

As outlined in Figure 1, one can seamlessly replace a high-#delity
SCM, 𝐿SCM, with a learned surrogate model, 𝐿𝐿 , without needing



Figure 1: Proposed framework for integrating climate surrogates into MARL environments. In Module 1, agents choose policies
that result in emissions, which in Module 2 are translated into temperature change by a pretrained surrogate and in Module 3
converted into costs.

to alter any other parts of the environment. The surrogate thus
serves as a replacement that emulates the behavior of the original
SCM. This preserves the increased scienti#c realism from the SCM,
using multi-gas pathways with a high-#delity climate response,
while enabling the use of high-speed, hardware-optimized surrogate
models within the RL training loop.

Themodular structure also provides $exibility to increase #delity
in other parts of the MARL environment without requiring changes
to the decision-making loop or learning algorithm. For instance,
the impact module can range from a simple damage function that
converts global temperature increase into economic damage, to
local sea-level rise, agricultural yield changes, or othermore realistic
region-speci#c damage functions.

In the remainder of this paper, we instantiate this framework
using the CICERO-SCM as our high-#delity climate engine and
a recurrent neural network (RNN) as the surrogate emulator. We
substitute it into a multi-agent climate-economic experiment to
demonstrate the improvements.

3 METHODOLOGY
In this section, the methodological steps adopted to design a surro-
gate for CICERO-SCM and embed it into the MARL framework are
described.

3.1 Climate dynamics engine: CICERO-SCM
We use the reduced-complexity global climate model CICERO-SCM
(v1.1.1) recently implemented in Python [28] as our climate dynam-
ics simulator which maps multi-gas emission trajectories to global

mean surface air temperature. Let G be the set of gases ( |G| = 40)
used in CICERO-SCM and let us de#ne the global emissions vector
as:

𝑀 (𝑁) =
(
𝑀𝑀 (𝑁)

)
𝑀↓G ↓ R | G | (1)

𝑀1:𝑁 =
(
𝑀 (𝑂)

)𝑁
𝑂=1 ↓ R𝑁↑ | G | (2)

where the notation
(
𝑀𝑀 (𝑁)

)
𝑀↓G de#nes a vector of dimension |G|

containing all the elements in G. CICERO-SCM evolves annually
as a dynamical system that updates its internal state based on the
emission history. The model can be written as a recursive mapping:

ω𝑃 (𝑁) = 𝐿SCM
(
𝑀1:𝑁

)
(3)

where ω𝑃 (𝑁) is the simulated global mean surface air temperature
change in year 𝑁 , and 𝑀1:𝑁 represents the full emissions history
up to that year. Internally, the model couples (i) a semi-empirical
carbon-cycle module converting CO2 emissions to atmospheric
concentrations, (ii) exponential-decay schemes for other long-lived
gases such as CH4 and N2O, and (iii) an upwelling–di!usion energy-
balance model linking total radiative forcing to transient temper-
ature response. Radiative e"ciencies follow [9], and parameters
controlling ocean heat uptake and radiative forcing are calibrated
to Earth System Models (ESMs) and observations. CICERO-SCM
thus provides a computationally tractable yet physically consistent
mapping. However, each call still takes → 0.4 s, making complex
MARL games with millions of steps impractical.



3.2 Surrogate model of CICERO-SCM
Generation of emission trajectories for model training. To capture

the range of emission pathways that could arise in our MARL setup
(Section 3.3), we generate an ensemble of trajectories by perturbing
the year-over-year growth rates of the SSP2-4.5 baseline scenario
[11] from 2015-2075. We smooth the year-over-year growth to
reduce short-term volatility and better match the smoother trajec-
tories typical of learned policies.

We #rst compute the baseline year-over-year growth factor for
each gas:

𝑄base𝑀 (𝑁) =
𝑀base𝑀 (𝑁)

𝑀base𝑀 (𝑁 ↔ 1)
(4)

where 𝑀base𝑀 (𝑁) is the SSP2-4.5 baseline emissions for gas 𝑅.
For each scenario 𝑆 ↓ [1, . . . , 𝑇 ] where 𝑇 = 20,000, we generate

gas-speci#c multiplicative changes 𝑈 𝑃𝑀 (𝑁) by drawing numbers from
a uniform distribution within bounds (𝑉𝑀,𝑊𝑀):

𝑈 𝑃𝑀 (𝑁) ↗ U(𝑉𝑀,𝑊𝑀) (5)

To reduce year-to-year short-term volatility, we apply exponential
smoothing in log space, which corresponds to a geometric expo-
nential moving average (EMA) on the growth factors:

𝑈 𝑃𝑀 (𝑁) =
(
𝑈 𝑃𝑀 (𝑁↔1)

)𝑄 (
𝑈 𝑃𝑀 (𝑁)

)1↔𝑄 , 𝑈 𝑃𝑀 (2015) = 1 (6)

where 𝑋 = 0.8. We then perturb the baseline growth as:

𝑄𝑃𝑀 (𝑁) = 𝑄base𝑀 (𝑁) 𝑈 𝑃𝑀 (𝑁) (7)

which de#nes emissions recursively:

𝑀𝑃𝑀 (𝑁) = 𝑀base𝑀 (𝑁) 𝑁 ↘ 2015, (8)
𝑀𝑃𝑀 (𝑁) = 𝑀𝑃𝑀 (𝑁 ↔ 1) 𝑄𝑃𝑀 (𝑁) 𝑁 ≃ 2016. (9)

For #ve gases to be controlled in theMARL experiment (Section 3.3),
we de#ne a subset C ⇐ G of gases:

C = {COFF
2 , COAFOLU

2 , CH4, N2O, SO2} (10)

and de#ne bounds dependent on whether the gas is in the subset:

(𝑉𝑀,𝑊𝑀) =
{
(0.925, 1.075) 𝑅 ↓ C
(1, 1) 𝑅 ↓ G \ C

(11)

which implies that gases 𝑅 ↓ G \ C follow the baseline emission
growth and gases 𝑅 ↓ C follow a perturbed growth with ±7.5%
changes in the growth rate per year. For each scenario 𝑆 and year 𝑁 ,
we de#ne the emissions vectors as:

𝑀𝑃 (𝑁) =
(
𝑀𝑃𝑀 (𝑁)

)
𝑀↓G ↓ R | G | (12)

𝑀𝑃C (𝑁) =
(
𝑀𝑃𝑀 (𝑁)

)
𝑀↓C ↓ R | C | (13)

where 𝑀𝑃 (𝑁) and 𝑀𝑃C (𝑁) contains the sampled emissions in year 𝑁
for 𝑁 ≃ 2015, while for 𝑁 < 2015 it contains the historical baseline
emissions 𝑀base (𝑁).

Simulated temperature responses using CICERO-SCM. The simu-
lator produces a projection of global mean surface air temperature
change ω𝑃 𝑃 (𝑁) over 𝑁 ↓ [1900, 2075] where ω indicates the change
compared to pre-industrial temperature at year 1900.

Running the model for all 𝑇 = 20,000 scenarios yields the temper-
ature ensemble in Figure 2. The ensemble shows a narrow spread in
near-term warming due to the dominance of the shared historical

Figure 2: Global mean surface air temperature change for
the generated emission trajectories.

emissions, but diverges progressively towards 2075 as post-2015
emission di!erences accumulate. The SSP2-4.5 baseline lies close
to the ensemble median, indicating that the perturbation design
generates futures consistent with the reference scenario while still
spanning substantial variation in end-of-period warming.

Data processing for surrogate modeling. Using the emission tra-
jectories, 𝑀𝑃C (𝑁) and the temperature outputs, ω𝑃 𝑃 (𝑁), we reformat
the data into supervised learning samples suitable for training an
RNN-based surrogate model:

𝑌 𝑃 (𝑁) =
[
𝑀𝑃C (𝑁↔𝑍 ), . . . , 𝑀𝑃C (𝑁)

]
(14)

𝑎𝑃 (𝑁) = ω𝑃 𝑃 (𝑁) (15)

where𝑍 is the window length (in years) and𝑌 𝑃 has shape (𝑍 +1)↑
|C|. We choose𝑍 = 65 to ensure that the input contains su"cient
historical context to capture slow climate system responses and
long-lived greenhouse gas e!ects, while remaining computationally
e"cient. Temperature is not used as an input, and hence the model
is not autoregressive in temperature.

We construct one training sample per scenario and per tar-
get year 𝑁 ↓ {2015, . . . , 2075}, with the input window spanning
[𝑁↔𝑍 , . . . , 𝑁] (may start before 2015). Targets with 𝑁 < 2015 are
excluded because pre-2015 emissions are identical across scenarios
and provide no policy-relevant variation. This yields 61 data points
per scenario (2015–2075) via rolling windows and across the 20,000
generated scenarios, this results in 1.22 million samples for the
surrogate model.

The dataset is split by scenario into training (70%), validation
(15%), and testing (15%), ensuring no temporal leakage between
splits. Splitting by scenario, rather than by time, prevents the model
from implicitly learning from past or future years of the same
emission pathway.

Architecture of RNN-based surrogate model. We develop a sur-
rogate with an RNN-based architecture where the input is the
emissions window 𝑌 (𝑁) ↓ R(𝑅 +1)↑ | C | and the task is to predict the
temperature change ω𝑃 (𝑁). The architecture comprises three mod-
ules: (i) an RNN encoder, (ii) a skip connection, and (iii) a prediction
head as shown in Figure 3.



Figure 3: Architecture of the RNN-based surrogate.

For the RNN encoder, let 𝑌hist (𝑁) = [𝑏𝑁↔𝑅 , . . . , 𝑏𝑁↔1] with 𝑏𝑂 ↓
R | C | . Stacked recurrent layers map 𝑌hist (𝑁) to a hidden representa-
tion 𝑐𝑆𝑂 summarizing the historical dynamics:

𝑐 (𝑆)
𝑁 = RNN𝐿

(
[𝑏𝑁↔𝑅 , . . . , 𝑏𝑁↔1]

)
, 𝑐 (𝑆)

𝑁 ↓ R𝑇 , (16)

where RNN𝐿 (·) denotes the stacked recurrent encoder parameter-
ized by 𝑑 . In our experiments, we tested Long Short-Term Memory
(LSTM) [16], a Gated Recurrent Unit (GRU) [5] and a Temporal Con-
volutional Network (TCN) [23] as the recurrent encoder. The TCN
replaces the recurrence with convolutions but preserves the same
input-output structure. Importantly, the RNN encoder operates only
on the historical window 𝑏𝑁↔𝑅 :𝑁↔1 as the current-year emissions
are stored separately and concatenated via a skip connection:

𝑒𝑁 = [𝑐 (𝑆)
𝑁 ;𝑏𝑁 ] ↓ R𝑇+|C | (17)

so that short-horizon signals in 𝑏𝑁 are preserved alongside the long-
horizon summary 𝑐 (𝑆)

𝑁 before the prediction head.
The prediction head maps 𝑒𝑁 to the surrogate output via a two-

layer MLP:

ω𝑃 (𝑁) =𝑍2 𝑓
(
𝑍1𝑒𝑁 + 𝑔1

)
+ 𝑔2 (18)

where 𝑓 is a GELU or SiLU nonlinearity [7, 15].

3.3 MARL Climate Mitigation Experiment
We consider a #nite-horizon Markov game for climate mitigation,
played annually from 2016 to 2050 (𝑕=35) among 𝑖 agents (coun-
tries). Each year, agents select policy actions that in$uence green-
house gas emissions and adaptation levels. These choices determine
themulti-gas emission pathways passed to the climatemodule (𝐿SCM
or 𝐿NET), which produces next-year temperatures and a!ects the
cost of damages. The episode length and action space are chosen
to remain within the surrogate’s training distribution.

Actions. In each year 𝑁 , all agents act simultaneously. Agent 𝑗
selects a discrete action vector:

𝑘𝑈,𝑁 = (𝑙𝑈,𝑁 ,𝑚𝑈,𝑁 , 𝑛𝑈,𝑁 , 𝑜𝑈,𝑁 ) (19)

where 𝑙𝑈,𝑁 ↓ {0, 0.5, 1.0} is the e!ort level for energy decarboniza-
tion,𝑚𝑈,𝑁 ↓ {0, 0.5, 1.0} for methane abatement, 𝑛𝑈,𝑁 ↓ {0, 0.5, 1.0}
for agricultural and land-use measures, and 𝑜𝑈,𝑁 ↓ {0, 0.03, 0.08} for
preventive investment (representing climate adaptation measures).
The three e!ort levers for mitigation (𝑙𝑈,𝑁 ,𝑚𝑈,𝑁 , 𝑛𝑈,𝑁 ) map to growth
deviations in the controllable gases C through a #xed policy matrix
𝑝 ↓ R3↑ | C | . Each row of𝑝 speci#es how one policy lever a!ects

the growth of all gases in C. Given an agent’s e!ort vector for
mitigation 𝑞𝑈,𝑁 = (𝑙𝑈,𝑁 ,𝑚𝑈,𝑁 , 𝑛𝑈,𝑁 ), the induced growth deviations are:

𝑄𝑈,𝑀 (𝑁) =


[𝑞𝑈,𝑁 𝑝]𝑀 𝑅 ↓ C

0 𝑅 ↓ G \ C
(20)

and the e!ective growth factors are then given by:

𝑄e!𝑈,𝑀 (𝑁) = 𝑄base𝑀 (𝑁)
(
1 + 𝑄𝑈,𝑀 (𝑁)

)
(21)

where 𝑄base𝑀 (𝑁) is from Equation (4) and 𝑄e!𝑈,𝑀 (𝑁) is de#ned for all
𝑅 ↓ G and for all agents 𝑗 ↓ [1, . . . ,𝑖 ]. The adaptation action
𝑜𝑈,𝑁 accumulates into a prevention stock 𝑟𝑈 that multiplicatively
attenuates climate damages in the reward function.

Climate engine. Let 𝑀base (𝑁) ↓ R | G | be baseline global emissions
and 𝑇𝑈 ↓ R | G | per-gas shares for each agent with

∑𝑉
𝑈=1 𝑇𝑈 = 1 | G | .

We start per-agent realized emissions at the last historical year and
then compound using the e!ective growth 𝑄e!𝑈 (𝑁) ↓ R | G | de#ned
above:

𝑀𝑈 (2015) = 𝑇𝑈 ⇒ 𝑀base (2015) (22)

𝑀𝑈 (𝑁) = 𝑀𝑈 (𝑁↔1) ⇒ 𝑄e!𝑈 (𝑁), (𝑁 = 2016, . . . , 2050) (23)

ω𝑃 (𝑁) = 𝐿

(
𝑉∑
𝑈=1

𝑀𝑈 (𝑁)
)

(24)

where ⇒ denotes the elementwise product. We use 𝐿 either as
CICERO-SCM (𝐿SCM) or a learned RNN-based surrogate (𝐿NET). The
climate simulator (𝐿SCM) maps the |G|-dimensional global emis-
sions 𝑀 (𝑁) to temperature change ω𝑃 (𝑁). The climate surrogate
(𝐿NET) maps the |C|-dimensional global emissions vector 𝑀C (𝑁) to
temperature change ω𝑃 (𝑁). A #ltering of gases is made inside the
step-function depending on the climate engine. Both climate en-
gines are initialized with historical emissions, and in each step the
current emissions 𝑀 (𝑁) are added to their internal state.

Observation. All agents receive the same centralized vector:

𝑠 (𝑁) =
[
ω𝑃 (𝑁 ↔ 1), 𝑂 (𝑁), 𝑀C

𝑈 (𝑁↔1),𝑡C
𝑈 (𝑁↔1), 𝑟𝑈 (𝑁↔1)

]
(25)

where 𝑂 (𝑁) ↓ [0, 1] is a normalized year index, 𝑀C
𝑈 (𝑁↔1) are last-

year realized emissions for the controllable gases (C) per agent,
𝑡C
𝑈 (𝑁↔1) are cumulative deviations from baseline emissions for the

controllable gases (C) per agent, and 𝑟𝑈 (𝑁↔1) ↓ [0, 𝑟max] are pre-
vention stocks per agent. The two summary quantities are de#ned
as:

𝑡C
𝑈 (𝑁) =

𝑁∑
𝑊=2016

(
𝑀C
𝑈 (𝑊) ↔ 𝑇 C

𝑈 ⇒ 𝑀base,C (𝑊)
)

(26)

𝑟𝑈 (𝑁) =min

𝑟max, 𝑟𝑈 (𝑁↔1) 𝑢 + 𝑜𝑈,𝑁


(27)

where 𝑟max is the maximum e!ect prevention can have on the
climate cost and 𝑢 ↓ [0, 1] is a decay rate on the preventive in-
vestments. All components in 𝑠 (𝑁) with 𝑗 subscript are vectors
and $attened, so every agent receives all information about other
agents’ previous actions.



Reward. At each year 𝑁 , the reward for agent 𝑗 is the negative of
three types of costs:𝑣c

𝑈 (𝑁) climate disaster costs,𝑣k
𝑈 (𝑁) policy costs,

and 𝑣p
𝑈 (𝑁) prevention costs:

𝑤𝑈 (𝑁) = ↔𝑥
(
𝑣c
𝑈 (𝑁) + 𝑣k

𝑈 (𝑁) + 𝑣p
𝑈 (𝑁)

)
(28)

𝑣c
𝑈 (𝑁) = 𝑦c𝑈 𝑧

(
ω𝑃 (𝑁)

)4 (1 ↔ 𝑟𝑈 (𝑁)
)

(29)

𝑣k
𝑈 (𝑁) =

(
𝑦k𝑈
)⇑(𝑞𝑈,𝑁 ⇒ 𝑞𝑈,𝑁

)
(30)

𝑣p
𝑈 (𝑁) = 𝑦p𝑈 · 𝑜𝑈,𝑁 (31)

where 𝑦c𝑈 , 𝑦
k
𝑈 = (𝑦e𝑈 , 𝑦m𝑈 , 𝑦 l𝑈 ), and 𝑦

p
𝑈 are the agent-speci#c climate cost,

policy costs, and prevention cost respectively. 𝑟𝑈 (𝑁) ↓ [0, 𝑟max]
is the prevention stock, 𝑧 = 0.003 is the base climate damage
calibration parameter, and 𝑥 = 10↔1 is the coe"cient for reward
normalization.

At the terminal step we add a look-ahead cost for near-term
climate damage. From the terminal state, 𝑁 = 2050, we roll the
climate model forward for 𝛥 = 15 years with baseline emission
growth 𝑄base𝑀 (𝑁) used to calculate 𝑀 (𝑁) using equation (23, 24) and
decaying prevention 𝑟𝑈 (𝑁+𝑊) =min{𝑟max, 𝑟𝑈 (𝑁) 𝑢𝑊 } for [𝑊, . . . ,𝛥 ],
we de#ne the terminal penalty:

𝑤 term𝑈 (𝑁) =
𝑋∑
𝑊=1

𝑣c
𝑈 (𝑁+𝑊) (32)

and adjust the terminal reward as

𝑤𝑈 (𝑁) ⇓ 𝑤𝑈 (𝑁) ↔ 𝑤 term𝑈 (𝑁) 𝑥 . (33)

This terminal look-ahead serves as a pragmatic reward-shaping
term to re$ect imminent damages in the terminal step.

Optimization. We train independent recurrent policies using
Proximal Policy Optimization (PPO) [41]. Each agent 𝑗 has parame-
ters 𝑑𝑈 and seeks to maximize its expected discounted return:

𝑑𝐿𝑈 = argmax
𝐿𝐿

𝛩𝑈 (𝑑𝑈 ) (34)

𝛩𝑈 (𝑑𝑈 ) = E𝑂↗𝑌𝑀𝐿


𝑍↔1∑
𝑁=0

𝛬𝑁 𝑤𝑈 (𝑁)

, 𝛬 = 0.999 (35)

where 𝑤𝑈 (𝑁) is the per-step reward de#ned in equations (28–31).
Policies are implemented as LSTM actor-critics trained over com-
plete 𝑕=35-year episodes, with the hidden state carried forward
through time.

Policy scenarios. We consider two climate-policy games that dif-
fer primarily in how rapidly policies can be learned from the avail-
able reward signals.

(i) Tractable scenario. This scenario uses four homogeneous
agents (𝑖 = 4) with identical damage and mitigation cost param-
eters. The only e!ective lever is energy decarbonization and the
other actions are either prohibitively expensive or have negligi-
ble impact. These design choices yield strong gradient signals and
hence fast convergence. The purpose of this setting is to empirically
investigate if the surrogate and simulator learn identical policies.
Full numerical parameters are listed in Appendix D.

(ii) Intractable scenario. The other scenario includes more agents
𝑖 = 10 with heterogeneous damage sensitivities, emission shares,
and mitigation costs. Several mitigation levers produce similar cli-
mate outcomes, making it di"cult for the agents to discern which

actions are most e!ective and hence having weaker gradient signals.
As a result, discovering high-quality policies requires far more en-
vironment interactions. Training this scenario to convergence with
CICERO-SCM would be prohibitively slow (millions of simulator
calls), so we instead train with the surrogate and evaluate policy
consistency using the proposed replay-based method described in
Section 3.4. Full numerical parameters are listed in Appendix D.

3.4 Evaluation criteria
We evaluate surrogates by one-step inference speed, predictive
accuracy on the test data, MARL training acceleration, and policy
consistency (whether policies learned with 𝐿NET match those from
𝐿SCM).

Accuracy. We measure predictive accuracy of the surrogate 𝐿NET
relative to CICERO-SCM 𝐿SCM using the root-mean-square error
(RMSE) and coe"cient of determination 𝛯2 between predicted and
true temperature increments ω𝑃 (𝑁) and ω𝑃 (𝑁) over a held-out test
set.

Inference per-step time. For both 𝐿NET and 𝐿SCM we construct a
class that is initialized with historical emissions. The class includes
a step-method that takes an emissions vector 𝑀 (𝑁) as argument,
appends it to the history, and executes the climate engine to produce
ω𝑃 (𝑁). We count the time it takes to append 𝑀 (𝑁), normalize it
(for 𝐿NET), and run a forward pass generating ω𝑃 (𝑁). We evaluate
CICERO-SCM on CPU and the RNN-based surrogate on CPU and
GPU.We compute the one-step prediction inference time for 100,000
inference steps and report the mean inference time.

MARL per-step time. We compare per environment step time
under two otherwise identical environments (scenario (i)) that di!er
only in the climate backend 𝐿 ↓ {𝐿SCM, 𝐿NET}. CICERO-SCM is
executed on CPU whereas the RNN-based surrogate is executed on
GPU.

Policy consistency. An ideal surrogate should induce policies in-
distinguishable from those obtained with the original simulator. Let
ε denote the policy class and 𝛩𝑎 (𝛱) = E

[∑𝑍
𝑁=0 𝛬

𝑁𝑤𝑁 | 𝐿 , 𝛱
]
denote

the expected discounted return under climate engine 𝐿 and policy
𝛱 ↓ ε. We de#ne policy consistency as:

sign
[
ω𝛩𝑎NET (𝛱1, 𝛱2)

]
→ sign

[
ω𝛩𝑎SCM (𝛱1, 𝛱2)

]
, ⇔𝛱1, 𝛱2 ↓ ε (36)

↖𝐿 𝛩𝑎NET (𝛱𝐿 ) → ↖𝐿 𝛩𝑎SCM (𝛱𝐿 ), ⇔𝑑 ↓ N(𝑑𝐿SCM) (37)

where ω𝛩𝑎 (𝛱1, 𝛱2) = 𝛩𝑎 (𝛱1) ↔ 𝛩𝑎 (𝛱2) is the reward di!erence be-
tween two policies, 𝑑𝐿SCM = argmax𝐿 𝛩𝑎SCM (𝛱𝐿 ) are the optimal
policy parameters under 𝐿SCM, and N(𝑑𝐿SCM) is a neighborhood
around the optimum. This de#nition is conceptually related to
model-based RL analyses of return and gradient alignment between
learned dynamics and true environments [19]. The #rst condition
requires that both environments induce approximately the same
preference ordering over candidate policies, while the second en-
sures that local ascent directions around the optimum align, leading
to convergence toward the same equilibrium under gradient- or
exploration-based updates. This parallels the theoretical #ndings of
Shen et al. [42], who show that when a learned dynamics model’s
predictions match the real environment along a policy’s visitation
distribution, the resulting return discrepancies, and hence policy



rankings and gradients, are negligible. Although Shen et al. [42]
study a model-based RL setting, their analysis of return discrep-
ancies provides conceptual support for our consistency criteria.
Nonetheless, to evaluate these criteria, it requires access to policies
trained directly with 𝐿SCM, which can be intractable to get.

We propose a tractable empirical alternative. Let’s #rst de#ne
the feasible set of emissions trajectories attainable in our MARL
game K as:

K :=

𝑀 (·)

 𝑀 (𝑁), 𝑄G\C (𝑁) = 0, 𝑄C (𝑁) ↓ D(𝑝,L)


(38)

where the link between 𝑄 and 𝑀 is described in equations (21-24)
and D is the set of controllable growth deviations induced by the
lever levels 𝑞𝑈,𝑁 ↓ L and the policy matrix𝑝 (Section 3.3).

Let S ⇐ K be de#ned as the emissions trajectories stored during
training using 𝐿NET more formally de#ned as:

S = {𝑀 (𝑏 ) (·)}𝑐𝑏=1 (39)

𝑀 (𝑏 ) (·) =
(
𝑀 (𝑏 ) (1), . . . , 𝑀 (𝑏 ) (𝑕 +𝛥 )

)
(40)

𝑀 (𝑏 ) (𝑁) ↓ R | G | (41)

where 𝛴 denotes the total number of training episodes, 𝑕 = 35 is
the episode length, and𝛥 = 15 is the rollout length. Let then S̄ ⇐ K
denote the set of emission trajectories that would be stored during
training using 𝐿SCM if that would have been tractable. Trivially,
S = S̄ if 𝐿NET = 𝐿SCM (all else equal).

More generally, if the surrogate uniformly approximates the
simulator on K :

sup
𝑑 ( ·)↓K

𝐿NET (𝑀 (·)) ↔ 𝐿SCM (𝑀 (·))

↙ ↘ 𝛶, (42)

then for su"ciently small 𝛶 one expects the sets of policy-induced
trajectories to satisfy:S ↔ S̄

 ∝ 0 as 𝛶 ∝ 0. (43)

While we do not prove this formally, the intuition is that a surrogate
that accurately approximates the simulator will have policy-induced
emission trajectories S that are arbitrarily close to those of the
true simulator S̄. Moreover, because MARL exploration introduces
stochasticity in the agents’ policy updates, the sampled trajecto-
ries may already overlap substantially with S̄ even for moderate
approximation errors (𝛶 > 0).

Therefore, we propose to randomly sample 𝑖 trajectories from
S (uniform without replacement) and replay them through 𝐿SCM
to obtain ω𝑃 SCM (·). While S ω S̄ in general, a su"ciently accu-
rate surrogate implies substantial overlap between S and S̄, so
samples from S provide a reasonable proxy for the policy-induced
emission trajectory distribution under the true simulator S̄. This
intuition mirrors the transition-occupancy-matching approach of
Ma et al. [27], which learns a dynamics model by matching the
distribution of transitions experienced by the current policy in the
real environment and in the model. By focusing on policies along
the convergence trajectory rather than random states, we evaluate
the surrogate in the regions of the state-action space most relevant
for converging to the same policies.

Consequently, computing RMSE betweenω𝑃NET (·) andω𝑃 SCM (·)
for 𝑖 sampled trajectories in S provides an empirical evaluation
of the surrogate’s accuracy on policy-induced emission paths. To

Figure 4: Comparison of learned policies in tractable scenario
(i) between CICERO-SCM and the GRU-based surrogate.

test preservation of preference ordering (eq. 36), we also com-
pute Kendall’s 𝑂 rank-consistency between discounted temperature-
based returns de#ned as:

𝑤 𝑎𝑏 = ↔
∑
𝑁

𝛬𝑁ω𝑃 𝑎
𝑏 (𝑁), 𝐿 ↓ {𝐿SCM, 𝐿NET} (44)

where 𝑞 = [1, . . . ,𝑖 ]. Evaluating only 𝑖 ′ |S| trajectories keeps
the evaluation tractable when training 𝛱SCM to convergence is
intractable.

4 RESULTS
4.1 Surrogate model performance
The left side of Table 1 summaries the surrogate accuracy and com-
putational e"ciency on held-out data. All three surrogates achieve
nearly perfect accuracy with the GRU variant being the most accu-
rate, with an RMSE of 3.7 ↑ 10↔4 K and the TCN variant being the
least accurate with RMSE of 6.8 ↑ 10↔4 K. Given that the training
trajectories span 0–2.5K (Figure 2), these errors are very small. The
LSTM and GRU variants have the fastest one-step inference on
GPU with ↗0.0004 seconds translating into ↗200-1100↑ faster than
CICERO-SCM. This three-order-of-magnitude gain makes it feasi-
ble to embed climate dynamics in MARL experiments that would
otherwise be intractable. The TCN is not as fast as it required 5
layers to achieve accuracy in the order of 10↔4 whereas LSTM and
GRU only required 1 layer.

The one-step inference speed-ups translate into > 100↑ faster
per-environment call time during MARL training for the LSTM and
GRU variant. The speed-up in MARL training is not one-to-one
with the speed-up in one-step inference as other components of
the MARL loop (policy networks, synchronization, communication
overhead) begin to dominate once the surrogate is fast enough. In
addition, we are running 32 environments per runner which further
hides step-function latency. This makes the comparison practical
but conservative, since the apparent speed-up is smaller than it
would be without this parallelism.

4.2 Policy consistency
High test-set accuracy does not necessarily mean that the surro-
gate will induce the same policies as CICERO-SCM. Agents trained
with di!erent climate engines may visit di!erent state trajecto-
ries, and small prediction errors can compound over long horizons.



Table 1: Surrogate performance on held-out test data and policy-induced trajectories and acceleration of inference speed and
MARL environment step in scenario (i). Speed-up is measured relative to CICERO-SCM.

Test data performance & inference speed Policy-induced performance & MARL speed

Climate engine
Test data
(RMSE, 𝑒2)

Mean inference [s]
(CPU/GPU)

Speed-up
(CPU/GPU)

Scenario (i)
(RMSE, rank-𝑂)

Scenario (ii)
(RMSE, rank-𝑂)

Mean
env-step [s] Speed-up

CICERO–SCM – 464.4 ↑ 10↔3 / – – – – 217.7 ↑ 10↔3 –
LSTM (4.7 ↑ 10↔4 , 0.99) 1.1 ↑ 10↔3 / 0.4 ↑ 10↔3 442↑ / 1161↑ (5.9 ↑ 10↔4 , 0.996) (3.2 ↑ 10↔4 , 0.990) 1.6 ↑ 10↔3 137↑
GRU (3.7 ↑ 10↔4 , 0.99) 2.3 ↑ 10↔3 / 0.4 ↑ 10↔3 202↑ / 1161↑ (3.9 ↑ 10↔4 , 0.996) (2.0 ↑ 10↔4 , 0.997) 1.6 ↑ 10↔3 137↑
TCN (6.8 ↑ 10↔4 , 0.99) 3.3 ↑ 10↔3 / 1.3 ↑ 10↔3 140↑ / 357↑ (21.1 ↑ 10↔4 , 0.994) (10.3 ↑ 10↔4 , 0.982) 4.5 ↑ 10↔3 49↑

To assess whether policies learned with 𝐿NET remain consistent
with those that would emerge under 𝐿SCM, we replay 𝑖 = 1000
emission trajectories sampled from the policy-induced distribution
visited during training. For each trajectory, we compare the result-
ing temperature paths from the surrogate and simulator using the
RMSE and the Kendall’s 𝑂 rank-consistency between discounted
temperature-based returns. These metrics quantify pointwise accu-
racy along realistic, policy-relevant trajectories and whether the
surrogate preserves the preference ordering over policies implied
by the simulator.

(i) Tractable scenario. In the simple homogeneous tractable sce-
nario, both the surrogate model and CICERO-SCM can be trained
to convergence. Table 1 shows that the LSTM and GRU surrogates
maintain low RMSE on the replayed trajectories, and Kendall’s
𝑂 con#rms that returns remain correctly ordered. These results
are empirically supporting that the policy consistency criteria for-
mulated in equations (36-37) are satis#ed. Figure 4 con#rms con-
vergence to the same optimal actions under both climate engines,
indicating that when learning signals are strong, the surrogate
reproduces the simulator’s optimal behavior.

(ii) Intractable scenario. The heterogeneous setting (𝑖 = 10
agents) requires many more environment interactions before poli-
cies stabilize and is therefore intractable to train with the simulator.
We train the surrogate for >1M environment steps until all agents
reach optimal reward. As reported in Table 1, RMSE on replayed
policy-induced trajectories is even lower than in the tractable case,
with similarly high Kendall’s 𝑂 rank-consistency. A plausible ex-
planation is that with more agents and heterogeneous preferences,
each country controls a smaller share of global emissions and opti-
mal policies become less extreme, pulling global emissions closer
to the SSP2-4.5 baseline and toward the center of the surrogate’s
training distribution. We recognize that the proposed replay-based
evaluation does not provide a formal guarantee of policy consis-
tency, but it indicates small errors near the relevant parts of the
trajectory space and preserves the ordering of returns across poli-
cies. Consequently, local gradients around the optimum are likely
aligned, implying that training with the surrogate would converge
to the same optimal policy as training with the simulator.

5 LIMITATIONS AND FUTURE RESEARCH
The results presented in this paper demonstrate the bene#ts of
using surrogate climate models within climate-economic MARL

settings, however, there are several limitations and directions for
future research.

Re!nement of MARL experiment. Future work should re#ne miti-
gation levers and agent heterogeneity based on latest climate sci-
ence. The MARL setup should include cooperation mechanisms
and heterogeneous damage functions, preferably via surrogates of
local high #delity simulators. This would enable large scale compar-
ative studies in the climate community and help analyze emerging
behaviors under di!erent policy designs.

Uncertainty-aware surrogates. We did not perturb the structural
(calibration) parameters of CICERO-SCM’s di!erential-equation
core when training the RNN surrogates. Conditioning the surro-
gate on these parameters would propagate structural uncertainty
through the MARL loop and enable distributional or risk-sensitive
objectives [2], which are especially relevant under tipping-point
and tail-risk scenarios.

Policy consistency. While we propose an empirical method to
test policy consistency, a formal proof of equations (42)–(43) would
further substantiate the claim. Our conclusions do not depend on
such a proof, and we leave it for future work.

6 CONCLUSION
We introduced a framework for integrating high-#delity climate
dynamics into scalable multi-agent reinforcement learning by re-
placing the climate module with a learned surrogate. We developed
an RNN-based emulator of the CICERO-SCM climate model trained
on 20,000 multi-gas emission trajectories. The surrogate achieves
global-mean temperature RMSE of < 0.0004K and approximately
1000↑ faster one-step inference, translating into end-to-end MARL
training speed-ups >100↑ relative to CICERO-SCM.

We show that, by using the surrogate within a MARL frame-
work, we converge to the same set of policies in a computationally
tractable experiment. When complexity precludes direct valida-
tion of policy consistency, we propose a methodology that replays
policy-induced emission trajectories through the simulator, provid-
ing a tractable validation path when simulator-based convergence
is infeasible.

Together, these results demonstrate that high-#delity, multi-gas
climate response models can be faithfully approximated and de-
ployed as components of reinforcement learning environments -
removing a major computational barrier to scalable research on
cooperative climate-policy design and uncertainty propagation.
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