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ABSTRACT
We achieve a > 100× speedup in multi-agent climate policy rein-
forcement learning (RL) by replacing the CICERO-SCM climate
simulator with a high-fidelity surrogate model. This surrogate cap-
tures multi-gas climate dynamics with near-simulator accuracy
(global-mean temperature RMSE ≈ 0.0004K) while running ap-
proximately 1000× faster per simulation step. Bypassing the core
computational bottleneck, the surrogate enables regional agents to
learn climate policies under multi-gas dynamics in scenarios where
the original simulator is intractable. Our approach preserves policy
fidelity (converging to the same solutions as the original simulator)
and unlocks large-scale multi-agent experiments across alternative
climate-policy regimes with high-fidelity climate response1.
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1 INTRODUCTION
High-fidelity climate models provide detailed projections but are
notoriously slow [1]. Simpler climate models (SCMs) like MAG-
ICC, FaIR or CICERO-SCM run much faster, making them pop-
ular for policy analysis [3, 5, 11, 13, 20]. Integrated assessment
models (IAMs) are widely used to evaluate climate policies but

1An extended version of this work is available in [9] and code can be accessed here.
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typically rely on equilibrium assumptions and aggregate decision-
making, which limit agent heterogeneity and dynamic interac-
tions [4, 8, 14, 18]. Multi-agent reinforcement learning (MARL)
has been proposed for climate-economy analysis to accommodate
heterogeneous agents, non-linear dynamics, and remove bound
rational decision-making - but even SCMs can become a bottleneck
when embedded in MARL environments that require millions of
simulator calls [15]. Hence, prior studies have used highly simpli-
fied climate dynamics (e.g. a single CO2 curve), limiting realism
and policy exploration [16, 21, 22]. To bridge this gap, we integrate
a learned climate surrogate into the environment, aiming to retain
the multi-gas fidelity of a complex SCM while drastically speeding
up training. Our framework achieves >100× faster training without
sacrificing optimal policy outcomes, enabling large-scale MARL
experiments with high-fidelity climate responses.

2 APPROACH
We use CICERO-SCM as the climate engine, 𝑓SCM, in our MARL
experiment [17]. CICERO-SCM is a reduced-complexity model that
maps annual emissions of |𝐺 | = 40 greenhouse gases to global mean
temperature change Δ𝑇 (𝑡). It requires ∼0.4 seconds per call, which
is too slow for MARL training. Hence, we develop a fast surrogate
model 𝑓𝜃 to approximate 𝑓SCM. We generated an ensemble of 20,000
emission pathways by perturbing the SSP2-4.5 baseline scenario
(2015–2075), varying year-over-year growth rates for key gases
(CO2 (fossil and land-use), CH4, N2O, SO2) within ±7.5% aligning
with primary interventions according to IPCC Sixth Assessment
Report (AR6) [2, 6, 12]. These scenarios are run through CICERO-
SCM to provide training data for a recurrent neural network (RNN)
surrogate. The RNN takes a window of recent emissions as input
and outputs Δ𝑇 (𝑡), effectively emulating the simulator’s one-year
update.

We implemented a multi-agent climate-economic game as a
Markov game with 𝑁 regional agents, each learning policies over a
finite horizon 𝐻 by interacting with a shared climate and impact
environment. Each agent 𝑖 selects actions 𝑎𝑖,𝑡 from a discrete policy
space and observes centralized state variables 𝑜𝑡 . The actions are
effort levels of energy decarbonization, methane abatement, agri-
cultural and land-use measures, and preventive investment (repre-
senting climate adaptation measures). The joint actions determine

Extended Abstract AAMAS 2026, May 25–29, 2026, Paphos, Cyprus

3341

https://doi.org/10.65109/RJBJ9974
https://github.com/oskarbohnlassen/ciceroscm-surrogate
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.65109/RJBJ9974


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, 𝑅2)

Mean inference [s]
(CPU/GPU)

Speed-up
(CPU/GPU)

Scenario (i)
(RMSE, rank-𝜏)

Scenario (ii)
(RMSE, rank-𝜏)

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×

multi-gas emissions 𝐸𝑡 , which drive temperature change Δ𝑇𝑡 via
the climate model (surrogate 𝑓𝜃 or simulator 𝑓SCM). Agents receive
rewards based on mitigation costs, adaptation investments, and cli-
mate damages, and aim to maximize 𝐽𝑖 (𝜃𝑖 ) = E𝜏∼𝜋𝜃𝑖

[∑𝐻−1
𝑡=0 𝛾𝑡 𝑟𝑖 (𝑡)

]
.

Scenario (i) features 𝑁 = 4 homogeneous agents with iden-
tical characteristics and a single mitigation lever (energy decar-
bonization), enabling training with both the surrogate and sim-
ulator. Scenario (ii) involves 𝑁 = 10 heterogeneous agents with
varied emission shares, cost sensitivities, and multiple levers (de-
carbonization, methane abatement, land-use, adaptation), yielding
a high-dimensional policy space. Training with the simulator be-
comes intractable in this setting, so agents learn with the surrogate.

Policy consistency criterion. An ideal surrogate should induce the
same optimal policies as the climate simulator. Principles on policy
consistency in model-based RL are defined as:

sign
[
Δ𝐽𝑓NET (𝜋1, 𝜋2)

]
≈ sign

[
Δ𝐽𝑓SCM (𝜋1, 𝜋2)

]
, ∀𝜋1, 𝜋2 ∈ Π (1)

∇𝜃 𝐽𝑓NET (𝜋𝜃 ) ≈ ∇𝜃 𝐽𝑓SCM (𝜋𝜃 ), ∀𝜃 ∈ N (𝜃★SCM) (2)

where 𝐽𝑓 (𝜋) is the expected return (cumulative discounted reward)
under climate model 𝑓 and policy 𝜋 , and 𝜃 ∗SCM are the parameters of
the optimal policy for the simulator [7, 10, 19]. The first condition
requires 𝑓𝜃 and 𝑓SCM to induce the same preference ordering over
policies, and the second ensures that the local gradient of the return
is aligned around the optimum - together implying convergence
to the same equilibrium policy. Directly verifying these conditions
would require training both models, which is often intractable. We
therefore propose an empirical consistency check: after training
with the surrogate, we replay a set of 𝑁 policy-induced emission
trajectories through the original simulator. We then compare the
surrogate and simulator outcomes on these trajectories via two
metrics: (1) RMSE between the temperature responses Δ𝑇𝑓𝜃 (𝑡) and
Δ𝑇𝑓SCM (𝑡); and (2) Kendall’s 𝜏 rank-correlation between the returns
(cumulative temperature-impact rewards) under the surrogate and
simulator. A high 𝜏 ≈ 1 indicates that the surrogate preserves
the ranking of policies by performance, satisfying the consistency
criterion in equation (1). This method provides a tractable check of
policy consistency under the following assumption:

S − S̄



 → 0 as 𝜀 → 0 (3)

where 𝜖 is a metric of the error between Δ𝑇𝑓𝜃 (𝑡) and Δ𝑇𝑓SCM and
S and S̄ are the sets of emission trajectories visited during policy
optimization with the simulator and surrogate respectively.

3 RESULTS & DISCUSSION
Table 1 (left columns) quantifies the surrogate’s performance with
a test-set RMSE ≈ 4 × 10−4 K. Each one-year climate step can be
computed in ∼0.0004 seconds on a GPU (vs. 0.4 s for CICERO-
SCM), yielding about 1000× speed-up in per-step climate inference.
This translates into over 100× faster end-to-end training when
the surrogate is used in the MARL loop. The policy consistency
results (right columns of Table 1) strongly support our approach.
In the 4-agent tractable scenario (i), we could directly compare
the learned policies and see that training with 𝑓𝜃 converges to
the same policies as training with 𝑓SCM. This was also supported
by the Kendall’s 𝜏 ≈ 0.99 between the surrogate-induced returns
and simulator returns which indicates almost identical ordering of
policies. In the 10-agent scenario (ii), direct simulator training was
infeasible, but our replay evaluation reveals that the surrogate’s
learned policy trajectories still yield extremely low error (even lower
RMSE than in scenario i) and a high rank-correlation (𝜏 ≈ 0.99)
with the simulator. This implies that the surrogate-induced policies
would be consistent with the ones learned using the simulator. In
other words, the surrogate preserves the policy fidelity: it incurs
only negligible return discrepancies along relevant trajectories, thus
maintaining the optimal policy. Overall, the surrogate-integrated
MARL training achieves massive speed-ups without compromising
the climate-policy outcomes.

4 CONCLUSION
We trained a high-fidelity climate surrogate and embedded it into
a climate-economic MARL environment achieving near-perfect
accuracy and a speed-up of > 1000× for one-step inference and
>100× for total MARL training. We proposed an empirical policy-
consistency check using simulator replay and rank-correlation
which indicated that using the surrogate did not alter the agents’
learned policies. Together, these results demonstrate that high-
fidelity, multi-gas climate models can be faithfully approximated
and deployed in RL environments, removing a major computational
barrier to scalable climate-policy analysis. This opens the door to
MARL studies that explore richer climate dynamics, multiple gases,
and many agents - scenarios previously intractable with direct
simulation.
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