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Abstract

Machine learning (ML) emulators provide a fast and cost-effective method to
simulate climate change scenarios after being trained on Earth System Models
projections. However, the black-box nature of those data-driven approaches limit
the usability and trustworthiness of their outputs and in particular their use as causal
attribution tools. Here, we develop a hierarchical causal representation learning
framework applied to sea surface temperature fields from a state-of-the-art global
climate model. As a key advance over previous work, our framework explicitly
models both atmospheric dynamical interactions arising from internal climate
variability and forced responses due to changes in atmospheric greenhouse gas
and aerosol concentrations. When trained on future climate change scenarios, our
method accurately predicts the long-term global mean and regional temperature
evolution and shows physically realistic responses to perturbations in greenhouse
gas and aerosol concentrations when evaluated on unseen scenarios. Our results
underline the potential of causal representation learning frameworks for advancing
climate model emulation.

1 Introduction

Traditional climate models are based on a large set of differential equations that represent an enormous
variety of processes and interactions driving the evolution of Earth’s climate. Solving these equations
over long time horizons is highly computationally expensive and requires major approximations,
including limited numerical grid resolutions and various parameterizations for processes such as
cloud formation and convection [Balaji et al.l 2017, Mansfield et al., 2020]. This has led to a
rapidly growing interest in ML approaches to climate modelling, given fast ML inference and the
possibility to train the resulting models not only on climate model data, but also directly on Earth
observations [Watt-Meyer et al.;|2023| |Clyne et al., 2026].
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Figure 1: Hierarchical climate emulator. A global latent z, captures climate responses to global forcings,
while local latents z capture regional dynamics conditioned on spatially localized aerosols under the single-parent
mapping. The model supports multi-scenario emulation and counterfactual perturbations of forcings.

While ML models can now outperform traditional, physics-based models at medium-range weather
forecasting in several metrics [Bi et al.,[2023| [Lam et al., 2023} [Lang et al., 2024} Bodnar et al.| 2024]],
many of them have been demonstrated to show physically unrealistic behaviour when applied to
long-term climate prediction [[Chattopadhyay et al., 2024, Karlbauer et al.,|2024]. Few ML models can
address the task of climate projection — predicting the evolution of future climate given a scenario of
greenhouse gas (GHG) and aerosol emissions — while also realistically simulating short-to-long-term
weather and climate variability. The international community urgently needs the ability to project
future climate under defined shared socioeconomic pathway (SSP) scenarios [Riahi et al., [2017],
which provide different estimates of future emissions of anthropogenic forcings (GHG and aerosols).

The task of climate projection is extremely challenging given that anthropogenic climate change
represents a long-term distribution shift in the presence of substantial natural internal variability
across a large variety of spatial and temporal scales. Future observations come from a different
distribution than past observations, while, ideally, a model should also be able to realistically capture
short-term internal weather (hours-to weeks) to climate (years/decades) variability. ML models,
which famously struggle with out-of-distribution (OOD) predictions [Ovadia et al., 2019, cannot
be trusted in this context. Simple models, e.g. linear pattern scaling, cannot capture the complex
processes underlying the evolution of the climate system, while increasing model complexity does
not necessarily improve the emulation of the climate response to forcing scenarios, as expressive
models may overfit correlations specific to training scenarios [Liitjens et al.l 2025].

Causal representation learning has been proposed as a way to automatically learn a physically
meaningful representation of the climate system, by learning the causal teleconnections between the
observed variables of the modeled system [Brouillard et al., 2024} Boussard et al., 2023} /Hickman
et al.,|2025]]. The learned causal graph can thus represent both internal dynamics e.g. how the climatic
variables naturally interact, and the response to external forcings. These score-based methods leverage
differentiable constraints [Zheng et al., 2018 [Brouillard et al.,|2020] and have been applied to emulate
the dynamics of sea-surface temperature in a pre-industrial control scenario e.g. without external
forcings (PICABU, [Hickman et al., [2025)), succesfully modeling the internal climate variability.
In this paper, we learn to model the effect of various anthropogenic forcings on temperature, and
explicitly separate the internal from the externally-driven variability of the climate system, at different
spatial scales. We show that our model captures scenario-dependent warming trends and produces
distinct temperature responses to GHG and regional aerosol perturbations. This work is a first step
towards principled, causal, learned representations of the climate system, and the design of statistical
attribution studies.

2 Methods

2.1 Model

PICABU [Hickman et al., [2025] jointly learns a low-dimensional latent representation {z' =
(21, -, 2K)" e ft—r,...t—1,43 of the high-dimensional climate states {X}¢c(;— .. ¢+—1,+ and their



dynamics, represented as sparse causal connections from z<* to z*. PICABU adopts the single-parent
assumption, i.e., at a given timestep, each spatial grid point is mapped to a single latent 2y, resulting in
K spatial clusters of grid points sharing similar climate patterns. This constrains the latent-to-climate
mapping W to satisfy the structural conditions required for identifiability. The model is trained by

maximizing the evidence lower bound (ELBO) to maximize the probability of climate states (both in

reconstructing z<* and predicting z*) under constraint Cs{li‘lg‘g parent> USiNg the augmented Lagrangian

method (ALM). Additionally, the temporal dependencies between local latents are constrained by
C{>\7lt}

sparsity (0 form a sparse transition graph.

Hierarchical latent representation. Building on this structure, we introduce a hierarchical latent
representation and incorporate external climate forcings at different levels of the hierarchy. At the
highest level, we introduce a global latent z, € R, which yields the hierarchy z, — z — x that
retains the single-parent structure across both latent levels and thus preserves identifiability. Temporal
dynamics are modeled at both levels:

(25, CO%, CHY) = 25, (25, 2™, BCL, SO51) = 2, e

global transition local transition

where global GHG forcings CO2, CHy (carbon dioxide, methane) act through z,, while aerosol
forcings affect local latents. SO ; and BCj, denote the localized aerosol forcings (sulfur, black
carbon) associated with z, as detailed in Eq.[2] To capture localized aerosol effects, we use W to
map aerosols into the same K clusters, and each climate latent is affected by aerosols only within its
corresponding region. For a € {BC, SO, }, the localized forcing used to condition zj, is transformed
by the nonlinear function f, j:

h! x = far(W.r®a’). ®))
Therefore, W jointly represents the spatial mapping to capture both climate variability and regional
responses to aerosol forcing. We adapt the ELBO to the hierarchical model, now called Ly—_gro by
factorizing the posterior and prior according to the latent hierarchy, decomposing the standard KL.
term into local- and global-level KL divergences. Details are provided in[A]

Global temperature constraints. We introduce constraints on global mean surface temperature
(GMST) at both the latent and observation levels. We encourage both the global latent and the global
mean of the predicted temperature field to be close to the true GMST during training. With p’, the
spatial mean of the predictive distribution p(z* | z') and ! the mean of p(z} | z5*), we add the
following loss function to our training objective:

Lamst = ||uh — GMST! |5 + ||ut, — GMST!||>. 3)

The overall core training objective is in Eq[4] where £,,x comprises the probabilistic and spectral
losses in PICABU [Hickman et al., [2025]]:
['corc = 7£H7ELBO + C{A’H} + C{Aﬂu} + )\gACGMST + )\aﬁaux (4)

single parent sparsity
2.2 Hierarchical autoregressive rollout

To generate long-term climate trajectories, we perform autoregressive rollouts by first predicting
the global latent value at time 7" + 1 given the global forcing concentrations at 7" + 1, and then
predicting the local latents given the global latent value and local forcing concentrations, before
decoding the temperature fields e.g. going from top to bottom in the hierarchy. We iterate this
procedure to get full trajectories. Since our model is probabilistic, we generate N > 1 trajectories.
We initially draw N samples for the local latents, and, at each timestep, for each sample, we sample
R candidates 2z}, ~ p(z'*! | z5!, 2{T1) before keeping the highest-scoring candidate, yielding N
filtered trajectories for autoregressive propagation. The score associated with each sample is the L2
norm between the mean of the global latent utgH and the mean of the decoded temperatures. Thus,
we ensure that the values of the local latents lead to a global mean temperature that is close to the
global latent value, which itself is trained to approximate the true GMST. This is an extension of the
Bayesian filtering technique used in PICABU, where we use our own predictions of the GMST rather

than assuming a fixed spatial spectrum of the temperature field.
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Figure 2: Long-term climate rollouts and forcing perturbations. (a) Our GMST rollouts under SSP3-7.0
(blue) compared with NorESM?2 (black) and Linear Pattern Scaling (LPS) prediction (orange). Fixing CO2 and
CHy at their 2015 levels (red) suppresses the long-term increase in GMST. (b) Power spectral density of the
Nifi03.4 index under SSP3-7.0. The model ensemble mean (red) reproduces the characteristic Nifio3.4 spectral
peak. Shading in (a,b) denotes the std. across 50 trajectories. Details of the ablations and comparison to LPS are
in[C.2] (c,d) Next-step temperature responses to regional BC and SO2 perturbations over East Asia, showing
warming and cooling responses, respectively. Green boxes indicate the perturbed region.

3 Experiments and results

3.1 Experiments

We train and evaluate our model on monthly data from NorESM2-LM [Seland et al.,[2020] simulations.
It is trained to predict the monthly surface temperature from previous months’ surface temperatures
and CO,, CHy4, BC, and SO4 concentrations at the current month, as given by the SSP scenarios.
We train on the historical period, SSP1-2.6, and SSP2-4.5, and test on the OOD SSP3-7.0 scenario.
COg2 and CH4 are included as global GHG forcings and BC and SOs, as spatially varying aerosol
forcings. Temperature is deseasonalized using the pre-industrial monthly climatology, without forced
trend, while all variables are standardized using historical statistics. We use ' = 48 local latents, one
global latent, d,, = 3072 grid points on a HEALPix grid (equal area grid, [Gorski et al., [2005]]), and
7 = 5 months. Rollouts use N = 50 particles with R = 10 candidates each. Full details are in[B]

3.2 Results

We evaluate long-term climate emulation using 85-year autoregressive rollouts from January 2015.
Despite being trained only on SSP1-2.6 and SSP2-4.5, the model captures the stronger warming
under the held-out SSP3-7.0 scenario (Fig. [2h). While still overestimating the overall warming
trend, ours achieves the closer mean to NorESM2 for both GMST (1.41 vs. 1.24) and Nifio3.4 (1.47
vs. 1.37) compared with baseline. The model also captures the characteristic Nifio3.4 periodicity
of approximately 2.5-5 years and the annual peak corresponding to seasonal variations (Fig. Zb).
Additional rollout analyses are provided in[C.1]

We then evaluate temperature responses to forcing perturbations. Fixing CO, and CHy at their 2015
levels suppresses the long-term increase in z, ( Fig.[I7), accompanied by reduced GMST warming
(Fig. [Zh). The perturbed trajectories also exhibit a larger ensemble spread, indicating increased
uncertainty under the modified forcing conditions. Regional aerosol perturbations produce localized,
forcing-specific responses (Fig. 2k,d): increasing BC over East Asia induces temperature increases,
whereas increasing SO» produces temperature decreases, consistent with their dominant warming and
cooling radiative effects, respectively Ramanathan and Feng|[2009]]. Additional forcing—response
analyses are provided in[C.3]

4 Discussion

Our hierarchical causal representation learning model is able to accurately predict the GMST from
GHG and aerosol concentrations in one moderate extrapolation scenario. Furthermore, it allows us to
disentangle local from global effects, as we explicitly condition local and global representations on
forcings of different spatial scales. It is also able to distinguish the effects of two different aerosol
concentrations, BC and SO,, over East Asia. However, the current formulation does not guarantee



separation of individual forcings within the same hierarchical level, such as CO, and CHy4 at the
global level. Future work will incorporate causal modules to better identify the effects of individual
forcings within each level [Wang and Bleil 2019} |/Almodévar et al.,2025]].

The evaluation of our model is limited to realistic representations of the forced response and ENSO
power spectra within a climate model, as there is no ground truth causal graph of, e.g. atmospheric
dynamical interactions. Although there exist benchmarks for evaluating causal discovery [Herdeanu
et al.,2025]] and causal representation learning (SAVAR, Tibau et al.,2022), none of these benchmarks
includes external forcings. In future work, we will extend SAVAR with external forcings to evaluate
our model in a controlled setting, and benchmark it against a set of existing methods. Moreover,
we will include more climatic variables, such as sea level pressure or precipitation, to give a more
complete picture of the causal connections between forcings and climate variables. We will also
evaluate our method on additional climate models (e.g. CESM2) and more challenging scenarios (e.g.
4xCOq, SSP5-8.5). Finally, we hope to apply this work to observed extreme events, and perform a
proper attribution study in a real-world use case.
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Figure 3: Overview of the hierarchical generative model. At each timestep, greenhouse-gas
forcings (CO3 and CHy) condition the global latent z,, whose temporal evolution depends on its
previous states. The resulting global state conditions the local latents z, which additionally depend
on their sparse temporal parents and spatially localized aerosol forcings (BC and SO;). Aerosol
forcing is assigned to each local latent according to the learned latent-to-observation mapping, while
each observation is generated from its associated local latent under the single-parent structure. This
hierarchy enables global greenhouse-gas responses and regional aerosol effects to enter the climate
dynamics through different spatial levels.

A Methods

A.1 Hierarchical Generative Model

Let x* € R% denote the spatial temperature field at time ¢. We represent the climate state by K local
latent variables z* = (2{, ..., 2%) and a global climate latent 2. The local climate representation is

inferred from the temperature field, followed by the global representation,

q(z", 2 | x') = qo (2" | x")qy (2 | 2'). ®)
We model the global latent dynamics conditioned on greenhouse-gas forcings as
p(z} | z5t, CO5, CHY) (6)
whose parameters are given by
(1g,79) = fo(25", COy, CHY) . ™
Conditioned on the current global state, each local climate latent follows
p(zi | Pa(z}), 2, a1) , ®)

{Au}

sparsity

where Pa(z}) C z<' is determined by the transition graph under C

localized aerosol forcing associated with latent k.

and a}, denotes the

The local transition is then parameterized as
(tk ok) = gk (2, Pal2), hi i o, 1) » ©)
where hi ;. and h§g, 1, denote the localized BC and SO forcing representations in Eq. [2] I The

overall graphlcal model is illustrated in Fig.3]

A.2 Hierarchical ELBO Derivation

We extend the original variational objective to a two-level latent hierarchy. Starting from the sequential
variational objective,

log p(x Z [ a(zt|xt) logp(xt | zt)] — Eq(z<tjx<t)KL [q(zt | x') || p(z" | z<t)] } (10)



Let z¢ denote the local climate latents and 25 the high-level global latent. The hierarchical posterior
is factorized as

q(z1, 25 | x') = q(z1 | x")q(23 | 21, x") = q(2) [ x")q(23 | 20). (11)

where the last equality follows from the dependency structure encoded in our graphical model, in

which 21 is conditionally independent of x* given z¢.

The reconstruction term (first term) becomes
Eq(zé |z%)q(z!]xt) [log p(xt | Zﬁ )} = ]Eq(zi |xt) [log p(Xt | Zﬁ )} ’ (12)
where the observations are decoded directly from the local latent representation z .

The prior follows the two-level hierarchy

p(zy, 2 | 27t 25 ") = p(zs | 21 25 )2y | 250, 25 20) = p(2h | 25" )p(a | 217, 23),  (13)

where the last equality follows from the conditional dependencies specified by our graphical model,

zy W27t 25t 2 AL 25t | (207, 25). (14)

Accordingly, the KL divergence term (second term) becomes

IEq(z2<"|z1<”)q(z1<t|x<‘)I<L [q(ZtZ | ztl)q(ztl ‘ Xt) ||p(Zg | z;t)p(zﬁ | z1<t7zé)] =

IEq(z2<t|z1<t)q(z1<z‘|x<t)(KL [q(Zé | Zi) ||p(Z§ ‘ Z2<t)] + KL [Q(Zi ‘ Xt) Hp<zi | Z1<t’ Zﬂ)

Combining the reconstruction and the KL terms gives

T

Lu-ELBO = Z Eq(zﬂxf«) [logp(xt \ Zi)] — KL [Q(Zﬁ | Xt) ||p(Z§ | thazé)]
t=1

—KL[q(z5 | 2) [ p(25 | 25)] | (15)

B Hyperparameters

Table [I] summarizes the model architecture and training hyperparameters used for the reported
experiments.

C Results

C.1 Additional rollout analysis

We provide additional analyses of the long-term rollouts, including the SSP forcings (Fig. [Ab) and the
spatial PSD of the time-averaged temperature fields (Fig. [5). We further report the GMST (Fig. [6)
and Nifio3.4 time series (Fig. [7), together with their temporal autocorrelations (Fig. [§] and Fig. [9)
and PSDs (Fig.[I0). GMST is computed by spatially averaging the temperature field, while Nifio3.4
is an El Nifio-Southern Oscillation (ENSO) index computed by averaging sea-surface temperature
anomalies over the Nifio3.4 region in the equatorial Pacific.

C.2 Baselines and Ablations
We compare against the linear pattern scaling (LPS) baseline [Liitjens et al., [2025]], which first

regressing GMST on GHG, and then learning a point-wise linear mapping from GMST to the spatial
temperature field. Despite its simplicity, LPS has been shown to outperform several deep-learning

10
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Figure 4: GMST rollouts and forcings. (a) GMST rollouts under SSP1-2.6 (blue), SSP2-4.5 (red),
and SSP3-7.0 (green). Predicted GMST (dashed) is compared with NorESM2 (solid), with shading
indicating +2 standard deviations across 50 trajectories. Our model is able to distinguishes the
scenario-dependent warming trends and captures the stronger warming under the held-out SSP3-7.0
scenario. (b) CO., spatially averaged CH4, BC, and spatially averaged SO forcings are shown
for SSP1-2.6, SSP2-4.5, and SSP3-7.0 over the 85-year evaluation period. SSP1-2.6 and SSP2-
4.5 represent lower- and intermediate-forcing pathways, respectively, while SSP3-7.0 represents a
scenario with higher greenhouse gas and aerosol concentrations.

climate emulators. Our model better captures the mean GMST and Nifio3.4 statistics, while LPS more
accurately reproduces the GMST range. However, LPS substantially underestimates the Nifio3.4
range and captures primarily the long-term trend. Consequently, it fails to reproduce the characteristic
spectral variability of Nifio3.4 time series, resulting in a near-zero PSD at interannual timescales
(Fig. 2p) after detrending.

We also compare the full model with two ablations. No Localized Aerosols removes the localized
aerosol assignment, allowing aerosol forcings from all locations to affect each local latent. No Lz,
removes the alignment between the global latent and GMST. Without this alignment, its rollouts
follow the particle selection procedure in [Hickman et al] [2025]|. Table [2] summarizes the rollout
statistics, while Fig.[TT|compares the temporal PSDs of GMST and Nifio3.4. Removing the localized
mapping improves the statistics for both indices, but suppresses temporal variability, producing an
overly smooth Nifio3.4 PSD and failing to capture its characteristic peak. Removing £z, degrades
the statistical scores and leads to larger long-term drift from the NorESM2 reference.

C.3 Additional counterfactual experiments
We provide additional analyses of the forcing-perturbation experiments, including sampled temper-

ature responses to regional aerosol perturbations (Fig.[T2)), single-step forcing—response pathways
for each forcing variable (Fig. [I3]- Fig.[I6), and the GMST response to perturbations of the learned

11
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Figure 5: Spherical power spectral density (PSD) of the time-averaged global surface temper-
ature field. For each trajectory, monthly surface temperature maps are first averaged over time,
followed by a spherical harmonic decomposition of the resulting global HEALPix map. The spatial
power spectrum is represented by the angular power spectrum Cy. The horizontal axis shows the
approximate angular scale, 360° /(¢ + 1), where smaller values correspond to finer spatial structures.
The black curve denotes the NorESM?2 reference, while the red curve shows the median PSD across
model trajectories, with the shaded region indicating the 16th—84th percentile range. Both spectra are
dominated by large-scale spatial structures, with power decreasing toward finer scales. The model
closely reproduces the overall spectral slope and scale hierarchy of NorESM2, while it overestimates
the power at fine spatial scales.

GMST across 85 year simulation First 50 months (zoom-in)
3.0f —— NorESM2 1.4 trajectory
—— tempered-trajectory BF mean —— NorESM2

12 —— tempered-trajectory BF mean

1.0

Time (months) Time (months)
Figure 6: GMST across 85 year rollouts under SSP3-7.0. The left panel shows the global mean
surface temperature (GMST) over the full 85-year autoregressive rollout. The right panel provides a
detailed view of the first 50 months, showing the ensemble mean and standard deviation across 50
trajectories, together with all 50 individual sample trajectories.
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Figure 7: Nifi0o3.4 index across 85-year rollouts under SSP3-7.0. The left panel shows the Nifio3.4
index over the full 85-year autoregressive rollout. The right panel provides a detailed view of the first
50 months, showing the mean and standard deviation of 50 trajectories, and 50 individual sample

trajectories.
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Figure 8: GMST time-series autocorrelation under SSP3-7.0. The left panel shows the autocorre-
lation of GMST over the full 85-year autoregressive rollout, comparing the model prediction with the
NorESM2 ground truth. The right panel provides a detailed view of the first 50 months, highlighting
the short-term temporal dependence and seasonal oscillations. Both time series are linearly detrended
prior to computing the autocorrelation to remove the long-term warming trend and prevent it from
dominating the autocorrelation at large time lags. The model captures the approximately annual
oscillatory structure of the reference autocorrelation, while exhibiting weaker short-term persistence.
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Figure 9: Nifio3.4 time-series autocorrelation under SSP3-7.0. The left panel shows the auto-
correlation of the Nifio3.4 index over the full 85-year autoregressive rollout, comparing the model
prediction with the NorESM2 ground truth. The right panel provides a detailed view of the first
50 months, highlighting the short-term temporal dependence and oscillatory variability. Both time
series are linearly detrended prior to computing the autocorrelation to remove the long-term trend
and prevent it from dominating the autocorrelation at large time lags. Compared with GMST, the
model more closely reproduces the temporal dependence of the Nifio3.4 index at one-year lag.
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Figure 10: Power spectral density (PSD) of the GMST and Nifio3.4 index time series under
SSP3-7.0. The left panel shows the PSD of the GMST time series, while the right panel shows the
PSD of the Nifio3.4 index. The model PSD is computed across 50 autoregressive rollout trajectories,
with the solid red line indicating the ensemble mean and the shaded region indicating +1 standard
deviation. The black line denotes the NorESM2 ground-truth spectrum. In the GMST panel, the
blue line additionally shows the PSD of the learned global climate latent, illustrating its temporal
variability across different time scales. All time series are linearly detrended prior to PSD estimation.
Global latent, compared with the spatial mean of the predicted temperature field, is better at capturing
the long-term variability of GMST. The model reproduces the major spectral peaks of the Nifio3.4
index, including the annual peak and variability at approximately 2 to 5 year periods.
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(a) GMST. (b) Nifio3.4.

Figure 11: Ablation study of the temporal power spectral density (PSD) under SSP3-7.0, shown
on a logarithmic scale. (a) GMST and (b) Nifio3.4 PSDs from 85-year autoregressive rollouts. We
compare the full model with variants without the local aerosol mapping and without the global-latent
alignment loss £ . Removing £ amplifies temporal variability, especially over the low-frequency
part. Removing the local mapping produces a smoother PSD and fails to capture the characteristic
Nifio3.4 peak.
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Figure 12: Sample visualization of the temperature response to aerosol perturbations. The upper
row shows five different SO, perturbation levels applied within East Asia, and the lower row shows
the corresponding next-step temperature predictions. Increasing SO» produces a cooling response,
whereas increasing BC produces a warming response, with the strongest changes concentrated around
the perturbed region.

global latent z, (Fig.[8). Together, these analyses further characterize how global and regional
forcing signals propagate through the learned representation to the predicted climate state.

(a) CO, - Global latent (b) Global latent - GMST (c) CO; » GMST
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slope = 0.145 v, 0364 slope=0.0152 L 0.36 Slope=0.0022

Global latent

Figure 13: Single-step response to CO, perturbations. We evaluate the model under controlled
CO, perturbations while keeping the input climate state and all other forcing variables fixed. Starting
from a random selected initial condition, COs is varied across its range of values observed under
SSP3-7.0, and a single-step prediction is performed for each forcing value. (a) Relationship between
the perturbed CO2 concentration and the predicted global climate latent (u.,). (b) Relationship
between the predicted global latent and the corresponding predicted GMST. (c) Direct relationship
between the perturbed CO- concentration and predicted GMST. Dashed lines indicate linear fits,
with the Pearson correlation coefficient (1), p-value, and fitted slope reported in each panel. The
results show a nearly linear response of the global latent to CO5 perturbations, which is subsequently
reflected in the predicted GMST.
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Figure 14: Single-step response to CH, perturbations. Compared with CO,, CH, exhibits a
weaker modulation of the learned global latent, and this variation is propagated even more weakly
to the next-step GMST prediction, resulting in a substantially weaker direct CH4—GMST response.
The cooling response to increased CH, reflects a limitation of the current model in disentangling the
effects of strongly correlated global forcings and remains an area for further improvement.
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Figure 15: Single-step response to BC perturbations. In contrast to the global greenhouse-gas
forcings, BC shows almost no modulation of the learned global latent (» = 0.017), while exhibiting a
clearer positive response in the predicted GMST (r = 0.278). This suggests that the modeled BC
temperature response is primarily mediated through the local climate latents rather than the global
latent.
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Figure 16: Single-step response to SO, perturbations. Similar to BC, SO, shows almost no
modulation of the learned global latent (r = 0.021), while exhibiting a weak negative response in
the predicted GMST (r = —0.129). The global latent responds to global forcing perturbations but
remains insensitive to aerosol perturbations, providing evidence that the model separates global and
localized forcings through distinct causal pathways.
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Figure 17: Global latent response to forcing perturbations in long-term rollout. Global latent
trajectories under SSP3-7.0 with original forcings (black) and with CO, and CHy fixed at their 2015
levels (red), showing a substantially suppressed long-term increase under the perturbation.

Global latent = 5 Global latent = 10 Global latent = 15
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Figure 18: Temperature response to interventions on the predicted global climate latent. We
directly intervene on the predicted global latent mean (x.,) by setting it to —5, 0, 5, 10, and 15, while
keeping the input climate history and external forcing conditions unchanged. For each intervention,
the prescribed global latent is passed to the local climate transition model, and the resulting local
latent state is decoded into the predicted surface temperature field. Each panel shows the prediction
for the same input sample under a different value of the global latent. As the global latent increases,
the predicted temperature field exhibits a progressively stronger warming response over much of the
globe. This sensitivity experiment indicates that the learned global latent modulates the large-scale
temperature response.
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Table 1: Model and training hyperparameters used in the experiments. We denote an MLP with hidden
dimension a and b layers as MLP(a,b), and use Linear(a, b) analogously for the corresponding
linear layer. The model is trained with RMSProp (Ir = 10~*, batch size 128) for up to 10° iterations.
The auxiliary loss term incorporates the continuous ranked probability score (CRPS) and a spatio-
temporal spectral loss on the predicted temperature.

Parameter Value
Latent representation

Number of spatial grid cells d, 3072
Number of local latent variables d, 48
Number of global latent variables d., 1
Temporal context length 7 5 months
Encoder and decoder

Encoder MLP(8,2)
Decoder MLP(8,2)
Activation function LeakyReLU
Encoder distribution Gaussian
Decoder distribution Gaussian
Latent dynamics

Local transition dynamics MLP(8,2)
Global transition dynamics Linear(d, x 7, 1)
Transition distribution Gaussian
Global forcings CO,, CHy
Spatial forcings BC, SO,
Loss coefficients

KL coefficient Ak, 1

GMST coefficient A\gysT 103

CRPS coefficient A\crps 1

Spatial spectral coefficient 103
Temporal spectral coefficient 103
Optimization

Optimizer RMSProp
Initial learning rate 1074
Batch size 128
Maximum training iterations 10°

Validation interval
Early-stopping patience

100 iterations
5000 iterations

Single-parent constraint (ALM)

Initial penalty pg 10*
Penalty multiplier 1.2
Wy 0.01
Wy 0.9
Constraint threshold 1072
Minimum convergence interval 1000
Transition sparsity constraint (ALM)

Initial penalty p 1072
Penalty multiplier 1.2
Wy 0.01
Wy 0.95
Constraint threshold 10~4
Minimum convergence interval 1000
Graph binarization threshold 0.5
Rollout

Number of particles 50
Candidate samples per particle 10
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Table 2: Statistics of long-term climate rollouts under SSP3-7.0 forcing. Starting from the climate
state on 2015-01-01, each model is rolled out autoregressively for 85 years, conditioned at each time
step on the corresponding SSP3-7.0 external forcings. The particle selection follows[2.2] The left
section shows the mean, standard deviation, range of the GMST, and the same for the Nifio3.4 index
on the right. The first row shows the reference statistics computed from the ground-truth NorESM?2
SSP3-7.0 simulation, followed by comparison method, and then ablations. For all metrics, being
closer to the ground truth is better.

\ GMST \ Nifio3.4

| Mean Std. Dev. Range | Mean Std. Dev. Range
Ground truth \ 1.2403 0.5771 2.5144 \ 1.3662 0.7751 4.2305
Linear Pattern Scaling |Liitjens et al.|[2025] | 1.4711 0.7009 2.4247 | 1.5677 0.7383 2.5535
Ours-No Localized Aerosols 1.3281 0.5327 2.7091 | 1.4013 0.6702 4.3710
Ours-No L, 1.0015 0.6247 4.8010 | 1.1235 0.6663 4.7029
Ours 1.4107 0.6573 3.2710 | 1.4692 0.8205 4.7190
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