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ABSTRACT

Spatially explicit emulators have emerged as agile tools for generating climate and weather information at the speed and
scale required for decision-making. However, their current applicability for decision support is limited by a fragmented
landscape and an opaque, quickly shifting boundary between climate and weather emulators. This shift is driven by the
emergence of large-scale foundation models and by architectural advances that allow short-term forecasting tools to
increasingly target climate timescales. This convergence calls for a systematic evaluation of their intersection and relative
skill. Through a review of 76 studies, we categorise spatially explicit emulators by their skill across weather and climate
timescales, and organise frameworks by inputs, outputs, methods, and evaluation practices. We identify three key patterns.
First, the }eld is siloed: weather emulators form a coherent, deep learning–driven cluster, while climate emulators remain
diverse and weakly connected to these advances. Despite claims of cross-timescale applicability, weather and hybrid
emulators lack robust validation under long-term anthropogenic forcing. Second, emulator development and application
remain weakly aligned. Climate emulators prioritise scenario agility over output ~exibility, limiting application-speci}c
use, while restricted accessibility results in limited uptake, with most applications con}ned to their developers. Third,
many state-of-the-art weather emulators rely on specialised infrastructure and are often industry-led, raising concerns
about computational equity and “agility for whom.” Realising genuine agility across the weather–climate spectrum and its
utility for decision support requires clearer task de}nitions, stronger cross-domain integration, and deliberate attention to
equitable access.

Keywords: Earth System Model; Emulator; Decision-relevant climate information

From global to regional scales, decisions today are fundamentally in~uenced by realised and anticipated
changes in the climate system [1,2]. This is increasingly evident in }elds like end-to-end climate attribution,
where linking extreme events to speci}c emission sources now informs corporate risk assessment, litigation,
and climate }nancing mechanisms [3–5]. Supporting these and other emerging applications requires an agile
climate tool landscape, one capable of ~exible scenario design and thorough risk-space sampling using large
ensembles [6–8]. Yet, the traditional computational regime, centred on Earth System Models (ESMs) and
physics-based models that prioritise mechanistic realism, remains prohibitively costly. Individual simulations
often require weeks to months and produce terabytes of output [9,10], ezectively limiting their utility in the
very data-intensive or time-sensitive contexts these new applications demand [11].

This computational barrier has spurred the development of a new data-driven paradigm in climate science
to complement traditional tools [12], leveraging approaches that interact with and build upon empirical
observation, theory, and computational modelling (Fig. 1, panel a). Among these emerging methods are
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Figure 1. Defining the scope of the review. a, The four scienti}c paradigms—empirical observation
(green), theoretical insight (yellow), computational modeling (blue), and data-driven approaches
(red)—function as complementary components of scienti}c inquiry, with interactions indicated by arrows. For
example, observations are used to calibrate and validate models, while models guide and extend
observational understanding. Traditional climate models fall within the computational paradigm, emulators
fall within the big data paradigm. b, The review includes papers on spatially explicit climate and weather
emulators published over the past decade (2015-2025) and spans the weather to climate domain. Each
emulation approach is indicated by its name or short identi}er (see Table 1) and positioned according to its
publication year (within each bin, papers are grouped by year and ordered alphabetically with publications
from the }rst year in the bin appearing on top). The color coding indicates the emulation category
(weather/hybrid or climate) and the underlying methodology (machine learning or statistical methods).



climate emulators—statistical or machine learning (ML) models trained to approximate selected outputs of
ESMs. These emulators allow for the rapid generation of climate projections, often in seconds to minutes,
thereby enabling fast scenario exploration, uncertainty quanti}cation, and regional impact assessments [13].
They operate by trading mechanistic realism for computational e{ciency, making them particularly suitable
for decision contexts where quantifying probabilities and assessing risk take precedence over analysing and
understanding the underlying physical drivers.

The agility ozered by emulators can support scienti}c assessments such as those of the Intergovernmental
Panel on Climate Change (IPCC), as demonstrated by the use of simple climate modelling approaches to
assess global mean quantities [14,15]. The rise of spatially explicit tools extends these approaches, and could
allow to represent scenario-to-climate linkages at scales relevant for regional and local decision-making [16].

Beyond long-term climate applications, the rapid advancement of deep learning techniques is dissolving
the conventional divide between models focused on short-term weather forecasting and those designed for long-
term climate projection. State-of-the-art weather emulators—originally designed for short-range forecasting
(up to 15 days)—are now incorporating external forcing, such as sea surface temperature (SST) or CO2

concentrations, enabling stability over seasonal to interannual timescales [17,18] and coupled weather-ocean
emulators are emerging to build fully coupled ESM-style ML models [19,20]. Meanwhile, dedicated climate
emulators continue to develop independently, using statistical or ML methods to emulate long-term responses
to anthropogenic forcing [11,21]. While the boundaries between weather and climate emulation seem to become
increasingly blurred, these threads evolve largely in parallel, with limited shared terminology, inconsistent
evaluation standards, and little cross-community integration.

Here, we clarify and connect these diverse development strands of the emulator literature, with a focus on
how they impact climate emulation. Through a literature analysis of spatially explicit emulators developed
over the past decade (Fig. 1, panel b), we identify the conceptual and methodological continuum connecting
weather to climate emulators. We start by formally de}ning climate emulation, and then organise the
landscape of existing approaches into the three subspaces of weather, hybrid weather–climate, and climate
emulation. We then examine applications of emulated data, highlighting opportunities, current limitations,
and key development priorities, before concluding with a discussion of our }ndings.

Box 1: Terminology
Weather models forecast, predicting the speci}c evolution of the atmosphere over hours to days.
In contrast, climate models project, focusing on the statistical response of the climate system to
prescribed external forcing over decades to centuries. The term simulation describes any model-
generated trajectory in both contexts.
Across these tasks, models rely on three types of variables. Forcing variables act purely as inputs,
such as greenhouse gas (GHG) emissions or solar irradiance. Prognostic variables serve as both
inputs and outputs; the model advances these variables forward in time, and the resulting state forms
the input for the next timestep (e.g., temperature, pressure, wind velocity, and humidity). Diagnostic
variables are derived quantities that describe aspects of the model state but appear only as outputs
(e.g., precipitation, cloud cover).
Since emulators are data-driven models, their development fundamentally depends on the availability
of suitable datasets, either reanalysis products that assimilate observations into numerical models (e.g.,
ERA5 [22], MERRA-2 [23]) or direct outputs from physics-based models. These datasets are typically
partitioned into training data, used to }t (or calibrate) model parameters; validation data, used to
tune hyper-parameters that govern the learning process or model structure—and to monitor over}tting;
and test data, which are held out for the }nal evaluation of performance on unseen samples. This
work~ow enables transparent model assessment and guards against overly optimistic performance
estimates.



Table 1. Overview of reviewed emulator literature. Papers are organised by topic: weather (}rst
column), hybrid weather–climate (second column), and climate (remaining columns). Hybrid weather-climate
approaches are functionally similar to weather emulators, but typically include external forcing and remain
stable over extended or historic periods. Climate emulators are further grouped by emulator objective.
Emulators for scenario exploration target long-term responses, scenario speci}c emulators act as tools to
generate larger ensembles for individual scenarios or to compress a speci}c scenario with generative
decompression, and extension approaches build on gridded variables to increase either the number of
variables or the spatiotemporal resolution. Approaches are organised alphabetically within each column.

Weather emula-
tors

Weather–climate
emulators

Climate emulators

Scenario explo-
ration

Scenario specific Extensions

AIFS [24,25], AIFS-
CRPS [26]

ACE [27,28] ADL-24 [29] EW-19 [30] DizESM [31]

Aurora [32] ACE2 [18] AIRCC-Clim [33] FS-20 [34] DR-23 [35]

DLWP-HPX [36] ACE2-SOM [19] ALE-18 [37] GN-18 [38] DR-24 [39]

FourCastNet [40–42] CAMulator [43] BAB-25 [44] GT-24 [45] EnScale [46]

FuXi [47] cBottle [48] CAO-15 [49] JG-18 [50] MESMER-M [51]

GenCast [52],
GenCast-forced [53]

climaX [54] ClimateBench [21] JG-19 [55] MESMER-M-
TP [56]

GraphCast [57] DLESyM [20] ClimGen [58] MM-19 [59] MESMER-RCM [60]

Pangu-Weather [61] LUCIE-2D [62] FairGP [63] MZ-2021 [64] PrEmu [65]

LUCIE-3D [66] FLDGEN1.0 [67] WB-20 [68]

neuralGCM [17] FLDGEN2.0 [69]

Ola [70] FRS-24 [71]

SamudrACE [72] HG-15 [73]

S-Dyzusion [74] KL-24 [75]

MERCURY [76]

MESMER [11,77]

MESMER-X [78,79]

METEOR [80]

PEEPS [81]

PRIME [82]

RIME [83]

SG-24 [84]

STITCHES [85]

TBD-18 [86], TBD-
20 [87]

TN-16 [88]

TM-18 [89]

WASP–TC [90]

WMK-25 [91]

XU-17 [92]

YA-21 [93]

FROM NUMERICAL MODELS TO EMULATORS
This section establishes the conceptual foundation of climate emulation by }rst introducing the traditional
physics-based modelling paradigm and then reinterpreting it through a probabilistic lens, which naturally
motivates the development of data-driven emulators.



Figure 2. Conceptual framework of climate emulators. Numerical climate models, e.g., ESMs, take
external forcing and an initial climate state and iteratively advance the state through process-based
numerical descriptions of the Earth system. The output includes the advanced initial state (prognostic,
serves as input and output) and additional diagnostic (output-only) variables. Hasselmann [94] interpret the
model-induced relationship between input and output stochastically through stochastic dizerential equations,
allowing it to describe the climate state as a multivariate probability distribution conditional on past states,
the history of external forcing, and model parameters. Emulators learn these distributions from ESM
samples and generate new ones for unseen forcings or initial states.

The traditional numerical modelling paradigm Climate modelling traditionally relies on ESMs which
simulate the coupled physical, chemical and biological process of the planet [95]. These physics-based models
use numerical implementations of physical laws—such as ~uid dynamics—to evolve the system state forward
in time (Fig. 2). At the scale of climate, the system’s evolution is primarily governed by boundary conditions,
for example, prescribed external forcing such as GHGs and aerosols, which act over long timescales. In
contrast, weather prediction focuses on much shorter timescales, where the primary input is the initial, highly
accurate description of the current system state and changes in external forcing are negligible. Thus, while
weather prediction is fundamentally an initial condition problem, climate projections are fundamentally a
boundary condition problem (Fig. 3, panel a) [96]. In either case, the model simulates the system through the
implemented equations and outputs the next timestep. Although the underlying equations are deterministic
in theory, imperfect initial conditions, structural model uncertainty and numerical approximations limit
predictability across all timescales.

Interpreting numerical models as stochastic sampling machines Numerical models, such as ESMs,
are process-based, using causal reasoning to evolve the climate state forward in time (Fig. 2). Hasselmann [94]

provided a crucial abstraction of this view by separating slow, deterministic dynamics from fast, apparently
random ~uctuations. They formulated climate evolution as a stochastic dizerential equation:

∂y

∂t
= D(y, F ) + ξ, (1)



which interprets the change in climatic state, y, as the result of a deterministic evolution, D, that depends on
external forcing, F , and the climatic state itself, plus a random term, ξ, which represents aggregated fast
ezects, including weather and interannual variability. This formulation shifts the perspective from explaining
why the system changes to describing how it changes, transforming a causal, process-based view into a
phenomenological one (Fig. 2).

Climate model output exhibits path dependence and memory, driven by slowly adjusting components like
the ocean. The output also captures internal variability, arising from apparently random ~uctuations and
coherent patterns such as El Niño [97,98]. The abstraction from Hasselmann [94], allows us to interpret the
climate state as a random vector whose probability distribution depends on its past and on external forcing,
ezectively encapsulating the system’s physics within conditional dependencies:

Yt ∼ P (Yt | Y<t, F≤t, θ), (2)

where θ denotes model-speci}c structural parameters (see Womack et al. [91] for an explicit linkage from Eq. 1
to Eq. 2). In this probabilistic formulation, the temporal evolution of the climate is embedded in conditional
dependencies rather than explicit dynamical equations.

Using this abstraction, ESMs can be viewed as sampling machines that explore the conditional distribution
in Eq. 2. Coordinated modelling ezorts, such as the Coupled Model Intercomparison Project (CMIP),
explicitly account for these conditional dependencies through distinct ensemble designs:

• Initial-condition ensembles sample internal variability by systematically varying the initial climate
state Y(i)

<t (achieved by changing initial conditions Y(i)
t0

) where i indexes ensemble members.

• Multi-model ensembles sample structural uncertainty by employing dizerent climate models, each
de}ned by a distinct parameter set θ(j), with j indexing models.

• Scenario ensembles sample forcing (scenario) uncertainty [99] by }xing the model and initial conditions
while varying external forcing F

(k)
≤t , with k indexing scenarios.

Defining the emulation task The reinterpretation of ESMs as stochastic sampling devices naturally
motivates the development of emulators. An emulator is a statistical or ML model trained to reproduce the
distributional properties of ESM output. In essence, it is an alternative, data-driven model that samples
from the distribution

YEMU
t ∼ P (YEMU

t | YEMU
<t , F≤t, φ

EMU), (3)

such that the probability distribution sampled by the emulator closely approximates that of the ESM, as
measured by a divergence metric D and a tolerance threshold δ:

D(PEMU, PESM) < δ. (4)

We denote model parameters from physics-based models using θ and from emulators using φ. We also use
the superscripts (ESM/EMU) whenever necessary to make the distinction between models clear. Common
divergence metrics include the root mean squared error (RMSE) [42], energy distance e.g., [46], and continuous
ranked probability score (CRPS) e.g., [21,42,78,79].

Emulators are calibrated on existing ESM output to provide a fast and ~exible means of generating new
climate samples, ezectively extending the concept of ESMs as stochastic samplers into a data-driven form.
The main challenge lies in approximating a complex, multivariate probability distribution from a }nite set
of ESM samples. Optimizing the full joint log-likelihood of climate data over long temporal sequences is
typically intractable. While simpler emulators may be optimized solely on low-order moments (e.g., the MSE
of the mean response }eld [81]), modern generative models like dizusion models are optimized to match the
conditional probability distribution (e.g., p(yt+1|yt)) via a proxy for the conditional log-likelihood (e.g., a
denoising loss) [74]. Consequently, high-order statistics and long-term correlations (such as those emerging
from extended autoregression) are usually evaluated and validated a posteriori.



Dizerences between emulators and reduced complexity climate models with global focus The
climate modelling landscape also includes reduced-complexity models, for example with global focus such as
Simple Climate Models (SCMs). The modelling philosophy behind SCMs dizers fundamentally from that
of emulators: SCMs are still process-based, approximating physical laws through simpli}cation, whereas
emulators are mainly data-driven, sometimes with physical constraints, and approximate the probability
distribution of the output itself. SCMs are driven by prescribed forcings (e.g., GHG emissions, aerosols,
or solar irradiance) and produce outputs including GHG concentrations, radiative forcing, and aggregated
global-scale variables such as global mean temperature (GMT), ocean heat uptake, or sea-level rise [100,101].
Their e{ciency stems from coarse spatial resolution and the use of global or hemispheric scales with annual
mean values, making them orders of magnitude faster than ESMs [102].

For emulating the climate, spatial explicit emulators are often coupled to SCMs output variables such as
GMT or radiative forcing (see Fig. 3).

MAPPING THE SPACE FROM WEATHER TO CLIMATE EMULATORS
Emulators can be designed for weather, climate, or the space between. Although we are primarily interested
in climate emulation, the rise of ML-based approaches has blurred the boundary between these tasks. Many
recent tools are explicitly framed as models for both weather and climate [17,18], and emerging foundation
models aim to unify weather and climate representations within a single framework [32,48,54].

Here, we seek to understand both the dizerences and the areas of overlap across existing emulators when
it comes to their skill in emulating the climate. To this end, we reviewed 76 studies on spatially explicit
emulation and grouped them into three categories: weather emulators, which focus on timescales of up to
roughly 15 days; hybrid weather–climate emulators, which perform well on weather tasks while maintaining
stability over climate timescales (10–1000 years) in idealized or historical settings; and climate emulators,
which prioritize }delity over climate timescales under anthropogenic forcing, particularly for future projection
tasks (Fig. 3 and Table 1). We organize the literature within each category with respect to their input–output
structure, their training and evaluation strategies, and their underlying methodological choices. Throughout
this section, the notation a/b reads “a out of b” (e.g., 8/9 reads “8 out of 9”).

WEATHER EMULATORS
Weather emulators are highly advanced deep-learning models that excel at short- to medium-range forecasting
by learning to advance the atmospheric state autoregressively. As such, they emulate processes rather than
outputs (Fig. 3, panel b). Building on the work of Weyn et al. [103], a suite of ML-based emulators—including
FourCastNet [40–42], Pangu-Weather [61], GraphCast [57], FuXi [47], DLWP-HPX [36], AIFS [24–26], GenCast [52],
and Aurora [32]—has rapidly emerged (see Supplementary Table S1). These models have already demonstrated
the ability to match or outperform traditional numerical weather prediction systems in terms of Root
Mean Square Error (RMSE), Anomaly Correlation Coe{cient (ACC), and probabilistic scores such as the
Continuous Ranked Probability Score (CRPS) when veri}ed against ERA5 reanalysis data. Much of this
progress has been driven by advances in ML and substantial investment from major industry actors such as
NVIDIA, Google, Microsoft, and Huawei. Among the reviewed approaches, FuXi [47] and AIFS [24–26] stand
out as the only models developed entirely within public research organisations.

Inputs and outputs All of the aforementioned approaches operate autoregressively, learning to advance
the weather state forward in time (Fig. 3, panel a). FourCastNet [40–42] and Pangu-Weather [61] perform a
}rst-order autoregression, while all other models employ second-order process. Weather emulators generally
exclude external forcing, or, when included, represent only }xed components such as topography [52] or
total incoming solar radiation (TISR) required to capture seasonal cycles [36]. Without non-stationary
external forcing, these emulators are suitable only for short- to medium-range forecasting (up to 10–15
days). Incorporating time-varying forcing, such as SST (e.g., Antonio et al. [53] adapted GenCast for seasonal
forecasting), shifts the emulator into the hybrid weather-climate world (Fig. 3 & 4).

Weather emulators produce global, gridded data on three-dimensional meshes (latitude, longitude, vertical
levels), focusing on high spatio-temporal resolution. Resolution varies, with Aurora [32] reaching the highest
horizontal resolution (0.1°×0.1° latitude-longitude) and Pangu-Weather [61] ozering the highest temporal
resolution (1-hourly). 5/8 emulator families operate on 0.25°×0.25° horizontal grids with 6-hourly resolution
(Supplementary Table S1). Outputs universally include temperature and geopotential, and all but one



Figure 3. Conceptual design of emulator frameworks. a, Weather prediction focuses on short
timescales dominated by internal dynamics, while climate emulators focus on long timescales where
thermodynamic changes play a major role. Weather is an initial condition problem, whereas climate is
primarily driven by boundary conditions. b, Conceptual dizerences among emulator types. Left: Weather
emulators use only prognostic variables (the current atmospheric state) and advance them autoregressively to
forecast the next state. Middle: Hybrid (AMIP-style) emulators retain this autoregressive structure but
incorporate time-varying external forcing, most commonly SST, enabling stable long-term integration. Right:
Climate (ESM) emulators rely mainly on external forcing (e.g., emissions, concentrations, or global climate
indicators) and typically generate output non-autoregressively, often separating the climate signal into
long-term mean response and internal variability. Weather and hybrid emulators are dominated by ML and
focus on dynamical processes, whereas ESM emulators are more statistical, focusing on long-term aggregated
outputs. The arrow illustrates the methodological trajectory from weather to climate emulators, emphasizing
the incorporation of external forcing and adjustments in testing strategies for long-term stability and
projection capability.

framework also ozer precipitation, wind, humidity, and sea-level pressure. In terms of design philosophy,
DLWP-HPX [36] stands out as the most lightweight approach with the least amount of variables at 1°×1°



latitude-longitude resolution.

Training and evaluation The performance of weather emulators is assessed through hindcasts: the models
are initialized with historical conditions and evaluated on their ability to reproduce the weather days ahead.
Consequently, training universally relies on the ERA5 [22] reanalysis dataset, with Aurora, designed as a
foundation model, being the only one that incorporates diverse data sources into pretraining [32] (Fig. 4 and
Supplementary Table S2). Regardless of the architecture, data splits are de}ned by calendar year (e.g.,
FourCastNet [40] uses 1979–2015 for training, 2016–2017 for validation, and 2018 onward for testing) to
ensure models are assessed on temporally unseen data. Notably, several weather emulators—including Pangu-
Weather [61], GraphCast [57], GenCast [52], and Aurora [32]—already outperform the ECMWF IFS HRES [104],
the gold standard in weather modelling, across multiple targets.

Methods Weather emulators are fundamentally deep-learning based and exclusively employ an autoregres-
sive design that mirrors the logic of numerical weather prediction. In this sense, weather models emulate the
(stochastic) dizerential equation that evolves the current weather state into the next, meaning the focus lies
on emulating a dynamical process rather than on emulating output distributions. Due to their high resolution
and deep architectures, these models require immense computational resources. For example, Pangu-Weather
has approximately 256 million parameters, and its training required resources equivalent to over 12,000
V100-equivalent GPU-days (about 64 days on 192 high-end GPUs) [61] (see Supplementary Section 2). This
vast parameter complexity and the associated training time are a key distinction from the computationally
lighter climate emulators. However, inference costs are low: Pangu-Weather takes 1.4 s on a single GPU to
generate a 24-h forecast, making it more than 10,000-times faster than the IFS numerical weather forecast.
The dominant architectures include Adaptive Fourier Neural Operators [40], Transformers [61], Graph Neural
Networks [57], and Dizusion models [42] (see Supplementary Table S1). Notably, dizusion-based models
(e.g., GenCast, FourCastNet3) enable native probabilistic sampling with explicit uncertainty representation,
marking a shift from deterministic architectures where ensembles must be generated via input perturbations,
often leading to spatial smoothing [57].

WEATHER–CLIMATE HYBRIDS
Hybrid emulators are autoregressive ML models designed to bridge weather and climate timescales by
incorporating external forcing, enabling long-term numerical stability while retaining the design of weather
emulators. Although comparable to weather emulators in computational complexity, they aim to remain
stable over much longer integrations. Examples of this emerging class include climaX [54], ACE [18,27,28],
neuralGCM [17], LUCIE [62,66], CAMulator [43], and cBottle [48] (see Supplementary Table S2). Development
ezorts are increasingly targeting fully coupled ML emulators that jointly represent the atmosphere and ocean,
exempli}ed by Ola [70], DLESyM [20], ACE2-SOM [19], [72].

Input and output Weather–climate hybrid emulators mirror the high spatio-temporal resolution and
autoregressive design of weather models, but crucially incorporate time-varying external forcing, 12/13
approaches rely on SST, enabling Atmospheric Model Intercomparision Project (AMIP)-style experiments
over extended timescales. Recent developments aim to expand their climate applicability by including
additional anthropogenic forcing, such as CO2 concentrations (e.g., ACE2 [18] or LUCIE-3D [66]) or gridded
emissions for historical projections (e.g., }ne-tuning of climaX [54]). Such developments ultimately move
approaches closer to the climate world (Fig. 4).

Like their weather counterparts, hybrid emulators typically operate on high-dimensional three-dimensional
grids with }ne spatio-temporal resolution, e.g., ACE operates on 1◦×1◦ horizontal resolution, and, apart from
one model, all ozer six-hourly temporal increments (see Supplementary Table S2). However, some approaches
like LUCIE-2D and LUCIE-3D adopt a lighter-weight setup with coarser (3.75◦ × 3.75◦) grids [62,66].

Training and evaluation Training datasets for hybrid emulators are highly mixed, utilizing either
reanalysis data (e.g., ERA5 for neuralGCM [17]) or direct outputs from physics-based models, ranging from
idealised runs with annually repeating conditions (e.g., ACE [27]) to historic simulations with realistic forcing
(e.g., ACE2 [18]). Validation strategies occupy a middle ground, primarily focusing on long-term stability under
annually repeating SST for hundreds to thousands of years [18,27,28,74] or under realistic historic forcings over
multi-decadal periods (10–80 years) [17,27] ( Fig. 3, panel b). Stability remains a primary bottleneck in hybrid
emulation; for instance, NeuralGCM achieved stability in only 60% of 40-year simulations [17], while the original



Figure 4. Data sources, design, and capabilities of weather, hybrid, and climate emulators. The
emulator space is organized from left to right: Weather emulators (left), Hybrid emulators (middle), and
Climate emulators (right). Data sources included during training (e.g., ERA5, CMIP future projections) are
organized vertically. Emulator names (or paper shortcuts) are highlighted in color, with colors indicating
whether an approach belongs to the machine-learning or statistical domain. The climate emulation space is
broken down into substructures: approaches that take external forcing as input are organized according to
how trend and variability are represented, and other approaches are categorized as either Scenario-Speci}c
Emulators or Emulator Extensions. Overall, the weather and hybrid space is highly consolidated with
well-de}ned and shared objectives, while the climate emulation space is methodologically and structurally
heterogeneous.

ACE model exhibited a persistent cold bias [27]. ACE2 [18] represents a signi}cant advancement, achieving
arbitrary stability over millennial timescales and partially mitigating this cold bias by incorporating CO2 as



an explicit forcing. However, while stable, ACE2 still struggles to produce a fully realistic climate sensitivity
to CO2 increases. These generalization gaps are further highlighted by CAMulator, which encountered
signi}cant performance degradation when tasked with extrapolating to out-of-distribution regimes, such as
+4K sea surface temperature (SST) shifts [43]. Consequently, challenges in maintaining stability and physical
consistency in the presence of historic forcing trends persist, and none of these hybrid models have yet been
evaluated in the context of future climate projections.

Methods Hybrid emulators generally build on the deep-learning methods used for weather emulators,
including Spherical Fourier Neural Operators [27], Neural Networks [17], and Transformers [43]. A key distinction
and technical challenge is the need to ensure long-term stability and physical consistency over climate timescales.
This is typically achieved in one of two ways: by incorporating dizerentiable solvers for partial dizerential
equations (e.g., using a physics-based dynamical core as in NeuralGCM [17]) alongside the ML components, or
by explicitly enforcing physics-based conservation laws during training [18,43]. This autoregressive, physics-
informed design facilitates the development of fully coupled ML-based ESMs (e.g., ACE2-SOM [19] and
DLESyM [20]), which are on the frontier of this domain.

CLIMATE EMULATORS
Climate emulators (or emulators of ESM outputs [13]) are typically non-autoregressive, statistical models
designed primarily for long-term projection tasks, prioritizing computational stability and }delity over climate
timescales under anthropogenic forcing (Fig. 3, panel b). Exceptions exist where statistical autoregression is
used to introduce temporal correlation into the residual variability e..g, [11], which is functionally distinct
from the state-dependent autoregression used by deep learning models to advance the full variable }eld.
In this sense, these models emulate statistical outputs rather than dynamical processes, making them
fundamentally distinct from weather or hybrid emulators as they are built to perform scenario experiments
(e.g., ScenarioMIP [99]). Well-established examples relying on statistical methods include FLDGEN [67,69],
MESMER [11,51,78], STITCHES [85], or METEOR [80]. Recently, ML emulators have started emerging, including
frameworks developed within ClimateBench [21], FairGP [63], and novel dizusion-based approaches [44]. Given
that this review included more than 40 climate emulators, we mention these approaches illustratively in the
main paper and provide a complete overview of reviewed approaches in Supplementary Section 1.3.

Input and output The climate emulator space is de}ned by high input heterogeneity—ranging from raw
emissions to gridded climatic variables—and highly constrained, low-dimensional outputs, typically limited to
less than three variables at annual resolution.

Regarding inputs, approaches fall into three broad categories (see Supplementary Table S3). The majority
(32/49) fall into Category 1: Direct Forcing, meaning they work oz external forcing, which itself widely varies,
from raw gridded emissions (e.g., Watson-Parris et al. [21]) to aggregate global climate indicators such as GMT
e.g., [11,85]. Moving toward aggregate inputs delegates complexities like carbon-cycle or radiative-transfer
uncertainties to an upstream SCM. The remaining approaches are either Category 2: Emulator Extensions
(8/49), which receive gridded inputs to enhance temporal resolution e.g., [31] or generate additional variables
e.g., [56], or Category 3: Scenario-Speci}c Tools (9/49), which do not rely on external forcing as the scenario
dependence is absorbed into the model formulation e.g., [30]. The latter tools are designed to extend the
ensembles sizes of a speci}c scenarios, for in}lling or as information compression tools.

Crucially, the output of spatially resolved emulators is limited to a small set of variables on two-dimensional
grids. More than half (28/49) approaches generate output for only a single variable. The outputs often
include temperature (40/49) or water-cycle variables such as precipitation (21/49). All reviewed climate
emulators operate on a two-dimensional grid (no vertical levels), usually with coarse 2.5°x2.5° or native ESM
resolution although higher resolution can be obtained using downscaling extensions. Furthermore, many
operate at annual or coarser resolution (24/49), and more than 1/4th of approaches (13/49) do not represent
natural variability.

Training and evaluation In contrast to weather and hybrid emulators, climate emulators are uniquely
trained and evaluated on modelled projections from CMIP protocols, such as historic and future runs from
the ScenarioMIP [99]. The 38 emulation approaches that do not fall within category 3 (scenario-speci}c tools),
are designed for scenario exploration, i.e., to explore scenarios other than the ones used for calibration, which
necessitates splitting data based on scenario rather than calendar year. Evaluation strategies span a wide



spectrum of rigor, ranging from in-sample testing (where the emulator is tested on data seen during training,
e.g., [79]) to more demanding tests of cross-scenario generalisability (where the emulator is tested on entirely
unseen forcing pathways) e.g., [49].

The most common test of generalizability is cross-scenario, in-range testing (17/38), meaning the emulator
is tested on an unseen scenario that remains within the calibration range seen during training. However,
the most conservative and rigorous tests are those that probe the limits of extrapolation: cross-scenario,
out-of-range (e.g., testing on higher warming not seen during training) or cross-scenario, structural (e.g.,
training on abrupt and testing on smooth emissions changes). Given this diversity, performance metrics
across emulators are not directly comparable and relate to dizerent levels of rigour. Notably, only Womack
et al. [105] explicitly evaluate emulator performance under temporary overshoot scenarios, highlighting an
important gap in the existing literature with respect to exploring plausible emission futures [7].

Methods The design philosophy of climate emulators re~ects a heritage in climate diagnostics focused
on stability and reliability over long timescales, resulting in a dominance of statistical methods over deep
learning architectures.

Emulators that rely on external forcing often assume the climate signal splits into a long-term trend
and internal variability (analogous to the partition in Eq. 1). Modelling the mean response is historically
dominated by pattern scaling [13,106]. While robust, pattern scaling cannot account for responses operating
on dizerent timescales, a limitation addressed by more complex impulse response formulations [71,91]. Other
approaches favour a middle ground, incorporating dizerent response timescales through diverse forcing [49]

or more complex dependencies [93]. ML ozers ~exibility for }tting the trend, but extrapolation risks are
large, and pattern scaling has been shown to outperform ML methods when training data is limited [107].
Consequently, ML-based models for the mean response remain rare (only two cases [21,63]).

For modelling variability, methods are also heavily statistical, and 12/31 scenario-exploration ap-
proaches do not model it at all. Those that do primarily rely on non-generative resampling (8/31) or
semi-parametric/parametric statistical methods (9/31). 3/31 approaches employ true ML for variability
estimation, including a dizusion model [44] that captures spatial correlations but lacks temporal memory.

The remaining categories employ methods tailored to their speci}c use: Scenario-Speci}c Emulators
(Category 3) use statistical time-series models with scenario-dependence absorbed into the coe{cients, while
Emulator Extensions (Category 2) represent the most frequent use of ML, with approaches like Dizusion
Models being applied for high-}delity spatial and temporal downscaling (4/7 cases).

SYNTHESIS
The weather and hybrid emulation space appears highly consolidated with well-de}ned objectives and
consistent evaluation practices. This space has rapidly evolved over the past }ve years in a top-down
fashion, where the overall goal de}nes the research agenda: to accurately emulate atmospheric dynamics
autoregressively and ensure numerical stability over extended rollout periods. In contrast, the climate
emulation landscape has evolved as a pragmatic response to data needs since the 1990s, with publication
volumes steadily increasing over the years. Consequently, the space has emerged in a bottom-up fashion, with
inhomogeneous training and evaluation standards, but with the consistent goal to provide robust projections
of the climate system’s statistical response to speci}c anthropogenic forcing scenarios.

Overall, the climate emulator space currently seems less azected by the broader AI revolution that has
profoundly azected the weather and hybrid worlds, resulting in low-dimensional output and a dominance
of statistical methods such as pattern scaling, resampling approaches, and parametric sampling strategies.
While the lines between weather and climate timescales have blurred, there remains a critical, untouched
boundary between emulators that are stable over climate timescales (hybrids) and true climate emulators
(projection-ready models): the former class has yet to be used for projection experiments in the presence of
strong external forcing, which is the de}ning task of climate modelling (Fig. 3, panel b). To do so, also nested
approaches coupling weather and climate emulators can be envisioned, similar to the coupling of SCMs and
climate emulators [108].



Table 2. A Roadmap for Climate Emulator Development. Mapping the landscape of emulated data across four primary applications and a
cross-cutting deployment layer. The table evaluates current operational status against technical requirements, identifying critical research priorities for
next-generation climate services.

Application Attribution Future Scenario
Exploration

Impact & Risk
Assessment

Coupled Decision
Modelling

Description Quantify ezects of speci}c
emissions/actors via
counterfactual pathways.

Explore climate outcomes
under novel, policy-relevant
scenarios.

Translate climate variables
into sectoral and regional
impacts.

Dynamically couple climate
with socio-economic models
(e.g., IAMs).

Requirements Historical interpolation;
physically consistent and
detectable response to small
perturbations.

Robust scenario extrapolation
(within and outside warming
ranges seen during training);
reliability under structural
shifts (e.g., overshoot).

High-resolution multivariate
outputs; joint consistency
across variables; coupling to
impact models or emulating
impacts directly.

Low-latency; stable feedback
loops; iterative compatibility.

Status Global SCMs routinely used
within attribution frameworks,
but spatial emulators are
underutilised although they
can meet the requirements.

Strong for standard transient
scenarios; weak for overshoot
and structurally novel
pathways.

Ezective for limited variables;
limited output space; weak
coupling to downstream
impact models; some
emulators focusing on impact
indicators exist.

Technically feasible (partially)
but not yet integrated into
operational IAM frameworks.

Action Enable observation-driven
emulation; benchmark against
established attribution
methods; develop standards
for applied and legal use.

Expand training sets to
overshoot and abrupt/
extreme emission changes;
stress-test out-of-distribution
performance.

Expand output space;
integrate with weather-model
advances; develop end-to-end
emulation.

Build prototypes of coupled
systems; analyse feedback
stability; develop uncertainty
handling in iterative
frameworks.

Cross-cutting Deployment, Ecosystem & On-demand Climate Services

Description Provide a robust operational software ecosystem and on-demand climate services to enable independent application of emulators
across applications and sectors.

Requirements Standardized APIs, high-quality documentation, modular architecture; low-latency, ~exible outputs; access without requiring local
HPC.

Status Fragmented tool space; most applications conducted by model developers; AI accessibility paradox persists (fast models ozer
limited outputs, complex models require heavy compute).

Action Develop hierarchical model ecosystems; foster independent application layers; expand compute access; standardize interfaces;
prioritize decision-relevant outputs; integrate platforms for on-demand use across stakeholders.



FROM LITERATURE TO ACTION: APPLICATIONS AND DEPLOYMENT
Emulators are tools complementary to ESMs, designed for contexts where scalable, probabilistic exploration
outweighs the need for full mechanistic }delity. By providing large ensembles across diverse forcings,
structural uncertainty and realizations of internal variability, emulators enable high-volume analysis that
is computationally infeasible with ESMs alone and enhance the agility of the climate modelling landscape.
Building on these capabilities, we identify key opportunities and challenges that we organise across two
dimensions: real-world applications (what emulators are and could be used for) and deployment layers (how
they can be integrated into work~ows).

In terms of applications, we focus on four key opportunities where climate emulators provide added
value: attribution, i.e., quantifying the ezects of speci}c emissions or actors through counterfactual pathways;
exploration of future scenarios, i.e., assessing climate outcomes under policy-relevant trajectories; impacts
and risk assessment, i.e., translating climatic variables into sectoral and regional consequences; and coupled
decision modelling, i.e., dynamically linking climate systems with socio-economic models, for example within
integrated assessment frameworks (Table 2).

In terms of deployment, we focus on turning emulators developed within research frameworks into
operational software ecosystems and on-demand climate services (Table 2).

APPLICATION: ATTRIBUTION
In the context of attribution, emulators add value by enabling the rapid exploration of diverse counterfactual
pathways that represent actor-speci}c emission trajectories. These datasets are increasingly used in legal
contexts to assess actor-speci}c liability for climate-related damages (e.g., liability of countries or carbon
majors) [109,110]. Furthermore, they play an expanding role in policy debates on climate }nance at both
national and international levels—particularly in discussions of who should bear the costs of damages from
extreme events [3,111,112]. This also has growing implications for the private sector, where investment decisions
are increasingly shaped by potential litigation risks.

For most attribution problems, the required data must accurately reproduce historical trends and provide
physically consistent, detectable responses to small perturbations within observed warming ranges. This
makes attribution a primary use case for emulated data. In particular, emulators could facilitate end-to-end
attribution frameworks, where speci}c emissions sources are directly linked to localized impacts within a single
computational framework spanning emissions, climate response, and impact modelling. Such an approach
would provide a uni}ed computational framework capable of serving the needs of diverse stakeholders. It
should be noted, however, that some attribution frameworks focus on attributing future warming [113], where
data requirements align more closely with those of future scenario exploration.

Status & Challenges While attribution studies using global [113,114] or spatially resolved [5,115] emulators
exist, standard approaches—particularly for Extreme Event Attribution [116]—rely primarily on data from
numerical climate models. Consequently, spatially resolved emulators appear underutilised in applied
attribution contexts, as well as in subsequent policy and legal analyses with [5] being the only attribution
study based on spatially explicit emulators. A primary challenge lies in the absence of standardised emulator-
based attribution protocols, similar to protocols for ESM data from [116] and a lack of observation-driven or
observation-constrained emulated ensembles as suggested in [117].

Research Agenda To bridge this gap, the community should actively include observational datasets
during emulator development and explore observation-driven emulation to reduce biases inherited from
numerical climate models. Crucially, the community needs to develop emulator-based attribution protocols
and standardised benchmarking protocols. In addition, emulators should be developed as modular climate
services. By providing stakeholders—including local governments, NGOs, and legal entities—with tools
to generate context-speci}c attribution data, the community can move toward a decentralized, end-to-end
attribution pipeline that better serves diverse stakeholder needs and reduces reliance on resource-intensive,
case-by-case scienti}c analysis for generating attribution data.

APPLICATION: FUTURE SCENARIO EXPLORATION
To explore climate outcomes under novel, policy-relevant scenarios, emulators must be able to reliably
extrapolate to unseen scenarios within and beyond their training domain and remain robust under structural
shifts, such as rapid changes in forcing or temperature overshoot pathways.



Status & Challenges At present, emulators face a notable extrapolation barrier when applied to new
scenarios [21,44]. Most are trained on a limited set of standard transient scenarios and are rarely validated
on structurally distinct pathways (see Figure S1), making it di{cult to assess their performance outside
the training domain. As a result, the boundaries of emulator }delity remain poorly understood. While
emulators are not expected to capture highly nonlinear regime shifts such as tipping points, they can—under
appropriate conditions-represent more complex dynamics, such as peak-and-decline scenarios [71,105]. This
depends on the availability of structurally similar training data and whether the explored warming ranges
remain within, or close to, those represented in the training set.

Research Agenda To address these limitations, the community should develop rigorous stress-testing
protocols for out-of-distribution scenarios and advance foundational research on training and evaluation
strategies for emulators. In particular, it remains an open question whether standard transient climate
simulations constitute the most suitable training data when generalisability is the primary objective.

APPLICATION: IMPACT & RISK ASSESSMENT
Impact and risk assessment requires translating climate variables into sectoral and regional consequences,
such as damages to infrastructure, agricultural productivity, or human health. In this context, emulators can
provide large ensembles of climate outcomes that serve as inputs to impact models, enabling probabilistic
risk analysis and exploration of adaptation strategies [6]. Beyond this, there is growing interest in directly
emulating impacts, bypassing intermediate climate variables to generate decision-relevant metrics [118].

To support coupling to impact models, emulators must generate multivariate, high-resolution outputs that
are physically consistent across variables and scales. This includes not only commonly emulated variables
such as temperature, but also precipitation, wind, soil moisture, and extremes, often at spatial and temporal
resolutions suitable for impact modelling [119]. Crucially, these variables must be jointly consistent, as many
impact models depend on their co-variability rather than on individual }elds in isolation.

Status & Challenges Current emulators remain limited in this regard. Most focus on a narrow set of
variables and operate at relatively coarse spatial resolution, which constrains their applicability for many
impact models. While downscaling methods exist e.g., [35,46], they are typically developed for outputs from
ESMs and may not be robust when applied to emulator-generated data with dizerent error structures [120].
As a result, there is a persistent mismatch between what emulators deliver and what impact assessment
frameworks require.

More fundamentally, the challenge lies in representing the joint distribution of multiple climate variables
in a physically consistent manner. Even when individual variables are emulated with reasonable accuracy,
inconsistencies in their co-variability can propagate through impact models and lead to unreliable risk
estimates. At the same time, developments in weather emulation and hybrid modelling are beginning to
produce high-resolution, multivariate outputs, but these approaches are not yet widely integrated into
climate-scale applications.

There are approaches to emulate impact indicators as opposed to variables [83,118,121]. However, approaches
target a limited set of impacts and the veri}cation of these results proves di{cult on account of a lack of
training and testing data [118].

Research Agenda Addressing these challenges requires a shift toward multivariate and high-resolution
emulation frameworks that explicitly account for dependencies across variables. This includes developing
methods to ensure joint physical consistency, as well as systematically evaluating emulator performance
in downstream impact models rather than in isolation. Closer integration with advances in weather and
hybrid modelling could help bridge current capability gaps, particularly in generating high-frequency and
spatially resolved data. In addition, generating impact datasets that allow to explore end-to-end approaches
that directly emulate impacts is an important next step, in particular for applications that do not require
intermediate climate variables.

APPLICATION: COUPLED DECISION MODELLING
Emulators also have the potential to act as lightweight, computationally e{cient climate components within
coupled decision-making frameworks, such as Integrated Assessment Models (IAMs) [122]. In these settings,
climate responses must be evaluated iteratively as part of a feedback loop, where decisions in~uence emissions,
emissions in~uence climate, and climate outcomes in turn azect subsequent decisions.



This application places distinct requirements on emulators. In addition to representing climate responses
accurately, they must operate with low latency, remain stable under repeated calls, and produce smooth
and consistent responses to changes in input trajectories. These properties are essential to ensure that
feedbacks between climate and decision systems do not introduce numerical instabilities or artefacts into the
optimisation process.

Status & Challenges While simpli}ed climate modules are already embedded in many IAM, spatially
resolved or multivariate emulation is typically not included. As a result, IAM miss to depict scenario-to-climate
linkages where, for example, changes in climatic conditions can lead to the degradation of arable land which
should in turn impact land-use policy and pricing mechanisms .

This gap re~ects both technical and structural challenges. From a technical perspective, the iterative
coupling of emulators and decision-models has not been studied yet, particularly with respect to stability and
the propagation of uncertainty. From a structural perspective, development of emulators and decision models
has largely proceeded in parallel, with limited integration between communities. This has led to a lack of
tools speci}cally designed for coupled applications.

Research Agenda Advancing this application requires the development of emulators tailored to iterative
coupling, with a focus on stability, smoothness, and computational e{ciency. Prototype systems that
integrate emulators into IAMs or related frameworks should be developed to assess feasibility and identify
practical bottlenecks. In parallel, methods for handling and propagating uncertainty in coupled systems
need to be established, ensuring that feedbacks do not amplify errors or produce misleading results. Finally,
closer collaboration between emulator developers and the IAM community will be essential to align model
capabilities with the requirements of decision-making frameworks and to enable the systematic integration of
climate dynamics into policy-relevant analyses.

CROSS-CUTTING: DEPLOYMENT, OPERATIONAL ECOSYSTEM AND ON-DEMAND CLIMATE
SERVICES
Across all application domains, a common limitation emerges: while many of the required capabilities
are increasingly within reach, their practical use remains constrained by the absence of an operational
software ecosystem. Fully exploiting the potential of climate emulators requires not only advances in model
development, but also the ability to deliver accessible, ~exible, and user-oriented climate information [123,124].

At present, emulator applications are rare and most are conducted within a closed development loop,
where the same groups that build models also apply them. As a result, tools are often tailored to research
work~ows rather than to the needs of external users, and independent application remains limited. This
restricts both the uptake of emulators in decision-making contexts and their validation under real-world
conditions. In practice, only a small number of platforms provide user-facing interfaces that allow non-experts
to explore climate outcomes e.g., [33,125].

Bridging this gap requires the development of a broader operational ecosystem around emulation. This
includes user-facing tools and APIs that enable on-demand access to climate information, standardized
interfaces and documentation to facilitate interoperability, and work~ows that translate emulator outputs into
decision-relevant quantities rather than raw model }elds. While such systems are envisioned [126], they are not
yet operational. At the same time, issues of computational accessibility must be addressed to avoid reinforcing
existing inequalities, as more advanced models increasingly rely on resource-intensive infrastructures.

Developing such an ecosystem would enable a shift from isolated, study-speci}c applications toward a
more decentralized and scalable use of climate emulators across policy, }nance, and adaptation contexts.
Without these structural advances, improvements in model capability alone are unlikely to translate into
broader real-world impact.

DISCUSSION
Our review formalises the climate-emulation task and reveals a central tension in how agility is currently
understood and pursued. Although the }eld has made rapid progress in computational speed, these gains
have not translated into broader ~exibility or application-readiness. This shortfall stems from a prevailing
design philosophy in which emulators are built to reproduce the full gridded output structure of ESMs. In
replicating the model rather than the user’s information needs, the }eld has tended to converge on a narrow



set of tasks (typically gridded temperature time series), with only a limited number of studies expanding
the objective or demonstrating concrete use-cases. As a result, agility is often con~ated with speed, even
though in practice it also involves the ability to generate context-appropriate outputs, integrate into diverse
applications, and remain adaptable to a wide range of users and institutions. Recognising and designing for
this broader notion of agility is essential if emulators are to evolve from fast surrogates into genuinely ~exible
and accessible interfaces for climate information.

At the same time, the deep methodological silos separating weather, hybrid, and climate emulators
re~ect contrasting interpretations of what, exactly, is being emulated. Weather and hybrid approaches focus
on process emulation, learning the underlying dynamical operator through complex, autoregressive deep-
learning architectures. Climate emulators, by contrast, emphasise statistical output emulation, approximating
conditional distributions using non-autoregressive, stability-oriented methods. This leaves a critical boundary
between the }elds: the leap from long-term numerical stability to reliable extrapolation under strong
anthropogenic forcing. Even the most advanced hybrid models have yet to demonstrate robustness for future
scenarios central to climate policy. Thus, while AI-based dynamics ozer promise for high-}delity climate-scale
simulations, their reliability under the conditions that matter most remains untested, underscoring the need
for rigorous, shared evaluation standards.

Layered on top of these conceptual and methodological divides is a structural challenge: the immense
computational cost and institutional concentration of state-of-the-art deep-learning tools. This creates an AI
Accessibility Paradox. The concentration of cutting-edge models within institutions with industrial-scale
HPC infrastructure risks undermining one of the core aspirations of climate emulation—democratizing access
to climate information. If the most capable models remain usable only by a small number of well-resourced
actors, computational equity erodes, and agility becomes a privilege rather than a shared bene}t. Addressing
this requires cultivating a hierarchy of emulators of varying complexity, and ensuring that insights from the
most sophisticated tools can be transferred, distilled, or approximated in forms accessible to the broader
research community.

Taken together, these patterns outline the key barriers to the future utility of climate emulators. Realizing
agility in a meaningful and holistic sense will require more than accelerating computation: it will demand output
~exibility aligned with user needs, methodological reliability across the full forcing spectrum, and equitable
access to tools and development pathways. Achieving this will depend on community-wide commitments to
clear task de}nitions, transparent and application-relevant benchmarks, and cross-domain methodological
integration. With these foundations in place, emulators can transition from computational shortcuts to
indispensable, democratizing interfaces between complex climate dynamics and real-world decision-making.

METHODS
This paper is informed by a literature review on regional emulation approaches. On September 30th 2025, we
conducted a Scopus search for studies containing any of the terms “surrogat*,” “emulat*,” or “stochastic
gen*” in combination with either “earth system model” or “climate model.” The exact search string was:

(TITLE-ABS-KEY((emulat* OR surrogat* OR "stochastic generat*")
AND ("earth system model" OR "earth-system model" OR "climate model"))
AND PUBYEAR > 2010).

The search yielded 784 studies. Titles and abstracts were subsequently screened using the ASReview
(Automated Systematic Review) tool, which ranks papers by estimated relevance using ML and iteratively
updates this ranking based on user feedback [127,128]. Screening was terminated after the algorithm identi}ed
20 consecutive papers as irrelevant. This process resulted in 84 potentially relevant studies, all of which were
reviewed in depth.

During full-text review, several studies were excluded as out of scope and we narrowed the time horizon to
the past decade. It also became evident that the distinction between weather, hybrid weather–climate, and
climate emulation has increasingly blurred. Because the original search strategy did not explicitly capture
the weather or hybrid domains, we complemented it by screening references cited in the initially identi}ed
ML studies, as well as in recently published deep learning emulators (e.g., AURORA, FourCastNet, and
ACE). After this additional step, we identi}ed 76 relevant studies. From these, we extracted information
on output variables and their dimensionality, the number of jointly emulated outputs, temporal and spatial



resolution, domain coverage, whether natural variability was modelled generatively, dependence on external
forcing, approaches for modelling trends and variability, the ability to represent overshoots, whether variability
depends on forcing, and the datasets used for training, testing, and validation.
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Supplementary for “A review of spatially
explicit Earth System Model emulators”
1 OVERVIEW OF REVIEWED LITERATURE
In this section, we provide additional information on the reviewed literature within the weather,
weather–climate hybrid and climate domain that complements information provided in the main manuscript.

1.1 WEATHER EMULATORS
The weather-emulator domain is well-consolidated, with a shared objective across studies: to emulate
atmospheric dynamics autoregressively with high }delity and long-term numerical stability. With the
exception of recent extensions to GenCast (GenCast-forced [53]), these models operate exclusively
autoregressive—no external forcing is prescribed—and, aside from Aurora [32], which is conceived as a
foundation model, training and evaluation relies on reanalysis data (mostly ERA5 [22]).
This strong consensus in task de}nition and data use made it straightforward to organise the literature into a
common structure (Table S1). In total, the review included 13 individual publications across 8 emulator
families.

1.2 HYBRID WEATHER-CLIMATE EMULATORS
Hybrid weather–climate emulators share the key architectural features with weather emulators, but dizer in
one central respect: they rely on external forcing—most commonly SST—to maintain stability over extended
timescales. The depict climatic aspect to varying degrees, with LUCIE-2D/3D [62,66] re~ecting a step towards
the climate-emulation domain, as it can be forced solely with CO2 concentrations, and follows a relatively
lightweight design. We summarize the 14 studies that fall within 11 emulator families in Table S2.
Because external forcing is incorporated directly, hybrid models exhibit substantially more diverse training
and evaluation strategies (Table S2). Many are trained on reanalysis data such as ERA5 (e.g., neuralGCM [36];
LUCIE-2D/3D [62,66]; DLESyM [20]), whereas others are trained on outputs from physics-based
models—either idealised annually repeating experiments (e.g., ACE [27,28]) or historically forced simulations
(e.g., CAMulator [43]; ACE2 [18]). Foundation-model strategies are beginning to emerge in this domain as well:
cBottle [48] and climaX [54] are pretrained on combinations of reanalysis and model-simulated data and
subsequently }ne-tuned for downstream tasks—mirroring the design philosophy underpinning Aurora.
Validation practices occupy a middle ground between weather and climate emulation. Some frameworks test
climate stability under annually repeating SST for hundreds to thousands of years [18,27,28,74], whereas others
examine stability under realistic historical SST forcing across decadal to multi-decadal periods (10–80
years) [17,27]. Stability remains a central challenge: neuralGCM achieved stability in only 22 of 37 runs over a
40-year period with realistic forcing [17]; ACE exhibits a strong cold bias [27], partially mitigated by
introducing CO2 forcing; CAMulator shows di{culties under SST perturbations up to +4K [43]. Training
and evaluation over longer, climate-relevant periods—such as LUCIE-3D’s 40-year historical CO2-forced
experiment—represent important steps toward true climate-scale emulation.
In summary, hybrid weather–climate emulators face two overarching challenges: maintaining stability over
climate timescales and accurately reproducing historical climate trends. Notably, none of the reviewed
models has yet been evaluated under future projection scenarios.



Supplementary Table S1. Weather emulators. Columns: Key feature of hybrid emulators, rows: reviewed models. AR-x indicates the order of the
autoregressive process. List of example variables is non-exhaustive. TISR = total incoming solar radiation.

Reference Name Architecture Spatial res-
olution (°)

Tem-
poral
resolu-
tion (h)

Example variables
(non-exhaustive)

Training data and setting

Pathak et al. [40],
Kurth et al. [41],
Bonev et al. [42]

FourCastNet AR-1; Adaptive
Fourier Neu-
ral Operator
(AFNO); Vision
Transformer
(ViT) backbone
utilizing mixing
in the spectral
domain. (v3
incorporates
a generative
Dizusion-based
decoder and pre-
scribed forcing).

0.25x0.25, at
up to 5 levels

6 Temperature, precipi-
tation, wind, speci}c
humidity, geopotential,
mean sea-level pressure

ERA5; training: 1979-2015, validation:
2016, 2017, testing: 2018-end

Bi et al. [61] Pangu-
Weather

AR-1; 3D Vision
Transformer
(3D-ViT);
Employs Earth-
speci}c hierar-
chical shifting
windows and
a specialized
3D-absolute-
positional
encoding.

0.25x0.25, at
up to 13 lev-
els

1, 3, 6, 24 Temperature, precipi-
tation, wind, speci}c
humidity, geopotential,
mean sea-level pressure

ERA5; training: 1979-2017, validation:
2019, testing: 2018



Lam et al. [57] GraphCast AR-2; Graph
Neural Network
(GNN); Multi-
mesh Encoder-
Processer-
Decoder ar-
chitecture
using a deep
message-passing
processor on an
icosahedral grid.

0.25x0.25, at
up to 37 lev-
els

6 Temperature, precipi-
tation, wind, speci}c
humidity, geopotential,
mean sea-level pressure

ERA5; training: 1979-2015, valida-
tion: 2015, 2016, testing: froze protocol
and retrained 4 variants of models on
1979-2017/2018/2019/2020 and tested
on 2017/2018/2019/2020-2021, respec-
tively

Chen et al. [47] FuXi AR-2; U-
Transformer;
Cascaded archi-
tecture combin-
ing U-Net styled
downsampling
with Vision
Transformer
blocks.

0.25x0.25, at
up to 13 lev-
els

6 Temperature, precipi-
tation, wind, speci}c
humidity, geopotential,
mean sea-level pressure

ERA5; training: 1979-2015, validation:
2016, 2017, testing: 2018

Karlbauer
et al. [36]

DLWP-HPX AR-2; Convo-
lutional Neural
Networks; Op-
erates on a
cubed-sphere
HEALPix
(HPX) grid with
multi-step loss
functions and
TISR condition-
ing.

HPX64
(1°x1°), no
real vertical
layers

3 Temperature, geopo-
tential (only 6 variables
in total)

ERA5; training: 1979-2012, validation:
2013-2016, testing: 2017-2018



Lang et al. [24],
Moldovan
et al. [25], Lang
et al. [26]

AIFS, AIFS-
CRPS

AR-2;
Transformer-
based Graph
Neural Net-
works; includes
stationary
forcing; AIFS-
CRPS relies on
CRPS-based
loss function
for ensemble
forecasting

0.25x0.25, at
up to 13 ver-
tical levels

6 Temperature, geopo-
tential, humidity, wind,
mean sea-level pressure,
precipitation

pre-training: ERA5 (training: 1979-
2020, validation/test: n/a, but has been
running four times daily since Octo-
ber 2023); }ne-tuning: operational IFS
NWP

Price et al. [52]

(Antonio
et al. [53] for
an extension
with forcing)

GenCast
(GenCast-
forced/
-prescribed)

AR-2; Con-
ditional Dif-
fusion Model;
Probabilistic
generative archi-
tecture utilizing
a latent-space
dizusion process
to produce high-
}delity ensemble
forecasts.

0.25x0.25, at
up to 13 lev-
els

12 Temperature, precipi-
tation, wind, speci}c
humidity, geopotential,
mean sea-level pressure

ERA5; training: 1979-2017, validation:
2018, testing: froze protocol, retrained
on 1979-2018 and tested on 2019

Bodnar et al. [32] Aurora AR-2; Foun-
dation Trans-
former; Large-
scale 3D
Perceiver-like
architecture
pre-trained on
diverse datasets
with ~exible
multi-resolution
tokenization.

0.1x0.1, at
up to 13
levels

6 Temperature, precipi-
tation, wind, speci}c
humidity, geopotential,
mean sea-level pressure

e.g., ERA5, MERRA-2 and historic
model simulations plus additional
datasets during }ne-tuning; validation
during pre-training: 2020, testing: 2022
and 2023



Supplementary Table S2. Hybrid weather-climate emulators. Columns: Key feature of hybrid emulators, rows: reviewed models. AR-x indicates
the order of the autoregressive process. List of example variables is non-exhaustive. Whenever information is omitted, we could not }nd it in the
reference.

Reference Name Forcing Backbone Spatial res-
olution (°)

Tem-
poral
resolu-
tion (h)

Example variables
(non-exhaustive)

Training and evaluation

Kochkov
et al. [17]

neuralGCM SST, sea-ice
concentra-
tion

AR-1; Hybrid
dizerentiable
solver; Spectral
transform dy-
namical core
integrated with
learned ML-
based physics
parametrisa-
tions.

up to 0.7x0.7,
at up to 32
levels

6 Temperature, wind,
surface pressure, spe-
ci}c humidity

ERA5; training: 1979-2017, valida-
tion: 2018, testing: retrained from
1979-2019 and tested on 2020; ver-
sion of model testing extrapolation
to warmer weathers (train: 1979-
2000; test: 2001-2022)

Watt-Meyer
et al. [27],
Duncan
et al. [28]

ACE SST AR-1; Spher-
ical Fourier
Neural Oper-
ator (SFNO);
Spectral con-
volutions with
cyclic/polar re-
~ection padding
and physical
conservation
constraints.

1x1, at up to
7 resp. 8 lev-
els

6 Temperature, wind,
surface pressure,
speci}c total water,
precipitation

Modelled data (FV3GFS) with an-
nually repeating climatological SST
and }xed GHG and aerosol concen-
trations (1982-2012 average), 11 en-
semble members over 10 years; train-
ing: 10 ensemble members, valida-
tion: remaining ensemble member,
testing: forcing with realistic SST
over 1990-2020; adjusted to emulate
another model (EAMv2) with annu-
ally repeating climatologies of SST
and sea-ice (2005-2014 average), 62-
years of data (after spin-up); train-
ing: }rst 41 years, validation: next
10 years, testing: last 10 year



Cachay
et al. [74]

Spherical
Dyzusion
(S-Dyzusion)

Skin temper-
ature of open
ocean (simi-
lar to forcing
with SST)

AR-1; Proba-
bilistic dizusion
model; U-Net
backbone utiliz-
ing score-based
generative mod-
eling optimized
for spherical
geometry.

1x1, at up to
8 vertical lev-
els

6 Temperature, wind, at-
mospheric pressure at
surface, speci}c total
water

Modelled data (FV3GFS) with an-
nually repeating climatological SST
and }xed GHG and aerosol concen-
trations (1982-2012 average), 11 en-
semble members over 10 years; train-
ing: 10 ensemble members, valida-
tion: remaining ensemble member
(same set-up as ACE); tested against
existing emulators (e.g., ACE)

Watt-Meyer
et al. [18]

ACE2 SST, global
mean CO2

concentra-
tion

AR-1; Opti-
mized SFNO;
Derived from
ACE with en-
hanced spectral
}ltering for
multi-decadal
climate stability.

1x1, at up to
8 levels

6 Temperature, wind,
surface pressure,
speci}c total water,
precipitation

ERA5 (training: 1940-1995,2011-
2019,1021-2022; validation: 1996-
2000, testing: 2001-2010,2020) and
modelled data from SHiELD with
historic forcings (training: 1940-
1995,2011-2021, validation: 1996-
2000, testing: 2001-2010);

Chapman
et al. [43]

CAMulator SST AR-1; WX-
Former (Hi-
erarchical
CrossFormer);
Multi-scale
embedding with
long-short dis-
tance attention
and hard-coded
mass-energy
conservation
constraints.

0.9x1.25, at
up to 32 lev-
els

6 Temperature, wind,
surface pressure,
speci}c total water,
precipitation

CAM6 with observed historic forcing,
training: 1979-2010, validation: 200,
testing: 2012-2014; testing included
biased SST forcing (+2 K and +4 K)

Guan
et al. [62]

LUCIE-2D TISR 1 AR-1; Spherical
Neural Operator
(SNO); Direct
spectral-domain
convolutions
via Spherical
Harmonic Trans-
forms (SHT) to
eliminate polar
singularities.

3.75 x 3.75,
at up to 8
levels (al-
though only
data from 3
was used)

6 Temperature, wind, hu-
midity, surface pressure

ERA5; trained over 10 years and
tested on 40 years, however, exact
train-test splits not provided



Guan
et al. [66]

LUCIE-3D CO2 concen-
tration, SST
(optional)

AR-1; 3D-SNO;
Extension of
LUCIE-2D
incorporating
vertical cross-
attention and
zonal-mean
spectral condi-
tioning.

3.75 x 3.75,
at up to 8
levels (al-
though only
data from 3
was used)

6 Temperature, wind, hu-
midity, surface pres-
sure, total precipitation

ERA5; trained on 30 years of ERA5
reanalysis, no other details provided;
testing included biased SST forcing
(+2 K and +4 K)

Nguyen
et al. [54]

climaX CO2 con-
centration,
SST (task-
dependent);
}ne-tuned
version uses
gridded
GHG and
aerosol emis-
sions

AR-1/Direct;
Foundation
Vision Trans-
former (ViT);
Cross-variable
attention mech-
anism with
randomized
tokenization for
multi-source
data ingestion.

up to 1.4x1.4,
at up to 7 lev-
els

6 Temperature, wind,
surface pressure,
speci}c total water,
precipitation

CMIP6 (pre-training), ERA5 (}ne-
tuning); e.g., for ERA5 training:
1979-2015, validation: 2016, testing:
2017, 2018

Brenowitz
et al. [48]

cBottle SST Non-AR; Latent
Dizusion Model;
Generative foun-
dation model
using Vector
Quantized-
Variational
Autoencoder
and Dizusion
Transformers
for direct atmo-
spheric state
sampling.

5km
(HEALPix
grid, 12.5M
pixels), up to
90 levels

N/A
directly
samples
states,
but
trained
on hourly
data

Temperature, wind,
surface pressure,
speci}c total water,
precipitation, cloud
variables

ICON-Sapphire global 5km simula-
tion output (training: 2020-2024, val-
idation: 2024-2025), ERA5 reanaly-
sis (training: 1980-2017, validation:
2018)

1TISR provides information on diurnal and seasonal cycles but does not contain climate-change signals. LUCIE-2D is ezectively a weather emulator; we list it as hybrid
mainly because of the LUCIE-3D extension. Other models also incorporate TISR, but we omit listing it when other forcing is present.



Wang
et al. [70]

Ola SST (at-
mosphere
compo-
nent); winds,
pressure,
tempera-
ture (ocean
component);
no external
forcings

AR-1; Dual-
branch SFNO;
Coupled air-sea
architecture
utilizing la-
tent feature-
exchange layers
for interface
coupling.

0.25x0.25, 24 (atmo-
sphere),
48
(ocean/
coupling)

Temperature, wind,
mean sea-level pres-
sure, SST

ERA5 (atmosphere), training: 1980-
2016, validation: few samples from
2017, testing: 2017 onwards; UFS
replay (ocean), training: 1994-
2016, testing: 2017 onwards UFS
replay dataset (primary training)
and ERA5 (ground truth); training:
1994-2016, testing: 2017 onwards

Cresswell-
Clay
et al. [20]

DLESyM SST (at-
mosphere
component),
radiation
and wind
variables
(ocean com-
ponent);
only run in
equilibrium
settings
(no anthor-
pogenic
signal)

AR-1; Coupled
Neural Network;
Separate at-
mosphere and
ocean branches
(see [36]) using
Residual/Feed-
Forward net-
works coupled
via exchange
~uxes.

1x1, at at se-
lected levels

6 (atmo-
sphere);
48
(ocean/-
coupling)

Temperature, precipi-
tation, wind, speci}c
humidity, geopotential,
mean sea-level pressure

Atmosphere model as in [36]; ERA5
and Satellite data

Clark
et al. [19]

ACE2-SOM Global mean
CO2 concen-
tration

AR-1; Physical-
ML hybrid;
ML-based atmo-
sphere (ACE2)
coupled to a 1D
numerical Slab
Ocean Model
via surface ~ux
exchange.

≈ 1◦ × 1◦, at
up to 8 levels

6 Temperature, wind,
surface pressure,
speci}c total water,
precipitation, SST

Modelled data (GFDL SHIELD-
SOM); trained on 50 years each of
1×, 2×, and 4×CO2 equilibrium cli-
mates; tested on unseen 3×CO2 and
non-equilibrium change scenarios.



Duncan
et al. [72]

SamudrACE global mean
CO2 con-
centration
(atmosphere
component
forced with
SST; ocean
component
forced with
atmosphere
~uxes, e.g.,
wind stress
or surface
heat)

AR-1; Deep ML-
ML coupling;
ACE2 cou-
pled to Samu-
dra oceanic
SFNO via
high-frequency
state-vector
synchronization.

≈ 1◦ × 1◦, at
up to 8 atmo-
spheric and
19 oceanic
vertical levels

6 (atmo-
sphere);
120
(ocean/
coupling)

Temperature, wind
stress, precipitation,
surface ~uxes, poten-
tial temperature, sea
surface height, sea-ice
concentration

Modelled data (GFDL CM4 coupled
global climate model); components
are }rst trained o|ine and then
}netuned during coupling; training:
150 years of the CM4 pre-industrial
control run (CM4-PiControl), vali-
dation: 40-year segment from the
same CM4-piControl run (yearss 161-
1200), testing: unseen transient cli-
mate change scenarios, including 45-
year 1pctCO2 run and a 200-year
abrupt4xCO2 run.



1.3 CLIMATE EMULATORS
Climate emulators are computational tools designed to approximate the output of fully coupled ESMs at
lower cost. They dizer in design objectives, input–output con}gurations, and methodological approaches. We
group the reviewed emulators into three categories (Table S3): }rst, ScenarioMIP-style emulators which are
designed to extrapolate to scenarios beyond the training ones (32 papers); second, emulator extensions,
which enhance existing frameworks by adding variables or increasing spatio-temporal resolution (8 papers);
and third, scenario-speci}c emulators, which generate data for prede}ned scenarios, often focusing on
variability or data compression (9 approaches).
Input and Output Inputs to climate emulators are heterogeneous, ranging from global aggregates to fully
gridded }elds. Among ScenarioMIP-style emulators, ClimateBench [21] employs the most comprehensive
input representation, using spatially resolved GHG and aerosol emissions allowing to potentially capture
localized ezects such as air pollution. Other approaches rely on global emissions (4/32), concentrations
(2/32), or radiative forcing (3/32), though the dominant strategy is to use global climate indicators (22/32),
such as GMT. When concentrations, radiative forcing, or global indicators are used, the emulator is typically
coupled to an SCM to generate these inputs. This re~ects a progressive outsourcing of physical complexity,
whereby processes such as carbon cycle feedbacks and radiative transfer are handled by SCMs rather than
the emulator itself. Emulator extensions, which aim to increase output dimensionality or resolution, generally
take gridded climate }elds as inputs—for example, spatially resolved temperature [31,51,65,129]. In contrast,
scenario-speci}c emulators typically operate without explicit external forcing, instead encoding scenario
dependence directly within model structure or parameters (e.g., [30,55]). Table S4 summarizes the eight input
types identi}ed in the literature.
Outputs are usually limited to a small set of climate variables, most commonly temperature (40/49) and
precipitation (20/49). Joint generative modelling remains uncommon: only six approaches produce multiple
variables simultaneously, each with distinct trade-ozs. For example, STITCHES [85] can generate an arbitrary
number of variables but is non-generative and requires extensive training data, whereas MESMER-M-TP [56]

generates only two variables but operates with a single training trajectory. Temporal resolutions range from
hourly to annual, with 24/49 emulators operating at annual or coarser scales; none explicitly resolve vertical
structure. Natural variability is frequently omitted (13/49) or incorporated in a non-generative manner
(12/46), with only a limited subset of models producing fully generative variability.
A detailed overview of input–output characteristics across all reviewed emulators is provided in Table S5.
Training and Evaluation Training and evaluation strategies depend on the emulation objective.
ScenarioMIP-style emulators typically partition data across scenarios to assess generalisation to unseen
forcings, whereas scenario-speci}c emulators split along ensemble members to evaluate the representation of
within-scenario variability. Table S6 de}nes }ve common data-splitting strategies identi}ed in the literature,
ranging from in-sample validation (training and testing on the same data) to structurally distinct
cross-scenario setups—for example, training on scenarios with abrupt emissions changes and testing on
scenarios with transient forcing pathways (called cross-scenario, structural). Figure S1 summarises the
distribution of emulators across these strategies. From the 37 studies that explicitly list their training
procedure, most (17/37) employ cross-scenario, in-range evaluations (i.e., testing on unseen scenarios within
warming ranges seen during training), followed by within-scenario splits (9/37) (i.e., testing on unseen
ensemble members for a scenario seen during training).
Reported performance is strongly conditioned on the chosen validation setup. In-sample evaluations tend to
yield optimistic estimates, whereas out-of-range and structurally distinct tests provide more conservative and
informative assessments of generalisation. In addition, the number and diversity of scenarios and ensemble
members used during training can materially in~uence emulator performance.
Validation targets vary with the intended application and may include grid-cell distributions, spatial
covariance structures, extremes, or spectral characteristics (e.g., for energy system or agricultural impact
assessments). Overall, there is no standardised framework for training, data partitioning, or validation of
climate emulators.
Methods Climate emulators originate from early pattern-scaling techniques developed in the 1990s to
approximate global-to-local climate responses [106], and have since evolved into more sophisticated
frameworks. Methodological approaches can be broadly decomposed into representations of the forced
response (trend) and internal variability, as summarised in Table S7.



Classical statistical methods remain dominant (39/49), while machine learning (ML) approaches (10/49) are
still comparatively limited in scope and capability. Current ML applications are primarily used as extensions
to existing frameworks—for example, in downscaling tasks [31,35,39,46]. In ScenarioMIP-style settings,
ML-based approaches often struggle to capture variability [21], or are applied as generative corrections to
pattern-scaled inputs [44].
As a result, fully generative ML-based climate emulators remain underdeveloped, representing a key area for
methodological advancement.

Supplementary Table S3. Categories of climate emulators. The table lists three common types of
climate emulators.

Categories
ScenarioMIP-stlye
emulators

Designed to extrapolate to new scenarios, normally outside of the scenarios
used for training; e.g., [11,85].

Emulator extensions Designed to extend existing approaches to represent additional variables, or
enhance spatio-temporal resolution of the output; e.g., [31,56,65]

Scenario-speci}c emu-
lators

Designed to generate data for a pre-de}ned scenario, useful for data com-
pression or in}lling when training data for a speci}c scenario is available,
sometimes these approaches approximate only internal variability after re-
moving external forcing; e.g., [30,34,55].

Supplementary Table S4. Inputs of climate emulators. The table lists eight common types of input used
for emulator development.

Inputs
Emissions-based Prescribe emissions (e.g., carbon dioxide, methane, aerosols). Most directly

linked to human activity and emulate the full response chain (e.g., [21,71]).
Concentration-based Condition on concentrations (e.g., carbon dioxide). Skip carbon cycle dy-

namics (e.g., [93]).
Radiative-forcing-
based

Prescribe ezective radiative forcing, skipping chemistry and energy balance
steps (e.g., [91]).

Global-climate-based Use large-scale states such as GMT or ocean heat uptake. Common in
pattern scaling and related methods, connecting global to regional properties
(e.g., [11,77,85,130]).

Regional-climate-
based

Use gridded inputs to generate additional gridded outputs (e.g., precipitation
from temperature) or to downscale coarse variables to higher resolution
(e.g., [31,51,65? ]).

Mixed Combine multiple drivers (e.g., carbon dioxide concentrations, solar irradi-
ance, and GMT) to capture dizerent response timescales (e.g., [49]).

Other Capture drivers outside the usual emissions-centric framing (e.g., tree cover
changes [131]).

None Any emulator that does not require external forcing, such as all scenario-
speci}c designs (e.g., [30,55])



Supplementary Table S5. Inputs and outputs of the reviewed climate emulators. Columns: Key features of each climate emulator. The
“Design category” column follows the de}nitions in Table S3, and the “Forcing category” column follows Table S4. The “Natural variability” column
indicates whether natural variability is represented and, if so, whether it is modelled in a generative or non-generative manner. In the “# Variables
(jointly)” column, the }rst value denotes the number of variables with which the approach has been demonstrated, while the value in parentheses
indicates the number of variables that can be generated jointly. The “Temporal resolution” column reports the highest temporal resolution stated in
the respective paper (e.g., if both annual and monthly data are produced, only the monthly resolution is listed).

Name Design cate-
gory

Forcing cate-
gory

Natural variability,
generative

# Variables (jointly) Temporal res-
olution

Goodwin et al. [90] WASP–LGRTC-
1.0 (WASP-TC)

Scenario ex-
ploration

GC no 1 (1) annual

Kravitz and Snyder [81] PEEPS Scenario ex-
ploration

GC no 3 (1) monthly

Estrada et al. [33] AIRCC-Clim Scenario ex-
ploration

GC no 2 (1) monthly

Thomas and Lin [89] TM-18 Scenario ex-
ploration

GC no 1 (1) multi-year
average

Byers et al. [83] RIME Scenario ex-
ploration

GC no at least 10 (1) annual

Xu and Lin [92] XU-17 Scenario ex-
ploration

GC no 3 (1) annual

Cao et al. [49] CAO-15 Scenario ex-
ploration

mixed no 6 (1) annual

Sandstad et al. [80] METEOR Scenario ex-
ploration

emission no 2 (1) annual

Womack et al. [91] WMK-25 Scenario ex-
ploration

radiative no 1 (1) annual

Freese et al. [71] FRS-24 Scenario ex-
ploration

emission no 1 (1) annual

Watson-Parris et al. [21] ClimateBench Scenario ex-
ploration

emission
(gridded)

multiple ap-
proaches, some
include generative
variability

4 (1) annual

Tebaldi and Knutti [86] TBD-18 Scenario ex-
ploration

GC multiple ap-
proaches, some
include non-
generative vari-
ability

2 (1) annaul



Tebaldi et al. [87] TBD-20 Scenario ex-
ploration

GC multiple ap-
proaches, some
include non-
generative vari-
ability

at least 10 (1) annual

Herger et al. [73] HG-15 Scenario ex-
ploration

GC multiple ap-
proaches, some
include non-
generative vari-
ability

1 (1) any

Mathison et al. [82] PRIME Scenario ex-
ploration

GC non-generative 8 (1) monthly

Osborn et al. [58] ClimGen Scenario ex-
ploration

GC non-generative 1 (1) monthly

Tebaldi et al. [85] STITCHES Scenario ex-
ploration

GC non-generative any number jointly, but
only tested on 2 (2)

daily

Alexeez et al. [37] ALE-18 Scenario ex-
ploration

GC non-generative 1 (1) seasonal

Link et al. [67] FLDGEN1.0 Scenario ex-
ploration

GC pseudo-generative 1 (1) annual

Snyder et al. [69] FLDGEN2.0 Scenario ex-
ploration

GC pseudo-generative 2 (2) annual

Yuan et al. [93] YA-21 Scenario ex-
ploration

concentra-
tion

pseudo-generative 1 (1) annual

Song et al. [84] SG-24 Scenario ex-
ploration

radiative yes 1 (1) daily

Beusch et al. [11] MESMER Scenario ex-
ploration

GC yes 1 (1) annual

Beusch et al. [77] MESMER Scenario ex-
ploration

GC yes 1 (1) annual

Quilcaille et al. [78] MESMER-X Scenario ex-
ploration

GC yes 1 (1) annual

Quilcaille et al. [79] MESMER-X Scenario ex-
ploration

GC yes 4 (1) annual

Bouabid et al. [44] BAB-2025 Scenario ex-
ploration

GC yes 4 (4) monthly

Bouabid et al. [63] FairGP Scenario ex-
ploration

emission yes 1 (1) annual



Kemsley et al. [75] KL-24 Scenario ex-
ploration

GC yes 1 (1) daily

Abdulah et al. [29] ADL-24 Scenario ex-
ploration

radiative yes 1 (1) hourly

Tran et al. [88] TN-16 Scenario ex-
ploration

concentra-
tion

no, but includes
90% of variability
deterministically

1 (1) annual

Nath et al. [76] MERCURY Scenario ex-
ploration

GC yes 2 (2) monthly

Jeong et al. [50] JG-18 Scenario spe-
ci}c

none yes 1 (1) annual

Jeong et al. [55] JG-19 Scenario spe-
ci}c

none yes 1 (1) monthly

Groth and Chavez [45] GT-24 Scenario spe-
ci}c

none models some of the
variability

1 (1) monthly

Edwards et al. [30] EW-19 Scenario spe-
ci}c

none yes 3 (3) annual

Fuglstad and Castruc-
cio [34]

FS-20 Scenario spe-
ci}c

none yes 1 (1) monthly

Guinness and Hammer-
ling [38]

GN-18 Scenario spe-
ci}c

none yes 1 (1) single
timestep

Weber et al. [68] WB-20 Scenario spe-
ci}c

none no 1 (1) monthly

Mészáros et al. [64] MZ-21 Scenario spe-
ci}c

none no 1 (1) daily

Maimone et al. [59] MM-19 Scenario spe-
ci}c

none yes 1 (1) daily

Schöngart et al. [56] MESMER-M-
TP

Extension
(variable)

RC yes 2 (2) monthly

Liu et al. [65] PrEmu Extension
(variable)

RC models some of the
variability determin-
istically

2 (2) monthly

Nath et al. [51] MESMER-M Extension
(temporal
resolution)

RC yes 1 (1) monthly

Bassetti et al. [31] DizESM Extension
(temporal
resolution)

RC yes 2 (1) daily



Doury et al. [35] DR-23 Extension
(spatial reso-
lution)

RC, concen-
tration

non-generative 1 (1) daily

Doury et al. [39] DR-24 Extension
(spatial reso-
lution)

RC, concen-
tration

non-generative 2 (1) daily

Schillinger et al. [46] EnScale Extension
(spatial reso-
lution)

RC yes 4 (4) daily

Pan et al. [60] MESMER-RCM Extension
(spatial reso-
lution)

RC yes 1 (1) annual



Supplementary Table S6. Common strategies for testing emulator scenario-generalisability.

Strategy Description and Examples
In-sample Testing on samples the emulator was trained on. Example: Quilcaille et al. [78]

train on all available ensemble members across scenarios and test on the same
dataset.

Within-scenario Testing on held-out samples from the same scenario. Examples: Song et al. [84]

train on 20 ensemble members from SSP3-7.0 and test on the remaining 80;
?] train on a single ensemble member across scenarios and test on all other
ensemble members under RCP8.5.

Cross-scenario,
in-range

Testing on an unseen scenario with a GMT range within the forcing range seen
during training. Example: Yuan et al. [93] train on RCP2.6 and RCP8.5, test
on RCP4.5 and RCP6.0.

Cross-scenario,
out-of-range

Testing on unseen scenarios outside the forcing range included during training.
Example: Bouabid et al. [63] train on all scenarios except RCP8.5, then test on
RCP8.5.

Cross-scenario,
structural

Testing under scenarios that are structurally dizerent from those used during
training. Example: Castruccio and Stein [132] train on a scenario with an abrupt
CO2 drop and test on one with gradually increasing concentrations.

None In-sample Within-scenario Cross-scenario,
in-range

Cross-scenario,
out-of-range

Cross-scenario,
structural
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Supplementary Figure S1. Data splitting for evaluation. Classi}cation of emulators based on the
splitting strategy employed for evaluation (see Table S6). We only include emulators explicitly designed for
scenario exploration and report the most conservative test found in a study e.g., if an emulator performed
cross-scenario, out-of-range tests as well as cross-scenario, in-range, we count the former test.



Supplementary Table S7. Overview of emulator methods. The top section summarises approaches for
representing forced climate responses (trend), while the bottom section summarises approaches for
representing variability.

Approaches for representing forced climate responses (trend)
None No explicit dependence on external forcing, i.e. µ̂t ≡ f(Y<t, φ

TR). Trends may
be removed directly [50] or absorbed into autoregressive terms [30].

Time-shift Resampling approach that couples trend and variability. Data is reorganised
by a predictive variable (e.g., GMT), generating new realisations by stitching
together ESM samples aligned with a given forcing trajectory [73,85].

Pattern scaling GMT treated as predictor; f is a linear relationship estimated independently
for each variable and location. Exploits near-linear scaling of local temperature
with global warming [67,130] (see Fig. ??, Panel b).

Multi (response /
time-scales)

Linear response models with additional predictors (e.g., ocean variables) or
multiple time scales (e.g., distributed lag models), distinguishing fast and slow
components of the response [73,93].

Impulse response Generalisation of linear response, representing responses to forcing as a convo-
lution of impulse responses across time frames [91].

ML f inferred directly from data (e.g., neural networks, Gaussian processes, ran-
dom forests). Some architectures (e.g., dizusion models) represent trend and
variability jointly [21,63].

Other Approaches that do not }t other categories, e.g., with regional predic-
tors [51,65? ].

Approaches for representing variability
None No variability is modelled; the emulator yields deterministic outputs [49,71].
Resampling Variability is generated by resampling. If the method decomposes into trend

and variability, only residuals are resampled [37]; otherwise, the full ESM output
(trend + variability) can be resampled in one step [85].

Parametric Assumes a parameterised form for the residual distribution, e.g., Gaussian
with a parameterised covariance matrix (such as distance-dependent covariance
across grid cells) [84,133].

Semi-parametric Combines empirical information with parametric structure, e.g., smoothed
empirical covariance matrices [11].

Nonparametric Fully data-driven approaches. For instance, Katzfuss and Schäfer [134] rely on
transport maps; other possibilities include kernel density estimation.

ML Generative ML models (e.g., dizusion models, probabilistic neural networks,
normalising ~ows) used to sample variability. These typically model trend and
variability jointly, without explicit decomposition [21,31].



2 COMPUTATIONAL COMPLEXITY OF MODERN EMULATORS
Pangu-Weather consists of four deep networks with lead times of 1 h, 3 h, 6h and 24 6; Each of the four deep
networks was trained for 100 epochs, and each of them takes approximately 16 days on a cluster of 192
NVIDIA Tesla-V100 GPUS. Each 3D deep network contains approximately 64 million paraemters. Inference
of a lad time of 56 h carries out a 24 h foreceast, followed by a 6 h , 3h and 1h forecast so Pangu-Weather is
designed to leverage each of the four networks;



3 NOTATION
Climatic variables such as temperature or precipitation are continuous }elds de}ned over space and time.
That is, a variable Y can be measured at any point in the three-dimensional spatial domain Ds ⊂ R

3 (e.g.,
latitude, longitude, and height) and at any moment within a temporal domain Dt ⊂ R. In practice, Y is
measured or modelled at a discrete set of locations and times. For simplicity, we focus on surface-level
variables at a }xed vertical height, so that each location s ∈ Ds is indexed by a two-dimensional tuple of
latitude, L, and longitude, l,: s = (L, l). We assume a regular spatial grid with kL latitudes and kl

longitudes, yielding N = kL · kl total grid points, denoted s = {(Li, lj)}
j=1,...,kl

i=1,...,kL
. Time is indexed over n

discrete steps t = {ti}i=1,...,n.
Any measurement of a single climatic variable is a matrix y ∈ YN×n, where Y ⊆ R re~ects the valid range of
the variable (e.g., Y = R for temperature, R≥0 for precipitation, or [0, 100] for relative humidity). The value
of y at location s and time t is denoted ys,t:

y =




ys1,t1 ys2,t1 . . . ysN ,t1

ys1,t2 ys2,t2 . . . ysN ,t2

...
... . . . ...

ys1,tn ys2,tn . . . ysN ,tn


 . (5)

A column ys gives the time series at location s, while a row yt gives the spatial }eld at time t. To represent
multiple variables—e.g., temperature, precipitation and wind—we de}ne y ∈ Yk×N×n, where k is the
number of variables. The full dataset y = (y(1), . . . , y(k)) consists of k matrices, each describing one climatic
variable over space and time. We denote yt as the climatic state at time t.
We can best think about the climate state probabilistically. yt is a measurement outcome that involved some
randomness, i.e., if a butter~y had ~apped its wings dizerently, we could have observed a dizerent outcome,
ỹt

[135]. This is referred to as deterministic chaos and we can mathematically capture it as apparent
randomness, i.e., we promote the climate state to a random variable Yt and interpret the actually measured
climatic state as a sample

yt ∼ Yt. (6)

4 EMULATION OBJECTIVE
Ideally, the emulator parameters φEMU would be chosen to maximize the full joint likelihood of the climatic
data evolving over time. Let YESM

1:T reference the process evolving over time, i.e., YESM
1:T ≡ {Yt0 , Yt1 , ..., YT }.

Then we de}ne the log-likelihood in terms of realised samples:

φ̂EMU = arg max
φEMU

logP (yESM
1:T | F≤T , φ

EMU ) = arg max
φEMU

T∑

t=1

logPt(yESM
t | yESM

<t , F≤t, φ
EMU ) . (7)

However, this is computationally not feasible and relies on assumptions that simplify the objective. A
common simpli}cation for building emulators is pattern scaling, which assumes that the spatiotemporal
response of climate variables can be expressed as a linear function of a global or regional scalar (typically
GMT). Formally, let ∆Tt denote the scalar temperature change at time t, and let yESM

t be the output of an
ESM. Pattern scaling assumes that

yESM
t ≈ a∆Tt + b + εt, (8)

where a and b are spatial patterns and ozsets, respectively, and εt is usually Gaussian noise.
Under this approximation, the emulator no longer seeks to reproduce the full conditional distribution
P (YESM

1:T | Y<T , F≤T ), but rather a simpli}ed conditional distribution

YEMU
t ∼ P (Yt | ∆Tt, φ

EMU
PS ), (9)

where φEMU
PS parametrises the linear response patterns and residual variability. Consequently, the

corresponding log-likelihood reduces to a sum over individual time steps, conditioned on ∆Tt:

LPS(φ
EMU
PS ) =

T∑

t=1

logP (yESM
t | ∆Tt, φ

EMU
PS ). (10)



This reduced formulation makes estimation computationally feasible and is widely used in climate impact
studies. However, it implicitly assumes that the full spatiotemporal dependence of the climate }elds is
captured by the scalar ∆Tt, which may neglect nonlinear interactions, time-lagged dependencies, or internal
variability not explained by the linear.

5 COMPLEXITY
Complexity here refers to the number of potential spatio-temporal cross-dependencies between variables,
time steps, and locations in the covariance structure. We assume the emulator preserves cross-correlations
among all variables at all time steps and all locations, and can be captured as a multivariate Gaussian
process. We further assume the covariance matrix is symmetric (i.e., only the upper triangle, including the
diagonal, is unique). An upper triangle matrix with k variables, over n timesteps and at N locations has
1/2 ∗ (knN) ∗ (knN + 1) free parameters, meaning its complexity is dominated by the leading order term
O((knN)2).
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