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Abstract. Projecting the impacts of climate change requires large ensembles of climate variables that match historical obser-

vations, align with the warming ranges assessed by the IPCC, and can efficiently run new future emissions scenarios, including

the newest generation of climate model scenarios (CMIP7) and pathways consistent with countries’ Paris Agreement pledges.

Generating such ensembles at the scale needed for impact studies is normally computationally prohibitive. We close this gap

with GCMagicc, a hybrid model that pairs a simple physical climate model with machine learning to generate ensembles of5

10 climate variables at the resolution of full-scale Earth system models, without relying on GPU resources or retraining for

new scenarios. Being trained on 32 CMIP6 Earth system models and observational/reanalysis data, GCMagicc complements

rather than replaces Earth system models. We apply it to a range of future pathways: the canonical set of SSP scenarios in

the latest Intergovernmental Panel on Climate Change (IPCC) report (1.2–6.1◦C warming, min-max range across scenarios of

5-95 percentile ranges), current policies (2.3–4.0◦C); national pledges under the Paris Agreement (1.5–3.3◦C) and the CMIP710

range from the so-called ’VL’ to ’H’ scenarios (1.2–4.2◦C), releasing a large public dataset. As an illustration of the useful-

ness of GCMagicc, we perform an attribution analysis on the severe 2025 Iranian drought using GCMagicc ensembles (and

three CMIP6 ESMs large ensembles as comparisons) with and without anthropogenic forcings. Our GCMagicc results sug-

gest a strong anthropogenic signal, with a median probability of drought conditions at least as severe as the observed ones

of 29% (median) with anthropogenic forcing and zero probability (median) under natural-forcing only simulations. In the fu-15

ture, drought conditions are projected to materially worsen, amplifying the potential for severe agricultural and food security

impacts and geopolitical conflicts that use water scarcity as a weapon. GCMagicc data is available at https://gcmagicc.org.

1 Introduction

Translating up-to-date scenarios into regional climate hazard projections faces multiple hurdles as Earth System Model runs are

often not observationally aligned, have too few ensemble members, take months and are best-estimate ensembles of opportunity20
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rather than aligned with assessed uncertainty distributions. For example, data to project or attribute the climate-induced impacts

often relies on older scenario generations, such as the Representative Concentration Pathways (RCPs) (van Vuuren et al., 2011;

Meinshausen et al., 2011b) or so-called ’Shared Socio-economic Pathways’ (SSPs) (O’Neill et al., 2016; Meinshausen et al.,

2020), not taking into account the latest current policies or Paris Agreement pledges, the so-called ’Nationally Determined

Contributions’ (NDCs).25

Newly available scenarios for CMIP7 reflect the new realities, ranging from high-overshoot 1.5 ◦C scenarios to upper-

end scenarios that sit just above current-policy projections (van Vuuren et al., 2026). While this constrained scenario space

better reflects plausible emission futures, it creates another issue: the high-end SSP5-8.5 or SSP3-7.0 scenarios often served

as proxies for high-impact, low-likelihood outcomes for lower-emission scenarios, and without perturbed-physics ensembles

with Earth System Models (ESMs), a narrowed scenario range alone does not provide a basis for tail-risk assessment. Climate30

risk assessment therefore needs to reflect not only best-estimate climate projections for plausible emission futures and the

ESM-specific outliers of those models’ best-estimate projections (Bevacqua et al., 2026), but also the broader geophysical

uncertainty that an appropriate perturbed-physics ensemble approach through the whole cause-effect chain (e.g. incl. carbon

cycle uncertainties) and observational constraints would theoretically show.

The question arises of whether and how new machine-learning and emulation approaches can fill this gap. Weather forecast-35

ing is being transformed by observation-driven methods that now rival or surpass physics-based forecasting models (Lam et al.,

2023; Bi et al., 2023; Kochkov et al., 2024; Price et al., 2025). Future climate is not just a replication of the past, though. That

is why machine-learning approaches for climate projections will most likely continue to have to rely on process based ESMs

in their training. Those machine learning approaches in the climate realm therefore provide a complementary extension, rather

than a replacement of ESMs - which is a key difference between the climate and weather realms. ESMs will likely continue to40

provide the best avenue for scientific knowledge to inform future projections, for example, by investigating non-linear feedback

processes, and bio-geo-chemical process interactions.

The main theoretical benefits of a combination of CMIP6-like ESM output, ML approaches and/or emulators is the ability to

project climate change a) for new scenarios, b) to support climate impact attribution, i.e. running hypothetical forcing scenarios

like natural-only forcings, c) via large ensembles that allow considering the return frequencies of rare events, d) while main-45

taining consistency across variables to evaluate compound risks in large ensembles (e.g. Bevacqua et al., 2023), e) while being

aligned with recent observations, for use in impact models and f) in a way that allows to disentangle ESM model uncertainty

and natural variability. As an example, neither CMIP6-like ESM output nor - to our knowledge - any existing ML emulators

jointly satisfy the seven capabilities that the multivariate drought-attribution and projection use case requires (Table 1). (1)

Variable completeness: at least the seven covariate variables needed for Penman–Monteith reference evapotranspiration (Allen50

et al., 1998) and the precipitation-minus-PET water balance, yet many CMIP6 archived runs lack one or more of these, and

many ML emulators are restricted to temperature and precipitation. (2) Free-running operation: factual and counterfactual

climates remain dynamically distinguishable only if the model evolves freely rather than under prescribed sea-surface tem-

peratures or ocean state. (3) Decomposed forcing inputs (such as GHG, aerosol, solar, volcanic, ozone) - either via separate

input emissions, concentrations or forcings - are essential for constructing natural-only and single-forcing counterfactuals, yet55
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CMIP6 single-forcing experiments exist for only a handful of ESMs. (4) Stochastic large ensembles: 100 or more realisations

per scenario are key for tail-risk assessment, but the available CMIP6 large ensembles are restricted to a handful of ESMs

and a small set of scenarios. (5) Temporally coherent multi-decadal output: cumulative indices such as the 48-month Stan-

dardised Precipitation Evapotranspiration Index (SPEI-48) require stable low-frequency variability over many decades, which

short-window or independently sampled ML emulators do not generally demonstrate. (6) Present-day observational alignment:60

ESM output typically diverges from recent observational data, and bias-correction techniques such as ISIMIP3BASD (Lange,

2019, 2021) or NEX-GDDP-CMIP6 (Thrasher et al., 2022) introduce their own limitations in a high-dimensional projection

space (Maraun et al., 2017; Vogel et al., 2023; Lehner et al., 2023). (7) Applicability to new scenarios without re-training: ESM

output is often not yet available for the most decision-relevant scenario space (CMIP7, NDC-aligned, current-policy) due to

the lag from scenario generation to ESM runs, and many ML emulators are scenario-bound.65

These joint capability gaps come on top of structural and parameter uncertainties: ESM selections used at the regional scale

face the ‘hot model’ problem (Hausfather et al., 2022) or other unrepresentativeness (e.g. being ensembles of best guesses

rather than systematic explorations of geophysical uncertainty), which can bias local and regional impact assessments. And

while the ’hot model’ problem might be temporary given recent studies pointing towards higher warming (Gyuleva et al.,

2026), consistently reflecting the assessed knowledge from multiple lines of evidence at the global scale down to regional70

impact studies will remain a challenge for decades to come.

Multiple machine-learning (ML) approaches to emulate climate have emerged in recent years (de Burgh-Day and Leeuwen-

burg, 2023; Bodnar et al., 2025; Tebaldi et al., 2025), which in principle can overcome the constraints of parameterised

approaches given the high dimensionality of the problem. Some ML approaches focus on temporal or spatial downscaling

(Bassetti et al., 2024). Many hybrid or ‘pure’ ML models act as atmospheric models conditioned on boundary conditions such75

as sea-surface temperatures (Kochkov et al., 2024; Watt-Meyer et al., 2025), with recent advances allowing ‘free-running’

projections by coupling the ocean (e.g. SamudrACE for the ACE family Duncan et al., 2026) or sufficing with CO2 as forcing

predictor (Guan et al., 2025). Foundational weather and climate ML models such as ClimaX (Nguyen et al., 2023) and Aurora

(Bodnar et al., 2025) are pre-trained on combinations of reanalysis and CMIP6 datasets and predict a broad set of atmospheric

state variables. Recent score-based diffusion work on an equal-area HEALPix mesh learns the joint monthly distribution of80

near-surface temperature, precipitation, relative humidity, and wind speed, efficiently generates stochastic ensembles, and re-

produces cross-variable statistics, distribution tails, and responses in held-out SSP2-4.5 and SSP3-7.0 experiments (Bouabid

et al., 2026). Its published configuration is trained separately for each parent ESM and draws independent monthly states

conditioned on global-mean surface temperature and calendar month rather than temporally coherent trajectories.

GCMagicc instead introduces explicit temporal dependence through lagged fields at the coarser hierarchy levels and gener-85

ates continuous monthly rollouts, while providing all seven Penman–Monteith inputs among its ten output variables, training

across CMIP6 models and ERA5, and accepting decomposed forcing predictors; this structural difference does not remove

the low-frequency and spectral limitations documented in Section 6. Most closely related to the machine-learning model we

present here (GCMagicc), the flow-matching generative emulator ArchesClimate (Clyne et al., 2026) emulates a single Earth

system model (IPSL-CM6A-LR) as a free-running coupled system and, notably, transfers to unseen scenarios without retrain-90
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ing, though it targets only that one ESM rather than a multi-model ensemble, with small ensembles and no observational

anchoring (Table 1).

Emulator capabilities are heterogeneous across the published literature more generally (Tebaldi et al., 2025; Nath et al.,

2025); the FASTMIP pilot experiment provides a coordinated intercomparison of spatial emulators against a common protocol

(Windisch et al., 2026).95

As an illustration of why all seven capabilities matter simultaneously, we apply GCMagicc to the late-2025 Iranian drought

state in Section 5.5. The 2026 European drought and its likely impact on agricultural yields (Toreti et al., 2026) is another

example of a recent event that would benefit from a similar attribution analysis, but is outside the scope of this study.

We provide projections for CMIP6 SSPs, NDC-related pathways reflecting NDC and long-term target ambitions (Sec-

tion 5.4), and the final CMIP7 ScenarioMIP pathways H, HL, M, ML, L, VL, and LN (van Vuuren et al., 2026). An interactive100

data supplementary is available at gcmagicc.org, providing 5.6 TB data for further research, including monthly, seasonal maps

and statistical comparisons for all 10 variables.

2 GCMagicc model overview

GCMagicc is a generative multivariate climate emulator trained on 32 CMIP6 models and ERA5 reanalysis. GCMagicc is

focused on monthly timesteps and 10 impact-relevant geophysical variables (tas, pr, tasmax, tasmin, hurs, huss, psl, rsds,105

sfcWind, ts).

To capture cross-model and assessed warming uncertainty beyond what a single model framework can deliver, we couple

GCMagicc with the simple climate model MAGICC (Meinshausen et al., 2011a; Nicholls et al., 2022), which provides prob-

abilistic global-mean temperature, global-mean heat uptake, and decomposed forcing predictors (Sect. S2 in the Supplement).

Trained on 32 CMIP6 models and ERA5 reanalysis, GCMagicc is evaluated against ERA5 historical conditions and held-out110

CMIP6 output (Section 4); its global-mean response distribution is aligned with the IPCC AR6 assessed warming distribution

by predictor construction. Residual offsets of up to 0.46 ◦C at the tails of the assessed IPCC range for some scenarios are still

present as the match between the MAGICC predictor distribution and the IPCC assessed warming ranges is imperfect, even

though MAGICC is one of the emulators matching the IPCC assessment’s multiple lines of evidence the closest(Cross Chapter

Box 7.1 in Forster et al. 2021 and Section 5.1).115

The model is hierarchically structured on a HEALPix grid (Górski et al., 2005), with the coarsest layer solved first using the

full predictor set and subsequent finer layers using appropriate subsets of predictors and temporal lags (Figure 1 and Sect. S2 in

the Supplement). The HEALPix resolution parameter nside controls output grid resolution: nside = 64 yields an approximate

1◦×1◦ grid, while nside = 256 yields approximately 0.25◦×0.25◦ (without the enhanced gridpoint density at higher latitudes).

GCMagicc applies without additional training to scenarios whose forcing trajectories fall within or near the CMIP6 training120

envelope; the reduced-predictor variant GCMagicc-XS, which holds ssp585 out of training, provides the high-end probe of

that envelope (Sect. S3.2 in the Supplement), while behaviour under forcing compositions outside it, such as strongly aerosol-

perturbed or solar-radiation-modification pathways, is untested here.
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Table 1. Capability coverage for the multivariate drought-attribution use case across representative climate emulators and ESM-based work-

flows. The key-reference column gives representative primary citation(s). Columns: ’Penman-M vars’: ≥ 7 Penman–Monteith variables;

’Free-run’: free-running with no prescribed sea-surface temperature or ocean state, i.e., being driven by emission scenarios; ’Dec.ERF’: de-

composed effective radiative forcing inputs; ’Stoch.’: stochastic large-ensemble formulation; ’Multi-dec.’: temporally coherent multi-decadal

output sufficient for SPEI-48; ’Obs.’: present-day observational alignment; ’New scen.’: applicability to new scenarios without re-training.

✓ supported; ✓1 when used in combination with MAGICC (as in this study); ✓2 imposed by construction; ◦ partial or conditional support;

× not supported. For GCMagicc, ’Obs.’ is marked as imposed because alignment is imposed for global-mean tas by construction while the

regional and multivariate alignment is learned and evaluated separately (Section 5.1); ’Free-run’ is marked ’supported’ because the free-

running claim holds for the coupled MAGICC+GCMagicc package, with the conditioning on MAGICC global temperature and heat uptake.

The variants GCMagicc-PM and GCMagicc-XS are run based on forcing input only; and ’Multi-dec.’ is marked partial because the amplitude

and frequency spectra of the low-frequency modes are not yet at parity with the range across CMIP6 ESMs or observations (Section 6). See

Sect. S7 in the Supplement for detailed per-cell footnotes and citations.

Emulator/ML model Key reference Penman-M vars Free-run Dec.ERF Stoch. Multi-dec. Obs. New scen.

CMIP6 + ISIMIP3BASD (Eyring et al., 2016;

Lange, 2019)

✓ ✓ ◦ ◦ ✓ ◦ ◦

MESMER family (Beusch et al., 2020;

Nath et al., 2022;

Quilcaille et al., 2022)

× ✓ ◦ ✓ ✓ ◦ ✓

MESMER-MAGICC (Beusch et al., 2022) × ✓ ◦ ✓ ✓ ◦ ✓
STITCHES (Tebaldi et al., 2022) ✓ ✓ × × ◦ × ◦
ClimaX (Nguyen et al., 2023) ◦ ◦ ◦ × ◦ ◦ ◦
Aurora (Bodnar et al., 2025) ◦ × × × × ✓ ×
cBottle (Brenowitz et al., 2025) ◦ ◦ × ✓ ◦ ✓ ×
NeuralGCM (Kochkov et al., 2024) ◦ ◦ × ◦ ◦ ✓ ◦
ACE2 (Watt-Meyer et al.,

2025)

✓ ◦ × × ✓ ✓ ◦

SamudrACE (Duncan et al., 2026) ✓ ✓ × × ✓ × ×
LUCIE-3D (Guan et al., 2025) ◦ ✓ × ◦ ✓ ✓ ◦
DiffESM (Bassetti et al., 2024) × × × ✓ ◦ ◦ ◦
Score-based ESM

emulator

(Bouabid et al., 2026) ◦ × × ✓ × × ✓

ArchesClimate-SSP (Clyne et al., 2026) ◦ ✓ ◦ ◦ ✓ × ✓

GCMagicc (this work) This work ✓ ✓1 ✓ ✓ ◦ ✓2 ✓

Predictors are aerosol, solar, volcanic, ozone, GHG and total effective radiative forcings, alongside lowpass-filtered global-

mean surface air temperature and global-mean top-of-atmosphere heat uptake. Predictors are produced by the simple climate125

model MAGICC (Meinshausen et al., 2011a) usually in its IPCC AR6 calibration (Cross-Chapter Box 7.1 of Forster et al.,
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2021; Nicholls et al., 2022), if not stated otherwise. For a general overview of the GCMagicc training and inference workflow,

see Fig. 2.

3 Methods

3.1 Data130

Data sources and experiments. We use gridded monthly output from CMIP6 Earth system models and ERA5 reanalysis

(Eyring et al., 2016; Hersbach et al., 2020), cited as data at the model/MIP granularity in Table S2 in the Supplement and in

Copernicus Climate Change Service (C3S) (2019) respectively. The CMIP6 runs cover idealized CO2 experiments, historical

runs (all-forcing, GHG forcing and natural-only-forcing), and ScenarioMIP projections (O’Neill et al., 2016; Gillett et al.,

2016). Specifically, the experiments used are 1pctCO2, abrupt-2xCO2, abrupt-4xCO2, hist-aer, hist-GHG, hist-nat, historical,135

ssp119, ssp126, ssp370, ssp434, ssp460, ssp534-over, and ssp585. For ERA5, historical monthly surface data from 1940 to

2024 are used (Hersbach et al., 2020). Table S1 in the Supplement lists all model-scenario combinations of 32 CMIP6 ESMs

and the number of ensemble members that were used.

Spatial grids and spherical discretization. All CMIP6 fields are represented on a regular 1◦ × 1◦ latitude-longitude grid

with 360× 180 = 64,800 global grid cells. ERA5 fields are additionally used on their native 0.25◦ × 0.25◦ grid (Hersbach140

et al., 2020), which for global coverage including the poles corresponds to 1440× 721 = 1,038,240 grid points. Latitude-

longitude grids are mapped to a HEALPix discretization of the sphere with RING indexing (Górski et al., 2005). The default

resolution is nside= 64, implying Npix = 12nside2 = 49,152 equal-area pixels; the configuration nside= 256 is supported for

higher-resolution experiments, for which no evaluation is presented in this paper and for which ERA5 is the only training

source at that resolution, implying Npix = 12nside2 = 786,432 (Górski et al., 2005). HEALPix provides equal-area pixels,145

hierarchical resolution changes, and neighbourhood operations without latitude-dependent cell areas, which makes it suitable

for the model’s multi-resolution factorization.

Target variables. We use model output for the F=10 impact-relevant variables that the emulator predicts: Near-Surface Air

Temperature (tas), Precipitation (pr), Daily Maximum Near-Surface Air Temperature (tasmax), Daily Minimum Near-Surface

Air Temperature (tasmin), Near-Surface Relative Humidity (hurs), Near-Surface Specific Humidity (huss), Sea Level Pressure150

(psl), Surface Downwelling Shortwave Radiation (rsds), Near-Surface Wind Speed (sfcWind), Surface Temperature (ts); see

Table S3 in the Supplement.

Affine normalization and inverse transform. To bring all target variables to roughly zero mean and unit variance, each

variable y(v) is affinely transformed before training, ỹ(v) = av y(v)+bv , and inverted by y(v) = (ỹ(v)−bv)/av . The coefficients

are listed in Table S3 in the Supplement.155
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3.2 GCMagicc Predictors and Model Architecture

GCMagicc versions. We describe four versions of GCMagicc, denoted GCMagicc, GCMagicc-CE (common-effect),

GCMagicc-PM (perfect-model), and GCMagicc-XS (extrapolation-scenario). They share the multi-resolution HEALPix

architecture and training framework described below, and differ in (i) their predictor set, (ii) whether a common-effect stage

is included, (iii) the lag sets used at the coarsest resolutions, and (iv) which scenarios are held out from training. GCMagicc160

and GCMagicc-CE use smoothed global-mean indicators derived from MAGICC as predictors and are trained jointly on

many CMIP6 models and scenarios to produce calibrated large-ensemble projections; GCMagicc-CE additionally includes

a common-effect stage at coarse resolutions. GCMagicc-PM and GCMagicc-XS share a reduced predictor set that omits the

MAGICC-derived smoothed global indicators (tas_smoothed and rtmt_smoothed) but retains the ERF components, model

index and seasonal descriptors otherwise used by GCMagicc. GCMagicc-PM is retrained per CMIP6 model on that model’s165

historical run alone and supports the perfect-model uncertainty experiment (Sect. S3.1 in the Supplement) and the leave-one-

family-out cross-validation. GCMagicc-XS is trained so that it can be a high-end-of-warming scenario-extrapolation test. The

differences are summarized in Table 2.

Forcing and conditioning variables. The emulator is conditioned on global descriptors and forcing covariates model_index,

month, time, tas_smoothed, rtmt_smoothed, stratO3_ERF, sol_ERF, other_ERF, volc_ERF, nat_ERF, totalO3_ERF,170

GHG_ERF, aer_ERF, and CO2_ERF. Here model_index is a categorical identifier of the driving CMIP6 model, so the emula-

tor can learn systematic biases specific to each model. The calendar month month is encoded as an integer m ∈ {1, . . . ,12}, and

time denotes a sinusoidal seasonal embedding given by sin(2πm/12) and cos(2πm/12). GCMagicc-PM and GCMagicc-XS

omit tas_smoothed and rtmt_smoothed and condition only on the remaining predictors above (i.e. the ERF components

and the time and model descriptors); GCMagicc and GCMagicc-CE use the full predictor set. The remaining predictors are175

decomposed effective radiative forcing (ERF) components, that is, the net radiative forcing including rapid adjustments (Smith

et al., 2020).

Multi-resolution factorization. Let S = {1,2,4,8,16,32,64,128,256} denote the HEALPix resolution levels with Ps =

12s2 pixels at level s, and let y(s)t ∈ RF×Ps be the normalized multivariate field at month t with F = 10 channels. Let the

predictor vector be decomposed as180

xt =
(︁
xmodel
t , xseason

t , xforcing
t

)︁
, (1)

where xmodel
t contains the model-index information, xseason

t contains seasonal covariates, and xforcing
t contains the forcing predic-

tors, including smoothed global indicators (in GCMagicc and GCMagicc-CE only) and ERF components.

Broad outline (shared structure across variants and dependence versions). At each resolution, the model is a superposi-

tion of three components: a bias mean term, an optional common-effect mean term, and a stochastic generator. For the coarsest185

resolution s= 1, where there is no lower-resolution input, we write

ˆ︁y(1)t = b1(xmodel
t ,xseason

t ) + e1(xseason
t ,xforcing

t ,b1(xmodel
t ,xseason

t )) + g1(xt,z
(1)
t ), (2)
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and for higher resolutions s > 1, conditioning on y(s/2)t , we write

ˆ︁y(s)t = bs(y
(s/2)
t ,xmodel

t ,xseason
t ) + es(xseason

t ,xforcing
t ,bs(y

(s/2)
t ,xmodel

t ,xseason
t )) + gs(y

(s/2)
t ,xt,z

(s)
t ). (3)

Temporal dependence enters only through the latent input zt, specified as190

z(s)t =

⎧
⎨
⎩

εt, εt ∼ p(ε), (i.i.d. sampling),

rs
(︂
{ˆ︁y(s)t−ℓ}ℓ∈Ls

,ηt

)︂
, ηt ∼ p(η), (autoregressive),

(4)

ensuring that rs has marginally the same distribution as εt. Temporal dependence is enabled only at the coarse resolutions s≤ 8,

with Ls =∅ for s≥ 16. Unless noted otherwise in Table 2, the lag sets are L1 = L2 = L⋆, L4 = {1, . . . ,5}, and L8 = {1},

where L⋆ is defined in the table footnote. The common-effect term es is active in GCMagicc-CE at s ∈ {1,2,4,8} and is

omitted at every resolution in GCMagicc, GCMagicc-PM and GCMagicc-XS, as well as at s≥ 16 in all versions.195

Stage 1: deterministic bias model (all versions). For s > 1 the bias term bs is a local neighbor upsampling rule with

model- and month-dependent additive bias fields. Let ct be the model index encoded in xmodel
t and let mt ∈ {1, . . . ,12} be

the month encoded in xseason
t ; for each high-resolution pixel p ∈ {1, . . . ,Ps} define Ns(p)⊆ {1, . . . ,Ps/2} as the set of k = 16

nearest-neighbor pixels in the lower-resolution grid, where nearest neighbors are determined by Euclidean distance between

unit vectors on S2. Then for each channel f ∈ {1, . . . ,F},200

ˆ︁b(s)t,f,p =
∑︂

j∈Ns(p)

α
(s)
ct,f,p,j

(︂
y(s/2)t,f,j −β

(s/2)
ct,mt,f,j

)︂
+β

(s)
ct,mt,f,p

, (5)

where β
(s/2)
c,m,f,· and β

(s)
c,m,f,· are learnable bias fields on the low- and high-resolution grids, respectively, and α

(s)
c,f,p,· are learned

neighbor weights satisfying
∑︁

j∈Ns(p)
α
(s)
c,f,p,j = 1, implemented via a softmax over learned logits. For s= 1 the bias is purely

an additive model- and month-specific mean field over the 12 pixels, ˆ︁b(1)t,f,p = β
(1)
ct,mt,f,p

. For s≥ 128, the bias model drops

dependence on the model index ct, the neighborhood size is reduced to k = 9, and the generator uses k = 6 neighbors.205

Stage 2: deterministic common-effect model (GCMagicc-CE only). The common-effect term es, used only in GCMagicc-

CE at s ∈ {1,2,4,8}, models a forcing-driven mean shift that is shared across all models by excluding xmodel
t from its inputs.

It is implemented as a per-pixel residual multi-layer perceptron (MLP) shared across pixels, evaluated on the concatenation of

xseason
t , xforcing

t , pixel coordinates (θp,ϕp), and the current per-pixel baseline state ˆ︁b(s)

t,·,p. A concrete specification is

ˆ︁e(s)t,·,p = hs

(︂
xseason
t ,xforcing

t ,θp,ϕp,ˆ︁b
(s)

t,·,p
)︂
, ˆ︁µ(s)

t,·,p = ˆ︁b(s)t,·,p +ˆ︁e(s)t,·,p, (6)210

where hs is shared across all pixels. As aforementioned, this stage is active only in GCMagicc-CE at s ∈ {1,2,4,8}; at s≥ 16

in GCMagicc-CE, and at every resolution in GCMagicc, GCMagicc-PM and GCMagicc-XS, it is omitted and the baseline

mean reduces to ˆ︁µ(s)
t = ˆ︁b(s)t .

Stage 3: stochastic generator (all versions). The generator gs adds stochastic residuals to the baseline mean ˆ︁µ(s)
t and is

used in all four versions. The multi-resolution stochastic generation across successive HEALPix levels follows the reverse215

Markov learning framework of Shen et al. (2025). All F channels, with one channel per geophysical variable (tas, pr, hurs,
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Table 2. Configurations distinguishing the four versions of GCMagicc. All four share the multi-resolution HEALPix architecture and training

framework; at HEALPix levels s≥ 16 they are identical.

Variant Predictors Common-effect

es active at

Training data and held-out scenarios Primary use

GCMagicc full (none) 32 CMIP6 models + ERA5, joint

multi-scenario; ERA5, UKESM and

MIROC contribute historical data only;

ssp245 held out as in-distribution test

default projections

GCMagicc-CE full s ∈ {1,2,4,8} same as GCMagicc sensitivity of

evaluation diagnostics

to modelling-

architecture

assumptions

GCMagicc-PM no MAGICC-derived

indicators: model index,

seasonality and forcing

predictors only

(none) retrained independently on each CMIP6

model’s historical run; per-model

instances plus one instance per model

family (13 families; Table S8 in the

Supplement)

perfect-model

uncertainty; LOFO

cross-validation

GCMagicc-XS no MAGICC-derived

indicators: model index,

seasonality and forcing

predictors only

(none) 32 CMIP6 models + ERA5, joint

multi-scenario; abrupt-4xCO2,

ssp534-over and ssp585 held out

additionally to ssp245; evaluated on

ssp585 and abrupt-4xCO2 (ssp534-over:

too few vetted runs)

high-end scenario

extrapolation test

Variant suffixes: -CE = common-effect (joint cross-model forcing-response stage), -PM = perfect-model (per-CMIP6-model historical-only retraining for

structural-uncertainty quantification), -XS = extrapolation-scenario (joint training with high-end and idealised scenarios held out). Predictor sets: the full set

adds the MAGICC-derived smoothed global indicators tas_smoothed and rtmt_smoothed on top of the model index, seasonality and forcing

(ERF-component) predictors; the reduced set used by GCMagicc-PM and GCMagicc-XS omits these two MAGICC-derived indicators. Lag sets at the

coarsest resolutions: L1 = L2 = L⋆ for GCMagicc, GCMagicc-PM and GCMagicc-XS, and L1 = L2 = {1, . . . ,47} for GCMagicc-CE, with

L⋆ = {1,2,3,4,5,6, 8,10,12,14,16,18,20, 24,27,30,33,36, 42,48,54,60,66,72}.

etc.), are modeled jointly. The overall form is

ˆ︁y(s)t = ˆ︁µ(s)
t + gs

(︂
y(s/2)t ,xt,zt

)︂
, (7)

where for s= 1 the argument y(s/2)t is omitted and zt is specified by Eq. (4). Internally, gs collects features from the k nearest

lower-resolution neighbors of each pixel for s > 1, applies two successive learned linear mixing maps per pixel, concatenates220
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the result with a broadcast forcing embedding and noise fields, and feeds everything into a shared per-pixel MLP that predicts

the additive residual.

Multi-layer Perceptron (MLP) parameterization. All MLPs use ELU activations. Unless stated otherwise, each MLP has

four linear layers (three hidden layers) and hidden width 32. The common-effect MLP hs has the same depth but hidden width

64 at all resolutions where it is active. For s≤ 8, the generator contains a forcing encoder MLP with four layers, hidden width225

32, and five additional i.i.d. noise input dimensions, producing a forcing embedding of dimension 20 broadcast across pixels.

At s≥ 16, the generator does not use the forcing predictors directly; the forcing information enters only through the bias

and common-effect stages. At all resolutions, the generator includes an augmentation noise field of dimension 5 concatenated

to the local neighborhood input, and a high-level latent noise field of dimension 5. For the dependent versions at s≤ 8, the

autoregressive replacement map rs consumes auxiliary noise ηt and lagged outputs over Ls; for s≥ 16 temporal dependence230

is disabled and zt = εt. At s ∈ {1,2}, the generator also includes a per-model learned scaling of the first dimensions of the

forcing embedding, allowing each model’s response to forcings to differ in magnitude.

3.3 Training

Optimization and losses. All models are trained with Adam using learning rate 10−4 (Kingma and Ba, 2015). The bias

and common-effect stages are trained with a mean-squared error loss. The stochastic generator is trained with the engression235

objective based on the energy score (Shen and Meinshausen, 2025; Gneiting and Raftery, 2007). The common-effect models

(where present) and the stochastic generators are trained for 500 epochs, and the bias models are trained for 10,000 epochs.

Training data for GCMagicc and GCMagicc-CE. We train GCMagicc and GCMagicc-CE separately, but each one of

them jointly on 32 CMIP6 models and the ERA5 reanalysis, using a broad cross-section of scenario experiments that varies by

CMIP6 model (see Table S1 in the Supplement). The bias models bs are trained on historical data only, and separately for each240

driving CMIP6 model. The common-effect models es (in GCMagicc-CE) and the stochastic generators gs are trained across all

available experiments listed above, with a subsampling scheme that retains at most five runs per model-scenario combination

to balance the dataset. The scenario ssp245 is held out as an unseen-scenario test case in all training steps for GCMagicc and its

variants. For the model UKESM1-0-LL and the MIROC family (MIROC-ES2H, MIROC-ES2L, MIROC6), all ScenarioMIP

runs are held out and only their historical experiments are used for training, so that we can assess scenario-projection fidelity245

on these models when GCMagicc is run to emulate them, a setup analogous to the ERA5 case, for which, by definition, only

historical training data exist (Sect. S2.8 in the Supplement).

Training data for GCMagicc-PM. GCMagicc-PM uses the reduced predictor set described above. The baseline GCMagicc-

PM emulator is trained on the ERA5 historical reanalysis. In addition, GCMagicc-PM is retrained independently on each

CMIP6 model’s historical run; these retrained instances are used in the perfect-model uncertainty experiment described in250

Sect. S3.1 in the Supplement and in the leave-one-family-out cross-validation (Sect. S5 in the Supplement).

Training data for GCMagicc-XS. GCMagicc-XS uses the same reduced predictor set as GCMagicc-PM but is trained

jointly on the same 32 CMIP6 models and ERA5 as GCMagicc and GCMagicc-CE, on the same multi-scenario data. Training

uses 1pctCO2, abrupt-2xCO2, hist-aer, hist-GHG, hist-nat, historical, ssp119, ssp126, ssp370, ssp434 and ssp460; the high-
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end and idealised experiments abrupt-4xCO2, ssp534-over and ssp585 are held out additionally to the standard ssp245 hold-255

out. At inference time, GCMagicc-XS is run forward on the held-out ssp585 experiment to check consistency under high-end

forcing (Sect. S3.2 in the Supplement).

Computational efficiency and data volume. A single GCMagicc inference—one ensemble member covering 100 years

at monthly resolution on a 1◦ × 1◦ grid for all 10 variables—completes in 90–96 s of wall-clock time on eight pinned CPU

cores of an AMD EPYC 9555 processor, with no GPU (median 93 s over two warm replicates; 90–182 s across four replicates260

on a shared machine, the spread reflecting host contention rather than model variance). Roughly 40 % of that time is the

HEALPix-to-latitude/longitude interpolation, so members retained on the native nside = 64 mesh cost about half as much, and

per-member throughput saturates by about 16 cores, so ensembles are generated by running members concurrently rather than

by adding cores to a single member. Peak resident memory is 140 GB when the full 1200-month rollout at resolution nside64

is generated in one call, or 23 GB when it is emitted in ten-year chunks, which is the configuration we recommend on memory-265

limited hardware. For the applications in this study we use 20–100 members per scenario; practical release size is governed

primarily by storage and distribution.

4 Evaluation of GCMagicc vs CMIP6

4.1 Evaluation metrics

We use energy distances to compare the full distributions of paired GCMagicc, CMIP6, and observational diagnostics rather270

than any single distributional moment. Complementary recent validation of a score-based climate emulator similarly evaluates

probability distributions, cross-variable correlations, time of emergence, and tail behaviour (Bouabid et al., 2026); the diag-

nostic suites and normalization used there are not directly equivalent to those used here. To make results comparable across

variables and diagnostic diagnostics, we define the energy-distance score S = ED(M,C)/ED(C,Z), which normalizes the

energy distance (ED) between GCMagicc (M) and its target CMIP6 model (C) by the energy distance between that target (C)275

and randomly selected other CMIP6 models (Z). Values of S < 1 indicate that GCMagicc is closer to the target CMIP6 model

than the CMIP6 models are to one another. For comparisons with observations, the unavailable observation–observation term is

omitted, giving a modified distance with a non-zero perfect-match baseline; the full derivation and comparison-key definitions

are provided in Sect. S4.2 in the Supplement.

4.2 Evaluation findings280

CMIP6 ESM zonal means and global-mean time series (of non-tas variables) are generally matched most closely by GCMagicc.

The ten diagnostics are not equally independent of the training objective: the six that compare emulated fields directly evaluate

a property closely related to the energy-score objective and are therefore consistency checks, while IndicatorFreq, ENSOTele-

con, ENSOCharacteristics and HumidityCoupling carry the independent evidence (Sect. S4 in the Supplement). Among the

consistency checks, median energy-distance scores are 0.013 for the global-mean time series diagnostic and 0.11 for the zonal-285
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mean diagnostic (Table S7 in the Supplement), that is, the GCMagicc–CMIP6 distance is a factor of roughly ten to eighty

smaller than the distance between two random CMIP6 ESMs for the same scenario, depending on diagnostic and variable

(Fig. 3g,p). The zonal means, seasonal or annual bias maps of the 10th, 50th and 90th percentiles, and histograms of variables

within IPCC AR6 regions are matched substantially better (S ≪ 1) than CMIP6 inter-model differences (Fig. 3d,j,m). For huss

HumidityCoupling the median score is 1.1, i.e. about the typical CMIP6 inter-model spread, and for pr ENSO teleconnections290

it is 1.6, i.e. at the median GCMagicc is further from the target CMIP6 model than a randomly chosen other CMIP6 model is

(Sect. S4 and Table S7 in the Supplement); the inter-model spread is itself large for these diagnostics (Fig. 3w,aa). Because

GCMagicc is trained per CMIP6 model/ERA5 on historical and scenarios lower and higher than SSP2-4.5, comparison against

the middle-of-the-road SSP2-4.5 hold-out scenario should be read as a fidelity check rather than as an extrapolation test. A

qualitative consistency check under held-out high-end forcing is reported separately for GCMagicc-XS, for which ssp585 and295

abrupt-4xCO2 are held out from training (Sect. S3.2 in the Supplement), and for the leave-one-family-out cross-validation

(Sect. S5 in the Supplement).
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Figure 1. Hierarchical information flow in GCMagicc. At each HEALPix resolution s, the normalized ten-variable field y(s)t combines

a model- and season-dependent bias term b(s)
t , an optional forcing-driven common-effect term e(s)t , and a stochastic generator g(s)

t driven

by latent input z(s)t . Finer levels condition on the contemporaneous coarser field, while temporal dependence at s≤ 8 is introduced through

lagged fields. The model is conditioned on model identity, seasonal covariates, and forcing predictors, including decomposed effective

radiative forcings and, for the full-predictor variants, MAGICC-derived smoothed global temperature and heat uptake. The hierarchy proceeds

from s= 1 to s= 256 and jointly generates psl, tas, pr, sfcWind, ts, tasmin, tasmax, rsds, hurs, and huss.
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a Train and evaluate

1 Training targets

32 CMIP6 models + ERA5 monthly
fields • 10 variables • 
HEALPix hierarchy

2 Training predictors

model_index + month/season decomposed
ERF components
LOWESS tas/rtmt for full variants

3 Shared multi-resolution emulator

nside 1 → 2 → 4 → 8 → … → 64 / 256
bias + optional common-effect + stochastic generator
coarse fields condition each finer level

4 Held-out evaluation

SSP2-4.5 held out for all variants
MIROC & UKESM future runs withheld
XS additionally: SSP5-8.5 + abrupt-2x/4xCO₂

b Run a new scenario At inference, no CMIP6/ERA5 gridded fields, prescribed SSTs, or ocean-state fields are supplied.

1 New pathway

emissions, concentrations
+ natural forcings

2 MAGICC v7.5.3

600 probabilistic global
climate members

3 Monthly predictors

tas • rtmt • ERFs
smooth + subsample to 20 / 100

4 Conditioning

ERA5 splice • model_index
month/season • stochastic seed

5 GCMagicc pass 1

pre-trained weights
monthly 10-variable fields

6 tas diagnostic

global area mean
annual + centred 21 yrs

7 Correct one predictor

Δᵧ = output tas − predictor tas
tas_smoothed ← tas_smoothed − Δᵧ/10
no other predictor changes

8 GCMagicc pass 2

same seed • rerun once
no convergence loop

9 Final ensemble

monthly gridded output
10 variables • 1° or 0.25° resolution

10 Evaluation and applications

held-out fidelity • scenario projections
regional impacts • event attribution

Figure 2. GCMagicc v1 workflow for training and inference. (a) Training uses monthly fields from 32 CMIP6 models and ERA5 together

with model, seasonal, forcing and – for the full-predictor variants GCMagicc and GCMagicc-CE – smoothed global-temperature and heat-

uptake predictors. All four variants share the hierarchical HEALPix generator but differ in predictors, training design and evaluation purpose;

dashed arrows denote held-out evaluation rather than training input. (b) For a new pathway, the default GCMagicc chain requires scenario

emissions or concentrations and natural forcings, from which MAGICC generates a probabilistic global predictor ensemble. No gridded ESM

or reanalysis fields, prescribed sea-surface temperatures, or ocean-state fields are supplied at inference. GCMagicc and GCMagicc-CE use

exactly two passes: the first diagnoses annual global-area-weighted tas bias after centred 21-year smoothing; only smoothed tas is adjusted

in normalized predictor units before one same-seed rerun. GCMagicc-PM and GCMagicc-XS omit the two smoothed global predictors and

use one emulator pass. Final output comprises monthly stochastic fields for tas, pr, tasmax, tasmin, hurs, huss, psl, rsds, sfcWind, and ts.

Predictor definitions and variant configurations are detailed in Sect. S2 in the Supplement.
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Figure 3. Evaluation diagnostics of GCMagicc against CMIP6. Evaluation diagnostics for GCMagicc span a range of indicators, here

shown in each row (see Sect. S4 in the Supplement for detailed diagnostic definitions). The diagnostics shown in the rows are a random

draw from the 1,265,222 records of the out-of-sample SSP2-4.5 hold-out comparison (Sect. S4 in the Supplement). Relative energy distance

scores are shown in the right column (see also Table S7 in the Supplement). The energy distance scores are shown for all undertaken fidelity

checks (blue solid histogram), for this row’s diagnostic (solid red vertical bar), the subgroup for the same variable (dashed histogram) and

the subgroup for the hold-out scenario SSP2-4.5 (dotted line). The green dashed line marks an energy-distance score of one, where the

GCMagicc–CMIP6 distance equals the distance between two random CMIP6 models; the pale green shading marks the region of scores

below one, i.e. where GCMagicc matches the target model more closely than a random CMIP6 pair does. Ten additional figures with random

draws of fidelity checks for the out-of-sample scenario SSP2-4.5 are provided in the Supplement (Figs. S12–S21).
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For the out-of-sample scenario SSP2-4.5, we evaluate the diagnostic distributions that show how close GCMagicc is to

the emulated CMIP6 model in comparison to how close two random CMIP6 models are (Figs. S22, S23 and S24 in the

Supplement). These methods are not comprehensive, but they intend to capture some of key elements of a future climate300

that will drive climate impacts, namely mean state, spatial patterns, regional specific seasonality, variability, distributional

fidelity and tails, as well as climate mode frequency and persistency behaviour, dynamical fingerprints of teleconnections, and

multivariate / compound consistency.

Despite the comprehensiveness of metrics, assessing GCM emulators is difficult because there is no single ’appropriate’ set

of metrics. Simple RMSE summaries and standard benchmarks such as ClimateBench can over-emphasise a particular char-305

acteristic that a given emulator is designed to match (Watson-Parris et al., 2022). Portrait diagrams based on relative RMSE

provide a comparative view across models (Gleckler et al., 2008), but a single aggregate can hide performance differences

among fields. Proper distributional scores such as CRPS and its multivariate energy-score extension assess the forecast distri-

bution rather than only a point summary (Hersbach, 2000; Gneiting and Raftery, 2007).

We therefore use energy-distances E, which are the multi-dimensional extension of CRPS, or energy-distance scores S that310

compare emulator–ESM mismatch to the typical spread across ESMs (Sect. S4.2 in the Supplement). For the 10th, 50th and

90th percentile biases, GCMagicc is generally closer to a given CMIP6 model than a random other CMIP6 model across all

variables. For ENSO teleconnections, GCMagicc is in most models no closer than another random ESM in RMSE match of the

precipitation and temperature teleconnection patterns to the Niño-3.4 index (Sect. S4 in the Supplement). Global-mean time

series are much more closely matched by GCMagicc than by a random other ESM, with the aforementioned caveat that the315

long-term tas evolution is prescribed. Histograms in IPCC AR6 regions are generally well matched, while HumidityCoupling

(covariance between near-surface temperature and humidity) is comparable to a random other ESM for hurs and worse for

huss. Seasonal cycles and zonal means are closely matched. The intra-monthly variability is underestimated by GCMagicc;

inter-monthly variability is reproduced because the seasonal cycle dominates that signal.

The specific examples of comparison diagnostics against one random draw of out-of-sample SSP2-4.5 comparisons between320

GCMagicc and CMIP6 ESMs (Figure 3) shows a close alignment for annual surface air temperatures 90 percentile of ACCESS-

CM2 (Fig. 3a-c), with an energy distance slightly worse than the median compared to other bias comparisons (Fig. 3d),

including for SSP2-4.5 and the tas variable. The slightly decreasing trend of surface pressure psl in IPSL-CM6A-LR is matched

closely - being an example of global-mean variables of a particular ESM being mostly matched much more closely than a

random other CMIP6 ESM would (Fig. 3e-g). The depicted histograms of aCCESS-CM2 monthly mean maximal temperature325

tasmax distributions for the last twenty years of the 21st century in all grid cells of the Arabian Sea or the Russian Arctic (as

in the remainder, those region names refer to the IPCC AR6 regions) are worse than the usual GCMagicc vs ESM fit (see red

vertical bars towards higher values in 3j compared to the distributions) - which overall for histograms is mostly better than

the match between two random CMIP6 ESMs (Fig. 3h-j). The seasonal cycle of surface temperature ts is one of the better-

matching diagnostics, here shown for Bay of Bengal and New Zealand for the HadGEM3-GC31-LL model (Fig. 3k-m). The330

zonal mean is again very closely matched by GCMagicc for all variables and scenarios, here shown for the tas zonal mean of

the IPSL-CM6A-LR model (Fig. 3n-p). Even for the models for which we only use historical experiments to train, such as the
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UKESM1-0-LL model, the zonal means are better captured than for a random other CMIP6 ESM (Fig. S15 in the Supplement).

The intra-monthly variability is one of the known limitations of GCMagicc, here shown for tasmax, where GCMagicc shows

higher variability for the Equatorial Atlantic Ocean and Northern Pacific compared to the IPSL-CM6A-LR example (Fig. 3q-335

s). This randomly picked example is opposite to many others, as usually GCMagicc shows a lower intra-monthly variability.

The Humidity Coupling, here for the correlation between tas and hurs is in average only as well matched by GCMagicc as

another random CMIP6 ESM would, so has in fact large divergences from the here picked example from CESM2-WACCM

(Fig. 3t-w). Likewise, the pr teleconnections with the El Niño 3.4 index are in this particular EC-Earth3-Veg vs GCMagicc

ensemble of similar structure, but still show large differences in their correlation coefficients (Fig. 3x-z) - the shown example340

is representative of the average GCMagicc vs CMIP6 model match (Fig. 3aa).

In addition to these overall energy distance histograms per diagnostic, we also provide a detailed heatmap-like overview

of the energy distances per variable and diagnostic. The energy distances are rank-ordered and the absolute energy-distance

score S = 1 sits at the 78.9th percentile of the GCMagicc vs CMIP6 ESM comparisons we show (Figs. S22, S23 and S24 in

the Supplement). For all the diagnostics and variables with an energy distance score, the considered CMIP6 model is matched345

better by GCMagicc than by an average other CMIP6 model. In average, this also holds for the two ESM model families for

which only the historical experiment was used for training: UKESM1-0-LL (58th percentile) and the MIROC family (45–46th

percentile, both still below the 78.9th percentile that indicates S = 1). The latter motivates the choice from here on of using

GCMagicc in its observational setting, with the model-index predictor set to ERA5, for which by definition only historical

training data exist.350

5 Applications

5.1 Observationally and IPCC AR6 aligned projections

ESM output faces two main challenges as a climate-impact driver: bias against observations and divergence from assessed

future-trend ranges that take multiple lines of evidence into account. For example, for future surface air temperature ’tas’

projection IPCC ranges were informed by paleoclimatic, observational, process understanding and ESM derived evidence355

(IPCC AR6 WG1 Chapter 4, Lee et al., 2021). ESM output is often not aligned with observational data, giving rise to bias-

correction schemes such as ISIMIP3BASD (Lange, 2019). Individual ESMs are also by construction often not aligned with the

IPCC AR6 assessed warming ranges. ESMs mostly present initial condition runs within ensembles of opportunity multi-model

ranges (e.g. Tebaldi and Knutti, 2007); Individual ESMs sometimes do not even fall within the 5-95% warming ranges assessed

by IPCC. The median and upper range of the CMIP6 ensemble is up to a degree warmer than the IPCC AR6 assessed range360

for the higher scenarios, e.g. for SSP5-8.5 (‘ssp585’ in Fig. 4b).

GCMagicc in its ERA5-spliced mode (Sect. S2.8 in the Supplement) addresses both issues by construction: predictor selec-

tion and the two-pass global-tas correction align the global response with the MAGICC predictor distribution (which itself is

calibrated to represent the IPCC AR6 findings), while the historical splice aligns the temperature predictor with ERA5. The
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overall finding is that GCMagicc - by construction - is able to produce warmings in line with the IPCC AR6 assessed ranges365

for the various SSP scenarios (compare the IPCC AR6 ranges and GCMagicc projections for the SSP scenarios in Fig. 4b).

Subsampling to 20 members preserves the central and 5-95% range of the AR6 predictor ensemble to within 0.22 ◦C across

the tabulated scenarios (the largest difference between the 20-member AR6 and the 100-member ’AR7’ columns is 0.39 ◦C,

which combines subsampling with the AR6-to-CMIP7 ScenarioMIP change of predictor workflow; the workflow change alone

accounts for up to 0.23 ◦C), the largest deviation between the 20-member and 100-member p5, median and p95 values in370

Table S10 in the Supplement. The CMIP7 ScenarioMIP workflow adds a wetland methane feedback, which adds to warming

(Sloughter et al., 2025). The AR6 workflow is the default for comparability with assessed IPCC AR6 ranges; CMIP7 Scenar-

ioMIP predictor distributions are shown for context. Note that this CMIP7 ScenarioMIP workflow is the interim distribution

to produce GHG concentrations for the CMIP7 cycle, not the calibrated parameter distributions to match IPCC AR7 findings,

which might or might not also include higher climate sensitivity and transient climate response distributions (see e.g., Gyuleva375

et al., 2026).

The ERA5-only trained GCMagicc-PM projection could potentially provide a ’observational data’ only climate projection

that, if viable, would be an attractive avenue to pursue as many of the CMIP6 ESM biases towards observations could be

circumvented. We tested this avenue and found that our ERA5-only trained GCMagicc-PM has a relatively narrow uncertainty

when driven with just the radiative forcing predictors of the SSP scenarios (Fig. S25d in the Supplement). That could be380

mistaken as an observational-data projection uncertainty that narrows future warming uncertainties considerably. However,

when considering the perfect-model uncertainty, i.e. training GCMagicc-PM to a particular CMIP6 ESM only based on its

historical data - like ERA5 - and then inferring the SSP scenarios from it, the mismatch in future projections is considerable and

here illustratively combined with the GCMagicc-PM ERA5-aligned forecast (Fig. S25b in the Supplement). That illustrative

perfect model uncertainty range in projections then turns out to be comparable to the IPCC assessed range of future warming.385

Hence, we choose the alternative option of driving our ERA5-trained GCMagicc model with an expanded set of predictors,

namely also global-mean tas and global-mean rtnt predictors from MAGICC - which are calibrated to represent the IPCC

assessed ranges (Fig. 4b).

5.2 The regional example for IPCC AR6 alignment: Iran’s surface air temperatures

We have shown that global-mean warming projections of GCMagicc are aligned with the IPCC AR6 assessed ranges. Here we390

show how this alignment affects regional projections. The IPCC AR6 did not produce ’assessed’ projections at the regional

level. Using Iran as an example, we first investigate 24 CMIP6 ESMs for the SSP2-4.5 scenario and consider their historical

(1995-2014) and future (2081-2100) averages (Fig. 4c). The median warming in Iran is 3.2 ◦C for CMIP6 ESMs and 3.1 ◦C

for GCMagicc, with 5th-95th percentile ranges of 2.2-4.3 ◦C and 1.1-4.3 ◦C, respectively (Fig. 4c1,c2). The distributions are

not identical, but similar, indicating that GCMagicc captures the regional warming patterns of individual CMIP6 ESMs in395

Iran under the SSP2-4.5 scenario. When then running GCMagicc in the ERA5-aligned mode with probabilistic MAGICC

predictors that represent the IPCC AR6 uncertainty ranges, the median warming in Iran is substantially reduced to only 2.3

(1.6-3.4) ◦ in line with the global-mean IPCC assessed projection being lower than the median of CMIP6 ESMs (Fig. 4c3 and
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b). This example illustrates how regional projections aligned with the global IPCC AR6 assessed ranges might be substantially

different in mean warming (here almost one-third) compared to taking the projection medians and ranges from all available400

CMIP6 ESMs.

5.3 Comparing GCMagicc and CMIP6 ESMs with ERA5

We show energy distances (4.1) to represent the match of the emulator or ESM with the ERA5 reanalysis data for a range

of diagnostics, here averaged per variable (see Figs. S26–S28 in the Supplement for a disaggregated view of diagnostics and

variables). The found average energy distances across all diagnostics, averaged by variable, are rank normalized from the 1st405

(blue) to the 100th (red) percentile across 649,058 observational energy distance comparisons (see Figure 4d and Figs. S26–

S28 in the Supplement). Under the pooled comparison-weighted ranking, which is the weighting displayed in panel d, the

average match of an individual CMIP6 model varies between the 25th percentile (EC-Earth3-AerChem) and the 86th percentile

(MIROC-ES2L, least well matching observations) of all CMIP6-ERA5 comparisons (Figure 4d). In comparison, the calibrated

GCMagicc emulator achieves average percentile rankings of 17% for the GCMagicc version and 8% for the GCMagicc-CE410

version. Obviously, the emulator had the advantage of being directly calibrated to ERA5 data, while CMIP6 models only

indirectly were aligned with observational evidence throughout their various models in the development phase of each ESM.

These rankings are computed over the eight diagnostic groups shown in Figs. S26–S28 in the Supplement, which themselves

display the variable-first weighting; the ENSOCharacteristics and IndicatorFreq groups, which cover the oscillation-index

variables and frequency spectra identified as GCMagicc’s main limitation (Section 6), are not part of the ranking. These relative415

scores are dependent upon the relative weighting across the 649,058 energy distances. Under the variable-first ranking, which

first averages for each variable and then averages across variables, the CMIP6 model range is 39% to 63%, with GCMagicc

again being near the lower end at 41% to 44% for GCMagicc-CE and GCMagicc, respectively (the column percentages printed

in Figs. S26–S28 in the Supplement). Percentile rankings are conditional on the chosen diagnostics, and a diagnostic set that

would weigh variability and oscillation frequency spectra more would see a deterioration of the GCMagicc-CE relative ranking420

percentile.
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Figure 4. Alignment with observations and assessed warming. a1, Global-mean temperature projections for the SSP scenarios; a2,

current-policy and NDC-aligned scenarios; a3, CMIP7 scenarios. In panel b the left axis gives the 2081–2100 minus 1995–2014 change

and the right axis the same values re-referenced to 1850–1900 by adding 0.85 ◦C, the IPCC AR6 central estimate of observed 1995–2014

warming (IPCC, 2021); values quoted in the text and in Table S10 in the Supplement are on the 1850–1900 reference. b, End-of-century

(2081–2100) projections for the same scenarios. Where available, raw CMIP6 collections (crosses), IPCC AR6 assessed ranges (black bars),

the observationally aligned GCMagicc ensemble (circles), and the AR6/CMIP7 ScenarioMIP MAGICC predictor distributions are shown.

The perfect-model structural-uncertainty experiment is shown for the SSP scenarios (black think whiskers). c, Comparison of CMIP6 and

GCMagicc calibrations over 1995–2014 and SSP2-4.5 in 2081–2100 for all grid cells in Iran and their respective distribution medians and

widths, shown as histograms but also as 5-95th percentile ranges (horizontal bars) for area-weighted averages for the future and historical

period and their the distribution of differences across grid-cells. d, Relative energy distance aggregated by variable: the row-wise normalised

percentile of the observation-referenced energy distance for ten variables (rows) across GCMagicc, GCMagicc-CE and 22 CMIP6 models

(columns); colour gives the within-row percentile from 0 (blue, closest to ERA5) to 100% (red); the row of percentages above the matrix

is the comparison-weighted column mean. Alignment with assessed warming is imposed by the MAGICC predictor distribution and the

two-pass global-temperature correction; the remaining regional and multivariate diagnostics are evaluated independently.
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5.4 Scenario projections

We provide GCMagicc projections for all SSPs from the Coupled Model Intercomparison Project Phase-6 (CMIP6) cycle,

the final CMIP7 pathways (which are called H (high)/ HL (high-low) / M (medium) / ML (medium-low)/ L (low)/ VL (very

low)/ LN (low-negative)), current-policy scenarios from Phase 5.1 NGFS (Richters et al., 2026), and NDC-aligned pathways425

reflecting the status of countries’ NDC and LT-LEDS pledges (similar to (Meinshausen et al., 2022)) as of 30 June 2026 in low

and high variants and with and without US participation in the Paris Agreement (Sect. S6.2 in the Supplement). None of these

scenario applications requires retraining of the released GCMagicc configuration (Fig. 4a2,a3). The reason we choose this

broad set of scenarios is that SSPs are currently the main anchor point for climate studies and the IPCC AR6 report, the CMIP7

pathways are likely going to be the new anchor point for the next IPCC AR7 report, and the NDC-aligned and current-policy430

pathways are the most relevant for near-term policy and climate-impact studies. The NDC-aligned and current-policy pathways

are not part of the CMIP6 or CMIP7 scenario sets, so they are a test of GCMagicc’s ability to emulate policy-relevant scenarios

and were only recently created in the case of NDCs with a cutoff as of 30 June 2026.

As a first illustrative example, Fig. 4a shows global-mean near-surface air temperature projections for the SSP scenarios, the

NDC-aligned variants, and the current-policy pathways. The 2081–2100 warming range relative to 1850–1900, taken as the435

minimum of the 5th percentiles and the maximum of the 95th percentiles across the displayed scenarios, spans 1.2–6.1◦C for

the SSP scenarios, 1.5–4.0◦C for the current policy and NDC-aligned scenarios, and 1.2–4.2◦C for the CMIP7 set of marker

scenarios VL to H (see Table S10 in the Supplement).

The new CMIP7 scenario generation reflects the new policy-realities, i.e. that on the lower end, the projected warming space

is shifted slightly upwards, as the category of ’no and low overshooting of 1.5◦C’ scenarios is not considered feasible anymore.440

The starker change is however at the top end of the scenarios. Given that the current policy scenarios render the previous high

end scenarios (RCP 8.5 and SSP5-8.5 as well as SSP3-7.0) rather implausible - unless a major reversal of policies happens

that act against the strong economic forces that are in favour of renewable energies - the former upper end is not considered

plausible anymore. That can be taken as a success story of international climate action, while at the same time missing the

opportunity to stay below 1.5◦C is a failure.445

We already considered surface air temperatures in Iran as a regional example. In addition, we here illustratively also

consider surface air temperature, precipitation, and relative humidity over Türkiye, the host of COP31 (Fig. 5). Across the

23 displayed pathways, the 2081-2100 median change relative to 1995-2014 spans 0.91–4.57◦C for temperature, −2.50 to

−11.01 mm month−1 for precipitation, and −0.94 to −4.72 percentage points for relative humidity. For the warming, the

SSP scenarios end of century values from GCMagicc are again lower than the raw CMIP6 ESM model range (Fig. 5b), in450

alignment with the expectation based on global-mean temperatures and the findings for Iran (cf Fig. 4c). The 20-member

ensemble averages are compared to the single member ERA5 reanalysis data and show a reasonable match, but seemingly

worse performance for pr and hurs (Fig. 5c1,e1). The precipitation projections for Türkiye in GCMagicc simulator a reduction

throughout all SSP scenarios, while CMIP6 ESM scenarios show median projections for the end of the 21st century that imply

a decrease for the higher scenarios SSP3-7.0, SSP4-3.4, SSP4-6.0, and most strongly for SSP5-8.5, while the median projec-455
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tion implies an increase in precipitation for the lower scenarios SSP1-1.9, SSP1-2.6, SSP2-4.5 and SSP5-3.4-over (Fig. 5c2).

GCMagicc projections show a more uniform decrease of precipitation across the board for the SSP and other scenarios and

with a comparatively narrow uncertainty compared to CMIP6 ESMs. The ERA5 reanalysis data indicates a slight decrease

over the historical period with large year to year variability. The ERA5 reanalysis for relative humidity hurs shows a strong

decrease from around year 2000, and GCMagicc and CMIP6 ESMs show a decrease until the end of the 21st century (Fig. 5e1).460

GCMagicc decreases are slightly more moderate than the CMIP6 ESM median projected decrease, but more clearly within the

range of CMIP6 ESMs than in the case of the pr variable.

5.5 Attribution of the late-2025 Iranian drought

We follow the probabilistic event-attribution framework in which the likelihood of an observed event is compared with its

likelihood in a counterfactual world without anthropogenic forcing, and the difference is expressed through occurrence prob-465

abilities and their ratios (Stott et al., 2004, 2016; NASEM, 2016). The most directly comparable regional application is the

multi-country drought attribution for Syria, Iraq and Iran of Otto et al. (2023), which combines observations and model en-

sembles for this water-stressed region. Earlier work on the Fertile Crescent drought used a related framing (Kelley et al.,

2015). Here the counterfactual is supplied by the natural-only GCMagicc ensemble driven by natural forcings alone, and the

comparison ensembles are the historical+SSP2-4.5 and natural-only simulations by three CMIP6 ESMs that provided large470

ensembles.

We use the late-2025 Iranian drought as a demanding multivariate application because SPEI-48 requires temporally stable

precipitation and potential evapotranspiration drivers over several decades (Fig. 6). This is an illustrative capability evaluation,

not a claim that one case study validates all possible impact applications.

We use FAO-56 Penman–Monteith potential evapotranspiration and cosine-latitude-weighted Iranian drought index SPEI-48475

averaged over all Iranian 1x1-degree gridcells throughout. For each of the 60 ERA5 months in 2021–2025, the recent diagnostic

estimates the probability of modeled SPEI-48 being at or below the observed threshold from the ensemble-member cross-

section in the same year and calendar month. The future diagnostic compares each observed threshold with the corresponding

calendar month’s distribution pooled across members and 2041–2060. We report the median and 5–95% range across the 60

month-matched probabilities, together with the probability obtained by pooling all modeled values in each window against the480

ERA5 derived SPEI48 value from December 2025 (Sect. S8 in the Supplement).

For GCMagicc in 2021–2025, the median month-matched probability of SPEI48 below ERA5-derived values is 29.00%

[13.00–57.05%] in the full-forcing ensemble and 0.00% [0.00–7.05%] in the natural-only forcing ensemble. Against the De-

cember 2025 ERA5 threshold, pooling all 60 months gives probabilities of 11.25% (675/6,000) in the full-forcing ensemble

and 0.35% (21/6,000) in the natural-only forcing ensemble. Under SSP2-4.5 in 2041–2060, the month-matched medians rise485

to 75.10% [58.17–91.41%] for the full-forcing ensemble and 1.40% [0.25–6.39%] for the natural-only forcing ensemble (Ta-

ble S12 in the Supplement). In our GCMagicc ensemble, we estimated that a similarly rare (10-15% probability) drought state

in just 25 years will not be categorised as "severely dry" but as "extremely dry" (Figure 6f).
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Figure 5. Multi-variable regional scenario example for Türkiye. Rows show annual near-surface air temperature (a,b), precipitation

(c,d), and relative humidity (e,f). Columns show the eight CMIP6 SSP scenarios (left); SSP2-com, four NDC-aligned variants, and three

current-policy pathways (middle); and all seven CMIP7 scenarios (right). Coloured lines are GCMagicc medians, light shading is the 5–95%

ensemble range, and the black line is ERA5 through 2025. The relative change between the 2081-2100 period and the 1995-2014 baseline is

shown in panels b, d and f (dot medians and 5-95% ranges) for GCMagicc, including the same diagnostic across CMIP6 models (cross and

5-95% ranges)
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The results suggest that the drought state at the end of 2025 seems to have near-zero probability without human-induced

climate change. Note that these are finite-ensemble empirical probabilities, though: a zero count is reported as 0% and is not490

evidence that the event is physically impossible under natural-only conditions. Even under current human-induced climate

change, it was a rare event with an estimated probability of only about 10-15% in the 2021–2025 period. The results also

suggest that the probability of such a drought state will increase substantially in the future. Under a scenario that resembles

current-policy scenarios (SSP2-4.5), we estimate that in the period 2041-2060, such a drought state has a 3-in-4 probability,

meaning that it counts as one of the ’wetter’ states compared to the average. How societies can adapt to such drastic changes495

in water availability is unknown. Already in 2025, the issue of how to relocate millions of people, if the drought in Teheran

were to continue, was being discussed. The active destruction of water infrastructure, especially water desalinisation plants

(Shamim, 2026), and the potential risk for destruction in continuing of future conflict is a major risk for the region, and the

results here suggest that such risks will be amplified by human-caused climate change.

We here further investigate the meteorological drivers of the Penman-Monteith drought state for the 21st century. We com-500

pare the individual drivers, like pr, rsds, sfcWind, hurs, psl, across GCMagicc and GCMagicc-CE with the ones present in

CMIP6 ESMs. In general, the CMIP6 ESM ensemble projects a wider range of outcomes than produced by either GCMagicc

or GCMagicc-CE (Fig. S29a, b and c in the Supplement), but GCMagicc is well situated in the middle of the CMIP6 ESM en-

semble range. Overall, it is apparent that evolution in surface air temperature related variables is the main driver of the drought

intensification, as every other driver, in isolation produces either slightly positive (wetter) shifts for SPEI48 or near-zero ones505

(see grey-white sections of Fig. S29 in the Supplement). Interestingly, the reduction in sfcWind seems to persist and slightly

increase as a driver for wetter conditions in a few models (GCMagicc-CE, CanESM5 and most of the CMIP6 models). If

temperatures were held fixed (see ’clamp tas/tasmin/tasmax’ in Fig. S29 in the Supplement), GCMagicc and GCMagicc-CE

project opposite signs of late 21st century drought evolution, approximately in line with the CMIP6 ESM spread.

5.6 Comparison with conventional single-model initial-condition large ensembles (SMILEs)510

While most of the CMIP6 ESMs have only a few ensemble members (see the single member CMIP6 ESM examples in Figure

6b and c), a few CMIP6 models provided large ensemble runs. We use those SMILEs to perform the same monthly Penman–

Monteith diagnostic as with GCMagicc (Figure 6h-m). We obtain recent empirical frequency probabilities of month-matched

median probabilities under all-forcing/natural-only forcing runs of 44.00%/0.00% for CanESM5, 2.00%/2.00% for MIROC6,

and 13.64%/15.00% for GISS-E2-1-G. The CanESM5 therefore shows qualitatively similar results to GCMagicc, whereas our515

analysis of MIROC6 and GISS-E2-1-G data indicates very low probabilities even under all-forcing conditions. The trend of

future drought projections is increasing, yet, materially different across all three SMILES. The December 2025 drought state

might be considered "extremely dry" under all SMILES if a similarly low probability event were picked in the future. For

2041–2060 the corresponding all-forcing/natural medians 2021-2025 drought months are 91.20%/0.00%, 24.55%/2.40%, and

49.55%/16.00% (Table S12 in the Supplement), which means that under the CanESM5 model, the last 5 years of drought520

state would be considered exceptionally wet. The other two models still consider the recent drought state as a dry or average

state. These latter two model ensembles of MIROC6 and GISS-E2-1-G seem to be implying a drought intensification over the
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Figure 6. Iranian Penman–Monteith SPEI-48 drought diagnostics and comparison with CMIP6 single-model initial-condition large

ensembles. (a) ERA5 SPEI-48 in December 2025. (b,c) Monthly cosine-latitude-weighted Iranian SPEI-48 for GCMagicc factual SSP2-4.5

and natural-only SSP2-4.5-nat ensembles, with ERA5 and CMIP6 historical/SSP2-4.5 context. Open circles in panel (b) show the indepen-

dently derived ERA5-Drought SPEI-48 product of Keune et al. (2025), included over its observational period as a consistency check; it uses

the same reanalysis but an independent implementation of the index, so agreement indicates that our SPEI-48 construction is not an artefact of

our own processing chain. (d,e) Pooled monthly distributions for 2021–2025 and 2041–2060; the ERA5 distribution contains the 60 months

of 2021–2025, and the solid green line marks the latest ERA5 threshold from December 2025. The GCMagicc predictors are ERA5-spliced

only to the 2023 fade-out, so 24 of those 60 months lie outside the observationally anchored period. (f,g) Factual and natural-only monthly

drought-severity trajectories with curves marking modeled SPEI-48 values at empirical below-threshold probabilities of 100%, 50%, 10%,

and 5%. (h–m) The same probability curves for CanESM5, MIROC6, and GISS-E2-1-G historical-to-SSP2-4.5 and historical-natural trajec-

tories. SMILE panels use model-pooled 1991–2010 calendar-month fits, raw surface downwelling shortwave radiation, and cosine-latitude

weighting. Natural-only output ends in 2020 for CanESM5 and MIROC6 and in 2014 for GISS-E2-1-G; each member’s final five complete

years is repeated member-wise thereafter. These repeats are stationary extensions used both for display and for the post-endpoint diagnostics,

and they supply no additional temporal degrees of freedom; titles report the live source inventory. Background bands indicate standard SPEI

drought-severity classes.
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21st century, whereas the CanESM5 model seems to be more a middle-ground model across various CMIP6 ESMs (see first

columns ’all evolving’ in Fig. S29a, b and c in the Supplement).

6 Limitations525

GCMagicc’s most consequential limitation for impact applications is its representation of monthly variability and of low-

frequency climate oscillations: variability is over- or under-estimated depending on the variable, and the amplitude and fre-

quency spectra of PDO, NAO and ENSO modes are not yet at parity with the range across CMIP6 ESMs (not shown), let alone

with the observational record. SPEI-48 and other multi-year drought indices inherit this limitation, although the self-calibrating

nature of the SPEI formulation, fitted against the baseline-period parameter distributions, limits the effect. Matching observa-530

tional frequency-response spectra is generally a challenge for climate emulators and to our knowledge is not yet achieved by

other comparable approaches (Tebaldi et al., 2025); obtaining ENSO teleconnection patterns at the level of the typical CMIP6

inter-model spread (Fig. 3aa) is therefore a step rather than a solution.

The remaining limitations fall into two categories. First, the training data are imperfect: ESM-specific internally active ra-

diative forcings are not all known; the number of CMIP6 ESMs spanning the full idealised, single-forcing and ScenarioMIP535

experiment set is small; regridding loses fine-grid detail and interpolates coarse models; and ensemble-member counts are

uneven. Second, the output space is constrained to ten monthly variables without vertical, interior-ocean, or soil-state out-

put and without convection-resolving processes. Drought results additionally depend on the short 1991–2010 fitting baseline,

generalised logistic (GLO) tail estimation, cosine-latitude regional aggregation, Penman–Monteith assumptions, forcing con-

struction, model dependence, and reanalysis uncertainty. SPEI-48 autocorrelation does not invalidate a probability estimated540

across independent ensemble members at a fixed year and month, but it prevents interpreting the 60 monthly diagnostics or the

nominal member-times-month pool as independent observations.

7 Conclusions

We have introduced GCMagicc, a hybrid machine-learning emulator that couples the simple climate model MAGICC to a

multi-variable, spatially explicit generator trained on CMIP6 and ERA5, with global-mean temperature aligned to observations545

and, by predictor construction, to the IPCC AR6 assessed warming distribution, and regional and multivariate fidelity evaluated

rather than imposed. GCMagicc produces 1◦×1◦ monthly ensembles whose multivariate relationships remain coherent across

variables that jointly shape impacts. Rather than replacing Earth system models, GCMagicc complements them, preserving the

role of ESMs for process discovery and feedback analysis while providing a computationally efficient pathway to translate the

evolving scenario landscape into impact-relevant regional hazards at ensemble scale (Tebaldi et al., 2025; Kendon et al., 2025;550

Watson-Parris et al., 2022).

The combined capability matters. The Iranian drought example shows increasing future risk in GCMagicc and all three

SMILEs, even though the time-evolving probabilities of these drought states are model-dependent. Producing the comparison
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requires GCMagicc’s multivariate output, decomposed forcings, observation alignment, and large stochastic ensembles. As

scenario ranges for CMIP7 narrow at both the high and the low ends compared to the SSP scenarios and ESM ensembles for555

new policy-relevant scenarios remain limited, machine-learning emulators that can scan the assessed uncertainty distribution

across multiple variables and across forcing combinations within or near the envelope they were trained on become increasingly

important for regional climate-risk assessment (Arias et al., 2021; Network for Greening the Financial System, 2024).

Code and data availability. The standalone GCMagicc v1 model and evaluation release is archived at Zenodo at https://doi.org/10.5281/

zenodo.22139683 (Meinshausen et al., 2026) and at https://github.com/maltemeinshausen/GCMagicc_v1_manuscript under Apache License560

2.0. The MAGICC simple climate model, used here as the global-mean predictor generator, is described by Meinshausen et al. (2011a); all

predictors used in this paper were generated with MAGICC v7.5.3 driven by the AR6 probabilistic parameter set, as configured by the AR6

workflow default. That parameter set is the AR6 drawn set magicc-ar6-0fd0f62-f023edb (sub-sample set 0fd0f62 of derived-metrics

set f023edb, drawn 9 February 2021), licensed CC BY-NC 4.0. MAGICC binaries are obtained by registration at https://live.magicc.org;

For MAGICC releases, see https://gitlab.com/magicc/magicc/- /tree/v7.6.0a3. MAGICC v7.6.0a3 is the CMIP7 ScenarioMIP fast-track565

configuration and with methane feedbacks switched off is functionally the same as MAGICC v7.5.3.

The input data underlying this work are CMIP6 model output distributed through the Earth System Grid Federation and the ERA5 reanalysis

distributed through the Copernicus Climate Data Store (Copernicus Climate Change Service (C3S), 2019). The 76 CMIP6 data references

covering the 32 source models and the four MIP activities used here (CMIP, ScenarioMIP, DAMIP and CFMIP) are tabulated by DOI in

Table S2 in the Supplement, with their corresponding full dataset citations in its reference list. The model–experiment–member combinations570

drawn from CMIP6 are listed in Table S1 in the Supplement. GCMagicc data are released under CC BY 4.0 in four packages: (1) output

replicating CMIP6 model–scenario combinations; (2) ERA5-aligned scenario projections; (3) CMIP6-format output for the 20-member

ERA5-spliced ensembles; and (4) analysis data underlying the manuscript figures.
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