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Abstract Machine learning (ML)‐based models have demonstrated high skill and computational
efficiency, often outperforming conventional physics‐based models in weather and subseasonal
predictions. While prior studies have assessed their fidelity in capturing synoptic‐scale atmospheric
dynamics, their performance across timescales and under out‐of‐distribution forcing, such as +3K or +4K
uniform‐warming forcings, and the sources of biases remain elusive, to establish the model's reliability
for Earth science. Here, we design three sets of experiments targeting synoptic‐scale phenomena,
interannual variability, and out‐of‐distribution uniform‐warming forcings. We evaluate the Neural
General Circulation Model (NeuralGCM), a hybrid model integrating a dynamical core with ML‐based
component, against observations and physics‐based Earth system models (ESMs). At the synoptic scale,
NeuralGCM captures the evolution and propagation of extratropical cyclones with performance comparable
to ESMs. At the interannual scale, when forced by El Niño‐Southern Oscillation sea surface temperature
(SST) anomalies, NeuralGCM successfully reproduces associated teleconnection patterns but exhibits
deficiencies in capturing nonlinear response. Under out‐of‐distribution uniform‐warming forcings,
NeuralGCM simulates similar responses in global‐average temperature and precipitation and reproduces
large‐scale tropospheric circulation features similar to those in ESMs. Notable weaknesses include
overestimating the tracks and spatial extent of extratropical cyclones, biases in the teleconnected wave train
triggered by tropical SST anomalies, and differences in upper‐level warming and stratospheric circulation
responses to SST warming compared to physics‐based ESMs. The causes of these weaknesses were
explored. Despite the noted weaknesses, NeuralGCM reproduces responses across experiments reasonably
and performs comparably to ESMs. By integrating a dynamical core with ML, NeuralGCM shows potential
for developing ML‐based ESMs.

Plain Language Summary Machine learning (ML)‐based models hold great potential to transform
how well we simulate weather and Earth's climate, with several recent successes. However, for these models
to be trusted in Earth system science, they must produce simulations consistent with physical laws, even under
conditions they have not encountered before. While ML‐based models have been tested for weather
forecasting, it remains uncertain whether they can produce reasonable responses in long‐term simulations
under unusual or novel forcings. A broad evaluation across different timescales is therefore essential. Besides,
how well the emergent ML techniques can complement conventional physics‐based models is still an open
question. In this study, we present a series of idealized tests that cover systems at the synoptic scale,
interannual scale, and under long‐term out‐of‐distribution forcings. We test NeuralGCM, a hybrid model that
combines a traditional differentiable solver for atmospheric dynamics with ML components, using a set of
idealized experiments. NeuralGCM produces reasonable responses in all cases and performs similarly to
conventional physics‐based Earth system models, though with some limitations in simulating extratopical
cyclone strength, atmospheric wave responses, and stratospheric warming and circulation responses. Overall,
combining ML with established physics‐based frameworks represents a promising path toward developing
ML‐based Earth system models.
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1. Introduction
Earth system models (ESMs) are essential tools for understanding past climates and predicting possible future
changes under illustrative emission scenarios (Flato et al., 2013; IPCC, 2021; Ullrich et al., 2025; Zhou
et al., 2020). However, conventional physics‐based ESMs remain computationally expensive and rely on
simplified parameterizations of fundamental physical processes (Acosta et al., 2024; Eyring, Gentine, et al., 2024;
Ullrich et al., 2025). These limitations, combined with incomplete understanding of the Earth system, lead to
persistent biases in simulating temperature (e.g., Flato et al., 2013;Meehl et al., 2020; Tebaldi et al., 2021; Zelinka
et al., 2020), precipitation (e.g., D. Chen et al., 2021; Z. Chen et al., 2024; Christopoulos & Schneider, 2021;
Zhou, Leung, & Lu, 2022; Zhou, Ruby Leung, & Lu, 2022), sea surface temperature (e.g., Li & Xie, 2012; Wang
et al., 2014; Zhang et al., 2023), jet streams and blocking (e.g., Chemke & Coumou, 2024; Chemke et al., 2022;
Pithan et al., 2016; Tang et al., 2024; Woollings et al., 2018), and tropical atmospheric circulation (e.g., Adam
et al., 2016; Chemke & Yuval, 2023; Z. Chen et al., 2024; Ren & Zhou, 2024; Tian & Dong, 2020; Zhou, Leung,
& Lu, 2022; Zhou, Ruby Leung, & Lu, 2022). Improving both the efficiency and reliability of ESMs remains a
central research priority.

Recent advances in machine learning (ML) have led to the development of fast and accurate data‐driven models
for weather prediction (Camps‐Valls et al., 2025; Eyring, Collins, et al., 2024; Eyring, Gentine, et al., 2024;
Ullrich et al., 2025). ML‐based models trained on observations and reanalysis data sets now rival physics‐based
models in predictive skill, while offering substantial gains in computational efficiency (Bi et al., 2023; Bouallègue
et al., 2024; Keisler, 2022; Lam et al., 2023; Rasp et al., 2024). They have demonstrated strong performance for
both deterministic and ensemble forecasts across a wide range of spatial and temporal scales (Bi et al., 2023;
Bouallègue et al., 2024; Kochkov et al., 2024; Pathak et al., 2024; Price et al., 2024). Recent studies mainly
focused on synoptic‐scale forecasting (Bouallègue et al., 2024; Husain et al., 2025; Rasp et al., 2024; Sun
et al., 2025; Zhou et al., 2025), with limited efforts devoted to predictions at subseasonal (Diao & Barnes, 2025;
Peings et al., 2025), seasonal (Kent et al., 2025; Zhang et al., 2025) or even longer timescales (Baxter et al., 2025).
Despite these advances, building trust in ML‐based ESMs remains a critical challenge (Eyring, Collins,
et al., 2024; Ullrich et al., 2025).

A key open question is whether ML‐based models truly learn physical principles or simply reproduce statistical
patterns from the training data. Hakim andMasanam (2024) addressed this by designing four idealized tests under
realistic topography and climatological mean conditions. These tests included a steady tropical heating test with
Matsuno‐Gill response, an extratropical cyclone test, a geostrophic adjustment test, and an Atlantic tropical
cyclogenesis test. Results from the ML‐based global weather‐forecasting model, Pangu‐Weather (Bi et al., 2023),
suggested that it encoded physically meaningful behavior consistent with theory (Hakim & Masanam, 2024).
Other studies have evaluated specific cases such as extratropical cyclones and air‐sea interactions (Baño‐Medina
et al., 2025; Bonavita, 2024;Wang et al., 2024), though challenges persist in representing geostrophic balance and
the inner‐core structure of tropical cyclones in current ML‐based models, such as Pangu, FourCastNet and
GraphCast (Bonavita, 2024).

Beyond short‐term weather prediction, far less is known about how ML‐based models perform in climate sim-
ulations or under out‐of‐distribution forcings. Prior idealized tests have focused on synoptic‐scale processes
(Baño‐Medina et al., 2025; Bonavita, 2024; Hakim &Masanam, 2024; Wang et al., 2024). A recent work by Kent
et al. (2025) extended evaluation timescales by using the ML‐based weather model, ACE2, for seasonal pre-
diction (Watt‐Meyer et al., 2023). When initialized in November with persisted SST‐anomaly forcings, ACE2
skillfully reproduced ENSO teleconnection patterns in the following winter, though with potential limitations in
capturing extreme seasonal states extending outside the training data sets (Kent et al., 2025). Whether ML‐based
models can remain stable and physically credible in long‐term climate simulations under sustained out‐of‐
distribution forcings remains an open question (Eyring, Collins, et al., 2024). Besides, most previous studies
have evaluated fully ML‐based models that emulate physics‐based models, leaving the role and limitations of ML
components within hybrid physics‐ML systems largely underexplored. Addressing these gaps will shed light on
the development of next‐generation ML‐based ESMs (Camps‐Valls et al., 2025; Kochkov et al., 2024; Ullrich
et al., 2025).

Recently a hybrid model, Neural General Circulation Model (NeuralGCM), that combines a conventional
dynamical core with an ML‐based component, might provide possible pathway to simulate responses under the
out‐of‐distribution forcings (Kochkov et al., 2024; Yuval et al., 2026). Despite potential risks of long‐term
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instability, NeuralGCM has demonstrated strong skill in weather forecasting, seasonal prediction of tropical
cyclones (Kochkov et al., 2024; Zhang et al., 2025), and capturing key dynamical processes such as geostrophic
balance, tropical waves propagation, and extratropical eddy‐mean flow interaction (Baxter et al., 2025; Kochkov
et al., 2024). Recent studies have begun to explore NeuralGCM's applicability under warming climates. Duan
et al. (2025) used NeuralGCM to simulate a historical heatwave event under SSP3‐7.0 forcing scenario for the
year 2050, representative of ∼1.4 (0.9 ∼ 2.3) K global warming relative to 1995–2014 (Lee et al., 2021).
Similarly, Jiménez‐Esteve et al. (2025) performed attribution analyses of four heatwave events after removing an
estimated ∼1.3 K anthropogenic warming signal. Although these perturbations may still lie within the effective
training distribution, they suggest that NeuralGCM has potential for simulating warming‐related responses.
Kochkov et al. (2024) previously examined NeuralGCM's generalizability in uniform SST‐warming experiments,
showing that the model reproduced several robust features associated with moderate +1K and +2K SST in-
creases, but diverged from physics‐based expectations under substantial SST increases (+4K). Zhang and
Merlis (2026) also conducted +2K SST uniform‐warming experiment and emphasized the role of the dynamical
core in constraining NeuralGCM's warming responses. Despite that, earlier uniform‐warming studies relied on
single realizations, whereas robust characterization of forced responses typically requires ensemble simulations.
Additionally, NeuralGCM's behavior under persistent out‐of‐distribution forcings and the mechanism governing
its successes and failures remain largely unexplored.

To address these gaps, we design three idealized experiments to evaluate ML‐based models across multiple
timescales: (a) synoptic‐scale weather systems, (b) atmospheric responses to interannual SST variability, and (c)
responses to out‐of‐distribution uniform‐warming SST forcings. We address two key questions: (a) Does Neu-
ralGCM encode physically meaningful atmospheric dynamics? (b) If so, can it generate credible responses to
interannual SST variability and to sustained out‐of‐distribution warming forcings? Here we use the stochastic
version of NeuralGCM at 2.8° horizontal resolution, with 37 vertical pressure levels and 1‐hr time step.

The remainder of this paper is organized as follows. Section 2 describes the experimental designs and data sets.
Section 3 presents results comparing NeuralGCM to observations and physics‐based ESMs. Section 4 provides a
summary and discussion.

2. Data Sets and Methods
2.1. Observational and Reanalysis Data Sets

We employ several observational data sets both to provide model inputs and to evaluate model performance. To
identify ENSO years and reduce observational uncertainty and dependence, we use two monthly gridded
observational SST data sets: (a) the Hadley Centre Global Sea Ice and Sea Surface Temperature version 1.1
(HadISST v1.1) from 1870 to present (Rayner et al., 2003) and (b) Extended Reconstructed Sea Surface Tem-
peratures Version 5 (ERSST v5) from 1854 to present (Huang et al., 2017). For precipitation, we use the Global
Precipitation Climatology Project version 2.2 (GPCP v2.2) spanning from 1979 to the present (Adler et al., 2003).
To evaluate large‐scale circulation patterns, we use ERA5, the fifth‐generation global reanalysis produced by the
European Centre for Medium‐RangeWeather Forecasts, which originally has a spatial resolution of 0.25° × 0.25°
and 137 vertical levels from the surface to 80 km, spanning from 1950 to the present (Hersbach et al., 2019).

Because GPCP does not extend before 1979, ERA5 precipitation data are used as a substitute to evaluate
anomalies during three pre‐1979 ENSO events (1972/1973, 1973/1974, 1975/1976) (Jiménez‐Esteve &
Domeisen, 2019).

2.2. Physics‐Based Model Simulations

We analyze daily and monthly outputs of air temperature, surface temperature, geopotential height, precipitation,
vertical velocity, and horizontal winds from the first available realization of the atmosphere‐only Atmospheric
Model Intercomparison Project (AMIP) runs from 18 CMIP6 models (Table S1 in Supporting Information S1)
(Eyring et al., 2016). To estimate uniform‐warming responses, we further use AMIP‐P4K simulations from seven
CMIP6 models (Webb et al., 2017). All data sets span the period 1979–2014. Prior to computing multi‐model
means, all model simulation outputs are regridded to 2.5° × 2.5° resolution, using bilinear interpolation for
circulation patterns, and first‐order conservative interpolation for temperature, geopotential height and
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precipitation (Seneviratne et al., 2021). For cyclone tracking and computing pattern correlation coefficients and
normalized root‐mean‐square errors, all fields at their native resolutions are regridded to 2.8° × 2.8°.

2.3. Design of Idealized Experiments

NeuralGCM is a hybrid ML‐based model that integrates a differentiable atmospheric dynamical core with ML‐
based components (Kochkov et al., 2024; Yuval et al., 2026). We use the stochastic version of NeuralGCM
trained on ERA5 atmospheric fields and Integrated Multi‐satellitE Retrievals for Global Precipitation Mea-
surement (IMERG) version 7 precipitation from 2001 to 2018, with 2.8° spatial resolution and 37 vertical σ‐levels
(Yuval et al., 2026). NeuralGCM predicts the atmospheric states at the next time step using prescribed SST and
sea‐ice concentration, producing deterministic and ensemble forecasts with comparable or superior skill to both
pure ML‐ and physics‐based models (Kochkov et al., 2024). Compared to CMIP6 models—which typically have
1.4° × 1.4° horizontal resolution and ∼58 vertical levels—NeuralGCM operates at coarser spatial and vertical
resolutions. Additional model details can be found in Kochkov et al. (2024) and Yuval et al. (2026).

We design three classes of idealized experiments targeting (a) synoptic‐scale systems, (b) atmospheric responses
to interannual SST variability, and (c) responses to long‐term uniform SST warming, with the latter focusing on
NeuralGCM's behavior under out‐of‐sample or out‐of‐distribution forcings (Figure 1 and Table S2 in Supporting
Information S1). All experiments are initialized from ERA5 atmospheric states and run with hourly integration,
using daily updated ERA5 SST and sea‐ice concentration. Following NeuralGCM documentation (https://neura
lgcm.readthedocs.io/en/latest/checkpoint_modifications.html), we fix the global‐mean surface pressure to
enhance numerical stability. Model performance is evaluated using pattern correlation coefficients (PCCs) and
normalized root‐mean‐square errors (NRMSEs) between NeuralGCM and observation/physics‐based models.
The NRMSEs have been normalized by the spatial standard deviation of the observations or physics‐based
models.

Figure 1. Schematic diagram summarizing the hierarchical testing simulations conducted with NeuralGCM and CMIP6 ESMs. The top panels illustrate the core
structure of the NeuralGCM model and the setup of AMIP simulations in the CMIP6 ensemble. The bottom panels highlight the three testing simulations: extratropical
cyclonic (ETC) and atmospheric response to ENSO‐like SST anomaly (SSTA) and uniform SST warming. The left two bottom panels show the NeuralGCM‐simulated
responses in anomalous geopotential height and air temperature for the ETC and ENSO‐like SSTA experiments, while the right bottom panel shows the setup of the
uniform warming experiments.
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2.3.1. Extratropical Cyclone (ETC) Experiments

ETCs are identified in ERA5 and CMIP6 models as local maxima in 1000‐hPa geostrophic relative vorticity
exceeding 10− 4 s− 1 using 6‐hourly data, following Hakim (2003). We focus on ETC wave packets over the
western North Pacific (38°N–42°N, 148°E− 152°E) during boreal winter (December–February, DJF) from 1979
to 2020. To avoid duplication, any cyclones forming within 24 hr and within the same domain (38°N–42°N,
148°E− 152°E) after an initial detection are removed. This yields 526 ETC cases in the observations.

For each case, NeuralGCM is initialized with ERA5 atmospheric states on cyclone‐formation date and integrated
for 4 days, forced by the corresponding daily SST and sea‐ice concentration prescribed to the NeuralGCM as
boundary conditions. Skill is assessed through PCCs and NRMSEs of geopotential height and temperature over
the North Pacific (30°–60°N, 140°E− 120°W). A parallel experiment is conducted for 453 summertime ETCs
(June–August).

Since NeuralGCM ETC simulations are case‐initialized with realistic ERA5 atmospheric states, whereas CMIP6
AMIP runs are continuous free‐running simulations, NeuralGCM may benefit from the constraints of the initial
conditions. To enable an “apples‐to‐apples” comparison, with the same configuration as the CMIP6 AMIP
protocol, we also conduct long‐term free‐running AMIP transient simulations with NeuralGCM, driven by daily
SST and sea ice from 1979 to 2014. Three ensemble members are generated using different initial conditions,
hereafter referred to as “NeuralGCM AMIP runs” for convenience. When comparing NeuralGCM with CMIP6
AMIP runs, we use these free‐running NeuralGCM AMIP simulations.

2.3.2. ENSO‐Like SST Anomalies (SSTA) Experiments

To assess the model's ability to simulate ENSO‐induced anomalies, composites of large‐scale anomalies during
strong El Niño and La Niña years are computed using observations, the NeuralGCM AMIP runs, and the CMIP6
AMIP runs. El Niño (La Niña) events are defined as DJF‐mean, detrended Niño3.4 SSTA exceeding ±2 standard
deviations during 1950–2020 (Jiménez‐Esteve & Domeisen, 2019). As NeuralGCM AMIP runs have three
ensemble members, multi‐member composites are used to obtain robust ENSO responses.

2.3.3. Uniform Warming Experiments

We design a set of long‐term SST‐uniform‐warming runs from 1979 to 2014, following the experimental
configuration of CMIP6 AMIP‐P4K runs. The configurations mirror that of the NeuralGCMAMIP runs, but with
SST uniformly warmed by +2K and +4K, respectively. Three ensemble members are produced (Table S2 in
Supporting Information S1). The average responses across the multi‐uniform‐warming scenarios, referred to as
“AMIP‐PxK” for convenience. These two sets of uniform‐warming simulations are referred to as “36‐year AMIP‐
PxK” for convenience.

To validate the uniform‐warming responses in NeuralGCM under large‐ensemble simulations, we further design
both 1‐year AMIP and AMIP‐PxK uniform‐warming experiments with NeuralGCM. In the 1‐year AMIP
configuration, SST and sea‐ice concentration are prescribed as the 1979–2020 climatological mean. To reduce
internal variability and yield a more robust response, we perform 20 ensemble members initialized on the first
days of consecutive months from January 2018 to August 2019. Each simulation spans 1 year (January 1st to
December 31st) with SSTs uniformly increased by +1K, +2K, +3K, and +4K relative to the 1‐year AMIP
baseline. Each warming scenario includes 20 ensemble members initialized identically to the 1‐year AMIP
ensemble. Observed SST interannual variability rarely exceeds 2 K across most regions (Bulgin et al., 2020), so
the +3K and +4K experiments represent out‐of‐distribution forcings.

It should be noted that stochastic version of NeuralGCM generates space‐time correlated Gaussian random fields
by random seeds, which both perturb the initial conditions and introduce stochasticity into the neural network
parameterization (Kochkov et al., 2024; Zhang et al., 2025). In contrast, perturbation using different initial
conditions alone allows the computation of ensemble means while primarily sampling initialization uncertainty
(Brenowitz et al., 2024; Jiménez‐Esteve et al., 2025). Therefore, in principle, both perturbation of random seeds
and initial conditions are required to generate ensembles of statistically independent forecasts.

To facilitate comparison across different uniform‐warming scenarios, responses are computed as the difference
between AMIP‐PxK and AMIP‐like simulations, normalized by the global‐mean SST warming magnitude. We
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mainly describe the results of the 36‐year AMIP‐PxK runs, while the responses of the 1‐year AMIP‐PxK runs are
presented in the Supporting Information S1.

3. Results
3.1. NeuralGCMCaptures the Evolution of Extratropical Cyclone but Overestimates Their Spatial Extent
at Synoptic Scale

The western North Pacific is a canonical source region for ETC genesis, with systems typically developing and
propagating downstream (e.g., Gyakum & Danielson, 2000; Hakim, 2003; Yoshida & Asuma, 2004). Our first
experiment examines the time evolution of localized ETCs forming in this region. Figure 2 and Figure S1 in
Supporting Information S1 present the composites of anomalous geopotential height (zg500 & zg1000) and air
temperature (ta500 & ta1000) at 500 and 1,000 hPa, derived from 526 observed cases.

In observations, ETCs move eastward and slightly northward at 1,000 hPa after formation (Figure S1 in Sup-
porting Information S1 left). At upper levels, the trough develops into a wave packet that propagates along the
westerly jet (Figures 2a, 2c, 2e, and 2g). By day 3, the system reaches the central North Pacific (Figure 2g). Warm
and cold anomalies appear ahead of and behind the ETC centers (gray contours), respectively, producing strong
horizontal temperature gradient near the surface cold front that support trough intensification.

NeuralGCM simulations initialized with ERA5 atmospheric conditions reproduce the observed evolution of the
cyclones and wave packet with reasonable fidelity. PCCs for zg500 exceed 0.8 and NRMSEs remain below 0.9
during the first four days, indicating skill in representing ETC dynamics. However, the dispersion characteristics
in NeuralGCM is somewhat different, with the downstream ridges and troughs dissipating at a faster rate. Similar
skill is found for zg1000 (Figure S1 in Supporting Information S1). The summer ETC experiments yield
consistent but weaker anomalies, reflecting reduced cyclone development during the warm season (Figure S2 in
Supporting Information S1).

Despite these strengths, NeuralGCM tends to overestimate ETC spatial extent and exhibit track biases. By day 3,
simulated systems become more expansive and intense than observed (Supplementary Figures S1g and S1h in
Supporting Information S1). These errors likely arise from biases in storm position variability and storm‐scale
dynamics, which together amplify the spatial footprint of ETCs. Storm‐centered composites (Figure S3 in
Supporting Information S1) confirm that the magnitude and spatial scale of ETCs—as represented by negative
zg1000 anomalies—are overestimated by 50% ∼ 63% on day 3. At mid‐tropospheric levels, NeuralGCM pro-
duces negative zg anomalies of roughly − 100 m over a region substantially broader than in observations. While
notable biases emerge by day 3, NeuralGCM clearly captures the key physical processes governing ETC
development through days 0–2.

Why does NeuralGCM perform well during the first two days but diverge by day 3? Upper‐level circulation and
potential vorticity (PV; Text S1 in Supporting Information S1) provide important insight, as both strongly in-
fluence ETC development (e.g., Hakim, 2003; Heo et al., 2019; Kautz et al., 2022; Ni et al., 2025). Figure 3 shows
composite PV and anomalous meridional wind (V300) at 300 hPa. In observations, upper‐level PV anomalies
align with anomalous V300 (contours in Figures 3a, 3c, 3e, and 3g). Mid‐to‐low‐level convective centers (blue
contours in Figure 2, Figure S1 in Supporting Information S1) propagate northeastward along the upper‐level
meridional PV gradient (shading in Figure 3). NeuralGCM reproduces these PV and circulation patterns well
through day 2 (Figures 3a–3f). But NeuralGCM generally exaggerates the meridional PV gradient. By day 3, the
simulated meridional PV gradient across the North Pacific is ∼1.5 times stronger than observed, particularly
between 180° and 150°W (Figures 3g and 3h). This enhanced PV gradient supports stronger ascent and con-
vection, driving the overly large ETC system across the basin (Figure 2h; Figure S1h in Supporting Informa-
tion S1). Besides, the amplified PV gradient over central‐to‐eastern North Pacific also guides the ETC to
propagate northeastward, leading to the biases in ETC tracks.

To benchmark NeuralGCM against physics‐based ESMs, we compare PCCs and NRMSEs of anomalous zg1000,
zg500, ta1000, and ta500 composites between models and observations. CMIP6 models conducted long‐term
free‐running AMIP simulations which include mean state biases. Here to eliminate the advantages due to case
initialization and to account for mean‐state biases, these comparisons with physics‐based ESMs use the long‐term
NeuralGCM AMIP runs driven by observed daily SST and sea‐ice concentration. For zg1000, NeuralGCM
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achieves a higher PCC than eight selected CMIP6 models and lower NRMSE than three out of the eight models
(Figures 4a and 4b). Comparable performance is found for other variables (Figures 4c and 4d).

Since NeuralGCM was trained on the ERA5 and IMERG data sets for 2001–2018 (Yuval et al., 2026), the
evaluations above include ETC cases that fall within the model's training period, during which NeuralGCM is
optimized for these atmospheric states. To assess out‐of‐sample skill, we exclude all ETC cases within the
training years. Figure S5 in Supporting Information S1 shows the composites of anomalous zg500 and ta500 for
ETCs during boreal winter in 1979–2000. NeuralGCM performs reasonably well in both the full period (1979–
2020) and the out‐of‐sample period (1979–2000), but the performance is noticeably better when training‐period

Figure 2. Composite of anomalous 500‐hPa geopotential height (zg500, colored contours; units: m) and air temperature (ta500, shading; units: K) during boreal winter
on (a, b) day 0, (c, d) day 1, (e, f) day 2, and (g, h) day 3 after the formation of extratropical cyclones (ETCs) in (a, c, e, g) observations and (b, d, f, h) NeuralGCM
simulations. Anomalies are computed as deviations from the long‐term monthly mean of ERA5. The composite is based on 526 ETC cases in observations. The
quantities in the top‐right corner represent the pattern correlation coefficients (PCCs) and normalized root‐mean‐square errors (RMSEs) of anomalous zg500 between
observations and NeuralGCM simulations over the North Pacific (black dashed box). RMSEs were normalized by the spatial standard deviation over the North Pacific in
observations (black dashed boxes). Gray contours show the simultaneous composites of westerly wind at 200 hPa (ua200) in (a, c, e, g) ERA5 and (b, d, f, h)
NeuralGCM simulations, with an interval of 10 m s− 1. The anomalous zg500 is shown by contours at intervals of 20 m in (a, b), 10 m in (c, d), 5 m from (e–h) starting
from 10 m. The zero contour is not shown.
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events are included. For instance, the mean NRMSE of zg500 during days 0–2 is 0.38 for 1979–2020, approx-
imately 18% lower than the value of 0.45 for 1979–2000. This reduction in the model performance can be
attributed to the generalizability of the ML component, while the ETC simulation biases outside the training
period originate from both the ML component and the dynamical core. Future work quantifying the relative
contributions of these error sources could use a NeuralGCM configuration that allows the ML component to be
selectively disabled for comparison with analytical solutions or other dynamical cores (including the NeuralGCM
dynamical core at higher resolution) to isolate the errors associated with the dry dynamical core as applied to the
low resolution in this study.

Overall, NeuralGCM implicitly encodes seasonally varying physical processes involved in ETC development. Its
performance is broadly comparable to AMIP runs of physics‐based ESMs, owing to the integration of a
dynamical core with ML‐based techniques. Nonetheless, the NeuralGCM systematically exaggerates the upper‐
level PV gradient, resulting in overly large ETC systems by day 3.

Figure 3. Same as Figure 2, but for full‐field potential vorticity (PV; shading; units: PVU= 10− 6 m2 K (kg s)− 1) and anomalous meridional wind (V300; units: m s− 1) at
300 hPa. The anomalous V300 is shown by contours at intervals of every 2 m s− 1 starting from ±2 m s− 1. The zero contour is suppressed.
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3.2. NeuralGCM Reproduces ENSO‐Induced Teleconnections but Overestimates Their Intensity

ENSO exerts a strong remote influence on global climate and weather conditions. Here, we analyze the
wintertime circulation response during ENSO years. During El Niño years, observations show a pair of upper‐
level anticyclonic circulation anomalies over the tropical eastern Pacific, consistent with the Matsuno‐Gill
framework (Gill, 1980; Matsuno, 1966). A Rossby wave train emanates from the warm SSTA and propagates
into the Pacific‐North America (PNA) region, producing an anticyclonic anomaly over the subtropical eastern
Pacific, followed by cyclonic and anticyclonic anomalies over the northeastern Pacific and northeastern North
America (Figure 5a). The cyclonic anomaly over the northeastern Pacific reflects a deepened and eastward‐
shifted Aleutian Low under El Niño conditions.

Both NeuralGCM and the CMIP6 AMIP simulations reproduce the correct sign and general structure of this
teleconnection, as reflected in anomalous 200‐hPa geopotential height (zg200) (Figures 5b and 5c). We quantify
performance using PCCs and NRMSEs for zg200 and ta1000 anomalies against observations (Figures 6a–6c).
NeuralGCM achieves PCC values of 0.86 (zg200) and 0.91 (ta1000), falling well within the CMIP6 AMIP
ensemble spread (zg200: 0.76 [0.65–0.87]; ta1000: 0.90 [0.52–0.97]; Figures 6a and 6b).

Figure 4. Comparison of extratropical cyclone (ETC) simulations between the AMIP transient runs of NeuralGCM and physics‐based models. The ensemble mean
across three members in NeuralGCMAMIP runs in 1979–2014 is shown. Bar charts in A and B show pattern correlation coefficients (PCCs) and normalized root‐mean‐
square errors (NRMSEs) of anomalous geopotential height (blue) and air temperature (red) at 1,000 hPa, averaged from day 1 to day 3 after cyclone formation,
respectively, for models and observations over the North Pacific (30°N–60°N, 140°E− 120°W). RMSEs were normalized by the observed spatial standard deviation.
Vertical lines represent the range of PCCs and RMSEs across lead times of day 1 to day 3. Horizontal dashed blue and red lines indicate the performance of NeuralGCM
in simulating geopotential height and air temperature, respectively. The numbers in parentheses indicate the number of monthly ETC cases in the simulations. Panels (c,
d) are the same as (a, c) but at 500 hPa.
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Model skill also extends to hydroclimate responses. Figures 5d–5f show precipitation anomalies normalized by
climatological precipitation to reduce sensitivity to mean‐state biases. In the tropics, NeuralGCM captures the
large‐scale structure of El Niño precipitation anomalies but with notable regional biases, particularly an under-
estimation of the negative anomalies over the tropical western and central Pacific (Figure 5e). In the extratropics,
observations reveal a PNA‐like precipitation pattern, with positive anomalies over the tropical eastern Pacific,
followed by negative and positive anomalies over the North Pacific and western North America (Figure 5d). Both
NeuralGCM and CMIP6 AMIP simulations qualitatively reproduce this pattern (Figures 5e and 5f). Quantita-
tively, NeuralGCM achieves a PCC of 0.91 and an NRMSE of 0.49, while the CMIP6 AMIP runs exhibit much
lower PCCs (0.84 [0.79–0.89]) and higher NRMSEs (0.89 [0.66–1.11]) (Figure 6c). The underestimated dry
anomalies over the tropical western Pacific likely stem from biases in the low climatological gross moist stability
and critical convection threshold, as tropical precipitation is approximately proportional to the ratio between
surface net radiative flux and gross moist stability (Jiménez‐Esteve & Domeisen, 2019; Johnson & Xie, 2010;
Zhang, 1993; Zhou et al., 2019). Similar results hold for La Niña‐like SSTA forcing (Figure S5 in Supporting
Information S1).

Observational and modeling studies suggest that ENSO‐induced teleconnections are nonlinear, due to nonlinear
tropical convection response to underlying SSTA (e.g. Frauen et al., 2014; Garfinkel et al., 2019; Jiménez‐Esteve
& Domeisen, 2019; Wang et al., 2023; Zhang et al., 2014). We examine this nonlinear/asymmetrical response by
evaluating the sum of the El Niño‐ and La Niña‐induced response. In observations, besides the equatorial Pacific,

Figure 5. Performance of NeuralGCM in simulating atmospheric responses to ElNiño‐like sea surface temperature (SST) anomalies and comparison against Earth system
models. (a) Composite of anomalous air temperature at 1,000 hPa (ta1000, shading; units: K) and geopotential height at 200 hPa (zg200, contour; units: m; intervals: − 50,
− 20, 20, 50 m) in El Niño years. Anomalies are defined as the deviation from the long‐termmean from 1979 to 2020. (b)Multi‐member composites of anomalous ta1000
and zg200 during El Niño years in NeuralGCMAMIP experiments in 1979–2014. (c) Same as (a), but for the multi‐model mean composite during El Niño years in AMIP
runs of 18 CMIP6 models. White stippling in (a, b) represents significant anomalous ta1000 at the 10% level, while that in (c) indicates a consistent sign across >75% of
CMIP6models. Quantities in the top‐right corner represent pattern correlation coefficients (PCCs) of zg200 betweenmodels and observations over the SH tropics andNH
(10°S–90°N, 0°–360°; blue dashed boxes).Multi‐modelmeans of PCC andNRMSEwith their ranges are shown in (c). (d–f) are the same as (a–c), but for the composite of
precipitation anomalies normalized by climatological precipitation (unitless).
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Figure 6. Model performance of (a–c) El Niño‐induce anomalies and (d–f) ENSO response asymmetry in boreal winter among NeuralGCM and CMIP6. (a) Inter‐model
scatter plot between PCCs and normalized RMSEs of zg200 over the SH tropics and NH regions (10°S ∼ 75°N, 0° ∼ 360°). RMSEs were normalized by the spatial
standard deviation of anomalies in the observations. The red dot marks the performance of NeuralGCM with range of ±1 standard deviation across three ensemble
members, while the triangle represents the multi‐model mean with a range of±1 standard deviation across CMIP6 models. (b, c) are the same as (a), but for ta1000 over the
PNA region and precipitation, respectively. (d) Sum of anomalous composites during El Niño and La Niña years. Shading shows the asymmetrical response of precipitation
(units: mm day− 1), while contours show the asymmetrical response of zg200 with intervals of 30 m. (e, f) Are the same as (d), but for NeuralGCM and the multi‐model
mean of the CMIP6 AMIP runs. White stippling in (d) represents significant anomalous precipitation at the 10% level, while that in (e, f) indicates consistent sign across all
NeuralGCMmembers or>75% of CMIP6 models, respectively. Quantities in the top‐right corner represent pattern correlation coefficients (PCCs) of precipitation between
models and observations over the SH tropics and NH (10°S–90°N, 0°–360°).
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strong asymmetry emerges in the northeast Pacific, where the PNA teleconnection is more pronounced during El
Niño than La Niña (Figure 6d).

To assess whether NeuralGCM captures this ENSO‐induced asymmetry, we present the sum of its El Niño‐ and
La Niña‐year composites in the NeuralGCMAMIP simulations (Figure 6e). Summing the composites isolates the
nonlinear component associated with asymmetries in SST pattern and amplitude. NeuralGCM reproduces a PNA‐
like nonlinear pattern similar to observations and CMIP6 AMIP simulations (Figures 6d and 6f). It captures the
stronger PNA teleconnection during El Niño than during La Niña, reflected in a sequence of positive zg200
anomalies over the North Pacific, negative and positive zg200 anomalies across the northwestern and north-
eastern U.S. NeuralGCM also reproduces asymmetric tropical and extratropical precipitation responses across
ENSO phases over the tropics and Northern hemisphere. The asymmetric pattern is broadly similar to obser-
vations, with a PCC of 0.78. However, NeuralGCM overestimates both the magnitude and spatial extent of the
nonlinear component of zg200 and precipitation compared to observations and CMIP6 AMIP runs.

In summary, NeuralGCM successfully reproduces ENSO teleconnections and their associated hydroclimate re-
sponses, and partially captures their nonlinear characteristics, albeit with overestimation of teleconnection
intensity.

3.3. NeuralGCM Simulates Tropospheric Responses to Long‐Term UniformWarming but Misrepresents
Upper Troposphere‐Lower Stratosphere Processes

Here, we evaluate NeuralGCM's responses to uniform SST warmings to assess its ability to generalize under out‐
of‐distribution forcings. To verify whether NeuralGCM produces physically reasonable responses at the global
scale, we compare globally averaged responses of ta1000 and precipitation between NeuralGCM and CMIP6
models relative to their AMIP runs (Figures 7a and 7b). Under the 4K uniform warming, the global mean ta1000
increases by 1.05 (1.01 ∼ 1.09 for the mean ± one standard deviation across models) K K− 1 in CMIP6. Neu-
ralGCM simulates comparable responses: 0.97 (0.90 ∼ 1.04) K K− 1 and 0.75 (0.71 ∼ 0.79) K K− 1 in 36‐year
AMIP‐P2K and AMIP‐P4K, respectively, and 1.01 (0.95 ∼ 1.08) K K− 1, 0.94 (0.88 ∼ 1.00) K K− 1, 0.89
(0.85 ∼ 0.93) K K− 1, and 0.89 (0.87 ∼ 0.92) K K− 1 in 1‐year AMIP‐P1K, AMIP‐P2K, AMIP‐P3K, and AMIP‐
P4K, respectively (Figure 7a). The average warming in ta1000 in 36‐year AMIP‐PxK is 0.86 (0.81∼ 0.92) K K− 1,
suggesting that NeuralGCM generally simulates weaker warming responses than those in CMIP6 models under
SST‐uniform‐warming scenarios. Due to the lack of land feedbacks (Duan et al., 2025; Liang et al., 2025), it is
expected that NeuralGCM underestimates the warming amplitude compared to physics‐based models.

For precipitation, NeuralGCM's responses in AMIP‐PxK are also comparable with the current physics‐based
ESMs. CMIP6 models show an increase of 3.44 (3.27 ∼ 3.62) % K− 1 under 4 K warming. NeuralGCM simu-
lates 4.20 (3.85 ∼ 4.54) % K− 1 and 4.08 (3.94 ∼ 4.22) % K− 1 in 36‐year AMIP‐P2K and AMIP‐P4K runs,
respectively, with a mean of 4.14 (3.90 ∼ 4.38) % K− 1 (Figure 7b). In the 1‐year uniform warming runs, Neu-
ralGCM simulates 3.80 (3.46 ∼ 4.15) % K− 1, 3.84 (3.63 ∼ 4.05) % K− 1, 3.82 (3.70 ∼ 3.94) % K− 1, and 3.68
(3.57 ∼ 3.80) % K− 1 across AMIP‐P1K to P4K, respectively. These results confirm that NeuralGCM captures the
global mean responses generally consistent with physics‐based ESMs, though with some discrepancies.

We next examine the zonal‐mean vertical profile of the warming response (Figures 7c and 7d). In CMIP6 AMIP‐
P4K, the warming is characterized by pronounced upper‐tropospheric amplification in the tropics (∼2 K K− 1

between 30°S ∼ 30°N and 300 hPa ∼ 100 hPa), and muted warming in the extratropical upper troposphere and
lower stratosphere (UTLS) poleward of 60°N and above 250 hPa (Figure 7c). The enhanced tropical upper‐level
warming is a robust response linked to moist‐adiabatic lapse rate changes and increased latent heat release
(Held, 1993; Wu et al., 2012). NeuralGCM broadly reproduces this tropospheric warming pattern (Figure 7d),
achieving a PCC of 0.62 between 1000 hPa and 100 hPa across 90°S ∼ 90°N. Despite this, significant dis-
crepancies emerge in the UTLS of both hemispheres in NeuralGCM. In the tropical UTLS, NeuralGCM simulates
excessive cooling, while in the extratropics, it overestimates warming above 250 hPa, compared to CMIP6 AMIP‐
P4K. Including the UTLS substantially reduces the PCC to 0.39 (Figure 7d). A similar pattern appears in the
1‐year NeuralGCM AMIP‐PxK simulations (Figure S6b in Supporting Information S1), although the UTLS
response is somewhat weaker than that in the 36‐year AMIP‐PxK experiments. This stronger response may reflect
the larger SST variability in the long‐term integrations, because the 1‐year AMIP‐PxK runs use climatological
mean SST plus uniform warmings. As CO2 and ozone variations were not included as input during NeuralGCM's
training, its stratospheric cooling in response to SST increases is likely a reflection of the observed anticorrelated
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Figure 7. Uniform‐warming response of air temperature (units: K K− 1) and precipitation (units: % K− 1) in NeuralGCM and
CMIP6 models. (a, b) Show globally averaged responses of air temperature at 1,000 hPa and precipitation in CMIP6 AMIP‐
P4K (leftmost bar) and NeuralGCM 36‐year (bars in central boxes) and 1‐year uniform warming runs (bars in right boxes),
respectively. Thick horizontal lines represent multi‐model or multi‐member ensemble means, while bar charts show the
range of ±1 standard deviation across models or members. (c, d) Show the zonal‐mean profiles of air temperature responses
(shading) and present‐day climatologies (contours) in CMIP6 AMIP‐P4K and the average across NeuralGCM 36‐year AMIP‐
P2K and AMIP‐P4K runs, respectively (AMIP‐PxK). White stippling in (c) denotes consistent sign of responses across>75% of
the CMIP6 models, while that in (d) indicates significant responses at the 10% level across >50% of six ensemble members.
(e) and (f) are same as (c, d) but for the zonal‐mean temperature meridional gradients (Units: 10− 1 degree− 1). The quantities on
the top‐right corner of (d, f) show the pattern correlation coefficients between CMIP6 AMIP‐P4K runs and 36‐year AMIP‐PxK
with range of ±1 standard deviation across six ensemble members.

AGU Advances 10.1029/2025AV002075

CHEN ET AL. 13 of 23



relationship learned from ERA5 rather than a mechanistic response to CO2 and ozone changes. Observational and
modeling studies show that recent lower‐stratospheric cooling is driven primarily by rising CO2 and declining
ozone‐depleting substances (Aquila et al., 2016; Mitchell, 2016; Shine et al., 2003). Thus, although NeuralGCM
may have learned aspects of the historical tropospheric warming and stratospheric cooling from ERA5, its
pronounced UTLS cooling under uniform SST warmings is likely nonphysical.

These UTLS temperature biases directly affect the meridional temperature gradient (− ∂yT) and the associated
circulation responses (Figures 7e and 7f). Given that, we present the annual‐mean responses in zonal‐mean
meridional temperature gradient (− ∂yT) in CMIP6 AMIP‐P4K and NeuralGCM 36‐year AMIP‐PxK
(Figures 7e and 7f). CMIP6 AMIP‐P4K exhibits a weakening of − ∂yT in the midlatitude upper troposphere and a
strengthening near the tropopause, consistent with robust warming patterns. NeuralGCM captures these features
but exaggerates UTLS gradients and simulates spurious positive responses over the NH polar regions, reflecting
its UTLS temperature biases.

Consequently, westerly jet responses differ between CMIP6 and NeuralGCM (Figures 8a and 8b). In CMIP6
AMIP‐P4K, jets strengthen barotropically and shift poleward (Figure 8a), driven by the strengthened meridional
temperature gradient near the tropopause (Figure 7e). These well‐documented responses (e.g., Lubis et al., 2018;
Palipane et al., 2017; Zhou, Leung, & Lu, 2022; Zhou, Ruby Leung, & Lu, 2022) are quantified by the latitude
shift of the peak zonal wind in the mid‐troposphere (400–700 hPa). To measure the location changes in the
westerly jet, we quantify the meridional jet shift based on the latitude difference of the peak zonal wind in the
middle troposphere (400–700 hPa) between uniform‐warming and AMIP runs, following (Zhou, Leung, &
Lu, 2022; Zhou, Ruby Leung, & Lu, 2022). The NH and SH jets show significantly poleward shifts by 0.38
(0.17∼ 0.58) ° K− 1 and –0.38 (− 0.51∼ –0.24) ° K− 1, respectively, in CMIP6 AMIP‐P4K (Table S3 in Supporting
Information S1). NeuralGCM reproduces the strengthening responses at and above the cores of the subtropical
jets in the troposphere (Figure 8b). It also captures the barotropic responses in westerlies and the poleward shift of
NH westerlies. However, neither the NeuralGCM 36‐year or 1‐year AMIP runs simulate the observed mean‐state
tropical stratospheric easterlies (contours in Figure 8b; Figure S6d in Supporting Information S1). In the sub-
tropical and extratropical UTLS, weakened meridional temperature gradients in NeuralGCM 36‐year AMIP‐PxK
runs lead to negative zonal wind responses. Besides, NeuralGCM does not reproduce a statistically significant
poleward shift of the westerly jet under uniform warming (Table S3 in Supporting Information S1). Averaged
across the two uniform‐warming runs, the NH westerly jet shifts are 0.20 (− 0.17 ∼ 0.58) ° K− 1, which is
insignificant at the 10% level. In contrast, the SH westerly jet is projected to shift equatorward by 0.64
(0.38 ∼ 0.98) ° K− 1.

Similarly, we present the responses of zonal‐mean meridional streamfunction under uniform‐warming scenarios
(Figures 8c and 8d). CMIP6 AMIP‐P4K projects poleward expansion, with strengthened subtropical (∼30°) and
weakened tropical circulation (30°S ∼ 30°N; Figure 8c), consistent with jet shifts (Figure 8a). NeuralGCM re-
produces subtropical expansions but fails to capture tropical weakening (Figure 8d; Figure S6f in Supporting
Information S1), likely reflecting the inability of the data‐driven convection scheme to representing the response
to the out‐of‐distribution forcings. Therefore, NeuralGCM reproduces part of the responses of tropospheric large‐
scale circulation but fails to capture the circulation patterns in UTLS and tropical troposphere.

What factors contribute to the distinct responses between NeuralGCM and physics‐based models? Given a close
linkage between temperature and circulation responses in UTLS (Andrews et al., 1987; Butchart & Butch-
art, 2014; Lubis et al., 2016), we use the transformed Eulerian mean (TEM) framework (Text S2 in Supporting
Information S1; Andrews et al., 1987; Martin, 2006; Rosenlof, 1995) to diagnose NeuralGCM's UTLS dis-
crepancies. Figure S7 in Supporting Information S1 presents the potential temperature and streamfunction of
residual circulation at the UTLS simulated by CMIP6 and NeuralGCM. Positive and negative values in
streamfunction indicate clockwise and anti‐clockwise circulation cells, respectively. Under the heating in the
tropics, we could see an ascent and descent over equatorial and subtropical regions, shaping the air temperature
patterns (Figure S7a in Supporting Information S1). But in the NeuralGCM, pronounced distinction can be found
in the mean‐state residual circulation. For example, over NH high latitudes (north of 60°N), stronger descending
motion than that in CMIP6 exists at UTLS in NeuralGCM (30 hPa ∼ 100 hPa; Figure S7b in Supporting In-
formation S1). The adiabatic heating leads to a warmer UTLS in the NH high latitudes (contours in Figure 7d)
than that in CMIP6 AMIP runs (contours in Figure 7c). Under the uniform warming scenarios, potential tem-
perature (θt) at UTLS largely contributes to the local warming responses, given similar patterns between θt and
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Figure 8. Comparison of NeuralGCM in simulating large‐scale circulation responses to uniform warming against CMIP6 AMIP‐P4K runs. In (a, b), shading shows
annual uniform‐warming responses in zonal‐mean zonal wind (ua; units: m s− 1 K− 1) in CMIP6 AMIP‐P4K and averaged across NeuralGCM 36‐year AMIP‐P2K and
AMIP‐P4K runs, respectively. Contours represent present‐day climatological ua in AMIP runs of CMIP6 and NeuralGCM. (c, d) are same as (a, b), but for the annual
zonal‐mean streamfunction (units: 1010 kg s− 1 per K). In (e, f), uniform‐warming response (shading) of eddy momentum flux convergence (EMFC) is shown for CMIP6
AMIP‐P4K and NeuralGCM averaged across 36‐year AMIP‐P2K and AMIP‐P4K runs, respectively (1012 m s− 2 per K). Contours represent present‐day climatological
EMFC in AMIP runs of CMIP6 and NeuralGCM. Stippling in (a, c, e) denotes sign agreement of >75% of the CMIP6 models, while stippling in (b, d, f) denotes
significant responses in more than half of the six ensemble members. Vectors represent the response in Eliassen‐Palm (EP) flux to the uniform warming. Purple vectors
indicate significant responses in more than half of the models or members.
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temperature responses (shadings in Figures 7c and 7d; Figures S7c and S7d in Supporting Information S1).
Therefore, by diagnosing the θt, we can understand the sources of distinction in warming responses between
CMIP6 AMIP‐P4K and NeuralGCM 36‐year AMIP‐PxK. Compared to the weak warming responses in CMIP6
AMIP‐P4K (Figure 7c), cooling responses at tropical UTLS in NeuralGCM 36‐year AMIP‐PxK (Figure 7d) are
caused by the pronounced responses in upward residual circulation which leads to strong adiabatic cooling
(Figure S7d in Supporting Information S1). Reverse responses can be found in NH high latitudes (north of 50°N).

To further explore the source of distinction in θt responses between CMIP6 AMIP‐P4K and NeuralGCM 36‐year
AMIP‐PxK, we decompose the θt responses into the contributions from diabatic (Qʹ) and adiabatic heating (Qʹ

adia)
(Figure 9), using the TEM zonal‐mean thermodynamic equation (Text S2 in Supporting Information S1). In
CMIP6 AMIP‐P4K runs, both diabatic and adiabatic heating contributions are small (Figures 9a and 9c), leading
to the weak overall θt response. Despite that, the contributions from both terms in NeuralGCM AMIP‐PxK runs
are significantly larger than in CMIP6 AMIP‐P4K (Figures 9b and 9d). The Qʹ term only dominates the θt re-
sponses over parts of equatorial and polar regions (Figure 9b), while the Qʹ

adia term has main contributions to the
pattern of θt responses (Figure 9d). Over NH and SH tropics, the negative contributions ofQ

ʹ
adia shape the cooling

responses in θt and air temperature (Figure 7d; Figure S7d in Supporting Information S1). Besides, over NH mid‐
low latitudes (20°N ∼ 60°N), positive Qʹ

adia contributes to local pronounced warming responses.

To investigate the dominant processes related to Qʹ
adia, we further decompose it into vertical and horizontal ad-

vections due to residual circulation and eddy term (Equation S5 in Text S2 in Supporting Information S1). The
vertical advection of potential temperature (− ω∗θz) dominates the responses in Q

ʹ
adia (Figures 9e and 9f), while

other terms only make secondary contributions (Figure S8 in Supporting Information S1). Therefore, in the
NeuralGCM uniform warming runs, the negative contributions of Qʹ

adia due to stronger responses in upward
residual circulation and vertical advection in the deep tropics lead to a stronger cooling response than that in
CMIP6 AMIP‐P4K. In contrast, in NHmid latitudes (20°N∼ 60°N) and SH polar regions (65°S∼ 90°S), positive
contributions ofQʹ

adia due to stronger responses in downward residual circulation led to larger warming responses
than those in CMIP6 AMIP‐P4K. Besides, the Qʹ term also makes important contributions to the temperature
responses in equatorial and SH polar regions.

How can we understand the differences in tropospheric circulation responses to uniform warmings between
CMIP6 and NeuralGCM? Previous studies suggest that eddy momentum flux convergence (EMFC), associated
with meridional propagation of wave activity, maintains the westerly jet at mid‐high latitudes (Lu et al., 2015;
Palipane et al., 2017). The poleward shift of the westerly jet and expansion of the Hadley cell under warming
conditions have been attributed to a poleward displacement of eddy activity (Lu et al., 2008; Zhou, Leung, &
Lu, 2022; Zhou, Ruby Leung, & Lu, 2022). To evaluate the circulation responses in NeuralGCM's uniform‐
warming simulations, we computed the response of Eliassen‐Palm (E‐P) flux and diagnosed the convergence
of its components to separate the contributions from EMFC (− 1

a cos∅
∂
∂∅(uʹvʹ cos∅) ) and eddy heat fluxes

convergence (EHFC; f a cos ∅ ∂
∂p (

vʹθʹ
θp

) ) (Text S3 in Supporting Information S1). In CMIP6 AMIP‐P4K, we find

enhanced convergence of eddy fluxes at and above the core of the westerly jet (shading in Figure S9a in Sup-
porting Information S1). Both EMFC and EHFC contribute to the strengthened westerly jet (Figure 8e; Figure S9c
in Supporting Information S1). Notably, the enhanced and weakened EMFC straddling the mean westerly jet in
the extratropics, which, together with the enhanced convergence above the core of the westerly jet (Figure 8e),
drives the poleward shift and strengthening of the westerlies (Figure 8a). In NeuralGCM 36‐year AMIP‐PxK
runs, the significantly enhanced EMFC at and above the core of the westerly jet is captured by NeuralGCM.
Besides, NeuralGCM reproduces the weakening at the equatorward flank of the westerly jet but fails to capture
the enhancement at the poleward flank (Figure 8f). As a result, NeuralGCM partially reproduces the strengthening
of the jet but does not simulate a significant poleward shift (Figure 8b). In SH, significantly enhanced EMFC 20°
S ∼ 30°S and 150 ∼ 300 hPa contributes to an equatorward shift of westerly jet in NeuralGCM 36‐year AMIP‐
PxK simulations. Overall, the strengthening of the westerly jet in NeuralGCM is weaker than in CMIP6 AMIP‐
P4K. A key weakness lies in EHFC. NeuralGCM fails to capture the climatological structure and response
pattern. Specifically, it overestimates climatological EHFC at mid‐high latitudes in both hemispheres (30° ∼ 80°,
200 ∼ 400 hPa; contours in Figure S9d in Supporting Information S1), owing to weak and excessive meridional
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Figure 9.
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eddy heat flux (vʹTʹ) between 1,000 hPa–500 hPa and 250 hPa–150 hPa (±15 K m− 1 s− 1; Figure S10b in
Supporting Information S1), respectively, compared to CMIP6 AMIP runs (±6 ∼ 10 K m− 1 s− 1; Figure S10a in
Supporting Information S1). Consequently, NeuralGCM simulates spurious vertical convergence of vʹTʹ be-
tween 200 hPa and 400 hPa in the NH and SH mid‐high latitudes (Figure S10d in Supporting Information S1)—a
feature absent in both reanalysis (Shaw & Perlwitz, 2014) and CMIP6 AMIP runs (Figure S10c in Supporting
Information S1).

The simulations of tropospheric circulation indicate that NeuralGCM falls short in capturing the dynamics of the
eddy response or diabatic processes in a moist model. This might raise a requirement to include the fundamental
role of precipitation and diabatic heating at midlatitudes, as the diabatic heating in physics‐based models
dominated by the resolved large‐scale precipitation acts as a key driver of midlatitude circulation (e.g., Ghosh
et al., 2024; Lachmy, 2022; Lubis et al., 2025; White et al., 2024). As the precipitation simulated by NeuralGCM
was highly dependent on the training using the IMERG precipitation data set (Yuval et al., 2026), whether the ML
parameterization scheme could capture the relationship between precipitation and diabatic heating at midlatitudes
needs to be further explored in future studies.

The above results indicate that NeuralGCM can capture global‐scale responses and some main features of
tropospheric large‐scale responses under out‐of‐distribution forcings, consistent with current physics‐based
ESMs. Despite that, there are pronounced distinctions in the westerly jet shift and responses at UTLS between
NeuralGCM and physics‐based ESMs, because NeuralGCM might be limited by the training data sets and the
lack of CO2 and ozone as input, and hence, falls short in encoding the thermodynamics and dynamics of the
middle‐atmosphere circulation.

4. Conclusions and Discussion
ML‐based models offer the potential to advance our understanding of the Earth system while reducing compu-
tational cost compared to traditional physics‐based models. Yet, to establish credibility, such models must un-
dergo systematic evaluation to ensure they can reproduce observed phenomena across a broad range of timescales
and generalize to out‐of‐distribution forcings. In this study, we evaluate the stochastic version of NeuralGCM, a
hybrid model combining an atmospheric dynamical core with ML‐based component at 2.8° resolution, using a
series of idealized experiments spanning synoptic perturbations, interannual SST variability, and out‐of‐
distribution uniform SST warming scenarios. Our key findings are:

1. NeuralGCM captures the development and evolution of oceanic ETCs. During the first 3 days after cyclone
formation over the North Pacific, NeuralGCM reproduces upper‐level PV gradients and associated circula-
tions with skill comparable to observations and physics‐based ESMs. Its performance in both forecast style and
long‐term AMIP experiments perform comparable to CMIP6 AMIP simulations. A notable weakness is the
overestimation of ETC spatial extent, linked to an excessively strong PV gradient over the central‐to‐eastern
North Pacific.

2. During ENSO events, NeuralGCM reproduces tropical atmospheric responses and the PNA teleconnection. Its
performance in simulating anomalous geopotential height at 200 hPa (PCC = 0.86) is comparable to current
physics‐based models. NeuralGCM also captures aspects of the nonlinear ENSO response, although the
simulated anomalies are stronger than those in observations and CMIP6 models. A key limitation is its reduced
accuracy in reproducing the magnitude and spatial structure of ENSO‐related asymmetries.

3. NeuralGCM simulates large‐scale responses to out‐of‐distribution uniform SST warmings that are broadly
consistent with physics‐based ESMs. Its global‐mean surface air temperature and precipitation sensitivities
(0.86 K K− 1 and 4.14% K− 1, respectively) closely match CMIP6 AMIP‐P4K, albeit with some discrepancies.
NeuralGCM also reproduces important large‐scale circulation features, including amplified warming in the

Figure 9. Diagnostic analysis of zonal‐mean Transformed Eulerian‐Mean (TEM) thermodynamic equation. (a, b) contributions of total diabatic heating (Q) to the
responses of potential temperature tendency (θt) in (a) CMIP6 AMIP‐P4K and (b) the average across NeuralGCM 36‐year AMIP‐P2K and AMIP‐P4K runs (AMIP‐
PxK). Contours denote the responses in residual streamfucntion (ψ tot; units: 10

8 kg m− 1 s− 1 K− 1), with intervals of±0.01, 0.05, 0.1, 0.5, 1, 2, 4, 8, 16, 32. (c, d) Are same as
(a, b) but for the contributions of total adiabatic heating (Qʹ

adia). (e, f) Are same as (a, b) but for the contributions of vertical advection for potential temperature due to
residual circulation (− ω∗θz). Units: K day− 1 per K.
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tropical upper‐tropospheric amplification and strengthening of the westerly jet. Despite that, significant dis-
crepancies occur in the upper troposphere and lower stratosphere (UTLS). NeuralGCM fails to reproduce
warming responses at UTLS, overestimates polar upper‐level warming, weakens the meridional temperature
gradients, and underrepresents eddy flux convergence, leading to only partial reproduction of the jet
strengthening and poleward shifts evident in CMIP6 simulations.

Taken together, these idealized experiments demonstrate that NeuralGCM achieves overall performance com-
parable to contemporary physics‐based ESMs, despite several notable deficiencies. Unlike recent emulators
trained directly on idealized CO2‐forcing ensemble simulations (e.g., Clark et al., 2024), NeuralGCMwas trained
exclusively on ERA5 reanalysis (2001–2018), yet it successfully reproduces key aspects of the uniform‐warming
responses seen in physics‐based models. This suggests that integrating a dynamical core with ML techniques
enhances the model's generalization beyond the training distributions, although NeuralGCM may still be sus-
ceptible to instability under strong forcing. Our analysis is limited to uniform warmings of 1 ∼ 4 K, covering the
range of the projected end‐of‐century warming across emission scenarios (IPCC, 2021; Lee et al., 2021). Whether
current physics‐based or ML‐based models can generate physically realistic responses under larger warming
remains an open question for future studies.

Systematic biases remain. Kochkov et al. (2024) reported that NeuralGCM captures several robust features of
warming responses under modest SST increases, while responses diverge under substantial SST warmings.
Consistent with this, we find that warming responses under the 2K SST uniform warmings are much closer to the
physics‐based models than those under the 4K scenario (Figure 7a). More importantly, although NeuralGCM
appears to encode tropospheric dynamics reasonably well, it fails to adequately represent processes in the UTLS
and middle atmosphere. Similar deficiencies were also noted by Liang et al. (2025) when forcing NeuralGCM
with decreasing sea‐ice concentrations. These shortcomings may be related to limitations in vertical resolution
and inadequate learning of stratosphere dynamics (Baxter et al., 2025). Although 11 of NeuralGCM's 37 vertical
levels lie above 100 hPa, its loss function only extends to 30 hPa, and only four stratospheric levels (100, 70, 50,
30 hPa) are directly constrained during training (Kochkov et al., 2024). This limitation likely contributes to biases
in the UTLS mean state and response and may also impair simulation of key modes of climate variability (Baxter
et al., 2025). Therefore, the training process and model structure might directly lead to the biases in mean states
and responses.

Additionally, NeuralGCM exhibits errors in tropical convection, westerly jet shifts, and stratospheric circulation
—likely arising from imperfect linkages between diabatic heating and large‐scale dynamics, as well as limitations
in the representation of vertical heat flux. These deficiencies hinder its ability to fully capture the warming re-
sponses of the Hadley cell's ascending branch and in stratospheric temperature and circulation. Improvements in
convection parameterization, vertical energy transport, and large‐scale circulation representation are therefore
critical for enhancing model fidelity. Finally, the horizontal and vertical resolutions used in this study are much
coarser than those of many current ESMs. This coarse resolution may dampen convective processes, while
contributing to overestimation of ETC size and PV gradients, and an underestimation of equatorial convection
responses to uniform SST warmings. A previous work has emphasized that ML‐based models must balance
forecasting skill with physical realism (Bonavita, 2024). Embedding robust physical constraints—such as
dynamical cores—within ML frameworks, along with increasing the spatial and vertical resolution, offers a
promising pathway to mitigate these biases and improve generalization.

In summary, we proposed and conducted a suite of idealized evaluation experiments for ML‐based models,
consistent with the recommended “Menu for ML‐based ESM Evaluation” (Ullrich et al., 2025). These experi-
ments provide a structured framework for benchmarking hybrid and ML‐based climate models against both
observations and physics‐based ESMs. Future work should expand this framework to include additional Earth
system components, providing a foundation for a comprehensive, systematic evaluation of next‐generation ML‐
based models.
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