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A Lines of code in atmospheric models

To measure of the complexity of different code-bases, we counted the number of “core
model” lines of code, excluding files devoted to tests, examples, input/output, coupling
between different frameworks and running models.

A.1 fv3atm

We counted a total of 376578 lines of core model code for fv3atm, the atmospheric
component of the NOAA’s Unified Forecast System (UFS) weather model, which we
downloaded from https://github.com/NOAA-EMC/fv3atm on 7 November, 2023.

Excluding files with “test” or “example” in their paths, we counted the following
number of lines in Fortran files in the two major modules of fv3atm (ending in .f or
.£90):

1. 42387 lines in the FV3 dynamical core (atmos_cubed_sphere/model)
2. 334191 lines in the Common Community Physics Package (CCPP) Physics

(cepp/physics/physics)

A.2 GraphCast

We counted a total of 5417 lines of core model code for GraphCast [1], which we
downloaded from https://github.com/deepmind/graphcast on 7 November, 2023.

A.3 NeuralGCM

We counted a total of 20257 lines of core model code for Neural GCM, split between
two major modules:

1. 9628 lines in the spectral dynamical core, available at https://github.com/
google-research /dinosaur

2. 10629 lines in the machine learning code, available at https://github.com/
google-research /neuralgem


https://github.com/NOAA-EMC/fv3atm
https://github.com/deepmind/graphcast
https://github.com/google-research/dinosaur
https://github.com/google-research/dinosaur
https://github.com/google-research/neuralgcm
https://github.com/google-research/neuralgcm

B Dynamical core of NeuralGCM

The dynamical core provides NeuralGCM with strong physics priors based on well
understood and easy to simulate phenomena. In section B.1 we provide more details
on spatial discretization of the atmospheric state in Neural GCM. In section B.2 we
summarize the governing equations of the dynamical core. In section B.3 we provide
references to numerical implementations and rationale for our choices.

B.1 Discretization of the dynamical core

Our dynamical core uses a Gaussian grid and sigma coordinates [2] to discretize
the computational domain. Gaussian grids enable fast and accurate transformations
between the grid space representation and spherical harmonics basis. They result in
equiangular longitude lines and unequal spacing latitudes defined by the Gaussian
quadrature. Terrain-following sigma coordinates discretize the vertical direction by
the fraction of the surface pressure, and thus correspond to non-stationary vertical
height since surface pressure changes with time. Cell boundaries in sigma coordinates
take values o € [0, 1], with 0 = 0 corresponding to the top of the atmosphere (p = 0
pressure boundary) and o = 1 representing the earth’s surface.

In this work we have trained a lineup of models that make forecasts at varying
horizontal resolutions: 2.8°, 1.4°, and 0.7°, corresponding to truncated linear Gaus-
sian grids TL63, TL127, TL255. The number in the grid name corresponds to the
maximum total wavenumber of spherical harmonic that the grid can represent. These
grids provide a framework for transforming data from grid space (nodal) to spheri-
cal harmonic representations with minimal loss of information. When solving model
equations we use cubic truncation Gaussian grids T62, T125 and T253, that capture a
similar number of spherical harmonics, while avoiding aliasing errors and minimizing
the need to increase array dimensions above a multiple of 128, which is expensive on
the Google TPU. See SI Table 1 for resolution details. All models use 32 equidistant
sigma levels for vertical discretization. We suspect that using higher vertical resolution
with assimilation data from more levels could further improve the performance.

Grid name | Longitude nodes | Latitude nodes | Max total wavenumber
TL63 128 64 63
TL127 256 128 127
TL255 512 256 255
T62 190 95 62
T125 379 190 125
T254 766 383 254

Supplementary Table 1: Spatial and spectral resolutions of horizontal
grids used by NeuralGCM.



B.2 Primitive equations

The dynamical core of NeuralGCM solves the primitive equations, which represent
a combination of (1) momentum equations, (2) the second law of thermodynamics,
(3) a thermodynamic equation of state (ideal gas), (4) continuity equation and (5)
hydrostatic approximation. For solving the equations we use a divergence-vorticity
representation of the horizontal winds, resulting in equations for the following seven
prognostic variables: divergence §, vorticity ¢, temperature T', logarithm of the surface
pressure log ps, as well as 3 moisture species (specific humidity g, specific cloud ice g,
and specific liquid cloud water content g, ). To facilitate efficient time integration of
our models we split temperature T" into a uniform reference temperature on each sigma
level T,, and temperature deviations per level 7. = T, — T,. The resulting equations
are:
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with horizontal velocity vector u = V(A7) + k x V(A71(), Coriolis parameter f,

upward-directed unit vector parallel to the z-axis k, ideal gas constant R, heat capacity

at constant pressure Cp, K = cﬂv diagnosed vertical velocity in sigma coordinates
P

¢, diagnosed change in pressure of a fluid parcel w = %, diagnosed geopotential P,
diagnosed virtual temperature 7, and each moisture species denoted as g;.
Diagnostic quantities are computed as follows:
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where &, = gz, is the geopotential at the surface.



B.3 Numerics

Our choice of the numerical schemes for interpolation, integrals and diagnostics exactly
follows Durran’s book [3] §8.6, with the addition of moisture species (which are
advected by the wind and only affect the dynamics through through their effect on
the virtual temperature). We use semi-implicit time-integration scheme, where all
right hand side terms are separated into groups that are treated either explicitly or
implicitly. This avoids severe time step limitations due to fast moving gravity waves.

Our choice of dynamical core was also informed by our desire to run efficiently on
machine learning accelerators, in particular Google TPUs [4]. TPUs have dedicated
hardware for low-precision matrix-matrix multiplication, which conveniently is well
suited for the bottleneck in spectral methods, which are forward and inverse spherical
harmonic transformations. Accordingly, we use single-precision arithmetic throughout.
We found that full single precision for spherical harmonic transformations was not
required to obtain accurate results even on our largest grid sizes, and according use
only three passes of bfloat16 matrix-multiplication rather than the six passes that
would required for full single precision [5]. Our implementation supports parallelism
across spatial dimensions (X, y, and z) for running on multiple accelerator cores, using
XLA SPMD [6], with JAX’s shard map for parallelizing key bottlenecks including
matrix-multiplications in spherical harmonic transforms [7].



C Learned physics of NeuralGCM

In NeuralGCM, effects of physical processes not accounted for by the dynamical core,
as well as computational errors within the dynamical core, are approximated by neu-
ral networks. Associated tendencies of the atmospheric state are computed in two
steps: (1) features extraction and normalization (sections C.1, C.3) (2) neural network
forward pass and rescaling (sections C.4, C.5).

The overall data flow diagram, with the exclusion of feature normalization steps,
is shown in SI Fig. 1. To describe the initial value problem solved by each Neural GCM
forecast, we let Y (¢) be the ERA5 state at time ¢, X (¢) the (decoded) NeuralGCM
state, and X (t) the encoded state. The network tendencies ¥(X) are added to ®(X),
the right hand side of the primitive equations (1) in encoded space. In other words,
Neural GCM implements

oX . .
k3 = ®(X) + ¥(X),

X (tg) = Encode(Y (¢p)).

to <t<tog+Tm,

Then finally, X = Decode(X) is evaluated against Y.
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Supplementary Figure 1: Visualization of the data flow in the learned physics

module of Neural GCM.




C.1 Input features for all models

The core input features to the neural network include the vertical structure of the
divergence, vorticity, wind vector, temperature deviation, specific humidity, specific
cloud ice water content, specific cloud liquid water content and (log) surface pressure.

Additionally, our model incorporates various supplementary features to capture
critical information relevant to the atmospheric conditions. These features include
spatial derivatives of the core features (94, 9y and V?), a land-sea mask, incoming solar
radiation, orography (along with spatial gradients), cosine, and sine of the latitude,
pressure levels (i.e., sigma level times the pressure surface), and an 8-dimensional (for
Neural GCM-2.8° and Neural GCM-ENS) or 32-dimensionanl (for Neural GCM-0.7° and
Neural GCM-1.4°) location-specific embedding vector for each horizontal grid-point.
This embedding vector aims to represent static location-specific information. It is
initialized to random values and optimized during training.

We use two embedding modules in NeuralGCM that aim to extract helpful rep-
resentations that are used as input features by the main network described in C.4.
Both are computed by small neural networks that use the same weights shared across
all spatial locations to promote feature learning. Each embedding module takes a
restricted set of inputs. Vertical embedding network C.4.1 aims to extract common
features across the vertical structure of the atmosphere. Surface embedding network
C.4.2 aims to estimate the state of the atmosphere’s surface boundary. To accomplish
this, it receives additional surface-related inputs, in particular sea surface temperature
(SST) and sea ice concentration.

When running weather forecast evaluation the provided SST and sea ice concentra-
tion remain constant throughout each forecast, with values taken from the day before
the initial time of the forecast launch. This approach ensures that the model relies
only on data available at the forecast initialization.

When running seasonal and climate evaluation forecasts, we do prescribe the SST
and sea ice concentration from ERA5 data and update them at 6-hour intervals for
the 2.8° resolution model and 12-hour intervals for the 1.4° resolution model (details
on how land surfaces were used can be found in C.4.2). This simulates a one way
coupling to an ocean model that follows historical evolution.

In some NeuralGCM variations we experimented with adding core features from
the previous time step as additional inputs. We did not find this modification to have
any significant effect on model performance.

C.2 Additional input features for stochastic models

In stochastic models, the encoder and forward step (but not decoder) each make use
of ten additional space-time correlated Gaussian Random Fields (GRF), for a total of
twenty fields. All fields are independent of each other. The encoder’s fields are used
only once in each simulation, and the forward step’s fields evolve independently of
the model state. Every forecast uses a different seed to form new, independent GRFs.
This provides sources of randomness needed to generate an ensemble of statistically
independent forecasts.



Each GRF is constructed in a spherical harmonic basis, with adjustable length
scale A and time scale ~.

Z(t) = Z Z1m () Yim,
l,m
where Y, are the spherical harmonics, and Z;,, are scalar Gaussian processes

satisfying (with R, the earth’s radius)

E[Z;n(t)] =0,

2
() i o
E [Zl,m(t)Zl/,m’(t/)] _ FO eXp{ (Re) ) }exp{ |t t |/"}/}, l l ,m m
0 otherwise.

The normalization constant F{ is chosen so that the global mean variance is 1. This
is the same construction used by ECMWF in [8]. In training NeuralGCM-ENS, the
fields are initialized with length scales ranging from 85km to 10,000km and time
scales from 30 minutes to 60 hours. These values were fixed for the first 1000 training
iterations and optimized afterwards. SI Fig. 2 shows parameter values during training.
Most changed very little. Some parameters became constant over space/time (still
with variance = 1). We interpret them as representing random model parameters, but
more investigation is needed.

C.3 Normalization of input features

We normalize all input features to be approximately distributed with zero mean and
unit variance to improve training dynamics. We do so by estimating the mean and
the standard deviation of all of the features at initialization and adding appropriate
shift and rescale transformations before feeding features into the neural network. All
features were normalized uniformly across all atmospheric levels, except for specific
humidity ¢ which is normalized per-level. Features corresponding to trainable param-
eters (termed learned features in section C.1), Gaussian random field features (section
C.2) and embedding features were skipped during normalization as they are normally
distributed by construction.

C.4 Network architecture

For our fully-connected neural networks with residual connections, we use a Encode-
Process-Decode (EPD) architecture [9] with 5 fully connected MLP blocks in the
“Process” component. All input features are concatenated together before being passed
to the “Encode” layer, which is a linear layer that maps input features to a latent
vector of size 384. All “Process” blocks use 3-layer MLP block with 384 hidden units to
compute updates to the latent vector. Finally, linear “Decode” layer maps the vector
of size 384 to the output vector, which is is then split into per-level values for different
variables. See extended data table 1 for a count of learnable parameters by model.
Neural GCM models differ in parameter count primarily due to the location-specific
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Supplementary Figure 2: Random field parameters evolution during training. (a)
Shows encoder field correlation lengths changing during training. The advance step’s
fields evolution during training are shown in (b) and (c). A scatter plot of before (d)
and after training (e) is also shown. The two outlier fields with correlation time ~ 100
hours are of interest (thicker lines/dots). Since lead time during training is at most
120 hours, the model preferred these fields to be fixed in time.

embedding vector assigned to each horizontal grid point. Higher-resolution models
require more parameters. Additionally, NeuralGCM-1.4° and NeuralGCM-0.7° models
use 32-length embeddings, while NeuralGCM-ENS and NeuralGCM-2.8° models use
8-length embeddings.

In all models we predict tendencies of the wind vector, temperature and moisture
species at all levels.

C.4.1 Vertical embedding network

We use 1D convolutional network to compute vertical embeddings. We use 5 layers with
64 hidden and 32 output channels. Input channels correspond to the 8 atmospheric
variables (divergence, vorticity, two components of the wind vector, temperature and
three moisture species), aligned by their vertical location in the atmosphere.
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C.4.2 Surface embedding network

The surface embeddings are calculated by aggregating outputs from three different
embeddings corresponding to distinct surface types: land, sea, and sea ice. The “sea
embedding” is a neural network that receives the sea surface temperature (SST) as
input. The settings for the “land embedding” and “sea ice embedding” vary slightly
across different models. For the deterministic models with resolutions of 1.4° and 0.7°,
we employ a constant learned embedding for both land embedding and sea ice embed-
ding. Conversely, for the 2.8° resolution deterministic model and the 1.4° ensemble
model, we use neural networks that take the lowest-level atmospheric temperature and
moisture as inputs. The output from each network is an embedding of size 8. Each
of these smaller networks is a fully connected network comprising three hidden layers
with 16 hidden neurons, followed by a readout linear layer that produces an embed-
ding of size 8. The aggregation step is determined based on the relative fraction of
each surface type at each grid point.

C.5 Network output scaling

When predicting learned physics tendencies, the outputs of the neural network are
scaled by 0.01 standard deviation of the tendencies for each variable, which are
estimated from ERA5 data using finite-difference method at 1-hour intervals. The
standard deviation is estimated using 10 snapshots averaged over the globe.

C.6 Interpretability of learned physics tendencies

In SI Fig. 3 we show a comparison of tendencies associated with the dynamical core
and trained learned physics component of Neural GCM. While current instantiation of
Neural GCM does not allow for separation of the tendencies associated with different
physical processes, we find several physically plausible signatures. In particular, near
surface temperature tendencies shown in SI Fig. 3 (a) resemble surface heating region
(where land is cooled during night time and is heated during daytime). In SI Fig. 3
(b) we find significant warming signal in the upper atmosphere, potentially associated
with convective processes. SI Fig. 3 (c) show that learned physics generally counteracts
the wind tendencies that of the dynamical core, potentially representing drag effects,
which are not found further away from the surface (SI Fig. 3 (d)).

12
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D Encoder and Decoder of NeuralGCM

To interface Neural GCM that uses sigma coordinate representation of the atmosphere
with ERA5 data we use Encoder and Decoder modules. Each component is based on
regridding between sigma and pressure levels combined with learned correction. The
overall data flow for encoder and decoder components are shown in SI Fig. 4 (a) and
(b) respectively.
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D.1 Encoder

We use Encoder to obtain a model state in sigma coordinates from an ERA5 snapshot
on pressure coordinates in three steps. First, we compute surface pressure for each
(longitude, latitude), by calculating the pressure levels at which geopotential field
matches that of the surface. Next, we linearly interpolate all relevant atmospheric
variables to Neural GCM’s sigma coordinates. Finally, we add a correction computed
using a neural network of the same structure as in learned physics module (section
C.4) to the interpolation results. The last step significantly alleviates the initialization
shock, which otherwise contaminates forecasts with rapid oscillations.

When computing the correction, input features to the network are extracted from
input data on pressure levels. We omit embedding features from the Encoder network
inputs. Network outputs include corrections to divergence, vorticity, temperature, log-
arithm of the surface pressure and all moisture species. Before being combined with
linear interpolation, network outputs are scaled by 0.02 standard deviation of cor-
responding variables. SI Fig. 5 compares NeuralGCM-0.7° model states (on vertical
sigma levels) computed with encoder against using pressure to sigma level interpola-
tion. As shown in SI Fig. 5 (a), the overall structure of the atmospheric state is hardly
affected.

D.2 Decoder

We use Decoder to map model state on sigma coordinates back to ERA5 snapshot
on pressure coordinates in three steps. First, we diagnose geopotential from temper-
ature and moisture using Eq. 4. Next, we interpolate the results to pressure levels of
ERAS5. For pressure levels that correspond to values above the Earth’s surface, we uses
linear interpolation. To extrapolate data from sigma coordinates (which are terrain-
following) to pressure coordinates (that extend below the Earth’s surface) we use linear
extrapolation for geopotential and temperature. For all other variables we uses bound-
ary values for extrapolation. These choices aim to approximate a more complicated
procedure used by ECMWF for pressure extrapolation. Finally, we add a correction
computed using a neural network of the same structure as in learned physics module
(section C.4) to the interpolation results.

Similarly to the Encoder, embedding features are omitted. Network outputs include
corrections to the horizontal wind vector, temperature, geopotential and all mois-
ture species. Before being combined with the result of interpolation, network outputs
are scaled by 0.02 standard deviation of corresponding variables. SI Fig. 6 compares
Neural GCM-0.7° predictions processed with decoder and those simply interpolated
from sigma to pressure levels. SI Fig. 6 (a) shows that the overall structure of the
atmospheric state is hardly affected, for the exception of a few minor artifacts around
mountainous areas. SI Fig. 6 (b) shows that corrections introduced by the neural net-
work mostly correspond to high pressure values that fall close to or below topographic
features.
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Supplementary Figure 6: Comparison of NeuralGCM decoder and underlying
sigma level to pressure level interpolation scheme. (a) Visualization of geopo-
tential, temperature, u component of wind and specific humidity from ERA5, 2
day NeuralGCM-0.7° prediction processed with NeuralGCM decoder and 2 day
Neural GCM-0.7° prediction interpolated from sigma to pressure levels without learned
components of the decoder. (b) Vertical profiles for the same variables evaluated
around Tibetan plateau (longitude~x 86 and latitude~ 32).
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E Time integration

In NeuralGCM, the state of the atmosphere is advanced in time by integrating model
equations that combine effects from the dynamical core and learned physics param-
eterizations. This is done iteratively using Implicit-Explicit integration scheme [10]
described in E.1. Integration time step varies with resolution, as shown in SI Table 3.
This results in iterative updates to the model state every 4-30 minutes, depending
on model resolution. In contrast, data-driven methods commonly make predictions at
6-hour jumps [1, 11]. Throughout time integration, dynamical core tendencies are com-
puted at every time step, while learned physics tendencies are only recomputed once
every 60 minutes for our lowest resolution (2.8°) model and every 30 minutes for all
others. This is done to avoid excessive backpropagation through the neural networks
in learned physics. At higher resolutions it might be advantageous to include more
frequent updates to learned physics tendencies to be able to account for short-time
processes (rather than statistical effect that varies smoothly in time). Similar to tradi-
tional spectral GCMs we introduce spectral filters to improve numerical stability [12],
which are described in E.2.

E.1 Time integration scheme

As is typical for atmospheric models, in NeuralGCM we use semi-implicit ODE
solvers to the solve the primitive equations, by partitioning dynamical tendencies
into “implicit” and “explicit” terms. “Implicit” tendencies include linear terms of
Eq. 1 that give rise to the low amplitude, fast moving gravity waves. These terms are
treated implicitly, allowing for longer stable time steps, while the rest of the terms are
computed explicitly.

Rather than the traditional semi-implicit leapfrog method, we use implicit-explicit
Runge-Kutta methods to avoid the complexity of keeping track of multiple time-
steps and time-filtering required by the traditional semi-implicit leapfrog method.
Specifically, we use the semi-implicit Lorenz three cycle scheme (SIL3), which was
developed specifically for global spectral weather models [10].

1/3 | 1/3 1/3 | 1/6  1/6

2/3 | 1/6  1/2 /3| 0 1/3

1 172 —1/2 1 1 |3/8 0 3/8 1/4
| 172 -1/2 1 0 | 3/8 0 3/8 1/4

Supplementary Table 2: Butcher tableau for the IMEX
SIL3 scheme.

E.2 Filtering

During time integration we use two exponential filters of different strengths (“hard”
and “soft”). These filters correspond to hyper-diffusion, a standard component of
spectral atmospheric models used to stabilize dynamics [13]. Each transform a scalar
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field xpm; in spherical harmonic representation as:

_en\2
Thml —> Thmi * eo(1=2)”

(6)
with filter attenuation a, filter cutoff ¢, filter order p, and normalized total wavenumber
k= .
lmax

Filter parameters used by different Neural GCM models are summarized in SI Table
3, where filter attenuation is specified via attenuation time « and time step dt via
a = 7. Both hard and soft filters are applied to the model state at the end of each
integration step. We additionally apply hard filter to the outputs of learned physics
parameterizations to avoid injection of high frequency noise in each model step. The
filtering strength sets the true length scale of the simulation, which is generally slightly
larger than the grid spacing.

Model resolution | Time step [minutes] | Filter | Attenuation time [minutes] | Order | Cutoff
2.8° 12 22?? 130 130 8:?;
14 ¢ ot 120 5 | oo
o7 75 ot 120 5 | oo

Supplementary Table 3: Time step and filtering parameters of Neural GCM models.
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F Evaluation metrics

Evaluation metrics compare forecasts X with ground truth Y. In most cases, Y is
ERAS5 reanalysis. However, for evaluating ECMWF-HRES and ECMWEF-ENS fore-
casts, we use the lead time = 0 (or “analysis”) from ECMWF-HRES. This prevents
data-driven approaches from having an unfair advantage. All evaluations reported in
the paper were done after regridding X and Y to 1.5°. We use the WeatherBench2
library [14] to standardize model evaluation. Our primary evaluation metrics include:
root mean square error (RMSE), root mean squared bias (RSMB), continuous ranked
probability score (CRPS) and skill-spread ratio.

F.1 Root mean square error (RMSE)

RMSE compares Y (t+7), the ground truth at time ¢4 7, with X (¢t — t+7), a forecast
initialized at time ¢ (to Y'(¢)), at lead time 7 hours into the future. This is reported
separately for each variable v € V and pressure level p, but averaged over initial times.

1

SRMSE(Tv va) = m Z ||X(t —t+T, 'va) - Y(t + 7, vvp)“iodal’
teT

where T are the set of 12-hour spaced times in 2020. The nodal norm above is area

weighted, to avoid polar regions (where points are more dense) from having an undue

influence:

Xt = t+70,p) =Y (t+7,0,0)|kuse (7)
1 121 240

= ﬁzzw(l)lX(t—)t‘FT,U,p,l,j) _Y(t+T’Uap7iaj)|2' (8)
i=1 j=1

where (i, j) are the (latitude, longitude) indices and w(i) x (Sin ¢;40.5 — Sin ¢;—g.5).

For models that produce a single deterministic forecast X, MSE =
E[[|X(t+7)—Y(t+7)|?] (and hence RMSE) is minimized by X = E[Y]. So the
best RMSE scores will be had by a forecast that predicts the (conditional) mean
E[Y(t+ 7)|Y(t)]. We primarily use this metric for assessing accuracy of determinis-
tic forecasts at shorter lead times, when the distribution of Y (¢ +7) is sharply peaked.
As lead time 7 increases, the distribution Y (¢ + 7) spreads out, as true dynamics
is depends on information not fully contained in the initial state Y (¢). When this
happens, E [Y (¢t + 7) | Y (¢)] becomes blurry and unphysical.

For models that generate ensemble forecasts we compute RMSE scores using
ensemble mean E; [X;]. In this setting RMSE remains informative even at later times,
as the ensemble mean is taken explicitly. It’s important to note that RMSE of the
ensemble mean alone is not sufficient to assess the skill of the forecasting system. An
ensemble of identical blurry realizations could still achieve good RMSE skill, but fail
to capture extreme events and provide probabilistic insight.
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F.2 Root mean squared bias (RMSB)

Biases estimate persistent differences between forecasts X (¢ + 7) and ground truth
Y (¢t + 7) averaged over time. This is reported separately for each variable v € V and
pressure level p, lead time 7, and (latitude, longitude) coordinates (3, j).

Z t%t+73vap7iaj)7Y(t+7—71}7pai7j)}7
teT

Sblas(T v palm? |7—|

RMSB is computed by taking RMSE of the bias and aggregating it over spatial
dimensions.

121 240

ErmsB(T,v,p) = 7 Z Z ) || Epias]|?

=1 5=1

F.3 Continuous Ranked Probability Score (CRPS)

Ideally, evaluation metrics should be minimized when X (¢) ~ Y (¢), rather than EY (¢)
as is the case for MSE. One such metric is CRPS.

To understand CRPS, consider ground truth scalar random variable V', and two
independent forecasts U and U’. CRPS takes the form

1
E[U ~ V|~ ZEIU U], (9)

The skill term E|U — V| penalizes forecasts that deviate from ground truth, while the
spread term (1/2)E|U —U’| encourages well dispersed forecasts. As it turns out, CRPS
is minimized just when U has the same distribution as V' [15].

Following [14], we extend CRPS to multiple dimensions by summing over compo-
nents. We estimate this using M ensemble members (X, ... X(M)) a5

gCRPS(Ta v, p) =
121 240 |:

|7"Z Zzw

teT lel

LS X i)~ Y (i)

1

M
m .o k .o
ST 2 Xttt d) = X0 s e )

m,k=1

(10)
The resultant “CRPS” is minimized by any distribution X such that the marginals X,

have the same distribution as Y;,. CRPS will therefore not require correct forecasts,
but will not penalize them either.
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F.4 Spread-Skill ratio

Spread-skill ratio represents the ratio of the ensemble spread (standard deviation) to
skill (RMSE) of the ensemble mean. For generic scalar ground truth Y; and ensemble

of forecasts {X( N_,, each given at times t = 1,...,T, define
N
=¥ ZXt(")’
1 Z N
82 L= T Z X(n — ,LLt 5
t=1 n:l
T N
2.
‘ fZ 2

Above, S? is an unbiased estimate of ensemble variance. However, the mean square
error estimate €2 is biased. Taking expectations, we see it is too large by a term equal
to the variance divided by N. To un-bias it, we therefore subtract S?/N. The resultant
spread skill ratio is

52
SSR = Z- SN
This de-biasing is only used for spread-skill-ratio, and we report biased RMSE for all
ensemble models.

If ensemble members X are distributed identically to the ground truth Y, then the
spread-skill ratio should be equal to 1. Similar to other evaluate metrics we compute
spread-skill ratio for ECMWF-ENS and Neural GCM-ENS models for all lead times
by averaging over initial time. When reporting global spread-skill ratio we perform
spatial aggregation prior to computing the ratio. For spatial visualizations spread-skill
ratio is computed for each latitude, longitude and level independently.
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G Training

We train NeuralGCM using Adam [16], optimizing model parameters to minimize
the loss function between predictions and coarsened ERAS trajectories. Optimizer
parameters are summarized in G.1. For all models we progressively extend the lead
time horizon over which the loss is computed as the model trains. The schedule and
the data are discussed in G.2. Before computing the loss we rescale errors between
trajectories to address the differences in magnitudes of the target distributions (see G.3
for details). Finally, the two loss functions used to train deterministic and stochastic
Neural GCM are discussed in G.4 and G.6 respectively. Computational resources and
training times are reported in G.7.

G.1 Optimizer settings

All NeuralGCM models were trained using Adam [16]. We used values 8; = 0.9,
B = 0.95 and € = 1076 for all experiments based on empirical evidence from initial
results at coarsest resolution. Learning rate was adjusted as a function of training
iterations, linearly increasing to its maximum value over the first 2000 training steps,
then remaining constant until training step 15000 when exponential decay with rate
0.5 was initiated with decay time set to 10000 steps. The only exception to these
parameters was the decoder fine-tuning stage described in G.5, where warm-up is
completed by step 1000 and the learning rate decays with rate 0.5 every 1000 steps
starting from step 2000. Peak learning rates and total number of steps for different
model configurations are reported in SI Table 4.

Neural GCM-2.8° | NeuralGCM-1.4° | NeuralGCM-0.7° | Neural GCM-ENS(1.4°)
0.002 0.002 0.001 0.001

Peak learning
rate
Number of
training steps

38000 26000 25000 43000

Supplementary Table 4: Learning rate and number training steps used for NeuralGCM
at different resolutions.

Model Unroll lengths Transition boundaries
NeuralGCM-2.8° (12,24, 36, 48, 60, 72) (2000, 5656, 10392, 16000, 22360)
NeuralGCM-1.4° (12,24, 36, 48, 60, 72) (2000, 5656, 10392, 16000, 22360)
Neural GCM-0.7° (6,12, 18, 24, 36, 48,60) | (500, 2000, 4500, 8000, 12500, 18000)
(6,12, 18, 24, 36, 48,60, | (500, 2000, 4500, 8000, 12500, 18000,
o
Neural GCM-ENS (1.4°) 72,96, 120) 24500, 32000, 40500)

Supplementary Table 5: Training curriculum used for NeuralGCM at
different resolutions.
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2.8° (64 x 128)

1.4° (128 x 256) 0.7° (256 x 512)

0.25° (721 x 1440)

Specific humidity 700 hPa [g/kg]

Supplementary Figure 7: Visualization of specific humidity at 700 hPa from ERA5
conservatively regridded to Gaussian grids 2.8°, 1.4°, and 0.7°, and the original ERA5
data.

G.2 Training data and unroll schedules

To train Neural GCM models at 2.8°, 1.4° and 0.7° resolutions we regridded ERA5 data
to the corresponding Gaussian grids. We use a conservative regridding scheme, which
linearly aggregates contributions weighted by the relative area overlap. Final 2.8° and
1.4° models were trained on data from years 1979 through 2017 and evaluated on 2018
during the development cycle. 0.7° model and stochastic model variations were trained
with data from 1979 through 2019. None of the models had any exposure to data from
2020 prior to running final model evaluations. During training we also change lead time
unroll length as a function of training iterations, increasing the prediction horizon as
the model improves over the course of training. The values are reported in SI Table 5.

G.3 Variable rescaling for losses

Before computing losses, trajectories of all variables are rescaled to address: (1) differ-
ences in natural scales of atmospheric variables, and (2) growth of their deviations from
the ground truth as a function of lead time. The former is accomplished by dividing
each atmospheric variable by standard deviation of the temporal difference between
snapshots that are 24 hours apart, similar to [11]. We further adjusted scaling factors
across variables to better balance out the initial skill of the model by the following
additional scaling factors: geopotential 2, specific humidity 0.66, logarithm of the sur-
face pressure (internal model representation) 5 and cloud moisture species 0.05. Our
rationale for additional balancing is to prevent the loss landscape being dominated by
just a few atmospheric variables. Standard deviations were estimated based on 10-60
snapshots of 24-hour differences in ERA5 data averaged over longitude, latitude, level
and sample. The only trajectory that was normalized per-level was specific humidity as
its values vary significantly with level. When estimating scales for variables in internal
representation such as divergence, vorticity, log surface pressure, corresponding quan-
tities were compute from ERA5 data using linear interpolation to sigma coordinates
and appropriate transformations relating them to the data variables.

Each trajectory is also rescaled to account for a near linear increase in expected
error variance with lead time 7. The scaling factor is (1 + (7/24))~'/2 for all losses
except the spectral losses, which use (1 + (7/40)*)~1/2.
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Finally, in the case of filtered mean squared loss an additional time-dependent
rescaling is performed which described in detail in G.4.1.

G.4 Loss for deterministic models

Our deterministic models are trained in two stages that differ in loss objectives and
parameters being optimized: (1) primary training and (2) decoder fine tuning. During
both stages, the loss terms take the general form of a mean squared error (MSE) on
rescaled variables (Section G.3) with varying definitions of distances p.

M, (1) = |1?‘ ZZ Z p(X(t = t+70,0),Y(t+7,0,0))2, (11)

teT o 1'eD
T'<r

where the lead time 7, in hours, is selected from
D = {6,12,18,24, 36,48, 60, 72,96, 120}.

During the primary stage we used a combination of three loss types to account
for different types of discrepancies between Neural GCM predictions and ERA5 data:
accuracy (G.4.1), sharpness (G.4.2) and biases (G.4.2). All losses, except for the bias
loss, are imposed on both “data”(i.e., pressure levels) and “model” (i.e., sigma levels)
representations. This results in a training objective that is a sum of five loss terms:

‘cDeterministic :)\dataMData + )\specM DataSpec + )\modelMModel
+ )\specMModelSpec + )\biasMMSBiasa

where loss scales Agata = 20, Agpec = 0.1, Aoder = 1 and Apies = 2 were selected
empirically. We found that even though the contributions corresponding to “spec”
and “bias” terms were small (compared to the total loss), they had a positive effect
on sharpness of Neural GCM predictions. This is possibly related to the fact that the
dynamical core simulates an energy cascade, maintaining the spectral energy of the
simulated fields.

After the main training phase is complete, we run a short decoder fine-tuning
optimization discussed in G.5 to remove spectral artifacts that arise from truncation
errors in transformations from spherical harmonic to grid-point space. During this
training phase we only update parameters of the decoder component of the model.

G.4.1 Accuracy loss: filtered MSE

Traditional mean squared error loss between forecast X and targets Y can be computed
on pressure levels p and in spherical harmonic basis indexed by total (I), and zonal
(m), wavenumbers using ppata(X,Y) = || X — Y ||spectrai, where

||6H§pect7'al = Z Z |€(l’m)‘2' (12)
l m
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Up to discretization error, this is equivalent to || - [|2 4. the area-weighted MSE in
grid-point space representation.

When used to evaluate forecasts at longer lead time, this loss suffers from the
“double penalty problem” [17] as it penalizes the model for predicting sharp features
that are slightly misplaced. We address this issue by using “filtered MSE”, which
applies filtering to X and Y prior to computing the norm 12.

The filtering step aims to retain components of X and Y that we expect to be able
to predict and drop components that cross the predictability horizon due to chaotic
dynamics. We estimate such filtering parameters by analyzing the normalized MSE
growth between ECMWF-HRES and ERA5 as a function of time for each variable
and total wavenumber [ separately SI Fig. 8(a). We chose a predictability threshold
of relative error of 0.12, and determined the largest value of [* for each lead time that
should be included in the loss. Then we determined attenuation parameters for the
exponential filters of order 12 that would remove total wavenumbers higher than [* for
each group, shown in SI Fig. 8(b). The effect of applying filters is shown in SI Fig. 8(c).

The Model terms are defined similarly to their Data counterparts, except they
are computed in the encoded “model” space. This encourages the encoder/decoder
round-trip to be the identity. It was found to enhance stability.

G.4.2 Sharpness loss: spectrum MSE
Spectrum MSE is defined by the distance

PDataSpec(X(t =t +7,v,0,0),Y(t+ 7,0, 0, )2
i

=Y [SX)(t = t+70,0)=SY)(t+T70,0),
l

where S(X)?(...,1) = >, X(...,[,m)? is the spectral energy at total wavenumber [

and [ corresponds to a spectral cutoff for the loss. For NeuralGCM models at 2.8°,
1.4°, 0.7° we used [ of 42, 80 and 120 respectively.

G.4.3 Bias loss: spectral bias MSE

Spectral bias MSE is slightly different from the previous two terms, as it averages over
the batch and lead time dimensions prior to computing the distance norm:

Musspias(T) =Y ‘% SN Xt —t+Tv0) =Y (E+T0,0)

o teT +'cD

’
T<T spectral

This loss term discourages accumulation of bias.
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G.5 Decoder fine-tuning

The final stage of training deterministic Neural GCMs is focused on optimizing only the
“Decoder” component. After the primary training phase, “Decoder” outputs contain
high-frequency artifacts that are not captured by the losses imposed in spherical har-
monics representation (because numerical spherical harmonics transform has non-zero
kernel). To address that we freeze all of the “Encoder” and “learned physics” com-
ponents of the model and optimize the “Decoder” parameters using traditional MSE
computed in grid-space representation on predictions at 6, 12, 18 and 24 hours (12
and 24 hours for Neural GCM-1.4°). We use 4000 gradient descent steps, but generally
find that loss and evaluation metrics plateau after the first 1000 training steps.

G.6 Loss for stochastic models

The CRPS loss function is defined as the sum of spectral and nodal terms.
For any variable v, and initial/lead times ¢ and 7, the spectral CRPS term on
pressure level p is

1
Copetratltspv,) = 3 S IX(E = 0 7o lom) = V(04 7 L)

l,m

+|X'(t—=t+7,..L,m) =Y (t+T,...,1,m)

- Xt—=t+7...0m)—X't—=>t+7,...,1,m)|,

where X and X’ denote two independent ensemble members. Cgpectrq is minimized just
when the forecast has the correct spherical harmonic components. CRPS contributions
from lower wavenumbers [ encourage forecasts with correct long range correlations,
which we found to be critical for training models with good performance. We excluded
wavenumbers [ and m from spectral CRPS loss above a maximum wavenumber of 80,
because we filter out higher wavenumbers for stability in our dynamical core.

The nodal CRPS loss is defined similarly, but uses an area-weighted sum over
latitude/longitude points, as in (10). These two terms are combined to give

ECRPS(T) L= Z Z Z [Cspectral (t7 Tlv ’U) + Cnodal (tv 7-,7 U)] .

teT p,v 7'€D
' <r

During training, for each initial time ¢, and forecast time ¢ 4+ 7, we use one obser-
vation Y (t+7) and exactly two forecasts X (t+7) and X’(t+ 7). This is the minimum
needed for an unbiased CRPS estimate (9). It is possible to construct a CRPS loss
with more than two forecast samples for every observation. As it turns out, the com-
pute budget (for each minibatch) is better spent on greater variety of initial times.
That is, rather than increasing ensemble size, we select a new observation at a new ini-
tial time, Y (s + 7) for s # ¢, and once again create the minimum number of forecasts
X (s+7), X'(s+ 7). This is due to the fact that while adding more ensemble members
reduces the variance contribution of forecasts, the variance due to having one single
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observation is fixed. The result of adding more forecasts would be a sub-linear vari-
ance reduction. On the other hand, increasing the number of distinct observations in
a minibatch gives a linear reduction in variance.

We note that the loss functions used in NeuralGCM, which promoted a more
realistic spectrum and the ability to produce ensemble forecasts, could also be applied
in “pure” ML approaches.

G.7 Training resources

Training resources are described in Table 1.In all cases, we use data parallelism, run-
ning our model with one single example on each TPU device, with a batch of examples
distributed across multiple TPU cores. For NeuralGCM-0.7° and Neural GCM-ENS,
we additionally use model parallelism across spatial dimensions.
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Supplementary Figure 8: Estimation of predictability based on ECMWF-HRES
errors. (a) Normalized mean squared error between ECMWEF-HRES and ERAS5 for
each total wavenumber as a function of time for temperature, zonal wind, specific
humidity and horizontal wind divergence. Grey line corresponds to threshold that was
used to estimate the predictability horizon. (b) Resulting filtering profiles for varying
lead times and different variables. (c¢) Visualization of effective resolution at which
errors are estimated at varying lead times. Zero hour forecasts are additionally blurred
in the loss so the model does not need to match exact initial conditions.
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H Additional weather evaluations

H.1 Accuracy

We assess the accuracy of deterministic NeuralGCM, along with other ML mod-
els and ECMWEF-HRES, by quantifying their skill using the root mean square error
(RMSE) and root-mean-square-bias (RMSB), both computed against the relevant
ground truth data. As NeuralGCM was trained to predict ERA5 data, we evaluate its
errors against ERAS as the ground truth. In contrast, the ECMWF-HRES model uti-
lizes ECMWF-HRES analysis as input, leading us to compare ECMWEF-HRES against
ECMWEF-HRES analysis, thereby reducing the reported ECMWEF-HRES errors. We
additionally include scores for the Neural GCM-ENS mean. This model is not as accu-
rate as Neural GCM-0.7° at short lead times, but indicates the time when the RMSE
skill starts to be dominated by forecast uncertainty.

In SI Fig. 9 we plot RMSE and RMSB scorecard comparisons of NeuralGCM-
0.7° and NeuralGCM-ENS against ECMWF-HRES and GraphCast across all core
atmospheric variables (geopotential, temperature, specific humidity and u-component
of wind) and 13 pressure levels. Similar to previous ML approaches we find
that NeuralGCM-0.7° generally outperforms ECMWF-HRES across all scores (SI
Fig. 9(a)), except for the top level of the atmosphere. When compared to Graph-
Cast, we find that on short lead times Neural GCM-0.7° performs similarly on RMSE,
with some variables better modeled by GraphCast (specific humidity) and some by
Neural GCM-0.7° (geopotential) (SI Fig. 9(c)). We note that Neural GCM-0.7°is almost
3 times coarser than GraphCast, and it is likely that higher-resolution NeuralGCM
models would improve their short lead time predictions, a trend already observed in
Neural GCM models [SI Fig. 11]. At longer lead times (5-6 days) NeuralGCM-ENS
achieves better RMSE scores than GraphCast across the board, underlining the util-
ity of stochastic models at such timescales. The general trend of NeuralGCM-0.7° to
outperform GraphCast at higher levels and being slightly worse at lower levels of the
atmosphere is potentially caused by an additional loss weight factor introduced in
GraphCast that discounts levels at lower pressure.

Contrary to RMSE, RMSB is not a priori expected to rapidly increase with lead
time. Neural GCM-0.7° model maintains consistently lower bias than ECMWF-HRES
for the 10 days (SI Fig. 9(b)). GraphCast achieves lowest bias at very early lead
times, but quickly degrades afterwards (SI Fig. 9(e)). NeuralGCM-ENS model has
slightly higher biases compared to Neural GCM-0.7° model, likely due to coarser spatial
resolution. In SI Fig. 10 we provide similar RMSE and RMSB scorecards comparing
Neural GCM-ENS to ECMWEF-ENS on 15 day forecasts.

SI Figs. 11, 13 and extended data Figs. 1, 2 compare NeuralGCM models against
ECMWF-ENS across all core atmospheric variables and 3 pressure levels (500, 700
and 850 hPa), for which we had ECMWF-ENS data to compare against. Beyond two
days, Neural GCM-ENS has lower or similar error (within 1%) compared to ECMWEF-
ENS across all metrics (RMSE, RSMB and CRPS), with the exception of specific
humidity at 850 hPa at longer lead times. At very early lead times ECMWEF-ENS has
better scores than Neural GCM-ENS. However, both RMSE and CRPS values at these
early times are small, indicating a negligible absolute difference between the models.

30



Geopotential Temperature Specific humidity Zonal wind

<0 o |

o |

12 3 4 5 6 7 8 9 1 12 3 4 5 6 7 8 910 1 2 3 4 5 6 7 8 9 1

5

(b)

1 1
o
|
.

12 3 45 6 7 8 910 1 2 3 4 5 6 7 8 910 1 2 3 4 5 6 7 8 9 10
(c)

50 ANNNNNNNNNNNENENNEEE _ _ NNENNENNNNNNENENEEEE
T T TTTTTTTITITT [ TITTTITIITTITL]

%
|
@

w
ralGCM-0.7° « RMSE [%A] — GraphCast

[ ]
L]

925 1 [ 1] [ 11 [ |
1000 | [ [ ] [ ] [ ]

12345673910123456739101234567891012345678910

50 HNNNNNENNSNENNNNNES SONNNNSNNNNNNNNNNNNS NENNNEENNNEEENEEEEEN

0 NENNNNNNNNENNENNEN NI GCNNNNNNNNNNEEEEE EECC ( (AESEEEEEEER

150 §N (NNNNNNNNNNEENNEN NS CSNGCENNNNNNENEEN EAE 0 COCCNNEEEEE B

200 SNNNNENEEENE B (OO NNNNNENNEEEN N INENNE [

250 | NNNNENENEN BE ~ CCNNNNNEEEEE B [TTTTT ]

300 [ SNNNNNNEEE EOE° CNENNEENEEEERE B | [y |

400 |l EES CCNNNNEEEEEEE B ] [ ]

500 W EEGE [ NNNENNEEEN E§ [ 1] [ ]

600 W NEREE  CNENNNEEEEE EE [ 1] [ L]

700 W EEEEES ( NNNNEEEER EEG | [ 1]

850 W EEEEEEE  (EENNEENEE EEE [ L1

925 HNN ENENEECE (EESEEENEN EEEED (1111

1000 WEMAN L NRERE, | ARANENENER
1 2 3 4 5 6 7 8 9 1 2 3 4 5 6 7 8 9 10 10 1 2 3 4 5 6 7 8 9 10

(e)

50 NENNNNNNNNNNENEEES NNSNEENEENESENNENEEN NNSENENENNNENNENEEEE ENNNNNNENENNNNEEEEEE

200 NN NNNINNNNNNNENNEE NNUENNNNNNNENNNNENEN  ENNNSNNNNNNNNENEEEE EENNNNNNNENEEEEEEEEE

150 NS NNNNNNENNEEEEEN NO DNNNNNNENNNEENEE NENENEEEESEE 0 0 | [ DNNNNNEEEEEEEEEEEE

200 HENS NNNNNNNENENEEES ENNNENEEENEENENEENEE EENGACNENNNNNEENNEEEN | GNNSNNEENNEEEEEEEE

250 RENCNNNNNNNNNNENNEEE NEESNASCNNSNNNENEEEN OSSO SEANNESNNNEEEE EOCNNENNEENEEEREEEEE

300 BENCNNNNNNNNNNENNEEE FENNNNNENNEENNNNEEEN NENEN( SONNNENENEEEE NG O GONNENEEEEEEEEE

40 HNNN NNNNNNNNNNEENEE © GONSNNNNNNNNNNNENN N0 CECECD DNEN NEEENENNEEEEEEEEEEEE

500 HENS NNNNNNNNNENEEEE C6CC CUNNNNNNNNNEEEEN GF (UNNNNNEEENEEEE BC (GCNNEENEEEEEEEEE

60 HEN NNNNNNNNNNENNEEE NESENS  CNNNNNNEEEEN | CNEEES ( GUNEEEEN EEEG ((AESEEEEEE

700 BN NENNNNNNNNNNNNEEE EEC  ONSENENNNNNENEN (NNf GNNNNNEENNNEEN EES 0 (GAEEEEED

a0 HID NNNNNNNNNNENENEE © COCOCC (SENSNSNNEN SCONNNNNENT  DNNEEE EENGNCCD  (ESEEEEEE

25 HENE NNNNNNNNNEENNNES NENNEST NFENNNENEEEE NENENEEEC (GUNNEEEE EENNEEENCS (EEEEEEE

1000 WES AANNANARARNNARGA BiGio  ANNAESASNAES NAASC0h . RAMANAN ESNAEARLL ARAAEA
12 3 4 5 6 7 8 910 1 2 3 4 5 6 7 8 910 1 2 3 4 5 6 7 8 910 1 2 3 4 5 6 7 8 9 10

® z T Q u

so NNNNENNNNENNNNANNNNN § SNNNENNNANNNNANEEE NENNANENNNENNNNANEN NENNENAENENNEENENEEE

100 ARNNNA CNNANANAANANN SNANASAENNNANANANAN NANAS CANSSAEEEEAEEE AEAAGS NAREAEEANEAE

150 NRNNAN_NNNNNNNNANANN NNANAS CNNNNANANANAN NANARC. O GONE AR GNNAAREEEEAEEAE

200 SNNAN_NNNNNNNANENNNE AN  ANANANNANENNAN SSANANG.  GNGNGNANA ERN.  GEAEEENENEEER

250 WHNN NNNNNNNANNNNNNN NANENS. AANANNNNNAN NENAAA. GNGSENARANAN 5 . GoNGSARANNEENEN

30 GENN_NANNNNNAANNNNNN NEANANS  NANSNNAANAN  GAA0 GNNAEANENNANA 550 ANSAAANEANAEER

400 HENEN GNNNNNNNENEEEE EN CNSNNNNNNNNENEEEN NNNENEEESC GONNEEEE B GONESEEEEEEEEEE

500 HENEEN  SNNNSNENNEEE NEEENC NNNNNNNNNEEEN NONNNSC GONNSNENEEEN EESEC  (GONEEEEEEEEE

60 HNNEE NNNNNNNNNNENEE NESNEEESC SNNNNNNNNN NONNNNNEET  GCNNEEN NENEEEC  (GOEEEEEEE

700 HENE- NNNNNNNNNNNENS NESNENEESS CNUNEEESE NEEED C GONNNNENNEEEE ENNNEENAEC  (GEEEEEE

50 EMEN (NENC ([ NNUN NNSNNEEEEN CNGNEEEE NENNNENENEEENSC  GONN EENNEEEEEEC (GEEEEEE

925 RENMNNNNNNEEN (| NNNNNEEEENES CNNESN NNNNNENENENNEESEC 7 NENNEENEESEC GOEEEE

soco MENERNNARAREREL ¢ NNNNENREEARAN,  CREN NNNANRNARRRARNEGR. . NNNRNEEAERERC AORW
12 3 45 6 7 8 910 1 2 3 456 7 8 9100 1 2 3 45 6 7 8 910 1 2 3 4 5 6 7 8 9 10

Lead time [days] Lead time [days] Lead time [days] Lead time [days]

Supplementary Figure 9: Scorecards comparing Neural GCM-0.7° and Neural GCM-
ENS models against ECMWF-HRES and GraphCast on RMSE and RSMB scores
across atmospheric variables and pressure levels. (a) RMSE scorecard for Neural GCM-
0.7° vs ECMWF-HRES, (b) RSMB scorecard for Neural GCM-0.7° vs ECMWF-HRES,
(¢) RMSE scorecard for NeuralGCM-0.7° vs GraphCast, (d) RMSE scorecard for
Neural GCM-ENS vs GraphCast, (e) bias RMSE scorecard for NeuralGCM-0.7° vs
GraphCast, (f) bias RMSE scorecard for Neural GCM-ENS vs GraphCast.
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Supplementary Figure 10: Scorecards comparing NeuralGCM-ENS against
ECMWF-ENS. Scorecards are shown for (a) RMSE, (b) RMSB and (c)CRPS for
different atmospheric variables and pressure levels.

ECMWF-ENS’s advantage possibly stems from two factors: a) Neural GCM-ENS was
optimized for 5-day rollouts, and initial condition perturbations likely improve later-
stage predictions while introducing minor errors (in absolute terms) at earlier stages.
Overall, these perturbations likely reduce loss. b) NeuralGCM’s lower resolution (1.4°)
compared to ECMWF-ENS (0.2°) limits its ability to incorporate fine-scale initial
perturbations. Namely, ECMWEF-ENS can introduce these perturbations while still
matching IFS-analysis at a coarser scale, whereas perturbations in Neural GCM would
always increase RMSE.

SI Figs. 15, 16 and extended data Figs. 1 and 2 compare spatial metrics for 10-
day forecasts from Neural GCM-ENS and ECMWEF-ENS across all core atmospheric
variables on WeatherBench2 pressure levels. Overall, Neural GCM-ENS and ECMWEF-
ENS have similar spatial patterns of skill relative to climatology as measured by RMSE
and CRPS. Spatial biases for Neural-GCM are better overall than for ECMWF-ENS,
and are also noticeably more evenly distributed. Comparing spread-skill ratio shows
that unlike ECMWF-ENS, Neural GCM-ENS is not consistently under-dispersed in
the tropics.
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Supplementary Figure 11: Root-mean-squared-error (RMSE) relative to ECMWEF-
ENS for all Neural GCM forecasts in 2020.
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Supplementary Figure 12: Root-mean-squared-bias (RMSB) relative to ECMWF-
ENS for all NeuralGCM forecasts in 2020.
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Supplementary Figure 14: Spread-skill-ratio for Neural GCM-ENS and ECMWF-

ENS forecasts in 2020.
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Supplementary Figure 15: Maps of root-mean-squared-error for Neural GCM-ENS
and ECMWF-ENS relative to 1990-2019 climatology for all forecasts in 2020.
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Supplementary Figure 16: Maps of average CRPS for NeuralGCM-ENS and
ECMWEF-ENS relative to a probabilistic climatology sampled from the years 1990-2019
for all forecasts in 2020.
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H.2 Derived variables and spectra

To better understand the consistency of ML weather forecasts, we calculate a variety
of the variables that can be derived from geopotential, temperature, horizontal wind
velocity and specific humidity:

T (9T (19 "
9z  \op g Op ’
where T is temperature, p is pressure, g is the gravitional constant and & is

geopotential.
2. Wind speed is given by

1. Lapse rate is given by

vVu? + 02

where u and v denote zonal and meridional wind velocity.
3. Divergence is given by

Vp - u = 0zu + 0yv,
where 0, and 0, denote the partial derivatives in the zonal and meridional

directions.
4. Vorticity is given by

k- (V,xu)=0,v—0dyu.

5. Vertical velocity at pressure level pg under the assumption of hydrostatic balance
Op/0z = —pg is given by [3]

Po Po
- / (Vp-u)dp=— / [0zu + Oyv] dp.
0 0

6. Eddy kinetic energy is given by

[(u—a)* + (v —10)*],

N |

where % and v denote the longitudinal mean of zonal and meridional wind velocity,
respectively.
7. Geostrophic wind is a horizontal vector given by

1 N 1

2o’ < Vr® = oqumg O ®: 22,

where () is the rotational speed of the Earth, ¢ is latitude in radians, V,, is the
gradient on constant pressure levels and ® is geopotential [18].

39



8. Ageostrophic wind is the horizontal wind vector minus geostrophic wind.
9. Total column moisture quantities are given by a vertical integral over pressure

levels,
1
f/qw,
g

where ¢ is the gravitational constant and ¢ is the desired moisture species
(humidity /vapor, cloud liquid or cloud ice).
10. Integrated vapor transport is given by

1 P1 2 P1 2
A mar) + ([ o)
9 Po Po

where ¢ is specific humidity, u is zonal wind, v is meridional wind, pg = 300 hPa is
the minimum pressure and p; = 1000 hPa is the maximum pressure [1].
11. Relative humidity is given by

¢/(1—q)

ees/(p — es)

where ¢ = 0.622 and e, the saturation vapor pressure in hPa is
es = 6.112exp[17.67(T — 273.15) /(T — 29.65)],

where T is the temperature in Kelvin, which is the formula implemented by
MetPy [19].

All derivatives are calculated using second-order finite differences, and vertical inte-
grals are calculated using trapezoidal integration. Code for calculating these variables
has been added to the WeatherBench2 codebase [14].

SI Figs. 17 and 18 plot a variety of example 7-day forecast fields and power spectra
averaged over many weather forecasts, based archived weather forecasts from Weath-
erBench2. To consistently compare predictions from models with different resolutions,
all calculations are performed after conservative regridding to a 1.5° equiangular grid
on 37 pressure levels. Variables are excluded if calculating them requires fields not
archived as part of WeatherBench2 for a particular forecast model, including vertical
integrals or derivatives if not all pressure levels are available. We omit NeuralGCM-
ENS because conservative regridding from a 1.4° Gaussian to a 1.5° equiangular grid
introduces aliasing artifacts that are particularly evident for derived variables.

H.3 Visualization of ensemble weather forecasts

To verify that Neural GCM-ENS produces reasonable looking forecasts of all variables,
we plot maps of forecast fields in SI Fig. 19 and vertical profiles in SI Fig. 20 and
SI Fig. 21. Here we compare to ERA5 after conservative horizontal regridding to
the native resolution of Neural GCM-ENS. The forecasts look qualitatively similar to
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Supplementary Figure 17: Forecasts and power spectra for forecasts of ther-
modynamic variables. (a) Example 7-day forecasts initialized at 2020-01-01T00. (b)
Absolute spectral density for 1-day (dashed) and 7-day (solid) forecasts of the indi-
cated field, averaged over all forecasts initialized in 2020 and either over the tropics
([-15°,15°] North) or the extratropics ([25°,55°] North) as indicated by the area
between dashed lines in panel (a). (c¢) Normalized spectral density, given by the
absolute spectral density divided by the spectral density of ERA5.
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ables, like in ST Fig. 17. Note that vertical velocity is recalculated for GraphCast from
horizontal wind, rather than using the vertical velocity prediction directly output by

GraphCast.

ERA5
ECMWF-HRES
NeuralGCM-0.7°
GraphCast
Pangu



ERAD5, except the cloud variables (specific cloud liquid water content and specific cloud
ice water content) occasionally take on small in magnitude negative values, which is
not physically possible. Fixing this issue represents an improvement opportunity for
improving future versions of NeuralGCM.

H.4 Evaluation of lower resolution models

In ST Figs. 11 and 12 we compare RMSE skill and root mean squared bias of Neural-
GCM models at 0.7°, 1.4° and 2.8° resolutions, evaluated on the year 2020. Similar to
the main text we normalize the results against ECMWF-ENS for easier comparison.
Across all atmospheric variables we find that increasing the level of detail improves
RMSE. Note that the skill of Neural GCM-2.8° is evaluated on 5.6° and then rescaled
by the ratio of ECMWF-HRES errors at 1.5° and 5.6° resolutions to estimate model
performance without upsampling coarse predictions.

SI Fig. 22 compares power spectra of core atmospheric variables for Neural GCM
models of different resolution at 1 and 7 days into the forecast.

H.5 Diagnosing precipitation minus evaporation

To diagnose precipitation minus evaporation rate (P — E) we calculate:

1 [t dq NN
p_EZE/O Z(dt) pedo (13)

where pg is the surface pressure, and Zi(%)%\m is the sum of the water species ten-

dencies predicted by the neural network. To compare against reanalysis data we use
the precipitation rate and evaporation rate from ERAS5.

Extended data Fig.4a,b shows the daily distribution of precipitation minus evap-
oration rates from NeuralGCM-0.7° forecasts alongside ERA5. The distribution of
precipitation minus evaporation rates has been normalized such that the area under
the points is equal to one. We observe that the precipitation rate distribution from
Neural GCM-0.7° aligns closely with the ERA5 distribution in the extratropics. How-
ever, NeuralGCM-0.7° tends to underestimate extreme events in the tropics. For
weather forecasting, we note that the average forecast (averaged across all initial con-
ditions for the third day of prediction) aligns well with the spatial distribution seen in
ERA5 (extended data Fig.4c,d). To underscore the differences between ERA5’s P — E
and Neural GCM-0.7°’s diagnosed P — E, we present snapshots of daily P — E. While
there are overarching similarities between these snapshots, it’s evident that in the
tropics, NeuralGCM-0.7° tends to moderate extreme events (extended data Fig.4ef).

We note that the calculation of P — E assumes that the dynamical core is responsi-
ble for all horizontal motions; thus, P — E could be diagnosed using Eq. 13. However,
the physics module might also learn to correct errors originating from inaccuracies in
the dynamical core (e.g., as a result of calculating advective tendencies on a coarse
grid), which may introduce errors into the calculation of P — E. Given that P — F cal-
culated from Neural GCM-0.7° appears generally consistent with ERA5 in the weather
forecasting scenario (extended data Fig.4), this suggests that any error is likely small.
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Supplementary Figure 19: Maps of five ensemble realizations of +15 day forecast
fields from Neural GCM-ENS initialized at 2020-08-22T12z, compared to ERA5.
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Supplementary Figure 20: Vertical profiles of five ensemble realizations of 10-15
day forecast fields at 0° N 0° W over the tropical Pacific ocean, from Neural GCM-ENS
initialized at 2020-08-22T12z, compared to ERAS5.
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Supplementary Figure 21: Like SI Fig. 20, but at 42.3° N 71.1° W over Boston,
MA, USA.
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Supplementary Figure 22: Comparison of NeuralGCM models at different resolu-
tions on zonal power spectra averaged over latitudes 15° to 55° for core atmospheric
variables. (a) Absolute spectral density. (b) Spectral density normalized against ERAS.

However, at lower resolutions, the error could be larger. For example, extended data
Fig 5 displays the climatology of P — F calculated with Neural GCM-1.4°, which shows
clear artifacts, although it remains unclear whether these artifacts stem from the
aforementioned error in calculation or another issue.

In this work, we only diagnosed precipitation minus evaporation from Neural GCM.
However, in future work, we plan to develop a scheme to reformulate Neural GCM to
predict precipitation and evaporation separately. This could be achieved, for example,
by using conventional parameterization to estimate evaporation (and then calculating
precipitation by adding it to P-E). Another approach could involve training a neural
network (NN) specifically to predict evaporation, potentially optimized to predict the
same fluxes as those in ERA5 data.

H.6 Ablation tests
H.6.1 Different loss functions

To train deterministic NeuralGCM models we used a combination of 3 different loss
functions (sections G.4.1, G.4.2,G.4.3). To investigate the effect of utilizing these loss
terms, we trained NeuralGCM-2.8° models while omitting certain loss terms and com-
pared the skill and spectrum of models employing various loss terms. Specifically, we
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trained models: (a) without the bias loss (section G.4.3), (b) without applying filter-
ing to the MSE loss (section G.4.1), and (c) excluding spectral loss, bias loss, and
filtering on the MSE, resulting in a simple MSE loss.

We find that removing these loss terms, or removing the MSE loss filter, enhances
the RMSE score (SI Figs. 23a-c ). For example, adopting solely the MSE loss - a
common approach in ML algorithms for weather forecasting - enabled us to enhance
our skill by several percent. Namely, the RMSE of Neural GCM deterministic models
could be improved by using an MSE loss instead of the losses we used in the paper.
However, removing these loss terms leads to a degradation of the simulation spectrum
over time (SI Figs. 23d and 24). Such a degradation of the spectrum over time
would likely harm the ability to conduct climate simulations, and would make the
NeuralGCM forecasts less useful as they would not resemble realistic atmospheric
states. The spectral degradation observed in the model employing MSE loss suggests
that the primary cause of such degradation in previous ML-based models [1, 20] could
potentially be addressed by introducing new loss terms. However, these modifications
might adversely affect the models’ accuracy.

H.6.2 Training on shorter rollouts

To investigate the benefits of training on longer rollouts (i.e., optimizing for extended
prediction periods), we trained a NeuralGCM-2.8° model exclusively on predictions
up to 12 hours, while keeping all other model parameters identical to the default
Neural GCM-2.8° model. We find that the model trained on shorter rollouts not only
exhibit deteriorated performance in terms of RMSE but, more critically, tend to be
significantly less stable (SI Fig. 23a-c). For example, the sharp increase in RMSE after
13 days is associated with model instabilities (SI Fig. 23a-c).

Additionally, we attempted to train a model on 1-hour rollouts (which is a single
physics timestep for NeuralGCM-2.8°) but found that the trained model becomes
unstable after very few days (not shown).

H.6.3 Learning curve - pure ML vs hybrid

To estimate the volume of training data which is beneficial for Neural GCM we trained
several Neural GCM-2.8° models using varying amounts of data (all models were
trained on the most recent years up to 2017, but each utilized a different number of
years for training). We find that for weather forecasting Neural GCM-2.8° does not
benefit from incorporating more than the last 21 years of data (SI Fig. 25). This find-
ing might be related to variations in the ERA5 dataset, in which recent years uses
assimilated data sources which are more similar to the year on which we tested these
models (2018). In contrast older years likely incorporate fewer or different assimilated
data sources relative to the year on which we tested the model.

Next, we wanted to assess whether the Neural GCM requires a different quantity
of training data compared to a purely ML-based approach. To this end, we trained
multiple Neural GCM-ML-only-2.8° models, which are similar to NeuralGCM-2.8° but
lack a dynamical core, making them solely ML-based. We find that incorporating the
dynamical core enhances performance compared to ML-only model (SI Fig. 25), as
anticipated, given that the single-column parameterization structure we employ limits
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Supplementary Figure 23: Accuracy and spectrum analysis for models using differ-
ent loss terms and models trained on different rollout lengths. (a-¢) RMSE normalized
by the RMSE of the default NeuralGCM-2.8° model, as a function of prediction lead
time for simulations utilizing various loss functions: the default NeuralGCM-2.8° loss
function (sum of filtered-MSE, spectral and bias losses; orange), a model trained with-
out the bias loss term (red), a model trained without the filter on the MSE loss (pink),
and a model trained with simple MSE loss function (without the spectral loss, with-
out bias loss, and without the filter on the MSE; blue) and a model trained only up to
12 hour rollouts (grey), for (a) geopotential at 500 hPa, (b) temperature at 850 hPa,
and (c) specific humidity at 700 hPa. Panel (d) depicts the zonal spectrum of specific
humidity at 850 hPa in the tropics (defined from 15S-15N), normalized by ERA5 spec-
trum for the aforementioned models (except for the model model that is trained up
to 12 hours as the spectrum diverges at day 15) and also includes the ERA5 spectrum
(black). Solid lines show 1-day predictions and dashed lines show 15-day predictions.
The zonal spectrum is truncated at wavenumber 40 to facilitate a clearer comparison
between the models.
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Supplementary Figure 24: Case study on the impact of different loss functions on
forecast snapshots. The plot illustrates the specific humidity at 700 hPa for 1-day, 5-
day, and 10-day forecasts from each model across latitudes 30S-70N and longitudes
162-300 for ERA5, Neural GCM-2.8° as well as Neural GCM-2.8° variants trained with-
out bias loss, without an MSE filter, and with a simple MSE loss (excluding spectral
loss, bias loss, and MSE filter). All models are at 2.8° resolution (with ERA5 data
regridded to match this resolution). All forecasts are initialized at 2021-08- 25T00z.

the ability to accurately learn horizontal advective tendencies. Interestingly, we find
that the inclusion of the dynamical core does not reduce the amount of necessary
training data (both Neural GCM-2.8° and NeuralGCM-ML-only-2.8° have a similar
learning curve - SI Fig. 25). We hypothesize that the single-column approach might
inherently reduce the training data needed, suggesting that such a structure could
potentially require less data than state-of-the-art ML models for weather forecasting.
However, this idea remains speculative, as direct tests of this hypothesis have not yet
been conducted.

H.7 Instability case study

SI Figs. 26 and 27 show examples of an instabilities that were found in NeuralGCM-
1.4° and NeuralGCM-0.7° simulations. The figures illustrates the progression of two
instability case-studies over time.

SI Fig. 26 presents an example of instability observed in a NeuralGCM-1.4° simula-
tion. Specifically, it illustrates that on day 388, the temperature field in the simulation
appears realistic. However, by day 389, the 12-hour temperature tendencies at 1000
hPa (SI Fig. 26j) exhibit an unrealistic strong local tendencies at the South of the
Indian Ocean. This unrealistic signal continues to intensify over time, and by day
392, the instability has significantly intensified and propagated throughout the Indian
ocean (SI Fig. 26d).

SI Fig. 27 presents an example of instability observed in a NeuralGCM-0.7° simula-
tion. Specifically, it illustrates that on day 138, the temperature field in the simulation
appears realistic. However, by day 139, the 12-hour temperature tendencies in the
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Supplementary Figure 25: Learning curves comparing the hybrid NeuralGCM
model with the ML-only variant of NeuralGCM. RMSE as a function of the number of
training years (with all models trained on the years leading up to 2017 and evaluated
on data from 2018, utilizing varying lengths of training data) for both NeuralGCM-
2.8° (blue) and its ML-only counterpart, Neural GCM-ML-only-2.8° (orange), which
is similar to Neural GCM-2.8° but without the dynamical core. The RMSE values are
presented for forecasts at day 3 for (a) geopotential at 500hPa, (b) temperature at

850hPa, and (c) specific humidity at 700 hPa.
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Supplementary Figure 26: Case study on instability in the NeuralGCM-1.4° model.
(a-d) The temperature, (e-h) 12 hour temperature change at 1000hPa (i-1) zoom into
longitudes 20 to 80 and latitudes 75S to 45S and (m-p) the vertical structure of 12
hour temperature change at latitude 60S, for different simulation lead times: day 388
(left column), day 389 (second column), day 390 (third column) and day 392 (right
column). The simulation was initialized at 09-18-2019.

stratosphere (SI Fig. 27n) and at 1000 hPa (SI Fig. 27j) exhibit an unrealistic strong
high wavenumber component. This unrealistic signal continues to intensify over time,
and by day 155, the instability has significantly intensified and propagated throughout
the tropics (SI Fig. 27d).
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Supplementary Figure 27: Case study on instability in the Neural GCM-0.7° model.
(a-d) The temperature, (e-h) 12 hour temperature change at 1000hPa (i-1) zoom into
longitudes 280 to 320 and latitudes 20S to the equator and (m-p) the vertical structure
of 12 hour temperature change at latitude 10.1S, for different simulation lead times:
day 138 (left column), day 139 (second column), day 140 (third column) and day 155
(right column). The simulation was initialized at 08-29-2019.
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I Additional climate evaluations

I.1 Seasonal cycle

To assess the skill of our model for simulating seasonal cycles, we conduct a compre-
hensive comparison between NeuralGCM-1.4° resolution and ERA5. We ran 2-year
simulations with 37 different initial conditions spaced at 10 days for the year 2019.
Out of these 37 initial conditions, 35 successfully completed full two years without
encountering model instability. The comparison is done for the year 2020, focusing
on several key aspects. We begin by examining the global mean temperature at 850
hPa and find that Neural GCM-1.4° closely resembles ERA5, both in terms of mean
temperature and variability for all stable initial conditions (main text Fig.4a).

To example the tropical circulation we analyze the Hadley cell seasonal cycle and
its amplitude. The Hadley cell circulation is characterized by computing the mass
streamfunction (¢, p), which quantifies the mass transport between latitudes and
altitudes. The mass streamfunction is

$(,p) = 2“‘;8(“5) / " vdp, (14)

where ¢ is the latitude, p is the pressure, g is the acceleration due to gravity, ps is the
surface pressure and v is the zonal mean meridional velocity. We find that Neural GCM-
1.4° is able to capture both the seasonal cycle and the amplitude of the Hadley cell
circulation (SI Fig. 28). We also demonstrate in SI Fig. 29 that NeuralGCM-1.4° can
accurately capture the spatial structure of the wind during the Indian monsoon and
non-monsoon months.

To characterize the extratropical circulation, we plot zonal-mean zonal wind in dif-
ferent seasons and find that NeuralGCM-1.4° has a very similar structure compared
to ERAS5 (ST Fig. 28) with the exception that above 30hPa there are noticeable dif-
ferences as NeuralGCM-1.4° does not optimize its predictions for these levels (since
the upper-most level exist in sigma coordinates is ~ 0.03). We also consider the extra-
tropical storm tracks and we compare the seasonal cycle of the eddy kinetic energy
(EKE). EKE is computed as:

1000hPa
EKE = / —(u? +v'?)dp, (15)
150hPa 28

where the prime symbol denotes deviations from the instantaneous zonal mean (i.e.,
v’ = v—70, where ¥ represents the zonal mean of the variable), and g is the gravitational
acceleration. We find that Neural GCM-1.4° successfully captures the seasonal cycle of
EKE, displaying the correct seasonal and spatial structure of EKE (SI Fig. 31).

We also illustrate the global annual cycle of atmospheric water and total kinetic
energy (TKE = |, 15000}?;1:d 21g u? + v?)dp), demonstrating that there is no visible drift
in these quantities and that we achieve a realistic annual cycle (SI Fig. 30). This is
in contrast to a recent attempt at hybrid modelling found that the atmosphere tend
to dry out rapidly [21]. The ensemble mean of NeuralGCM-1.4°’s precipitable water
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accurately captures the magnitude seen in ERA5 during 2020, yielding a smaller RMSE
than the climatological value. However, the ensemble mean TKE of NeuralGCM-1.4°
exhibits a slight bias, trending lower than the ERAS values.

1.2 Tropical cyclone tracking

To assess NeuralGCM’s capability to simulate Tropical Cyclones (TCs), we use the
TempestExtremes tracker [22] to identify TC tracks. To compare NeuralGCM TC
results to ERAS we first detect TCs in ERA5 native resolution (0.25°) using the
default configuration of TempestExtremes.

The default configuration of TempestExtremes, used for the native ERA5 res-
olution (0.25°), utilizes sea level pressure (SLP) as the feature-tracking variable.
Candidate TCs are initially identified based on SLP minima, and a closed contour
criterion is applied, demanding an SLP increase of at least 2 hPa within a 5.5° Great
Circle Distance (GCD) from the candidate point. Additionally, the difference between
geopotential on the 300 and 500 hPa surfaces must decrease by 58.8 m2s~2 within a
6.5° GCD from the candidate geopotential, taken as the maximum geopotential height
difference within 1° GCD of the candidate location. These candidates are then linked
over time to form TC paths. These paths have a maximum allowable distance of 8°
between consecutive candidates, feature a maximum allowable gap size of 24 hours
(representing time periods with no TC identification) and have a minimum trajectory
length of 54 hours. For at least 10 time steps, the underlying orography has to be
less than 150m, the storm formation is constrained within latitudes of —50° to 50°,
and the 10m wind magnitude has to exceed 10 m/s. Tracking is conducted at 6-hour
output intervals for all resolutions.

One challenge with TempestExtremes is its tendency to yield significantly different
numbers of Tropical Cyclones (TCs) when applied to data at varying resolutions [23].
To apply the tracker to NeuralGCM-1.4° and make meaningful comparisons with
ERA5 data, we specify a set of tracking parameters that yield nearly identical TC
tracks when ERA5 data is regridded to a resolution of 1.4°.

We fine-tuned these parameters so that TempestExtremes detected nearly identical
TC tracks (as shown in SI Fig. 34a) and a similar number of T'Cs, with 88 in the native
resolution (using the default parameters for tracking) and 84 in the 1.4° resolution
(using the new set of parameters for tracking). The main differences is that we reduced
the gradient requirements, necessitating an SLP increase of at least 0.6 hPa within a
5.5° GCD radius of the candidate node and the difference between geopotential on the
300 and 500 hPa surfaces must decrease by 25.8 m2s~2 within a 6.5° GCD from the
candidate geopotential, taken as the maximum geopotential height difference within
1° GCD of the candidate location. It’s worth noting that, for the 1.4° tracking, we do
not use the 10m wind criterion since this data was not available for the NeuralGCM
simulation.

Next, we compare these results with TCs simulated by the X-SHiELD model
(main text Fig.4e,f,g) when regridded to 1.4°, allowing for a fair comparison with
Neural GCM-1.4° at the same resolution. Since the X-SHiELD dataset lacks SLP infor-
mation, we utilize vorticity for tracking TCs. In a manner similar to what is described
in the previous paragraph, we identify a set of vorticity parameters that, when used
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Supplementary Figure 28: The Hadley cell circulation and zonal wind for dif-
ferent seasons in NeuralGCM and ERA5. The mass streamfunction (contours) and
zonal-mean zonal wind (colors) as a function of pressure and latitude averaged over
different seasons during 2020 for (a,c,e,f) ERA5 and (b,d,f,h) NeuralGCM-1.4° simu-
lation initialized in October 18th 2019. Solid contours indicate positive values of mass
streamfunction and dashed contours indicate negative values and contour intervals are
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Supplementary Figure 29: Winds during Monsoon and no Monsoon months in
NeuralGCM and ERAS5. Quiver plot of the time mean wind at 850 hPa for the Indian
Monsoon months (defined here as June 15th to Septemper 15th; panels a and b) and
no Monsoon months (defined here as January 1st to April 1st; panels b and d) for 2020
for (a,c) ERA5 (b,d) NeuralGCM-1.4° simulation (initialized in October 18th 2019)

with the TempestExtremes tracker on ERA5 data regridded to 1.4° resolution, yield
results that closely matched TCs in native ERA5 data tracked using SLP as the
criterion. We successfully fine-tune the vorticity parameters to ensure that Tempes-
tExtremes detects nearly identical TC tracks (as shown in SI Fig. 34b) when using
the vorticity criterion compared to when using the tracker with native ERA5 resolu-
tion and the SLP criterion. This yields a similar number of TCs, with 88 in the native
resolution and 86 when using the vorticity criterion in the 1.4° resolution. For vortic-
ity tracking, we require a vorticity increase/decrease of at least 0.00006 s~! within a
5.5° GCD radius of the candidate location. Additionally, we impose the requirement
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Supplementary Figure 30: Yearly cycle of precipitable water and total kinetic
energy. Global mean (a) precipitable water and (b) total kinetic energy for 2020 ERA5
for 2020 (orange), climatology (defined as the averaged temperature between 1990-
2019; green), and for NeuralGCM-1.4° for 2020 for simulations initialized every 10
days during 2019 (thick blue represents the ensemble mean, and thin blue lines indicate
different initial conditions).

for a decrease in geopotential height difference between the 300 hPa and 500 hPa of
25.8 m?s~2 within a 6.5° GCD from the candidate geopotential. (see SI Table 6).

We apply these new SLP and vorticity parameters to detect TCs in the
Neural GCM-1.4° simulation. We find that tracking TCs with both sets of parameters
produces similar TC tracks (SI Fig. 34c). These TC tracks also closely resemble TC
tracks identified in ERA5 data in terms of number of TCs, as well as their locations
and shapes (SI Fig. 34).

We also employ the tracker to derive TC tracks from both ECMWEF-ENS and
Neural GCM-ENS, each at a resolution of 1.4°. However, since ECMWF-ENS lacks
data for geopotential at 300 hPa, which is necessary for the conditions we used above,
we track TCs for the ensemble using the sea-level pressure (SLP) criterion in conjunc-
tion with the vorticity criterion, as previously described for simulations at the 1.4°
resolution.

o8



(a) ERA5 MAM
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Supplementary Figure 31: Eddy kinetic energy in NeuralGCM and ERAS5. Ver-
tically integrated Eddy Kinetic Energy (EKE) as a function of longitude and
latitude averaged over different seasons during 2020 for (a,c,e,f) ERA5 and (b,d,f;h)
NeuralGCM-1.4° simulation (initialized in October 18th 2019).

1.3 CMIP6 models used in AMIP runs

We analyzed data from 22 CMIP6 models that were configured to use prescribed
sea surface temperatures (SST), known as AMIP runs, taken from Google’s Public
Dataset program stored on Google Cloud Storage. Among these, for the follow-
ing 17 models — BCC-CSM2-MR, CAMS-CSM1-0, CESM2, CESM2-WACCM,
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Supplementary Figure 32: 850hPa temperature bias averaged over 1981-2014 in
22 models from CMIP6 AMIP simulations.

CanESM5, EC-Earth3, EC-Earth3-Veg, FGOALS-f3-L, GFDL-AM4, GFDL-CM4,
GFDL-ESM4, GISS-E2-1-G, IPSL-CM6A-LR, MIROC6, MRI-ESM2-0, NESM3, and
SAMO-UNICON — we utilized the “rlilplfl” variant identifier to which we had
access. However, for the remaining five models, we resorted to using alternative
variant identifiers: “rlilp1f2” for CNRM-CM6-1 and CNRM-ESM2-1, “r2ilplf3”
for HadGEM3-GC31-LL, “rlilplf3” for HadGEM3-GC31-MM, and “rlilplf2” for
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Supplementary Figure 33: 850hPa temperature bias averaged over 1981-2014 in
22 Neural GCM-2.8° simulations.

UKESM1-0-LL. Additionally, although data from the E3SM model was available from
Google’s Public Dataset program, we chose not to include it in our analysis due to
some temperature artifacts near Antarctica.
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(a) ERA5 TCs: 0.25°: 88; SLP (1.4°): 84
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Supplementary Figure 34: Tropical cyclone tracks for different tracking criteria.
Tropical Cyclone (TC) tracks identified from (a,b) ERA5 and (c) NeuralGCM-1.4°
using different criteria and resolutions. (a) TC tracks from ERAS5 native resolution
(0.25°) using sea level pressure criterion (SLP; dotted black) and ERA5 at 1.4° resolu-
tion using SLP modified criterion (green). (b) TC tracks from ERA5 native resolution
(0.25°) using SLP criterion (dotted black) and ERA5 at 1.4° resolution using vorticity
criterion (orange). (¢) TC tracks from NeuralGCM-1.4° using SLP modified crite-
rion (dotted blue) and vorticity criterion (red). The TC tracking was applied to all
simulations between 01-19-2020 to 01-17-2021, which were the dates that were avail-
able for the X-SHiELD model. Neural GCM-1.4° initialized on 10-18-2019 (similar to
X-SHIiELD). Insets show a zoom in into the Northern Atlantic region.




Criterion 1 Criterion 2

Difference between geopotential surfaces
at 300 and 500 hPa decrease

by at least -58.8m?2/s2 over 6.5 GCD
Difference between geopotential surfaces
at 300 and 500 hPa decrease

Sea level pressure | SLP change
tracking (0.25°) of 200Pa over 5.5 GCD

Sea level pressure | SLP change

tracking (1.4°) of 60Pa over 5.5 GCD by at least -25.8m?/s? over 6.5 GCD
Vorticity Vorticity at 850hPa change Difference between geopotential surfaces
tracking (1.4°) of +£0.00006s~" over 5.5GCD | &t 300 and 500 hPa decrease

by at least -25.8m?2/s2 over 6.5 GCD
SLP ensemble SLP change Vorticity at 850hPa change
tracking (1.4°) of 60Pa over 5.5 GCD of 4£0.00006s~! over 5.5GCD

Supplementary Table 6: The parameters used for TC tracking when using
different model resolutions.

1.4 Generalizing to unseen data

One motivation for incorporating strong physics priors into Neural GCM is to improve
performance on out-of-sample data, such as that caused by climate change or system-
atic changes in Earth observing systems. Physically consistent weather models should
remain accurate even under different climates or with weather conditions outside their
training data. First, we study the ability of NeuralGCM models to generalize weather
forecasts to warmer years. Later, we investigate its ability to simulate warmer climates.

1.4.1 Weather forecasting in warmer years

To assess the extrapolation capabilities of Neural GCM in the context of weather pre-
dictions, we trained a Neural GCM-2.8° model using ERA5 data exclusively from 1979
to 2000. We then tested its performance across 21 future years. SI Fig. 35 demonstrates
the model’s skill in mid-range weather prediction for various years and variables. For
geopotential, forecast skill remains remarkably consistent even when extrapolating 20
years into the future. While there is a noticeable decline in the 4-day forecast accu-
racy for temperature and specific humidity, skill remains stable for temperature and
exhibits only a slight deterioration for specific humidity in longer-range predictions.

Next, we wanted to compare the ability of Neural GCM-0.7° to generalize to future
years against that of GraphCast. Because the final version of NeuralGCM-0.7° was
trained on data through 2019, to produce additional data for comparisons we also
consider a developmental version NeuralGCM-0.7°-2017 only trained through 2017
data. This model uses the same architecture described previously with three major
differences:

1. It does not include a surface embedding or surface forcing features (sea surface
temperature, sea ice concentration).

2. It does not include the memory feature.

3. Tts loss is scaled differently in time, like (14-(7/24))~" instead of (14 (7/40)*)~1/2.

In SI Fig. 36 we compare accuracy trends of GraphCast, NeuralGCM-0.7°,
Neural GCM-0.7°-2017 and ECMWF-HRES evaluated on ERA5 data from years 2018-
2022. In this experiment GraphCast and Neural GCM-0.7°-2017 variants were trained
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Supplementary Figure 35: Extrapolation of mid-range weather forecast skill over
21 years. Relative Root Mean Square Error (RMSE), normalized to the year 2001,
for a Neural GCM-2.8° model trained on 1979-2000 ERA5 data. Results are shown for
(a) 500 hPa geopotential height, (b) 850 hPa temperature, and (c) 700 hPa specific
humidity as a function of forecast lead time.

on data until 2017. ECMWF-HRES and NeuralGCM models display little variation
over evaluation years, while GraphCast accuracy degrades by a few percent when eval-
uated on 2022 forecasts (5 years more recent than the training domain), consistent with
the degraded performance noted in the GraphCast paper. Forecasts of geopotential
and at short lead times have the largest increases in error.

1.4.2 Extrapolation to warmer climates

All Neural GCM models have been trained solely on ERA5 data. As with all machine
learning models, we do not expect the Neural GCM models to extrapolate beyond their
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Supplementary Figure 36: RMSE for 1-, 3- and 5-day forecasts, starting in differ-
ent forecast outside the training datasets for NeuralGCM and GraphCast. RMSE is
averaged over forecasts initialized every 12 hours at midnight and noon UTC in the
indicated year.

training regime. However, we acknowledge that extrapolation might be reasonable in
cases where the input/output distributions do not substantially change compared to
the training data. Therefore, we aimed to test whether Neural GCM can still provide
reasonable results for climates that are moderately to substantially warmer.

To assess the capability of NeuralGCM to simulate warmer climates, we conducted
AMIP-like simulations with warmer SST (including +1K, +2K, and +4K SST) over
a duration of 34 years using Neural GCM-2.8°. As a baseline for comparison, we used
AMIP and AMIP +4K SST runs of the CESM model (CESM AMIP +4K was avail-
able until 2013). Out of 8 different runs with initial conditions spaced every 50 days
during the year 1980, 6 (for AMIP +1K), 6 (for AMIP +2K), and 4 (for AMIP +4K)
simulations were stable for the entire 34-year period. Since we compare to a single
realization of CESM, we have chosen to use simulations that were initialized on April
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10th, as simulations started on this date remained stable for 34 years across all SST
warming levels.

In SI Fig. 37, we test the response of NeuralGCM model runs to SST warming.
We find that the zonal mean temperature structure and the zonal mean zonal wind
response in Neural GCM for +1K and +2K SST warming runs are broadly consistent
with the CESM response. Specifically, robust features of climate warming, such as
upper tropospheric warming, polar amplification, and Southern Hemisphere polar jet
shift [24], are present in all simulations. However, there are also some differences in the
responses, for example, the zonal mean zonal wind changes in the tropics have opposite
signs in CESM and NeuralGCM. We find that the NeuralGCM +4K SST warm-
ing simulation shows a very different response compared to NeuralGCM simulations
with +1K and +2K SST warming. This likely indicates that when using NeuralGCM
in a climate driven by +4K SST warming, the results provided by NeuralGCM are
unrealistic.

SI Fig. 38a demonstrates that the mean global temperature at 850hPa adjusts in
response to an increase in SST by +4K on the same timescale in both NeuralGCM and
MIROC6. We use MIROCG6 for comparison because the daily temperature data for
both AMIP and AMIP 44K SST scenarios were available from Google Cloud Storage
for MTROCG6. This implies that the short-term response of NeuralGCM is similar to
that of a physics-based model.

In SI Fig. 38b and ¢, we present the global mean temperature at 850hPa for
NeuralGCM and CESM simulations. The most notable observation is that, unlike
CESM simulations, Neural GCM simulations with warmer SST do not exhibit the same
trend as NeuralGCM with the AMIP configuration. This suggests that NeuralGCM,
when simulating a warmer climate, experiences a climate drift. The climate drift is
particularly evident for the +4K SST warming (a scenario we have already noted
Neural GCM does not realistically extrapolate to), but it is also observable in the +1K
and 42K SST warming scenarios, albeit to a lesser extent. For example, after 34 years
of model integration, the temperature difference between the AMIP run and AMIP +
1K SST -1K is approximately 0.25K. We note that the drift we find in NeuralGCM
AMIP +1K and +2K SST warming is substantially lower than the warming itself.
Therefore, we believe it is still appropriate to compare the response to warming in SI
Fig. 38.

In the future, NeuralGCM could improve its ability to generalize to different
climates, even those it has not trained on, by using a mix of strategies. While
climate-invariant methods [25] can help, training NeuralGCM on data obtained from
simulations (e.g., of warmer climates) and incorporating physically-based models (e.g.,
radiation schemes) will likely be necessary.
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Supplementary Figure 37: Response of temperature and zonal wind to sea surface
temperature (SST) warming. Left panels depict the zonal mean temperature response
per degree of SST increase as a function of latitude and pressure, calculated as the
difference between AMIP runs with increased SST to AMIP simulations averaged
over 1981-2013: (a) CESM with a +4K SST warming, (b-d) NeuralGCM with +1K,
42K, and +4K SST warming, respectively. Right panels illustrate the corresponding
zonal mean zonal wind response per SST degree increase for (e) CESM with a +4K
SST enhancement and (f-h) NeuralGCM with +1K, +2K, and +4K SST warming,
respectively. All Neural GCM models used initial condition from April 10th 1980.
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Supplementary Figure 38: Temporal dynamics of temperature changes in AMIP
simulations with warmed sea surface temperature (SST). Panel (a) shows the 40-day
850hPa global temperature response to a +4K SST increase in MIROC6 (defined as
the difference between AMIP +4K and the standard AMIP run; represented in orange)
and NeuralGCM (in blue). Panel (b) presents the global mean temperature at 850hPa
across various Neural GCM AMIP scenarios, including standard runs and those with
+1K, 42K, and +4K SST enhancements, adjusting the global mean by subtracting
the corresponding SST warming. Panel (c) displays the global mean temperature at
850hPa for both the CESM AMIP standard run and the CESM AMIP scenario with
a +4K SST increase, applying the same SST adjustment methodology. Panels b and
c cover the period from 1981 to 2013, with 2013 being the final year for which CESM
AMIP +4K SST data were available. All NeuralGCM simulations commenced from
the initial condition on April 10th, 1980.
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