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Abstract

The rise of accurate machine learning methods for weather forecasting is creating
radical new possibilities for modeling the atmosphere. In the time of climate
change, having access to high-resolution forecasts from models like these is also
becoming increasingly vital. While most existing Neural Weather Prediction
(NeurWP) methods focus on global forecasting, an important question is how these
techniques can be applied to limited area modeling. In this work we adapt the
graph-based NeurWP approach to the limited area setting and propose a multi-scale
hierarchical model extension. Our approach is validated by experiments with a
local model for the Nordic region.

1 Introduction

Accurately forecasting weather is an immense challenge, but also a problem with broad impact on
society. Today, Numerical Weather Prediction (NWP) systems combine vast amounts of physics
knowledge with powerful computational resources in order to model the atmosphere. Performing
these computations is however time-consuming, limiting the possibility to model finer resolutions
and detect rare events [[1]]. Forecasting these events is vital in adapting society to the effects of
climate change [2]]. Recently, data-driven machine learning models have shown impressive weather
forecasting performance, matching or even outperforming existing NWP systems [3H5]]. These Neural
Weather Prediction (NeurWP) models produce forecasts in a fraction of the time of traditional NWP,
opening up many new possibilities. One successful family of NeurWP models, that we focus on in
this work, utilize Graph Neural Networks (GNNs) to produce forecasts [6, 5]. As these models are
trained on NWP data, with built-in physics assumptions, they represent a useful blend of existing
knowledge and new possibilities introduced by machine learning.

While most existing work in NeurWP has been focused on global weather forecasting, it is of
substantial interest how these methods can be utilized also for Limited Area Models (LAMs). Such
local models are used by many institutes to create high resolution forecasts for specific regions of
interest [7H14]. In this paper we adapt graph-based NeurWP to the limited area setting, and also
introduce a hierarchical model extensionﬂ The graph-based framework is an attractive choice for
LAMs due to the freedom in designing the associated graphs. By choosing these graphs appropriately,
a general model formulation can be applied to regions of different shape or alignment with global
coordinate systems. We evaluate our graph-based models on a dataset from the MetCoOp Ensemble
Prediction System (MEPS) LAM [7]].

Climate Impact Due to climate change, access to efficient and accurate weather modeling is
increasingly important. Fast NeurWP LAMs contribute to climate change mitigation and adaptation

'Our code is available at https://github.com/joeloskarsson/neural-lam.
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Figure 1: Overview of the prediction process of the GC-LAM and Hi-LAM models. Inputs at grid
nodes M are encoded to mesh nodes ®, processed and decoded back to produce a one step prediction.

through: 1) Extreme weather prediction, made possible by fast NeurWP models enabling large
ensemble forecasts. Detecting extreme events requires modeling the full distribution of weather states,
which is typically done by creating an ensemble of forecasts from perturbed versions of initial states
[15]. 2) Providing accurate forecasts for renewable energy production, enabling better integration
of these volatile sources into existing energy systems. 3) Reducing the energy required to produce
fine-grained weather forecasts [16]. In appendix [A] we discuss paths to climate impact in more detail.

2 Related Work

Global NeurWP  Our work builds on graph-based NeurWP [6] and in particular the GraphCast
model [5]]. Apart from this approach, another family of global NeurWP models rely on transformer
architectures [[17, [18]], treating spatial or spatio-temporal patches of the weather state as input tokens
4 21]]. Some of these transformer-based approaches have been framed as foundation
models, aiming to learn general representations of the atmosphere that can be utilized in diverse
downstream tasks 21]. Such models can be fine-tuned for limited area forecasting, but using
the same variables as the global models and an area aligned with the global latitude-longitude grid.
Other noteworthy models are based on neural operator architectures [22} 23]], which perform efficient
global convolutions by operating in the frequency domain [16] 24]].

Hierarchical Graph Neural Networks Our proposed hierarchical GNN structure shares many
ideas with the models of [25] and [Lino et al| [26]. While also motivated by capturing
multiple spatial scales, they apply hierarchical GNNSs to general Partial Differential Equation (PDE)
solving, rather than the weather forecasting task.

3 Graph-based Forecasting for a Limited Area

The vast majority of NeurWP models learn to approximate a function X' = f(X'~1,... X*7P)
that autoregressively maps from the p last weather states to the state X at time step ¢ [4} [6] [16].
Each such weather state X is a matrix of shape N x S containing S different atmospheric variables
at N different spatial locations. Each atmospheric variable is typically modeled at a number of
vertical levels, but for clarity we here consider all levels for all variables stacked as one vector of
length S. We refer to the N spatial locations as grid cells or (in the graph context) as grid nodes. In
global models each such grid node typically corresponds to a cell in a latitude-longitude grid [4} [3].
Using machine learning, a mapping f ~ f can be learned from a dataset of weather state trajectories
X', X2, ..., XT. Given p initial states, a full forecast can be produced by unrolling the model

multiple time steps, applying f iteratively to its own predictions.

Graph-based Forecasting In graph-based NeurWP, f is defined as an encode-process-decode
sequence using GNNs [6] 5]. See [Sanchez-Lengeling et al/| [27] for an accessible introduction to
GNNs. Input states are encoded to the nodes of a mesh graph, processed through multiple GNN
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Figure 2: Enlarged prediction of z_1000. The GC-LAM model shows circular artifacts centered at
mesh nodes with > 8 neighbors (white dots).

layers and then decoded back to the grid nodes to produce a prediction X*. The process is illustrated
in fig. [T} The mesh graph contains fewer nodes than the grid, making it more efficient to work on.

In previous works, [6] constructed the mesh graph as an icosahedral mesh of triangles around
the globe. [5] extended this idea in the GraphCast model, by combining such icosahedral
meshes at 7 resolutions. These 7 graphs are merged by taking the union of their edge sets, creating a
multi-scale mesh graph with edges of varying length. The idea behind the multi-scale graph is that
longer edges can propagate information over longer spatial distances, which should be useful for
forecasting physical processes taking place at larger spatial scales [3].

We base our first model, titled GC-LAM, on directly adapting the GraphCast model to the limited
area setting. This model produces one step predictions using the last two states (p = 2) [5]. The
previous weather states and known forcing inputs are encoded by Multi-Layer Perceptrons (MLPs)
to vector representations in each grid node. Additional static features, associated with edges and
mesh nodes, are encoded using separate MLPs. As in GraphCast, all GNNs used in each step of
the encode-process-decode sequence are interaction networks [28]]. These networks update all node
representations v. and edge representations e._,. according to

és—)r < MLPE([65—>T7 Us, UT]) (13')
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where £ is the set of edges used by the the current GNN. In the encoding step these edges go from
grid nodes to mesh nodes, in the processing step they connect only mesh nodes and in the decoding
step they go from the mesh back to the grid. See appendix [B]for model details.

Hierarchical Graph Neural Network From initial experiments with the GC-LAM model, we
noticed issues with circular artifacts in the predictions. The positions of these artifacts, which can
be seen in fig. 2} correspond to mesh nodes with many incoming edges in the multi-scale graph.
Motivated by this, we introduce the extended Hi-LAM model with a hierarchical mesh graph in L
levels. This hierarchy is created by not merging the L meshes of different resolution levels used
in the multi-scale graph, but instead introducing additional edges between the levels. With such a
hierarchical construction, illustrated in fig. [T} we retain longer spatial edges at higher levels in the
hierarchy, but get a more uniform structure in the bottom mesh level that is connected to the grid.

In the hierarchical model we extend the encoding step to not just propagate information from the
grid to the bottom mesh level, but also up through the mesh hierarchy. During the processing step
we sequentially update the representations at each level in the hierarchy. At each level we run
one iterations of intra-level processing and then propagates information on to the next level, in the
sequence L, ..., 1,..., L. Itis also possible to run multiple such sweeps down and up through the
hierarchy. The decoding step then propagates information down through mesh levels L, ..., 1 and
finally to the grid for prediction. All steps are parametrized using independent GNNs.

Forecasting for a Limited Area A major part of adapting the graph-based models to the limited
area setting is to redesign the mesh graph. We will here specifically consider the operational area
of the MEPS forecasting system, but the method is general. The MEPS area is defined by drawing
a rectangular grid on a Lambert conformal conic map projection [7]], which yields approximately
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Figure 3: Ground truth and example forecasts of nlwrs at lead time 57 h.
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Figure 4: RMSE of net longwave solar radiation flux (nlwrs) and temperature 2 m above
ground (t_2), evaluated at different lead times.

equally sized grid cells. We define our mesh graphs as regular quadrilateral meshes covering the same
area, but with far less nodes than the original grid. Regular meshes are created at L = 4 different
resolutions and either merged for GC-LAM or connected with additional edges in Hi-LAM. More
details on the graph construction are given in appendix [D]

In limited area NWP, the regional model needs information from the surrounding area. This is
provided by updating lateral boundary conditions with data from a (often global) host model [[7}
[30]. We follow the same methodology for our NeurWP model, including boundary forcing at
each time step. To incorporate this information, we let the model output an initial prediction X* and
then replace each row Xf, with X! if grid node v lies within the boundary area. When unrolling for

multiple time steps this boundary forcing will then be fed back into the model through Xt Note that
we here use the ground truth weather state in the dataset as the boundary forcing, but in operational
scenarios this could be replaced by a forecast from an external host model.

4 Experiments with MEPS Data

Dataset and Models We experiment with limited area NeurWP on a dataset of historical forecasts
from the MEPS system [7]. Training on such data allows for building a fast surrogate model
approximating the system. The dataset contains 6069 forecasts from the years 2021-2023. We use the
first 15 months for training and validation and the remaining as a test set. In total we model S = 17
atmospheric variables, including temperature, wind and net solar radiation, among others (see details
in appendix [C). Our MEPS data contains a grid of 238 x 268 nodes, resulting in a spatial resolution
of 10 km. We evaluate the models based on 57 h forecasts with 3 h time steps. This is close to the
66 h forecasts used in the operational system [7]. Apart from the GC-LAM and Hi-LAM models we
also train a model (titled 1L-LAM) without any multi-scale edges, using a regular mesh of only a
single resolution. All models were trained first for single step prediction and then fine-tuned using 4
time step rollouts.



Results We showcase example forecasts in fig. |3|and Root Mean Squared Error (RMSE) values for
net longwave radiation (nlwrs) and 2 m temperature (t_2) in fig. [ More results, including errors
and example forecasts for all variables can be found in appendix [E| While the RMSE metric gives a
useful overview of the model performance, equally important are the qualitative comparisons in figs. 2]
and [3and appendix [E.2] In general we observe that the Hi-LAM model does not just reduce visual
artifacts, but also gives overall lower RMSE. The performance of the 1L-LAM model is substantially
worse than the others, verifying the importance of including edges of multiple spatial scales in the
model. The predictions of the 1L-LAM model also show severe visual artifacts. Producing a 57 h
forecast with Hi-LAM takes only 1.5 seconds on a single A100 GPU, making the method promising
for the type of large ensemble forecasting necessary to model extreme weather events.

Future Work A general issue in existing NeurWP models, ours included, is that they produce
over-smooth, unrealistic forecasts [31,15]. This is a consequence of the loss-functions used, making
the models output only the mean of the predictive distribution. To combat over-smoothing and
increase the usefulness of NeurWP models we believe that future works should move in the direction
of more probabilistic and generative modeling. For improving NeurWP LAMs there is also much to
explore in how to best make use of learned representations or forecasts from existing global models.
In exemplifying a framework of graph-based NeurWP LAMs we hope to inspire the community to
further explore also this modeling direction and its unique challenges.
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A Climate Impact

Accurate weather forecasting has always been massively useful, but in the time of climate change its
importance is greater than ever. The capabilities of NeurWP systems introduce great new possibilities
which can impact our ability to tackle climate change. In many of these scenarios limited area
NeurWP can offer functionality that is of particular usefulness.

Extreme Weather Due to climate change the prevalence and severity of extreme weather events is
expected to increase substantially, endangering both property and human life [2]]. These events are
also getting harder to predict and the cost of damages per event has increased nearly 77% over the past
five decades [32]]. In order to detect extreme events, there is a need to model the full distribution of
possible weather states. To achieve this, ensemble forecasts are typically used, where multiple weather
forecasts are produced from perturbed versions of initial states [[15]. While ensemble forecasting
historically has been limited by the computational costs of NWP systems, efficient NeurWP models
has the potential to vastly improve our ability to model extreme weather. For tracking extreme weather
it is desirable to model at a high resolution mainly the area where the weather event is expected to
unfold. Such investigations are enabled by limited area NeurWP.

Renewable Energy The production of renewable energy, such as solar and wind power, can be
highly volatile [33]]. This creates challenges for including these sources in the larger energy system.
Accurate weather forecasts, translated into forecasts of energy production, fill an important role as
enablers of these energy sources by making their output predictable. Here, fast limited area NeurWP
models enable high resolution modeling in the areas where renewable energy is produced. Detailed
probability estimates from ensemble forecasting additionally allow for improved cost-loss decision
making in these systems.

The Energy Footprint of NWP  Traditional NWP systems utilize massive computing clusters [[15],
resulting in a substantial energy footprint of the forecasting process. In comparison, NeurWP models
are highly energy efficient, even when taking into account their initial training process. The total
energy required to train the large global NeurWP model FourCastNet is comparable to running a 10
day forecast with 50 ensemble members using a traditional NWP system [[16]]. Producing a forecast
using the same model uses four orders of magnitude less energy than traditional NWP. A similar
reduction in energy footprint is to be expected for LAMs.

Interactive Digital Models By creating interactive digital models of the earth scientists and non-
experts can perform simulations to aid policy-making and societal adaptation to climate change. An
example of such a model is the Destination Earth initiative of the European Commission [34]. Fast
and efficient NeurWP is an important enabler for much of the monitoring and prediction capabilities
of these models. One promise of digital twin models is to be able to zoom in and with high-resolution
details study extreme weather events. Limited area NeurWP is a natural and appealing choice to
achieve such functionality.

National and Local Community Agency In a future where climate modeling is of increasing
importance, both global and local models have important roles to play. Global models, often enabled
by international collaborative efforts, are important for understanding large-scale climate processes
and provide necessary boundary information to LAMs [15,[7]. Local models complement these in
allowing for studying regions of specific interest to single nations or communities. Limited area
NeurWP bring the capabilities of machine learning models to local actors. This allows them to use
these models to forecast and study what is important to the local community they serve. We hope
that the effect of this will be increased agency of non-global organization to steer their own climate
change adaptation efforts.

B Model Details

In this appendix we provide more details on the models used.



B.1 GraphCast (GC-LAM and 1L-LAM)

We start by re-iterating the steps of the GraphCast model from|Lam et al.|[5]. GC-LAM and 1L-LAM
follow exactly the same procedure for making predictions, but using graphs adapted to our setting.

To compute a one time step prediction, the function f in GraphCast operates in three steps:

1. Encoding: Encode grid node information to the mesh.
2. Processing: Perform multiple steps of processing on the mesh.
3. Decoding: Decode from the mesh nodes down to the grid nodes for prediction.

Each of the steps above is associated with one set of edges. Grid2Mesh edges €M are used during
encoding, Mesh2Mesh edges EMM during processing and Mesh2Grid edges £M?C during decoding.
The edges in £9M and EM?C are directed, whereas EM?M contains bidirectional edges’]

Encoding The input to this whole procedure is a set of vector representations for nodes and edges.
Previous weather states, forcing inputs and static grid node features are concatenated and encoded
using an MLP into a vector v& for each grid node s. Similarly, static features of each mesh node
r are encoded into a vector representation v, Also the static features of edges are encoded into
representations €52M | eMM and eM2C using separate MLPs. The notation s — r describes that a
vector is associated with the edge from node s to node r. Each of the nodes s and r can belong either
to the grid or the mesh depending on the context. For example, in €2M the node s belongs to the
grid and r to the mesh. All MLPs used have one hidden layer with Swish activation function [35] and

are followed by a LayerNorm [36] layer.

The GNN layers used in GraphCast are Interaction Networks [28], which update node and edge
representations using two MLPs. During encoding, one round of GNN message passing is performed
from the grid to the mesh. The complete update being performed by this step is

e MLPEM ([, v, vM]) (2a)
G2 G2 ~G2
e €0 + &5 (2b)
v¢ v + MLPEM (vf) (2¢)
M M GoM M ~GoM
Ur — ’U,,, + MLPV Ur ’ Z es%r (2d)

s:(s,r)eEGM

where [-] denotes vector concatenation. The updates in each such step are always performed concur-
rently for all nodes or edges. Note that eqs. [2bHd| describe residual connections in the updates of all
node and edge representations. The point of updating also the grid node representations here is that
they will be used again in the decoder step.

Processing The processing GNNs operate only on the mesh nodes using EY?M. There can be
arbitrary many layers of processing GNNs and these generally do not share parameters. One
processing layer k performs the update

~M2M M2M M2M M M

€sr « MLPE,k ([esﬁvﬂ Vs , U,y ]) (33)
M2M M2M ~M2M

€5 €5y + €sr (3b)
o o)+ MLPYY [ [0}, DT el |. (3c)

s:(s,r)€EMM

Decoding The decoder utilizes £M?C to arrive at the final grid node representations as

el « MLPE ([0, v, v)7]) (4)
vf v + MLPYPO [ |0, Y &g . (4b)

s:(s,r)eEMG

%i.e. EMM also contains directed edges, but satisfies (a, b) € EMM = (b,a) € EMM.



Note that there is no need to update the edge or mesh node representations at this point. The final
predicted weather state in each grid node r is then computed as

Xb=f(x'71X"7%) = X7t + MLP™ (09). )

Note that eq. [|includes a residual connection to the previous weather state, meaning that the output
of the model (from MLPPmd) is the state difference rather than the new state. No LayerNorm is used
in MLPP™d,

B.2 Hi-LAM

Motivation GraphCast augments the original graph construction from [Keisler] [6] by the addition
of multi-scale edges, but does not introduce extra nodes [S]. When the meshes of multiple resolutions
are merged, the final multi-scale graph will share its node set with the finest resolution mesh. Nodes
with long incoming multi-scale edges will aggregate information from longer spatial distances. This
information can then spread locally to neighboring nodes through additional layers of processing
GNNs. However, since no new nodes are introduced in the multi-scale architecture, some nodes will
1) have many more neighbors than others 2) aggregate both highly local and long-range information.
All nodes need to contain relevant local information, which should be decoded to the connected
grid nodes for prediction. Nodes with long multi-scale edges will thus have a dual-responsibility:
retain local information and spread long-range information. We hypothesize that these nodes with
more neighbors will see a distributional shift in their representation vectors, which would explain the
artifacts observed in fig. 2] As the GNN parameters in each layer are shared for all mesh nodes these
issues could make it hard for the model to learn useful processing layers.

We propose to not just add multi-scale edges, but create a hierarchical structure of nodes and edges
that alleviates the problems mentioned above. To achieve this, we extend the encoding and decoding
steps of GraphCast and fully redefine the processing step.

Hierarchical Structure Our hierarchical multi-scale mesh graph consists of L levels of nodes,
with level 1 at the bottom (connected to the grid) and level L at the top. Higher levels in the hierarchy
contain less nodes with longer spatial distances between them. While we think of and visualize these
levels at different height there is no vertical component to the node positions and all graphs lay flat

on the surface of the globe. Let 'uf,\“l] denote the vector representation of mesh node r in level [. We
retain the edge sets £92M and EM?C from earlier, but connect grid nodes only to mesh nodes at the
lowest level [ = 1. Instead of a single set of mesh edges, the hierarchical setup will require multiple
edge sets connecting nodes both inside and between levels. For each mesh level [ we define I < 1] as
the (bidirectional) edges connecting nodes internally in this level. To propagate information up in the
hierarchy, we define sets £/~ *+1 for | € {1,..., L — 1} with directed edges from nodes in level /
to nodes in level [ + 1. Similarly, we define downward edges £ !~ for I € {2,..., L}. Static

features for all these edges are initially encoded into representations egfrl] , eyjrlﬂ] , e[sl}‘rl_l].

Encoding The encoding in eq.[2] will only spread information from the grid nodes to the bottom
level of the mesh hierarchy. If we would start the processing from there, the upper levels of the
hierarchy would initially only be processing information from static features. As these static features
are generally not key to making the prediction, this would be a waste of computation and memory.

In order to avoid this we augment the encoding step to propagate information up from the grid to
the top of the hierarchy. The new encoding step starts by encoding from the grid to the bottom mesh
level as

e « MLPEM ( [eSi“ﬁ, v, vrM[”D (6a)
O eI e (6b)
v¢ + vS + MLPEM (vS) (6¢)
o oM MLpg (o0, S e (6d)

s:(s,r)€EGM

10



and then continues up through the hierarchy

el e MLPE ! ([elsn 7 w1 oM ) (Ta)
eis el el (7b)
oMU MU L MLpMIT | MU Soelsi (7c)

si(s,r)egli-1.71

which is ran sequentially for level [ = 2..., L. Equation [/| propagates information up from the

(-1

previous level through v and combines this with the static feature embeddings.

Processing We redefine the processing step to sequentially pass through the different levels of the
hierarchy, using independent MLPs at each level. One processing layer &k performs a sweep from the
top level L, down to the bottom mesh level 1 and the all the way up to level L again. The steps of this

process alternate between intra-level processing at each level and message passing to the next level in
the sweep. In more detail, the downward part of the process is described by

ég?—(::-l] . MLPEclLH ] ( [e‘[sl—?rl] ’ ,v;VI[l]’ UTM[I]} ) (8a)

el 50 el els)! (8b)

oMl MU MLpy T oMl el (8¢)
si(s,r)eglt =l

=1 Mppl Sl ([egg\x—”,st 1 oM “‘”D (8d)

el el el (8¢)

,Ui\/f[l—l] “ ,UiV[[l—l] +MLPkM\£‘l*1] 'vf_”[l_l], Zé[sl—}rl_l] (8f)

si(s,r)eE M 1-1]

ran sequentially for levels | = L, ..., 1 (skipping egs. on level [ = 1). Then, the process
continues back up as

e Bl el ot 0] o0

el 5 el el (9b)

oMl MU MLpy T oMl Sl (9c)
s:(s,r)e€ll =1l

gl MLPLl/lJrl] ( [6L141+1],vé\4[z]7 viw[lﬂ]D 9d)

eLl_{;l+1] « eLl_{‘rl+1] + é‘[gl_{;lJrl] (96)

oI e oM ML o, R el o

s:(s,r)e€ll I+

ran sequentially for levels [ = 1,..., L (skipping egs. on level [ = L). It is possible to
use multiple processing layers, meaning that multiple such sweeps throughout the hierarchy will
be performed. As each edge set and mesh level has its own MLPs, we arrive at a more flexible
parametrization than the GraphCast mesh processing. In particular, we learn separate MLPs for each
spatial scale, corresponding to the different levels in our hierarchy.

Decoding Similarly to the encoding, we change the decoding step to sequentially aggregate infor-
mation from the top of the mesh hierarchy down to the lowest level. If we consider each level of the
hierarchical mesh graph to model physical processes at a specific spatial scale, this type of decoding

11
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Figure 5: Schematic showing how boundary forcing is combined with the prediction during each
autoregressive step.

has a natural interpretation as aggregating all of this information for the final prediction. We update
the node representations according to

el1 0 mLpfEt ( [e[slii\ RN [”] ) (10a)
oMU MU MLPYIT [ o2l STl (10b)

si(s,r)eglH1 1]

sequentially for level l = L — 1,...,1. This is then followed by the final decoding to the grid

216 MLPIES ([, 0210, o) (1)
oS vf +MLPYPO [ |0f, Y el ). (11b)

s:(s,r)€EMG

Note that there is no need to update the edge representations during decoding, as they will not be
used in any further processing. The final prediction step is the same as in GraphCast (eq. [5).

B.3 Boundary Forcing

In all models we use boundary forcing in order to include information about the surrounding area.
The boundary forcing is included at each time step by replacing predictions inside of the boundary
area B with the ground truth forecast X*. After making the prediction as in eq. E[ we update the row
for each node v as

X! (1= Tgpeny) X5+ Lrpeny XY (12)

where I} is the indicator function. This process is also described in fig. El Predictions for grid nodes
within the boundary area are not used in the training loss or evaluation.

We define the boundary as the 10 closest grid nodes to the edge of the limited area. Note that we
use a boundary area that lays inside the MEPS area, allowing us to use the ground truth forecasts as
boundary forcing. In the operational system the boundary area is defined along the edge outside the
MEPS area. There is no major conceptual difference between these and one could easily re-define
the different areas to match the operational MEPS system.
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B.4 Loss Function

All models are trained with a weighted Mean Squared Error (MSE) loss similar to GraphCast. We
use batched training with the loss for each sample computed as

S
\T(; PIPILIIC —X;i)2 (13)

t=tmi+1 veG i=1

tinit+ NRollout
1

L = -

N Rollout

where

* tmi is the initial time step the forecast starts from,

* NRroliout 18 the number of rollout steps used during training,

* G={1,..., N} \Bis the set of grid nodes not on the boundary,
¢ )\, is the inverse variance of time differences for variable 7,

* w; is a weight associated with the vertical level of variable i.

The sums in the loss are (in order) over 1) forecast time steps, 2) grid nodes and 3) weather state
variables. We refer to|Lam et al.|[S]] for details about the variable weighting scheme. Note that as the
MEPS area has grid cells of approximately equal size we do not need to weight the grid nodes.

B.5 Training Details

Our trained models use latent representations of dimensionality 64 everywhere. The GC-LAM and
1L-LAM models use 4 processing layers, and for Hi-LAM we use only 2. With the sweep down and
up through the hierarchy each processing layer of Hi-LAM updates node and edge representations
twice. To keep a fair comparison we thus use half as many processing layers. With these architectural
choices we are able to train models with a batch size of 8 using a single NVIDIA A100 GPU with
80 GB VRAM. All models were trained for single-step prediction for 500 epochs and then fine-tuned
using 4 time-step rollouts for 200 epochs. The AdamW optimizer [37]] was used with a learning rate
of 0.001. Training each model takes 3—4 days in total. The Hi-LAM model, despite being larger and
more sequential in nature, only takes 12% longer to train than GC-LAM. Preliminary experiments
showed only minor improvements when fine-tuning on longer rollouts, even when considering the
error at the highest lead times.

C Data Details

In this appendix we give more details on the exact features and dataset used in our experiments.
While some of the forcing and static features follow the exact format of GraphCast [S]], we here
describe everything for the sake of completeness.

C.1 Atmospheric Variables

At each grid cell we model 17 weather variables, including a broad range of different quantities and
different vertical levels in the atmosphere. All variables are described in table [I] The particular
choice of variables was motivated by a combination of meteorological relevance, data availability
and striving for a diverse set of variables to evaluate the model on. For solar radiation (nlwrs and
nswrs) we consider the net flux at ground level, aggregated over the past 3 hours (since the last time
step). Apart from the solar radiation all other quantities are instantaneous. For training we rescale the
values of each variable to zero mean and unit variance.

C.2 Forcing
As forcing at each time point we include at each grid node:

* The solar radiation flux at the top of the atmosphere.

* (sin(2n7/T) +1)/2 and (cos(2n7/T ) + 1) /2, where 7 is the time of day and T the length
of one day.
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Table 1: The 17 weather variables in our dataset. 'In the MEPS system 65 vertical levels are defined
from the ground to the top of the atmosphere [7]]. The lowest MEPS level sits at approximately 12.5
m above ground.

Abbreviation Quantity Vertical Level Unit  Description

Atmospheric  pressure  at

pres_Og Pressure Ground level Pa ground level

pres_0Os Pressure Sea level Pa Atmospheric pressure at sea
level

nlwrs Solar radiation ~ Ground level W/m?  Net longwave radiation flux

nsSwWrs Solar radiation  Ground level W/m?  Net shortwave radiation flux

r_2 Humidity 2 m above ground - Relative humidity, in [0, 1]

r_65 Humidity Lowest MEPS level! - Relative humidity, in [0, 1]

t_2 Temperature 2 m above ground K Instantaneous temperature

t_65 Temperature Lowest MEPS level! K Instantaneous temperature

t_500 Temperature 500 hPa pressure K Instantaneous temperature

t_850 Temperature 850 hPa pressure K Instantaneous temperature

u_65 Wind Lowest MEPS level! m/s u-component of wind

v_65 Wind Lowest MEPS level! m/s  v-component of wind

u_850 Wind 850 hPa pressure m/s  u-component of wind

v_850 Wind 850 hPa pressure m/s  v-component of wind

wvint Water vapor All ke/m? Integrated co.lumn of water va-
por above grid cell

z_500 Geopotential 500 hPa pressure m%s>  Instantaneous geopotential

z_1000 Geopotential 1000 hPa pressure m?%s?>  Instantaneous geopotential

* The same sine and cosine features as above, but with 7 as the time in the current year and 7~
as the length of the year.

* The fraction of open water in the grid cell. We assume this to be constant over the forecast
period and take the value from the time of the initial state. In GraphCast the open water
mask is assumed to be fully static. Treating this as forcing could be useful for taking into
account seasonal fluctuations of the ice cover in the Nordic region.

As in GraphCast we include the forcing for time steps t — 1, ¢ and ¢ 4+ 1 as input at time step ¢,

for making the prediction Xt+1, The boundary forcing applied at each time step (as described in
appendix [B.3) consists of the same 17 weather variables as listed in table|[T}

C.3 Static Features
Grid Nodes The static features used at each grid node are:

* The 2-dimensional coordinate of the node in the MEPS Lambert projection, normalized by
the maximum coordinate value.
* The surface geopotential (topography).

* A binary indicator describing if the node is in the boundary area or not.

Mesh Nodes The only static features associated with mesh nodes are their coordinates, following
the same format as for the grid nodes.

Edges All edges use the same type of static features. This includes

* The length of the edge.

» The vector difference between the source and target nodes, using the MEPS Lambert
projection coordinates.
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Figure 6: Overview of the period covered in the dataset and the training/validation/test split.

Both of these features are normalized by the length of the longest edge.

C.4 Dataset Details

Our dataset consists of archived forecasts from the operational MEPS system during the period
April 2021 — March 2023. This period was chosen due to the system configuration being reasonably
stable, preventing distributional shifts within the dataset. From the chosen period we extract the
forecasts started at 00 and 12 UTC each day. At each starting time there are 5 ensemble forecasts,
resulting in 10 forecasts per day (if no ensemble members are missing due to operational issues).
When retrieving the data we additionally downsample the spatial resolution from the original 2.5 km
to 10 km. This results in a dataset of 6069 forecasts of length 66 h with 1 h time steps. We split
these into training, validation and test sets according to fig.[6] It should be noted that there is high
correlation between many of these 6069 samples, in particular at early time steps in the forecasts. The
actual information content in the data, in terms of the effective sample size, is substantially lower.

The original data uses 1 h time steps, but our NeurWP models predict in 3 h steps. Because of this we
can extract 3 training samples from each forecast in the dataset (i.e. original time steps {1,4,7,...},
{2,5,8,...} and {3,6,9,...}). As we train on only < 4 rollout steps, we also only need a subset of
each such time series for each training iteration. To make maximum use of the data during training
we randomly sample which time step to use as initial state for unrolling the model.

The combination of 1) the 3h time steps, 2) using the last two weather states as model inputs,
3) including forcing from multiple times as input, means that we reduce the effective length of
our ground truth forecasts in pre-processing. This explains why we predict for 57 h rather than the
original 66 h. Note however that nothing prevents us from unrolling the models to create forecasts for
66 h or beyond. Although this is possible, we do not have ground truth data to compare against past
57h and therefore view such experiments to be of limited interest. There is still no reason to expect
the model performance to become drastically worse specifically past 57 h, as all models are anyhow
fine-tuned only on 4 time step rollouts (= 12h < 57 h).

D Graph Construction
We here give additional details on how the different graphs were constructed for the MEPS area.

D.1 Mesh Graph

Our mesh graphs contain regular quadrilateral meshes covering the MEPS area. To create these we
lay out mesh nodes in regular rows and columns over the area. Each node is then connected with
bidirectional edges to its neighbors horizontally, vertically and diagonally (see fig. [7a). This results in
all nodes (except those at the edge of the area) having 8 neighbors. The procedure is repeated at 4
different resolutions (fig.[8a), tripling the distance between nodes at each resolution. This means that
a node at resolution level [ is positioned at the center of a group of 3 X 3 nodes at resolution level
! — 1, sharing its exact position with the center node of the group (illustrated in fig. [7b).

To create the multi-scale mesh graph for GC-LAM we merge the graphs at different resolutions,
combining any nodes that sit at the same coordinates into one node. Note that this is possible due
to how nodes align across the resolution levels. In the 1L-LAM model only the one graph of finest
resolution is used, and the 3 remaining levels disregarded.

For the Hi-LAM model the graphs of different resolution are not merged, but used as the different
levels of the hierarchy. Additional inter-level edge sets £ /11 and £+ are then created for
all adjacent levels. Each set £ 7"+ of upwards edges is created by connecting each node on level [
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Figure 7: Illustration of the mesh graph construction process.

Table 2: Number of nodes and edges in the different graphs. We count bidirectional edges twice, as
these result in two messages being passed in GNN layers (one in each direction). Grid2Mesh and
Mesh2Grid describe only the edge sets, since these connect the existing grid and mesh nodes.

Nodes Edges
Hi-LAM mesh graph 7380 72358

GC-LAM mesh graph 6561 57616
1L-LAM mesh graph 6561 51520

Grid2Mesh - 100 656
Mesh2Grid - 255136

with the closest node on level [ + 1. This means that each node at levels [ > 1 will have 9 incoming
edges from the level below. The downward edges £+ 4 are a copy of £I' " +1] with the direction
of each edge flipped. The mesh graphs used in the different models are visualized in fig.[8]and the
number of nodes and edges in each graph listed in table 2]

D.2 Connecting the Grid and Mesh

The grid nodes are connected to the mesh (only the bottom level in Hi-LAM) through the edge sets
EOM and EM?G | To form £92M, each grid node is connected to all mesh nodes closer than 0.67d,,,,
where d,,, is the distance between mesh nodes at the finest resolution. All distances are 2-dimensional
euclidean, computed in the MEPS Lambert projection coordinates. The set EM?Y is constructed by

iterating over the grid nodes, and at each creating edges from the 4 closest mesh nodes to the node in
the grid.

E Additional Results

In this appendix we showcase additional results from our experiments with the MEPS data.

E.1 Per-Variable Error

In the subplots of fig. 0] we show the forecasting error for all 17 variables at different lead times. Note
that some variables show clear oscillations in the error, which can be explained by the day-night
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(a) Initial mesh graphs at 4 resolutions (b) Hi-LAM mesh graph

(c) GC-LAM mesh graph (d) 1L-LAM mesh graph

Figure 8: Mesh graphs used in the different models. Note that the vertical positioning of nodes is
purely for visualization purposes. In the GC-LAM mesh graph the node size and vertical position is
determined by its number of neighbors, to highlight the non-uniformity of the multi-scale structure.

cycle. As all forecasts in the dataset were started at either 00 or 12 UTC these cycles do not average
out completely in our plots.

E.2 Example Forecasts

Example forecasts for all variables and models are shown in figs. [I0]to 26] where we plot predictions
at lead times 15, 33 and 57 h. Also the ground truth forecast from the MEPS system is included
for comparison. The boundary area, where forcing is applied at each time step, is shown as a faded
border in each plot.

E.3 Spatial Distribution of Error

Figure 27]shows the spatial distribution of the error, as measured by the mean test loss computed for
each grid node. The errors in the figure come from the Hi-LAM model, but corresponding plots for
the other models show similar patterns. As expected, the error increases towards the center of the area
and away from the boundary. Information from the boundary forcing is highly useful for grid nodes
close to the boundary. To utilize this information in the center of the area, the model has to simulate
physical processes over multiple time steps, which is naturally a tougher problem. We also note that
the topography has a large impact. Errors are generally higher in areas with large gradients, such as
in the Scandinavian Mountains. As atmospheric processes are impacted by topological features this
difficulty is inherent to the problem and not a unique issue of our NeurWP method [[7, [T5]].
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Figure 9: RMSE for all models and variables, evaluated at each lead time up to 57 h.
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GC-LAM Hi-LAM Ground Truth

1L-LAM

15h 33h 57h

80000 85000 90000 95000 100000

Figure 10: Example model forecasts for pres_Og at lead times 15, 33 and 57 h.
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Figure 11: Example model forecasts for pres_Os at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth
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Figure 12: Example model forecasts for nlwrs at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth
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Figure 13: Example model forecasts for nswrs at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth

1L-LAM
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Figure 14: Example model forecasts for r_2 at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth
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Figure 15: Example model forecasts for r_65 at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth
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Figure 16: Example model forecasts for t_2 at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth

1L-LAM
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Figure 17: Example model forecasts for t_65 at lead times 15, 33 and 57 h.
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Figure 18: Example model forecasts for t_500 at lead times 15, 33 and 57 h.
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Figure 19: Example model forecasts for t_850 at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth

1L-LAM
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Figure 20: Example model forecasts for u_65 at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth
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Figure 21: Example model forecasts for v_65 at lead times 15, 33 and 57 h.
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GC-LAM Hi-LAM Ground Truth

1L-LAM

]

—10 -5 0 5 10 15 20

Figure 22: Example model forecasts for u_850 at lead times 15, 33 and 57 h.
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Figure 23: Example model forecasts for v_850 at lead times 15, 33 and 57 h.
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Figure 24: Example model forecasts for wvint at lead times 15, 33 and 57 h.
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Figure 25: Example model forecasts for z_500 at lead times 15, 33 and 57 h.
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Figure 26: Example model forecasts for z_1000 at lead times 15, 33 and 57 h.
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Figure 27: Mean test loss of the Hi-LAM model, evaluated separately at all grid points and at different
lead times. Note that the color map is not shared.
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