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Introduction Tooling for constructing the graph Updates on modelling efforts

Recent work by Oskarsson et al. 2023 [1] has demonstrated with To aid the further development of different graph architectures in Nordic Domain [1]
neural-lam that it is possible to train a graph neural network to produce neural-lam and graph-based weather models in general, functionality
purely data-driven km-scale weather forecasts in a restricted spatial has been developed within neural-lam to construct the graph used with e Using data from MetCoOp Ensemble Prediction System (MEPS),
domain using the traditional Limited Area Modelling (LAM) approach - the graph neural-network by creating individual graph components. Neural-LAM is used to build a fast surrogate mode. |
as used by operational centres across the world to produce sub-daily This separates the creation of the graph components (represented as e Trained on a dataset containing 10 forecasts per day from a period of
high-resolution weather forecasts. networkx.DiGraph objects) that comprise the different parts of the 1 year. , ,
message-passing [4] araph: arid2mesh (encode), mesh2mesh e Single model for forecasting 17 variables (surface + atmosphere) up
Based around the open-source neural-lam code base [2] the ML LAM (process) and mesh2grid (decode), from the serialisation into . tIEOxle:r?r:gr]\?sE’T(.)th with multiscale graph (GC-LAM), similar to
Community [3] has formed to with the aim to further develop this pytorch_geometric.Data datastructures which are loaded into the GrgphCast 5| el mev e ez gre?phpconstruction (I’-Ii-L AM)
modelling capability. We here report on our work since forming and the model. The separation of this latter step enables targeting different of ’ '
outlook for our community as a whole. code-bases that implement graph-based weather forecasting Example forecast: Integrated water vapor
modelling.
Work so far has principally focused around:
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1. Surveying and building an inventory of regional km-scale datasets e of o RN |>>: o TE A R v
that could be used to train on. i W BERSERERY | L W W =
2. Developing common tools to convert these datasets from the e By 2 4 RV
source file formats and structure (oftgn GRIB or netCDF) and to a | T ,:.Q,Nuyw 1IN TN
common format (zarr), to create training datasets DRDEKDO KOO X X X X
3. Developing common tools for constructing the neural network , B T I S SV Emr - S
graph e :jzr'i: SRENE - RN ng - =
4. Developing common data-stores interface to allow ingesting many e o T | Rt =z |
different data formats S| ey e =5
5. Carrying out scientific investigation to analyse how to best to enm g | | B en e S |
couple the limited area model to the global model forecast. B e H I I T e S 2
Datasets survey and preparation e i

This tooling also comprises customisable visualisation which enables
development of documentation and learning material (Jupyter
notebooks) and interactive creation of new exotic graph architectures.

What datasets already exist?

Below we have reproduced the current dataset survey carried out
within the community. It is the aim that all these datasets will be
converted to a common zarr-based format and shared openly within the

Neural-LAM (Hi-
LAM)

community. 12h 36h 57h
DANRA 2.5km, 3- | 30 years Northern GRIB Complete GRIB collection processed to zarr
reanalysis | hourly Europe stored at DMI, being transferred to EWC (1- .
clszr:]trrsgrsn year sample already on EWC) Ong0|ng Efforts
MEPS 10km ~2 years GRIB, Internally at SMHI + numpy-arrays at
(can get numpy- Berzelius (LiU). Contains 5 ensemble
-hourly e memeer Roadmap: | | e Probabilistic modeling for ensemble forecasting
MERA 2.5km 35 years British Isles GRIB1 g;:-g:::y stored on ECFS + local copy at Met ® I(re]tegrate Lln;ﬁg[e);fi?armargt ﬁr?ggl-OGt;jaeC:])Contalner data-StI’UCtU re US|ng Val"latIOn aUtOenCOderS [6]
o 3. Pyg et  JTapn._ oo STep . e Realistic boundary conditions using ERAS and
— S e Add functionality to construct hexagonal and triangular mesh
S T notcdi | bo on data ub.geospnereat graphs IFS
CERRA 5.5 km ~35 years Europe GRIB/netc | Subset on Copernicus Data Store, full fields ® Integ ratlon Of Neu raILAM Wlth the Anem0|
reanalysis df on EFS (ECMWF) . o .
R Py oo v — Updates on modelling efforts Framework of ECMWF, by utilisation of common
reanalysis http;://cds.lclimate.coperr:jimlJT,.eufcdsapp#!/dat tOO|S (fOI' data-preparathn, graph-generathn and
aset/reanalysis-carra-model-levels T : : . .
NQRAS 3 km 50 year Slgnlted across | netCDF https://thredds.met.no/thredds/projects/nora3. Alpine Domain (MetQOSWiSS) predICtlon Valldatlon) and by Integratlon Of mOdel
rindeast e | orstisnisles — | architectures and other developments into
scandinavia 24h Forecast for Iqtggrated Water Vapor TQV Trained on 4 years of An em0|
NEWA 3 km 210 years | Europe netcdf New European Wind Atlas . KENDAAnalysi; S Neural LAM Forecast hourly COSMO_22 km ) ] ] ]
macro- Access via API requests, seems like web - g . . e Perturbation of latent space (weights in graph
eevamers s vt vl gt vind opElen] ENElBS CElE n) f ol tation and XAl
parame (KENDA),  Neura-LAM mesh) for ensemble augmentation and x
— = km ;goyge-ars -Il\-lr:herlands netedt Etl:ricsr?//?vf\zls\::.?jrue’[c\:/r\ﬂ)r}?shAct)lfeSWindatlas.nI/about- generates 24h forecaStS ° Pertu rbatlon Of StatIC flelds . . . .
2019 lbe-alasidowedalalcata-donnloatl for a broad range of e Integration into existing verification pipelines to
COSMQ-Z 2.2km 5 years Switzerla_nd+ GRIB2/ MeteoSwiss will open-source data between Surface and free atmo' Valldate agaInSt Observatlons (grldded and p0|nt),
%?Xi;;’?@ oot [aacall Chta sphere  variables.  The looking into specific metrics for selected
S grar?h-based ” arCh'teCtture applications (for example SPEI for wind-energy
= m ears entral Europe | ? s:/[reanalysis.meteo.uni- errorms well over Siee I "
@O. “ ;0y07- ceniral Europ Egzn./ée/?Dol\\//vnload tData COSMO-REA2 {)Opo I‘aph The plOt OE app“CathnS)
reanalysi o , _ Jrapny. e Transfer learning. Can a model trained on one
WINS50 [2.5km 3 years https://api.dataplatform.knmi.nl/open- the |eft Showcases SUCh an .
reanalysis 2019- data/vi/datasets/wins50_ wfp_nl_daily 3d/ver . reg|on be tranSferred to another One Or at Ieast
2021 sions/1/files and autoregressive forecast for _ _ o
DOWA ec:/nkl/harmonie/DOWA/DOWA_40h12tg2_fE .
PO ecln ~on12ig2_ integrated  water  vapor prowde added value In terms of reduced training
(TQV).  During  storm time or amount of training data?
Why and how are we processing datasets to zarr? Brigitte significant water e Building common data catalog of zarr-based
vapor parcels enter the processed datasets that can be used to create
Why: zarr enables fast, easy and efficient retrieval of any subset domain from a 60 km training datasets
(time/space) of any variable in dataset. This is because in zarr data- boundary (30 outer grid
values of individual variables and coordinates are stored in separate cells). References

file chunks, each chunk spanning a fixed block of the data, with the

variables, coordinates and meta-data stored in a predefined file- Irish domain (Met Eireann) [1]: Graph-based Neural Weather Prediction for Limited Area Modeling,
structure. Functionally, zarr appears like netCDF to the end-user Oskarsson et al. 2023, NeurlPS 2023 Workshop on Tackling Climate
(supported natively by xarray python package and built into NETCDF-C Change with Machine Learning 2023,

Trained on 1 year of

Lty data from the MERA - L |
NS complete dataset reanalysis with the [2]: original repo: https://github.com/|oeloskarsson/neural-lam,
(NWP model output) in accessible format training-ready dataset community fork: https://github.com/mllam/neural-lam

g@ same settings as in

A e T R — j NECLAM) | |
‘.5 o5 * Isolines are MSLP, [3]: The ML LAM Community meets monthly (everyone is welcome!),
danra zarr danraneural-iam.zart colors are T2m. details, meeting notes and development plan on https:/bit.ly/mllam-plan
shared with community/public Despite Ilmlted
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3. Complete zarr-based dataset containing all data across space and time
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