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Context: Two parallel but complementary forecast streams

Observations Forecasts

4D-Var

LDAS

Nemovar

IFS / AIFS 
forecast models

Observations Forecasts
(+ reanalysis?)

End-to-end data-driven ML 
system

1) Physics/Hybrid
    (analysis-based)

2)  Pure ML
    (observation-based)

 Ambition is to have a pure ML observation-based end-to-end system, what that system will look like is 
still to be determined – AI-DOP is one possibility, but research incoming from AIFS and WeatherGenerator as 
well 

 Operational AIFS still has a hard dependency on 4D-Var (NEMOVAR / LDAS) 
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Land surface vegetation

Reanalysis-driven AI models are trained and initialized from the IFS initial conditions
  → learn to reduce model errors

Observation-driven AI models 
 → can potentially reduce initial condition and model errors

George Craig : ECMWF DA workshop 2025

- 1 to 2 days improvement possible from improved model
- 4 to 5 days improvement possible from improved initial conditions  

Motivation:
End-to-end learning from observations has potential to reduce initial condition errors
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Reanalysis-driven AI models are trained and initialized from the IFS initial 
conditions
  → learn to reduce model errors

• ERA5 has provided the foundation for the rise of ML in 
weather forecasting

• Lots of models with different architectures – all around 
the same skill 

ERA5

Graph
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Wu
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Weather

FourCast
Net
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• Ultimately the information content in ERA5 comes from 
observations (+ model to fill gaps)

• Yet, ERA5 4D-Var assimilates less than 5% of available 
observations 

• To go beyond ERA5 
• Wait for ERA6 
• Use the observations directly 

Observation-driven AI models 
 → can potentially reduce initial condition and model errors

DOP

?

?

? ?

?

Observations

?
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End-to-end observations to forecast
Training objective: 
 Using all satellite and in situ (conventional) observations in an input window
 Forecast all observations in the next window (with no reanalysis data used)
To accurately predict future observations, the network must learn a representation of the 
state and processes that those observations are sensitive to

latent space Prediction

obs space

A learned “DA” function
which combines information
from different sources
into a (learned) set of 
unified latent state 
variables

A learned forecast model which evolves 
the latent state forward in time

Learned observation operators 
which map from the network’s internal 

model latent state
to observation space

The AI-DOP concept 
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The training observations

- Zarr datasets of all 
important observation 
categories

- Includes 
observations/instruments 
not currently assimilated 
in IFS

- Quality control is still 
important
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• 10-20 year period for training
• 12-hour windows of observations
• 3-hour sub stepping in the latent space 

GraphDOP model architecture
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GraphDOP is trained to forecast all observations at their true 
location

- During training, GraphDOP is 
trained to forecast all observations 
at their true location
 This includes satellite brightness 

temperatures

- Example: 5-day forecast of 
SEVIRI 

- Representations of convection 
and extra-tropical dynamics
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GraphDOP can also forecast on a global grid

- At inference time, the graph decoders can be used to produce a forecast at any arbitrary point

Input 200hPa wind obs Predicted 200hPa wind at t+24h on O96 grid

Even in areas where there are no direct observations for that variable
  evidence that it has developed a model of the relationship between 
different observed variables
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latent space Prediction

obs space

A learned “DA” function
which combines information
from different sources
into a (learned) set of 
unified latent state 
variables

A learned forecast model which evolves 
the latent state forward in time

Learned observation operators 
which map from the network’s internal 

model latent state
to observation space
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Learning a data assimilation function to combine information from multiple 
sources into a unified latent state: cloud example

Predicted IASI ch 756
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Predicted AVHRR visible

Learning a data assimilation function to combine information from multiple 
sources into a unified latent state: cloud example
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Predicted SYNOP cloud fraction
(on a regular grid)

Learning a data assimilation function to combine information from multiple 
sources into a unified latent state: cloud example
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latent space Prediction

obs space

A learned “DA” function
which combines information
from different sources
into a (learned) set of 
unified latent state 
variables

A learned forecast model which evolves 
the latent state forward in time

Learned observation operators 
which map from the network’s internal 

model latent state
to observation space
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Ageostrophic flow

Flow over orography GraphDOP ERA5

GraphDOP ERA5

Learning a model of the Earth System from sparse, indirect observations



October 29, 2014 17Increased ageostrophic flow near the surface

u-wind
200hPa
DOP prediction

Geostrophic
u-wind
200hPa
derived from
geopotential
prediction 

Balance relationships

Learning a model of the Earth System from sparse, indirect observations



19EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

latent space Prediction

obs space

A learned “DA” function
which combines information
from different sources
into a (learned) set of 
unified latent state 
variables

A learned forecast model which evolves 
the latent state forward in time

Learned observation operators 
which map from the network’s internal 

model latent state
to observation space



2020

- For any observed variable/channel

Significant wave height

2-meter temperature

850hPa temperature

200hPa winds

1 hour precipitation accumulation

Cloud fraction

SEVIRI infrared window channel

AVHRR visible channel

Learning an observation operator; latent state  observation space
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Target

Learning an observation operator; latent state  observation space:
Representation of limb effects

NPP ATMS ch7
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Learning an observation operator; latent state  observation space:
Representation of limb effects

NPP ATMS ch7Prediction
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Learning an observation operator; latent state  observation space:
Representation of limb effects

NPP ATMS ch7Prediction with zenith angle set to zero

 Evidence that it has a learned a representation (in some form) of limb effects
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GraphDOP: most recent scores

June 2022, NHem, RMSE against observations

2m temperature 10m wind speed

Temperature at 850hPa Geopotential height at 500hPa

- Especially good for 
surface parameters 
(where near-surface 
conditions are constrained 
directly by the 
observations)

- Upper air is still lagging 
but now GraphDOP 
beating IFS at t+12h

- Errors still grow more 
rapidly than in traditional 
approaches  work in 
progress on the rollout 
strategy 
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Using DA tools to understand GraphDOP

Which observations were the most critical to predict a 
storm hitting Ireland on the 8th Nov 2022?

Let’s run the adjoint backwards in time

ATMS channel 20 DOP input (24h before landfall)

ATMS channel 20 DOP input (72h before landfall)ATMS channel 20 DOP input (48h before landfall)

Backpropagation used in training can be extended to compute sensitivities of inputs to the forecast 

 adjoint of GraphDOP
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Prototype near-real-time system

Acquire, process 
and archive 
observations as 
they come in

Prepare the observations in 
an  ML-friendly way (zarr)

Run inference and 
archive the 
forecasted fields 
and observations

- Starting to tackle a real-time 
end-to-end system and all 
the challenges that come 
alongside this

- Quality control of the 
observations

- Deciding where to 
forecast the future 
observations as we don’t 
know their locations in 
advance

- Handling the loss of an 
instrument/channel

- Integrating new satellites 
- Etc…

- Forecast delivered 10 
minutes after observation 
cut-off  (still room for 
improvement)
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IFS control AIFS-single GraphDOP

Prototype near-real-time system
Linus Magnusson

Verifying ObservationsVerifying IFS Analysis

2-metre temperature in 84h forecasts valid 8 April 12UTC 
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• Work underway to integrate observations into Anemoi!

– Anemoi Datasets
• Creation and loading of tabular observation zarrs from GraphDOP is being implemented

– Anemoi Models
• “multiple datasets” branch now merged into main, allowing for training a model with datasets at different time and 

spatial resolutions
• Dynamic graphs from GraphDOP is being prototyped

• A first example of training from observations with Anemoi using gridded observations (Input = two 6-hour grids, 
Output = the next 6-hour grid)
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Integration into Anemoi

Put obs onto o96 grid
Add nans for missing data
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• Promising results especially to constrain the error growth in the rollout despite a very 
depleted set of o96 observations

29EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

Integration into Anemoi

June 2021, NHem, RMSE against observations 

Temperature at 850hPa



Summary and next steps

• The AI-DOP project at ECMWF is exploring the extent to which fully observation-
driven end-to-end weather forecasting can challenge the state of the art

– Initial results indicate that the concept - learning a model from observations alone - is working

– First NRT system up and running daily 

• Verification scores continue to improve:
– Surface verification scores are already competitive (especially in the short range)

– Upper air scores are more challenging (mainly in N.Hem winter)

– Promising preliminary results from AIFS-DOP

• Next steps: 
– Continued Anemoi integration

– Using a longer input window through background cycling

– CRPS training

– Strategies to handle changing observing system; systematic errors etc
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Summary and next steps
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Further details in our Arxiv preprints:
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