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Transparency statement: A month ago I started asking Kate and TJ 
questions about this paper and that turned into a job conversation.



Introduction

• There are so many observations (e.g., from satellites) these days and 
the NWPs can’t assimilate them

• NWPs do not incorporate the most recent observations 

• Operational AI forecasts depend on DA

• This paper presents a pure-AI approach to ingest observations and 
produce profiles of temperature and humidity.





Potential advantages

• Reduce latency

• Do DA every hour instead of every 6 hours

• Better initial state for other ML weather models

• Ingest larger volumes of observations (from 1% to 100%)

• Can create ensembles of initial states



What is Data Assimilation?

• A way of keeping your physics-based model aligned with observations
• Nudge the state every 6 hours (IFS)

• Maulik et al. description
• Prior guess about atmospheric state (“background”)

• Imperfect computational model

• Noisy observations

• Posterior guess about the state (“analysis”)



Given model estimates and observations, what is the most likely atmospheric state?
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Both model estimates and observations have errors
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Final analysis is determined by error-weighted contributions from observations and 
model states
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• Real-time Forecasting: Optimizing initial conditions
• Ex: Operational weather forecasts @ ECMWF, Met Office, NCEP, etc.
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• Real-time Forecasting: Optimizing initial conditions
• Ex: Operational weather forecasts @ ECMWF, Met Office, NCEP, etc.

• Re-analyses: Re-constructing best estimate of prior atmospheric state
• Ex: ERA5 for weather and climate

• Ex: CAMS for atmospheric composition



Ensemble Kalman Filters (EnKF)
Run a large ensemble of models to compute model error at each time-step
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Ensemble Kalman Filters (EnKF)
Run a large ensemble of models to compute model error at each time-step

+ Model error updated during assimilation
+ Easy to implement
– Requires 10-100s of expensive model runs
– Outputs discrete analysis trajectory
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Ensemble Kalman Filters (EnKF)
Run a large ensemble of models to compute model error at each time-step

4D Variational DA (4D-Var)
Determine initial model state which gives best fits to observations in assim. window*
*3D-Var collapses observations to time of IC
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Ensemble Kalman Filters (EnKF)
Run a large ensemble of models to compute model error at each time-step

4D Variational DA (4D-Var)
Determine initial model state which gives best fits to observations in assim. window*
*3D-Var collapses observations to time of IC
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Ensemble Kalman Filters (EnKF)
Run a large ensemble of models to compute model error at each time-step

4D Variational DA (4D-Var)
Determine initial model state which gives best fits to observations in assim. window

+ Outputs continuous analysis trajectory which obeys model physics
– Requires backwards model gradients during optimization (expensive!)
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Ensemble Kalman Filters (EnKF)
Run a large ensemble of models to compute model error at each time-step

4D Variational DA (4D-Var)
Determine initial model state which gives best fits to observations in assim. window

+ Outputs continuous analysis trajectory which obeys model physics
– Requires backwards model gradients during optimization (expensive!)

** 4D-Var is SOTA, used by ECMWF for IFS and ERA5! **
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State of the Art DA 
takes time

• 4DVar requires large team and compute

• Continuous data assimilation

 for the IFS | ECMWF 

• “For example, computing the 00 UTC analysis with a 21 to 03 UTC 
assimilation window starts at around 04 UTC. The observation 
quality control and DA computations take about an hour to 
complete. This means that by the time the analysis has been 
produced, the most recent observations that went into producing it 
are about two hours old.”

• Depending on how you count, 4D-Var takes 2 hours or 5 hours to 
complete.

https://www.ecmwf.int/en/newsletter/158/meteorology/continuous-data-assimilation-ifs
https://www.ecmwf.int/en/newsletter/158/meteorology/continuous-data-assimilation-ifs
https://www.ecmwf.int/en/newsletter/158/meteorology/continuous-data-assimilation-ifs


Back to Vandal et al.



Datasets (modality/sensor)





Model architecture

• Multi-modal Masked Autoencoders

• Subset of input features predicts the remaining features

• Gap-fill across space, time, and sensor



Data processing

• 9 datasets

• Interpolate and reproject to hourly 0.16 degree resolution

• Represent each modality as a tensor with time, space, and channel



Training big picture

• Input sample: 12 frames (hours), 144x144 gridcells, many channels from 
different modalities.

• Tokens per modality: 1 frame, 16x16 gridcells, all channels of this modality.

• Modality specific encoders: Vision transformer and variational autoencoder

• Multimodal masked autoencoder: Transformer (Missing tokens are masked)

• Modality-specific decoders:  Variational autoencoder decoding

• Output is gap-filled sample with all tokens present. 12 frames (hours), 
144x144 gridcells, many channels from different modalities. 
• Use it as DA: Input the first 11 frames in time, and predict the 12th frame.





Training details

• VAE pretraining per modality

• For a 3D modality, a "sample" consists of 12 hourly timesteps, 
144x144 cells horizontally, and all channels.

• We tokenize these into tokens we call size (1,16,16) meaning 1 
timestep, 16x16 cells horizontally, and all channels.

• Per sample, about 1750 tokens out of 8752 are complete (no gaps).

• For each sample, we select 128 of the complete-data tokens as inputs, 
and predict (gap-fill) the other ~8500 tokens, ~1500 of which are 
complete-data tokens we can use for validation.



Verification



Verification

• Test set: Febrary and March 2024

• Background departures

• Sensor importance

• Radiosonde verification and comparison with ERA5 and MERRA-2



Verification based on background departures

• Traditionally “background departures” means residuals between the 
prior model guess and the observations
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Verification based on background departures

• In this paper: We can use EarthNet to make 1-hour forecasts by 
inputting 11 frames and having it predict the 12th frame. We 
validated the 1-hour forecasts against observations.

• Horizontal and vertical distributions of temperature and humidity 
look reasonable.





• We didn’t need to nudge the model based on observation space 
because we were directly learning in observation space.

• The 1-hour forecasts ARE the model guess. 









Radiosonde verification

• If we gap-fill MiRS, we get essentially a global reanalysis dataset, 
which we can compare with other reanalysis datasets.

• Compare with ERA5 and MERRA-2

• Compare with MiRS



Discussion

• Strictly observational data

• Can gap-fill across modalities, across time, and across space.

• Call it a 1-hour forecast

• Call it a new DA technique



MLJC: Is this DA?

• DA for initial state of my NWP?

• DA for initial state in (NWP) model-space?

• DA for initial state in observation space?

• Assimilation-free?
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