
© ECMWF March 18, 2026

Machine Learning for 
Background-Error Modelling

ECMWF Training Course: Data Assimilation & Machine Learning, 

March 16-20, 2026

Žiga Zaplotnik and Boštjan Melinc



Content

1) Motivation

2) From standard 3D-Var to latent space 3D-Var

– The derivation of latent space 3D-Var

– Equivalence of solutions?

– Different autoencoder structures

3) Results:

– Balances in midlatitudes/tropics

– Flow-dependency

– Ensemble of data assimilations

4) Other ML DA approaches

5) Conclusions

6) References

2EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS



Motivation

1) Reduce cost:

Operational DA requires trade-offs between mathematical rigorosity and 

computational efficiency

Example: 3D-Var cost function

Challenge: x ~ 1010 elements → unconstrained B ~ 1010×1010 elements

Solution: 

• Variational DA (3D/4D-Var) cost function minimisation is performed in a 

decorrelated control space → assumption of diagonality of B

• control space for DA typically reduced with respect to model space

• can we produce DA in even smaller space?
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Motivation

2) Improve flow-dependency:

In operational DA, the flow-dependency of analysis inc. is obtained through:

a) 4D-Var internal adjustment mechanism (single humidity observation at the 

end of the 12-hour 4D-Var window)

EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

Zaplotnik et al. (2018)



Motivation

5EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

2) Improve flow-dependency:

In operational DA, the flow-dependency of analysis inc. is obtained through:

b) Control variable transform (CVT). Nonlinear equations, linearised around 

the background flow 𝒙𝑏 are part of the balance transform 𝐊:



Motivation
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2) Improve flow-dependency:

In operational DA, the flow-dependency of analysis inc. is obtained through:

b) Control variable transform (CVT). Nonlinear equations, linearised around 

the background flow 𝒙𝑏 are part of the balance transform 𝐊:

– Linearised nonlinear balance equation

– Linearised relative humidity equation (via Clausius-Clapeyron eq.)

– Linearised quasi-geostrophic omega equation

                                                      , where



Motivation
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Background-error variances from EDA:

TCo1279 (~9 km) resolution

October 25th, 2023

2) Improve flow-dependency:

In operational DA, the flow-dependency of analysis inc. is obtained through:

c) Background-error variances from Ensemble of Data Assimilations (EDA)

.

Tropical Cyclone Otis

pmin 923 hPa, 

maximum sustained winds 270 km/h

Rapid intensification from a tropical 

storm to Cat-5 in less than 24 hours 



IFS Cy49r1 EDA: TCo1279, ~9 km grid resolutionIFS Cy48r1 EDA: TCo639, ~18 km grid resolution

EDA relative vorticity spread is larger. The 

background information is thus more uncertain, 

which gives more weight to the observations, which 

are then able to constrain the analysis closer to the 

truth.

20231023, 09 UTC, bottom model level 20231023, 09 UTC, bottom model level



IFS Cy49r1 EDA: TCo1279, ~9 km grid resolutionIFS Cy48r1 EDA: TCo639, ~18 km grid resolution

20231023, 21 UTC, bottom model level 20231023, 21 UTC, bottom model level



IFS Cy49r1 EDA: TCo1279, ~9 km grid resolutionIFS Cy48r1 EDA: TCo639, ~18 km grid resolution

20231024, 09 UTC, bottom model level 20231024, 09 UTC, bottom model level



IFS Cy49r1 EDA: TCo1279, ~9 km grid resolutionIFS Cy48r1 EDA: TCo639, ~18 km grid resolution

20231024, 21 UTC, bottom model level 20231024, 21 UTC, bottom model level

Conclusion: in operational DA, we have flow-dependent variances but almost static covariances 

(except for limited flow-dependency from the balance transform)

→ Neural networks are nonlinear → provide inherent flow-dependency



Motivation

3) Improve representation of background-error covariances

→ less imbalanced initial state:

Current operational limitations:

• Equatorial balances not adequately represented (𝑓 → 0)

• Boundary-layer balances missing

• Stratospheric balances including 𝑂3 (mostly) missing

• Background-error covariances do not obey orographical boundaries, land-sea contrasts

• No background-error covariances between different Earth-system components → 

different DA system for atmosphere, ocean, surface components
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Representation of the atmospheric (and/or ocean, land-
surface) state using an Autoencoder

13
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Autoencoder (AE) is a neural network (NN), trained to reconstruct its input 

with intermediate compression

Semantics: 

• compressed space = latent space

• compressed state = latent state / latent vector



3D-Var in a latent space of an AE (LS3D-Var)

Assumptions (similar as conventional 3D-Var):

• Background and observation errors are independent

• Their errors are Gaussian

Cost function:
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z … latent vector

zb … background defined in latent space

Bz … background-error covariance matrix

y … observation vector

H … observation operator

D … decode and destandardise

R … observation-error covariance matrix



Are 3D-Var and LS3D-Var analyses equivalent? 

Assumptions: 

• D is an error-free decoder mapping from latent space to physical space

• D is affine (= linear in all dimensions) over the region traversed during assimilation

Proof of sufficiency:

Let xa and za denote the optimal analyses from 3D-Var and LS3D-Var:

where JD = 𝜕𝐷/𝜕𝒛  i.e. a linearised D at za, and H = 𝜕𝐻/𝜕𝒙  is the linearised H at xa

Multiply (1) by B and (2) by JDBz from the left 
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Adapted from Fan et al. (2026a)

(𝐷 = 𝐀𝑧 + 𝑏)



D is affine throughout the assimilation process (JD(za) = JD(zb) = JD(zt)):

Insert (5,6) into (4) and multiply by B-1  

                                                                                                                        
                                                                                                                    → equivalent to (1)



Proof of necessity:

First-order Taylor expansion of D at xa:

where 𝜀 denotes the higher-order residual which depends both on 𝒛𝑎 and 𝒛. Similarly

Long algebraic derivation using (7), (8), and

leads to

where

→ (9) can only hold for every xa and xb if ε1 = ε2 = 0 → D needs to be locally affine! 17



Practical example: LS3D-Var using a global mutlivariate multilevel 
atmospheric DA model using a CNN AE and a UNet forecasting model

CNN Autoencoder

– Goal: reconstruct 20 global input fields at 1° resolution on regular grid

– Training data: ERA5 reanalyses
(training set: 1970-2014, validation set: 2015-2019, test set: 2020-2023)

EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS Section based on 

Melinc, Perkan and Zaplotnik (2026), JAMES
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Practical example: LS3D-Var using a global mutlivariate multilevel 
atmospheric DA model using a CNN AE and a UNet forecasting model

AE structure:

• Input tensor: 

23×180×360 = 1.5M features 

(20 atm. fields + 3 static fields)

• Convolutional blocks

• Latent vector: 

12k features 

(2 orders of magnitude reduction!)

• Output tensor:

20×180×360 = 1.3M features
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Practical example: LS3D-Var using a global mutlivariate multilevel 
atmospheric DA model using a CNN AE and a UNet forecasting model

Forecasting model structure:

• UNet

• 12-hour stepping 

(4-step rollout)

• Input tensor: 

23×180×360

(20 atm. fields + 3 static fields)

• Maximum compression:

250×2×5

• Output tensor:

20×180×360

• Convolutional blocks

• Skip connections



Background-error covariance modelling:

• Climatological Bz-matrix:

• Average performed over validation set (2015-2019)

• Quasi-diagonality assumption based on scale-separation of 

diagonal and off-diagonal elements 

→ Use only diagonals for inverse computation
21

Practical example: LS3D-Var using a global mutlivariate multilevel 
atmospheric DA model using a CNN AE and a UNet forecasting model



Convergence and gradient evaluation:

• To achieve faster cost function convergence, we precondition it:

where                   and                      . 

• Convergence criterion based on              

• As long as every element of the cost function is written using Pytorch's autodifferentiable 

functions, gradient evaluation becomes super easy!
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Practical example: LS3D-Var using a global mutlivariate multilevel 
atmospheric DA model using a CNN AE and a UNet forecasting model



Practical example – midlatitude balances
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Observing Z500 above Ljubljana, Slovenia (46.1˚N, 14.5˚E): dZ500 = +30 m, σo = 10 m

Results in:

• Positive Z500 increment

• Large-scale balances:

– Anticyclonic wind inc.

(geostrophic balance)

– T500 inc. coincides 

with Z500 increment

– MSLP inc. peaks 

eastward of obs. loc. 

• Local features:

– T2m inc. confined to land

– MSLP inc. distorted due

 to orography
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If both geostrophic and hydrostatic balances are obeyed, thermal wind approximation should hold:

Practical example – thermal wind balance
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Despite using climatology-based B-matrix (in the latent space), the analysis increments (in physical 
space) show flow-dependent behavior

Reason: decoder's nonlinearity. Let δz be a small perturbation, that we add to two 
distant latent vectors z1 and z2. (i.e., apart enough that D cannot be treated as affine in the interim 
area). The respective changes of their decoded counterparts are

                                                                                                     
                                                                                                            and 

Practical example – flow dependence



Practical example – tropical balances

Observing TCWV in nearly saturated area in Central Atlantic (0˚N, 33˚W)

• dTCWV = +10 kg/m2

• σo = 3 kg/m2

Theory: heat-induced tropical perturbations 

(Gill, 1980; Davey and Gill, 1987):

condensation → latent heat release → updraft → 

→ lower tropospheric convergence & upper tropospheric divergence
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Zaplotnik et al. (2018)



Analysis increments obey 

the theory long-envisaged by 

A. Gill (1980)

Note: the processes 

(condensation, precipitation, 

latent heat release, and 

vertical wind response) are not 

explicitly fed into autoencoder!

 → these balances are learnt 

implicitly through other 

variables

27

Practical example – tropical balances
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Difference between respective forecasts initialised by the analysis and the background:

• TCWV increment advected by lower-tropospheric wind

• Eastward propagating Kelvin wave

Practical example – tropical balances



Challenges of using LSDA operationally – representing EDA variances

• Climatology-based B-matrices tend to overestimate variances

• IFS uses hybrid EDA with combined ensemble-derived and climatology-derived variances

• AE is trained on climatological data, 

climatological variability ≫ EDA ensemble of backgrounds variability

– Can AE resolve EDA variances?

29



IFS EDA-based Bz:

where                and

Bz still quasi-diagonal: 

• diagonals smaller than for 

climatological Bz

• off-diagonals comparable 

to climatological Bz

→ we assume they 

represent sampling noise, 

keep using only diagonals 

for inverse computation

Challenges of using LSDA operationally – representing EDA variances
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Challenges of using LSDA operationally – representing EDA variances

Using climatological B and EDA B 

yields similar analysis increments!

CLIMATOLOGICALEDA-based



Towards more complex autoencoders – GNN attention AE on a multiscale graph
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→ Practical in the afternoon!

18 levels, N80 resolution, 

114 (6x18 +8) reconstructed 

features

Zaplotnik et al. (2026), in prep.



Flow-dependent features: impact of orography
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Zaplotnik et al. (2026), in prep.
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Figure courtesy of 

Janne Lisa Bouillon

Zaplotnik et al. 

(2026), in prep.

Stratospheric data assimilation

Operationally, ozone is assimilated univariately, i.e. independently from other atmospheric components

Single-observation experiments (dO3(50hPa) = +10-6 kg/kg) with LS3D-Var using climatological Bz and 18-level 

multivariate GNN AE indicate coupled ozone and temperature increments
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Stratospheric data assimilation

Operationally, ozone is assimilated univariately, i.e. independently from other atmospheric components

Single-observation experiments (dO3(50hPa) = +10-6 kg/kg) with LS3D-Var using climatological Bz and 18-level 

multivariate GNN AE indicate coupled ozone and temperature increments

Figure courtesy of Janne Lisa Bouillon

Zaplotnik et al. (2026), in prep.

Hydrostatic equilibrium is preserved 

following assimilation



Fully-coupled ocean-

atmosphere DA:

• Observation location: 

(60˚N, 176°W)

• dT2m = -5 K

• Backgrounds with maximum 

sea-ice concentration (top) 

and minimum sea-ice 

concentration (bottom)

• Top: positive sea-ice 

increment along sea-ice 

boundary

• Bottom: no sea-ice increment!

sea-ice conc. background sea-ice conc. increment T2m increment

Figure courtesy of Lukas Kugler

Zaplotnik et al. (2026), in prep.



• Incremental 3D-Var (Mack et al., 2020)

• Ensemble 3D-Var (Melinc and Zaplotnik, 2024)

• 4D-Var (Fan et al., 2026a)

• Kalman filter (Amendola et al., 2021; Buchnik et al., 

2023; Falconer et al., 2025)

• Ensemble Kalman filter (Peyron et al., 2021; 

Pasmans et al., 2025; Fan et al., 2026b)

• Non-conventional schemes (Cheng et al., 2023; 

Cheng et al., 2024)

• Different options to handle observations and 

background (Fan et al., 2025a,b): 

– Keep using observation operators or encode 

observations to shared latent space?

– Omit using background?
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Cheng et al. (2024)

Other Latent Space Data Assimilation approaches

Different conceptual flavours of LSDA



38

Fan et al. (2025b):
• OOA … observations-only analysis

• OBA … background and observations 

both encoded to shared latent space

• Var … Latent space 3D-Var with 

observation operator
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Fan et al. (2025b):
• OOA … observations-only analysis

• OBA … background and observations 

both encoded to shared latent space

• Var … Latent space 3D-Var with 

observation operator

Initialising from 

observations-only 

encoded to latent space 

is better.
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Fan et al. (2025b):
• OOA … observations-only analysis

• OBA … background and observations 

both encoded to shared latent space

• Var … Latent space 3D-Var with 

observation operator

Initialising from 

observations+background

encoded to shared latent 

space is better.
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Fan et al. (2025b):
• OOA … observations-only analysis

• OBA … background and observations 

both encoded to shared latent space

• Var … Latent space 3D-Var with 

observation operator

Initialising from LS3DVar  

is better.
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Fan et al. (2025b):
• OOA … observations-only analysis

• OBA … background and observations 

both encoded to shared latent space

• Var … Latent space 3D-Var with 

observation operator

Initialising from 

observations+background 

encoded to shared latent 

space is better.



Latent space DA applications so far (beyond toy models)

• Air-quality models (Mack et al., 2020; Amendola et al., 2021)

• Global atmospheric models (Melinc and Zaplotnik, 2024; Melinc et al., 2026; 

Fan et al., 2026a,b; Zaplotnik et al., 2026) 

• Regional atmospheric models (Fan et al., 2025a,b)

• River-discharge (Wang et al., 2025)

• Regional SST model (Zheng et al., 2026)
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Zheng et al. (2026)

Fan et al. (2026a)Wang et al. (2025)



Using autoencoders of atmospheric fields beyond DA
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Pikovnik and Zaplotnik, 2026

(submitted)

Sparse input points 

(radiosonde observation locations) Full model space

Masked GNN autoencoder



Conclusions

Good autoencoder is “all you need” to perform latent-space DA, but…

Melinc et al., JAMES, 2026 Zaplotnik et al., 2026 (in prep.)

Multivariate multilevel CNN

Fully-coupled GNN

Melinc and Zaplotnik, QJRMS, 2024

Proof of concept: simple univariate CNN



Conclusions

… a good ratio between reconstruction error and latent compression is needed

Latent space data assimilation:

• Produces fully flow-dependent analysis increments

• Increments obey physical boundaries

• Captures “hidden” atmospheric balances (hard to be described by general 

analytical equation)

• Allows fully-coupled land-ocean-atmosphere DA

• Yields equivalent solution to standard variational DA

• EDA variances can be captured with an autoencoder of proper resolution

• Suitable for incremental 4D-Var in IFS!

We will explore more in the practical in the afternoon!
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Single observation experiments:

• Ensemble approach: 100 members:

– Sampling perturbed background members:

σbi … climatological standard deviation of a latent vector element 

  (i.e. square root of corresponding diagonal element in Bz)

– Sampling perturbed observations:

d … predefined observation departure
σo … predefined observation standard deviation

– We will study analysis increments:

50

Practical example: LS3D-Var using a global mutlivariate multilevel 
atmospheric DA model using a CNN AE and a UNet forecasting model
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• Realistic vertical increment propagation with max. observation impact at 500 hpa

o obs. impact = ana. inc. / ana. std., normalized by its value for Z500 at obs. loc
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• Difference between respective forecasts initialised by the analysis and the background

o Eastward propagation of positive Z500 increment

o Emerging cold front

Practical example – evolution



• Observing Z500 above 

Ljubljana, Slovenia (46.1˚N, 

14.5˚E) with IFS EDA 

background

o dZ500 = +30 m

o σo = 10 m

• Increment shape hardly 

affected by Bz choice

• Thermal wind approximation 

holds moderately

• Flow dependence barely 

affected

• All in all encouraging results 

given poorly resolved 

variances
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