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Given initial model estimates, observations, and model and observation 
errors, what is the most likely atmospheric state (analysis)?

What is Data Assimilation (DA)?
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• Real-time Forecasting: Optimizing initial conditions
• Ex: Operational weather forecasts @ ECMWF, Met Office, NOAA, etc.

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

• Ex: CAMS for atmospheric composition

Where is DA used?
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Main Prior Approaches

1) Traditional data assimilation (DA)

+ statistical rigor
+ can be physically consistent
– requires lots of computational and labor resources

2) ML-based approaches (e.g. diffusion or end-to-end models)

+ efficient
– lack “rigorous incorporation of prior information”
– not physically consistent

→ (1) faster inference speed (matrix ops); (2) Autodifferentiation (Greg’s presentation)
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What’s new?

• Latent DA enables near-diagonal background error covariance matrix (B) 

+ Much easier to compute B
+ Much lower memory to store B
+ Faster DA algorithm

+ Maintains physically consistent 
covariance
– Huge
– Expensive to compute
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This guy
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What’s new?

• Latent DA enables near-diagonal background error covariance matrix (B) 

+ Much easier to compute B
+ Much lower memory to store B
+ Faster DA algorithm

+ Maintains physically consistent 
covariance
– Huge
– Expensive to compute

Big picture: 
Autoencoder capturing the nonlinear physics, and 
assimilating data in the “simple and nice” latent space. 

Also, easier to invert B. 
Approximate near-diagonal B as a diagonal matrix, Then 
inv B is the scalar-inverse of each diagonal entry. 

B is a sparse matrix
Regular space, O(N2), N: size of regular space
Latent space O(M), M: size of latent space 

(M<N)
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What’s new?

• Latent DA enables near-diagonal background error covariance matrix (B) 

• Multivariate latent DA

• Analysis is more accurate than traditional 4D-Var

• Maintains physically consistent response to perturbations

Decoder is doing the heavy-lifting here
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Model Set-Up

Autoencoder
Han et al. 2024

5 variables x 13 levels 

+ 4 surface variables = 69

1.4o spatial resolution
Compressed to ~5.6o 

spatial resolution and 34 

latent variable-levels
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Model Set-Up

Autoencoder Forecast Model: FengWu

• SOTA DL weather model

• ~750M parameters

• Similar to Aurora

• Both AE and FengWu trained on 
1979-2015 ERA5 fields

Han et al. 2024 Chen et al. 2025
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DA Experiment 1: OSSE with ERA5

t0 t0 + 6 t0 + 12 t0 + 18

ERA5

t0 + 240

Assimilation Window

Analysis

Background

Pseudo-

observations 

sampled from 

ERA5

……t0 - 54 hours 



1

DA Experiment 1: OSSE with ERA5

Latent 3D-Var ≈ traditional 3D-Var
but Latent 4D-Var outperforms traditional 4D-Var!

“model dynamics can be effectively used and play a notable role in LDA”

WRMSE = 

latitude-weighted 

RMSE

Assimilation 

Window

Lower is better
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DA Experiment 2: GDAS Assimilation

t0 t0 + 12 t0 + 24 t0 + 36t0 - 54 hours 

ERA5

t0 + 240

Assimilation Window

Analysis

Background

GDAS Surface + 

Radiosonde 

Observations

……

GDAS = Global Data Assimilation System, 

NOAA’s gridded observations for GFS
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DA Experiment 2: GDAS Assimilation

Latent 4D-Var beats traditional 4D-Var for >1-day lead-times
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DA Experiment 3: Cycling Assimilation

t0 t0 + 12 t0 + 24 t0 + 36t0 - 54 hours 

ERA5

t0 + 240

Assimilation Window

Analysis

Background

GDAS Surface + 

Radiosonde 

Observations

……

Cycle 1
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DA Experiment 3: Cycling Assimilation

t0 t0 + 12 t0 + 24 t0 + 36 t0 + 248

Assimilation Window

Background

…t0 + 48

Cycle 2
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DA Experiment 3: Cycling Assimilation

t0 t0 + 12 t0 + 24 t0 + 36 t0 + 248

Assimilation Window

Background

…t0 + 48

Analysis

Cycle 2
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DA Experiment 3: Cycling Assimilation

Latent 4D-Var outperforms 4D-Var against held-out observations



1

DA Experiment 4: Autoencoder of forecasts, not ERA5

Latent DA with forecast autoencoder nearly matches performance of 
original ERA5 autoencoder
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Physical Responses to Perturbations

Wind and 
temperature fields 

respond reasonably 
to geopotential 

perturbation

Would 4D-Var give 
physical 

responses?
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Latent variables influence model-space variables…? 

What does this figure show?

Strong vertical 

correlation

Weak vertical 

correlation

Uhhh… I don’t know…
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Linear Responses of Decoder

Latent DA = traditional model-space DA if and only if decoder is 
locally linear and error-free
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Linear Responses of Decoder

Decoder remains linear across a wide range of scaling factors — 
can trust as a replacement for model-space DA
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Optimal Latent Dimension Size

With more compression, trade-off between greater reconstruction 
error and a more diagonal B
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Caveats

• Does not account for autoencoder reconstruction error

• Assumes Gaussian background errors in latent space

• No uncertainty estimation

• May miss extreme events

lol
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Caveats

• Does not account for autoencoder reconstruction error

• Assumes Gaussian background errors in latent space

• No uncertainty estimation

• May miss extreme events

I am surprised this doesn’t happen sooner.
Perhaps figuring out the physics constraints is the primary bottleneck. 
 
In control theory, developing controllers in a reduced order model (ROM) is pretty 
common (equivalent to assimilation in latent space). The Linear-Quadratic Regulator 
(LQR) has a setup similar to 4DVar, but replaces the state with the latent-space state. 

e.g. replace x as y, where y = PTx, P is the map (linear or non-linear) from regular states 
to latent states.  

Maybe we should be aware and get some inspiration from other fields. 

min
u(t)
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Backup Slides
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4D-Var Cost Function

y2

y1

Initial IC xb

Guess IC x0

Model Error Term

Goal: Determine the model state xa which minimizes cost function J
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4D-Var Cost Function

y2

y1

Departure from 

initial guess

Initial IC xb

Guess IC x0

Goal: Determine the model state xa which minimizes cost function J
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4D-Var Cost Function

Model Error Covariance Matrix

(spreads model departures between 

variables and across time and space)

Initial IC xb

Guess IC x0

Goal: Determine the model state xa which minimizes cost function J
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4D-Var Cost Function

y2

y1

Initial IC xb

Observation Error Term

Guess IC x0

Goal: Determine the model state xa which minimizes cost function J
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4D-Var Cost Function

y2

y1

Initial IC xb

Departure from 

observation

Guess IC x0

Goal: Determine the model state xa which minimizes cost function J
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4D-Var Cost Function

H2(x2)

H1(x1)
Initial IC xb

“Observation Operator”

(interpolate + transform model 

state to observation space)

Guess IC x0

Goal: Determine the model state xa which minimizes cost function J
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4D-Var Cost Function

H2(x2)

H1(x1)
Initial IC xb

Observation Error Covariance Matrix

(spreads observation departures between 

variables and across time and space)

Guess IC x0

Goal: Determine the model state xa which minimizes cost function J
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4D-Var Cost Function

Goal: Determine the model state xa which minimizes cost function J

H2(x2)

H1(x1)
Initial IC xb

Sum of observation errors across 

assimilation window

Guess IC x0
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4D-Var Algorithm

Minimize 

→ Goal: Find x0 for which dJ/dx0 ~ 0 

Adjoint: Backwards gradients of model 

state at time  t  w.r.t model state at time  t-dt
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Why is 4D-Var so dang expensive?

Minimize 

→ Goal: Find x0 for which dJ/dx0 ~ 0 

 B0 is huge: If x0 ~ 106, B0 ~ 1012

 H must be computed for each new observational product

 MT must be derived for each numerical model
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Why is 4D-Var so dang expensive?

Minimize 

→ Goal: Find x0 for which dJ/dx0 ~ 0 

 B0 is huge: If x0 ~ 106, B0 ~ 1012

 H must be constructed for each new observational product

 MT must be derived for each numerical model

   ~100 iterations are needed to optimize x0 for each assimilation step
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