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Motivation

1) Reduce cost:

Operational DA requires trade-offs between mathematical rigorosity and
computational efficiency

Example: 3D-Var cost function

j(x):jb+jo:

= %(x — xb)TB_l(X —Xp) + %{y - H(X)}TR_I{Y — H(x)}

Challenge: x ~ 1019 elements = unconstrained B ~ 1019x101%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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2) Improve flow-dependency:

a) 4D-Var internal adjustment mechanism (single humidity observation at the
end of the 12-hour 4D-V(%r) window)

Motivation

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

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 x; are part of the balance transform K:
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Motivation

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 x; are part of the balance transform K:

— Linearised nonlinear balance equation

V(v V)V + fKk X V§) = —V20 wemm YV ((6vy - V) Vi + (Vi - V) 0V + [k x VY)) = —V26

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

e Ry p RH
RH = = — q SRH = — <> 254 5
B ) M
— Linearised quasi-geostrophic omega equation
@2
oViw + f§ = | 0w = —2- VQ, where
Op? ’
R. 65v¢ 8vb ly 05\/’ ly 6vb.¢.
0Q = (0Q., 0 = —— -V, - -VoT, bl VAT -VoT
mm U e (Recosqba)\ N e B ey Uil



Motivation

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)

Background-error variances from EDA:
TC01279 (~9 km) resolution
October 25th, 2023

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

e
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IFS Cy49r1 EDA: TCo1279, ~9 km grid resolution

20231023, 09 UTC, bottom model level leus
-

Relative vorticity standard deviation, IFS Cy49rl, TCo1279 EDA
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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.

Relative vorticity op
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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

< ECMWF
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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 05 (mostly) missing

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

« No background-error covariances between different Earth-system components 2>
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

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

(- ) i )

Ouptut state

Compressed =
Input state % state ] g Reconstructed

input

Encoder Decoder

\ >/ \ .

x —E. z=E(x) D, x'=D(z)

£ECN =D(E(x))

EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS
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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:

T.(2) = Tpz + Toz =

= (- 2)"B (z—m) + oly ~ H{D@)"R™"ly - H{D(2)}

z ... latent vector

z, ... background defined in latent space

B, ... background-error covariance matrix
y ... observation vector

H ... observation operator

D ... decode and destandardise

R ... observation-error covariance matrix

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

Assumptions:
« D s an error-free decoder mapping from latent space to physical space

« D s affine (= linear in all dimensions) over the region traversed during assimilation (D = Az + b)

Proof of sufficiency:

Let x, and z_, denote the optimal analyses from 3D-Var and LS3D-Var:

VT (x =%,) =B (x4 — %) + H'R™'[H (x,) — Y]
VoToz=2,) =B ' (2 —2;) + I, H R [H (D (z,)) — ]

0,
0, (2)

where J, = (0D /0z) i.e. a linearised D at z_, and H = (0H /dx) is the linearised H at x_
Multiply (1) by B and (2) by JB, from the left

(%a —x) + H'R™! [H (x4) — ]

Ip (2o —2z) +IpB.IJ,H 'R [H (D (2,)) — y]

0, (3)
0 (4)

P aa
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(%o —xp) + H'R™! [H (x4) —y] = 0, (3)

Ip (2 — ) + IpBILH R [H (D (24)) — y] = (4)
D is affine throughout the assimilation process (J(z,) = J5(2,) = I5(2))):
IpB.J}, = IpE [(zt —z) (2 — zb)T] i
= E | (2~ 2)) (2~ 2)) " I}
=E|(D(z) = D () (D (z) ~ D (z))"|
=B |(x — ) (x — 1) |
- (5)

xS3DVar _ s = D(z4) — {D(24) + Ip [z — Z4]}
Insert (5,6) into (4) and multiply by B-'

B! (XLSSDVM —xp) + H'R'[H (x,) —y] =0 > equivalent to (1)

a



Proof of necessity:
First-order Taylor expansion of D at x._:
Xqo —X=D(z,) —{D(z,) +Jp |2 — 2,] + €}
=Jplz, — 2| +¢,
where ¢ denotes the higher-order residual which depends both on z, and z. Similarly
Xy — X = Jp|2q — 24| + €1, (7)
Xy — Xp = Jp |2, — 23| + €9. (8)
Long algebraic derivation using (7), (8), and
B =E [(x¢ — xp)(x¢ — Xb)T]
leads to

s = AB 1 (x, — xp), (9)

where

A=E[(e2—€1)(e2—€1)']

_F [(JD (20 — 24) (€2 — €1) + (€2 — &1) T (20 — 7a) I | .

- (9) can only hold for every x_ and x, if &, = &,= 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: ERAS reanalyses

(training set: 1970-2014, validation set: 2015-2019, test set: 2020-2023)

Quantity [unit] Levels Abbreviation

Geopotential height [m] 250 hPa, 500 hPa, 700 hPa, 850 hPa /250, 2500, Z700, Z850

Zonal wind [m/s] 200 hPa, 500 hPa, 700 hPa, 900 hPa, U200, U500, U700, U900, UlOm
10m

Meridional wind [m/s] 200 hPa, 500 hPa, 700 hPa, 900 hPa, V200, V500, V700, V900, V10m
10m

Temperature [K] 500 hPa, 850 hPa, 2 m, surface T500, T850, T2m, ST

Mean sea level pressure [hPa] -

Total column water vapor [kg/m?] -

oY
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AE structure:

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

BLOCK | KERNEL SIZE | OUTPUT SHAPE
1

7x7 (50, 90, 180)
2 7x7 (50, 45, 90)
3 7x7 (50, 22, 45)
4 77 (50,11,22)

out 1x1 (20, 180, 360) @

Input tensor:
23x180%x360 = 1.5M features
(20 atm. fields + 3 static fields)

Convolutional blocks

conv out

Latent vector:
12k features
(2 orders of magnitude reduction!) input fields —

sphere padding —

Output tensor: N —~
20x180%360 = 1.3M features conv2D + LeakyRe

’ MaxPool 2x2
t ConvTranspose 2x2

m Channel concatenation

' encoder (E) decoder (D)
>z . ‘
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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: @ / @ @

e UNet

BLOCK | KERNEL SIZE | OUTPUT SHAPE

1 7xX7 &> 7x7 (250, 180, 360)
7X7 € 7x7 (250, 90, 180)

7xX7 € 7x7 (250, 45, 90) \ @
7xX7 &> 7x7 (250, 22, 45) ,6\

3x3 &2 7x7 (250, 11, 22)

* 12-hour stepping
(4-step rollout)

f@/

* Input tensor:
23x180%360

N o o0 b~ 0N

3x3 & 7x7 (250, 5, 11)
(20 atm. fields + 3 static fields) 3 (250,2, 5)
input fields —— out 1x1 (20, 180, 360)

«  Maximum compression: spheepEiing ~—5
250)(2)(5 conv2D + LeakyRelLU @ ..
L

MaxPool 2x2
* Output tensor: axPool 2x

20x180x360

t ConvTranspose 2x2

Channel concatenation

* Convolutional blocks

« Skip connections

oY
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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

jz(z) = Tvz + Toz =
1

= Sz m)"BI (5 —m) + Iy~ H{D(2)}]"R [y ~ H{D(2)}

Background-error covariance modelling:

« Climatological B,-matrix: Distribution of BS'™ elements

50%
B Diagonal elements

B = ( (at)—()) (mt) — .(0) ")

2(t) = E (NN24h xERAS(t — 2411)]) 3%
z¢(t) = £ (Xgras(t))
* Average performed over validation set (2015-2019) 10%

* Quasi-diagonality assumption based on scale-separation of o
diagonal and off-diagonal elements -6 -5 | —'zt 3 -3 | -2 o

H H . Bglm t

—> Use only diagonals for inverse computation 0910iabs(B,"™ elemen

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:

1
jx(X) = 2 XTX

N % ly — H{D(zp + L.x)}] Ry — H{D (z, + L.x)}.

where X = Lz_l(Z — Zp) and L. = B;/z .

» Convergence criterion based on ||V 7, |

« As long as every element of the cost function is written using Pytorch's autodifferentiable
functions, gradient evaluation becomes super easy!

oY
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Practical example — midlatitude balances

Observing Z500 above Ljubljana, Slovenia (46.1°N, 14.5°E): d%°°° = +30 m, o, =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.

e Local features:
— T2m inc. confined to land

— MSLP inc. distorted due
to orography

Ana. inc. Z500, U500, and V500

30

20

10

Z500 [m]

-10

-20

-30

b)

Ana. inc. T500

1.0

0.5

0.0

T500 [K]

-0.5

-1.0

1.0

0.5

0.0

T2m [K]

-0.5

-1.0



Practical example — thermal wind balance

a)

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

7500 7700
§U500 _ sUT00 9 00" — 05"

f Yy

Analysis increment b) Thermal wind approx. c) Difference

o
U500 — U700 [m/s]
o
U500 — U700 [m/s]

U500 — U700 [m/s]



Practical example — flow dependence

Despite using climatology-based B-matrix (in the latent space), the analysis increments (in physical
space) show flow-dependent behavior

a) b)
Ana. inc. Z500, 2020-01-01 Ana. inc. Z500, 2020-01-08

70°N %"/ ///’//’/'//__»\ ; Py N © 70°N§J (RN SRR VAN R ) n‘ / f , [ / ‘J-" /v = = T o) ]
2N RS ST 7S
y : % & ﬁ;‘j’//////// b E"‘
N 15 ) N N 15
/ //////,f J 10 |l X £/
ARy 0 NN _ g —_
///// A 5 E //;/ £
Al : ‘ § — o —
50°N/ ;. & <ans : i 0 g 50°N A= A - S
A7) -5 m ///////... ﬂ
/e e
/7 7 - e e e L (R . . . N~
/ 7 7 e o A« (USSTEEE EE— . . . _10 Vv
e ; -, 4 -15 =
ﬂA._ ,,,,, y 2 L, Vb ey g - oWy
30°N [ ox v - fs . //‘,"—‘T: m 30°N prrpprr—_—"
S o3 o"l,,, -~ p ////'//CC /l‘,’*‘&v 20—5" /"}//’ - ™ \‘ N‘ l‘
20°W 0° 20°E 40°E 20°W 0° 20°E 40°E

Reason: decoder's nonlinearity. Let 6z be a small perturbation, that we add to two
distant latent vectors z, and z,. (i.e., apart enough that D cannot be treated as affine in the interim
area). The respective changes of their decoded counterparts are

oD
D(Zl + 52) — D(Z]_) ~ D(Zl) -+ g

0z — D(z1)

5}{1

Z;




Practical example — tropical balances

Observing TCWYV in nearly saturated area in Central Atlantic (O°N, 33°W)
« dTOWV =410 kg/m?
« 0,=3kg/m?

Theory: heat-induced tropical perturbations
(Gill, 1980; Davey and Gill, 1987):
condensation - latent heat release - updraft >
—> lower tropospheric convergence & upper tropospheric divergence

LTBAA FLEE L LA LELEEELECTTLF
Zaplotnik et al. (2018)
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Practical example — tropical balances

- . a) - b)
Analysis increments obey Ana. inc. U900 and V900 Al i EI2ET0a 3220

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!

Divergence [107%s71]

- these balances are learnt
implicitly through other
variables c) Ana. inc. TCWV Ana. inc. T2m

st

TCWV [kg/m?]

< ECMWF

T2m [K]

e)

200 hPa

500 hPaH

700 hPa

900 hPa

10 m

Ana. inc. at 0.5°S

LS

L Am
e

40°W 30°W 20°W

Divergence [107°%s71]

| ] ©O R, N W
W N R

Divergence [107%s71]



Practical example — tropical balances

Difference between respective forecasts initialised by the analysis and the background:
« TCWYV increment advected by lower-tropospheric wind

- Eastward propagating Kelvin wave

Forecast time: Oh

Backg. U900 and V900, diff. in TCWV Diff. in U900, V900, and MSLP
r//ff!'t\/' \‘\\\.ﬁ‘ X -
30°N [frie ety N J/{.}% 30°N |- ol 11k
oo ‘ | ——-0.2 hPa
10°N € 10°N [#d=
S | '
=
| > o
10°S |22+ ] = 10°S|
P - l_ ¢ TED P &%
30°5 K= : ;‘ 30°S {{—— 052 ~

60°W  40°W 20°W _ 0°  20°E



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?

Std of D(E(xeps)) (2250 [m]) ‘ Std of D(E(x )) (_T2‘_m [K])

Std of xgp (2250 [m]) Std of xgx; (T2m [K]) Std of ng,,Ss (v200 [m/s])

1.00
0.75
0.50
0.25
0.00

1.00
0.75
0.50
0.25
0.00

Std of D(E(x )) (V200 [m/s])

2.0
1.5
1.0
0.5
0.0

2.0
1.9
1.0
0.5
0.0



Challenges of using LSDA operationally — representing EDA variances

N
1
IFS EDA-based B, BEPA = —— 3 (ZE;S — (FS
1=1
where N = 50 and  z"S = E (x}ff)

B, still quasi-diagonal:

diagonals smaller than for
climatological B,

off-diagonals comparable
to climatological B,

- we assume they
represent sampling noise,
keep using only diagonals
for inverse computation

< ECMWF

)

Distribution of BJ™ elements

)

Distribution of BEP# elements

50%

40 %

30 %+

Share

20%

10 %

B Diagonal elements
Off-diagonal elements

0%
-6

—4 —7 >
logio(abs(BS™ element))

-5

-1

B Diagonal elements
Off-diagonal elements

IFS IFS
Zy; — <Zb
50%
40 % 1
30 9%
g
[{+]
L
0y
20 %1
10 %
| 0%
0 -6

-3 -1

=2
logio(abs(BEPA element))

i e




Challenges of using LSDA operationally — representing EDA variances

Using climatological B and EDA B
yields similar analysis increments!

) EDA-based b) CLIMATOLOGICAL
a
Ana. inc. ZSOO BEPA Ana. inc. ZSOO B¢/m
70°N }u"" T IR TR IR AR ‘ NN o 700N
i "_‘T..f..’.'..-’--/"/ / . g NN N
..... / f v ’ l s ‘ N X\ 2
.~'I . | | \ vy
of 1 —
E
50°N 0 g 50°N
........ S
—1N
#r
1, -2
; '
30°N ;4 : 207 30°N _
20°W 0° 20°E 40°E 20°W 0° 20°E 40°E

e
A & 4 ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS 31

Z500 [m]



skip
Level 0 (fine)

Towards more complex autoencoders — GNN attention AE on a multiscale graph

Level 1

Level 2 (coarse)

Progressive graph autoencoder :
Hierarchical pooling / unpooling on irregular atmospheric grids 1 8 Ievels’ N80 reSOIUtlon’
Encoder Latent space Decoder 1 1 4 (6X1 8 +8) reconstructed
Input features Legend Reconstruction X' featu res
N_fine x IN_DIM :] Input / output N_fine x OUT_DIM 5 3
C ) Pool / unpaol op o ©
Linear — LayerNorm — GELU P Linear - GELU — Linear 2
Linear projection =
IN_DIM — 312 - layer 0 312 — 312 — OUT_DIM - layer 5 a
Latent layer =
GATv2Conv (8 heads) [ﬁ GATv2Conv + LayerNorm GATv2Conv (8 heads)
312 — 256 - layer 1 256 — 312 - layer 4
————> Pooling / unpooling flow
¥ t
. pool @ unpool @ sparse W - x — fine nodes
C Learnable pooling )
C Learnable unpooling ) -
sparse W - x — coarse nodes %
GATv2Conv (8 heads) GATv2Conv (8 heads) -
256 — 192 - layer 2 192 — 256 - layer 3
¥ +
i pool @ unpool ® sparse W - x — finer nodes —
C Learnable pooling ) o
( Learnable unpooling ) o
sparse W - X — coarser nodes [N
a
GATv2Conv (8 heads) GATv2Conv (8 heads) 5
192 — 160 - layer 3 160 — 192 - layer 2 k)
GATv2Conv (8 heads) GATv2Conv (8 heads)
160 — 144 - layer 4 144 — 160 - layer 1

Linear — GELU — Linear ’ Latent z ‘ Linear — GELU — Linear

144 — 288 — 128 - layer 5 N_coarse x 128 128 — 256 — 144 - layer O

ey - Practical in the afternoon!
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A\ <4 ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

Zaplotnik et al. (2026), in prep.



Flow-dependent features: impact of orography

Ana. inc. t925 Ana. inc. msl
= 2.1 T 12.2
10°N 7 = 1OON DS
1.1 36.1
0° ., < 0° ©
0 JGC-; 0 4qE)
5 £
10°S 5 10°S v
C O
- L=
-1.1 -36.1
Sk 20°5
90°W 80°W 70°W 60°W e -72.2
'c ECMWEF  curopean ceNTRE FOR MEDIUM-RANGE WEATHER FORECASTS 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 (d©3(50hPa) = +10-6 kg/kg) with LS3D-Var using climatological B, and 18-level
multivariate GNN AE indicate coupled ozone and temperature increments

Pressure [hPa]

Pressure [hPa]

Pressure [hPa]

01/2023
e
250
500 -
750
1000 -
40° 47° 53° 60° 67° 73° 80°
Latitude
05/2023
o
250 1
7501 ‘
1000 - :
40° 47° 5é° 66" 67° 73° 80°
Latitude
09/2023
250
5001
750
1000

40° 47° 53° 60° 67° 73°

Latitude
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Stratospheric data assimilation

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

Single-observation experiments (d©3(50hPa) = +10-6 kg/kg) with LS3D-Var using climatological B, and 18-level
multivariate GNN AE indicate coupled ozone and temperature increments

AT vs Hydrostatic prediction
(obs lat=60.0°, lon=0.0°)

200 1 Hydrostatic equilibrium is preserved
following assimilation
T 400 AT ~ -2 AAZ)
z Ry 0(Alnp)
£ 600 -
800 A
—e— Observed AT
—=- Hydrostatic AT ; ; ;
P o ' Figure courtesy of Janne Lisa Bouillon
S ECMWF 1000 1.0 ~0.5 0.0 0.5 1.0 Zaplotnik et al. (2026), in prep.

Temperature increment [K]



sea-ice conc. background  sea-ice conc. increment T2m increment
Fully-coupled ocean- a)

atmosphere DA:

* Observation location:
(60°N, 176°W)

. dm2m=_5K

2023-03-01

« Backgrounds with maximum
sea-ice concentration (top)
and minimum sea-ice
concentration (bottom) d)

« Top: positive sea-ice
increment along sea-ice
boundary

 Bottom: no sea-ice increment!

2023-09-15

11:—11-

0.0 ; . ; . 1.0 2 =01 00 01 0. 0 1 2 3

P g
- ECMWF Figure courtesy of Lukas Kugler
Zaplotnik et al. (2026), in prep.




Other Latent Space Data Assimilation approaches

* 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?

oY
< 4 ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS

_ state

obs

obs

Different conceptual flavours of LSDA

[ -
Encoder stat Decoder state

eeeeeeeeeeee

Cheng et al. (2024)

37



<
g
e
o
=
=,
<
[aa)
Q
<
A
¥ p]
=
S
=]
]
<
=

MAE of LSDA-OBA (4 obs.) [K]

A

£

sd

b2

—

<=

(a) Background mean: 1.01 /| 7 |(b) LSDA-OOA mean: 0.77 ~ | |(c) LSDA-Var mean: 0.72 <
LSDA-OBA mean: 0.70 ’/ LSDA-OBA mean: 0.70 ° LSDA-OBA mean: 0,70 . ,}’
1',’ 4',, 2 I ’/‘?”
i ’ ’ "o
e e S’
‘ . 2
l =)
SR: 87.3% SR: 93.5% 0 SR: 62.6%
0 1 2 3 4 1 2 30 1 2
(d) Background mean: 1.01 4| 7 |(e) LSDA-OOA mean: 1.12 #| |(f) LSDA-Var mean: 0.88 g
LSDA-OBA mean: 0.80 ,.-" LSDA-OBA mean: (.80 7 LSDA-OBA mean: 0.80 ).’ g
A2 A
] - e o)
I/ : ’f.: ,:! adr,
I -
SR: 75.7% 0 SR: 97.8% 0 SR: 81.6%
0 1 2 3 4 1 2 30 1 -

MAE of Background field [K]

MAE of LSDA-OOA [K]

MAE of LSDA-Var [K]

F1G. 4. (a),(d) Comparison of the MAE of the LSDA-OBA T2m analyses, computed against entire WRF-FDDA analysis grids, with those
of the background fields; (b),(e) the LSDA-OOA analyses; and (c).(f) the LSDA-Var analyses for two scenarios: assimilating (a)—(c) 40 obser-
vations and (d)—(f) four observations. Each dot represents a test case from a dataset of 933 samples. The superiority ratio (SR) in each plot
stands for the proportion of LSDA-OBA predominance (i.e., the percentage of the sample points under the black dashed line).

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.
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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)

(@) Model Domain ] (b) Sub-Region 1
» Regional atmospheric models (Fan et al., 2025a,b)
» River-discharge (\Wang et al., 2025)

* RegiOnaI SST model (Zheng et al., 2026) ‘ . : H0E IS0 160°F

Sub-Region 2
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Using autoencoders of atmospheric fields beyond DA

Masked GN autoencoder

Sparse input points /

(radiosonde observation locations)

N

Full model space

200 hPa v-winds, ERAS values at obs. points

200 hPa v-winds, reconstructed from (a)

AL 2 oo 12 12
\_ (S8 " 8
L4 L4
-
-4
-8
-12

. Pikovnik and Zaplotnik, 2026
_w ECMWF EUROPEAN CENTRE FOR MEDIUM-RANGE WEATHER FORECASTS (Smeltted)



Conclusions

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

jbz T joz —

J.(z)

1

= §(z — Zp)

"Bz - m) + by~ H{D@YR 'y ~ H{D())]

Proof of concept: simple univariate CNN
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Multivariate multilevel CNN
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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!

ill e more in the practical in the afternoon!
&2 el iR/ D
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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

Single observation experiments:
« Ensemble approach: 100 members:

— Sampling perturbed background members:

!
Zpi = Zbi T €bis epi ~ N(0,0p;)

o, --. climatological standard deviation of a latent vector element
(i.e. square root of corresponding diagonal element in B,)

— Sampling perturbed observations:

y = H (D(zg)) +d + €,, e, ~N(0,0,)

d ... predefined observation departure
g, ... predefined observation standard deviation

— We will study analysis increments: 0X, = D(Za) _ D(Zg)
& ECMWF



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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Practical example — evolution

« Difference between respective forecasts initialised by the analysis and the background
o Eastward propagation of positive Z500 increment

o Emerging cold front

Forecast time: Oh

Z500, U500, and V500 TCWV and MSLP
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« All'in all encouraging results
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