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Introduction EnKF cycling: Results with AIFS-Ens

 |n 2025, we wanted to confront promising new ML models with

observations in a cycling data assimilation system. 7 background ps/mslp RMS O-F (assim obs) - global
. . ° ° ° ° NH ZSOO anaIySiS RMSE —— UFS C96 (avg assim obcount per cycle=102107) avg=1.953
A stringent test involves assimilating only surface pressure in a |~ AIFS-ens *| - aifsens2 (avg assim obcount per cycle=102000)
cycling ensemble Kalman filter (EnKF), since performance relies %
on accurate estimates of background-error covariances. :
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 This setup has been proven in the 20 . — = e =  enatssheaiithi | |

Century Reanalysis (20CR): EnKF works well
with sparse observations because of dynamic
covariances, and surface pressure can get
“most” of the answer.

AIFS-Ens does not degenerate to NaNs, but Z500
performance is severely degraded (left) while observation

e Sfc pres forecast skill is often not optimized . .
P P departures remain reasonable (right).

In training.

AIFS-Ens increments do not develop small-scale noisy
increments (which cause GraphCast to fail), but the

En KF CyC| | ng: expe ri ment Setu p increments are stronger and noisier than the physical UFS.
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6-hourly cycling: traditional cycling EnKF, but short forecasts are

UFS (sfcp increment) GraphCast (MSLP increment) AIFS-Ens (MSLP increment)
generated with ML model _ -
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* Serial ensemble square root filter (EnSRF) as in 20CRv3 a8
 Horiz. & vert. localization, relaxation to prior spread inflation (& relaxation to
prior perturbations for non-stochastic emulators)
* No obs bias-correction or non-linear quality control

Another way? Long window 4D-Var

.  Hakim et. al. test a strong-constraint, long-window 4D-Var formulation

E N KF CVC| | n83 Resu |tS (2025) using the differentiable NeuralGCM (2.8deg) and only assimilating
surface pressure observations.
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NH Z500 errors (rel. to A P [ :<())’ « 4-day window; background term neglected in cost function.
ERAS) grow, and all pure g " * Analysis errors for NH Z500 are less than half those of 20CRv3 in 2015
emulators eventua Iy e e roenastic (20CRv3 RMSD is ~24m).
develop NaNs. Hybrid  Could we use this to quickly generate a better 20CR?
neuralGCM is the Only 20-;“’; Traditional physical
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(b) Global background RMS fit to observations

== UFS-3hbkg (avg RMSE = 1.67)
== NeuralGCM-det (avg RMSE = 2.78)
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e s WmS I mmee T T that the pure » The “default” 4-day configuration works well with 10% observation
(d) UFS zonal mean Z ql_z (e) GraphCast zonal mean Z .1-2 (f) SFNO zonal mean Z .1.2 emulators do nOt density (Nlo% |OSS in performance).
y g4 accurately represent » With 1% observation density, errors grow (in SH).
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