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MOTIVATION

Atmospheric data assimilation (DA) involves
combining multiple sources of information (e.g.,
observations, forecasts, etc.) to construct an
estimate of the state of the atmosphere across
time, which involves solving expensive, large-
scale, physics-based PDE equations. We aim to
build a generative diffusion-based surrogate of
the following mapping in NASA’s DA system:
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DATA

NASA’s GEOS-IT [1] data is a product of NASA’s
assimilation system for instrument teams.

Variables: Coordinates: Temporal:
Latitudes: 360 6 hourly
Longitudes: 576 Years 2000-2024
Levels: 72

361 features

Ozone

Specific Humidity
Meridional Wind
Zonal Wind

Virtual Temperature
Surface Pressure

Surface Pressure

Ozone at 0.03 hPa

ppmv

kg kg-1

* NASA'’s hybrid data assimilation system relies on large-scale physics-based equations describing
the atmosphere, however, generating ensembles from these equations is computationally expensive.

« We aim to build a surrogate model that allows for cheap ensemble generation via generative
diffusion, thereby accelerating data assimilation.

METHODOLOGY: DATA ASSIMILATION & DIFFUSION MODELING

DATA ASSIMILATION involves combining data from various modalities to construct an estimates of unknown
states across time. NASA implements hybrid 4D ensemble variational (hybrid 4D Ens-Var) [2] data
assimilation, which aims to minimize J w.r.t. dx = (%, 0X1, ...,0xy) for the times |to, I 7]
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OUR GOAL: Estimafe the ensemble component of the background error cov. B via an Al-based ensemble.
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Construct X = (%1 — X), (X — X),-- -, (xy — X)] with N ensemble members such that B. = XX ' from a

diffusion model.
DIFFUSION MODELING [3] learns a mapping from a noisy, usually Gaussian distribution to a target distribution,

thereby providing means for generating samples from the target distribution. This diffusion model allows us to
generate samples to estimate B. .
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Forward Process: Corrupt with Gaussian noise
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ONGOING DIRECTIONS

LATENT DIFFUSION MODELING [5] compresses the data to a lower
dimensional latent space, allowing for cheaper computations and
learning in this latent space.
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VALIDATING ENSEMBLE SPREAD involves comparing the ensemble
spread from the diffusion model vs. from an ensemble of outputs
from the physics-based system (GEOS-FP [6]) to ensure physical
consistency.

Examples of ensemble spread for GEOS-FP backgrounds:
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FUTURE DIRECTIONS

INTEGRATION INTO NASA'S GEOS HYBRID
DATA ASSIMILATION SYSTEM. Prototype the
integration of the Al-based ensemble into
NASA’'s GEOS hybrid 4D-Ens-Var data
assimilation scheme prior to operational use.

SENSOR PLACEMENT. The placements of D
sensors to collect observations can be = . it e
optimized to maximize the information . i - @
learned about the system. Al-based
components accelerate this process.
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Image from [7].
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