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Abstract

Deep learning has advanced weather forecasting [1-8], but accurate predictions
first require identifying the current state of the atmosphere from observational data.
In this work, we introduce Appa, a score-based data assimilation model generating
global atmospheric trajectories at 0.25° resolution and 1-hour intervals. Powered
by a 565M-parameter latent diffusion model trained on ERAS, Appa can be condi-
tioned on arbitrary observations to infer plausible trajectories, without retraining.
Our probabilistic framework handles reanalysis, filtering, and forecasting, within a
single model, producing physically consistent reconstructions from various inputs.
Results establish latent score-based data assimilation as a promising foundation for
future global atmospheric modeling systems.

1 Introduction

Data assimilation combines observational data with physical models to estimate atmospheric states.
Formally, let 1'% = (2%, 22,. .., L) € REXV*C denote a trajectory of L atmospheric states, each
represented as C' physical fields over a mesh of V' vertices. Let p(z!) be the initial state prior and
p(z**1 | 2%) the transition dynamics. Observations y € R of the state trajectory x'*L follow an
observation process p(y | z1*%), generally formulated as y = M Eac“‘) + 1, where the measurement
function M : REXV*C s RM might be non-linear and 1 € R represents observational error that

accounts for instrumental noise and systematic uncertainties. The goal of data assimilation is to infer

plausible trajectories z''” consistent with the observations, that is, to estimate the trajectory posterior
. L—1
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While Eq. (1) defines the posterior inference problem generically, assimilation tasks correspond to
specific choices of states x* and observations ¥y to take into account. In this work, we focus on three
practical cases:

Reanalysis: 2!l ~ p(zhl | 1), @
Filtering: ¥ ~ p(z% | yL), &)
Forecasting: xK—H:L Np(mK+1:L | ylzK) or p(xK+1:L | Jil:K). 4)

Reanalysis aims to reconstruct full trajectories from partial historical observations of the same
time segment. The primary purpose of reanalysis is to create datasets of historical data for the land,
atmospheres, and oceans. These datasets enable scientists to better monitor and understand the climate,
conduct surveys, and develop new weather models. Filtering, in contrast, only infers the posterior
distribution of the current state, obtained as a marginal of the reanalysis posterior. Forecasting, as its
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name suggests, extends beyond the observed segment, producing posterior distributions over future
states. The forecasting problem is often initialized by an external estimation of the current state 2/
or decomposed into first estimating this current state from /€, and then predicting its evolution.

Traditional methods like 4D-Var [9-13] and ensemble Kalman filters [14] are effective but rely
on linearizations, require expensive differentiation, and provide point estimates rather than full
posterior distributions [15]. Recent data-driven approaches [16-20] integrate deep learning into
assimilation or forecast directly from observations, but suffer from limited resolution, lack of
uncertainty quantification, and require retraining for new observation configurations.

2 Appa

Appa combines score-based data assimilation [21-23] with latent diffusion models for physics
emulation [24], scaled to the global atmospheric system at 0.25° resolution and 1-hour intervals, with
6 surface variables and 5 atmospheric variables across 13 pressure levels.

Architecture Appa consists of a 340M-parameter encoder-decoder pair (E,;, Dy,) that compresses
atmospheric states z° by a factor 530 into a latent representations z* ~ N (2% | Ey(z*), 021). This
reduces the dimensionality from O(10%) elements per atmospheric state (O(10'°) for 4 days at 1-hour
resolution) to O(10°) elements per latent state (O(107) for 4 days), enabling efficient generation and
inference in the latent space. The encoder-decoder pair is trained with a latitude- and level-weighted
mean squared error loss [3, 4].

The autoencoder is paired with a 225M-parameter diffusion transformer (DiT) [25] that operates on
windows of W = 24 consecutive latent states. Following [22, 26], we train a denoiser to estimate the
denoising posterior mean E [z%7+W | 2/**W] which, via Tweedie’s first-order formula, provides the
prior score function vzizi+w log p(z. :”W) needed for the reverse diffusion sampling process. For a
variance exploding diffusion process [27], we have

E [zi:”W | zf”W} = AW U?vz;,:i+w log p(2tW). 5)
As in the SDA [21, 22] framework, the score over trajectories zf:HL is approximated by composing

the scores over windows. We generalize SDA’s composition algorithm by introducing a time stride
A > 1 between consecutive windows. Using a larger stride reduces the window overlap and, therefore,
the number of network evaluations. Detailed algorithms for training and composing local scores can
be found in B.2.

Sampling conditionally on weather observations To sample from the posterior p(zL | y), we
replace the prior score in the reverse diffusion sampling process with the posterior score

V. logp(z/ " | y) = Voar logp(2/ ") + V.ar logp(y | 7). (6)
The prior score V1. log p(z4'L) is obtained from the denoiser and combination of scores over

windows, while the likelihood score V1:z log p(y | z}*1) can be approximated without retraining
[21, 28-30] under moderate assumptions on the observation process.

The key challenge is that the observation process p(y | #1'L) is defined for atmospheric states z*
rather than latent states z°. For observation sequences y':L of the form y* = M(x?) + 7, we
approximate the mapping from z* to y* as the composition of the decoder D,, and measurement
operator M*. Formally,

p(ylzL | Zl:L) zN(ylzL | A(ZLL),Ey), (7)
such that A(255) = (M (Dy(21)) - - ME(Dy(21))) T and 32, is the covariance of n'*L. With this
formulation, off-the-shelf posterior sampling algorithms [30] can be used for generating atmospheric
trajectories conditionally on observational data. In this work, we adapt moment matching posterior
sampling (MMPS), originally proposed by Rozet et al. [29] for linear observation operators. In our
case, since 4 is non-linear, we use its Jacobian A in the estimate of the covariance, yielding the
approximation of the perturbed likelihood

p(ylzL | Ztl:L) z./\/'(y | A(E[ZI:L | Ztl:L])’Ey +AV[ZLL | Ztl:L]AT)- (8)

After inference in the latent space, the generated trajectories 2%

space via the decoder &; = Dy (2;).

are decoded back to the atmospheric



Figure 1. (Left) Standardized autoencoder reconstruction RMSEs. Lower-frequency elds (tem-
perature, geopotential) are reconstructed more accurately than volatile elds (humidity, winds).
Near-surface elds bene t from altitude-weighting. (Right) Power spectral density comparison of
ground truth, autoencoder reconstructions, and samples generated from Appa's prior. Median and
percentile ranges show close alignment across scales, with deviations below 100 km (3 to 4 grid
cells).

3 Experiments

We train and evaluate Appa on the ERAS reanalysis dataset [31] following standard chronological
splitting: 1993—-2021 for training, 2020 for validation, and 2021 for testing. Below, we evaluate the
latent representation quality, assimilation performance across reanalysis, Itering and forecasting
tasks, and compare against existing methods.

Latent representation Despite thes30 compression factor, standardized reconstruction RMSEs
are mostly belovd: 1, with slightly higher values for humidity and winds, and lower ones for surface
and low-altitude elds, as shown in Figure 1. Reconstructed power spectra match ground truth closely,
except at scales below 100 km where atmospheric energy is minimal. Compared to prior neural
compression methods [32], our autoencoder achieves comparable performance.

Assimilation We evaluate Appa across four scenarios: reanalysis, lItering, observational forecast-
ing, and full-state forecasting. For the rst three tasks, we assimilate both synthetic ground-station
observations of all 6 surface variables and simulated scans of the 5 atmospheric variables across 13
pressure levels. The ground station network consists of 11,000 real-world measurement locations [33]
covering roughly1% of grid points. Ground stations are sparse and globally distributed, while satellite
orbital paths provide dense spatial coverage with restricted temporal and spatial reach. Observations
are modeled as Gaussian distributions centered on the ERA5 ground truth, with noise 1&9éls of

for ground stations anti0%for satellite measurements.

Figure 2 summarizes Appa's performance and further qualitative results can be found in D.4. For
reanalysis and ltering, conditioning on longer assimilation windows improves both skill and CRPS
but gains saturate beyond 24 hours. Forecasting's skill decays gradually with lead time but remains
signi cantly stronger than the persistence baseline. Observational forecasts, conditioned on the last
12 hours of a day-long assimilation, start at skill and CRPS levels comparable to the reanalysis
plateau. Full-state forecasts, initialized from two complete states, start lower but eventually converge
to similar performance over time. As expected, the initial skill for full-state forecasts is close to
autoencoder reconstruction error levels. Overall, these results demonstrate that Appa successfully
handles all assimilation and forecasting tasks within a uni ed probabilistic framework.



Figure 2. Skill and Continuous Ranked Probability Score (CRPS) for representative variables in
January 2023. Detailed experimental setup can be found in B.3. Reanalysis scores are averaged
over assimilation windows*- , while Itering reports the last reanalyzed state. Both improve with
longer assimilation windows, but eventually stagnate. Forecasts gradually lose skill over lead time
but remain superior to persistence and unconditional baselines. The initial skill level of the full-state
forecast matches the compression error level. IFS [34] and GraphDOP [35] are shown for reference.

For short lead times, our forecasts reach skill levels comparable to IFS [34] while performing better
than GraphDOP [35]. Notably, the forecast error growth lies between the two baselines: slightly
steeper than IFS but below GraphDOP and closely tracking its slope. This suggests that compression
does not introduce strong dynamical artifacts that impede the learning of the dynamics, even under
different temporal setups (1-hour for Appa vs. 12-hour resolution for IFS) which corroborates
with ndings of Rozet et al. [24]. While these results remain preliminary, they provide promising
evidence that Appa can capture atmospheric dynamics at a level in between purely physical and
purely data-driven approaches.

4 Discussion

Summary We introduce Appa, a latent score-based data assimilation framework that produces
global atmospheric trajectories by operating in a compressed latent space. Appa can be conditioned
on various types of observations without retraining, providing access to the full posterior distribution
of consistent trajectories. Our results show that Appa exibly handles reanalysis, Itering, and
forecasting within a single framework, producing competitive performance across scenarios without
task-speci c training or architectural modi cations.

Limitations and future work  While Appa demonstrates strong assimilation and forecasting
capabilities, it remains a proof of concept and further improvements are needed to make it operational.
First, we should consider moving from simpli ed synthetic observations to realistic measurement,
such as satellite radiances. Improving physical consistency is also critical, as compression inevitably
degrades ne-scale information. Strategies such as localized assimilation or re ned conditioning
mechanisms may help. In terms of statistical assessment, the calibration of posterior distributions



deserves further validation. Indeed, the approximations present in our method, notably while
estimating the prior and likelihood scores, introduce errors which are complex to quantify. The
computational ef ciency of observational tasks remains a challenge as well, since conditioning
requires repeated decoding steps, projecting observations directly into latent space could mitigate this
bottleneck. Finally, our comparison to other models is still preliminary. Baselines for assimilation
remain scarce, and fair evaluation against IFS [34], GraphDOP [35] and other models [3, 4, 36]
would help position Appa within the spectrum of global atmospheric models.
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A Data

A.l ERAS5

ERADS is a global deterministic reanalysis dataset from ECMWEF that provides high-resolutiof) (0.25
hourly estimates of atmospheric, land, and oceanic variables from 1959 onward [31]. It assimilates
observations into a numerical weather prediction model using 4D-Var data assimilation.

For this work, we use a subset of ERA5 data, de ned on a®Oegfbiiangular grid with 13 pressure
levels: 50, 100, 150, 200, 250, 300, 400, 500, 600, 700, 850, 925, and 1000 hPa. Due to storage
limitations, we restrict the temporal coverage of the dataset to the 1993—2021 period, with data split
into training (1993-2019), validation (2020), and testing (2021).

Table 1 lists the selected variables. Some serve as both input and predicted features, while others
provide contextual information (only input). Context variables are not predicted but help de ne the
temporal and dynamic conditions under which predictions are made, improving model performance.

Table 1. Input variables.

Type Variable Name Role
Atmospheric Temperature Input/Predicted
Atmospheric U-Wind Component Input/Predicted
Atmospheric V-Wind Component Input/Predicted
Atmospheric Geopotential Input/Predicted
Atmospheric Speci ¢ Humidity Input/Predicted

Single 2m Temperature Input/Predicted

Single 10m U-Wind Component Input/Predicted

Single 10m V-Wind Component Input/Predicted

Single Mean Sea Level Pressure Input/Predicted

Single Sea Surface Temperature Input/Predicted

Single Total Precipitation Input/Predicted

Clock Local time of day Input (Diffusion)

Clock Elapsed year progress Input (Diffusion)

A.2 Data pre-processing

Standardization Although the dynamics across the atmospheric column are correlated, each
pressure level exhibits distinct statistical behavior. Thus, we computed the mean and standard
deviation separately for each variable and at each pressure level, on the whole training dataset. We
used these statistics to standardize our entire dataset and to rescale the output of Appa.

Handling missing values Since Sea Surface Temperature is unde ned over land (NaN values), we
replace these with zeros as a neutral placeholder after standardization.

Data availability ERADS data was downloaded from the WeatherBench?2 platform, where Google
has made them publicly available via Google Cloud Storage.



B Technical details

This section provides further technical details for training and inference. Our code will be made
available with full reproducibility steps for both training and evaluation.

B.1 Architectures

We adapted architectures from Rozet et al. [24] for both autoencoder and latent diffusion model. The
encoder and decoder are fully convolutional neural networks and the diffusion model is adapted from
a diffusion transformer (DiT) [25].

Autoencoder The autoencoder compresses atmospheric states from the high-dimensional N320
grid (721 1440pixels with 71 channels) into a compact latent sp&% ( 47 pixels with 128
channels) via progressive downsampling and channel expansion in a fully convolutional architecture.
To accommodate any spatial compression factor, the input is padded to the nearest compatible
grid size. We apply periodic padding along longitude to respect global wrap-around, and constant
zero padding along latitude to handle polar boundaries. The encoder-decoder pair is trained with a
latitude-level-weighted mean squared error loss, following Lam et al. [3].

Latent denoiser The denoiser is a DIT that operates on 24 consecutive latent states. We rst patch
the latent sequence by a factor of 2 along the temporal axis, then atten the spatial dimensions,

yielding23 47 24z =12;972tokens, each with 256 channels, which are passed to the DiT.

Table 2. Autoencoder training con guration

Parameter

Value

Loss function
Latent noise

Latitude- and level-weighted mean squared error
= 0:01for regularization

Optimizer SOAP with initial learning rate¢ 10 ° and linear decay
Batch size 64 samples per step
Training duration 95000 update steps (approximately 2 days)
Hardware 64x NVIDIA A100 40GB GPUs

Table 3. Denoiser training con guration
Parameter Value
Loss Denoising score matching with recti ed noise schedule
Noise range min = 0:001, ax= 1000
Optimizer Adam with initial learning raté 10
Batch size 256 samples per step
Training duration 125000 update steps (approximately 5 days)
Hardware 64x NVIDIA A100 40GB GPUs




B.2 Generating trajectories

Algorithm 1 Trainingd (z/'*%W) Algorithm 2 Composingd (z/"*"W)
1forn=1toN do 1 function d (z}+*)
2 Xl:L p(Xl:L) 2 a w )=
3 i U (fL:::;L Wg) 3 b a+
4t U(@O1;" N (01 4  Epa d(zVY)a]
5 forj = itoi+ W do 5 forn=0to(t W)= +1do
6 . E(x) 6 i 1+n
7 ZtI:|+W zi:i+W + " 7 Eisaisb d (Z,:'HW)[a:b]
8 d (z1*Wy 2w 2 8 EL wsnr d(zx VH)b]
9 SGD(: r ) 9 return Eq.

B.3 Assimilation tasks

Forecasting Appa is trained to generate state windows of a given size, we use 24 hours. We rst
split the total window in two, the rst part being the condition, and the second the part to be generated.
Then, we use either the last states of a fully assimilated window (observational forecasting) or full
encoded latent states (full-state forecasting). At each autoregressive steps, we use a sliding window
to moven steps forward after these steps were predicted. This mechanism offers a balance between
conditioning window size and generation speed, as the former can be extended to provide more
context but more limited speed (more generations required) or less context but faster total generation.

Evaluation setup On Figure 2, we report IFS [34] and GraphDOP [35] skills using data from Alexe

et al. [35] as baselines. However a direct and fair comparison is dif cult due to lack of experimental
setup details. Alexe et al. [35] mention that skills are computed over January 2023 forecasts for
6 different variables. To match the time period, we report the performance of our method over a
10-member ensemble of 3-day forecasts. We selected the rst 8 days of January 2023 at midnight as
starting timestamps. This makes a total of 8 dates with 10 members for reported metrics.
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C Evaluation metrics

We follow conventional metrics computation for assimilation and forecasting performance. For a fair
comparison with the literature, evaluation is performed using WeatherBench2 [37]. For assimilation,
we average performance over the time steps.

C.1 skil

Skill is computed as the root mean square error of the posterior mean of an ensemble compared to
the ground-truth trajectory. F&¢ ensembles each consistingMf predicted state$ of resolution
H W, ground truthx, the skill of a single time step is computed as

\H/ X N N P
. 1 1 .
Skill = f W x}fj i k!jj’m
k=1 i=1 j=1 m=1

C.2 Spread

Ensemble spread is computed as the square root of the ensemble variance [38]:

T
P2
1 XXX 1 X qlam 1)Mk!‘3”
i i
KHW K=t is1 =1 M 1m=1 M el

Vv
u
u
Spread-= t

C.3 Spread-skill ratio

A well-calibrated forecast should have a (corrected for ensemble size) spread-skill ratio of 1, which is
a necessary but not suf cient condition. Ratios below one indicate overcon dent estimations. The
correct ratio is de ned as r

M +1 Spread

Ratio=  —o— g

C.4 Continuous ranked probability score (CRPS)

The CRPS [39] is de ned as

CRPS= ix( iXA iRem  xKjj _ 1 X
k=1 m=1

!
jiRlem R
m=1 n=1

The rst term penalizes the average divergence from the ground truth while the second term en-
courages spread. Therefore, the CRPS is lowest when the distribution of the ensemble matches the
ground-truth distribution. Note tHe; norm used, which means that in the deterministic case, this
reduces to the MAE.
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D Additional results

D.1 Power spectral density

Figure 3. Power spectral density across wavelengths for atmospheric variables at selected pressure
levels. Lines show median values and error bars indicate the 5th to 95th percentiles. The close
alignment between the curves demonstrates that both the autoencoder and the diffusion model preserve
the energy distribution across most spatial scales. Deviations begin to appear at wavelengths around
1000km, which corresponds to roughly 40 grid cells at our 0.25-degree resolution at the equator.
These differences become more pronounced at smaller scales, suggesting that while large-scale
atmospheric patterns are well-preserved, features spanning fewer than 40 grid cells show some energy
loss in the compression and generation processes. Deviations become more pronounced at lower
pressure levels, as the model prioritizes surface and low-altitude variables.

12



D.2 Physical consistency

To further evaluate physical consistency, we examine whether our model preserves important physical
relationships between variables. First, we analyze the consistency between two different estimators
of altitude at given pressure levels. Using the geopotentialtitude can be derived as
Re
H= ——°— 9
%Re 9)

whereR¢ is Earth's radius andy is the Earth gravitational acceleration at the surface. Alternatively,
the equation below (which relies on the ideal gas law and hydrostatic equation) relates altitude to
pressure and temperature as

Ppo _ Mgo "1 _

log o R o T @h; (10)
whereR is the universal gas constaM, is an approximation of the atmosphere's molar mpgsTh
are pressure and temperature at hefigtandpg, T are the theoretical pressure and temperature at sea
level. This integral can be approximated to exttdctising several assumptions about the temperature
pro le. When comparing these two estimators, Figure 4 shows that our generated samples maintain
the same systematic difference$i as seen in ground-truth data. This remarkable consistency
indicates that our model successfully preserves this physical relationships between temperature,
pressure, and geopotential, allowing altitude to be estimated through two independent methods with
nearly identical accuracy to the original ERA5 data.

Second, we examine the geostrophic balance

@ 4 Re .

Gx- N, Sin cosug
@ 2 Re .

—_— = sSin v

@y Ny g

which is the theoretical equilibrium between pressure gradient forces and Coriolis forces that governs
large-scale atmospheric motion. In the above systeisithe latitudeN, andNy are the number

of pixels along longitude and latitude, is the magnitude of the Earth's angular velocity, ad

andvy denote the eostrophic components of the wind. In this balance, in the absence of vertical
motion, friction, and isobaric curvature, wind direction should be perpendicular to geopotential
gradients, with wind speed proportional to gradient magnitude. This relationship can be expressed by
comparing two quantities: (1) the angldetween wind and geopotential gradients, which should
approach 99in geostrophic conditions, and (2) the correlation between wind speed magnitude and
geopotential gradient magnitude, which should approach 1 in perfect geostrophic balance. Figure 4
shows that our generated samples accurately reproduce both aspects of this relationship. At 500 hPa,
the approximate level of non-divergence with minimal surface friction effects, both ERA5 data and
our generated samples show angles concentrated aro@nN&&r the surface at 1000 hPa, where
additional forces become signi cant, both datasets show a systematic deviation in angle. Similarly,
the correlation between wind speed and geopotential gradient magnitudes in our samples closely
matches the patterns observed in ERA5 data, exhibiting imperfect correlation only at lower pressure
levels (explained by the level-weighted training) and following the same decreasing trend as pressure
increases toward the surface, where ageostrophic components become more prominent.

These results demonstrate that our latent diffusion model not only preserves the statistical properties
of atmospheric elds but also maintains important physical relationships between variables producing
trajectories that are physically consistent and realistic. While these analyses con rm strong spatial
consistency and physical delity, future work should extend our evaluation to more thoroughly
qguantify the temporal consistency of generated trajectories.
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Figure 4. Physical consistency analysis of generated atmospheric states. (Top row) Analysis of altitude
consistency at 500 hPa showing the differendé between two independent altitude estimators, and
geostrophic balance assessment through the cosine and sine of the lagigleen wind direction and
geopotential gradients, demonstrating angles concentrated aroun@e@om row) Same metrics

at 1000 hPa demonstrating the presence of a signi cant ageostrophic component near the surface.
(Right) Correlation coef cient between wind magnitude and geopotential gradient magnitude across
pressure levels, showing strong correlation at upper levels (near 1) with a consistent decrease toward
the surface in both ERAS data (blue) and generated samples (black dots), con rming Appa's ability
to capture complex physical relationships.

D.3 Quantitative evaluation

D.3.1 Compression error

Figure 5. Signed reconstruction errors for surface variables (top) across all grid points and atmospheric
variables (bottom) across all pressure levels. Shaded gray area for surface variables corresponds to
error spread. In both cases, the concentrated distributions centered around zero demonstrate unbiased
and precise predictions. Givg21 1440 = 1,038 240grid points, &D:01%fraction on the y-axis
corresponds to approximately 100 grid points, indicating that large errors are rare.
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D.3.2 Additional variables

Figure 6. Quantitative evaluation of reanalysis, Itering, and forecasting for additional representative
variables. (Left) Skill score and (Right) Continuous Ranked Probability Score (CRPS). Reanalysis
scores are averaged over assimilation windows, while Itering reports the last reanalyzed state.
Both improve with longer windows. Forecasts gradually lose skill over lead time but remain above
persistence and unconditional baselines.
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D.3.3 Spread and spread-skill ratios

Figure 7. Quantitative evaluation of reanalysis, Itering, and forecasting. (Left) Spread and (Right)
Spread-skill ratio for representative variables. Reanalysis scores are averaged over assimilation
windows, while Itering reports the last reanalyzed state. Ensemble spread decreases with longer
windows, while ratios remain fairly unchanged. A ratio below one indicates overcon dence.
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D.4 Qualitative snapshots

In Figures 8 to 13, we display decoded sampled trajectories generated through reanalysis over a
window of three days as well as through observational forecasting initialized from reanalyzed states,
for six representative variables. The second row of each gallery shows the observed pixels, if the state
was observed. Each mask is displayed as the corresponding variable was observed during inference,
i.e., as ground stations for surface variables and satellite scans for atmospheric variables.

Figure 8. Reconstructed sampled trajectories for surface temperature assimilation. (Top) Reanalysis
over a window of 72 hours. (Bottom) Observational forecasting over 3 days initialized with the last
12 states of an assimilation over 24 hours.
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Figure 9. Reconstructed sampled trajectories for surface eastward wind speed assimilation. (Top)
Reanalysis over a window of 72 hours. (Bottom) Observational forecasting over 3 days initialized
with the last 12 states of an assimilation over 24 hours.

18



Figure 10. Reconstructed sampled trajectories for surface northward wind speed assimilation. (Top)
Reanalysis over a window of 72 hours. (Bottom) Observational forecasting over 3 days initialized
with the last 12 states of an assimilation over 24 hours.
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