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Abstract

The generation of initial conditions via accurate
data assimilation is crucial for weather forecast-
ing and climate modeling. We propose DiffDA as
a denoising diffusion model capable of assimilat-
ing atmospheric variables using predicted states
and sparse observations. Exploiting the similar-
ity between a weather forecasting model and a
denoising diffusion model dedicated to weather
applications, we adapt the pretrained GraphCast
neural network as the backbone of the diffusion
model. Through experiments based on simulated
observations from the ERAS reanalysis dataset,
our method can produce assimilated global atmo-
spheric data consistent with observations at 0.25°
(~30km) resolution globally. This marks the high-
est resolution achieved by ML data assimilation
models. The experiments also show that the initial
conditions assimilated from sparse observations
(Iess than 0.96% of gridded data) and 48-hour
forecast can be used for forecast models with a
loss of lead time of at most 24 hours compared
to initial conditions from state-of-the-art data as-
similation in ERAS5. This enables the application
of the method to real-world applications, such as
creating reanalysis datasets with autoregressive
data assimilation.

1. Introduction

Weather prediction plays an important role in our daily life.
Due to uncertainties in the prediction process, predicted
weather will inevitably deviate from actual weather. It is
necessary to “pull-back” the predicted weather state via
data assimilation, to align it with observations from weather
stations and satellites. Practically, as Figure 1 shows, data
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Figure 1. Diagram of a numerical weather forecasting pipeline. It
consists of data assimilation, simulation and post-processing. Data
assimilation produces gridded values from sparse observations and
predicted gridded values from previous time steps. Simulation
takes in gridded values and produces predictions in gridded values
at future time steps. Post-processing improves prediction so that it
is closer to future observations.

assimilation generates initial conditions for weather sim-
ulation models using predicted weather states and sparse
observations from various locations. The quality of these
weather simulation models depends heavily on data assim-
ilation, as errors in initial conditions are one of the main
sources of forecast error (Bonavita et al., 2016). Addition-
ally, data assimilation is employed in creating reanalysis
datasets, which contain reconstructed historical weather
variables as gridded fields. These reanalysis datasets play
a central role in weather and climate research (ipc, 2023;
Hersbach et al., 2020), and are essential for the training
of ML weather forecasting models (Pathak et al., 2022; Bi
et al., 2023; Lam et al., 2023).

Various data assimilation methods have been developed and
employed to address different characteristics of observation
data and system dynamics. Among these methods, varia-
tional data assimilation and the ensemble Kalman filter are
the most widely used methods in operational data assimi-
lation (Bannister, 2017). The variational method solves an
optimization problem by minimizing a cost function that
measures the discrepancy between simulations and obser-
vations. It requires multiple iterations in which linearized
observation and evolution functions are evaluated to com-
pute the gradient of the cost function. The linearized and
original versions of observation and evolution functions are
often implemented separately. This adds overhead because
the linearized functions have similar code complexity as the
original functions, and a lot of effort has to be invested in
maintaining the consistency of the original and linearized
code. The ensemble Kalman filter method updates the state
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Figure 2. Architecture of the diffusion-based data assimilation method. We take advantage of the input and output shape of the pretrained
GraphCast model, which takes the state of the atmosphere at two time steps as input. In each iteration of the denoising diffusion process,
the adapted GraphCast model takes the predicted state and the assimilated state with noise, and further denoises the assimilated state. To
enforce the observation values at inference time, The denoised state is merged with interpolated observations using a soft mask created by

softbleeding the hard mask derived from the original observations.

estimation according to the covariance matrix calculated
from ensemble simulations. Both approaches are compu-
tationally intensive as one requires multiple optimization
iterations and the other requires multiple ensemble simula-
tions.

Data assimilation tools are becoming a bottleneck in the sim-
ulation pipeline. While traditional data assimilation meth-
ods are sufficiently competent in operational weather fore-
casts (Bonavita et al., 2016), but their high computational
and development costs restrict broader adoptions, making
them tightly coupled with a specific numerical weather fore-
casting code. This restriction becomes more evident since
the explosion of ML weather forecasting models (Pathak
et al., 2022; Lam et al., 2023; Bi et al., 2023). Those mod-
els claim to be a replacement of the traditional models by
achieving competitive or even superior accuracy compared
to the best operational model while being orders of mag-
nitude faster. Ironically, they cannot independently make
forecasts as they are all trained and evaluated on the ERAS
dataset (Hersbach et al., 2020) which is produced by the
traditional data assimilation method together with the nu-
merical forecast model.

In a probabilistic view, data assimilation can be formulated
as sampling from a probability distribution of atmosphere
states conditioned on observations and predicted states (Law
et al., 2015; Evensen et al., 2022). Capable of solving this
conditional sampling problem, denoising diffusion mod-
els (Ho et al., 2020) naturally become a tentative choice
for data assimilation. Moreover, the blooming community

of diffusion models provides an arsenal of techniques for
enforcing conditions of different kinds. In particular, con-
ditioning techniques for in-painting (Lugmayr et al., 2022;
Song et al., 2020) and super-resolution (Saharia et al., 2022;
Chung et al., 2022) are of special interest, because they
are similar to conditioning of observations and predicted
states respectively. This denoising diffusion model approach
has been applied to relatively small-scale data assimilation
problems (Rozet and Louppe, 2023a;b; Finn et al., 2023;
Andry et al., 2023), but none can assimilate data with a
resolution comparable with the ERAS dataset (0.25° hori-
zontal resolution), limiting their use with ML forecast mod-
els. Similarly, the denoising diffusion techniques have been
applied in weather forecasts (Price et al., 2023) and post-
processing (Mardani et al., 2023; 2024; Li et al., 2023) with
either limited resolution or limited region.

In this work, we propose a new approach to data assimila-
tion based on the denoising diffusion model with a focus
on weather and climate applications. We are able to scale
to 0.25° horizontal resolution with 13 vertical levels by uti-
lizing the ML forecast model GraphCast (Lam et al., 2023)
as the backbone of the diffusion model. As we do not have
real-world observations available from the ERAS dataset,
we are using grid columns of the ERAS reanalysis dataset
as proxies for observations. During training, the diffusion
model is conditioned with the predicted state, i.e., the atmo-
spheric state produced by the forecast model from earlier
initial conditions. During inference, we further condition
the model with sparse column observations following Re-
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paint (Lugmayr et al., 2022). In addition, we use a soft masksteps, resulting in an isotropic Gaussian noise vector

and interpolated observations to strengthen the conditioiN (0;1). We denote the state vector at physical time step

ing utilizing the continuity of atmospheric variables. The i and diffusion step with x! . We writex] whenever the

resulting assimilated data can converge to the ground trutitatement is independent of the physical time step. Note

eld when the number of simulated observation columnsthat the diffusion stepp and the physical time steipare

increases. More importantly, the assimilated data can beompletely independent of each other.

used as inputs to the forecast model at a loss of lead timE e . e

i . or each diffusion step, the diffusion process can be seen

not exceeding 24 hours. We also test the autoregressive data ; . L .
S X ; -:as sampling from a Gaussian distribution with a mean of

assimilation to generate a reanalysis dataset given a serigg 3amp

. o . 1 ;x} 1and covariance matrix of; | :
of observations and an initial predicted eld. ! )

o p _
Our key contributions are: pOdix H=NC 1 ) ) 1)

where ; > 0Ois the variance schedule.

1. We demonstrate a novel ML data assimilation methodA denoising diffusion model is used to predict the mean

capable of assimilating high resolution data. The as-, = ;. g an . dtop N
S . . ._ofx! *givenx! andj with the following parameterization:

similated data is ready for weather forecasting applica- X

tions.

o o (x al)—pli X 917 (x10) 73
2. We create data assimilation cycles by combining our j i

method with an ML weather forecasting model. The
resulting reanalysis dataset is consistent with the give

observations.

here are the trainable parameters, = st:l @ ).
hen, xi 1 can be sampled fromp(x! ijxi) =
N(C (X3)); 11 j,- L 1) to reverse the diffusion process.
3. We build our method using a neural network backboneapplying this procedur® times fromxN N (0;1), we
from a pretrained ML forecast model. It is easy t0 can generate® which follows a similar distribution as the

upgrade the backbone with any state-of-the-art modegmpirical distributiorD of the training data.
due to the exibility of our method.

During training, we minimize the following loss function:

2. Method L()=E uanixop : N (o) K (K2
2.1. Problem Formulation Note that x! can be expressed in closed form as
xl = " 5x%+ 7 (1 ), because the diffusion pro-

The goal of data assimilation is to reconstruct atmospherigess applies independent Gaussian noise at each step, and
variables on a xed grid witm grid pointsx; 2 R" atphys-  thusp(x/jx%) = N (" 7x% @  )I).
ical time step givenm measurementg; = f(x;);yi 2 ) " L
R™;x, 2 R" wherex; is the ground truth of atmospheric With the unconditional denoising diffusion model above, we
L | ] e . . .
variables on grid points at time stép In addition, esti- 2dd the conditioning of predicted staend observatioy
mated values on grid points = F(x; 1) produced by separately according to their characteristics.
the forecast modef : R" ! R" are also provided as o _
one of the inputs. In a probabilistic view, data assimilation2-3- Conditioning for Predicted State

samples from a conditional distributiqixij&i;yi) which  gilizing the fact that the predicted statehas the same
minimizes the discrepancy betweepandx; . To simplify  ghape as the diffused staté, it is convenient to add the
the probliamf IS “in'ted to a sparse linear observation op-preicted state as an additional input for the (reparameter-
eratory; = f(x )= Ax whereA is a sparse matrix with  j;¢4) giffusion model denoted as(x! ; %; ) (Saharia et al.,
only one nonzero value in each row. In real-world cases;n»2) The underlying neural network can concaterate
this simpli cation applies to point observations such as teMynq4 in their feature channels without changing its archi-
perature, pressure, and wind speed measurements at weathgttre as shown in Figure 2.
stations and balloons.

Since (and ) is dependent on the predicted state
2.2. Denoising Diffusion Probabilistic Model %, the reverse diffusion process becomes sampling from
p(x} Lixi;R)= N( (X);R:)); ’jl i1). Therefore,

The denoising diffusion probabilistic model (DDPM) iS @ o yenerates® is sampled from the conditional distribu-
generative model capable of sampling from the probabilistic[ion p(x%8) = p(x" )@N pOd 1jxi %)
distribution de ned by the training data (Ho et al., 2020). It =1 T

is trained to approximate the reverse of the diffusion proces$his method requires sampling pairs »f and % dur-
where noise is added to a state veot®duringN diffusion  ing training. This can be realized by sampling two
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statesx; ;;X; with consecutive physical time steps from
training data, and then apply the forecast model to get
the predicted state at physical time ®; = F(X; ;).
Afterwards, the sampled ground truth state is dif-
fused with a random numbér 2 [1;N] steps. This
process is implﬁmented with the closed form formula

xt= U x k@ g); N (0;1). Finally, we  Figure 3.Creating a soft mask from a hard mask using softbleed.
take a gradient descent step based ok (x};Ri5))K? Softbleed performs arfax, )-convolution over the Gaussian ker-
to train the diffusion model. nel and the hard mask.

With the conditioning on the predicted state alone, we can
already perform denoising diffusion steps using the trainedqyuide diffusion results to the observed values, it performs
model , resulting inx®  p(x°R). This means we cor- poorly in practice because only the values at the observation

rected, or in other words, “post-processed” the predictionsocations are forced to the given values while other values

R to be closer to the ground truth state. remain unchanged as in the unconditional scenario. This
likely relates to the encoding-process-decoding architecture
2.4. Conditioning for Sparse Observations commonly used in diffusion models: the encoding and de-

o ) _ coding layers employ pooling to downscale and upscale in
The conditioning for sparse observations poses a differen§patial dimensions. While it helps to condense information
challenge than the conditioning on the predicted state. Thgnd reduce calculations, it also smears out local details. As

sparse observatioryshave a variable lengtim as opposed 3 result, the added conditioning information is often lost
to a xed lengthn, and the data assimilation results are qyring this process.

invariant to the permutation of thra elements iry. This

requires a dedicated design in the neural network if we wan{Ve tackle this issue using a “soft mixing” instead of a hard
to directly condition  with y as before. Even ifwe nda ©On€. In the soft mixing, we replace the hard mask with
solution to implement that, the trained diffusion model will & SOft maskms by applying softbleeding tm, (Figure 3)
have a generalization problem because the possible inpifith standard deviationg (for the Gaussian kernel), and
space spanned ¥, %, andy is too large and hard to dlameterd. The softbleed process mimics the Gaussian
thoroughly sample during training. blurring _but replaces the convolutlon_ Wlt_h thmgx, )-
convolution to ensure the 1-valued points in the hard mask
To avoid those iSSUeS, we follow inpainting techniques (Lug'remain the same in the soft mask. The Support regicrn pf
mayr et al., 2022; Song et al., 2020) to enforce the condiyhere its values are larger than 0) is larger than the support
tioning on the sparse observations at inference time. Let Ugegion of the observed values. As the atmospheric vari-
start with a simple approach rst. It creates a hard maskgp|es are relatively continuous over space, we interpolate
mp 2 f0;1g" to indicate which grid columns of the atmo- the observed values to Il the support regionrof,. There
spheric state are observed, where a 1 means the associajg@pundant exibility in choosing interpolation algorithms.
value inx is observed iry and vice versa. The mask e use the universal kriging interpolation algorithm pro-

equals the sum of the columns of the observation matrixjged in thepviNTERPpackage. In summary, the inference
A 2 R" ™ wherey = Ax . During the inference of the jteration becomes:

diffusion model, a state vector with white Gaussian noise is

created and gradually denoised by the denoising diffusion ms = Softbleedmy; c;d)
model. However, withy present, we have better knowl- x 9= Interpolatém;,  x ;d)
edge of the observed locations in the state vector: values i1 P—7 o i1
can be produced by a forward diffusion process from the Xiown N (1 x5 (1 ) 3)
observation data. We can use the magkto treat the two i1 N ( (Xj 0): 1 j 1 N
parts separately and combine them in each iteration of the = uknown R S !
denoising process (Figure 2). x 1= myg X]kno:\LNn+ 1 my) X{mklnom
j 1 P T 1y - i1
Xknown N (1 x50 " In addition, we also applied the resampling technique
Xjunklnown N ( (X)) 1 5 ) from (Lugmayr et al., 2022) to further reduce the incon-
1 sistency between the known part and unknown part. For
xi 1= my XLHO::-NH-‘- 1 myp) xiunkiown each denoising iteration, the resampling technique repeats

the iterationU times by adding noise ' ! to createx!
Here, denotes point-wise multiplication used to Iter ob- following (1) and repeating the denoising step (3). The over-
served and non-observed values. Although this method caall algorithm of applying the denoising diffusion model for

4
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data assimilation is presented in Algorithm 1. and 4 surface variables (2m temperature, 10m u-wind, 10
v-wind, mean sea level pressure), with a horizontal resolu-
Algorithm 1 Data assimilation (inference) tion of 0.25 and 13 vertical levels (50hPa, 100hPa, 150hPa,
Input: predicted state&, hard mask of observatioms,,, 200hPa, 250hPa, 300hPa, 400hPa, 500hPa, 600hPa, 700hPa,
observation values at grid points, x (created from 850hPa, 925hPahPa, 1000hPa). This matches the resolution
observation vectoy, and observation operatér), co-  ©Of the WeatherBench2 dataset (Rasp et al., 2023) used by
variance schedulej;j = 1; ;N, Gaussian kernel state-of-the-art ML weather forecasting models. We use the
standard deviationg, Gaussian kernel diametdyscal- ~GNN-based GraphCast model as the backbone of the diffu-
ing factors for de-normalization sion model because the pretrained model takes in states at

Output: x  p(xjR;y) two consecutive time steps 1; X; to predictx;.y . It takes

mg = Softbleedmy; ¢;d)
x %= Interpolat¢m;, x ;d)
xN N (0;1)
for jin N; ;1do
CONDIT}ONING FOR PREDICTED STATE
i~ e 1 s)
s=1
XJunklnown: P 11 | x! 3117] (XJ ;k;j)
x|t N Ot St 1)

unknown unknown; 1
CONDITIONING,PFOR SPARSE OBSERVATIONS

i1 f 0. j 1

X_known N (] x5 . )l)

1 - i1 i1
X! = Ms Xknown + (1 m S) X unknown
end for

much less effort than other forecast models to re-purpose
itto (x!;%i;j) given that there is one-to-one matching
between(x; 1;xi;Xi+1) and(®i;x!:x} 1). Asis deter-
mined by the pre-trained GraphCast model, the inputisize
issetto(6 13+4) 721 144Q

The diffusion model is implemented with th&ax li-
brary (Bradbury et al., 2018pFFUSERSlibrary (von Platen

et al., 2023), and the of cial implementation of GraphCast.
We use the AdamW optimizer (Loshchilov and Hutter, 2018)
with a warm-up cosine annealing learning rate schedule that
starts from10 °, peaks atl0 “ after 1/6 of total training
steps, and ends 8t 10 °. We perform data-parallel train-
ing on 48 NVIDIA A100 GPUs with a (global) batch size

of 48 for 20 epochs. Gradient checkpoints are added in the
GraphCast model to reduce the GPU memory footprint. The
training takes approximately 2 days. All the inference is
performed on a single node with one A100 GPU, which

] o ) produces an assimilated state in around 15 minutes.
Our method provides a lot of exibility in the selection of

the neural network structure for(x!;%;;j) : R" R"

N* ! R" as any neural network that matches the function
signature will work. Howevem can be tens of millions We use the WeatherBench2 dataset as the rst part of the
in practice, rendering many neural network architecturedgraining data. The dataset contains values for our target at-
infeasible due to resource constraints. A neural networknospheric variables from 1979 to 2016 with a time interval
must utilize the spatial information in the state vectdo  of 6 hours extracted from the ERAS reanalysis dataset. The
learn ef ciently. training process uses data from 1979 to 2015. Validation

Instead of creating a new architecture. we adaot a roveHseS data in 2016 and testing uses data in 2022. The second
9 ' ptap art of the training data is generated by running 48-hour

ML weather forecasting model architecture. Such model raphCast predictions (with 8 time steps) using the data

.y : en | n. + "y
have a similar signaturB®" | R";c 2 N* as the dif from ERADS as initial conditions. Then, the two parts are

fuesrlfc())?rr:nv?/gﬁli.n[f)grz(t:c;;gﬁ S;r;ga{étﬁlggggabvrjlt Y:f’t';]kes ég?;paired up according to their physical time. Before feeding it
P 9 to the model, the input data is normalized using the vertical-

as_5|m|lat|on _tasks, ar_ld itis likely to take fewer training Step.slevel-wise means and standard deviations provided by the
using pretrained weights of the forecast model when train-

ing the diffusion model. Moreover, we can easily update thepre-tramed GraphCast model. The output of the model is

e ) de-normalized using the same means and standard devia-
backbone of the diffusion model with the state-of-the-arty o “gince the predicted stakds close to the ground truth
weather forecasting model.

X , we add a skip connection fromto the de-normalized
model output. For the autoregressive data assimilation ex-
periment, we train an additional data assimilation model
dedicated for 6-hour forecasts.

x =%+ s xO (apply skip connection)

2.5. Selection of Diffusion Model Structure

3.2. Training Data

3. Experiments
3.1. Implementation

We demonstrate our method in a real-world scenario con-
taining 6 pressure-level variables (temperature, geopoten-
tial, u-wind, v-wind, vertical velocity, speci ¢ humidity)

5
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3.3.Treatment of Conditioning for Sparse Observations  autoregressivelata assimilation, where a 6h prediction and

Ack ledaing th itidi ional nat fthe stat data assimilation cycle is run repeatedly. We design this
cknowleaging the multidimensional hature otthe state vecy xperiment to test whether the assimilated data will deviate

Lorriazn%hﬁlt rrro:t |rtn %teor:éﬂgltci:tal dobssvrvatmir;srare i(i;)-llci) C%teﬁom the ground truth data after several autoregressive iter-
orizontally (longitude and latitude), we opt for a simpli e ations, which is crucial in real-world applications. Lastly,

setting in the conditioning of sparse observations. In thi§Ne designed an experiment to compare the 48-hour forecast

fﬁ;S?SLOHJTE&bSS;\éa\ZOCTs: Sv?émis; Tzlsgﬁgsmi?gasc%f based on assimilated_ dfata. and ERADS data and eval yate the
column:v 2 RG 13+ m \We set Gaussian kernel stan- effeq of the data aSS|m|_Iat_|oq method on tbaacast;knl.

Y s . For single-step data assimilation and forecast on single-step
dard deviation  to 2.5 according to the ablation study and data assimilation, we run 16 parallel experiments with in-

rhernel_slla;\netked t0|4 e+l (ll‘!s'g? nul;nber cf[f grid cteclll_?ras Euts from different time steps and different random seeds.
| te.tug' ): S ernelsgre_;\]pp \ed to Of |S'?':V3 lons a d'l erten or each experiment, we calculate the assimilation errors
attudes, g 1S scaled with cosine of 'atitude according to against the ERAS dataset in root mean square errors (RM-

the sphere geometry. The mask is simpli ed to a 2D maSkSEs) and then present the averaged RMSEs in the results.

721 1440 H H H H
vrck? r21 5 i in:NvCiICh :rs] l?trioieildcgs; tvc\)/i%t?ﬁ r d;rqer:/smpsr For the autoregressive data assimilation, we run each exper-
en doing point-wise muttiplicatio € staleé VEClor;,ant once due to the limitations of computation resources.

in Equation (_3)' Interpolation Is also ap_plied independentlyln all the experiments, observations are simulated by taking

overtsD hquzontlell(l _sh_ces_ f(t)r ealcr:_varlabtlﬁ ?jnd Ie\_/gl. dvt\)/erandom columns from the ERAS dataset considered as the

;Jhse € universa K rlglntg n erpol allotn mel to pr?w f g'ground truth. We vary the number of observed colummns
€PYINTERPpackage 1o properly Inlerpolate unstructured; , 4, experiments to test the convergence property of our

data points on the sphere. The data points are subtracted Mita assimilation method

climatology values from WeatherBench2 to conform to the '

prerequisites of kriging interpolation.

3.4. Experiment Settings and Results

Figure 5.Root mean square errors (RMSEs, shown by the numbers

in the cell) of geopotential at 500hPa, temperature at 850hPa, and
temperature at 2m from the single-step assimilated data, and from
6-hour to 48-hour GraphCast forecasts. The errors are calculated
against the ERAS data. The cells are color-coded with the RMSEs

relative to the 48-hour forecast errors.

Figure 4.0verview of the experiment settings. Single-step data o . )

assimilation takes in observations and a 48h forecast, and outpui@ingle-step Data Assimilation In this experiment, we
assimilated data at Oh. Autoregressive data assimilation combinggerform data assimilation from a 48-hour prediction using
a data assimilation model and a 6h prediction model to producé&raphCast and columns of observations ranging from 1,000
assimilated data every 6h autoregressively. It is also of interest tto 40,000, then calculate the RMSE errors between the
perform 48h forecasts on single-step assimilated data. Hexagorsssimilated data and the ERAS data. Finally, we compare

represent atmosphere states, black arrows represent data assimi}@e errors against GraphCast forecast errors with 6-hour to
tion, brown solid arrows represent 6-hour prediction, brown dashegig_hour lead times.

arrows represent 48-hour prediction, hexagons with dashed edges

and sparse points represent sparse observations, and wide arroh8e result is presented in Figure 5 where we pick three rep-

point out targets and references to compare in each experiment.resentative variables closely related to forecast skills (Ashk-
boos et al., 2022; Rasp et al., 2020) including geopotential

We demonstrate the effectiveness of our method by performat 500hPa (z500), temperature at 850hPa (t850), and temper-

ing real-world inspired experiments of increasing sophistiature at 2m (t2m) as the target variables. More results can

cation (Figure 4). First, in theingle stepexperiment, we be found in subsection A.2. Generally, assimilation errors

perform data assimilation on 48-hour forecast and observalecrease as number of observed columns increases. With

tion data, then directly compare the assimilated data witl,000 observed columns: (0:4% total data), the assimi-

the ground truth. Second, we evaluate our method withated data achieves lower RMSEs than the input 48-hour

6
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forecast for all three variables. The errors further decreasand the other dedicated to 6-hour forecast inputs. In the
as the number of observed columns increases. On the othdata assimilation cycle, two strategies of sampling the sim-
side of the spectra, with 40,000 observed colum8©%  ulated observation columns are used. One is to sample the
total columns), the RMSEs of z500 and t2m are lower tharcolumns at the same locations (Figure 7). The other resam-
the 6-hour forecast error. ples data at different locations in each iteration (Figure 8).
As a case study, we present the assimilated t850 with 800-6he stra_\teg|es help _esymate the performance in r_eal-world
A L cases since the reality is the mix of the two strategies where
observed columns in Figure 6. The assimilated data have

lower errors than the two inputs of data assimilation (48hsome observations are measured at the same locations, such

forecast and interpolated observations). It is also better thaf)> weather stations and geostationary satellites, while loca-

X - o . ions of other observations change with time. We evaluate
simply mixing forecast with interpolated observations. In

s . : ; . the autoregressive data assimilation result similar to the
addition, the assimilated data introduce ne grained details_~ ° : S
X . i . previous experiment. We compare the assimilation errors
which helps in recreating high-frequency spectral compo: . : . . .
. : against errors of interpolated observations which gives a

nent lost during autoregressive forecast.

baseline for assimilated data.

We observe distinct patterns for xed and non- xed sam-
pling strategies in the results. With xed sampling (Fig-
ure 7), the errors accumulates as the autoregressive data as-
similation proceeds especially for fewer observations cases.
The assimilation errors of z500 stabilize after several itera-
tions and remain lower than the interpolation error. Mean-
while, assimilated t850 and t2m start from low errors and
their errors grow gradually until exceeding the interpola-
tion errors. In particular, our model struggles to assimilate
t2m, where assimilated t2m deteriorate quickly and reach
to higher error levels than interpolated observations. In
contrast, the non- xed sampling strategy shows a slower
error accumulation rate than xed sampling (Figure 8). The
assimilation errors of z500 and t850 remain lower than
interpolation errors of observations throughout the autore-
gressive assimilation process. However, it is not the case
for t2m where assimilation errors exceed interpolation er-
rors after a few iterations. This is likely due to the lack
of four dimensional assimilation which can improve accu-
racy and stabilize the temporal roll out. We are working on
four dimensional assimilation extension to our method and

) o eventually target for assimilating real-world observations.
Figure 6.Plots of assimilated temperature at 850hPa and errors

against ERA5 compared with 48h GraphCast forecast, interpolated

observations, and mixture of 48h forecast and interpolated obsef-orecast on Single-step Assimilated Data Since assimi-

vation according to the soft mask. The assimilated data is bettdated data are often used as the input of weather forecasts, it

in accuracy than both inputs. It also introduces more ne grainedis important to test the forecast errors using our assimilated

details than 48h forecast. data. In this experiment, we perform data assimilation at 0
hour, perform a 48-hour prediction using GraphCast, and

. L . then compare the resulting errors against the forecast errors
Autoregressive Data Assimilation In an operational sys- . : . ; ;
with varying lead times using ERAS as inputs.

tem, data assimilation is performed in an autoregressive
way: assimilated data from previous time steps are useAs the scoreboard plot in Figure 9 shows, results from this
for producing forecast at the next time step, which is inexperiment reveal that the 48-hour forecast errors using
turn used for assimilating data at that time step. Followingassimilated data inputs gradually converge to the 48-hour
this setting, we perform an autoregressive data assimilatioforecast errors using ERA5 inputs. More results can be
cycle: it starts from a 48-hour forecast at 0 hour, performgound in subsection A.3. The errors using assimilated data
data assimilation at 0 hour, then performs a 6-hour forecastannot be lower than using ERA5S inputs because the ERA5
at 6 hour, and repeats the data assimilation — 6-hour forecadiata are used to simulate observations in the experiment.
cycle autoregressively. We train two separate diffusion modHowever, this setup allows us to compare the forecast errors
els for this task, one dedicated to 48-hour forecast inputagainst ones with longer lead times to determine the extent
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