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ABSTRACT

Triggered by the realization that Al emulators can rival the performance of tra-
ditional numerical weather prediction models running on HPC systems, there is
now an increasing number of large Al models that address use cases such as fore-
casting, downscaling, or nowcasting. While the parallel developments in the Al
literature focus on foundation models — models that can be effectively tuned to
address multiple, different use cases — the developments on the weather and cli-
mate side largely focus on single-use cases with particular emphasis on mid-range
forecasting. We close this gap by introducing Prithvi WxC, a 2.3 billion parameter
foundation model developed using 160 variables from the Modern-Era Retrospec-
tive Analysis for Research and Applications, Version 2 (MERRA-2). Prithvi WxC
employs an encoder-decoder-based architecture, incorporating concepts from var-
ious recent transformer models to effectively capture both regional and global
dependencies in the input data. The model has been designed to accommodate
large token counts to model weather phenomena in different topologies at fine
resolutions. Furthermore, it is trained with a mixed objective that combines the
paradigms of masked reconstruction with forecasting. We test the model on a
set of challenging downstream tasks namely: Autoregressive rollout forecasting,
downscaling, gravity wave flux parameterization, and extreme events estimation.

1 INTRODUCTION

Deep learning is increasingly transforming weather applications by delivering highly accurate fore-
casts with reduced computational costs compared to traditional numerical weather prediction meth-
ods (Bi et al., 2023 [Lam et al., 2023 Mukkavilli et al., [2023)). Unlike the traditional physics-based
approaches, deep learning models do not directly simulate the underlying physics. Instead, they
capture this through probability distributions derived from model training, a method adapted from
natural language processing and computer vision. This technique has proven surprisingly effective
in approximating complex physical systems such as the weather. However, most current deep learn-
ing models for weather are task-specific forecast emulators, which focus solely on the forecasting
problem. (See, however, Koldunov et al.| (2024)).) Key examples include FourCastNet (Pathak et al.,
2022)), Pangu-Weather (Bi et al.| 2022), GraphCast (Lam et al., [2022)), FengWu (Chen et al., |2023)),
Stormer (Nguyen et al., [2023b) and AIFS (Lang et al.| 2024). Machine learning models also show
promise for longer-term subseasonal-to-seasonal forecasts (Weyn et al., [2021)). Additionally, ML-
based approaches are being explored to enhance climate predictions (see Mansfield et al., 2023
Eyring et al.| [2024, for a review), with a focus on the development of ML-driven parameterizations
(Rasp et al., |2018}; Zhao et al., [2019} [Espinosa et al., [2022} [Yuval & O’Gorman, 2023; |[Henn et al.,
2024; Gupta et al.} 2024), bias corrections (Bretherton et al., 2022 |Gregory et al.,2024), and assess-
ments of climate change impacts (Davenport & Diffenbaughl [2021; |Diffenbaugh & Barnes| 2023
among others). There is fascinating emerging work that combines the strengths of the data-driven
and physics-based approaches (Kochkov et al., |2024; [Husain et al., [2024; Roy et al., [2024). Fi-
nally, there are further large, task-specific models for nowcasting (Andrychowicz et al., [2023) and
downscaling (Mardani et al.} 2024).

Looking beyond atmospheric sciences at developments in Al in general and language models in
particular, the last few years have been dominated by the emergence of foundation models. That
is, large Al models pretrained in a task-agnostic manner that can be effectively fine-tuned to ad-
dress a number of specific use cases. Despite the mirroring successes of large Al models in both
fields, applications of the foundation model principle to atmospheric sciences have been rare. Cli-
maX (Nguyen et al.,|2023a) and AtmoRep (Lessig et al., [2023)) considered problems ranging from
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nowecasting to downscaling and bias corrections; Aurora (Bodnar et al.l 2024)) focusses a number of
different forecasting problems.

To address this gap, we introduce Prithvi WxC, a large-scale foundation model for weather and cli-
mate applications trained on the Modern-Era Retrospective analysis for Research and Applications,
Version 2 (MERRA-2) (Gelaro et al.,[2017). Prithvi WxC is a transformer-based deep learning ar-
chitecture which combines ideas from several recent transformer architectures in order to effectively
process regional and global dependencies of the input data and to capture longer sequence lengths
of tokens. Moreover, the model is capable of running in different spatial contexts. In addition we
introduce a new pretraining objective that blends masking and forecasting.

The validation of Prithvi WxC extends from zero shot evaluations for reconstruction and forecasting
to downstream tasks such as downscaling of weather and climate models, the prediction of hurricane
tracks and atmospheric gravity wave flux parameterization.

2  PrITHVI WXC

Prithvi WxC has been designed to address several questions that arise when considering the meaning
of foundation models for atmospheric physics: Since weather models can run on the entire earth or
in a regional context, do we need specialized architectures for global and local problems? Do we
need to differentiate between models with zero and non-zero lead time? If we do consider tasks with
zero and non-zero lead time, what is a suitable pretext task for pretraining?

2.1 PRETRAINING OBJECTIVE

Forecast emulators are typically trained by predicting the state of the atmosphere X+ ¢ at time
t+ tgiven the state at times tandt  t. Some do so by directly regressing on physical quantities.
For most the output is the tendency X¢+ ¢ X¢. Foundation models for vision on the other hand
are frequently based on masked autoencoders (He et al.| |2022). This is notable since masking is a
natural pretext task for weather and climate as observational data is ungridded and sparse. Indeed,
note that the emerging literature on models working directly on observation makes heavy use of
masking (Vandal et al., 2024; McNally et al., [2024). Moreover, the forecasting task breaks down for
t = 0 while foundation model use cases satisfy no such constraint.

In the end our pretraining objective combines masking with forecasting. Moreover, while our lack
of constraints on t makes it impossible to predict tendencies, we generalize the objective of |[Lam!
et al.| (2022)) to another source of free information, namely Climatology. Instead of predicting the
difference from the current time stamp X, we model the deviation from historical climate at this
time, C¢. All in all, our pretraining objective is

M:f{M(JB(xt gal )-C‘“ St | (1)
c : y ] [t ] .

Here, ¥ is the model, %H t the prediction at time t + t, and are per variable means and
standard deviations (computed across space and time). (2: = %(Xt Cy) is the variance of the
historical anomaly; again computed across space and time. S are static inputs and tand  are the

time steps for the target and the inputs respectively. Finally, Mg.s denotes the masking operator.

2.2 DATA

We pretrain our model on 160 variables from the MERRA-2 reanalysis. Here, we use 3-hourly data
from 20 surface variables as well as 10 variables from 14 model native levels. In addition, we use
four static variables such as surface geopotential height and land fraction. See[A.T.T|for a complete
list of variables and levels. We train the model using data from 1980 to 2019. We validate with data
from one of the years in the 2020-2023 range, depending on task.

The climatology appearing in equation [T was computed using data from 2000 to 2019. We follow
the methodology of (Janousek, 2011) except that our climatology resolves the diurnal cycle. (See

appendix )
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Regarding normalizations, we found that leaving and ¢ in equation [T] unconstrained leads to
instabilities. This is essentially due to the large range of values we have, especially the anomalies in
the mass fraction of cloud liquid water QL at high model levels can be as small as 10 2. In light
of this we impose 10 4 10*and 10 7 ¢ 107. This mainly affects Q; and Q_ at high
levels.

2.3 ARCHITECTURE

At it’s core, Prithvi WxC is a 2D vision transformer. To keep it as flexible as possible, we aimed
not to use architecture elements that restrict to “rectangular” topologies for data. (Even though we
train on MERRA-2 data on a rectangular lat/lon grid, one can envision training or running inference
directly on Gaussian grids.) Vanilla ViTs would satisfy this requirement, yet do not scale to large
token counts. Considering the different flavors of scalable transformers we notice the findings of
“Hiera” (Ryali et al., |2023)). Here the authors show that it is possible to surpass the performance of
Swin transformers (Liu et al.,|2021) with a more flexible and simplified architecture. Turning back to
Al models for weather, Andrychowicz et al.| (2023)) made use of MaxViT (Tu et al., [2022)) leverages
axial attention. In the end, our core idea is that if we pretrain the model using only attention, we keep
the core of the model flexible and can add convolutions at fine-tuning time to increase performance
when suitable. We do so by joining the approaches of Hiera and MaxViT.
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Figure 1: Prithvi WxC core architecture elements and masking scheme. For simplicity the figure
ignores elements such as embedding and output layers as well as position encodings.

In detail, the only constraint we impose on the data is the ability to structure tokens into windows
— akin to Swin, Hiera and MaxViT. After tokenization, our data takes the shape (batch, windows,
tokens, features), where the second dimension enumerates windows and the third tokens within
each window. Subsequently we alternate attention within a window and across windows. Modulo
masking, the latter is similar to (Tu et al.,|2022). In what follows we will refer to attention within a
window as “local” and attention across windows as “global”. When masking, we can either mask out
entire global windows or individual tokens within a window. A byproduct of the latter is that global
attention no longer connects the same token in each window. For an illustration of the attention and
masking pattern see figure[I]

As shown in equation [I] the model has several inputs: To start, there are the dynamic inputs X,
Xt . These take the shape

T Ms+(MW L) H W=2 [20+(10 14)] 360 576=320 360 576:

T, L, H and W denote time, vertical level, latitude and longitude respectively. Vs and V|_ enumerate
surface and model level parameters. C¢+ take the shape 160 360 576 as there is the same
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