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ABSTRACT

Sub-seasonal to seasonal (S2S) weather forecasts are an important decision-making
tool that informs economical and logistical planning in agriculture, energy man-
agement, and disaster mitigation. They are issued on time scales of weeks to
months and differ from short-term weather forecasts in two important ways: (i) the
dynamics of the atmosphere on these timescales can be described only statistically
and (ii) these dynamics are characterized by large-scale phenomena in both space
and time. While deep learning (DL) has shown promising results in short-term
weather forecasting, DL-based S2S forecasts are challenged by comparatively
small volumes of available training data and large fluctuations in predictability due
to atmospheric conditions. In order to develop more reliable S2S predictions that
leverage current advances in DL, we propose to utilize the masked auto-encoder
(MAE) framework to learn generic representations of large-scale atmospheric
phenomena from high resolution global data. Besides exploring the suitability
of the learned representations for S2S forecasting, we will also examine whether
they account for climatic phenomena (e.g., the Madden-Julian Oscillation) that are
known to increase predictability on S2S timescales.

1 INTRODUCTION

Goal We aim to implement a self-supervised deep learning pipeline (50) that facilitates the encoding
and anticipation of large-scale atmospheric patterns including, but not limited to, the Madden Julian
Oscillation (51) and the Silk Road pattern (6), which are well-suited for the generation of explainable
S2S forecasts (34).

Potential impacts Extreme weather events are likely to increase in magnitude and frequency
under ongoing global climate change (37), in part due to seasonal weather dynamics, which are also
anticipated to intensify in the future (19). Reliable S2S forecasts (48; 43) can limit the impact of future
extreme events by informing decision-makers and stakeholders well in advance, allowing time for
appropriate mitigating measures to be adopted. The development of improved S2S forecasting systems
is, in fact, a vital part of climate change impact mitigation (1; 2), and our approach, if successful, can
potentially help stakeholders in agriculture, energy management, and disaster mitigation (28).

Climate background How one forecasts atmospheric dynamics depends mainly on the timescale
of interest. Forecasts up to approximately two weeks can be achieved by deterministic forward
simulation from initial conditions (26) and have been refined to impressive levels of accuracy (4).
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More recently, DL-based methods have produced forecasts on these timescales that rival or even
surpass the quality of physics-based numerical methods (29; 5). Longer timescales ranging from
several weeks to months and beyond, however, can not be addressed in the same fashion because
the chaotic behaviour of the atmosphere imposes an inherent limit on deterministic forecasts (31).
Instead, the long-term behavior of the atmosphere needs to be described in statistical terms (20),
as is done in probabilistic or ensemble-based forecasts. The complex interplay of atmospheric and
oceanic processes (18), however, leads to large variations in possible forecast horizons and associated
uncertainties. Identifying conditions which allow skillful forecasts, known as windows of opportunity
(34), is a key challenge for S2S forecasting.

Typical windows of opportunity often stem from large-scale modes of climatic variability, such as the
Madden-Julian Oscillation (MJO (33; 32)), the Northern Atlantic Oscillation (NAO (24)), and the
El Niño Southern Oscillation (ENSO), which have intra- to inter-annual periodicities that an S2S
forecast system would seek to utilize. Here, we consider the MJO, an oscillating convective system
that moves eastward along the equator and has a period of approximately 40—60 days (51). The
intensity and location of the MJO are closely related to the occurrence of extreme rainfall events over
India, the Maritime Continent, and South Asia (40). Moreover, these large-scale patterns are known
to offer a window of opportunity for S2S forecasts over Europe, Australia, and North America (34).

State-of-the-art and challenges Previous work on S2S forecasts utilizing DL has focused on global
temperature and precipitation (44), the occurrence of heatwaves (30; 25; 11), or climate indices like
the MJO index (13) and the Nino 3.4 index (9). Major obstacles when training DL models for
S2S tasks are the comparatively small number of available observations of S2S phenomena and the
intermittency of their predictability. The latter is not accounted for in standard DL tasks, which
means that, for a fixed lead time, all model errors will be treated the same, regardless whether skillful
forecasts were feasible or not, which may harm convergence (35). Mainly due to these issues, current
S2S-DL models are small (for DL standards) and often restricted to coarse resolution data.

Key idea Recent progress in Natural Language Processing (8; 14) has been primarily due to the
development of foundation models, i.e. large pre-trained models that are later fine-tuned to various
downstream tasks with little additional data (7). We believe that foundation models can drastically
improve DL-based weather forecasting (36), especially on S2S timescales, but the approach crucially
depends on the careful design of learning tasks that lead to useful representations. Previous work
on atmospheric self-supervised learning has utilized lead-time dependent tasks, either predicting
at a given lead time (36) or inferring the temporal distance between two atmospheric states (23).
Following our intuition that global teleconnection patterns (6) and large-scale modes of variability
are critical for S2S forecasts (34), we propose to utilize a pre-training task that incentivizes global
structure, rather than specific dynamics: masked auto-encoding (14; 21).

2 METHODOLOGY

Masked Auto-Encoding Masked auto-encoders (MAE) are trained to reconstruct data from a
corrupted input, a form of denoising (42), and have led to promising results in spatio-temporal
domains, such as videos (41; 17) or time-series (49). As a simple form of corruption, masking
replaces parts of the input e.g. patches of pixels or certain temporal windows with a learnable ‘mask-
token’ (21). The model is then tasked with reconstructing regions of the input that were masked. To
achieve this at high fidelity, the model is encouraged to exploit structural information in the input.
For example, the peaks and troughs of an atmospheric wave could be accurately inferred even if a
large part of the wave is masked out. Interestingly, best results on videos (17; 41) have been achieved
with extremely high (up to 95%) masking ratios, which drastically reduce the computational costs
associated with training on high-resolution atmospheric data.

Data Suitable atmospheric data is available from the ERA5 reanalysis dataset of observations from
1959—2022 (22) and the CMIP6 climate model runs (16; 39). For downstream validation purposes,
the S2S-database (43) offers access to a wide range of past S2S forecasts against which our model
can be compared. All input, for training and evaluation, will be based on anomalies - deviations from
the mean (climatology) computed with respect to the day of year at each spatial location - rather than
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absolute values. Anomaly time-series are commonly used in the atmospheric sciences e.g. when
computing climate indices (47) or modelling extreme events (6; 40).

Network architecture MAE as a framework is architecture agnostic, but models that utilize a
graph-like connectivity structure, such as Vision Transformers (ViT) (15) or Graph Networks (GNN)
(3) are ideal since they allow for easy application of masking schemes (21). The current state-of-the-
art models for deep learning-based weather prediction (5; 29; 38) are based on these architectures as
well. As a starting point, we intend to follow the work of (29) and (27) and implement our model as a
Mesh-GNN with multiple spatial scales.

Evaluation of learned representations Representation learning approaches are commonly evalu-
ated using linear probing (see e.g. (21; 12), in which the encoder model is held fixed while a simple
(linear) model is trained to map from the encoded features to an evaluation target. The evaluation
target should aggregate semantically important features and, in the context of representing large-scale
atmospheric phenomena, be independent of small-scale variations that are irrelevant for S2S forecasts.
Thus, we propose to evaluate the representations on climate indices which are used to describe major
modes of variability in the atmosphere. The spatial extension of the MJO, for example, is described
by a bivariate index (47) that is derived from the first two principal components of zonal winds at an
atmospheric height of 200 hPa and 850 hPa as well as from the outgoing long-wave radiation, which
is a proxy for convection and rainfall (46). We believe that linear probing on climate indices will be
an important first step to alleviate concerns with the interpretability of DL-based forecasts, which
remain a substantial open challenge (10), and strengthen the explainability of generated forecasts

Downstream application: S2S forecasts Foundation models are meant to bootstrap other task-
specific models, enabling them to effectively learn solutions to challenging problems. For our
method, we will use the S2S-AI-challenge (44), which focuses on 3—6 week forecasts of global 2m
temperature and precipitation. Performance will be evaluated by the Ranked Probability Skill Score
(RPSS), with climatology and persistence as benchmarks for model performance. In addition to the
metrics from the S2S AI challenge, we will evaluate the developed model’s MJO predictions using
the Continuous Ranked Probability Score (CRPS) and Root Mean Square Error (RMSE) and compare
the results to available forecasting models from the S2S database (45) and previous DL work (13).

3 CONCLUSION

We propose a self-supervised deep learning pipeline that can facilitate reliable sub-seasonal-to-
seasonal forecasts by learning useful representations of the global atmosphere.

Inspired by the recent success of foundation models in natural language processing and computer
vision this proposal outlines how we aim to use Masked Auto-encoders (implemented using a Mesh-
GNN) to first train our model on reanalysis data (from ERA5) and climate model output (from
CMIP6) before validating it on data from the S2S forecast database. The learned representations
are likely to be linked to well known slowly varying modes of the weather system, such as, e.g., the
MJO and the ENSO, which typically provide so-called windows of opportunity for S2S forecasts. To
evaluate the quality of the learned representations, we propose to use linear probing on climate indices
which describe large-scale patterns of atmospheric variability. In particular, we plan to evaluate the
performance of the final model in predicting the MJO, as the MJO is known to be linked to extreme
rainfall in Southeast Asia.

S2S forecasting is a challenging task for numerical weather models and deep learning models alike.
Particularly in the face of ongoing climate change and increased risk of exposure to weather extremes,
a successful S2S forecast model not limited by deterministic forecast horizons can be of great benefit
to civil society.

From a methodological standpoint, our work will contribute to the development of foundation models
in weather forecasting and climate projections. Additionally, the proposed validation scheme for
learned representations of the weather system will potentially help increase the explainability, and
consequently the trustworthiness, of deep learning based weather forecasts.
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