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Abstract

We study self-supervised representation learning on high-dimensional data under
resource constraints. Our work is motivated by applications of vision transformers
to weather and climate data. Such data frequently comes in the form of tensors
that are both higher dimensional and of larger size than the RGB imagery one
encounters in many computer vision experiments. This raises scaling issues and
brings up the need to leverage available compute resources efficiently. Motivated
by results on masked autoencoders, we show that it is possible to use sampling
of subtensors as the sole augmentation strategy for contrastive learning with a
sampling ratio of ∼1%. This is to be compared to typical masking ratios of 75%
or 90% for image and video data respectively. In an ablation study, we explore
extreme sampling ratios and find comparable skill for ratios as low as ∼0.0625%.
Pursuing efficiencies, we are finally investigating whether it is possible to generate
robust embeddings on dimension values which were not present at training time.
We answer this question to the positive by using learnable position encoders which
have continuous dependence on dimension values.

1 Introduction

Following numerous breakthroughs in deep learning, there has been a growing trend to adapt
techniques used in computer vision [1, 2] to other domains, including in weather and climate
applications [3, 4, 5, 6]. The type of data used, however, is complex due to its high-dimensional
nature, especially compared to standard RGB images. For instance, the ERA5 reanalysis [7], spans
the globe with extensive number parameters and atmospheric levels, resulting in GB-scale tensors at
each time step. This research delves into resource-efficient self-supervised representation learning
using ERA5 data, employing invariance-based methods like SimCLR [8, 9] and MoCo [10]. In
particular, we use sampling as the sole data augmentation technique and impose resource constraints
of 24-hour train time on a single A100 GPU with 40GB memory. Across multiple downstream
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Figure 1: (left) Traditional second-order sampling generates a sequence of subtensors by tiling along
the two horizontal dimensions. (center and right) We sample subtensors that extend along all three
spatial or even all four dimensions; which we refer to as third- and fourth-order sampling respectively.

regression, classification, and clustering tasks, the learned embeddings generated from our strategy
are more robust than previous methods. We also introduce a position encoder that allows our model
to generalize to unseen dimension values. In total, our work shows that it is possible to learn skillful
representations in an extremely efficient way, which in turn reduces the climate impact of training
models for tasks such as weather forecasting [11, 12], extreme event detection [13], and climate
model parameterization [14].

2 Our Proposal

2.1 Higher-Order Sampling

While our method generalizes to any weather or climate dataset, we will for concreteness consider
ERA5 and consider a single timestamp of a given set of ERA5 parameters on a given set of verticle
pressure levels as a sample Xt. The typical approach for invariance-based (contrastive) learning
with a vision transformer (ViT) would be to apply some randomized transformations to Xt and then
tokenize the sample by cutting it into patches along the horizontal dimensions. This means that the
entire data cube is held in GPU memory. Our approach instead patches along either all three spatial
dimensions or along all four dimensions. See Figure 1. Then, our only randomized transformation
is to sample from this set of patches. I.e. we perform contrastive learning by sampling two sets of
tokens from these patches without any further augmentation. Note that we only hold the sampled
tokens in GPU memory. Decreasing the sampling ratios reduces GPU memory consumption and
makes the training task more difficult. To avoid confusion, let us point out that we run inference
without sampling on the complete sample Xt.

2.2 Generalizable Positional Encoder

The second part of our method concerns position encodings. After tokenization, it is best practice
to add an additional signal to each token that informs the model about the position of said token in
relation to the complete sample. Such encodings can be hardcoded or learned.
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Figure 2: (left) Position encodings tend to assume the same dimension values to be present during
training and inference. (right) By using a position encoder fθ(l), we are able to train on a subset of
values (blue) yet run inference on the entire set (red and blue) by capturing the non-linear dependencies
on coordinates beyond interpolation.
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We note that for weather and climate data, many dimensions such as latitude, longitude, the vertical
level and time are continuous. Thus, we can either define or learn a position encoding as a function f
that depends on these continuous dimension values. Concretely, we will train a model with a learned
position encoding f(level). This allows us to train a model on a fixed set of pressure levels yet run
inference on another set, without resorting to interpolation. Together with our first proposal, one can
train on e.g. 10 pressure levels of ERA5 data yet deploy on all 37.

3 Methodology

3.1 Dataset and Downstream Tasks

We evaluate our proposed methods on the ERA5 reanalysis dataset. For concreteness we restrict to
pressure level data at levels 50, 100, 200, 300, 400, 500, 600, 700, 800, 850, 900 and 1000hPa. At
each level, we consider specific humidity (kg/kg), temperature (K), geopotential (gpm), vertical
velocity (m/s) as well as the easterly and northerly components of the wind (m/s). We use the years
2000 to 2014 as training and 2015 to 2021 as validation data.

Given learned representations, we perform 1-day forecasting of key atmospheric variables (T850,
T1000, Z300, Z500, Z700), classification, and clustering of wildfire hotspots [15, 16] and tropical
cyclones [17] using linear probing method. We use RMSE as metric in our regression/forecasting
task, and % accuracy for both classification and clustering (i.e., top-1 nearest neighbor in latent space
also containing wildfire/cyclone events) tasks.

3.2 Self-Supervised Learning Setup

We end-to-end train ViTs with 12 attention blocks and a single-layer linear projection head. We use
both the SimCLR and MoCo frameworks to ensure that our results do not depend on the choice of
framework. We specify 768 and 128 as the embedding sizes of the encoder backbone and projection
head, respectively. The models are optimized by AdamW [18], and the cosine learning rate policy is
used with an initial 5-epoch warm-up. For framework, we use identical specifications as described
in [8] and [10] respectively. The second-order sampling baseline is the only approach using view
augmentations as specified in the original work [19]: cutout, Sobel filtering, and Gaussian blurs.

4 Results and Discussion

4.1 Higher-Order Sampling is an Efficient and Scalable Augmentation Strategy

Tables 1-2 show the impact of the different sampling strategies on downstream performance. First,
we notice that a higher-order sampling tends to generate better downstream performances than the
traditional combination of second-order sampling with view augmentation. Our fourth-order sampling
produces the most skillful representations (lowest validation RMSE) across all 1-day ahead forecasts
of T850, T1000, Z300, Z500, and Z700, and the classification/clustering of wildfire.

Regression
Methods Sampling Ratio T850 T1000 Z300 Z500 Z700

2D 50% 4.29 / 4.37 4.70 / 4.77 1300 / 1322 830 / 843 486 / 494
3D ∼5% 2.28 / 2.28 2.42 / 2.41 641 / 641 430 / 429 270 / 269

4D (ours) ∼1% 2.25 / 2.26 2.38 / 2.39 634 / 637 423 / 426 267 / 268

Table 1: Impact of different sampling strategies in downstream regression/1-day forecasting task.
The validation RMSE for SimCLR/MoCo are shown.

Given this finding, the immediate and obvious question is how far one can push the sampling
approach. To answer this question we reduce the sequence length – and thus the sampling ratio
– by factors of four and sixteen. As illustrated in Figure 3, even at the extreme sampling ratio of
0.0625% embeddings are still skillful and in several cases even best. For instance, a 16× reduction
in sampling ratio yields embedding that increases wildfire classification accuracy from 84% to 87%,
and demonstrate comparable performance across other tasks.
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Classification Clustering
Methods Sampling Ratio Cyclones Wildfire Cyclones Wildfire

2D 50% 84.07 / 79.13 82.36 / 80.02 48.82 / 39.33 62.99 / 61.48
3D ∼5% 80.96 / 82.95 81.90 / 81.03 47.34 / 46.65 59.46 / 60.24

4D (ours) ∼1% 83.87 / 78.72 84.53 / 87.11 48.52 / 40.46 63.43 / 65.09

Table 2: Impact of different sampling strategies in downstream classification and clustering tasks.
The validation accuracies in percent for SimCLR/MoCo are shown.
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Figure 3: Benchmarks for fourth-order sampling across different sampling ratios. The panel with
grey background shows validation accuracy (higher is better); the others RMSE (lower is better).

4.2 Generalizable Positional Encoder

To estimate performance when training only on a subset of dimension values yet running inference
on the full set or the unobserved values, we train another set of self-supervised models subject to
identical resource constraints. Here, the following pressure levels are not observed at training time:
300, 500 and 700 hPa. In order to evaluate the utility of our proposed position encoder, we compare
the skills of embeddings in the fully-observed (baseline) and partially-observed cases (ours). We
perform evaluation on similar regression, classification, and clustering downstream tasks.

Regression Classification Clustering
Training data Z300 Z500 Cyclones Wildfire Cyclones Wildfire

Full 634 / 637 423 / 426 83.9 / 78.7 84.5 / 87.1 48.5 / 40.5 63.4 / 65.1
Partial 629 / 636 421 / 425 83.8 / 79.4 80.6 / 88.0 44.6 / 38.3 63.4 / 60.2

Table 3: Downstream skill for fully- and partially-observed pressure levels. In the latter case the
embedding is inferred using our learned yet continuous position encoder fθ. The validation RMSE
(forecast) and accuracy (classification and clustering) for SimCLR/MoCo are shown.

Our generalization approach in the partially-observed case has comparable downstream performances
when benchmarked against the fully-observed baseline case (Table 3). This result is promising since,
for one, we are able to end-to-end train a self-supervised model with previously unseen dimension
value. This opens up the possibilities to not just (1) train and infer on different data resolution
separately, but also to (2) train on both multi-resolution datasets simultaneously.

5 Conclusion

We propose methods to scale and generalize self-supervised learning in high-dimensional setting by
introducing higher-order sampling and learnable, generalizable positional encoder. Our fourth-order
sampling effectively reduces sampling ratios to ∼1%, while still producing skillful embeddings that
outperform the traditional approach across many downstream tasks. In addition, a further reduction
in sampling ratio to ∼0.0625% does not compromise downstream skills. Finally, we demonstrate the
utility of our proposed learnable positional encoder by showing similar performance on previously
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unobserved levels across all downstream tasks. Overall, both of our proposed methods allow for
efficient and scalable self-supervised learning on higher-dimensional data.
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