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Context

Monitoring Essential Variables

• Monitoring Essential Climate and Biodiversity Variables (EVs) provides key information to under-
stand climate, biodiversity and environmental changes using Earth Observation (EO) sys-
tems.

• Retrieving EVs from multi-source data is challenging due to the singularities of EO data,
such as indirect observation of interest variables, varying spatial resolution and irregularly
sampled time series.

Deep Learning

• Learn complex patterns from huge amounts of data.

• Most of the recent models lack physical consistency and interpretability. They are not able
to process data with irregular and unaligned sampling, which is common in multi-modal
EO.

• Training also requires large amounts of labeled data, which are scarce and noisy in EO. Conse-
quently, current models have a restricted usage in large scale EO systems.

RELEO: REpresentation Learning for Earth Observation

Framework

• Development of new self-supervised representation learning[3] methods to produce seman-
tically meaningful probabilistic representations[2] from high-dimensional multi-modal
EO data.

• Novelty lies on the use of prior knowledge from physical models into DL and thus proposing
advances in uncertainty estimation and interpretability.

• The hybrid AI system will blend physical priors and DL to pre-train models. The system will
process multi-modal data to capture complementary spatio-temporal patterns. Physics-
guided DLmethodswill be designed to condition the decoding of generic embeddings to retrieve
and forecast EVs and their uncertainties.
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Fig. 1: The RELEO framework combines probabilistic neural encoders, on-demand decoding into EVs and self-supervised learning through physical

simulators and data assimilation.

One for all, and all for one : Perceiver IO [5]
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Fig. 2: SITS Perceiver IO Architecture for a reconstruction task
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Perceiver IO

Why Perceiver IO ?

• No need for different encoding heads for different kinds of data

• Leverages cross-attention to reduce the cost of the deeper layers of the network

• Handle general purpose inputs and outputs while scaling linearly in both input and out-
put size

• Multi-modal Masked Autoencoder (MAE) training easily implemented through cross-
attention with a single decoder

Reconstruction task with Perceiver IO

Will you find which is the TARGET and which is the PREDICTION ?

Fig. 3: Results of SENTINEL-2 reconstruction with Perceiver IO on validation set.

Diffusion Models (DMs) for SITS

What is a Diffusion Model ?

• Ability to generate diverse, high quality, samples, and the relative simplicity of the training
scheme, which allows very large models to be trained at scale. [4]

• "The basic idea behind these models is based on the observation that it is hard to convert
noise into structured data, but it is easy to convert structured data into noise." Kevin P.
Murphy in [8]

Fig. 4: Forward Sampling of SENTINEL-2 data

PhD Perspectives : Diffusion Model with Perceiver-IO [10, 9]

• Meteorological conditioning of Diffusion Model [7] : Learning the impact of meteorology
on vegetation.

• Temporal Diffusion Models [6] : Learning Sequences of satellite images are irregular.

• Multimodal/Joint Diffusion Models [1] : Majority of generative models tends to learn and
generate a conditional model p(x|y). Perceiver-IO with DMs allow to obtain a joint model : p(x, y).
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