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The Eight Questions

— What is a foundation model? Link to paper_:

— Potential data sources for training Earth FMs? _' e
— Why do we need Earth and climate foundation models (FMs)? ]
— How does the ideal Earth FM look like? Which features must it have?
— Where do we stand today? And Why?

— The way forward?

— How to evaluate Earth FMs such that it can serve general purposes?
— What comes after the idea Earth FM has been developed?



What is a foundation model (FM)?

A model that:
— is trained on broad data (generally using self-supervision), and
— can be adapted to a wide range of downstream tasks.
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The Open Big Earth Data

EO & climate data volume (PB)
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Data Volume (GB)
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The potential of Earth and climate FMs

— Unlocking the value of big EO and climate data
— Enhancing label efficiency

— Reducing carbon footprints

— Bridging EO and climate science

— Improving Earth system modeling
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The ideal Earth and climate FM

Must have features:
1. Geolocation embedding
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Highly desirable features:

9. Uncertainty quantification

10. Physical consistency

11. Integrating knowledge of LLMs/VLMs
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SOTA FMs and gaps

— Most models focus on only a few "must-have” features

— Big potential but gaps exist in connecting EO and climate FMs
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The Way Forward?

a) Comprehensive data source
b) Metadata integration

c) Dynamic encoder

d) Spatial-temporal modeling

e) Multimodal learning

f)  Geographical mixture of experts

g) Continual pre-training

h) Uncertainty quantification
i)  Physical consistency
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Evaluating FMs: What's Missing?

— Requirements for a proper benchmark:
— Diverse data sources
— Representative tasks
— Interaction between components

— Gaps in existing benchmarks:
— No consensus on FM adaptation protocol
— Certain regions not included
— Lack of real-world scenarios
— No connection between EO and climate
— Lack of standardized benchmarks of tasks
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What comes after FMs?

— Energy-efficient adaptation of FMs

— EO-informed weather and climate forecasting
— Machine unlearning

— Continually updating FMs

— Adversarial defenses
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