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General Purpose EO-Foundation Modelle

Fixed Task
Group

Application

Fixed Task Vision
Foundation Model

Expert Model

Model

Data

e.g. Segment
Anything Model

Established
Deep Learning
Application in EO

Dr. Thorsten Hoser | DLR-DFD-LAX | 2. Forum GEO.KI BKG 02.04.2025

General Purpose EO Foundation Model

DLR



Bedeutende Self-Supervised Learning (SSL) Ansatze far EO-FMs ‘#7
DLR
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Evolution ausgewéahlter EO-Foundation Modelle zusammengefasst

nach Trainingsansatzen

DLR
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Charakteristika ausgewéahlter EO-Foundation Modellen
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SkySense Performance, verglichen mit andere EO-FMs und SOTA
Experten-Modellen DLR
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Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR), pp. 27672-27683.
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Skalierung von Rechenleistung, Daten und Modellparametern flr das
Training von Transformer basierten LLMs DLR
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Kaplan, J. et al. 2020: Scaling Laws for Neural Language Models. S. 3, https://arxiv.org/abs/2001.08361
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Aktiv werden und EO-FMs gestalten
DLR
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