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Large Language Models as a New Data Modality:
« By training on data from the entire internet, LLMs acquire extensive geo-
graphical knowledge, provide insights into socio-economic development.

« We develop an approach to extract geographic knowledge from LLMs as
vectors, serving as a new data modality to complement SIML.

* Therepresentation for each location is applied to estimate a variety of
earth monitoring indicators with a simple regression.
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