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Geo-Entity Linking Data
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Labeled geo-entity linking dataset

Goal: given a noisy free text Location field mention, link it to 4.1M geocoordinate-tagged tweets; we link each poster's Location
the correct real-world geographic entity field to a ground truth location, defined as the closest city in

GeoNames database
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Summary & Future Work

- Proposed methods for geo-entity linking noisy multilingual social media data with selective prediction

- Of two best performing methods, UserGeo achieves SOTA performance at country and administrative levels while
NameGeo+variants doesn’t require training data

- |dentified problems with geo-entity linking at the city level for social media data

- Hope to extend to broader task of geoparsing unstructured text



https://tmasis.github.io/

