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Problem Definition & Gontributions

Unsupervised and knowledge agnostic,

ZIE based on Open Information Extraction, o S q ZIE ou tper forms baselines and
a PageRank and Clustering Exp e ri m e n ts Tt SUMMATIZErS

e Open facts are an effective way to
compress information

Fact Salie nce Generating a machine-readable

representation of the most prominent
information in a text document as a
set of salient open facts

Research Task The 1st

Fact Salience System

https://github.com/mponza/SallE

SallE - Salient Open Information Extraction

(“Abrams”, “was 56-years-old native of”, “Pittsburgh area”) Facts as Nodes Edge Weighting
(“Abrams”, “had been stabbed to death in”, “apartment”) oo Open facts are mapped into nodes Edges’ weights are computed with the cosine similarity
(“Apartment”, “tending wounds at time of”, “murder”) = of a complete graph. between centroids of word embeddings in the facts.
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open facts extracted from Wikipedia
(“Remains”, “were discovered beside warehouse at edge of”, T (everything is publicly available!)
“cinder-topped soccer field on outskirts of Panama City”) €S

(“Abrams”, “got more involved in”, “real estate”)

Relevance Computation Relevance Prior
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L CCaTL IS apartiient on Sprt = V The resulting facts are chosen by selecting

the most relevant fact for each cluster.

Salient Open Facts

0.40 - (“Cousin of husband”, “had gone into”, “business™)

Second Stage
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