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Motivation

Privacy policies are documents which describe what companies do with users' data.These are very long and often written in a way that is difficult for an average user to
Fnderstand. In the recent past there has been interest in the Natural Language Processing (NLP) community to analyze these policies using machine learning

lgorithms. We want to improve research in this domain by building word embeddings. We use 150000 privacy policies to build word vectors in an unsupervised

manner.
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Corpus Stats and Results
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More training data is needed for the Data Retention class which
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