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When it comes to the interaction
between humans and computers, natural
language plays an increasingly important
role, e.g. in personal assistants such as
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natural language and infer semantic
properties of words. The recently .
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After extensive testing, our prediction
Generate Semantic Tag Vectors from mechanism achieved around 65%-70% accuracy
PMB V2.1.0 Dataset if using Stanford GloVe word vectors. The results
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with tags that reveal their properties and
are useful in semantic tasks. While a
training corpus exists, its coverage is
limited. We propose a way to
automatically extend the coverage by
drawing on large-scale word
representation data to derive a large new
Semantic Tag lexicon. Our experiments

Each position

_— corresponds to a
unique semantic tag
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Figure 1: Cosine similarity score vs. k for Form-based Prediction
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show that we can infer semantic tags for Find k Nearest Neighbors We achleyed more than 78% of prgdlctlon
unseen words with high accuracy. Neighbors are accuracy if we take Part-of-Speech into
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The Figure 2: Cosine similarity score vs. k for POS-based Prediction
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