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Investigating the applicability of word/sense/concept embeddings in semantic tasks
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We discuss the applicability of sense/concept embeddings generated from existing word embeddings (Word2Vec)
and a lexical resource (Princeton WordNet) by the AutoExtend system to some kind of word-level semantic tasks.
We found these embeddings outperformed word embeddings, especially in tasks such as estimating semantic word
similarity and classifying lexical-semantic relation between words. On the other hand, there are two major problems
with the AutoExtend system: the disability to generate sense/concept embeddings for words not listed in PWN,
and the difficulty to assign proper embeddings for minor senses. We discuss possible solutions for these problems.
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