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Vector representation is a common approach for expressing the meaning of a relational pattern. Most previous
work regarded a relational pattern as a single ‘word’ for the vector acquisition. However, this approach suffers from
the data sparseness problem because relational patterns are productive, i.e., produced by combinations of words.
In order to address this problem, we propose a novel method for computing the meaning of a relational pattern
based on the semantic compositionality of constituent words. We extend the Skip-gram model to handle semantic
compositions of relational patterns by using Recursive Neural Network (RNN).
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