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Research Methods in Semantic Space

Ru Zhongyi  Shun Jinxiu

Education College Hebei Normal University Shijiazhuang 050091

Abstract The research on semantic space has always been regarded as a hot area. Because of the different standpoints in this area scientists
try to adopt a variety of methods to study it. Currently the most influential methods in semantic space are latent semantic analysis LSA and
hyperspace analogue to language HAL . LSA makes use of the singular value decomposition SVD and HAL resorts to multidimensional
scaling MDS to investigate the semantic similarity relationship in a large corpus.
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