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Abstract

We propose models for semantic orientations of phrases as well as classifica-
tion methods based on the models. Although each phrase consists of multiple
words, the semantic orientation of the phrase is not a mere sum of the ori-
entations of the component words. Some words can invert the orientation. In
order to capture the property of such phrases, we introduce latent variables into
the models. Through experiments, we show that the proposed latent variable
models work well in the classification of semantic orientations of phrases and

achieved nearly 82% classification accuracy.
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Fig.1 Graphical representations of the models: (a) PLSI, (b) naive bayes,

(c) 3-PLSI, (d) triangle, (e) U-shaped; Each node indicates a random
variable. Arrows indicate statistical dependency between variables. N,
A, Z and C respectively correspond to nouns, adjectives, latent clusters

and semantic orientations.
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Fig.5 Number of states of the latent variable versus time required for training
for the triangle model and the U-shaped model (the value of 5 was set
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