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This paper is the first study aiming at capturing stylistic similarity in an unsupervised manner. We construct
a novel style-sensitive word vector predicting the target word for giving nearby and wider contexts under the
assumption that the style of all the words in an utterance is consistent. We also introduce an evaluation dataset
with human judgments on the stylistic similarity between word pairs. Experimental results illustrate capturing the
stylistic similarity significantly.
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ṽw

CBOW

CBOW-near-ctx

2.3 1

CBOW-near-ctx

[12]

1

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

1N2-03



[13]

Call
wt

={wt±d| 1 ≤ d ≤ I}
CBOW-all-ctx

CBOW-near-ctx δ I

2.4 2

CBOW-all-ctx CBOW-all-ctx

2.2

CBOW-all-ctx

Cnear
wt

= {wt±d| 1 ≤ d ≤ δ}

CBOW-dist-ctx

vt (1)

xt (2)

yt

CBOW-sep-ctx 2

vwt = xwt ⊕ ywt
(2)
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