DEBEris

i 18-43-11-19 The Journal of Korean Institute of Communications and Information Sciences *18-11 Vol.43 No.11
https://doi.org/10.7840/kics.2018.43.11.1903

ENE dlelgE 3 a3XQl do] gld

o

CIEE N AU

Effective Word Embedding for Twitter Data

Inhwan Kim®, Beakcheol Jang

EQJE] dlolElE 7Nk R 3k AAAQl wo] S $5le] Sk md Alels) sy miy) W

zAo gt A& AlFddch 71E o] dude] mda) vy W] gk s s 2 $17lFT]oke) o)
= Z18)=lo] ESJE]e} 22 n|A s} dlo|e]d] A4E]7] o) ulepy 2 <

EYE dHoly 48 918 A o] gul" 7149 Word2Vecs ARgsle] gk el Adeis) sk vzl =

= Ags AL ESTE dHolel g 17 $2 A5 e dwide $7t

Key Words : Word Embedding, Natural Language Processing, Artificial Intelligence, Word2Vec, Skip-gram,
CBOW, Twitter

ABSTRACT

In this paper, we provide guidelines for selections of learning model and learning parameter values for
effective word embedding for Twitter data. The precedent studies on the model and parameters of the word
embedding have been studied based on structured data such as news and Wikipedia, so it difficult to apply them
to unstructured data such as Twitter. In this paper, we conducted experiment to analyze the performance change
by selecting the learning model and adjusting the learning parameters using state-of-the-art word embedding
technology, Word2Vec, for Twitter data and provide effective learning models and parameter values for good
word embedding for twitter data.
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Fig. 1. Word representations of Word2Vec
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