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[Abstract]

In Korean language processing, there are more and more cases of applying word2vec models, which are recently gaining
popularity as word embedding models. Analogy tests are used as standard evaluation methods for word2vec models; however, no
analogy test suitable for Korean has been developed yet. For this reason, similarity tests have been employed in optimizing
hyperparameters for Korean word2vec models. This paper attempts to optimize some of these hyperparameters through the existing
similarity test as well as a new analogy test that reflects certain features intrinsic to the Korean language. It turns out that the
training algorithm of skip-gram is better than that of CBOW, the optimal dimension of word vectors is 300 and the optimal size
of the context window lies between 5 and 10. It is also found that keeping the size of vocabulary trained in the corpus at a
reasonable level is critical, which result in setting the hyperparameter of minimum count as 1 for the size of vocabulary less than

one million.
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Fig. 1. Two training algorithms of word2vec modeling
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Table 1. Combinations of hyperparameters used in the
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Fig. 3. Differences in vocabulary size according to
minimum counts
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Fig. 4. Differences in training hours according to
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