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Abstract :

In this paper, we implement a language model by a bigram and evaluate proper smoothing

technique for unit of low perplexity. Word, morpheme, clause units are widely used as a language processing
unit of the language model. We propose VCCV units which have more small vocabulary than morpheme and
clauses units. We compare the VCCV units with the clause and the morpheme units using the perplexity. The
most common metric for evaluating a language model is the probability that the model assigns the derivative

measures of perplexity. Smoothing used to estimate probabilities when there are insufficient data to estimate
probabilities accurately. In this paper, we constructed the N-grams of the VCCV units with low perplexity and
tested the language model using Katz, Witten-Bell, absolute, modified Kneser-Ney smoothing and so on. In the

experiment results, the modified Kneser-Ney smoothing is tested proper smoothing technique for VCCV units.
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