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In segmentation of time series data using unsupervised learning, it is important to pay attention to the structure
of data. Nonparametric Bayesian double articulation analyzer (NPB-DAA) is a method of assuming only the
double articulation structure and directly estimating the language model and the acoustic model from the acoustic
feature. However, there are problems that conventional NPB-DAA spend a lot of time to analyze parameters, and
only experiments using small speech data are performed. In this paper, we propose NPB-DAA with lookup table
that introduced a lookup table to conventional NPB-DAA. Therefore, in this paper, we improved the speed of
conventional NPB-DAA by introducing a lookup table in conventional NPB-DAA. In the experiment, we analyzed
real speech that time length is about 1 minute 20 seconds and show that NPB-DAA with lookup table can estimate
parameters 10 times faster than conventional NPB-DAA.
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3. NPB-DAA
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4. NPB-DAA with lookup table

4.1
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1:
Execution time[sec]

Method iteration trial

NPB-DAA MIN 2.8 732.2

with AVG 8.7 869.3

lookup table MAX 18.9 1136.1

MIN 36.7 6237.6

NPB-DAA AVG 98.7 9869.8

MAX 310.9 13417.7

2:
Execution time per trial[sec]

Method Maximum number of words

10 20 30

NPB-DAA MIN 732.2 1365.5 2247.4

with AVG 869.3 1652.8 2464.3

lookup table MAX 1136.1 1897.4 2678.0

MIN 6237.6 15704.3 22596.3

NPB-DAA AVG 9869.8 16316.6 24757.9

MAX 13417.7 17211.9 26286.0

3:
Execution time per trial[sec]

Method Maximum number of letters

10 20 30

NPB-DAA MIN 732.2 739.2 885.3

with AVG 869.3 992.1 1003.5

lookup table MAX 1136.1 1158.7 1145.6

MIN 6237.6 9151.9 9871.0

NPB-DAA AVG 9869.8 10285.2 10435.5

MAX 13417.7 11804.6 11064.9
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