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O 1 Relation between acoustic signal, acoustic topic, and

acoustic event sequence.
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0 1 Definition of variables
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online CVBO algorithm for ATM
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0O 2 Estimation procedure of posterior distributions
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0 2 Experimental conditions

Sampling rate / quantization | 16 kHz / 16 bits
Frame size / shift 512 / 256
Frame overlap rate 0.5

Acoustic event size 8- 512

Mini batch size S’ 20
Hyperparameter o / 8 3.33 /0.1
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O 5 Calculation time for Acoustic topic modeling
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