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Fig. 1 Overview of sound event classification based

on sound attribute vectors.
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Fig. 2 Overview of the SEC system based on an attribute prototype network.
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Table 1 Samples in RWCP-SSD-Onomatopoeia

belll 0271_7,chiriNririN,0326,5
¢ 0271.7.chiriNririN,0299.3
000.acc
0900-1,chiriNqgririq,0408,4
belll
001.acc
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1004,10042,ri NchiNri N4
049.acc . L.
1004,10043,ri NchiriN,2
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Table 2 Recognition accuracies [%)] of six unknown
acoustic events

‘bowl clock2  kara

83.9 154 21.0
99.5 0.0 34.5

maracas ring tambouri ‘ Average
99.3 64.1  55.1 56.6
99.3 86.1 91.5 67.1

previous [13]
proposed

4.2 KEER
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Fig. 3 Example of binary attribute information of some classes in our experiments.

Table 3 Attribute detection performance.

‘ Precision ‘ Recall ‘ Flscore ‘

previous [13] 0.62 0.59 0.60
proposed 0.62 0.61 0.61

Fig.4 Input mel-spectrograms (left) and their sim-
ilarity map M* for attributes k calculated in Pro-
toMod (right); top: unseen event “clock2” and its
map for “/i/”, bottom: seen event “bells5” and its
map for “/N/".
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