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Overview of the proposed method based on an attribute prototype network
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Table 1 Class labels in the training and test data

Training Data : 32 classes (5,320 data in total)

cherry, wood, bank, bowl, candybwl, coffcan,
colacan, metal, pan, trash-box, case, dice, bottle,
china, cup, pump, spray, claps, alarm, dryer, tear,

particle, bell, coin, tambourine, shaver, clock,

kara, maracas, raining, water-fall, pouring-water

Test Data : 4 classes (160 data in total)

coughing, glass-breaking, door-knock, siren
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Table 2 Recognition accuracies [%] of four un-
known acoustic events

glass door

coughing breaking  knock siren | Average
BaseMod 0.0 0.0 0.0 100.0 | 25.0
+ProtoMod(Lgey) | 2.5 50.0 70.0 65.0 46.9
+Ladq 0.0 52.5 67.5 60.0 | 45.0
Prior work [9] 82.5 17.5 0 52.5 | 38.1
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Fig. 2 Examples of attribute information
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Fig. 3 A sample of the heatmap (left) for an

attribute “repeat” calculated from a spectrogram

Fig. 4 A sample of the heatmap (left) for an at-
tribute “lowfreq” calculated from a spectrogram
(right) of “door-knock”
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