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Objectives Results: Explainable Network Representations

Aim 1: Examine whether speaker-ID approaches can be successfully applied to acoustic event recognition. ) - — — . -
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Harder baseline derived from Google YAMNet algorithm (Hershey et al., 2016): single fully connected layer :
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Representational Similarity Analysis:
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Initial Bascline TDNN Model 0.73(A0) | 0.74(A0) | 024(A0)  0.75(A0) 0.79(A0) 0.8(A0) 032(A0) _ 0.81(A0) 24 Raw ERB Power: 5000 to 8000 Hz (Med){ =1 Both models’ performance associated with aperiodicity,
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