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Motivation and Goal

« acoustic scenes are composed of spectral texture and sequence of acoustic
events
« common CNN-based approaches use single statically defined analysis window
* wrong size of this analysis window can either
« prevent from having sufficient timbral resolution
« fail to recognize acoustic events with longer patterns

Audio Pre-processing

Audio File { Mono { Mel H Log F@

+ 10 times 80x80 log-amplitude scaled Mel-Spectrograms per audio file
« increasing STFT window sizes: 512, 1024, 2048, 4096, 8192 - (50% overlap)
« Data Augmentation
« time-stretching
* pitch-shifting

5) 512 samplas ; 0.43 sec b) 1024 samples / 0.95 sec ) 2048 samples ; 1.4 sec ) 4098 samples / 2.3 sec ) 3192 samples / 7.3 sec

* place-wise remixing
« split-shuffle-remix

Neural Network Architecture Evaluation and Results

Multi-Resolution Model

) fft instance grouped instance grouped
* one parallel architecture for each win size raw raw augmented augmented
temporal resolution ) 512 64.14 (2.84)  7032(296)  69.06 (4.33)  76.63 (4.44)
« fully connected output layers are I !I ” ” H I 1024 66.32(2.58)  71.27(3.06) 7170 (5.46)  77.06 (5.46)
concatenated . 2048 66.83 (1.52)  70.23(1.99)  76.24(2.53)  80.46 (3.30)
ol diate full ted | ( ) 4096 69.50 (2.83)  71.92(3.23)  79.20(3.03)  81.66(3.29)
MBS AP AS RS R AF 8192 69.66 (2.58) 7147 (2.95)  82.26(2.40)  83.73 (2.63)
with 512 grouped single 73.12 83.19
- learn dependencies between sequences multi-res 7223 (415) 7430 (481) 8522(2.11) 8729 (2.02)
multi-res do 72.05(3.26)  82.51(237)  86.04 (3.03)
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Parallel Convolutional Neural Network (CNN) » multi-resolution model outper-
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Combined Max-Average-Pooling
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