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End-to-end acoustic event recognition with fast approximate temporal pooling

ZHANG Liwen, HAN lJiqging
(School of Computer Science and Technology, Harbin Institude Of Technology, Harbin 150001, China)

[ Abstract] The performance of an acoustic event recognition ( AER) system depends largely on the effectiveness of audio
representation learning. Since audio signal is temporally—structured, to obtain effective audio representation, it is necessary to extract
the temporal information. In our previous work, we had proposed an effective method for learning temporal features, i.e., temporal
pooling. However, this method involves solving an optimization problem without closed—form solution, which limits its flexibility in
being performed as an intermediate module of the deep learning frameworks. In this paper, we propose a fast approximate calculation
method for the temporal pooling. Furthermore, based on this approximate method, we propose an end—to—end convolutional neural
network for the AER task, which can outperform most of the state—of-the—art AER systems.
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Tab. 1  Performance comparison of FATP and other pooling
methods
7 HHER /%

Event—Net + Voting 82.1

Event—Net + Avg—Pooling + SVM 81.3

Event—Net + Max—Pooling + SVM 81.0

Event—Net + TP + SVM 84.5

Event-Net + PTP + SVM 87.5

Event—Net + FATP + SVM 84.1

Event—Net + MS-FATP + SVM 86.9

)5, WFIET FATP ) FasTemP—Net SCEI6IF
DIWREEAE i 2 3 U 2R 5 B0 T, FATP X6 9 25 1 g
M3 T, B R FasTemP — Net fl1 2 K& MS -
FasTemP—Net 1R 51 114 i 26 P WL 36 2 , X T H Y
HAj e Em B oireae, WESRATE .

(1) 5 AENet'?' il CNN-C' P &5 T 288 VGG
PRZEHERE Y CNN AH L, 25 08 T SR d RRAE [ B G 2R
%) FasTemP—Net B & B8 ELPREAG H

(2) 5 I0WE Wi e PR AE 24 ) 7k TP M
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FasTemP fig AR fA] i (9 =X E 47 i 28000 i 31 ity , IF:
HORS R fd T 58 4 1 A0 09 B 5 b AL 45 A i s
R BH I R BE TR

2 FasTemP-Net 5 fit 3 7 A HOMEAEXT L
Tab. 2 Performance comparison of FasTemP—Net and state—of—

the—art methods

PIRES HUIER 2/ %
AENet[ 22] 80.3
CNN-C[23] 86.0
ConvL.STM + softmax[ 25 | 78.9
BoAW_SC + TP + SVM[29] 84.4
Event—Net + PTP + SVM[30] 88.9
Event—Net + DM—PTP[ 30 ] 89.9
FasTemP—Net 86.9
MS-FasTemP—Net 89.0
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