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INntroduction

e Traditionally: feature engineering e Nowadays: data-driven
— feature extraction -~ |earning representations
— classifier

How about combining both approaches for ASC ?
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Table 1: Selected features extracted by FreesoundExtractor.

Feature name Dim  Feature name Dim
Bark bands energy 32 Tonal features 3
ERB bands energy 23 Pitch features 3
Mel bands energy 45  Silence rate 3
MFCC 13 Spectral features — 32
HPCP 38  GFCC 13

http://essentia.upf.edu/documentation/freesound extractor.html
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e Gradient Boosting Machine:
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e Gradient Boosting Machine:
- effective in Kaggle
- multiple weak learners (decision trees)
— added iteratively

e Implementation:

- LigthGBM https://qgithub.com/Microsoft/LightGBM
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https://github.com/Microsoft/LightGBM

Gradient Boosting Machine
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e Score aggregation:
—~ averaging scores across snippets
-~ argmax

e Results:
- development set
— 4-fold cross-validation provided
- Accuracy: 80.8%
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e l|og-scaled mel-spectrogram
- 128 bands

e Time splitting:
- T-F patches 1.5s



Convolutional Neural Network

log-scaled T-F
mel-spectrogram patches

N \
— —> acoustic
W* pre- > -~ " n r score
processing splitting > Sl P> aggregation scene




Convolutional Neural Network

log-scaled T-F
mel-spectrogram patches
N \
W" pre- P> splitting B CNN | score I_bacoustic
processing > P> aggregation scene

T-F patch

128 mel| | M=
bands |:|ﬂ |
BN

75 frames

convi: Max-Pooling
112 filters

Batch Norm.

RelLU




Convolutional Neural Network
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e Global time-domain pooling (Valenti, 2016)
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— different rectangular filters (Pons, 2017) (Phan, 2016)




Convolutional Neural Network

e Design of convolutional filters:
-~ spectro-temporal patterns for ASC?
— different rectangular filters (Pons, 2017) (Phan, 2016)
- multiple vertical filter shapes (Q=1,2,3,4,5)
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Convolutional Neural Network

e Design of convolutional filters:
-~ spectro-temporal patterns for ASC?
— different rectangular filters (Pons, 2017) (Phan, 2016)
- multiple vertical filter shapes (Q=1,2,3,4,5)
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Recap

e [eature engineering: e Data-driven:
-~ Freesound Extractor = log-scaled mel-spectrogram
-~ GBM -~ CNN

e Accuracy 80.8% e Accuracy: 79.9%

How different do they behave?
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Models' Comparison
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CNN performs better
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CNN performs better

Z
>
0 = o
< N H o oo o-Aooo
= T I < I~ T = o oo
-+
© o O O % m e~ ~ O A O
S Mmoo - =) — ~N O
c
o oMo o H 2 o/o o o
% 0.010 H_GOOl
..m o 0o oA g/c o H o ©
- in oMo o - -~ M~ O O O
O _ DED ® oo o o O
S M O O A \_?lOu_uJ_OO
Ty M mo~ sy comomo @l m
O © ©
(D) = © o @c © oo gln
O o T AT N NO O A moO
M X coocoolfoooowmn
o =t L
_ DI R AR
O X T — 1 T T T T T T T T 1
] (-
) E g E 22 2EEEBEE
c svegesESsSESEEE
- O S5 g BWR2sme S SB
nvyn @ = s g o S
—_— ) i .W...FE e [
Y= = u g2 5 = ]
@y - @ 2 =
O O ¢
O — |2qe] antL
>

Predicted label




Models' Comparison

-5

-3 0 00O0O0O0O0S-320

0

-1

-1 01
-1 4 0 0
-1 0
-1 0 0
0-100

0
& 9 4 1 =2-1

0 2 5

=

11010800
=21 1 -1 1

0 0

0
0O 0010

0
-3

_'l

(Confusion matrix by GBM - Confusion matrix by CNN)

cafejrestaurant|d ™

carH1l 2

city center{{1 ©
homell2 0 Sl ©

iibrary| JI9A7 2 0 0 7 1
metro station[H{?® 0 0 0 3 1 8 1

forestpathn{1 0 1 O
grocery storej{™® 0 4 014

|2ge| aniL

park_dﬂﬂl 0O 34 07 6 0

DfﬂCE—‘l 0O 0O 0 0 0 O0-3 0
residential areal{3 ¢ -1 0 0 -1 0 0 -1 0 O

Predicted label

trainH= 2 33613 0 1 0 -1 0 0 2 -l
traml422 <2 053 00 001 O0O0O0




Late Fusion

o GBM:
— prediction probabilities
e CNN:

- softmax activation values




Late Fusion

o GBM:
— prediction probabilities
e CNN:

- softmax activation values

e Late fusion approach:
- arithmetic mean + argmax

e System accuracy on development set:
- 83.0%




Results
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Challenge Ranking

e accuracy drop

e outperforming baseline by absolute 6.3 %

Systems ranking
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summary

e Ensemble of two models

e Simplicity of models:
- GBM + out-of-box feature extractor
- CNN using domain knowledge
= providing complementary information

e Simple late fusion method

e Reasonable results although room for improvement
= individual models
— fusion approach
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