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Layer k-1

Fig. 1 Example of a convolutional layer.
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Learning CBN Feature extraction
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Fig. 3 Flow of the bottle-neck feature extraction
using CBN.
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Fig. 2 Convolutive Bottleneck Network (CBN).
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Fig. 4 Example of recorded speech data.
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Table 1 Size of each feature map. (k,4 x j) indi-
cates that the layer has k maps of size i x j.

C1
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C2
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S2
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Fig. 5 Word recognition accuracy (%) for the 1st
utterances of an articulation disorder using BN-
features.
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Table 2 Word recognition accuracy as a function
of # of convolutional layers.

# of Convolutional, vs.
Fully Connected Layers | Acc.(%)
No conv, 5 full (DBN) 83.3
1 conv, 4 full (CBN) 84.7
2 conv, 3 full (CBN) 88.0
| Baseline (MFCCs) | 843

5 iR

AL TIE, BEEEELZNSE L-EFR#Eo
FHIZMIT T, BEESTETT A2 AW RHERER
EiTo7z. EBIT, HADOEBRIZ I W RENEE L
FTNENW S BEEERAOMEICH LT, Rhrxry s
DR % 5> CNN (CBN) % HWW 7= s B E %
BREL. MEEES 1423058 L LN HGER
EBRLY, BREFIEICL > T A% D MERE DS
ENL BN,

B E O FEIRCF | & L 2 SN D R E O
1, AL T2 TH D=0, S%ITHERE D%
O L CTREFIEOANIMNZHERTHTETHH.

e PN

[1] S.T. Canale, and W.C. Campbell, “Campbell’s
Operative Orthopaedics,” Mosby-Year Book,
2002.

C. Veaux et al., “Using HMM-based speech syn-

thesis to reconstruct the voice of individuals with

degenerative speech disorders,” in Interspeech,

2012.

[3] Y. Lecun, and Y. Bengio, “Convolutional net-
works for images, speech, and time-series,” in
The Handbook of Brain Theory and Neural Net-
works, 3361, 1995.

[4] Y. Lecun et al., “Gradient-based learning ap-

plied to document recognition,” in Proceeding

of the IEEE, pp. 2278-2324, 1998.

H. Lee et al., “Unsupervised feature learning for

audio classification using convolutional deep be-

lief networks,” in Advances in Neural Informa-

tion Processing Systems 22, pp. 1096-1104, 2004.

K. Vesely et al., “Convolutive bottleneck net-

work features for LVCSR,” in ASRU, pp. 42-47,

2011.

C. Plahl et al., “Hierarchical bottle neck fea-

tures for LVCSR,” in Interspeech, pp. 1197-1200,

2010.

X. Glorot and Y. Bengio, “Understanding the

difficulty of training deep feedforward neural

networks,” in International Conference on Ar-

tificial Intelligence and Statistics, pp. 249-256,

2010.

2]

[5]

20144E3 H



