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Abstract We investigate in this paper a feature extraction method for a person with an articulation disorder re-
sulting from athetoid cerebral palsy. In the case of a person with this type of articulation disorder, the articulation
of the utterances tends to become unstable due to the strain placed on the speech-related muscles. In our previous
work, the feature extraction method using a convolutional neural network was proposed. In general, neural networks
require sufficient amount of training data. However, generally speaking, the amount of speech data obtained from
a person with an articulation disorder is limited because their burden is large due to strain on the speech muscles.
Because the dysarthric speech fluctuates every utterance, it is difficult to obtain the correct alignment. In this
paper, we propose a feature extraction method using adaptive restricted Boltzmann machine (ARBM). Because an
ARBM is trained separating the speaker-independent parameters and the speaker-dependent parameters expressly,
the amount of the training data can be reduced. The parameters of an ARBM are estimated using unsupervised
learning. Therefore, it is not necesary to use incorrect label information. In this paper, we report our experimental
results of speech recognition using the features extracted from our proposed method.
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Fig.1 Graphical representation of an RBM (left) and an adaptive
RBM (right)
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Step 3.

From hidden units in Step2,

train HMMs

Step 5.
From hidden units in Step4,
recognize utterance
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Step 1.
Estimate parameters using
training speakers’ speech

Step 2.

Estimate hidden units using
training speakers’ speech
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Acoustic model
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Step 4.
Estimate hidden units using training
speakers’ evaluation speech

2 JEIEE RBM =MW BRI

Fig.2 Procedure of speech recognition using an ARBM. “spk.” indicates speaker.
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Fig.3 Word recognition accuracy [%] for each speaker using the

speaker-dependent model.
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Fig.5 Word recognition accuracy [%] for speaker MGO02 using an
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Fig.6 Examples of extracted feature using an utterance /ikioi/.

(a) Spectrogram by a person with an articulation disorder,
(b) the input feature v for an ARBM, (c) the probability
distribution of hidden units p(h|v, s) given the input fea-
ture, (d) the reconstructed feature p(v|h, s). In the three
figure below, the white and the black indicate the high and
the low probability, respectively.

SN Z 4T 72 o 72, FHIFEBRICE VT, EHERE IO L CTRET
HEORMEZ R L 7. 58I, RAGEEICN L T ERE O
fifiz 177 9 .

FWE APREO—I, JST S EBFOIEEZI DT
b3,

X [
1] JBEI5EA, PR 27 FEAENATEERE G .
[2] K.-i. Yabu, T. Ifukube, and S. Aomura, “A speech synthe-

(4]

sis method using a pointing device : As a speaking aid for
speech disorders,” The journal of Japan Academy of Health
Sciences, vol.12, no.1, pp.49-57, jun 2009.

T. KOYAMA and T. SAITOH, “Efficient features for sign
language word recognition using kinect,” IEICE technical
report. ME and bio cybernetics, vol.114, no.408, pp.117—
120, Jan 2015.

X. Menndez-Pidal, J.B. Polikoff, S.M. Peters, J.E. Leonzio,
and H.T. Bunnell, “The nemours database of dysarthric
speech.,” ICSLP, pp.1962-1965, ISCA, 1996.

(5]

[6]

[7]

(8]

[9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

(18]

(19]

20]

(21]

- 326 -

H. Kim, M. Hasegawa-Johnson, A. Perlman, J. Gunderson,
T.S. Huang, K. Watkin, and S. Frame, “Dysarthric speech
database for universal access research.,” INTERSPEECH,
pp.1741-1744, ISCA, 2008.

F. Rudzicz, A.K. Namasivayam, and T. Wolff, “The torgo
database of acoustic and articulatory speech from speak-
ers with dysarthria.,” Language Resources and Evaluation,
vol.46, no.4, pp.523-541, 2012.

R. Ueda, T. Takiguchi, and Y. Ariki,
preserving voice reconstruction for articulation disorders
using text-to-speech synthesis.,” ICMI, pp.343-346, ACM,
2015.

M.J.F. Gales, “Maximum likelihood linear transformations
for hmm-based speech recognition,” Computer Speech &
Language, vol.12, no.2, pp.75-98, 1998.

M.J. Kim, J. Wang, and H. Kim, “Dysarthric speech
recognition using Kullback-Leibler divergence-based hid-
den Markov model.,” INTERSPEECH, ed. by N. Morgan,
pp-2671-2675, ISCA, 2016.

Y. LeCun, L. Bottou, Y. Bengio, and P. Haffner, “Gradient-
based learning applied to document recognition,” Proceed-
ings of the IEEE, vol.86, no.11, pp.2278-2324, 1998.

T. Nakashika, T. Takiguchi, Y. Ariki, S. Duffner, and C.
Garcia, “Dysarthric speech recognition using a convolutive
bottleneck network,” ICSP, pp.505-509, 2014.

T. Nakashika, T. Takiguchi, and Y. Minami, “Non-parallel
training in voice conversion using an adaptive restricted
boltzmann machine.,” IEEE/ACM Trans. Audio, Speech &
Language Processing, vol.24, no.11, pp.2032-2045, 2016.
Y. Freund and D. Haussler, “Unsupervised learning of dis-

“Individuality-

tributions of binary vectors using 2-layer networks.,” NIPS,
eds. by J.E. Moody, S.J. Hanson, and R. Lippmann, pp.912—
919, Morgan Kaufmann, 1991.

M. Ranzato, A. Krizhevsky, and G.E. Hinton, “Factored
3-way restricted boltzmann machines for modeling natural
images.,” AISTATS, eds. by Y.W. Teh and D.M. Titter-
ington, vol.9, pp.621-628, JMLR Proceedings, JMLR.org,
2010.

G.E. Dahl, M. Ranzato, A. rahmanMohamed, and G.E.
Hinton, “Phone recognition with the mean-covariance re-
stricted boltzmann machine.,” NIPS, eds. by J.D. Lafferty,
C.K.I. Williams, J. Shawe-Taylor, R.S. Zemel, and A. Cu-
lotta, pp.469-477, Curran Associates, Inc., 2010.

M. Ranzato and G.E. Hinton, “Modeling pixel means and
covariances using factorized third-order boltzmann ma-
chines.,” CVPR, pp.2551-2558, IEEE Computer Society,
2010.

A.L. K. Cho and T. Raiko, “Improved learning of Gaussian-
Bernoulli restricted Boltzmann machines,” Artificial Neural
Networks and Machine Learning, pp.10-17, 2011.

G.E. Hinton, S. Osindero, and Y.-W. Teh, “A fast learn-
ing algorithm for deep belief nets,” Neural Comput., vol.18,
no.7, pp.1527-1554, July 2006.

M. SHOZAKAI and G. NAGINO, “Two-dimensional visu-

alization of acoustic space by multidimensional scaling,” 1§
BRI, vol.109, pp.129-136, jul 2004.
A. Kurematsu, K. Takeda, Y. Sagisaka, S. Katagiri,

H. Kuwabara, and K. Shikano, “ATR Japanese speech
database as a tool of speech recognition and synthesis,”
Speech Communication, vol.9, no.4, pp.357-363, 1990.

J. Sammon, “A nonlinear mapping for data structure analy-
sis,” IEEE Transactions on Computers, vol.18, pp.401-409,
1969.




 
 
    
   HistoryItem_V1
   AddNumbers
        
     範囲: 全てのページ
     フォント: Times-Roman 10.5 ポイント
     オリジナル: 中央下
     オフセット: 横方向 0.00 ポイント, 縦方向 36.28 ポイント
     前置文字列: - 
     後置文字列:  -
     レジストレーションカラーを使用: いいえ
      

        
      -
     BC
     - 
     321
     TR
     1
     0
     578
     502
    
     0
     10.5000
            
                
         Both
         6
         1
         AllDoc
              

       CurrentAVDoc
          

     0.0000
     36.2835
      

        
     QITE_QuiteImposingPlus2
     QI+ 2.9a
     QI+ 2
     1
      

        
     0
     6
     5
     6
      

   1
  

 HistoryList_V1
 qi2base



