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A Study on Speech Recognition using Recurrent Neural Networks
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ABSTRACT

In this paper, we investigates a relisble model of the Predictive Recumrent Neural Network for the speech recognition.
Predictive Neural Networks are modeled by syllable umits. For the given input syllable, then a model which gives the
minimum prediction error is taken &5 the recognition resuit. The Predictive Neural Network which has the structure of
recurrent metwork was composed to give the dynamic feature of the speech pattern into the network. We have compared
with the recognition ability of the Recurrent Neural Network proposed by Elman and Jordan. ETRI's SAMDORI has been
used for the speech DB. In order to find a reliable model of meural networks, the changes of two recognition rates were
compared one another in conditions of: (1) changing prediction order and the number of hidden unmits; and (2)
accumulating previous values with self-loop cocfficient in its context. The resuit shows that the optimum prediction ocder,
the pumber of hidden units, and sclf-loop coefficient have differently responded according to the structure of neural
network used. However, in general, the Jordan's recurrent metwork shows relatively higher recognition rate than Elman's.
The effects of recognition rate on the self-loop coefficient were variable according to the structures of neural network and
their values,
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Fig. 1. MLP Predictive Neural Network
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Fig. 3. Jordan Predictive Recurrent Neural Network,
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Table 1. Analysis method of speech data.
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Fig. 4. Extension of pattern according to prediction order.
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Table 2. Recognition rate of Predictive Neural Network.

et oher g7}
4 98.7 98.5
5 100.0 99.0
(3 99.3 98.0
H 3. MLP A&7 T 148 3H%]
Table. 3. Recognition mte of CHMM for isolated digits. 7 99.8 98.0
2ty 1 2 3 4
Y e 5 |10]1s 20 5 |1w|1s 20 s {1015 20 s 10|15 20
L2y 806197.0[980| 975 |[892|972(988| 993 [895(985(987] 995 {903)978/993! 978
H7r 860(94.5|960] 960 [685(92.0{%98.0| 970 |88.01970)/975| 975 89.01965]96.0] 950




66 BERYLAE HI184% B3R(1999)

F 4. AZBFASE A L34 22 AAASUAY Q2R
Table 4. Recognition rate of Recarment Predictive Neural Network.
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Table 5. Recognition rate of Recurrent Predictive Newral Network ( p=0.4).
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Table 6. Recognition rate of Recurrent Predictive Neural Network ( z=0.5).
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Table 7. Recognition rate of Recutrent Predictive Neural Network ( x=0.6).
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