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ABSTRACT

This paper proposes recurrent neural prediction
models (RNPM) for speech recognition which are
recurrent neural networks trained as a nonlinear
predictor of speech signals. Among various
recurrent architectures, two well-known recurrent
neural networks are tested here. The RNPM does
not require any time alignment algorithm, which
allows considerable reduction of computation time
in recognition phase. Experiments on Korean digit
recognition have shown that the performance of
RNPM is a little better than that of other predictive
neural networks.

1. INTRODUCTION

Though various neural networks have been
successfully applied to many real world tasks, most
of them are not suitable for modeling time-varying
signals such as speech because their network
parameters are fixed with respect to time. In recent
years, various predictive neural networks such as
hidden control neural network (HCNN), neural
prediction model (NPM) and linked predictive
neural network (LPNN) have been proposed to cope
with this problem [1]-[3]. The predictive neural
networks are basically a sequence of multilayer
perceptron (MLP)-based nonlincar predictors, and
dynamic  programming techniques determine
transitions between MLP predictors.

The HCNN was proposed by Levin {1] where
hidden control input signals modulate the mapping
of an MLP predictor according to time with the
parameters of the MLP predictor fixed. Consider an
N finite-statc HCNN, and let c(t) be a hidden

control input signal at time  which can take its
value from a finite set {C],---,CN}. Then, its
mapping function F (-) can be switched with time
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into one of N mapping functions {E (-),---,FN ()}
by a proper choice of ¢(#) as follows:

%(1) = F(x(1=1),--,x(t - p), W,elt) = C,)
= i(x(t—l),---,x(t—p),W), (§))]

where X(#) is a predicted output vector at time ¢,
x(l - p) is the p-delayed vector of an input vector
x(7) at time £, and W is a fixed network parameter
matrix.

The NPM and LPNN were suggested by Iso and
Watanabe [2], and by Tebelskis and Waibel [3] in
which the mapping of an MLP predictor is changed
according to time by changing the whole parameters
of the MLP predictor. Consider an N finite-state
LPNN or NPM, and let w(f) be a network
parameter matrix at time ¢ which can be one of N
possible matrices W,,--+, W,,. Then, F (-) can be
changed with time into one of N mapping functions
{E(),,FN()} by a proper choice of w(f) as
follows:

—p),w(t) = Wi)
= F(x(t-1),-x(r- p)). )

Though the predictive neural networks have
shown high performances in various tasks, they
suffer from computational burden for dynamic
programming techniques.

An alternative ncural network approach to
modeling time-varying signals is various recurrent
neural networks (RNN), which can deal with time-
varying input-output relations [4]-[8]. In general,
RNNs are trained as a pattern discriminator with a
proper time-varying target function [4]. Watrous
and Shastri proposed a Gaussian function as time-

2213



varying target function [4]. Elman presented a
simple recurrent ncural network in which delayed
hidden unit outputs are fed back as supplementary
input units [5]. Bourlard and Wellekens gave a bricf
description on various recurrent neural architectures
for modeling speech dynamics [6]. Williams and
Zipser provided the exact form of a gradient
descent-based leaming algorithm for completely
recurrent neural networks running continually [7].
Lee ef al. simplified a learning algorithm of Elman’s
recurrent neural networks for a practical use with
application to speech recognition tasks [8].
Although RNN has been successful in limited
applications such as phoneme recognition, it is
difficult to find an appropriate time-varying target
function and to apply it to various speech
recognition tasks.

In this paper, we propose a new kind of
predictive neural networks, recurrent neural
prediction models (RNPM). The RNPM is layered
recurrent neural networks trained as a nonlinear
predictor of speech feature vectors. Training
algorithms are derived by applying a gradient
descent method to an accumulated prediction error.
In recognition phase, the model that scores the
smallest accumulated prediction error is selected as
a recognition result. With all merits of other
predictive neural networks [2], RNPM does not
require any, time alignment algorithm which reduces
computation time considerably in recognition phase.

Section 2 presents two well-known RNN-based
RNPM and their training algorithms. Section 3
gives experimental results, and finally Section 4
contains conclusions.

2. RECURRENT NEURAL PREDICTION
MODELS

Unlike RNNs trained as a discriminator, RNPM
models each word class independently, and does not
need a time-varying target function since it is trained
as a predictor. Morcover, since recurrent
connections provide a short-term memory for
absorbing temporal variations, RNPM does not
adopt dynamic programming processes for time
alignment, which allows to significantly alleviate
computational burden in recognition phase.

Recurrent input signals of RNPM modulate its
mapping with time just as hidden control input
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signals of HCNN do. Let r(z) be a recurrent input
signal at time ¢, the mapping function F(-) of
PRNN is time-varying as follows:

&(0) = F(x(r = 1), x(1= p). et =), W). 3

For speech recognition, HCNN, LPNN and
NPM are designed as a left-to-right finite-state
model with a forced trajectory. However, RNPM is
a more flexible finite-state model since recurrent
input signals are generated from internal
representation of the speech sequential information.

Though there can be many recurrent neural
network architectures, we consider herc two types of
RNNg, a single-layer RNN-based RNPM (SRNPM)

~ [7] and Elman’s RNN-based RNPM (ERNPM) [5],

|8] for convenience.

2.1 Single-layer RNN-based RNPM (SRNPM)

Since RNPM is trained as a nonlincar predictor, the
output units contain a linear activation function
while the hidden units contain a sigmoid activation
function. To satisfy a stable condition in training,
we remove the recurrent connections from the output
units. The structure of SRNPM is given in Fig. 1.

r(t) x(t)

I !

s(t)

Figure 1. Structure of SRNPM.

The SRNPM outputs a predicted vector x(¢)
using x(t - p),-o-,x(t ~1), and (7 —1) as input
vectors. In Fig. 1, s(f) denotes a concatenation of
x(t— p),---,x(t— 1). The input-output relation is
given as

[r(0),%(0)] =[r(z - 1),s(6)]W, @)
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where [-] denotes the concatenation operation.

The accumulated prediction error is given as
follows:

D= Znﬁ(z) —x()|F. ()

The training algorithm for SRNPM is derived by

applying gradient descent method to (4) just as

Williams and Zipser did [7]. As a result, we modify
the real-time recurrent learning (RTRL) algorithm
for SRNPM [7].

2.2 Elman’s RNN-based RNPM (ERNPM)

We consider here threc-layer, Elman-type recurrent
neural networks only for ERNPM. The structure of
ERNPM is given in Fig. 2.
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Figure 2. Structure of ERNPM.

Let an output vector of hidden units at time f be
h(7), and U,,---,U,,U,,V be weight matrices.

Then, the ERNPM can be described by the
following vector equations:

h(7) = f(ix(r—k)Uk +r(7 ~1)U,j, (6)

x(1) =n(n)Vv, (7N

where the vector function f(a) gives a vector by

applying a sigmoid function to each element of a,
and r(¢ —1) =h(z-1).
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The training algorithm is derived by applying
gradient descent method to this accumulated
prediction error (5), and is simplified for a practical
use just as Lee ef al. did [8]. In recognition phase,
the model that scores the smallest accumulated
prediction error is selected as a recognition result
both for SRNPM and ERNPM.

3. SPEECH RECOGNITION EXPERIMENTS

We have evaluated RNPM on a database of isolated
Korean digit with two versions of each digit
pronounced by 25 male speakers. The Korean digits
consist of monosyllables, and contain confusible
words such as {3 (“sam”), 4 (“sa™)}, {1 (“iI"), 2
(“T”), 7 (“chil”)} and {0 (“gong”), 5 (“oh”), 9
(“gu™)}.

As an input feature vector for each frame, 10
LPC-cepstral coefficients (excluding the O-th order
coefficient) were derived. Among 500 data, 150 data
from the first version of 15 speakers (Data A) were
used for training while 150 data from the second
version of the same 15 speakers (Data B) were used
for closed test, and 200 data from the remaining two
versions of 10 speakers (Data C) were used for open
test.

The order of predictor p is chosen as 3, and total
number of training epochs is 1000. The learning rate
is 0.001, and the number of hidden units is 5 for
SRNPM and 1l for ERNPM. For comparison,
NPM and HCNN with 8 states and the learning rate
of 0.001 were tested. The results are given in Table
1. ERNPM has shown a little higher recognition rate
than NPM and HCNN. All recognition errors
belonged to the confusible word set, some of which
may be corrected by discriminative training
algorithms [9]-[10].

4. CONCLUSIONS

In this paper, we proposed a new speech recognition
model, recurrent neural prediction models (RNPM)
which are recurrent neural networks trained as a
nonlincar predictor of speech feature vectors. Two
types of RNN were designed as RNPMs, and their
structures and training algorithms were described.
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The RNPM has all merits that other predictive
neural networks have, and does not require any time
alignment algorithm such as dynamic programming
and Viterbi algorithm. Therefore, RNPM can reduce
computational burden in recognition phase in
comparison with other predictive neural networks.

Though experimental results have shown the
cffectivencss of the RNPM, it suffers from
nondiscriminative training algorithm since it models
cach word class independently. To improve the
performance of the RNPM, we are developing the
gencralized probabilistic  descent (GPD)-based
discriminative training algorithm [9]-[10].

Another possibility of improving the
performance of RNPM-based speech recognizers is
to find a new efficient recurrent architecture which
can model both the temporal variation and spectral
variation of speech signals. Other applications such
as hand-written character recognition will be
possible, too. Further study on these may be
interesting.

Table 1. Recognition results.

MODEL [ DATAA | DATAB | DATAC

SRNPM 100.0.% 953 % 875 %

ERNPM | 100.0% | 973 % 91.0 %

NPM 1000% | 97.3% 90.5 %

HCNN 100.0% | 96.0% 89.0 %
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