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ABSTRACT

This paper attempts to perform text-to-phoneme conversion by using recurrent neural net-
works trained with the real time recurrent learning (RTRL) algorithm. As recurrent neural
networks deal well with spatial temporal problems, they are proposed to tackle the prob-
lem of converting English text streams into their corresponding phonetic transcriptions. We
found that, due to the high computational complexity, the original RTRL algorithm takes a
long time to finish the learning. We propose a fast RTRL algorithm (FRTRL), with a lower
computational complexity, to shorten the time consumed in the learning process.

1. Introduction

The real time recurrent learning (RTRL) algorithm
is a gradient-following learning algorithm, derived
by William and Zipser [1], for fully connected re-
current neural networks. In RTRL networks!, the
signals emerging from each processing node of the
output layer are fed back to every processing node.
Thus, the state of the outputs at the current time
step is determined by the previous output states
and the current inputs. The feedback paths and
the states enable the network to encode the tempo-
ral relationships of the input sequences. Researches
have shown that RTRL networks are good predic-
tors [2-3], and they are suitable for solving spatio-
temporal problems [4]. Therefore, this paper pro-
poses an application of RTRL networks to text-to-
phoneme conversion.

Text-to-phoneme conversion is a preliminary step
in text-to-speech synthesis [5]. It plays an impor-
tant role in affecting the degree of naturalness and
understanding of synthetic speech. In text-to-
phoneme conversion, English words are converted
into phonetic transcriptions which are exact repre-
sentations of pronunciation. There are several at-
tempts [6-8] that apply neural networks to convert
text into phonetic transcriptions. For instance, in
the NETtalk system [6], the assignment of the pho-
nemes partly depends on the relationships between
the target letter and its nearby letters. That is,
the spatial and temporal information within the in-
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1The term RTRL network denotes the fully connected
recurrent networks trained with the RTRL algorithm.

coming text sequences are important factors that
should be considered. Therefore, this paper pro-
poses to use RTRL networks for text-to-phoneme
conversion.

However, the computational complexity of the
RTRL algorithm is O(n*), where n is the number
of processing nodes in the output layer of the RTRL
network. This feature of the algorithm implies a
high computational burden in the training phase
of the algorithm, especially when the RTRL net-
work scales up. Several techniques [4, 9, 10] have
been published for improving the rate of conver-
gence of the RTRL algorithm. These techniques
include dividing the RTRL network into a number
of subnetworks [9], changing the error function [4],
and modifying the training strategy [10]. However,
our proposed technique, FRTRL algorithm, aims at
speeding up the training phase as the network scales
up while maintaining the feature (fully connected)
of RTRL networks. This is implemented by confin-
ing the error backpropagation to some randomly se-
lected connections that link between the input and
the output layers or within the output layer.

2. Theoretical model of the FRTRL Al-
gorithm

The main objective of the RTRL algorithm is to
minimize the error function,
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through updating the weight matrix W. In Equa-
tion 1, F(t) denotes the network error at time %.
Moreover, ex(t) represents the error between the
desired output di(t) and the actual output yx(t) at
time ¢, where k belongs to the set 7°(¢) of processing
nodes with teaching status, at time ¢. The weight
matrix W consists of two sets of weights. Where
the weights represent the strength of the connec-
tions between the inputs and processing nodes, we
denote them as inter-weights (i.e., w;; V¢ € U and
J € I, where U and I are the set of processing
and input nodes, respectively). On the other hand,
if the weights represent the strength of the recur-
rent paths, we denote them as intra-weights (i.e.,
w” V i,j € U). For each learning cycle, the small
change of each element in the weight matrix is cal-
culated by
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where « is the learning rate. Then, the weight ma-
trix 1s updated by

wij(t+1) = wi; () + Awi; (t)
and
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wii(t +1) = w; (1) + Aw; (1) ¥ i5€U. (5)

Refering to the mathematical analysis of the
RTRL algorithm [1], the only difference between the
RTRL and the FRTRL algorithms is the updating
procedure of the learning sensitivity terms: Pj} and

PL-I;“ . These sensitivity terms describe the influences
on the output of the processing nodes through the
change of the weight matrix. Thus, P5(t) (= M)

Ow;;

and P; "(t) (= L"(ri—z) represent the learning sensi-

tivities of the processmg nodes with respect to the
change in inter-weights and intra-weights, respec-
tively, at time ¢.

In the original algorithm, PZ’; and P;; ¥ are up-
dated by
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8ik is the Kronecker delta, and f'[ ] denotes the
derivative of the sigmoid function f[]. These up-
dating processes dominate the total number of com-
putations in each learning cycle. However, in the
FRTRL algorithm, some of the elements in the
intra-weight matrix (w;] with ¢ # j) are fixed at
an initial value. Moreover, throughout the learning
phase, these elements will not be updated. There-
fore, we have
Aw:-j(t) = « Z ek(t)P,-,]-k(t) =0
kET(t)
VijeU and i #j.
In order to vanish the specified Aw,,
set the constraint
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Under these constraints, the complexity of the
RTRL algorithm is reduced from O(n*) to O(n3).
We have defined the RTRL network with m in-
put nodes and n processing nodes in the input and
the output layers respectively. - The sensitivity
terms P,’; and P/ ¥ are updated as in Equations 6

and 7, respectlvely According to Equation 6, P

is calculated by adding n products of the terms wk,
and P’ and then scaling with f'[S; (t)]. Therefore,
the number of mathematical operatlons for each Pk

is n + 1. There are totally n?m of lej in the net—
work. Thus, the number of computa‘mons m Equa-
tion 6 is an[n + 1] (= n®m + n?m). According
to Equation 7, the number of mathematical opera-
tions for each P”k is the same as that of each Pf
(ie., n+1). There are n® of P} to be updated in
each learning cycle of the RTRL algorithm. How-
ever, there are only n? of P ¥ to be updated in
each learning cycle of the FRTRL algorithm. Thus,
the total numbers of computations of the RTRL
and the FRTRL algomthms are [n + 1][n® + n’m]
(= n +n m+n + n’m) and [n + 1][n? + n’m)]
= n®m + n% + n?m 4 n?), respectively. In both
algorithms, the number of computations in updat-
ing the sensitivity terms dominates the total num-
ber of computations in each learning cycle. By
comparing the terms n* + n®m + n® + n%m and
n3m+n?m+n3+4n?, the complexities of the RTRL
and the FRTRL algorithms are O(n*) and O(n?),
respectively.

Conceptually, if we fill P;J’“ into a 3-dimensional
matrix, all elements excepting those which fall on
the diagonal plane of the matrix are vanished.
Therefore, all the computations confine to the ma-
trix elements within the diagonal plane. As the



size of the matrix increases, the ratio between the
number of elements within the diagonal plane and
the total number of elements in the matrix becomes
smaller. Thus, as the network scales up, the number
of computations of the FRTRL algorithm is appar-
ently smaller as compared with that of the RTRL
algorithm.

However, in some applications, there is a large
number of input nodes in the RTRL network. This
leads to a large inter-weight matrix and a large
number of sensitivity terms P,-'}. Therefore, in the
FRTRL algorithm, a specific number of randomly
selected elements in the inter-weight matrix (w;;)
will be kept constant throughout the learning phase.
This can be achieved by setting PZ’; = 0 for some
randomly selected i. Hence, the complexity of the
FRTRL algorithm can be further reduced. A num-
ber of inter-weights is chosen for backpropagating
the error. In order to maintain the generalization
capability and the convergency ability of the net-
work, those inter-weights are randomly selected. A
specific number r is assigned to be the number of
inter-weights responsible for backpropagating the
error to each input node. Therefore, the total num-
ber of inter-weights that should be updated in each
learning cycle is only mr (0 < r < n) in the FRTRL
algorithm instead of mn in the RTRL algorithm.
Thus, for those inter-weights w;; that should be
kept constant, we have
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where U’ contains n—r elements randomly selected
from U. That is, we need to set the constraint
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3. Results and Discussions

In the experiments, a subset of the NETtalk[6]
database is used as the training set. When one En-
glish letter of the incoming text stream is input to
the network, the network outputs its corresponding
phoneme. The letters and the phonemes were rep-
resented in different ways [6]. The letters were rep-
resented by 29 dedicated units, one for each letter of
the alphabet, plus an additional 3 units to encode
punctuations and word boundaries. The whole set
of phonemes were classified by 21 articulatory fea-
tures and 5 additional units encoding stress and syl-
lable boundaries. Thus, the total number of actual
outputs of the network is 26.

The network is designed to be fully connected
with 30 input nodes (including bias). The learn-
ing rate (o) was set to 1.05 and the initial values
of the fixed intra-weights (w;-]- V i # j) were set

to-0.05. With the above settings, several networks
(with various numbers of processing nodes and var-
ious values for the specific number r) were trained
until 5 training epochs® have been reached. The
training set consists of 1001 training patterns. The
amount of CPU time consumed for different net-
work sizes is illustrated in Figure 1. As shown in
Figure 1, the FRTRL algorithm diminishes the com-
putation time as compared with the original algo-
rithm.

We not only investigate the computational com-
plexity of the FRTRL algorithm, but also investi-
gate its generalization capability and convergency
ability in the task of text-to-phoneme conversion.
In the second experiment, the RTRL network was
set with o = 1.05, w;; = 0.05 Vi # j, and r = n =
35. The training sequence and the unseen test set
consist of 957 and 934 words (8079 and 5961 pat-
terns), respectively. Both were randomly selected
from the NETtalk database. Each output vector is
represented by a 26-bit codeword. The most signif-
icant 21 bits and the remaining 5 bits of the code-
word represent the phoneme and its corresponding
stress or syllable boundary, respectively. A thresh-
old of 0.5 was set such that when the actual output
value is greater than the threshold, the correspond-
ing bit of the codeword was set to ‘1’; otherwise,
it was set to ‘0’. Therefore, each bit of the code-
word is either a ‘0’ or a ‘1’. If all the 26 bits of
one codeword are exactly the same as that of the
desired phoneme, this output phoneme is said to
be correct. Figure 2 shows the accuracy (percent-
age of correct) of the output phonemes for various
numbers of training epochs. The accuracies of the
network obtained by the training and the test sets
are very close. This shows that the RTRL network
does generalize the relationship between the input
text and its corresponding phonetic transcriptions.

Throughout the experiment, the RTRL and the
FRTRL algorithms were operated in turn. When
the mean-square-error of the target output nodes
starts to increase, all the inter- and intra-weights
were updated using the RTRL algorithm. Once
the mean-square-error stops increasing, those spec-
ified weights were freezed again. After 72 training
epochs, the accuracy of the output phonemes for
the test set is 55.63%, and the accuracy increases
as the number of epochs increases. The same train-
ing set, test set, and parameter settings were used
to train a Backpropagation (BP) network® with 14
hidden nodes. In this case, after 72 training epochs,
the accuracy of the output phonemes for the test set
is 36.29%, which is significantly lower than that of
the FRTRL network.

20ne training epoch is defined as the presentation of the
whole training set once.

3The term BP network denotes the feedforward networks
trained with the Back-propagation algorithm.



To improve the conversion accuracy, an output
post-processing technique is proposed. Instead of
using a threshold to make the network outputs to
be either ‘0’ or ‘1’, the actual values of the out-
puts were compared with two codebooks, A and B.
Codebook A, with 54 entries; is formed by the 21-
bit codewords, and codebook B, with 6 entries, is
formed by the 5-bit codewords. Therefore, each
entry of codebook A represents a phoneme, while
that of codebook B represents a type of stresses
or a syllable boundary. Each of the output vec-
tors comsists of 26 numbers ranging from 0 to 1,
and each vector was divided into two parts - the
first 21 numbers and the remaining five numbers.
For each output vector, entries of codebooks A and
B with the smallest Euclidean distance to the two
parts of the output vector were found. If the cor-
responding phoneme and stress are identical to the
desired one, the output vector is said to be correct.
With this post-processing step, there is improve-
ment in the accuracies of the FRTRL network and
the BP network. The accuracies are 62.83% for the
FRTRL network and 54.99% for the BP network.
However, they are not comparable with the average
accuracy (77%) of the NETtalk system stated in [6].
This is because only one-twentieth of the NETtalk
database had been used as the training set in our
experiments and the test set used in [6] is the same
as ours.

In NETtalk, the temporal information of the in-
put text streams is encoded by converting temporal
features into spatial features. This is implemented
by using a window with seven consecutive letters,
and the window shifts for one letter over the text
stream for each learning cycle. However, in our pro-
posed network architecture, only one letter is pre-
sented to the network in each learning cycle. The
temporal information of the input text streams is
encoded by the weighted recurrent paths. Thus, in
our proposed method, the weight matrix is appar-
ently smaller because the number of input nodes
is reduced by one seventh. Moreover, the window
size does not need to be defined in advance. Even
though the smallest unit (one letter) is presented to
the network, the temporal information can still be
learnt.

4. Conclusion

Recurrent neural networks with the fast real time
recurrent learning (FRTRL) algorithm is proposed
for encoding the spatio-temporal information in
text-to-phoneme conversion. The proposed FRTRL
algorithm aims at reducing the computational com-
plexity of the RTRL algorithm in order to make the
training time being feasible. With the evidence of
the experimental results, the ratio of the computa-
tional time of the FRTRL and the RTRL algorithms

becomes smaller as the RTRL network scales up.
Moreover, in the task of text-to-phoneme conver-
sion, the recurrent neural networks is significantly
smaller in size and achieve better ~ performance
as compare to that of the feedforward networks.
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Fig. 2: The accuracy of the output phonemes with different number of training epochs.



