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Abstract: Phoneme classification and recognition is the first step to large vocabulary
continuous speech recognition. This step represents the acoustic modeling
part of such a system. In hybrid speech recognition systems phoneme recog-
nition is made by artificial neural networks (ANN’s).
The main objective of this paper is the investigation of dynamic ANN’s,
namely the Time-Delay Neural Networks (TDNN) and Recurrent Neural
Networks (RNN) - that are the most suitable for recognition of time se-
quences. There are presented two types of TDDN’s: Focused Time-Delay
Neural Networks (FTDNN) and Distributed Time-Delay Neural Networks
(DTDNN) respectively and a Layer Recurrent Neural Network (LRNN).

The development of a phoneme recognizer application using dynamic ANN’s

for OASIS Numbers databases is also described. There are also presented the

phoneme classification experiments and the results for the ANN’s. Finally

some conclusions are drawn based on the experimental results.

Key Words: continuous speech recognition, phoneme classification, dynamic neural net-

works, OASIS Numbers

Received: September 25, 2008



6 Dynamic ANN Phoneme Recognition

1 Introduction

A state of the art statistical speech recognition system is based on Hidden Markov Models
(HMMs) [2]. Mathematically such a system can be described as fallows: given a set of acoustic
vectors (A), after the feature extraction stage, we are searching for the most probable word
sequence (W).

W ∗ = argmaxw {P (W |A)} (1.1)

The above equation can be transformed using Bayes rule as fallows:

W ∗ = argmaxw {P (A|W ) ∙ P (W )} (1.2)

In the above equation the conditioned probability P(A—W) represents the acoustic model
and the probability P(W) represents the language model part of the system.

We try to examinate in this paper an alternative way for acoustic modeling instead of Hid-
den Markov Models, one which is based on artificial neural networks (ANN’s). This approach
is widely used in hybrid HMM - ANN speech recognition systems, also called connectionist
speech recognition [2].

2 Features used for recognition

Our feature extractor module, presented in [4], extracts 39 coefficients, namely 13 Mel Fre-
quency Cepstral Coefficients (MFCC) with their first and second order time differences (delta
and double delta parameters), using a signal preprocessing preemphasis of high frequencies
with a first order FIR (Finite Impulse Response) filter and a 256 samples length Hamming
windowing with 15 % overlap.

3 The OASIS Numbers database

This continuous speech database was developed at University of Szeged, by Artificial
Intelligence Research Group for training and testing speaker independent number recognition
systems [7].

The database contains 26 short numbers and 20 long numbers each of them uttered two
times by a number of 66 speakers

All the short utterances are manually segmented and annotated. These utterances can be
used to train the system. The rest of utterances can be used for testing.

The train and test sets we used, were the recommended ones. The phoneme set consists
of 32 phonemes marked using SAMPA standard.

4 Artificial neural networks

Neural networks can be classified into static and dynamic categories. Static networks have
no feedback elements and contain no delays; the output is calculated directly from the input
through feedforward connections. In the case of dynamic networks, the output depends not
only on the current input to the network, but also on the current or previous inputs, outputs,
or states of the network.
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Dynamic networks can also be divided into two categories: those that have only feedfor-
ward connections, and those that have feedback, or recurrent connections.

Dynamic networks are generally more powerful than static networks. Because dynamic
networks have memory, they can be trained to learn sequential or time-varying patterns. This
is why they can be used in speech recognition applications, especially for phoneme recognition.

We have made earlier some experiments for phoneme recognition using static, feedforward
neural networks, and in this paper we want to examinate dynamic neural networks for the
same task.

5 Focused time-delay neural network (FTDNN)

The most straightforward dynamic network, which consists of a feedforward network with
a tapped delay line at the input is called the focused time-delay neural network (FTDNN).
This is part of a general class of dynamic networks, called focused networks, in which the
dynamics appear only at the input layer of a static multilayer feedforward network [3]. The
following figure illustrates the FTDNN which we have used for our experiments.

The network has 39 inputs, one for each MFCC, delta and double delta coefficient. The
32 outputs of the network corresponds to each phoneme from the dictionary. The transfer
function of the hidden layer is sigmoidal and for the output layer we have softmax transfer
function to consider the output values as probabilities.

Figure 1: FTDNN architecture, modified after [3]

We apply to the network input the current feature vector and from 4 up to 8 context
feature vectors using a tapped delay line (TDL) with d = 0, 1, 2, 3, 4 delay steps. Such the
39x 128 x 32 FTDNN with 4 delay lines (d = 0 : 4) has 39x5x128=24.960 input weights (IW)
and 128x32 = 4.096 layer weights (LW). The total number of network weights was 29.056.

6 Distributed time-delay neural network (DTDNN)

The DTDNN has tapped delay line memory not only at the input to the first layer but also
distributed throughout the network. The figure 2 shows the DTDNN used in our experiments.
The 39x 128 x 32 DTDNN with 4 delay lines (d1 = 0 : 4) for the input layer and 3 delay lines
(d2 = 0 : 2) for the hidden layer has 39x5x128=24.960 input weights (IW) and 128x3x32 =
12.288 layer weights (LW). The total number of network weights was 37.248.
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Figure 2: DTDNN architecture, modified after [3]

7 Layer-recurrent neural network (LRNN)

The next dynamic network to be introduced is the Layer-Recurrent Network (LRNN). An
earlier simplified version of this network was introduced by Elman [3]. In the LRNN, there is
a feedback loop, with a single delay, around each layer of the network except for the last layer.
The original Elman network had only two layers, and used a tansigmoidal transfer function
for the hidden layer and a purelinear transfer function for the output layer. The original
Elman network was trained using an approximation to the backpropagation algorithm. The
LRNN generalizes the Elman network to have an arbitrary number of layers and to have
arbitrary transfer functions in each layer. In our case we use sigmoidal transfer function for
the hidden layer and softmax for the output layer. The training of LRNN is made using the
backpropagation algorithm. The following figure illustrates the two-layer LRN we have used
for the experiments.

Figure 3: LRNN architecture, modified after [3]
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8 Recognition results

Our previous results obtained using a MLP with 39 inputs, 128 computational units in
the hidden layer and 32 outputs (39x128x32) are presented in Table 1.

We improve the recognition rates by using contextual information at the network input,
but we must increase network dimensions. The recognition result using 4 left context frames
and 4 right context frames and the current frame with a 351x128x32 MLP architecture are
presented in Table 2.

Table 1: 39x128x32 MLP results[4] Table 2: 351x128x32 MLP results[4]

Table 3: 351x128x32 MLP architecture results for each phoneme from the dictionary [4]

The recognition results for each phoneme from the dictionary are presented in Table 3.
The FTDN we used achieves better result that MLP without contextual information, and the
TDNN outperform but not significantly also the FTDNN. See Table 4 and Table 5.

We obtained the best results without contextual information using the LRNN architecture.
The recognition results are presented in Table 6.
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Table 4: FTDNN architecture results Table 5: DTDNN architecture results

Table 6: LRNN architecture results

9 Conclusions

The results confirm our expectation that dynamic networks outperform static networks
in phoneme recognition task. Using TDNN instead of static network we can slightly im-
prove recognition result, but because of the delay lines the network training takes much time.
Recurrent networks performs better than MLP and TDNN.

Using contextual information we can improve the recognition rate, but also increase the
input layer of the networks (and such increase the number of weights of network)

In comparison to other GMM and HMM based phoneme classification methods our LRNN
model provides fairly good results [1].

The tests made on the OASIS Number database shows us that the application performs
well on small and medium size databases. We want to try our system on some bigger databases
like TIMIT to compare the achieved results with state of the art phoneme recognizer systems
[8].

Our final scope is to use our phoneme recognizer as the acoustic modeling part of a
continuous speech recognition system considering the HTK Toolkit. We have developed and
presented already the language modeling part of the system in [5].
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