Cantonese Phonemes Recognition
via the Gated Neural Network

Andrew Luk, C.P. Cheung, S.H. Leung, and W.H. Lau

Department of Electronic Engineering
City University of Hong Kong (designate)
Email: ee000alu@ CityU.edu.hk

ABSTRACT - This paper examines the idea and structure of a gated neural network
that can be used to recognize Cantonese phonemes. The idea is to partition a fully
connected multi-layered feedforward neural network (MLFNN) into a number of
functional areas, each of which is a fully connected MLFNN and responsible for a
subset of the original problem. These functional areas are activated via gated
signals generated from either some other functional areas or exiernal sources.
Prefiminary results have indicated that such network structure can achieve better
performance than the MLFNN.

INTRODUCTION

In-a previous correspondence (Leung, Luk, Liu and Lun, 1992), the formant characteristics of the
eleven vowel phonemes were examined using a new autoregressive moving average (ARMA)
algorithm. The analysis then was not automatic, phonemes had to be labelled manually. An
automated system that could identify and label Cantonese phonemes was envisioned. One possible
approach would be to use a single fully connected muiti-tayered feedforward neural network (MLFNN)
(Domany, van Hemmen and Schuiten, 1990). Unfortunately, autormnatic Cantonese phoneme
recognition via such network is a very difficult task because of the heavy computational complexity
both in the learning and recall stages. Previous work (Zahorian and Jagharghi, 1992) has shown that
for English (American) vowel phonemes classification, only about 75% of accuracy can be achieved
via back-propagated learning on a fully connected MLFNN.

This paper proposes an alternative structure, referred to as the gated neural network, which divides
the original network into smaller subunits, each of which is activated via neuronal output(s) from the
previous subunit structures or external sources. Thus the network behaves as a neuronal circuit
where outputs from the previous subunits act as neuronal gates to switch on (or off) subsequent
subunits. This biologically motivated modification greatly simplify the learning of each subunit and
make it easier to partition the original network.

The next section of this paper will introduce the idea and structure of the gated neural network. The
section that followed will concentrate on the application of such structure in Cantonese phoneme
classification; comments and discussions on the experimentai results will also be included. Finally, a
brief conclusion will be provided at the end of this paper.

GATED NEURAL NETWORKS

Neural network architectures are motivated by models of human brains and the nerve cells. In many
cases, we always simplify the brain as a single densely interconnected neural network. But,
biological research has verified that the brain, instead of being a huge single piece of computational
machine, is in fact highly localized and can be pariitioned into a number of functional areas/parts
(Noback and Demarest, 1981). These functional areas are responsible for functions such as hearing,
speech, vision, and other locomotion activities. For instance, using the Brodmann's classification
scheme (Brodmann, 1910), the brain can be parcelled into 47 areas. The Broca's speech areas are
located at areas 44 and 45. This idea can clearly be applied to the design and construction of
(artificial) neural networks, and many different interpretations of these localization effects have been
given in the literature. For instance, a simple binary tree structure (neural tree network) can be
constructed (Rahim, 1992) for English (American) phonemes classification, where each ieaf or
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terminal node at the bottom of the tree represents a phoneme. All other nodes, including the root of
the binary tree, serve as bifurcation {decision) indicators only. In such a structure, input only occurs
at the root of the network. Alternatively, a hierarchicai neurai network can be construcied, as
proposed by the authors earlier (Ng, Leung and Luk, 1992), for the classification of words. In that
network, the inputs are channelled to different subnetworks for classification operation.

Another useful idea that can be explored in the design of a neural network is stemmed from the basic
electronics. In simple sequential logic, a sequence of gates are switched on and off via some control
signals. A portion of the circuitry will be activated by one or more controi signals. These controf
sighals can be the outputs from another portion of the circuitry or from an independent signal.

These two ideas can be combined together in the design and construction of a neural network. We
term this type of networks gated neural networks (GNN). The basic concept of a gated neural
network is to allocate different parts of a job to different functional areas (or units or subnetworks) of a
hierarchical neural network. Each of this functional area will be activated by one or more control gate
signal. On the cther hand, the outputs of each functional area can be control and/or decision signals.
This is analogous to the switching circuit, where each functional area can serve as both output and
control signais. A typical example is the output of a 3-to-8 decoder, where the output can be used as
chip-select signal for some other circuitry (like a RAM module) or as an output signal to drive, say, an
LCD indicator. Figure 1 iliustrates some of the basic idea of a gated neural network.
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Figure 1: Basic Idea of a Gated Neural Network (GNN).

One of the main advantages of the proposed neural network is that not every functional area of the
neural network needs to be activated at the same instant; it is possible to activate only part of the
network depending on the type of input signals. Another major advantage is that each functional area
can accept different input signals.

In the next section, preliminary results on the application of this type of gated neural network on
Cantonese phonemes recognition will be presented.



EXPERIMENTAL RESULTS ON CANTONESE PHONEMES RECOGNITION

in our system, the raw speech data from a singie subject is sampled at 10 kHz and high frequency
emphasized. For each 256-point high frequency emphasized data, it is windowed by a 3-term
Blackman-Harris window of size 512 points with zero padding. The windowed data is then Fourier
transformed into frequency domain, its logarithmic magnitude is then computed. The 256-point
logarithmic magnitude coefficients are then grouped into a number of perceptual frequency bands via
the analysis of Cantonese phonemes (Leung, Luk, Liu and Lun, 1992). A direct application of the
perceptual frequency bands proposed earlier (Ng, Leung and Luk, 1992) will not partition the
frequency space sufficiently for good phoneme classification. It follows that additional partitioning is
needed for region where two or more loci of phonemes are closely clustered in the F1-F2 or F2-F3
diagrams (or planes), where Fi denotes the i-th formants frequency (in Hz). Such partitioning can be
used directly as input to different functional areas of the proposed gated neural network model.
Figure 2 iilustrates the overall architecture of the gated neural network for Cantonese phoneme
classification. ’

- D

Partial Input .
Vector M il Ie
& Iyl
Input VOWELS Lo /11
Speech [ .y o e/
> Partial input
huf Vector ’i‘
Partial Input \]/
Vector
Partial Input
FRONT Vect g Fe fU/
vl
H Jal
————"% Silence > /el =

—————— Onset
v ae
& (p/, A, W)

F——® (m/, Inl, IM])
-3 (vowels endings)

L

\\ ENDING j

Figure 2: Gated Neural Network for Cantonese Phonemes Recognition

Note that the functional area referred to as FRONT is used to classify the incoming frame of speech
data as either silence, onset, vowel or ending. In this preliminary work, the onset consonants are not
further subdivided into their corresponding phonemes. Since the Cantonese word usually ends with a
stop (/p/, /¥, and /k/), a vowel or a nasal (/rv, /m/ and /n/), the functional area labelled as ENDING is
used to classify the incoming frame as member(s) of these three categories of endings. On the other
hand, the vowels are recognized using five functional areas. In Figure 2, the functional area
VOWELS is activated by the vowe/ gate signal which is output from the FRONT functional area (thin
line with an open triangular head). This VOWELS functional area is then used to classify three vowel
phonemes (hamely, /oe/, /8/ and /u/) and generate four gate signals. These four gate signals are, in
turn, used to activate the four functional areas iabelied as i y', T¢’, 'a @ and 'U 2.



As mentioned earlier, the input to each functional area may be different. In Figure 2, this is denoted
by the two lines of different thickness. The inputs to functional areas FRONT, VOWELS and
ENDINGS are the same average iogaiithmic specirai values from the nine frequency bands as shown
in Table 1.

600 - 800
800 - 1000
1000 - 1300
1300 - 1600
1600 - 2000
2000 - 2400
2400 - 3200

able 1: Frequency band partitioning scheme used in
FRONT, VOWELS and ENDINGS functional areas.
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However, the frequency band patrtitioning scheme for the other functional areas are ali different. For
example, only four frequency bands are used as input in the T y' and "1 £’ functional areas. They are
iabulated as shown below in Tables 2 and 3 respectively. )

Band Frequency Range (Hz)
1 1950 - 2150
2 2150 - 2300
3 3000 - 3200
4 _3200 - 3400

Table 2: Fuc aioning ‘scheme used in 1 y' functional area.

Band Frequency Range (Hz)
1 1550 - 1750
2 1750 - 1950
3 2150 - 2300
2300 - 2450

Table 3: Frequency band partitioning scheme used in tional area.

For the other two functionai areas, another two frequency band partitioning schemes are used. The
rationale for these partitioning schemes stems from the fact that these phonemes are closely spaced
in the F1-F2 plane but not necessarily in the F2-F3 plane (Leung, Luk, Liu and Lun, 1992).
Consequently, only the fine details of these phoneme pairs in the F2-F3 plane need to be examined
by this set of functional areas.

Prefiminary result of the FRONT functional area on Cantonese phonemes recognition is given in the
following modified confusion matrix. This matrix is slightly different from the standard one because
the rows and columns do not necessary add up to a hundred percent. This is due to the fact that if
any of the output of FRONT is not greater than say 0.9, then that frame of speech data will be
considered as belonging to multiple number of categories if the values of these outputs are greater
than a predefined threshold. For instance, if no single output of the FRONT functional area is greater
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than 0.9 and there are two outputs, say onset and vowel outputs, with a value of 0.45 (which is
greater than a pre-set threshold, say, 0.25), the program will consider that particular speech frame as
both an onset and a vowel frame. On the other hand, if none of the output values in the FRONT
functional area are greater than the pre-set threshold, that frame is unclassified and will be skipped.
Consequently, the rows and columns of the confusion matrix will not necessarily add up to a hundred
percent.

g Silence Onset Vowel Ending
Silence 98.59% 1.67% 0.00% 0.29%
Onset 0.00% 43.00% 53.11% 11.21%
Vowel 0.00% 19.61% 75.65% 13.34%
Ending 0.02% 0.37% 2.87% 92.63%

Modffied confusion matrix for the FRONT functional area

Note that the FRONT functional area has a very good discriminating power (over 90%) with the
silence and ending speech frame. On the other hand, the onset is frequently confused with the
vowels and a number of vowel frames are also considered as onset or ending. This is quite natural
because the speech frame are non-overlapping and it is possible that the speech frame of 256
sampled points may include more than one phoneme. For instance, the stop onset in the Cantonese
word /> (/t/ /a/ Ip/) is very short. Therefore, when sampled at 10 kHz, it may inciude the phoneme
/alinits speech frame.

Once the input speech vector has passed through the first functional area, a number of gate signais
will be activated. If the input is a vowel frame, a vowel gate signal wilt be output. This signal will then
activate the VOWELS functional area. The modified confusion matrix for the VOWEL functional area
is shown below:

iy ie oe 6 aw u u>s
iy 99.77% 0.12% 0.16% 0.00% 0.00% 0.14% 0.00%
Ie 0.10% 99.66% 0.15% 0.06% 0.00% 0.00% 0.00%
oe 0.19% 0.34% 99.28% 0.28% 0.21% 0.00% 0.00%
] 0.00% 0.00% 0.31% 99.33% 0.39% 0.00% 0.12%
ae 0.00% 0.00% 011% 0.25% 99.59% 0.00% 0.24%
u 0.33% 0.01% 0.00% 0.00% 0.00% 99.48% 0.30%
Uos 0.00% 0.12% 0.00% 0.17% 0.16% 0.17% 99.72%

Modified confusion matrix for the VOWELS functional area

Similarly, in the preliminary resuits, high recognition rate (over 99% correct classification) are
obtained for the rest of the functional areas. This may not seem surprising because the FRONT
functional area has already identified the incoming speech frame as belonging to one of the four
categories of output. Consequently. the potential error frames (i.e. those that belong to muitiple
categories or none of the categories) have already been screened out by the first FRONT functional
area. Subsequent recognition by the VOWELS and other functional areas wili be more accurate
since these speech frames can be easily classified.

CONCLUSIONS

This paper introduces the idea and structure of the gated neural network. Localization in brain
functions and electronic switching circuitry are combined to form a flexible network. ts application in
Cantonese phonemes recognition is outlined. Preliminary results have indicated that such network
can perform better than the standard MLFNN. Furthermore, the decomposition of a single huge



network into smaller functional areas (or subnetworks) enables a simple training strategy to be used
in each of the functional area. Each functional area only requires to train on its specific outputs,
which is a subset of the original problem. Different ievels of generalization can be introduced at
various stages of the gated neural network. Indeed, the gated neural network can be viewed as a
generalized tree structure with independent activations at each node.

The preliminary results reported in this paper is based on a single male human subject and a corpus
of about a hundred specially selected Cantonese words, which inciude all the possible know
combination of the Cantonese phonemes. Consequently, good recognition rate can be achieved for
this small database. Future work will including expanding the current database to include other
commonly used Cantonese words and multiple speakers. Additional functional areas are also added
to the current network for consonant recognition. The performance of these additional units will be
reporied in future correspondences.
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