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ABSTRACT

A new network model, U-net, is proposed to recognize
continuous speech, based on the non-uniform unit
which is a kind of acoustic sub-word unit. In this
model, input speech can be segmented into units by
using a part of the network before classification. The
unit has steady states at the boundaries and a tran-
sient state in the middle. The network structure is
designed according to the structure of the unit. The
steady states and transient state are recognized by
separate networks and different feature parameters
are used. For the transient part a delta parameter is
used. The segmentation net is trained to reduce the
number of unit classes.

1. INTRODUCTION

In recent years, neural network models have been pro-
posed which recognize phones in continuous speech
or isolated words. In continuous speech recognition
using neural networks, the problem of how to seg-
ment speech is one of the most difficult. Many neu-
ral network models, such as TDNN [1] and recurrent
network models [2], do not attempt to segment the
input speech into predefined units before recognition.
Those models recognize the phonemes by shifting the
input region by one frame. Besides, many percep-
tron models and SOFM [3] use frames as their units.
In our model, segmentation and recognition are sepa-~
rated and both of them are implemented by network.

The spectral transition measure({4] is used for seg-
mentation in this model. The measure represents the
change of spectrum. A high value means a rapid
change of speech. Some researchers used peaks of
spectral changes to segment speech into acoustic sub-
word units [5], and each speech interval is partitioned
into spectrally homogeneous regions [6]. However, it
may not be stable to use the transition parts as unit
boundaries, because a small change of a segmentation
point can cause an error.

In our model, a non-uniform unit [7] is proposed
where segmentation is based on the valley of spectral
change. The input speech is cut out at points where
the values of the measure are local minima, and the
segmented region bounded by the two points is de-
fined as a new unit as shown in figure 1. Because the
speech is segmented at the point where the change
is slow, a small shift in the segmentation point does

EUROSPEECH ’95, Madrid, Spain, September 1995

KOREA

input
speech H
spectral ]

transition < N3
measure

new defined units

t transition f{ transition ¢
stable stable stable

Figure 1: Definition of non-uniform unit

not affect the result. Moreover, the unit has two sta-
tionary parts at the boundaries of the unit, and a
transition part in the middle. In our network model,
the recognizer is designed according to the structure
of the unit. A unit can have an arbitrary number of
units, up to four, so it can absorb the co-articulation
effect occurring among several phonemes. A word can
be composed of different set of units, because the lo-
cation of steady states can vary for every utterance
of the same word.

We propose a new network, U-net, which can model
the internal structure of the non-uniform units for
continuous speech recognition. The speech input is
divided into stationary and transition regions accord-
ing to the unit, and different feature parameters and
separate networks are used.

2. ARCHITECTURE OF U-NET

The basic system architecture is shown in Figure 2.
The model is composed of two subnets : segmentation
and classification. The segmentation net is composed
of three components : the REG, STM, and MIN lay-
ers, while the classification net has six components :
two stationary nets, three transition nets, and a com-
posite net. Each component has one layer.

2.1. Segmentation net

The segmentation net segments the continuous speech
input into non-uniform units. Its input is a matrix
of 14 by 7 for 14th-order mel-cepstral coeflicients of
seven time frames, shifted one frame for each time.
The first layer of the segmentation net is the REG
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Figure 2: Architecture of the U-net

which has 14 output nodes of

N

rm(t) = Y Zm(t+n)-wl,

n=—N

1<m<p

where the input z,.{t 4+ n) is the m-th component of
the mel-cepstral coefficient at time t+n, N = 3, p
is the order, the weights are fixed to w] = n, and
T {t) is the output of the m-th node at time t. The
outputs of the REG layer are regression coefficients
which represent the slope of the time function of input
parameters [4].

The second layer of the segmentation net is the
STM which has the output value at time t,

s(t) =) | rm(t) | wp,

where w;, is the weight between mth input node and
the output node of STM layer. The output value
s(t) is the spectral transition measure [4] weighted
to reduce the segmentation variation of the units. A
high value of the output implies that the spectrum
changes rapidly. The weights are trained to minimize
the number of units determined by the segmentation
net.

The third layer is MIN layer. It gets input from
seven output nodes of seven second layers, and has
one output layer. The output value at time t is

=fu(6— Y fuls(t +n) - s(t)))

where the function f3() is the hard limiting nonlinear-
ity, and 0 < 8 < 1is a threshold. The output is active
when s(t) is the minimum of s(t+n), -N < n< N, N
= 3, that is, the value of weighted spectral transition
measure at time t is the local minimum.
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The input vector stream is cut out between the two
points where the output of the MIN layer is active.
This means that the input is segmented at the point
where spectral change is relatively slow. The position
can also be regarded as the stationary point of the
input, and the region bounded by the points can be
regarded as the transition part, since the spectrum
changes rapidly between the two points.

2.2. Classification net

The feature vectors in the segmented region are fed
to the classification net (figure 3). The vectors at
the two boundary points are input to the stationary
nets, and the vectors in the transition part are in-
put to the transition nets. The features are chosen
to represent the characteristics of the two separate
regions. The features for stationary nets are mel-
cepstral coefficients, and those for transition nets are
regression coefficients, that is, delta mel-cepstral co-
efficients, which can represent the temporal aspects of
speech. The stationary nets and transition nets work
as vector quantizers, and their outputs are input to
the composite net, whose output is the result unit,
i.e., the phone series.

A vector of mel-cepstral coefficients at a stationary
point is fed to a stationary net. Hence, the number
of input nodes of a stationary net is the same as the
order of the coefficients. The activation a;{k) for the
jth output neuron of kth stationary net is calculated
to

a’j(k) Z | zj — wz]

where k = 1 for the start frame, k = 2 for the end
frame, wf; is a weight between ith input node and
jth output node of stationary net, and z; is the jth

component of input feature vector.
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Figure 3: Classification net

The stationary net works as a vector quantizer of
the feature vectors at stationary points, and the num-
ber of the output nodes of the net is increased in
training processes as explained in section 3.2.

There are three transition nets in the classification
net. The number of input nodes of a transition net
is the same as the analysis order. For a unit, the
input of the three nets is comprised of three vectors
of delta mel-cepstral coefficients, which is the output
of the REG layer in the segmentation net. The input
for transition nets are extracted from three separate
frames in a unit. One input vector is from the frame
at time t,, where the spectral transition measure has
a peak value. Another is from the middle of the start
of the unit and ¢, and the last is from the middle of
the end of the unit and ¢,. That is, the input for the
three transition net is from the three points,

o= Lt —t)/2]
ta = 1,

o= [(t=t)/2

Here, t, and t, are start and end points of a unit
respectively, which are stationary points. The activa-
tion b;(k) for the jth output node of the kth transition
net is calculated to

P

b(k
bik) = Y 25— wif)|

i=1
where wf(k) is a weight between the #th input node
and jth output node of the kth transition net, 1 < k <
3, and z; is the jth component of the input feature
vector.

The output nodes of two stationary nets and three
transition nets are connected to input nodes of the
composite net. The number of the input nodes of the
composite net is the sum of the output nodes of the
stationary and transition nets. Because the numbers
of output nodes of the stationary and transition nets
vary in training, the number of input nodes of the
composite net varies correspondingly, and so does the
number of output nodes. The number of output nodes
is the same as the number of the units defined so far.
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The activation u; for the jth output node of com-
posite net is calculated to

N(a) 3 N(3(k))

laj(k) —wgf |+ Y Y 1bi(k) —wlf
k=1 i=1

k=1 i=

-

where N(a) is the number of output nodes of a sta-
tionary net, and N{b(k)) is the number of output
nodes of the k th transition net, wf is the weight
between the ith output node of stationary net and
the jth output node of composite net, and wz’; is the
weight between the ith output node of the transition
net and the jth output node of the composite net.
Finally, the phonemes that are included in the unit,
whose corresponding output node has the minimum
activation, are selected as the result.

3. TRAINING

The networks are trained by using phone labeled con-
tinuous speech. After the SEG net segments the
speech input, the phone series that are included in
the segment are regarded as a unit. If the unit has
not already been registered, the output nodes for the
new unit are created. The layers of the classification
net are trained separately. The lower two layers are
trained by unsupervised learning, and then the com-
posite layer is trained by supervised learning.

3.1. Training the STM layer of the
segmentation net

In the segmentation net, only STM net is trained, and
the other layers are fixed as explained in section 2.1.
A small set of training data is used for STM layer
training. The object function of the training is the
number of unit classes segmented using the segmen-
tation net. The weights are trained to reduced the
object function.

At first, the weights are initialized to 1.0, which
makes the output the ordinary spectral transition
measure. A small increment value is decided and
added to a weight in turn, then the number of unit
classes are evaluated using the segmentation net and
the training data. If the change of the weight re-
duces the number of unit classes, the increment value
is added again and the process is repeated until the
number of classes is not reduced. If the number of
classes is not reduced at first, the weight is decreased
by the amount of the increment value, and the same
process is repeated if the number of classes is de-
creased. After all the weights have been tested, the
cycle is repeated. For each cycle, if there is no change
in the weights, the increment value is increased by a
small amount.

The net also can be trained by using simulated an-
nealing and Boltman machines using the number of
unit classes as an object function.

3.2. Training the stationary and transition
nets

Training of the stationary net begins with a code-
book of size zero. The input vectors for training the
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stationary net are those at the ends of a unit, and
the weights of the stationary net work as codevec-
tors. For a new input vector # from a stationary
frame, a code vector &, is selected from a codebook
{u')';‘: established previously, such that the distance
[|€m — Z|| is the minimum. If the minimum distance is
greater than a threshold, or there is no code vector,
Z becomes a new code vector, and the codebook size
is increased by one. If the minimum distance is less
than the threshold, the code vector &, is updated by

Gty *ny+ F

where 7, is the number of input feature vectors used
for updating ¢, up to the time t, and n;,; becomes
n; + 1. As the result, ¢, becomes the new center of
the class which it belongs.

To recognize a unit, two stationary nets are needed
at the start and end frames of a unit. However, the
weights of one stationary net are just the mirror im-
age of the other, because the two nets work exactly
the same. The start frame of a unit is also an end
frame of the preceding unit.

Training of the transition net is the same as that of
the stationary net, except that the vectors for training
come from three frames where the value of spectral
transition measure is that of a local maximum and its
neighbors, as explained in section 2.2.

4. EXPERIMENTS

The system was tested by using continuous Korean
speech of a train ticket reservation task of vocabu-
lary size fifty, uttered by 10 male speakers. The in-
put speech wave was sampled at 16 kHz, and a 16
msec Hamming window was applied to the speech
every 8 msec, and 14th-order lpc cepstral coefficients
were extracted from each of these frames. The similar
phonemes were grouped into 14 groups to reduce the
number of unit classes.

First, the STM net in the segmentation net was
trained as explained in section 3.1 by using a training
set of 300 sentences. Figure 4 shows that the number
of classes decreased by 14% after about 40000 itera-
tions, in comparison with the results of an ordinary

number of classes

290
270
250
230 4 : | ——ri
0 10000 20000 30000 40000
iterations

Figure 4: Traning segmentation net
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spectral transition measure. The test was performed
by using 200 sentences, and a unit recognition rate of
72.5 % was achieved.

5. CONCLUSION

In this paper we have proposed a new network model,
U-net, which can model an acoustic sub-word unit,
the non-uniform unit, for continuous speech recog-
nition. The unit has its segmentation boundaries at
steady states, so that a unit can contain a whole tran-
sient portion bounded by them. The network archi-
tecture is designed according to the structure of the
unit. It is divided into segmentation and classification
nets. The classification net is composed of stationary,
transition and composite nets. Two different regions
of speech, the steady and transient states, are recog-
nized separately, and different feature parameters are
used. The segmentation net is trained to reduce the
number of segmented unit classes. The experiments
show that the unit and the network model are effec-
tive in recognizing speech. The unit has a problem in
that it has too many classes, so a totally unsupervised
learning method is under consideration.
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