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Abstract

In our previous work [1], a novel method of utiliz-
ing a set of fully connected recurrent neural networks
(RNNs) for speech modeling has been proposed. De-
spite the effectiveness of the RNN model in character-
izing individual speech units, the system performs less
satisfactorily for speech recognition due to poor dis-
crimination between models. In this paper, an efficient
discriminative training procedure is developed for the
RNN based recognition system. By using discrimina-
tive training, each RNN speech model is adjusted to
reduce its distance from the designated speech unit
while increase distances from the others. In addition,
a duration-screening process is introduced to enhance
the discriminating power of the recognition system.
Speaker-dependent recognition experiments have been
carried out for 1) 11 isolated Cantonese digits, 2) 58
very confusing Cantonese C'V syllables, and 3) 20 En-
glish isolated words. The recognition rates attained
are 90.9%, 86.7% and 93.5% respectively.

I. Introduction

Recurrent neural networks (RNNs) have been intro-
duced to deal with sequential or time-varying input
[2]. Recurrent connections between neurons allow the
network response to depend on both the current input
pattern and the previous state of the network itself.
This dynamic property is very useful for RNNs to cap-
ture the temporal characteristics of input patterns.

In {1], a recurrent neural network based approach
for speech modeling was described. In this approach,
each distinct speech unit, which typically corresponds
to an isolated word, is modeled by a fully connected
RNN. The proposed RNN speech model represents the
speech unit as a temporal sequence of neuron activa-
tion states. Each activation state therefore is related
to a phonetic segment of the speech unit. Given a
specific state sequence, a temporal error function is
defined as follows,

T’
= (1/T) Z (1)

where T is the length of the input feature sequence,
{d(l) d(2) ( )} is the ideal output required for
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producing the given state sequence, and {g(1), %(2),
-+, Y(T)} is the actual output of the RNN.

In general the value of F indicates how effectively
the RNN model has been trained to represent the des-
ignated speech unit. For recognition purpose, E can
also be used as a distance measure between an un-
known utterance and the RNN model. Figure 1 shows
the schematic diagram of an RNN based speech rec-
ognizer.

recognition
result
selecting the
minimum E
// N
RNN model for RNN model for RNN inodel for
speech unit | speech unit 2 speech unit C

Sfeature
sequence

acoustic
features
extraction

input utterance

Figure 1: The RNN based speech recognizer {1]

This simple recognition scheme has been evaluated
in an application with small vocabulary size - 11 iso-
lated Cantonese digits [1]. (Cantonese is a commonly
used Chinese dialect and is a typical monosyllabic and
tonal language.) In the multi-speaker case, the recog-
nition accuracy was about 83%. Major confusion was
observed between syllables which have similar pho-
netic components, e.g. /jat/, /tsat/, /bat/ and /sap/
are easily confused because of the same vowel part.
This is because the RNN model has been trained indi-
vidually using “positive examples” only. It may learn
a lot about the designated speech unit but have no
idea of how this word is different from the others. Fur-
thermore, some of the RNN models were found to be
over-trained and produced small F for many irrelevant
utterances and caused recognition errors. To circum-
vent these problems, mutual discriminative training
between the RNN models is required.
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speech features do not depend much on tones. From
the system design point of view, syllables with the
same syllabic structure but different tones are grouped
into a single pattern class. For example, /si/ has 6
different tones and all of them are represented by one
RNN model.

A single speaker recognition system has been built
using 10 sets of training data from a male speaker.
Another 10 data sets are used for testing. Each data
set contains all the 171 different tonal syllables. How-
ever, the tone identity is disregarded in both system
training and recognition tests. Each RNN syllable
mode] has 10 neurons. The number of output neurons,
or equivalently the number of phonetic segments be-
ing modeled, varies from 2 to 4 depending on syllabic
structures.

The 58 syllable models obtained by individual train-
ing were divided into 7 groups, namely /a/-group, /e/-
group, /i/-group, /o/-group, /u/-group, /y/-group and
/ee/-group. Syllables within a group share the same
V and are very confusing. Preliminary experiments
reveal that the best recognition rate for the /a/-group
syllables is below 60% if no discriminative training is
applied. Discriminative training is carried out first
within the confusing groups and the resulted intra-
group recognition rates are given in Table 3.

/a/-group | /e/-group | /ij-group | jo/-group
90.2% 95.0% 86.0% 91.2%
/u/-group | /y/-gioup | Joe/-group
96.0% 91.1% 90.0%

Table 3: Recognition rates within the 7 confusing
groups. Intra-group discriminative training has been
applied with v = 10, £ = 1.0 and = 0.01

All of the 58 RNNs are assembled to form the com-
plete syllable recognizer. Without further discrimina-
tive training, significant cross-group confusion is ob-
served mainly between /o/-group and /u/-group and
between /e/-group and /y/-group. Specifically a num-
ber of /fu/ utterances and /jy/ utterances are mis-
classified as /fo/ and /be/ or /de/ respectively. The
overall recognition rate at this stage is 84.5%.

Then discriminative training is applied among all
RNN models. The values of v, £ and 7 are chosen to be
10.0, 1.0 and 0.005 respectively. The ultimate recog-
nition rate is 86.7%. Throughout the experiment, a
duration-screening process has been employed and the
duration constraints being used are obtained by relax-
ing the duration ranges of training data by 30%.

Recognition of English Polysyllabic Words

To illustrate the potential applications of the pro-
posed recognition system for other spoken languages,
the following experiment has been conducted. The
vocabulary consists of English digits “0” - “9” and
10 computer-related words (“enter”, “erase”, “go”,
“help”, “no”, “rubout”, “repeat”, “stop”, “start” and
“yes”). The speech material is obtained from the TI146
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Speaker-Dependent Isolated Word Cerpus. 10 sets of
data from a male speaker (speaker code = “M1”) are
used to build the system and another 16 sets from the
same speaker are used for testing.

First of all, 20 RNN word models are trained in-
dividually. Each RNN consists of 10 neurons. The
number of segments being modeled in different RNNs
varies from 3 to 5. It is noted that the recognition sys-
tem can perform very well even without discriminative
training. This is because the particular group of words
have quite different phonetic compositions and are not
confused with each other. By applying discriminative
training and segmental duration constraints, only a
slight improvement from 92.3% to 93.5% is attained.
Most of the recognition errors occur in the same way
that the desired model fails to generate a valid state
sequence for the test utterance. This'is due to the in-
adequate modeling of RNN models [1], which cannot
be resolved by applying discriminative training. More
training data is required to improve the modeling be-
haviour of the RNNs.

The experimental results above show that the pro-
posed discriminative training procedure is very effi-
cient to enhance the discriminating power of the RNN
based recognition system, especially when the vocabu-
lary contains easily confused speech units. In practical
applications, the target vocabulary is often composed
of small groups of confusing words. Discriminative
training should be carried out first on a group basis
and then extended to the entire system.
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In this paper, we develop a discriminative train-
ing procedure based on the theoretical foundation de-
scribed in [3]. A probability measure of misclassifica-
tion is defined upon the error function F of the RNN
models. For each input utterance, this misclassifica-
tion probability is minimized by further reducing F
for the desired model while increasing E for the oth-
ers. As a result, the overall discriminating capability
of the recognition system is much improved. In addi-
tion, we propose a means of using duration informa-
tion of speech segments to enhance the discriminating
power of the recognition algorithm. Simulation results
will be provided to demonstrate the potential of this
novel RNN based recognition system.

IT. Basics of RNN Speech Model

Let I(?) denote the RNN speech model trained for
speech unit 1<), 1) is a fully connected RNN with
connection matrix W{¢) = {wl(;)} Suppose T'(¢) is
composed of K acoustically stationary segments. In
most cases these segment are equivalent to the pho-
netic components of '), In the RNN, a set of K
output neurons are used to represent these phonetic
segments. Given feature sequence U = {#(1), ¥(2),
«ooy 4(T)}, T responds with an output sequence
Y = {g(1), 9(2), ---, 9(T)}, where () = [1:1(2),
ya(t), -+, yx(t)]T and y;(t) is the activation level
(y;(t) € [0.0,1.0]) of the jth output neuron at time
t. During the RNN training, the feature vectors from
the jth segment are related to a particular network
state, referred as state 7, in which the jth output neu-
ron has the highest activation level over the others.
In fact, any continuous output vector §{t) can be ex-
pressed as one of the K activation states, i.e.

s(t) = argmax{y; (1)} (2)

The emerged state sequence {s(1), s(2), --+, s(T)}
must be monotonically increasing to represent the tem-
porally ordered occurences of the phonetic segments.

Furthermore, none of the states is allowed to be skipped.

A state sequence that possesses the above properties
is referred as a valid state sequence. When a valid
state sequence {s(t)} is produced, the error function
E() for the model II{°), can be obtained by (1) with

=

the target output {d(t)} derived as,

1.0 if s(t)=3
df(t):{ 0.0 if 58;&; (3)

whereas if {s(¢)} is not a valid state sequence, E(¢) will
be set to infinity, indicating that I1(°) is not considered
as a proper model for the input sequence.

II1. Discriminative Training Between
RNN Speech Models
Chang and Juang [3] proposed a minimum recog-
nition error formulation and a generalized probabilis-
tic descent (GPD) algorithm as the theoretical foun-
dation for discriminative training. This formulation
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can be used in a variety of recognizer design problems
such as DTW based systems and HMM based sys-
tems. Here, similar approach is adopted to develop the
discriminative training algorithm of the RNN based
recognition system. Suppose a set of C RNN models,
denoted by (1), TI(3) | ..., and I1{®), have been trained
for speech units I'"), I?) ... and T'(®) respectively.
In other words, there are totally C pattern classes in
the recognition problem. Let {U(1), U, ... U}
be the set of training sequences, in which U(?) is from
class r(®) where 1 < 7{?) < C. Let E(®P) denote the
error function produced by model II{¢) and the input
sequence U(). To establish better discrimination be-
tween the RNN models, E{>P) should be reduced for
¢ = 7{P) and increased for ¢ # r{?),

For the training sequence U (?)| the output responses
from all of the C models are examined. Suppose the
number of models producing valid state sequences is
equal to C(P). A misclassification measure is defined
as,

1 ‘('C.p)
)y — 1_ - 2 : vE -1/
¥ (D ) =1 ln[c(p) 1 ( )e } (4)

where E(©?) is the normalized error function defined
by,
Fler) E(c,p)/E(T("),p) (5)

For U(®) to be correctly recognized, ECp) < Elep)
or E©P) > 1 for all ¢ # r(?), and ¥(UP)) < 0. The
misclassification measure ¥ can be further converted
into a probabilistic cost function I(¥(U(?))) as follows,

(¥) =1/(1+e¢7) (6)

[(F) is regarded as an approximation of the misclassi-

fication probability for U(®) and can be minimized by
o
the model II(¢), the adjustment to be made is given
by,

the GPD algorithm. For a particular weight w;;’ in

ol
A’wl(]c) = /N (—(c;
Bwij
ol(® 8% BE(e?)
S - UL ”)
ij
where pI(T)
—— =) [1 -1 8
=g a0 - () (®)
and
o7 (U(p)) 1.0 for ¢ = r(?)
_ —v5ler)
Flep) — ) — ¢ oy for ¢ # (P
oF Zc',c';tr(r) e—75(7) 7

(9)

. f3(cvp) .
The last term in (7), af :; , can be obtained as con-
W .
i3

ducting individual training for the RNN II(?). From
equations (7) - (9), it can be seen that: 1) the connec-
tion weights in the desired model will be adjusted to
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further reduce the error function F; and 2) the con-
nection weights in an undesired model will be adjusted
to increase the error function £ and the amount of ad-
Justment is in proportion to the relative contribution
of this model in the misclassification measure ¥(U(?)).

The values of parameters v, £ and 1 have to be
determined empirically to obtain satisfactory training
performance. In theory a larger value of ¥ means that
a smaller number of undesired models will undergo
significant adjustment. Therefore if the vocabulary
consists of only pairwisely confused words, v can be
set to infinity and only one undesired model will be
affected each time.

IV. Duration-Screening Process

As mentioned earlier, an RNN speech model rep-
resents the designated speech unit as an ordered se-
quence of activation states and each of these states
represents a phonetic segment. Specifically when a
valid state sequence {s(t)} is produced for an input
sequence U, a phonetic segmentation for U can be ob-
tained as [1],

7(j) = min{t|s(t) = j} (10)

where 7(j) denotes the beginning frame of the jth
segment. Then the duration (in frames) of the jth
segment is given by,

D(7) =70 +1) - 7(5) (11)

It is commonly known that segmental duration is
a robust feature and is very useful for word recog-
nition [4]. In the RNN based recognition algorithm,
duration information can be incorporated to select the
most appropriate model. For each RNN model, a set
of segmental duration constraints are specified. When
an unknown utterance is presented, those models that
fail to produce valid state sequences are assigned an in-
finity E value and will not be considered subsequently.
The remaining valid state sequences are then screened
using the duration constraints. If an RNN model pro-
poses a segmentation that violates its respective con-
straint, the error function F will also be given a value
of infinity.

The duration constraint for a particular segment ba-
sically consists of a minimum duration and a maxi-
mum duration, which are specified either as absolute
length of time (in frames or msec) or in the form of
normalized duration (with respect to the length of the
whole utterance). For example, /s/ has an absolute
minimum duration required by its articulatory gesture
whereas its maximum duration depends very much
on the rate of speaking and should be normalized ac-
cordingly. If sufficient training data is available, the
ranges of segmental duration observed in the train-
ing data can be used directly. In the case of limited
training data, this duration constraint is relaxed to a
certain extent, followed by human adjustment based
on acoustic-phonetic knowledge.
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V. Simulation Experiments

The first two experiments use isolated Cantonese
syllables as the speech material. Cantonese is a typ-
ical monosyllabic and tonal language, being spoken
by millions of people residing in Southern China and
in Hong Kong [5]. The third experiment is on speaker-
dependent recognition of 20 polysyllabic words in Amer-
ican English. Speech features are extracted every 10
ms with a 20 ms Hamming window and each feature
vector is composed as [e, Ae, zcr, cepi, +--, Cepr,
Acepy, -, Acepg], where the first three components
are the energy, delta energy and zero-crossing rate re-
spectively, cep; and Acep; denote the ith LPC-based
cepstral coeflicient and the jth delta cepstral coeffi-
cient respectively.

Recognition of Isolated Cantonese Digits

Without discrimination training, an recognition ac-
curacy of 82.9% was attained in [1] for the 11 isolated
Cantonese digits (“0” - “10”) in the multi-speaker
case. Major confusion occurred :
1) Between “1” (/jat/), “7” (/tsat/), “8” (/bat/) and
“10” (/sap/) because of their similar vowel /a/, and
2) Due to over-training of the RNN models for “27,
“5”, “6” and “8”, which leads to many other utter-
ances being misclassified as one of them

By applying discriminative training with v = 10,
& =1 and n = 0.01, the system performance is sig-
nificantly improved as shown in Table 1 & 2. The
overall recognition accuracy is 90.9%. The duration-
screening process is not included in this experiment.

l “ O l wpn I «gn l “10” I
w/o Dis. Training || 85.0% | 78.3% | 90.0% { 85.0%
w/ Dis. Training || 90.0% | 86.7% | 91.7% | 90.0%

Table 1: Improved recognition rates for the confusing
Cantonese digits “1”7, “77, “8” and “10”

No. of recognition errors
caused by model

“2” ‘ “57) I “677 | “8”
w/o Dis. Training 6 11 15 19
~ w/ Dis. Training 1 8 9 1

Table 2: Reduced recognition errors caused by over-
training of the models “2”, “5”, “6” and “8” (total no.
of test utterances = 660)

Recognition of Cantonese C1V Syllables

In Cantonese, there are totally 58 phonologically
allowed C;V combinations where C; = {b, d, g, gw,
p, t, k, kw, m,n, ng, 1, w,j,s, f, h, dz, ts} and V = {a,
e, 1, 0, 1, y, cc}. Bach of these syllabic structures may
be realized in different lexical tones. As a result, the
number of distinct C1V syllable sounds becomes 171.
In this experiment, it is assumed that the LPC-based
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