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, 

3.1 Introduction 

One aim of speech recognition is to encode acoustic speech signals into 
linguistic indexes such as words and sentences and also to interpret 
speech content by machine. Naturally, one of the most promising 
approaches to such speech recognition is to investigate the human 
process of speech perception and spoken language understanding and 
apply the resulting scientific findings to the development of a mathe­
matical model of recognition or recognition machine (recognizer). 
However, this human-science-based approach has not yet achieved 
comprehensive analysis of the human mechanism. Though greatly 
supported by the scientific discipline of "learning the human 
mechanism," research into speech recognition has been strongly 
technologically-colored, i.e., it has long been conducted mainly in 
the research field of signal processing technology. The relationship 
between human recognition and machine recognition appears similar to 
that of "bird versus airplane." Actually, although the human mechanism 
has not yet been fully grasped, speech recognition technology is already 
providing many useful speech recognition systems and services in daily 
life. In this chapter, we shall discuss the basics of such speech 
recognition technologies. 

Traditionally, speech recognizers have been developed using 
system structures other than artificial neural networks, such as a 
distance classifier using prototypes and a probabilistc classifier using 
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hidden Markov models (HMMs). Accordingly, this chapter will incor­
porate these traditional system structures in its discussions. However, 
these classical structures actually have close relationships with neural 
networks, and the descriptions in this chapter will be useful for 
understanding the topics involving neural networks presented in later 
chapters. 

3.2 Overview 

3.2.1 Hearing and Machine Recognition 

Usually, a speech signal to be recognized exists together with various 
types of acoustic signals, which inevitably interfere with the accurate 
recognition of the target speech. Let us imagine a lively party (see 
Figure 3.1). People are chatting and laughing. A band is playing music. 
Someone has pulled the cork out of a champagne bottle. In this loud 
environment, you can still listen to your conversational partner without 
difficulty. Humans live in a complex acoustic environment (auditory 
scene) in which various sounds coexist, but they can still easily 
distinguish a target sound from interference sounds. Recently, there 
has been a great deal of research interest in a challenging technology, 

G) 
G) 

m 
l:'11 

/// 

Figure 3.1 A party scene. Humans easily distinguish target sounds from interference sounds. 
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sometimes called auditory scene analysis, for recogn121ng speech 
sounds in complex realistic acoustic environments (1, 2]. However, 
there has been neither a thorough understanding of the human 
auditory mechanism nor full development of auditory scene analysis 
technology; in reality, most existing speech recognition systems 
(speech recognizers) assume that a speech signal with a high 
signal-to-noise ratio is extracted from its auditory scene before 
being given to a recognizer. In this chapter, we will concentrate on 
this simplified but practical task setting for recognition; we will not 
discuss the technologies for extracting or segregating a target speech 
signal from the background auditory scene. Figure 3.2 illustrates the 
assumed relationship between a realistic acoustic environment and 
the speech input for a recognition task. 

The definition of "recognition" is not necessarily unique to speech 
recognition research. There are several ways of defining this decision 
operation. In this chapter, we define it as a process that maps an 
input speech pattern to one of several prescribed classes (such as 
phonemes, words, or word sequences) through three modules (sub­
processes): (1) feature extraction, (2) segmentation, and (3) classifi­
cation. Figure 3.3 illustrates this modular recognition process. In the 
figure, an analogy is also illustrated between the human auditory 

Realistic acoustic environment 

Speech input to speech recognizer 

Figure 3.2 Relationship between a realistic acoustic environment and a speech input 

assumed for recognition. 
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process and the recognition process. Encouraged by this analogy, the 
modular-process definition has been widely used in speech recognition, 
though obviously the 1nodularity illustrated is not the only possible 
definition. 

Figure 3.4 illustrates the basic procedures of speech recognition. 
Based on the definition cited in the above paragraph, let us assume that 
a speech wave signal, which is digitized with audio and AID conversion 
equipment and extracted fro1n its background acoustic signal, is 
provided to the recognizer. Recognition begins with feature extrac­
tion. This first-step module converts the input speech signal to a feature 
pattern that is suitable for recognition. The module corresponds to the 
human auditory (peripheral) system that transforms an acoustic input 
speech to a neural feature pattern by some feature extraction, which has 
not yet been fully clarified. Segmentation is an operation of dividing the 
feature pattern into segments (partial patterns), each corresponding to a 
linguistic unit such as phoneme or word. Then the final classification 
module maps a segment to one of the prescribed classes such as words 
and sentences. In this module, an acoustic model and a language model 
are assigned to each class in order to measure the degree to which the 
feature pattern belongs to one class. The acoustic model measures the 
acoustical class identity (or possibility) by which the feature pattern 
belongs to its corresponding class. The language model is a linguistic 
constraint or rule that enables one to predict and determine a possible 
sequence of linguistic units such as words. 

In Figure 3.4, all of the modules are sequentially located, and the 
information is assumed to flow in a one-way, left-to-right manner. 
However, our experiences in speech perception and spoken language 
understanding suggest that there are significant interactions among the 
modules (e.g., [3]). Actually, we are not aware of the existence of such 
interactions in our daily com1nunications using our mother tongue. 
However, we easily become aware of these interactions in the use of an 
unfamiliar foreign language: linguistic information such as vocabulary 
and syntax greatly helps identify (segment and classify) foreign words, 
which are often difficult to identify by only their acoustic information. 

3.2.2 Recognition-Oriented Speech Feature Representation 

3.2.2.1 Sound Spectrogram: Time-Frequency-Energy Representation 

A speech wave is a one-dimensional signal having temporal structure. 
The signal can be considered a combination of different frequency 
sine-waves, and its acoustical characteristics are determined by the 
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frequency, energy (amplitude), and phase of each con1ponent sine­
wave. However, for speech recognition, a speech signal is usually 
converted to a three-dimensional, time-frequency-energy feature pat­
tern that is sin1ilar to a sound spectrogra1n. The main reason for this 
selection of conversion is that (1) the human auditory system is not 
sensitive to the phase information of a speech signal, and (2) the three 
factors, i.e., time, frequency, and energy, determine the basic perceptual 
nature of phonemes. 

Figure 3.5 is a sample sound spectrogram and its corresponding 
original speech wave for the word "Yokozuna." 1 In the sound spectro­
gram, the shade indicates the intensity of energy at every time-frequency 
point. The darker the shade, the higher the intensity is. The sample 
includes two segments of the identical vowel class ( ( o ) ) . 2 The time­
fequency-energy patterns of these two segments look quite similar. As in 
this case, a speech segment is associated with the time-frequency­
energy pattern specific to its corresponding linguistic class such as 
phoneme or syllable. Accordingly, a spoken word and sentence pattern 
is characterized by the concatenation of the time-frequency-energy 
patterns, each specific to the basic linguistic units such as phonemes. 

Based on the change of speaking speed (rate), the speech signal of 
"yokozuna" varies in length. A slowly spoken ( ( yokozuna ) ) is repre­
sented by a long sound spectrogram along the time axis. Temporal 
warping (extension and shrinking) is observed locally in short seg1nents 
such as phonemes (e.g., ( ( k)) and ( ( o) )) as well as in the entire 
(usually long) signal of word/sentence. Generally, the warping range is 
large for vowel classes, small for consonant classes. For example, for 
slowly spoken ( ( yokozuna ) ) , usually only vowel segments are 
lengthened while the length of consonant segments rarely changes. 
Such nonuniform change in temporal structure is called nonlinear time 

. 
warping. 

3.2.2.2 Acoustic Feature Vector 

The gray-scaled sound spectrogram is originally a three-dimensional 
object with its height being the energy intensity. A section sliced at son1e 
time position in parrallel to the frequency axis can thus be observed as a 
two-dimensional frequency-energy pattern, i.e., short-time spectrum. 
The spectrum is illustrated in Figure 3.6. From this understanding, the 
sound spectrogram is treated as a sequence of short-time spectra. 

1. Yokozuna is the rank of grand champion wrestler in Japanese sun10 wrestling. 
2. The expression ( ( *)) denotes phonen1e symbols (class names). 
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Figure 3.6 Short-time spectrum. 

The short-time spectrum of Figure 3.6 shows two noticeable 
structures: spectral envelope and harmonics. The spectral envelope is 
an outline structure that smoothly varies and is mainly determined by 
the status (shape) of articulators such as lips and tongue. In Figure 3.6, 
the peaks of the spectral envelope correspond to acoustic resonance 
frequencies, which are determined by the articulator status and are 
referred to as formants. It is easy to observe that phoneme classes are 
determined by controlling the status of the articulators. Linguistic 
information, which is the result of articulator behavior (articulation) 
and thus important for speech recognition, is naturally included mainly 
in the spectral envelope. In particular, formants are considered a 
principal factor that determines the identity of vowel classes. In the 
sound spectrogram of Figure 3.5, one can observe that the formant 
structure varies as the phoneme class changes, or in other words, as the 
articulatory status changes. On the other hand, harmonic structure is 
caused by the vibration of the vocal cords; specifically, the spikes 
forming the harmonic structure appear at multiples of the fundamental 
frequency, which is the frequency of the vocal cords' vibration. This 
periodic structure is considered to mainly convey speaker identity and 
prosodic information. 

Using the short-time spectra for speech recognition as they are 
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would not be recon1111ended because they each include both types of 
inforn1ation, i.e., the one relevant to and the one irrelevant to speech 
recognition. Also, the direct digital representation of the short-time 
spectru1n results in a vector of excessive dimensions, 3 and it is 
obviously inappropriate with regards to computation load for the later 
classification process. A way to efficiently represent the information 
relevant to speech recognition in low-dimensional features (feature 
vector) is obviously needed. Actually, in order to realize such feature 
vectors various kinds of representation 1nethods have already been 
investigated, e.g., the filter-bank method motivated by the human 
peripheral audito1y system, linear predictive coding (LPC) to provide 
an efficient para1netric n1odel of the human speech production system, 
and another 1nodel of speech production, the cepstrum method. In the 
later pages of this chapter, the feature vectors derived from these 
representation methods will be collectively referred to as the acoustic 
feature vector. 

3.2.2.3 Static Versus Dynamic Nature 

As explained above, a single acoustic feature vector (or any feature set 
that is computed by further modifying the acoustic feature vector) can 
be considered a static feature in the sense that it represents a status 
(shape) of articulation at son1e time point. In contrast, a sequence of 
acoustic feature vectors or any set of features computed fro1n the 
sequence are called dynamic features in the sense that they represent 
the dyna1nics (behavior) of articulators in the time period corresponding 
to the sequence. Generally, vowels such as ( (a)) and ( ( i)), which are 
each produced by their own constant shape of the articulators, are 
characterized by static features. Such consonants as ( ( k)) and 
( ( t) ), which are each produced by their own rapid moving of the 
articulators (especially the lips and tongue) during a few tens n1sec, are 
characterized by dynamic features. 

Usually, the dimensionality of an acoustic feature vector is fixed for 
every task and system design. Such a fixed-dimensional vector is often 
called a static pattern. In contrast, the duration of a speech signal or its 
corresponding sequence of acoustic feature vectors is essentially 
variable. Such a variable-durational pattern is called a dyna1nic pattern. 

The definitions of "static" and "dynan1ic" in static/dynamic 
feature are different fro1n those in static/dynamic pattern, and this 

3. The sound spectrogram shown in Figure 3.5 was computed as a sequence of 
256-dimensional short-time power spectra for the frequency range of 10 kHz. 

, 
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inconsistency is incovenient and confusing. However, because this 
terminology has been commonly used in the speech recognition field, 
we shall continue to use it here. 

3.2.3 Variety of Recognition Tasks 

Even if a system input is assumed to be a speech signal, the system has to 
handle various types of speech inputs due to the variety of speaking 
styles. In daily-life speech communication, people rarely speak in the 
isolated word manner; rather, they speak connected words fluently and 
continuously and their speech often does not conform to proper 
grammar. On the other hand, from the viewpoint of system design, 
the isolated word recognition that attempts to recognize a word spoken 
in the isolated word-by-word mode is more productive than continous 
speech (or connected word) recognition, and also the recognition of 
read speech is more tractable than the recognition of conversational 
speech, which does not often conform to grammatical rules. It seems 
that achieving tractability for system design conflicts with acceptability/ 
comfort for system users (speakers). Figure 3.7 illustrates the relation­
ship between speaking conditions (styles) and resulting characteris­
tics of speech signals and also shows the taxonomy, with regard to 
this relationship, of speech recognizers. In general, the conditions in 
the left side are acceptable for system design but not for system 
users; the conditions in the right side are acceptable for system users 
but not for system design. The figure shows that there are many 
possibilities of system selection, ranging from limited-vocabulary 
isolated-word speaker-dependent recognition to open-vocabulary 
speaker-independent recognition. 

3.2.4 Recognition Mechanism 

3.2.4.1 Example Task Setting 

Let us explain a recognition procedure by using the most fundamental 
example framework of recognizing words spoken in the isolated mode. 

Figure 3.8 is a diagram of procedures employed in our example 
isolated-word recognizer. The recognizer is a modular system, as in 
Figure 3.3. An input speech is assumed to be a single word, such as 
"yokozuna," that is spoken as an answer to the question 'What do you 
call a grand champion sumo wrestler in Japanese?' Let us assume that 
our recognition task contains M word classes; 0 (j = 1, • • • ,M). 
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Accordingly, the goal of recognizer design is to adjust (optimize) the 
trainable parameters of the recognizer, aiming to encode an input 
speech to a correct class among the M word classes. Let us denote an 
input word speech wave by UT

0
, where To is the duration of Ur

0
. 

3.2.4.2 Distance-Based Recognition 

There are various ways of implementing the feature extraction module. 
In this introductory section, we avoid details about possible implemen­
tations and simply assume that in the feature extraction module the 
utterance sample UT

0 
is converted to acoustic feature vector sequence 

XT = (xi,•··, Xn • • ·, xT ), where T is the duration of the vector 
sequence, Xr is the acoustic feature vector at time index 7 in the 
sequence, and the acoustic feature vectors are of F-dimensions. 
Figure 3.9 illustrates the representation of the acoustic feature vector 
sequence. 

A basic operation of the classification module is to compare an 
input feature pattern and class models designed beforehand, and it is 
traditionally implemented by measuring the distance between the input 
feature pattern and a model pattern that corresponds to one class and is 
defined in the same functional form as the input feature pattern. The 
smaller the distance for 0, the larger the C;•'s class identity of the input 

F -dim acoustic feature vector 
/ 

/ 
X1 X2 / XT-1 XT / 
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Figure 3.9 Schematic explanation of the acoustic feature vector sequence. 
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feature pattern, i.e., the degree to which the input belongs to 0· 
According to the conventional approach, we consider here a distance­
based recognizer that employs this distance-based classification 
strategy. 

Let us define a formal represen~ation o_f 0's cl~ss model by acoustic 
feature vector sequence Ri == ( r{, · · · , rf, · · · , ri ) , where B1 is the 

'J . 'J 
duration of the vector sequence, rf is acoustic feature vector at time 
index r in the sequence, and r/'s are all of F-dimensions. A class model 
defined as Ri. is traditionally referred to as a reference pattern in the 

'J 

speech recognition field because it works as a reference for comparison 
with the input. In practical designs, multiple references are often 
assigned to each class. However, for simplicity of discussion, we 
consider here the simplest case of using a single reference pattern for 
each class. A classification rule used by our recognizer then becomes 

(3.1) 

where gi(XT; Ri.) is the distance between Xr and Ri .. 4 
J 'J 'J 

3.2.4.3 Distance Computation Based on Dynamic Time Warping 

Speech samples of a single word differ in duration from sample to 
sample. Also, as cited above, the durational warping rates differ from 
segment (such as phoneme) to segment. Thus, the distance compu­
tation between dynamic input/reference patterns is not so trivial. 
Recall that distance is usually defined between static patterns. Among 
many possible solutions to this difficulty, a dynamic-programming 
(DP)-based method has been traditionally employed in the speech 
recognition field. 

Figure 3.10 illustrates the process of DP-based distance compu­
tation between input Xr and reference Ri. In the figure, each dot 

'} 

indicates where the distance between the two corresponding acoustic 
feature vectors, that of Xr and that of Ri, is computed. Such a dot is 

'} 

usually called a matching node, and the corresponding distance is called 
local distance. We then define path distance by accumulating the local 
distance values along some matching path that consists of the matching 
nodes. Because the temporal structure is essentially one-way (past-to­
future), matching paths are expected to basically expand in the left-to­
right manner. In Figure 3.10, an example of a matching path is also 

4. The definition of this distance will be discussed in Section 3.2.4.3. 
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Computation of local distance 
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Figure 3.10 Distance computation based on nonlinear time warping. 

illustrated by the broken line. Each path has its own path duration aod 
corresponding distance. Consequently, path distance can be considered 
a duration-normalized distance measure between the dyna1nic patterns. 
Obviously, there are many possible ways of drawing the matching 
paths, and one can observe many different path distance values, one 
c h • . the many 1or eac matching path. The most natural choice among . I 

·b·1 • • • d this specta possi i ities is to use the minimum path distance, an c r 
I • • • d 1 b n used io se ection is in eed a distance concept that has wide Y ee 

speech recognition. f 
. edure o In. the following paragraphs, we describe the proc 

computing the minimum path distance in more detail. . c ~rure 
p· • tic 1e~ 

ir
st, we define the distance measure between the acous e iil 

vectors in a . d f distanc . more concrete manner. As a natural cand1 ate O 0100 
the fixed (F d' . 1 t a co01 . - imens1onal) vector space we can se ec le lei 
distance meas h ' f e:xat11P ' ure sue as Euclidean distance By way O . . l 
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t-th component vector of RJ
1

, and XoT, which is the 01-th component 
vector of Xr and is also selected with the matching node corresponding 
to Rl along path 8. Because this distance is defined locally at every 
time index over the acoustic feature vector sequence, it is often called 
local distance. Accordingly, path distance, which is computed by 
accumulating the local distances along a path, is provided as 

T 

De(Xr,Rh) == Lo} (3.2) 
r=l 

Even though the temporal structure of an utterance sample can 
warp nonlinearly, such an extreme and unnatural matching as the one 
between the beginning feature vector of the input and the final feature 
vector of the reference pattern does not usually occur. Thus, we 
consider possible matching paths only in some reasonably preset 
restricted region when searching for the best path having the minimum 
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Figure 3.12 Examples of implementing local restriction. 

path distance. 5 Figure 3.11 illustrates the concept of restriction in finding 
the minimum distance path. There are mainly two types of restriction: 
global restriction and local restriction. Global restriction is applied to the 
entire input pattern, as shown by the hatched region in the figure. 
This is mainly used to avoid extreme warping from the global 
point of view in the matching space. On the other hand, local 
restriction is set to control the direction of path extension at every 
matching node. Let us consider an example case that x,

0 
is matched to 

r,1. A question here is whether xt can be matched to r! 's 
I O I 

(t = 1, • • • , t1 - 1). Based on the one-way (forward direction) nature 
of temporal signals such as speech, it may be reasonable to prohibit 
backward matching, such as the one between x 10 and ri _ 1. This local 
restriction is actually used to avoid the unreasonable extension of 
paths at every node. Several typical examples of local restriction are 
illustrated in Figure 3.12. 

3.2.4.4 Remarks 

Our example recognizer makes its classification decision according to 
rule (3.1). The decision rule using distance comparisons seems quite 
natural and conforms to our intuition. In fact, the rule is a typical 
implementation of the discriminant function (OF) approach to a funda­
mental classification decision rule, i.e., the Bayes decision rule. Details 
about the Bayes decision rule and the OF approach will be introduced in 
the next secion. 

3.a Bayes Decision Theory 

3.3.1 Overview 

In most cases, the present speech recognition technology is based on 
the Bayes decision theory, which is a fundamental principle of pattern 

5. The best path is also called minimum distance path. 

Amazon / Zentian Limited 
Exhibit 1021 

Page 38



Speech Recognition 81 

classification: the final stage of recognition, i.e., classification, is 
generally performed based on this classical theory. We shall focus 
in this chapter only on the fundamentals of the theory. A more 
mathematical formalism of the theory can be found in other 
sources (see [4, 5]). 

A speech pattern is essentially dynamic, possessing nonlinearly­
warping temporal structure. Accordingly, the pattern discussed in this 
chapter should be dynamic. However, handling dynamic patterns 
would require us to define new functions such as the probability of 
dynamic patterns and would make this introductory chapter unneces­
sarily complicated. Therefore, let us assume that our input pattern 
to the recognizer is static, as do most textbooks (e.g., [4]). Our 
example task here· is thus to classify a static F-dimensional pattern 
x == ((x1 , • • • ,x1 , • • • ,xp)T) to one of M classes (<;;J == 1, • • • ,M), where 
x1 is the /-th component of x and T is vector transpose. In addition, we 
assume that the input pattern x is directly put to the classification stage; 
which means that here we consider neither the feature extraction 
subprocess nor the segmentation subprocess. We also assume that x is 
a random vector that is characterized by unknown but fixed continuous 
distribution functions. 

We assume that in order to accomplish the task, we are given (1) a 
classifier consisting of a set of designable (adjustable in the design 
stage) parameters A ( == {A1}71) and (2) a set of design samples f£ 

( == { f£1 }J1 1 == { Xn} 1: 1) that is used for designing the classifier, where 'A1 
is the classifier parameters assigned to 0, f£1 is the set of design samples 
of 0, N is the total number of design samples, and Xn is the nth design 
sample of f£ that is also assumed to belong to one of { f£1}. Note here 
that A1 can be either scalars, vectors, or a combination of scalars and 
vectors; in addition, the design samples are randomly extracted from the 
corresponding class sample distribution and they are mutually indepen­
dent. 

In the Bayes decision theory, the occurrence of a sample is treated 
as a probabilistic phenomenon. The probability with which the obser­
vation (observed sample) x occurs is denoted by p(x); the probability 
with which an event of 0 occurs, i.e., the a priori class probability of 0, 
is denoted by P( 0); the probability with which an event of 0 occurs 
conditioned by the observation of x, i.e., the a posteriori probability, is 
denoted by p( 0· Ix). The classification that encodes x to a class is 
fundamentally performed by measuring the a posteriori probability 
P( 01x). Basically, various types of classification decision rules are 
possible. Among the many, let us consider the most natural and 

I f 
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I' 

Amazon / Zentian Limited 
Exhibit 1021 

Page 39



82 

simplest rule, 

Handbook for Neural Networks for Speech Processing 

iff i = arg m~xp( Cjlx) 
J 

(3.3) 

where C(x) is the classification operation. This rule requires x to be 
classified as the class having the largest a posteriori probability. This rule 

j I is called the Bayes decision rule, and a precise execution of the rule is 
shown to lead to the optimal, minimum classification error probability 
condition, where the probability with which an incorrect classification 
decision occurs is the smallest. In practice, however, we rarely use this 
rule directly because the direct measurement of p( Cjlx) is quite difficult. 

'"'" The rule is usually used in the form 

'" C(x) = Ci, iff i = argm~xp(xlCj)P(Cj) 
J 

(3.4) 

which is derived according to the Bayes rule of probability 

( I ) 
_ p( xi Cj )P( Cj) 

p Cj X - p(x) (3.5) 

where p(xlCj) is the class-conditional probability. 
Figure 3.13 illustrates a task of classifying two-class one­

dimensional (S = 1) samples, where each class distribution is uni­
modal. An optimal class boundary, which corresponds to the minimum 
classification error probability condition, exists at the crossing point of 
the two distribution curves. Moving the class boundary anywhere from 
the crossing point results in an increase in the error probability. 

Figure 3.13 A two-class one-dimensional classification task. 
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As cited above, the precise execution of the Bayes decision rule 
leads to the optimal pattern classification. Thus, a central issue in 
classifier design becomes an accurate estimation of the probability 
functions included in the rule and also a faithful execution of the 
entire operation of the rule. Approaches to optimal classification 
include (1) maximum likelihood estimation approach (MLE approach), 
(2) Bayesian approach, and (3) discriminant function approach (DF 
approach). The design concepts underlying the MLE approach and the 
Bayesian approach are similar, and both aim at the accurate estimation 
of the probability functions. By contrast, the DF approach aims at a 
faithful execution of the decision operation by formalizing the decision 
rule as a loss (risk) minimization problem. 

We shall explain the three approaches in more detail in the 
following sections. 

3.3.2 Maximum Likelihood Estimation Approach 

From (3.4), it is clear that the execution quality of the Bayes decision rule 
depends on the estimation accuracy of the a priori class probabilities 
and the class-conditional probabilities. The MLE approach then aims to 
achieve accurate estimation by computing the most likely estimates of 
the probabilities. 

In principle, P( 0) is determined by some knowledge about the 
task that is independent of the observation of samples. Therefore, in the 
MLE approach, the a priori probabilities are assumed to be provided by 
a designer's knowledge and preferences, and the main design efforts are 
made to achieve the most likely (maximum likelihood) estimates of the 
class-conditional probabilities. 

In order to estimate the class-conditional probabilities, the MLE 
approach employs two assumptions: (1) letting the functional form of 
the class-conditional probabilities be a function of the set of unknown 
but fixed (not random) variables (parameters) (for 0, the class­
conditional probability is expressed by using Ai as p(xl0, Aj)), and (2) 
using the available design samples f!£1 in place of x, which is 
unobservable in the design stage. Consequently, the design goal of 
the approach becomes finding the parameters that correspond to the 
maximum value of p(q- 110, )\.1), i.e., the maximum likelihood estimate 
defined as 

(3.6) 

111 
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Recall that the design samples are mutually independent. Thus (3.6) is 
rewritten as 

N 

~i = argmax I1P(xnl0, Aj)l(xn E 0) 
>,... 

'1 n=l 
(3.7) 

where 1 ( · ) is an indicator function A that takes 1 for true and O for false. 
Intuition here indeed supports that A1 is a reasonable solution to A1 in the 
design strategy of using only available samples. The parameters ~ 
determine the model function p( • I 0, Ai). In the MLE approach, we 
aim at making the value of max>-.

1
P(f£110, A1) as large as possible (as 

likely as possible) by repeating the selection of parameter type (type 
of 'A) and the (3.7)-based optimal status search. 

The computation of (3.7) is relatively easy. For example, when 
p(-10, 'A1) is a Gaussian function, the maximum likelihood estimate oD.j, 
i.e., 'A1, can be computed with a simple gradient computation (in terms 
of 'A1) of p(-1½·, Aj). The principle of the expectation-maximization (EM) 
method [6], which is widely used for designing HHMs, also essentially 
relies on the MLE concept (the EM method will be further explained in 
Section 3.5). Indeed, based on the simplicity of the estimation, this 
approach has long been used as the most standard concept in a wide 
range of speech recognizer designs. However, in practice, it has also 
been pointed out that this simple MLE approach suffers from several 
serious problems. One basic problem is that a true functional form of the 
probability is usually more complex than the Gaussian form and is not 
accessible. To cope with this problem, a mixture Gaussian function, 
consisting of multiple Gaussian functions, is often used. However, 
because the true functional form is unknown, the problem of deter­
mining the structure of the mixture function, or in other words, the 
number of the Gaussian-form co1nponents, obviously remains 
unsolved. Another problem is that the number of available design 
samples is limited. In this limited resource environment, the estimation 
of the probability is almost always incomplete, even though the true 
functional form of the probability is known. Moreover, according to 
(3.7) the incompleteness is caused evenly by individual estimation 
errors, each computed at one design sample. That is, high accuracy in 
the estimation of the probability function, which corresponds to a large 
value of p(,q)Cj, 'Aj), does not necessarily mean high classification 
accuracy. There could even be an extreme case in which the estimated 
probability function is highly accurate in a region far from the class 
boundary and less than accurate near the class boundary, resulting in 
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inaccurate classification decisions. The mismatch between the dotted 
curve and the hard curve in Figure 3.3 clearly illustrates this basic 
problem of the approach. 

3.3.3 Bayesian ARproach 

In the Bayesian approach, we aim at computing the a posteriori 
probabilities used in (3.3) through the estimation of class-conditional 
probabilities. This design concept is apparently the same as that of the 
MLE approach. However, the Bayesian approach is clearly distinct from 
the MLE approach, because of the assumption that the classifier 
parameters A1's, each determining the functional form of the class­
conditional probability, are treated as random variables. The Bayesian 
approach assumes that {A1} possesses its own a priori probability 
function, and its design goal thus becomes computing the a posteriori 
probability for every class by estimating this a priori probability 
function, which is associated with the classifier parameter, and the 
class-conditional probability function through the observation of 
design samples. 

The functional form of the class-conditional probability is assumed 
to be known, and it is expressed as p(xl<;, f£1) on the premise that all of 
the information used for estimating the functions are obtained through 
sample observation. Also, based on the assumption that A1 is a random 
vector (variables), the a pp roach introduces a priori probability p(A110). 
Accordingly, the class-conditional probability p(xl<;, f£1) is rewritten as 

p(xlCj, !5£j) = j p(x, A11<;, f£1)dA1 

= j p(xlA1)p(\10, f£1)dA1 (3.8) 

where p(A11Cj·, ~J) is an estimate, which is obtained by observing the 
samples of ~J, of the a priori probabiljty p(A11Gj). Therefore, if 
P(~lc;, ~1) peaks sharply around A1, and A1 is a true value of A, we 
can achieve an approximation of p(xl<;, q-1) as 

(3.9) 

The estimation method summarized above is quite reasonable, but 
it requires a large amount of computation for most functional forms of 
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the a priori probability p(AjlGj, E(j)· Therefore, in practice, the Bayesian 
approach is usually applied only when the probability functions are 
assu1ned to belong to an exponential family, which is a special 
probability (and probability density) function group that enables us to 
reduce the computation load of the above estimation. Members of the 
exponential family include the normal (Gaussian) function, the Poisson 
function, and many other familiar distribution functions. 

Similar to the MLE approach, the Bayesian approach has been used 
for speech pattern recognition. However, in reality, design results based 
on the Bayesian approach are often less than satisfactory: the true 
distributions of samples (probability functions) are usually more com­
plicated than the exponentional families, and it is unrealistic to collect 
enough design samples to accurately estimate the probability functions. 

3.3.4 Discriminant Function Approach 

The MLE and Bayesian approaches aim at computing the a posteriori 
probabilities, which are components of the decision rule (3.3). In 
contrast, the DF approach attempts to embed the entire rule in a 
design process. In this approach, in place of the a posteriori prob­
ability, a discriminant function is used to measure the degree to which 
an input sample belongs to some class, i.e., sample's class identity. As a 
discriminant function, one can use various familiar measures such as 
distance and similarity as well as probability. In the old days of 
insufficient computation power, this approach was actually a major 
design concept because of its simple co1nputation. Embodiments of the 
approach include the linear discriminant function method and the 
perceptron learning method, which is a classic version of artificial 
neural network (ANN) learning. 

For a long time, attempts to apply this classic approach to speech 
recognition were rare. However, after the reemergence of research 
interest in ANNs, the approach came to attract greater interest from 
speech researchers. The ANN-based recognition methods introduced in 
Part II of this handbook actually belong to the DF approach. Therefore, 
in this subsection, we shall elaborate on the fundamentals of the DF 
approach. 

3.3.4.1 Example Task and Decision Rule 

Let us consider the task of classifying M-class static sa1nples by using 
the classic and most fundamental implementation of the DF approach, 
i.e., the linear discriminant function method. Given x, a discriminant 
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function gi(x; A) is defined for 0 as 

g1(x; A) == L ~[/] • y[/] 
f 

87 

(3.10) 

where y = (1, X1, • • ·, Xp ), y[J] is thef-th element of y, and accordingly 
A-is an (F + 1)-dimensional weight vector and A1[/] is the/-th element 
dL\. Note that the discriminant function is linear in terms of 'A'i' As in the 
MLE and Baysian approaches, 'A1 also forms a model of C;· in the DF 
approach. Let us refer to a classifier that is composed of the set {A

1
} 

(== A) as a linear discriminant function classifier. Figure 3.14 illustrates 
the computation of the linear discriminant function classifier, i.e., (3.10). 
A classification rule then becomes 

C ( x) == Ci, iff i == arg m~x g1 ( x; A) ( 3 .11) 
J 

It should be noted here that classification rule (3.1) is essentially 
equivalent to rule (3.11), and distance-based classification decisions 
such as (3.1) accordingly belong to the DF approach. 

9j(X; A) 

••• ••• 

"'i [1 

j 

' •••• 
1 

X1 X2 XF-1 XF 

Figure 3.14 Linear discriminant function classifier. 
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3.3.4.2 Loss 

In contrast to the likelihood maximization in the MLE approach, we aim 
at minimizing loss, 6 which corresponds to the evaluation of a classifica­
tion result of each design sample. There are various implementations of 
OF-based design (e.g., see [4]), and each of them is characterized by the 
selection of loss function form and a minimization algorithm. Generally, 
the design of discriminant functions, which is based on loss minimiza­
tion, is executed competitively in terms of classes. Thus, the design 
method of the DF approach is often referred to as discriminative learning 
and competitive learning. Also, the concept of using the classification 
results in the training (loss minimization), which is employed by the 
DP-based methods, can be considered a learning mechanism using 
supervision information. The DP-based classifier design methods are 
therefore sometimes referred to as supervised learning. 7 

Let us express a loss for x ( E Ck) as e k ( x; A). The classifier that we 
now try to design is expected to perform as correctly as possible for all 
future samples. An ideal way of design thus becomes the minimization 
of the expected loss that is defined over the entire set of possible 
samples as 

(3.12) 

However, in realistic conditions where only a limited amount of design 
samples are available, this minimization is obviously impossible and 
thus we usually aim at the minimization of the e1npirical average loss 
that is defined over available design samples as 

(3.13) 

3.3.4.3 Optimization 

Minimization of the empirical average loss can be considered a 
process of aiming at an optimal (corresponding to the minimum status 

6. The loss is sometimes called risk, cost, or design objective. Typical loss functions 
include d1e perceptron loss, the squared error loss, and the classification error count 
loss (e.g., (41). 

. ·zed 7. In contrast, the design methods of the MLE and Bayesian approache are categon. 
as unsuperoised learning because they do not utilize (feedback) the evaluauon 
results of system outputs (classification decisions) for training. 
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of the empirical average loss) status of A, i.e., optimization. Useful 
optimization methods here include the relaxation method, the gradient 

01ethod, and simulated annealing (e.g., [7, 8]). 
Originally, these are methods for optimizing optimizable 

parameters with a general class of objective functions ( criteria) such 
as the empirical average loss. However, not all of the methods can 
necessarily achieve true optimization, i.e., global optimization (global 
minimization of objective function). Some of them result only in local 
optimization (local minimization of objective function); furthermore, 
some attempt to simply reduce the value of an objective function. 

Generally, the relaxation methods lack a sufficient mathematical 
basis to guarantee the minimization of objective function, and its 
effectiveness is sometimes limited. 

The gradient methods such as the steepest descent method are 
mathematically shown to lead to at least a local minimum of objective 
function by following the gradient directions of objective function. 
Actually, this method has been widely used because of its high 
practicality based on a simple computation mechanism. 

Simulated annealing is a method that attracted recent research 
interest in the ANN field. An infinite repetition of adjustment has been 
demonstrated to lead to the minimum state of objective function in 
the probabilistic sense, though its execution needs high computational 
load. 

The optimization methods can also be classified into batch 
optimization and adaptive (sequential) optimization. Batch optimiza­
tion explicitly computes the empirical average loss over all of the design 
samples and adjusts A to achieve the minimum status of the empirical 
average loss. The steepest descent method, introduced above, is a 
typical example of batch optimization. On the other hand, adaptive 
optimization selects a limited number of design samples (usually one 
sample) randomly from a pool of design samples and adjusts A to 
reduce the individual loss (i.e., .e k( ·; A)) for the selected sample(s) in 
place of the explicit computation of the empirical average loss. Typical 
examples of adaptive optimization are methods based on stochastic 
approximation (e.g., [7]) and the probabilistic descent method [9, 10]. 

In a practical environment where only a limited number of design 
samples are available, the difference between batch optimization and 
adaptive optimization is small. However, adaptive optimization offers 
the potential of adapting a designed classifier to an unknown appli­
cation environment, based on its sample(s)-by-sample(s) training 
mechanism. 
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3.3.4.4 Design of Linear Discriminant Function Classifier 

From among the many possible selections of loss and optimization, we 
shall specifically select perceptron loss and batch optimization for 
designing our linear discriminant function classifier. It should be 
noted that the perceptron loss used here originated from perceptron 
learning, which played a historic role in neural network research, and 
also that the design method described in the fallowing paragraphs is 
fundamentally equivalent to a neural network learning algorithm called 
the generalized error-correction rule (e.g., [11]). 

First, let us initialize A to arbitrary random numbers. Obviously, in 
this initial stage, there is no guarantee that the classifier works accurately. 

By using the initialized classifier, we next make a classification 
decision for Xn ( ECk) that is randomly selected from design sample set 
PI. Obviously, it cannot be guaranteed that the classification in this initial 
stage is complete. The classifier works correctly in some cases and 
makes errors in other cases. Then we perform the adjustment (training) 
of the classifier parameters in a twofold fashion. That is, when Xn is 
correctly classified, we do not adjust A; when Xn is misclassified, in other 
words, at least one discriminant function of a class other than Ck reads a 
larger value than that of Ck ( we refer to such a class as a confusion class), 
we adjust the parameters of both Ck and the confusion classes so as to 
increase the discriminant function of Ck and decrease the discriminant 
functions of the confusion classes. 

The adjustment procedure described above is mathematically 
formulated in the foIIowing way. First, the loss for design sample Xn is 
expressed as 

(3.14) 

where 3 is the confusion classes defined as 

(3.15) 

and N,1 is the number of the classes included in~- Since the adjustment 
occurs only in the case of n1isclassification, the empirical average loss 
beco1nes 

Lp(A) = [ [ ek(xn; A) 1 (xn E Ck) 1 (~ i= 0) (3.16) 
n k 
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The adjustment based on the gradient optimization is then 

(3.17) 

where t is the time index of adjustment repetition, E is a small positive 
constant, and A(t) represents the status of A at t. Consequently, the 
adjustment procedure for the weight vector of each class is given as 

where 

3.3.4.5 Remarks 

-y 

1 
-y 
Nn 

(for i == k) 

(for if:. k) 

0 (otherwise) 

(3.19) 

Compared with the MLE and Bayesian approaches that attempt to 
design class models separately (in terms of class), the OF-based 
design introduced above seems to be more direct in its classification 
decision rule: the loss minimization is a straight mechanism of feeding 
back classification decisions to the design stage, and also the definition 
of loss in (3.14) is a quite reasonable approximation of the search 
operation max in the decision rule. 

However, it was shown that this linear discriminant function 
classifier led to accurate classification only in the simple task setting 
called the linear-separable case. Its performance under realistic task 
conditions is actually unsatisfactory. Moreover, the relationship between 
the minimum status of Lp(A) of (3.16) and the desirable, minimum 
classification error status is unclear. The gradient computation for Lp(A) 
is also mathematically inadequate: Lp(A) is not differentiable in A due to 
1 (3 i= 0) of (3.16). Therefore, further improvement of the DF approach 
is clearly needed. 

3.4 Acoustic Feature Extraction 

3.4.1 Filter-Bank 

Based on psychoacoustic findings, it is known that the human auditory 
system has a function of filter-bank-like frequency analysis of input 
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sound (e.g., [12, 13]). Thus, in a direct attempt to emulate this human 
system, various filter-bank feature extractors have been studied. 

Filter-bank feature extraction is illustrated in Figure 3.15. A speech 
pattern Ur

0 
is passed through a bank of J bandpass filters. Generally, 

the individual filters overlap in frequency and are spaced according to a 
nonuniform frequency scale, such as the Mel scale or Bark scale, that are 
formed based on perceptual experiments. Each filter outputs a kind of 
short-time energy that can be observed through its corresponding 
frequency range. 

Implementations of a filter-bank are mainly grouped into two 
classes: (1) perception-research-oriented attempts in which one emu­
lates the human auditory (cochlea) system with real (infinite impulse 
response) filtering computation, and (2) engineering-oriented attempts 
in which one simply approximates the basic function of a filter-bank 
with Fourier transform. 

3.4.1.1 Artificial Cochlea Filter 

The human auditory peripheral system consists of the outer ear, the 
middle ear, the inner ear (cochlea), and the auditory nerve. Figure 3.16 
illustrates a block diagram of the system. 

The outer ear and the middle ear are basically considered a simple, 
linear and time-invariant bandpass filter. The cochlea works, in contrast, 
as a nonlinear, time-variant filter-bank that contains many narrow-band 

--+ Outer ear 
Sound 

--•~• Middle ear 

Inner ear (Cochlea) 

Figure 3.16 Block diagram of the human auditory peripheral system. 

Auditory 
nerve 

• 
Signal flow 
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(high Q8
) bandpass filters. The main functions of the cochlea include (1) 

frequency scaling such as the Bark scale, (2) adaptive Q, which controls 
filter gain in response to the energy of signals through the filter channel, 
(3) frequency masking, and ( 4) rectification. Therefore, it would seem 
that emulating these functions of the cochlea would provide a direct 
route to effective modeling. 

To date, there have actually been many implementation examples 
(e.g., [14, 15]). Among them, we briefly introduce in this chapter the 
artificial cochlea filter-bank that consists of adaptive Q cochlea filters 
[16]. Figure 3.17 illustrates a block diagram of the adaptive Q cochlea 
filter-bank. A major concern in this modeling is to simulate the function 
of the basilar membrane (in the cochlea) filtering, which changes its Qin 
response to the energy of the input signal. The filter-bank is formed by 
adding an adaptive Q circuit to a fixed Q cochlea filter that consists of a 
notch filter and a bandpass filter. 

3.4.1.2 Fourier-Transform-Based Filter 

The most standard technical approach to the frequency analysis of a 
temporal signal is to use the short-time Fourier transform. We can easily 
compute the power spectrum of a windowed, short input speech 
segment with the transform and can then compute energy in a form 
similar to bandpass filter output by accumulating spectral elements in a 
narrow frequency band. Figure 3.18 illustrates a block diagram of this 
Fourier-transform-based implementation. 

3.4.2 Autoregressive Modeling 

An alternative to the filter-bank feature extractor is speech analysis that 
uses autoregressive modeling [17, 18]. This statistical approach is often 
ref erred to as linear predictive coding (LPC), based on its prediction 
mechanism in the time domain. 

A temporal signal in the natural world has dependency on the past. 
In other words, the present state of the signal is influenced at least to 
some extent by the preceding portion of the signal, and thus we can 
naturally expect the state of the signal at some time point to be predicted 
by using the signal segment before the time position. This is the 
n1odeling concept underlying autoregressive modeling, i.e., LPC. 

For descriptive purposes, let us consider a discrete-sampled speech 

8. Q comes from the quality factor that indicates the resonance sharpness. The larger Q 
is, the narrower is the bandwidth of its corresponding bandpass filter. 
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Figure 3.19 The mechanism of autoregressive modeling. 

signal, which is a common representation in digital signal processing. 
The mechanism of the autoregressive modeling is illustrated in Figure 
3.19. Discrete speech sample st at time point t is modeled as a linear 
combination of previous samples plus a nonpredictable (independent) 
additional noise et in the following way: 

p 

st = - L ex.ist-1 + et 
i=l 

(3.20) 

where p is the order of modeling and ex./s are called prediction 
coefficients. The goal of modeling is naturally to find the { ex;} that 
minimizes the mean-square error calculated over a windowed short 
speech segment, defined as 

72 

Err= L{e,}2 (3.21) 
t='T1 

~here r1 and r2 are the left (past) and right (future) ends of the time 
Window, respectively. 

1 

1 
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98 Handbook for Neural Networks for Speech Processing 

A simple computation converts (3.21), defined in the time 
domain, to equations in the correlation coefficient (in terms of the 
speech signal) do1nain. Two methods were developed to solve these 
correlation-domain equations: the correlation method and the covar­
iance method. The correlation method, especially its efficient version, 
called the PARtial CORrelation (PARCOR) method or the Levinson­
Durbin algorithm, has been extensively used due to its computation 
efficiency and the stability of the resulting model. 

In addition to its natural modeling characteristics in the time 
domain, autoregressive modeling is characterized by its significant 
features in the frequency domain. In particular, this parametric model­
ing approximates a short-time spectrum of the windowed speech signal 
by using all-pole rational functional form. Naturally, the pole is assumed 
to correspond to one formant in the vowel sound case. This feature is 
observed by applying the z-transform to (3.20), as 

(3.22) 

where S(z) and E(z) are the z-transform of the speech signal and the 
noise, respectively, H(z) = 1/~f=o cxiz-i, and cx0 = l. Importantly, the 
acoustical physics shows that the all-pole system function corresponds 
to a nonbranching acoustic tube, i.e., a nonbranching vocal tract model 
in speech. Therefore, from (3.22) we can conclude that the system 
function (spectrum) of speech signal S(z) can be obtained as the 
product of the system function of the vocal tract H(z) and the system 
function of the noise E(z). Figure 3.20 illustrates a vocal tract based on 
autoregressive modeling. Consequently, noise can be interpreted here 
as a vocal source (excitation) signal. 

From the above descriptions, it is obvious that the prediction 
coefficients convey the shape information of the vocal tract or, in 
other words, articulation information and the identity of linguistic 
class (such as phoneme). This is one of the reasons these coefficients 
and their derivatives have been widely used as acoustic feature vectors 
for speech recognition. 

3.4.3 Cepstrum Modeling 

As introduced in Section 3.2 and illustrated in Figure 3.20, a speech 
signal can be considered an output of a vocal tract filter (H(z) in the case 
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Figure 3.20 A vocal tract based on autoregressive modeling and an illustration of the human 

speech production system. 

of autoregressive modeling) excited by an excitation function (E(z) in 
the case of autoregressive modeling). For speech recognition, we need 
to extract only the information based on the vocal tract filter, which 
conveys linguistic class identity, from the speech signal. The acoustic 
feature representation/modeling using cepstrum has also been used 
extensively in the speech recognition field. 

Cepstrum is an inverse Fourier transformation of a logarithmic 
power spectrum. A variable for cepstrum function is then defined as 
quefrency, which is effectively a time domain variable. Figure 3.21 
illustrates the transformation relations. A speech signal is originally a 
scalar value function (discrete sample sequence after sampling) of time 
that is defined as the convolution of the excitation signal and the 
impulse response of a vocal tract filter. Through the Fourier transform, 
the speech signal is converted to its corresponding power spectrum, 
which is a function of frequency and is defined as the production of the 
vocal tract filter spectrum and the excitation spectrum. A simple 
logarithmic operation converts production to summation. In the log 
power spectrum domain, the speech spectrum becomes the sumn1ation 
of the two log spectra, that of the vocal tract filter and that of the 
excitation signal. Cepstrum is accordingly defined as the inverse Fourier 
transform of the summation of these two spectra. 
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As mentioned previously, the (log) spectrum of the vocal tract filter 
is smooth; the (log) spectrum of the excitation is flat for unvoiced speech 
segments and periodic for voiced segments. Thus the smooth spectrum 
of the vocal tract filter is transformed to cepstrum components in the low 
quefrency region, and the periodic spectrum of the (voiced) excitation 
signal is transformed to cepstrum components in the high quefrency 
region. The information localization in the quefrency domain is clearly 
useful for extracting the vocal tract filter information or, in other words, 
the speech-recognition-oriented linguistic class information. 

Although we have defined cepstrum by using the Fourier transform 
in the above paragraphs, there are actually two types of cepstrum 
computation. 'fhe first type is based on the Fourier transform and the 
second type is derived from autoregressive modeling. Below, for 
reference purposes, we summarize the procedures of these two types 
of computation. 

• Cepstrum computation based on the Fourier transform 

c(n) == 
s(n) -~ I:k. c(k)s(n - k) 
s(0) n k=l s(0) 

log s(0) 

( n =I 0) 

(n == 0) 

(3.23) 

where s( n) is the n-th discrete-sampled speech signal, c( n) is 
the n-th cepstrum coefficient, x( n) == c( n) == 0 for n < 0, and 

x(O) =/= 0. 
• Cepstrum computation based on autoregressive modeling 

l n-1 

c( n) == -cxn - -L ic( i)an-i n ~ 1 
n . 1 t= 

(3.24) 

where a
0 

= 1 and ai = 0 when i > p (p is the order of 
autoregressive modeling). 

3.4.4 Dynamic Feature Modeling 

Originally, the Fourier transform and autoregressive modeling were 
methods for estimating the spectrum of a statistically stationary system 
(signal). However, speech signals are obviously non-stationary due to 
the dynamics of the speech production system, and this dynamics often 
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102 Handbook for Neural Networks for Speech Processing 

plays a key role in the recognition of rapidly changing phonemes such 
as plosives and liquids. Therefore, as a practical compromise, these 
spectrum estimation methods are applied to a short speech segment 
that is assumed to be stationary and is extracted through a short time 
window (usually of about 20 msec). Consequently, in order to 
adequately represent the dynamics information for classification, a 
subsequence of the acoustic feature vectors is often used as an input 
pattern to the post-end classifier. The length of the subsequence is 
usually 30 msec-100 msec. 

To date, two main methods of dynamics representation have been 
studied: (1) feature matrix and (2) delta-feature. 

The first method simply uses a feature matrix that consists of 
successive acoustic feature vectors. Figure 3.22 shows an example of a 
feature matrix. An individual acoustic feature vector is a 16-dimensional 
vector of filter-bank outputs, and the matrix is composed of a sequence 
of 15 filter-bank output vectors. The size of the box indicates the 
normalized value of the filter-bank output (white for negative; 
black for positive). This type of representation has been widely used 
in ANN-based speech recognizers [19, 20]. 

The second method represents the direction of successive feature 
component change by linear regressive modeling. Figure 3.23 illustrates 
the concept and computation procedure of this representation. The 
figure illustrates an example sequence (in time window position) of the 
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Figure 3.22 Example of a feature matrix used tor representing the dynamics of a speech 
signal. 

Amazon / Zentian Limited 
Exhibit 1021 

Page 60



I 
\ 

c(i) 

I Tme 
Rag,es.;helne 

....... U3 Concept delta-feature used for representing 

i-lh cepstru.n1 ~ ... ~~- en i .. J; represent che change .. --·...- i .. e .. 
dynami .... in each fearure • ...._,,,.;,,.&Jl'~,_,nent • .. "~ ttenlpl line fitting .. 
in other " «is .. lin lC ~-,. n~~.~~.. \~ dlli !."'!~~ .. ~.1,,_::~.-t 

sequence_ The ant dlli ~ .. ,re funaion call --·-- rure, 
.. - to the directi and an.___. t ~~~- .. t ang .. lbc __ .,._ 
feature ---~-lpllred for c,~- .... ~11 fetirure ~-~..,.-"!-....... _P"-~ ... -r .. e .... ~ i-dl 
delt -<..""e S(JUfll O i)r C j-tfl .--stnJDl i v :l( tinle "in ~e,.:;:_•~.~ ... ·- .,-~ 

and -----~~- ne"- eJm-fetture ,--~-r 113,ing the~ 
nclin~ -mnaJ :.l SO ... fe.lture \ :t 

u n.. ne\\.. hi!!h-din1eru .. na.1 k.J.h.lre ,~--

.. .. :l.l a-.-- fearure ,► ,__ an its 

15 ffrobabilistic Acoustic Modeling Based on 
Hidden Markov Model 

15.1 Principles of Hidden Martov Model 

mu I i \ ," ~Ill.. r ' dl3t ·tl ii~ .. ,tlh" eJlll ... , ~u1 ~~ .., ,., 

ou1pu1 -~~n-:1ti n 3~.,,._,.....,.rding an un-"""·-- ire--tr~ ..... 

mechanisn1 .. The n rmisn1 is quite uscltll .. n~-...,....,~ the~ ,II 
strucn.tre f .. ,~~ .. h .. ~-gna.l~ and l11~ p ~1 ii~ .. .. llllli-..,_ .. H:\l~I 
~ quire eftective .. n1 eJ~ rhe 3 .. :ttl ,... .. _... ... Slf')l--~:n 

s:unpl --~ ue n1~1inl I l11e , ~ui:_1ti in .. :.ik~r .., . • akit~ .. 
Thus, ~11 I ha, c ..... --~n1e d1~ st..m ~ud ~ ht .. ~ .... -- • in l soee-c 
recogniti n ~m..i1~ 

Amazon / Zentian Limited 
Exhibit 1021 

Page 61



104 Handbook for Neural Networks for Speech Processing 

••• 

State 1 State2 State N5 

Figure 3.24 Example structure of left-to-right HMM. 

Figure 3.24 illustrates a left-to-right HMM that is considered suitable 
for the modeling of speech signals. The model consists of Ms states, each 
indicated by a circle. It is assumed that the transition occurs in the 
probabilistic sense from one state to another or recursively within single 
state according to the initial state probabilities { 1r;} (1 ~ i ~ N5• 

1r = {1r;}) and transition probabilities {au} (1 ~ i,j ~ N5 ; A= {au}). 
It should be emphasized here that this transition cannot be 

observed. The model is also supposed to emit an observation o,, 
which is a vector in the acoustic feature vector space at hand, at 

observation time index t. The emission of these observations is 
according to output probabilities {b1(-)} (b1(ot) for observing o, at 
state j; B = { b1(-)} ). Therefore, an observation sequence Or is defined 
as the sequence of model outputs that is probabilisticly produced 
through the state-transition and its corresponding observation emi -
sion; Or = { 0102 • • • 0 1 • • ·or}. The probability for observing Or is 
accordingly provided as 

P(OrlA) == L P(Orlq, A)P(qlA) 
all q 

L 1r q, bq, ( o1 )aq,q
2 
bq

2 
( o2 ) x. • • 

qi ,q2,···,qT 

.. • x a b (o ) qT-1 q'J' CfT T (3.25) 

where q !s a state sequence represented as q = ( q
1 
q2 ... qr), q, is the 

state at t 1n q, and A== (A,B, 1r). 
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...... : This illustrates the most probable path 
that is selected by the Viterbi algorithm. 

Figure 3.25 Schematic explanation of state-transition: this diagram is usually called a trellis. 

It should be noted here that the HMM probability (3.25) is the result 
of the probability accumulation over all possible state-transition paths. A 
diagram of these possible state-transition paths is referred to as a trellis 
and is illustrated in Figure 3.25. 

Basically, for speech recognition a single HMM such as the 
model described above is assigned to every class. To classify an 
input acoustic feature vector sequence that belongs to some class, we 
then use the HMM probability, defined in (3.25), to measure the 
degree to which an input speech sample (its corresponding acoustic 
feature vector sequence) belongs to each class. A primary goal of 
classifier design is thus to find the desirable state of HMM parameters 
A for every class. 

In the MLE and Bayesian approaches, the HMM probability is used 
as the estimate of class-conditional probability. Accordingly, the design 
aims at the state of A that leads to the maximum value of the HMM 
probability over design samples (of one class) in the class-by-class 
mode, by substituting each design sample to the observation 
sequence. 9 On the other hand, the design of the DF approach treats 
the HMM probability as the discriminant function and aims at the state of 
HMM parameters (of all classes) that corresponds to the minimum loss 
condition over the design samples of all prescribed classes. 

9. The resulting HMM is the most likely model for observing the available design 
samples of its ~orresponding class. 

I, 

,, 
I 
I• 
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The HMM formalization and its applications to speech recognition 
are described in detail in textbooks such as [21, 22]. 

3.5.2 Selection of Output Probability Function 

Let us recall that an observed acoustic feature vector corresponds to the 
output of HMM. There are two major ways of probabilistic interpretation 
(definition) for the feature vectors: (1) interpreting the feature vector as 'i 

an observation (output) from the corresponding discrete probability 
function, and (2) interpreting the feature vector as an observation from 
the corresponding continuous probability function. The HMM forma­
lized in the former case is referred to as discrete HMM; the one formalized 
in the latter case is referred to as continuous HMM. We shall summarize 
these two major model classes in the following subsections. 

3.5.2.1 Discrete Model 

Discrete HMM is the Markov process that first encodes an observed 
acoustic feature vector into a code (symbol) and then models the 
sequence of the codes. Figure 3.26 illustrates the basic structure of 
discrete HMM. In the figure, the codebook is a set of codes used to 
encode an input speech pattern into a code sequence. Each code is 
associated with a static (fixed-dimensional) code vector, which is 
defined with the same form as the acoustic feature vector. 

Generally, the code vectors are designed to minimize a distortion 
measure defined between the set of the code vectors and the design 
samples. The design is usually done by using the vector-quantization­
based minimum distortion methods. 

An input speech pattern is converted into its corresponding code 
sequence by encoding each acoustic feature vector to its nearest­
neighbor code. When there are only two codes, i.e., { ca, cb}, both Ca 

and cb are considered outputs of the binomial distribution. Similarly, in 
the case of using multiple codes (usually a few hundred codes for 
speech recognition), each code is considered an output of the 
multinomial distribution. The probability of the discrete HMM is 
accordingly determined by the output probabilities based on the multi­
nomial distribution, the state-transition probabilities, and the initial 
probabilities. 

3.5.2.2 Continuous Model 

Continuous HMM directly models a speech pattern without transform­
ing it into a code sequence. Figure 3.27 illustrates the basic structure of 
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continuous HMM. Each state is incorporated with a continuous output 
probability density function, such as the Gaussian probability function 
and the mixture Gaussian probability function. The acoustic feature 
vector of a speech pattern is treated as an output of the probability 
distribution function determined by the continuous probability density 
function. Therefore, continuous HMM consists of the continuous output 
probability functions, the state-transition probabilities, and the initial 
state probabilities. 

When the output probability density function is the Gaussian 
function, the output probability is computed by the mean vector and 
covariance matrix of the function. A simple analysis in this particular 
case shows that the mean vector also works as a component acoustic 
feature vector of a dynamic ( variable-length) reference pattern for 
distance-based classification such as (3.1); furthermore, it was shown 
that there is a close link between the Gaussian-based probability and the 
Euclidean distance. These results demonstrated that a classifier using the 
distance computation based on dynamic time warping, described in 
Section 3.2, is closely related to a continuous HMM classifier using the 
Viterbi algorithm (section 3.5.4). 

3.5.3 MLE-Based Design Method 

The design target of the MLE and Bayesian approaches is to achieve 
accurate estimates of the class-conditional probabilities and the a 
posteriori probabilities by computing the HMM probabilities, condi­
tioned by observations of design samples. Most design efforts to date 
have actually been of the MLE approach and have attempted to gain the 
maximum likelihood (most probable) estimates of the HMM parameters 
by applying MLE optimization methods. The design policy based on the 
MLE concept is clear and reasonable. However, it is impossible to apply 
a standard and simple version of the MLE optimization, such as the one 
based on the gradient computation (section 3.3.2), because HMM has an 
unobservable part, i.e., the state-transition, which is intractable with 
simple gradient-based optimization. As a common solution to this 
problem, an advanced version of the MLE method, called the forward­
backward method, has been used in a wide range of speech recognition 
systems. 

3.5.3.1 Forward-Backward Method 

The procedure that follows is a summary of the forward-backward 
method. 
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1. Define the current model as )\ = { A, B, 1r} and initialize it in any 
reasonable way. 

2. Use 'A to compute the right-hand sides of the following 
equations. 

1r; = expected frequency (number of times) in state i at time (t == 1) 

(3.26) 

_ expected number of transitions from state i to state j 
a--= 

'1 expected number of transitions from state i 

T-1 

L r1(i,J) 
l=l 
T-1 

(3.27) 

L 'Y1(i) 
1=1 

b-(k) = expected number of times in state j and observing symbol ok 
1 expected number of times in state j 

T 

L 'Yi (j) 
l=l,s.1.0,=ok 

(3.28) 
T 

L 'Y1v) 
1=1 

where t1 ( i,j) is the probability of being in state i at time t and 
state j at time t + l, given the model and the observation 
Cs1(i,j) = P(q1 = i, ql+l = JI Or,'/\)); 'Yt(i) is the a posteriori 
probability variable that is the probability of being in state i 
at time t, given the observation and the model ( r',(i) == 

P(q1 = ii Or, 'A)).10 

10. Here, r,(i,j) is further rewritten in the iterative form as 

t (i 1·) = P(q, = i, q,+1 = j, OI>..) 
I ' P( OI>..) 

= a,(i)aiJ~i(o,+ 1)(31+1(j) 
P( OI>--) 
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3. Define a reestimated model as A== {A, B, 1r} by using the left­
hand sides of the above equations. 

4. Repeat the reestimation of (2)-(3) by replacing )\ with )\ until 
the probability for observing the design samples exceeds a 
preset threshold. 

The computation iteration of the forward-backward method was 
shown to increase the HMM probability monotonically at least up to 
its local maximum value unless the initial model is at a critical point of 
the probability function (e.g., [23, 24]). It is also known that this 
training optimality is a direct result of the EM method generally used 
for a wide range of problems of estimating system parameters under 
the missing-data condition, in which some part of the data is 
unobservable even though it is necessary for the estimation [6]. 
Consequently, the forward-backward method is often called the EM 
method. The method is also sometimes called the Baum-Welch 
method in honor of its inventors. 

3.5.4 Trellis Algorithm and Viterbi Algorithm 

In (3.25), the HMM probability was defined as the accumulation of the 
elemental probabilities such as the output probabilities over all state­
transition cases. The forward-backward method is an efficient imple­
mentation of the way of computing the exact value of (3.25). Because all 
of the nodes on the trellis are used in the computation, this method is 
sometimes referred to as the trellis algorithm. 

Even the efficient forward-backward method is time-consuming in 
such task conditions as large-vocabulary continuous speech recogni­
tion. To further reduce the computational load, the method of using only 
the most probable state-transition path has been widely used. The 
mechanism of searching for the most probable path is equivalent to 

N N 

L L a, ( i)aif bl ( 0 1+ 1 )/31+ 1 (j) 
i=1 /=l 

(3.30) 

where a1(i) is a forward variable defined as ar(i) = P(o 1o2 • • • o,, q, = ilA), and /3,(i) 
is a backward variable defined as (3,(i) = P(o 1+10 1+2 • • • oTlq, = i, A). The,name of 
the method originated from the mechanism of combining the forward and back­
ward probability computations. 

I • 
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the Viterbi search and the dynamic programming search, and thus this 
simplified method is usually referred to as the Viterbi algorithm. 

3.5.5 Discriminative Design Methods 

As described in previous sections, the MLE and Bayesian approaches are 
often less than satisfactory for achieving high classification accuracy. 
The HMM classifier designed with the EM method also suffers from this 
problem. Thus, to increase classification accuracy, various DP-based 
design methods have been investigated. 

The early methods, mainly studied in the 1980s, include 
maximization of mutual information [25] and the error-correction 
method [26]. Maximization of mutual information is discussed in more 
detail in Chapter 9, "Minimum Classification Error Networks." The 
design concept of the error-correction method is basically the same as 
the error-correction learning described in Section 3.3.4. 

In the 1990s, the main research interest in discriminative design for 
HMM classifiers moved to the application of ANN-related methods. 
Although HMM can be considered a type of ANN [27-28], it is usually 
treated as a system structure different from neural networks. Therefore, 
ANN-based discriminative training methods, which are based on the 
minimization of squared error loss and sometimes on the maximization 
of mutual information, were applied to HMM-structure classifiers. 
Various examples of this type of ANN/HMM hybrid are elaborated in 
the literature (29-33]. 

Moreover, another type of ANN-related design method, i.e., learn­
ing vector quantization (e.g., (34]), was extensively applied to the design 
of HMM classifiers (e.g., [35, 36]). 

The latest trend in discriminative design for HMM classifiers is 
based on the recent generalized probabilistic descent method 
[27, 37, 38]. Discriminative design, which has a close link to ANN­
based recognition, will be discussed in more detail in several later 
chapters. 

3.6 Language Modeling 

3.6.1 Role of Language Modeling ' 

There are several different levels of language information, e.g., syntax, 
semantics, and pragmatics. In most practical speech recognition designs, 
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language modeling is treated as a process of controlling the syntactic 
inforn1ation of language. In particular, it is used to estimate the a priori 
probabilities for the occurrence of an event of word class. 

To understand the role of language modeling, let us consider 
an example task of classifying ten-figure telephone numbers, such as 
{0-1-2-9-8-7-6-5-4-3}. The vocabulary of the task consists of the 
following ten words: zero, one, two, three, four, five, six, seven, 
eight, nine. Our classifier is assumed to use an HMM-based acoustic 
word model for every digit word. A string input of ten figures is thus 
acoustically modeled by concatenating the HMM acoustic word 
models, and its corresponding class-conditional probability is com­
puted through the accumulation of the individual HMM-based word 
probabilities. 11 Here, to achieve correct final decisions, we need 
accurate estimates of the a priori probabilities of all of the possible 
string classes. 

In the framework of the above telephone number recognition task, 
let us assume three different example conditions in terms of the 
availability of knowledge about possible strings. The first condition is 
that no information is available. We have no knowledge about the 
telephone number system and the users' call histories in the task. The 
only reasonable attempt at modeling the a priori probabilities in this 
case would be to set an identical small value to each a priori probability. 
Obviously, however, this simple solution is inadequate. Such estimates 
of the a priori probabilities would not only be useless but in fact distort 
classification accuracy: some value of the a priori probability would be 
assigned to even a digit string class that corresponds to a nonexisting 
telephone number. 

The second condition is that the information about the telephone 
number system is accessible but we have no information on the actual 
phone call histories. Knowledge is limited, but we can remove in this 
case the possibility of considering nonexisting phone number strings 
from the decision procedure of our classifier by setting the a priori 
probabilities of the corresponding nonexisting string classes to zero. The 
estimation quality of the a priori probabilities is still low, but the 
productive effect of removing the non existing classes from the list of 
possible class candidates would not be significant. 

In the final case, we assume that in addition to the knowledge 
about the telephone number system, the call record corpus of telephone 

11. HMMs are used in the concatenated form when classifying a long speech input such 
as concatenated words and sentences. 
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users is available. Clearly, this additional knowledge helps improve the 
estimation quality for the a priori probabilities, probably resulting in the 
accurate classification of the inputs. The above three example cases 
clearly demonstrate the role and effectiveness of incorporating language 
information into the classification decision. 

3.6.2 N-Gram Language Modeling 

In the recent literature, many types of language models have been 
investigated. Among them, probabilistic models have attracted much 
research attention. The probabilistic language models include the N­
gram [39], the probabilistic LR parser [40], and the stochastic context-free 
grammars (e.g., [41]). In this subsection, we shall elaborate on N-gram 
language modeling, which is becoming a standard choice for 1nodeling. 

Let us consider a task of recognizing fixed-length connected word 
strings, where the vocabulary size is M and the string length is ff 5. No 
strict restriction of word string, such as the above phone-number 
restriction, is assumed. Thus the number of possible word string classes 
becomes M:£.(. We denote here the j-th string class among the M!ts 

classes as C;·. Therefore, the a priori probability P( 0) is expressed as 

= P(w:£JW1, • • ·, W!£s-1) 

xP(w:£s-1IW1, • • ·, W!£s-2) X • • • 

!es 

= ITP(w;lw1,w2,···,w;_1) 
i=l 

(3.29) 

where W; is one word class among the M vocabulary word classes, and 
P(w;lw1, W2, • • ·, W;-1) is the probability that wi will be spoken given 
that word subsequence w1 , w2 , • • •, wi-t was spoken previously. In 
principle, P(w;lw1, Wz, • • ·, W;_1) is possible to estimate. However, we 
should note here that the accurate estimation of P(w;lw 1, w2 , • • ·, W;-1) 

requires us to observe (count) all of the M; possible word strings. Under 
realistic task conditions, this computation is actually difficult to 

complete: most of the strings rarely occur and this insufficiency of 
ob ervations makes the probability estimation inaccurate. Our daily-life 
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experiences certainly show that we use only a small part of our 
vocabulary frequently and that we quite often and naturally face the 
difficulty of string class probability computation. 

Even if some long word string rarely occurs, it often includes 
substrings that can be frequently observed. Therefore, it seems that 
approximating P( wi I w1 , w 2 , • • • , wi- I) by using a shorter, N-word-length 
history that is comparatively easy to observe is more feasible than 
pursuing the hopeless collection of rarer strings. This is the modeling 
concept of the N-gram language model. Naturally, the estimation of 
shorter versions of the model, where N is small, is easier than that for 
longer versions. Popular implementations of this model are the unigram 
(N = 1), the bigram (N = 2), and the trigram (N = 3). 

N-gram modeling is a typical probabilistic kind of modeling based 
on the discrete multinomial distribution. Thus, we need as many 
observations as possible in order to increase the accuracy of the 
probability estimation. In reality, however, it is not easy to collect 
enough design strings to achieve the desired accuracy. Therefore, 

. further improvement of the N-gram model remains one of the major 
research challenges in language modeling for speech recognition (e.g., 
[42]). 

3.7 Conclutling Remarks 

3.7.1 Overview 

We have explained the fundamental issues related to speech recognition 
by using simple example task settings of isolated-word recognition and 
static-pattern classification. 12 Unfortunately, however, these settings are 
primitive and limited. In this subsection, we shall give additional 
explanations of two important issues: (1) the selection of class model 
units and (2) open-vocabulary recognition. 

3.7.2 Selection of Model Units 

For most languages, the vocabulary size exceeds several tens of 
thousands, and even in our daily life we use more than several 
thousand words. The number of possible sentences that can be made 

12. In Section 3.6, we introduced the task of recognizing word strings, but used it only 
as a task framework for describing language modeling. 
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116 Handbook for Neural Networks for Speech Processing 

by concatenating these words easily amounts to hundreds of thousands 
or millions. In the case of recognizing continuously spoken words or, in 
other words, sentences, it is obviously itnpractical to handle sentences 
such as {How long does it take to go from Kyoto to Tokyo?} and {How 
much does it cost to go from Kyoto to Tokyo?} as distinct classes and 
make class (sentence) 1nodels in a sentence-by-sentence way because of 
the huge number of possible sentences. Therefore, a short linguistic 
segment such as the phoneme is generally used as a class to recognize 
and as a 1nodel unit. Consequently, the class model of a long segment, 
such as a sentence, is formed by concatenating the short unit models. 

In using short model units, recognition of words and sentences is 
executed by repeating two operations: one that segments an input 
utterance ( word or sentence) to short segments, each corresponding 
to a model unit, and another that classifies the segment as the model's 
class. Generally, when the unit models are designed appropriately for 
the accurate classification of the corresponding segments, the classifi­
cation of the entire input is accurate. Thus, in most cases, a basic 
recognizer design target is to increase the accuracy of the unit models. , 
However, a simple concatenation of the short unit models that are 
separately designed does not necessarily result in the desired accuracy 
of word and sentence recognition; this shortfall is due to the coarticula­
tion phenomenon, observed in the acoustic feature vector sequence, 
that is caused by the smooth behavior of speech production organs. The 
selection of model units is currently one of the most urgent research 
issues for speech recognizer design. Also, several design 1nethods have 
been investigated with the aim of adjusting the short unit models to 
accurate word and sentence models (e.g., [43, 44]). 

3.7.3 Open-Vocabulary Recognition 

The recognition of conversational utterances is more exciting and 
promising in its potential applications than that of read-speech sam­
ples. However, it is hopelessly difficult to co1npletely specify all of the 
possible acoustic and linguistic phenomena of conversational large­
vocabulary speech signals. As one approach to alleviating this difficulty, 
the research on open-vocabulary recognition is becoming increasingly 
active. 

The open-vocabulary condition means that a recognizer requires 
no restriction on vocabulary and thus its users can basically speak freely 
by using any word. Because it is almost in1possible for the recognizer to 
model all of the possible word-string inputs, the recognizer attempts to 
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spot and extract only the keywords that are useful for understanding 
the input word strings. 13 The system behavior would be similar to a 
person listening to a foreign language: because the foreign language 
listener's vocabulary size and listening ability for short segments such as 
phonemes are limited, he or she only tries to spot keywords and 
understand what the speaker intends. 

The quality of open-vocabulary recognition mainly depends on the 
selection of keywords and the accuracy of keyword spotting. In 
particular, two types of techniques have been investigated for key­
word spotting: (1) spotting based on threshold comparison and (2) 
spotting based on garbage modeling. Study on these techniques remains 
an important research issue. 

3.7.4 Bibliograpliical Remarks 

The main purpose of this chapter has been to provide fundamental 
information on speech recognition. However, the scope of this chapter 
is obviously insufficient for describing the details of the various 
recognition techniques. 

Textbooks such as [21, 22, 45] are useful for readers to study the 
fundamentals of speech recognition in more detail. One recent textbook 
[31] invites readers to the new world of ANN/HMM hybrid speech 
recognition. Review papers [32, 46] provide a convenient means of 
grasping the present research environment. One handbook-style 
textbook [47] clearly explains the advanced topics in modern speech 
recognition. 

To study the fundamentals of statistical pattern recognition, text­
books such as [4, 5, 48, 49] are recommended. Other textbooks [11, 50] 
provide ANN perspectives on pattern recognition. 
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