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On invitation from the ICASSP’89 Technical Committee, this
paper aims at giving to non-specialists in Signal P ing an overview of
recent advances in the domain of Speech Recognition. The paper mainly
focuses on Speech Recognition, but also mentions some progress in other
areas of Speech Processing (speaker recognition, speech synthesis, speech
analysis and coding) using similar methodologies. .

It first gives a view of what the problems related to automatic
speech processing are, and then describes the initial approaches that have
been followed in order to address those problems.

It then introduces the methodological novelties that allowed for
progress along three axes: from isolated-word ition to i
speech, from speaker-depend ition to spezfier' dependent, and
from small vocabularies to large vocabularies. Special emphasis centers on
the improvements made possible by Markov Models, and, more recently,
by Connectionist Models, resulting in progress simultaneously obtained
along the above different axes, in improved performance for difficult
vocabularies, or in more robust systems. Some specialised hardware is also
described, as well as the efforts aimed at ing Speech R it

F. There are no precise rules at the present time for formalizing
the information at different levels of cgcod.\ng (including  syntax,
semantics, pragmatics), thus making it difficult to use fluent speech.
Moreover, those different levels seem to be heavily linked to each other
(syntax and ics, for le). F Iy, t mentioned
in'E. also means that the information in the signal will be redundant, and
that the different types of information will cooperate with each other to
make the signal und dable, despite the ambiguity and noise that may
be found at each level.

First results on a simplified problem

After some overly optimistic hopes about the difficulty of the
Speech Recognition task, similar to early views concerning automatic
translation, a beneficial reaction in the late '60s was to consider the
importance of the problem in its generality, and to try to solve a simpler
problem by introducing simplifying hypotheses. Instead of trying to

gize anyone p ing anything, in any manner, and in fiuent

systems.

i Most of the progress will be referenced with papers that have
been presented at the IEEE ICASSP Conference, which is the major
annual conference in the field. We will take this opportunity to produce
some statistical data on the "Speech Pi ing" part of the conft
from its beginning in 1976 to its present fourteenth issue.

Introduction

The aim of this paper is to give non-specialists in Signal
Processing an overview of recent advances in the domain of Speech
Recognition. It can also be considered an introduction of the papers that
will be presented in that field during this conference; especially those
presenting latest results on large vocabulary, continuous speech
recognition systems.

As a general comment, one may feel that in recent years, the
choice between methods based on extended knowledge introduced by
human experts with corresponding heuristic strategies, and self-organizing
methods, based on speech data bases and learning methodologies, with
little human input, has turned toward the latter. This is partly due to the
results of comparative assessment trials.

Problems related to speech processing

Several problems make speech processing difficult, and unsolved
at the present time:

A. There is no separator, no silence between words, comparable
to spaces in written language.

B. Each elementary sound (also called phoneme) is modified by
its (close) context: the phoneme which is before it, and the one which
comes after it. This is related to coarticulation: the fact that when a
phoneme is pronounced, the pronunciation of the next phoneme is
prepared by a movement of the vocal apparatus. This cause is also refered
to as the “teleological" nature of speech [90]. Other (second order)
modifications of the signal corresponding to a phoneme will be caused by
larger context such as its place in the whole sentence.

C. A good deal of variability is present in speech: intra-speaker
variability, due to the speaking mode (singing, shouting, whispering,
stuttering, with a cold, when hoarse, creakiness, voice under stress, etc.),
inter-speaker variability (different timbre, male, female, child, ete ), due to
the signal input device (type of microph or to the envi (noise,
co-channel interference, etc.).

D. Because of B and C, it will be necessary to observe, or to
process, a large amount of data in order to find, or to obtain, what makes
an clementary sound, despite the different contexts, the different speaking
modes, the different speakers and the different environments. A difficult
problem for the system is to be able to decide that an "a* pronounced by
an aged male adult is more similar to an "a" pronounced in a different
word by a child, in a different environment, than to an "o” pronounced in
the same seatence by the same male adult.

E. The same signal carries different types of information (the
sounds themselves, the syntactic structure, the meaning, the sex and the
identity of the person speaking, his mood, etc.). A system will have to
focus on the kinds of information which are of interest for its task.

speech, a first sub-problem was isolated: recognizing only one person,
using a small vocabulary (on the order of 20 to 50 words), and asking for
short pauses between words.

The basic approach used two passes: a training pass and a
recognition pass. During the training pass, the user pronounces each word
of the bulary once. The corresponding signal is processed at the so-
called "acoustic" or "parametric” level, and the resulting information, also
called "acoustic image”, "speech spectrogram®, “template” or “reference
pattern”, which usually represents the signal in 3 dimensions (time,
frequency, amplitude), is stored in memory, with its corresponding label.
During the rccognition pass, similar processing is conducted at the
" ic" level: the cor ding pattern is then compared with all the
reference patterns in memory, using an appropriate distance measure. The
reference with the smallest distance is said to have been recognized, and
its label can be furnished as a result. If that distance is too high, compared
with a defined threshold value, the decision can be non-recognition of
the uttered word, thus allowing the system to "reject” a word which is not
in its vocabulary.

This approach lead to the first commercial systems, appearing on
the market in the early '70s, such as the VIP 100 from Threshold
Technology Inc. which won a US National Award in 1972, Due to those
simplifications, this approach doesn’t have to deal with the problems of
segmenting continuous speech into words (problem A, above), of the
context effect (as it deals with a plete pattern corresponding to a word
always spoken in the same context - silence (B), of inter-speaker
variability (C). Also, indirectly, it bypasses the problem of allowing for
"natural language” speech (F), as the small size of the vocabulary, and the
pronunciation In isolation prevents fluent speech ! However, the intra-
speaker variability, the sound recording and the environment problems are
still present.

- Pattern Matching using Dynamic Programming

In the recognition pass, the distance between the pattern to be
recognized (test pattern) and each of the reference patterns in the
vocabulary has to be computed. Each pattern is represented by a sequence
of vectors regularly spaced along the time axis. Those vectors can
represent the output of a filter bank (analog or simulated by different
means, including the (Fast) Fourier Transform [33]), coefficients obtained
by an autoregressive process such as Linear Prediction Coding (LPC)
[ljgz or coefficients derived from these methods, like the Cepstral
cocfficients [19], or even obtained by using an auditory model [50,60,95).
Typical values are a vector of dimensions 8 to 20 (also called a spectrum
or a frame), each 10 ms (for general information on speech signal
pmo:ssnﬁltechmqu&s,'see [117, 101, 129)).

. e problem is that when a speaker pronounces the same word
twice, the corresponding spectrograms will never be exactly the same.
There are non-linear differences in time (rhythm), in frequency (timbre),
and in amplitude (intensity). Thus, it is necessary to align the two
spectrograms, so that, when the test pattern is compared to the correct
reference pattern, the vectors representing the same sound in the two
words correspond to each other. The distance measure between the two
spectrograms will be calculated ding to this alj Optimal
alignment can be obtained by using the Dynamic Programming method
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Q-‘igure 1). If we consider the distance matrix D obtained by computing the

i d(ij) (for ple, the Euclidian di ) b each vector
of the test pattern and of the reference pattern, this method furnishes the
optimal pan from (1,1 ) to (1Y) (where I and J are respectively the length
of the test and of the reference pattern), and the cor ding di

algorithm (such as K-means) is used to determine clusters carrespond‘nzﬁ
to a certain type of pronunciation for that word. The centroid of ea

cluster is chosen to be the reference pattern for this type of pronunciation
(Figure 2). Each word is then rep d by several ref patterns.
R ition is carried out in the same way as it is in the speaker-

measure between the two patterns. In the case of Speech R ition, this

d

mode, with eventually, a more sophisticated decision process

method is also called Dynamic Time Warping, or DTW, since the main
result is to "warp” the time axis. Dynamic Programming was first
presented by R. Bellman [14], and first applied to speech by the Russian
researchers T. Vintsjuk and G. Slutsker in the late 60s {165,160].
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Figure 1: Example of Dynamic Time Warping between two speech
patterns (the word "Paris” represented by a schematic spectrogram).

G is the distance measure between the two utterances of the word. di,j) is
the distance between two frames of the reference and test patterns at instants
iand j. An example of a local DP equation is given. The optimal path is
represented by squares. The cumulated distances involved in the
computation of the cumulated distance g(i,j) are represented by circles.

- h AL the ARPA- je

A different approach, mainly based on *Artificial Intelligence"
techniques was initiated in 1971, in the framework of the ARPA-SUR
project [114]. The idea behind it was that the use of "upper level”
knowledge (lexicon, syntax, semantics, pragmatics) could produce an
acceptable recognition rate, even if the injtial phoneme recognition rate
was poor [70]. The task was speaker-dependent, continuous speech
recognition (improperly called "unds ding" because upper levels were
used), with a 1,000-word vocabulary. Several systems were delivered at the
end of the project, in 1976. From CMU, the DRAGON system {4] was
designed, using a Markov approach. The HEARSAY I and HEARSAY II
systems, based on the use of a Blackboard Model, where each Knowledge
Source can read and write information during the decoding, with a
heuristic strategy, and the HARPY system, which merged parts of the
DRAGON and HEARSAY systems. From BBN, the SPEECHLIS and
HWIM systems were developed. SDC also produced a system [76).
Although the initial requirements (which were in fact rather vaguc) were
attained by at least one system (HARPY), the systems needed so much
computer power, at a time when this was expensive, and were so
cumbersome to use and so non-robust, that there was no follow-up. In
fact, one of the major conclusions was that there was a need for better
acoustic-phonetic decoding [77]!

Improvements along each of the 3 axes

X From the basic IWR method, progress has been made which
independently addresses the three different problems: size of the
population using the system, speaking rate, size of the vocabulary.
- er-Di D) t ker-In ndent (ST):

In order to allow any speaker to use a recognition system, a multi-
T pproach has been d. Each word of the vocabulary
is pronounced by a large population, male and female, with different
timbres and different dialectal origins. The distance between the different
pronunciations of the same word is computed using DTW. A clustering
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(lif{c KNN (K-nearest neighbors)) [130].

Figure 2: An illustration of Clustering.
Each cross is a word. The distance between crosses represents the DTW
distance between the words. Each cluster is represented by its centroid
(circles).

- Isolated Wors
{CWR) and Word Spotting:

In order to allow the user to speak continuously (without pauses
between words) several problems have to be solved: how many words are
in the sentence and where their boundaries are; if the training is to be
done in isolation, the pattern corresponding to the beginning and to the
end of the words will be modified, due to the context of the end of the
previous word, and to the context of the beginning of the following word.
The first two problems have been solved by using methods generalising
the IWR DTW, such as "Two-Level DP matching” proposed by H. Sakoe
{146}, "Level building” proposed by C. Myers L. Rabiner [108], "One-
Pass DP” proposed by J. Bridle [24], also called "One-stage DP* by H. Ney
[115]. It appears in fact that the initial DP approach as first described by
T. Vintsjuk in 1968 [165] already had its extension to Connected Word
Recognition [87]. To address the second problem, the "embedded training"
method has been proposed [132], where each word is first pronounced in
isolation. It is then pronounced in a sentence known to the system. The
“isolated” reference templates will be used to optimally segment the
sentence into its constituents, and extract the "contextual” image of the
words which will be added as new reference templates.

The "Word Spotting” technique is very similar, and uses the same
DTW techniques. But it should allow rejection of words in the sentence
which are not in the vocabulary. Recent results on Speaker Independent
Word Spotting give 61% correct detection in clean speech, and 44% when
Gaussian noise is added for a Signal-to-Noise ratio of 10 dB, with a 20-
word vocabulary (1 to 3 syllables long), the false alarm rate being set to 10
false alarms per hour [20].

A syntax can be used during the recognition process. The syntax
represents the word sequences that are allowed for the language
corresponding to the task using speech recognition. The role of the syntax
is to determine which words can follow a given word (sub-vocabulary),
thus accelerating the r ition process ducing the size of the
vocabulary to be recogniz)e(f at each step, and improving the performance
by possibly climinating words that are acoustically similar, but do not
belong to the same sub-vocabulary, and thus do not compete. Introduction
of the grammar into the search procedure may be more or less difficult,
depending on the CWR-DTW algorithm used. Most of the syntaxes used
in DTW-type systems correspond to simple command languages (regular,
or context-free gr introduced Ily by the system user).

It appears that the better the training, the better the recognition.
In order to improve training, several techniques have been tried, like
"embedded training" already mentioned, multireference training, where
several references of a word are kept, using the same clustering techniques
for representing intra-speaker variations as those used for inter-speaker
variations in multi-refe peaker-ind dent recognition, and robust
training [131].

n (IWR' 1, Word R ition

- Small Vi lari rge V. laries:

Increasing the size of the vocabulary raises several problems:
since each word is represented by its spectrogram, necessary memory size
gets very large. Since matching between the test pattern and the reference
patterns is done sequentially, computation time also greatly increases. If a
speaker has to train the system by pronouncing all of the words, the task
rapidly becomes tedious. A large vocabulary has the consequence of many
acoustically similar words, thus increasing the error rate. This also implies
that the speaker will want to use a natural way of speaking, without strong
syntax constraints. To address these problems, there have been several
improvements:

= Vector Quantization [53, 49, 97]: In the domain of Speech Processing,
this method was first used for low bit rate speech coding [91]. Considering
a reasonable amount of speech pronounced by one speaker, the method
consists of puting the di (like the Euclidian di: b

each vector of the corresponding spectrogram, and using a clustering
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orithm to d ine clusters ding to a type of vector, which is
algr d by the id !cal.led " or d :2 The set .Df
prototypes is called a “codebook”. In the training phase, after acoustic
processing of the word, cach is recognized to be one of the

- Two-pass recognition: In order to accelerate recognition, it can be
processed in two passes: first there can be a rough, but fast match aimed
at eliminating words of the vocabulary that are very different from the test
pattern, before agplying an optimal match (DTW or Viterbi) on the

spectrum is
prototypes of the codebook. Thus, instead of being rep d by a
sequence of vectors, the word will be represented by a sequ_cncc_o[
numbers (also called labels) corresponding to the prototypes. A distortion
can be obtained puting the average dist b the

g y. In this case, the goal is not to get just

the correct word, but is to climinate as many word-candidates as possible

(without climinating the right one, of course). Simple approaches like
ing the di 1 i

the di of the dist matrix used for

incoming vector, and the closest prototype. On a practical level, if the size
of lhcl:gdcbook is 256, or less (mis addressable on one b‘y&e), and each
vector component is coded on one byte, the reducuan‘of lql'omganon is
equal to the dimension of the vectors. Also, computing time is saved
during recognition for large vocabularies since, for each inp t vector of
the test pattern, only 256 di have to be puted, instead of
computing the distances with all the vectors of all the reference templates.
Mo y di t prototypes can be computed after
training, and kept in a distance matrix. Those codebooks can concern not
only spectral information, but also energy, or variation of spe'cltal
information or of energy in time. All this can be represented by a single
codebook with supervectors, constructed by including the different kinds

on
DTW [48] have been tried. Other approaches are based on Vector
Quantization without time alignment, the system being based on Pattern
Matching [99] or on Stochastic Modeling (called "Poisson Polling") [8].
Using a phonetic classifier, based on broad {45] or usual [16] phonetic
classes, and hing the recognised ph lattice with the reference
phonemic words in the lexicon by DTW is another reported method .

- ion: The adaptation of one speaker’s references to a new
speaker can be obtained through their respective codebooks, if a Vector
Quantization scheme is used. The reference spcaker produces several
sentences, which are vector quantized with his codebook. The new speaker
prgdttces‘ t%_ same sentences, which are vector quantized with his own

of information [llSHS‘L It can also be represented by a different codebool
for each type of information. This approach was applied with success to
speaker identification [161], and to speech recognition [S5]. The
codebooks can also be constructed from the speech of several speakers
(speaker-ind p debooks) [83

It should be noted that similar methods have been used previously
(Centisecond Model) [85). The problem at that time was that the vectors
had been labelled with a linguistic label (a phoneme), thus making a
decision too early. The Vector Quantization scheme inspired much
thought. One remark was that each word could have a specific set of
prototypes without taking into account the chronological sequence of
those prototypes. Even if some words contain the same ph(?nemas ina
different order, the ition b osc. ph is different, and
the prototypes corresponding to those transitions may be different, the
latter making the distinction between words. During training, a codebook
is built for each reference word. The recognition process then consists of
simply recognizing the incoming vectors, and choosing the reference which
gives the smallest average distortion with the test [156]. A refined

pproach isted of ing the words into multiple sections, in
order to partly reflect time sequencing for words having several phonemes
i 26] is refi i ion time, without

in {26]. This e
giving better results than the DTW-based approach does.

- Sub-word units: Another way to reduce the memory requirement is to
use decision units that are shorter than the words (also called subword
units). The words will then be gnized as the ion of such
units, using a Connected "Word” DTW algorithm. These units must be
chosen so that they are not too affected by the coarticulation problem at
their boundaries. But they also should not be too numerous. Examples of
such units are phonemes [163], diphones [98, ;426]32, 2, 149), syllables
% llohl bles [150].

[59,168,48), d [144,139], dissyll
Graphemic Word : émigrante
Phonemic Word : $SemigRat$
phonemes : $emigR3t$
diphones : $e em mi ig gR R 5t t$
syllables : $e mi gRat$
demi-syllables : $e em mi ig gR3 at t$
disyllables : $e emi igR3 at$

Figure 3: Representation of a word by subword units
(The word is "émigrante” ("emigrant”) in French, $ stands for silence)

Other approaches tend to use units with no linguistic affiliation,
for pl btained a jon algorithm. This
approach lead to Segment (or Matrix) Quantization, very similar to
Vector Quantization, except that the distance between segment prototypes
may need time alignment, if the segments do not have a constant length
[25,142,84]. In a similar way, several attempts to represent the references

networks of segments can be found for speaker-independent isolated
digit [74], connected digit [27], or alphabet recognition [80].

- Tim ression; Time compression can also reduce the amount of
information 175,461. The idea is to compress (linearly, or non lincarly) the
steady states, which may have very different lengths depending on
speaking rate, while keeping all the vectors during the transitions, thus
moving from the time space to the variation space. An algorithm like the
VLTS (Variable Length Trace Segmentation) [47] halves the amount of
information used. It also obtains better results when the pronunciation
rate is very different between training and recognition (some often-used
DTW equations, for example, do not accept speaking rate variations of
more than a 2-to-1 ratio, which is easily reached between isolated word
p iation an i speech). Hi , if duration itself carries
meaning, that information may be lost.
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ime alig of the two sets of sentences creates a mapping
between the two codebooks. This basic method has several variants
[155,21,43].

Most of the progress related to- this technique has been obtained
on one aspect of the problem. Some systems addressing two aspects can
also be found, like the Conversant system from AT&T [152], which allows
for speaker-independ: d digit recogpition over telephone lines
using a multireference CWR-DTW approach. Further advances have been
obtained by using more elaborated techniques: Hidden Markov Models,
and Connectionist Models.

The Hidden Markov Model approach

Whereas in the previous pattern matching approach, a reference
was represented by the pattern itself which was stored in memory, the
Markov Model approach carries a higher level of abstraction, representing
the reference by a model [125,135}. To be recognized, the input is thus
compared to the reference models. The first uses of this approach for
speech recognition can be found at CMU [4], IBM [62] and, apparently,
DA [124).

. In a stochastic approach, if we consider an acoustic signal A, the
recognition process can be described as computing the probability
P(W]A) that any W word string (or sentence) corresponds to the acoustic
signal A, and as finding the word string having the maximum probability.
Using Bayes’ rule, P(W|A) can be represented as:

B(W{A) = P(W) . P(A|W) / P(A)

where P(W) is the probability of the word string W, P(A|W) is the
probability of the acoustic signal A, given the word string W, and P(A) is
the probability of the acoustic signal (which does not depend on W). Thus
it is necessary to take into account P(A|W) (which is the acoustic model),
and P(W) (which is the language model). Both models can be represented
as Markov models [6]. We will first consider Acoustic Modeling.

- Basic di a ; Here each acoustic entity to be recognized,
each reference word for example, is represented by a finite state machine,

led a Markov machine, composed of states, and of arcs between
states. A transifion probability a.. is attached to the arc going from state i
to state j representing the probability that this arc could be taken. The
sum of the transition probabilities attached to the arcs issued from a given
state i is equal to 1. There is also an output probability by:(k) that a symbol
k from a finite alphabet can be emitted when the arc frofn state i to state j
is taken. In some variants, this output probability is attached to the state,
not to the arc. When Vector Quantization is used, this output probability
distribution (also called output probability density function (pdf)) is the
probability distribution of the prototypes. The sum of the probabilities in
the distribution is also equal to 1 (Figure 4). In a first-order Hidden
Markov Model, it is assumed that the probability that the Markov chain is
in a particular state at time t depends only on the state where it was at
time {-1, and that the output probability at time t depends only on the arc
being taken at time t..

FZE], ¢

azz

k-\.K

a12

Figure 4: An example of a2 Hidden Markov Model
The output probability distributions b,:(k) are enclosed in rectangles. . is
the transition probability. This lefi-to'Fight model has 3 states and 4 afls.
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-_qumu}_mmﬂ; We have just presented what are usually called
"Discrete Hidden Markov Models”. Another type of Markov Model is the
"Continuous Markov Model". In this case, the discrete output pdf on one
arc is replaced by a model of the continuous spectrum on that arc. A usual
model is the multivariate Gaussian density [120), which describes the pdf
by a mean vector and a i matrix ( lly di: 1). The use
of a multivariate Gaussian mixture density seems to be more appropriate
[135,66,137,122]. The Laplacian mixture density seems to allow for
quality results, with reduced computation time {116]. Several attempts to
compare discrete and continuous HMMs have been reported. It seems
that only complex continucus models allow for better results than discrete
ones, reflecting the fact that with the usual Maximum Likelihood training,
the complete model should be correct to allow for good recognition
results [7). But complex continuous models need a good deal of
computation.

The numbser of states, the number of arcs, and the initial and final
states for each arc are chosen by the system designer. The parameters of
the model (transition probabilities, and output probabilities) have to be
obtained through training. Three problems have to be adressed:

- the Evaluation problem (what is the probability that a sequence
of labels has been produced by a given model ?). This can be obtained by
using the Forward algorithm, which gives the Maximum Likelihood
Estimation that the sequence was produced by the model.

- the Decoding problem (which sequence of states has produced
the sequence of labels 7). This can be obtained by the Viterbi algorithm,
which is very similar to DTW [166).

- the Learning (or Training) problem (how to get t{:e parameters

of the model, given a sequence of labels ?). This can be d by the

from the di and thus defining similar prototypes. If the
output probability of a prototype is null on an arc, it can be smoothed with
the non-null probability of a similar prototype [150]. A third method is the
co-occurence smoothing {82], which smoof on all the arcs the
probabilities of labels that sometimes appear on the same arcs.

. jon: In order to smooth the estimates of the
parameters obtaned by 2 different methods, it is necessary to apply
weights to the different estimates. Those weights will reflect the guality of
each estimate, or the quantity of information used to calculate ecach of
them. A method to nutomaﬁullmc‘terminc those weights is the deleted
interpolation estimation, which splits the cstimates on two arcs, and defines
the weights as the transition probabilities of the arcs, as computed by the
Forward-Backward algorithm [63].

- Time modeling: The modelisation of time in a Markov model is
contained in the probabilities of the arcs. It appears that the probability to
stay at a given state will decrease as a power of the probability to follow
the arc looping on that state, which seems to be a poor time model in the
;:ase (;)f the speech signal. Several attempts to improve that issue can be
found.

In the Semi-Hidden Markov Model [44,145), a set of probability
density functions P;(d) at each state i indicates the probability of staying in
that state for a given duration, d. This set of probabilities is trained
together with the transition and output probabilities by using a modified
Forward-Backward algorithm. A simpler approach is to independently
train the duration probability and the HMM parameters [134].

To allow for a more easily trainable model, continuous probability
density functions can be used for duration modeling, like the Poisson
ghtripuﬁon (145] or the gamma distribution, used by S. Levinson in his

Forward-Backward (also called Baum-Welch) algorithm [12], when the
training is based on Maximum Likelihood.

- Initialisation: Initialisation of the p in the model has to be
carried out before starting the training process. A hand-labelled training
corpus can be used. If enough training data exists, uniform distribution
will be sufficient for homogeneous units, like phone models, with discrete
HMM [83]. For word models, or for continuous HMM, more
sophisticated techniques have to be used [121].

- Maximum_ Likelihood Estimation (MLE); The Maximum Likelihood
Estimation was the initial principle used for decoding and training the
decoder [6]. The Maxi Likelihood Estimation is idered to
guarantee optimality in training if the model is correct, and if the
production of speech is really a Hidden Markov Model, which may not be
the case [9). We perceive that this measure will effectively guarantee

ly Variable Duration Hidden Markov Mode! (CVDHMM) [88].
Another way of indirectly taking time into account is to include
the dynamics of the spectrum as a new parameter. It can be represented
by the differenced Cepstrum coefficients corresponding to adjacent
frames, and can also include the differenced power. After Vector
Quantization, the multiple codebooks for those new parameters are built.
Thcy[ 83;]6 introduced in the HMM with independent output pdfs on the
arcs [83].

- Decision Units:

- Word: The natural idea is to modelisc a word with a HMM. An example
of a Markov word machine, from R. Bakis [62], is given in Figure 5. The
number of states in the word model is equal to the average duration of the
word (50 states for a 500 ms word, with a frame each 10 ms). It should be
noted that the model includes the frame deletion and insertion

h previously d d during DTW. More recently, models with
less states have been successfully tried [133). The problem is that to get a
good model of the word, there should be a large number of

optimality with regards to the training pass, but not ly to the
gnition pass. To imp the discriminative power of the models,
some alternatives have been tried:

- Corrective training; The model is first built on part of the training data
with MLE. It is then used to recognize the training data. When there is a
recognition error, or even if a wrong candidate gets too close to the right
one, the initial model is modified in order to lower the probability of the
labels responsible for the mistake or the “near-miss". The process is
repeated with the modified parameters. It is stopped when no more
modifications are observed. A list of acoustically confusable words can be
used in order to reduce the duration of the process. This approach tends
to minimize the whole recognition error rate related to the training data.
If, the test data in operational conditions is similar to the training data, the
error rate on the test data will also be minimized [9].

- _Maximym Mul Ipformati MMI); The Maximum Mutual
Information approach is a similar, but more formalized method [7,104].
The goal is to determine the parameters of the model by maximizing the
probability of generating the acoustic data given the right word sequence,
as in MLE, but, at the same time, minimizing its probability of generating
any wrong word seq pecially the most freq ones. C i
results between the two methods showed that corrective training was
better. This may be due to the fact that the low-probability wrong word
sequences will have very little effect in MMI training while they may have
some effect in corrective training [9). Compared with ML training, the
MMI training is especially more robust when the model is incorrect {7],
and gencrally gives better results [104). A different method, the Minimum
Discriminant Information (MDI) has been proposed as a generalization of
both ML and MMI [42].

- Smoothing; To get good results, a Markov model needs much training
data. If a label never appeared at a given arc during training, it will be
given zero probability in the distribution corresponding to that arc, and if
it appears during recognition, this zero probability may be attributed to
the whole word. A simple smoothing method is to give a very low
probability to all the probabilities which are null (floor hing [86]). A

p iations of that word. Also, the req tion process considers a
word as a whole, and does not focus on the information discriminating two
acoustically similar words.

L=~

Q=

Figure 5: Example of a Bakis Model for a word.
The average length of the word is 50 ms.

In the same way as with the DTW approach, using units shorter
than words has its ad The ion-by-recognition process
operated by the Viterbi algorithm permits to avoid the problem of a-priori
segmentation, and thus authorizes the use of subword units as small as
phonemes (also called phones to allo)w for a less theoretical definition),
dinh Mlables. demi-syllables, etc.).

- diphone_ynits: The use of HMM diphone models has been compared
with simple phone models, or composite models of phones and transitions.
Transition models were built only for transitions corresponding to certain
class pairs for specific transitions (plosive-vowel, affricate-vowel, etc.). The
composite model obtained better results, with a smaller number of units
than the diphone models [34].

-_context-independent phones; Context-Independent Phone models are

more sophisticated one consists of assigning several labels instead of a
single one for each frame during the training, with probabilities computed
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ing, becausc they are lesser in number. An example of such a
phone model is given in Figure 6. They were used in the early IBM Speech
Group work on isolated and continuous speech recognition [6].
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Figure 6: Example of a Phone Model in the SPHINX system
The Output probability distributions B (Beginning), M (Middle) and E
(End) are tied (forced to be the same) on different arcs. The minimum

length is one frame. There is no maximum length.

If the decision units are subword units, like phones, each word is

rcpresemcd by a string of those subword units (or a network, if the

in the iation of the word are taken into

account (Fl,gure 7). i no lmca] information is used, the subword units

are integrated in a Looped Phonetic Model (LPM), where different

probabilities can be eventually affected at the succession of phonemes
(Figure 8) [103].

Null Transition Arc

Figure 7: Example of a word model built from phone models
The word can be one or two phonemes long. The first phoneme can be
deleted. There are two possibilities for the second phoneme. The probability
of the different phonological variations can be pus on the arcs. The null
transition arc has no output symbol emission.

-1 H

Figure 8: A Looped Phonemic Model
Each rectangle is a phone machine. The arcs from the initial state to each
phone, from each phone to the final state, and from the final state back to
the initial state are null transition arcs. The probability of phoneme
successions can be used as a "language model®.

Unfortunately, the simple phone models are much affected by the
context, and the parameters of the phone model reflect many different
acoustic signals for the same phoneme.

- context-dependent phones: To address this problem, context- -dependent
hones have been tried [5,150]. Different phone models are constructed

For each context of the phone. If there are 30 phones used, there will be

about 1,000 models for each phone, tha( is 30,000 models if we id

wmm In the same way, a phone model can be trained
in the context of a given word. If the vocabulary is small, and if the
number of templates for cach word is large, then training is possible. This
approach has been used by CNET rescarchers in their speaker-
independent isolated word recognition system through telephone lines
[39), and by BBN for a 1,000 word vocabulaty [29]. At CMU, K'F. Lee has
used function word phone models [83). Function words are grammatical
words, usually short and badly gronwrwed, and thus difficult to recognize.
They are very frequent in fluent speech, and greatly affect overall
recognition performance. But, as they are frequent, training can be
conducted. All this justifies the need and the possibility of having special
models for the phones of those words.

Il is possnble to nux the different models (conten-mdependem,
) of the same phone by using the

deleted mlerpalauon mcthod [83,37]

- Fenones; Other models are of acoustic nature. L. Bahl et al. are using
the concept of fenone.r [10]. The idea is to represent the pronunciation of a
word by the smng of ype labels ob vector and
to create a simple Markov machine, called a fenone machine Flgure 9,
for cach of the labels. The parameters of these models can be obtained by
training on several utterances of each word. This approach is closr, to
DTW on word patterns. The DTW deletion and insertion phenomena for
cach label are included in the model. For example, the labels

-corresponding to a stable instant have a high transition probability for the

fooped arc. But the authors underline that the fenonic models can be
u'amed to a new speakes, not the word patterns. The use of speaker-
ind ;cndent fenone models is a way to represent the time model of each

alt

212

Null transition arc
a'12

Figure 9: A Fenone Machine.
The bold arc is a null transition. The length of the machine can be 0, 1 or
several frames.

-_Segments: These segments are similar to the ones used in S t
Quantization with DTW pattern matching methods [142]. They are
obtained by applying a Maximum Likelihood sep'ncntatmn a]gomhm A
segment quantization process is then d Each of th
segments of the resulting seg book i d by an HMM,
trained on the initial data. Each word of the lexicon is represented by a
network of those acoustic units. The results on IWR are similar to those
obtained with word models [84].

Several aspects must be taken into account in order to choose a unit:

a. As for word models, there is a need for a large number of each
subword unit in the training data. The smaller the unit, the more it will be
present in the training data, and the better the parameters of the model.

b. But also the more it may be modified by the context. To
address this problem, we have seen that it is possible to relate the units to
particular contexts.

¢. Another important aspect is the possibility of improving a
detailed model built with insufficient data using the parameters obtained
from a more general model, like a context- dependcnt model of a phone
being improved by ing it with a context-i dent model of the
same phone.

Those three aspects are called trainability, semsitivity and
sharability [83).

__Smgg_mm Adaptatlon fo a new speakcr can be obtained by
d on

both thc right and left contexts (called triphone models). Here also, it may
-be difficult to get enough training a to train all these models.
Knowledge in phonetics can be used in order to reduce the number of
triphone models to be trained, as some contexts will have similar effects
on the nnddlc phone [37). Alternatively, in the generalized triphone

h [83], a comp of the of the entropy of the HMM,
(whether two different context-dependent phone models are kcpt
separately or are merged), is used to determine the triphone models that
have to be kept.

using The approach at
BBN first performed adap{auon by quantizing an unkown input sentence
with the reference speaker book [151], and applying a modified
forward-backward algorithm to compute the transformation matrix
presenting the conditional probability of a quantized spectrum of the new
speaker, given a quantized spectrum of the reference speaker. The method
was improved by building the new speaker codebook, DTW aligning a
known sentence pronounced both by the new speaker and the reference

speaker and counting the co-occurrences of new and reference speaker
codcwords [43]. In the context of speal speaker
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adaptation from a reference speaker to a new speaker, even on a small

amount of data (15 secunds of speech), allows for results close to those

with dent training with 15 minutes of speech. In

the context of speak:r-mdependcnt recoglmon, the -experiments

wnduaed at CMU P and speaker-

d from 30 with a deleted

mmpolmn method showed 5 to 10% im ‘m'ovement by using speaker
adaptation (when no grammar was used) (T:

- Language modcl;

The language model can also be represented as a Markov process.
In a Bigram model, the probability of a word, given a previous word, is
computed as the frequency of two-word sequences [6]. In a Trigram
model, the probability of a word, given the two preceding words is
computed. A Unigram model is simply the probability of a word. A
1 model is the word pair model, where the same probability is given

agl the words that can follow a given word.

Those differcnt models must be trained on a large corpus. If the
corpus is not large enough, and if the number of words in the vocabulary is
high, many actually existing word successions will be absent, and the
model, especially in the case of the trigrams, will have many null
probabilities (if a 5,000-word vocabulary is used, the size of the trigram
matrix is 5,000*). This can be improved by using smoothing techniques,
similar to floor smoothing, like the Turing-Good estimate [110), which says
that an estimate of the probability of a unseen words in a training corpus
is the ratio of the number of words seen once divided by the total number

obtained through telephone lines. It uses continuous word models. The
results were 85% for isolated digits, and 89% for signs of the Zodiac, over
the public telephone analog network [39].

_SMH_‘GMMMM;M_@_L“M&:L Work at
Lincoln Lab on robust recognition for isolated words has been enlarged to

speech. Prel y tests have been conducted on a 207 word
vocabulary, with a perplexity of 14 words. 10 different speaking conditions
are present. The word error rate was 16.7% [121].

mummww At ATET
Bell Labs. very good results on k¢ d and

eeogm with wurd-modcl
cuntmuous HMMs have been fcporwd (0.78%, 2.85%, and 2.94% string
error rate, for strings of unknown length) []36] At CNET a system has
been designed for telephone dialling using 2-digit numbers. It results in a
dial-free telephone booth now being tested at different public sites {65].

- Large Vocabulary Speaker-Dependent lsolated Word: The IBM-
Yorktown Speech Group announced a 5,000 word, speaker-dependent,
isolated word recognition system on a PC in 1986 [154]. In 1987, th
presented a new version with a vocabulary of 20,000 words. They use boeg
phone and fenone models [64].

At the IBM Sqent c Ccntcr in Paris, experiments have been
conducted on a very lary ary (200,000 words). The pronunciation
mode is syllable by syllal Al(ho\lgh the pronunciation mode is difficult
to accept, the interest is to directly process a language model

of words in the corpus. Another posubnhty is to use deleted i lati
combine unigram, bigram and trigram probabilities in the wmplele
language model [36].

The percentage of real linguistic facts contained in the |
model is called the | ducted on large
vocabulary recognition showed that the error rate was 17.3% with a
10,000-word dictionary, including errors on 43 words of the 722-word test
text that were not in the lexicon (thus having a 94% coverage). Using a
200,000-word dictionary allowed for a lower error rate of 12,7%, as, even
if the task is more difficult, the coverage was then 100% [103).

In a Biclass or Triclass model, the probability of word succession
is replaced by the probability of grammatical class succession [3]. The
probability of a given word in a class can also be used to refine the modcl
(TriPOS (as Part Of Specch) model [36]). An in-between approach is the
smoothed trigram model where the probabilities of long words (three or
more syllables l(mgeI are tied, as they are easy to recognize and do not
usually have homophones (at least for English) [38].

The advantages of language models based on words is that they
will contain both syntactic and semantic information. They will also be
simpler to train, as the text data basc does not need any initial
grammatical labelling. However, the amount of data necessary to train the
model, especially in the case of a trigram model will be large. In the case
of using grammatical categories, the text will have to be labelled, but can
be shorter. Moreover, if a new word is introduced in the dictionary it can
inherit the probabilities computed for the words having the same
grammatical category.

For the Dictation task, the reference is Written Language dictated
by voice. In this respect, one can use a text data base to train the lang uaﬁe
model. IBM has used a 250 million word text to train their model 1n
Tangora system (as rcported in [83]). Within the European ESPRIT
programme, multilingual language models have been built [23]. For
Spoken Language Understandin, og, there should be a need for using speech
data to train the language m: el, thus mixing acoustical and language
moadeling. When written transcriptions of dialogs are available, the model
can be trained on those transcriptions. In the case where only a small
corpus is available (1,200 sentences of the DARPA Resource
Management Database), BBN recently proposed using a model including
both probabilities of phrase succession, and probabilities of word
succession within a phrase [138].

The use of a language model IS an absolnte necessity.
Experiments conducted in French on p of
error-free phoneme strings showed that a slmpr 9-phoneme sentence
generated more than 32,000 possible segmentations into words, and
graphemic translations of those words [3].

HMMs have been used in many different systems:

- Small Vocabulary Speaker-Dependent Isolated Word; In this simple
task, HMMs have been used to make the system more robust to variations
in pronunciation for one dsl%eaker At Lincoln Lab, continuous HMM word
models are trained on different types of spcakmg modes (normal, fast,
loud, soft, shouting, and with Lombard effect). This is called "Mu]u;rylc
training". On the 105 word vocabulary TI speech databasc, the results
were 0.7% errors [120). On the dlfﬂcul! keyboard task, with a 62-word
g the igits, and pnnctuanon marks, IBM
achieved a 0.8% error rate, using fcnone models [10]

- Small Vocabulary Speaker-Independent Isolated Word: CNET in France
has used this h for ition of a small amount of

words, spoken i in isolation. The system is robust. It has been trained with
many pronunciations of each word of the vocabulary, from many speakers

corresp g to continuous speech, and including the problem of liaisons
and elisions in French, They use phone models [103).

At INRS/Bell Northern, tests with a 75,000-word vocabulary, and
3 different language models were conducted. The best results (around
90%) were obtained with a trigram model which offered the lowest
perplexity [38].

- Large Vocabulary Speaker Dependent Continuous Speech; The IBM TJ
Watson Research Center Speech Group announced a 20,000 word,
speaker dependent, continuous speech recognition system for 1989 [11].
BBN presented the BYBLOS system. in 1987 [30] Thls system now uses
context-i phone
models, and r recogmscs al ooo word vocabulary in real time.

Large Vocabulary Speaker-Independent Continuous Speech: The
SPH[NX system was developed at CMU. It has been tested on the
DARPA Resource Management database, with a vocabulary of 967 words.
It uses generalized triphone models, and function word models, with
discrete HMM. The syntax is given by word pair, or by a bigram model
[83]. The same task has been performed at Lincoln Labs with slightly
worse results, using triphone models with continuous 4 Gaussian mixture
HMMs [122]. At SRI, a similar system was designed with simpler phone-
model discrete HMM[ 06].

The conunectionist approach

In the connectionist approach, reference data are represented as
patterns of activity distributed over a network of simple processing units

[92,94)
= Perceptrons:

The mmlor of tlus approach is the Perceptron, a model of visual
* R blatt [140], that was finally abandoned
after havmg “been proved m fail in some operations [105] More recently,
there has been a renewal of interest for this system. This is due to the fact
that Multi-Layer Perceptrons (MLP) have been proved to have superior
classification abilities over the original perceptron [92], and that a training
algorithm, called Back-Propagation was proposed recently for the MLP
[169,143,79,119]. A Multi Layer Perceptron is composed of an input layer,
an output layer, and one or several hidden layers. Each layer is composed
of several cells. Each cell i in a given layer, i ls connected to each cell j in
the next layer by links, having a weight W.. that can be positive or
negative, depending on the fact that the initi "cell excites, or inhibits the
final one. The analogy with the human bram results in ca.lhng the cells
"neurons”, and the links " ". The duced in the input
cells (set to 0 or 1 if the mode] is binary), and is propagated in the
network. In each cell, the sum of the weighted energy conveyed by the
links arriving at that cellis computed. If it is superior to a threshold T, the
cell reacts, and, in turn, transmits energy to the cells of the higher layer
(the response of the cell to incoming energy is given by a sigmoid function
S[I) (Figure 10).

In the training phase, the p lus when ing the
output cells is compared with the desired ou:gul response, by compulmg
an error value, which is back-propagated to lower layers, in order to
adjust the weights on the links, and the excitation threshold in cach cell.
This process is iterated until the parameters in the network reach enough
stability. This is done for all the stlmu]us«response Ppairs.

In the ition phase, the sti d to the output
layer. In some systems, the output cell with (he lnghes( value designates
the recognized pattern. In others, the array of output cell values will be
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compared with arrays representing each reference pattern, with a distance
measure (like the Hamming distance for binary cells). The role of the
hidden cells is to organize information in such a way that the discriminant
information is activated in the network to distinguish two close el
The hope is that the Hidden Cell corresponding to the discriminant cue
will impuise on the right output cell with a strong positive weight, while
impulsing on the wrong output cell with a strong negative weight.
A close look at the behavior of the Hidden layer cells during
ition has shown the fact that some of them were actually reacting to
discriminating features, such as alveolar vs. velar stop detection [41), or
Falling 2nd formant around 1600 Hz vs. Steady 2nd Formant around 1800
Hz [167], in the recognition of "B", "D", "G" in various contexts.
Comparable interesting self-organizing aspects have been found in
HMMs, using a 5 state ergodic model, where all states are d, with

can be trained on o -d graph h pairs, obtained from a
Iexxcqn or from continuous text, and is able to learn some conversion rules
that it can apply to new words. Depending on the size of the training
corpus, the quality of the conversion on unseen words improves. With this
pproach, the authors achieved a 78% correct conversion test on a
continuous unknown text, which is less than results obtained by using
hand-made production rules.

This approach has been enlarged to speech recognition [22), In
this case, the input is made of 11 groups of 60 cells corresponding to labels
obtained by vector quantization with a 60 prototype codebook. The output
is made of 26 cells corresponding to the 26 ph used to compose the
German digits. Training is carried out on a labelled speech corpus by
simultaneo‘psly giving the label and its context as input, and the

no a priori labeling. After training, it appeared that the states correspond
to well-known acoustic-phonetic features (Strong Voicing, Silence,
Nasal/Liquid, Stop Burst/Post Silence, Frication) [124].

B =53 (WisE) - T)

G
. Figure 10: A Two-Layer Perceptron,
Each link has a weight Wy;. Each cell has an activity threshold T, E;is the
nergy emitted by cell i.

- Time Processing:

If the discriminating power of such a network is of interest for
speech recognition, the time parameter is difficult to modelize. Several
ways of taking it into account can be reported:

- Fixed length time compression: One approach is simply to usc as
reference length the largest possible length, and to pad the words which
are shorter with silence [123]. Another possibility is to normalize the
spectrogram corresponding to a word, to a fixed length (this can be
achieved by fixed length linear, or non-linear time compression). If the
spectrogram is of length 1, each vector being of dimension D, the network
will have D.I input cells. If the size of the vocabulary is M words, the
network will have M output cells. A word will be recognized if the
corresponding output cell has the highest activation value.

000 0 O O s Smemen i
O (@] HIDDEN LAYER
00 o oo o] |00 O] wu

29 graphemes (A}
60 codewords (8)
Figure 11: An example of a contextual Multi-Layer Perceptron.
Each rectangle corresponds to several cells, representing different units (in
the case of graph -ph ecognition (A), or ph g
(B). Here, the context is one on the right, and one on the left of the stimulus.

- Contextual MLP: In order to take the contextual information into
account, the input can include the context in which the stimulus occurs. T,
Sejnowski used that method for grapheme-to-phoneme conversion in
English [153). Let us assume that there are 26 graphemes, 3 punctuation
marks and 30 phonemes in English. The input is composed of 7 groups of
29 cells. Each group represents one grapheme or punctuation mark, with
the corresponding cell being set at 1, the 28 other ones at 0. The central
group represents the grapheme to be translated, the 3 on the left and the 3
on the right representing respectively the left and right contexts (3
graphemes on the left of the onc to be converted, and 3 on its right). The
corresponding phoneme is given in the output cells (Figure 11). It means
that there are 30 output cells, and that the one corresponding to the
phoneme is set to 1, while the other ones are set to 0 (actually, a different
coding was used for the output cells, based on 17 phonological features, 4
punctuation features and 5 stress and syllable boundary features (like
vowel, voiced, etc.), resulting in a total of 26 output cells). The network

corresp g phoneme as output. The training corpus includes 2
pronunciations of each isolated digit. The recognition of the digits
th tves, p d in isolation or conti ly, is achieved by DTW
after phoneme recognition. The comparison of this technique with a
simple one-state phone-mode! HMM was in favor of the MLP approach
gNo errors for IWR, and 92.5% for 7 digit strings, against 80% and 70%
discrete (with the same VQ Codebook) HMM) and 100% and 90%
(continuous HMM)). One of the striking results is the discriminating
power of the MLP approach, the emergence of the right phoneme being
much more apparent than in the case of HMMs where the right phoneme
has a weak emergence when compared with the second best, even if the
final decision of recognizing the right word is, in both cases, correct.

- Time Delay Neural Networks (TDNN): Another similar approach has
been proposed by A. Waibel [167]. The task is-the recognition of the 3
phonemes "B", ‘D", "G" in different contexts. Here, the MultiLayer
perceptron is composed of 2 Hidden Layers. The length of the input
stimulus is fixed, and equal to 15 frames (150 ms). The input layer is made
of 16 cells r:¥rcsenting 16 Cepstral coefficients, each cell being connected
to the cells of the first Hidden Layer by 3 arcs representing the value of a
coefficient at time t, t-10 ms, and t-20 ms. The first hidden layer is
composed of 8 cells. Each cell is connected to the cells of the second
Hidden layer by 5 arcs representing the values of the cell at time t to t-40
ms. The second hidden layer has 3 cells. Each cell of the output layer
receives the energy integrated over the total duration of the stimulus from
one of the second Hidden layer cells. The output layer is composed of 3
cells representing each phoneme. The learning phase takes into account
the fact that the arcs corresponding to a coefficient at a given time t will
be observed 3 times (at time t, at time t+10 ms with a 10 ms delay, and at
time t+20 ms, with a 20 ms delay). This approach has been compared with
a discrete HMM approach, using 4 states, 6 transitions and a 256
prototype codebook. There is one model for each of the 3 phonemes.
Results came out in favor of the MLP approach (1.5% error rate, instead
of 6.3%). Here also, the emergence of the correct phoneme, when
compared with the second best, shows the higher discrimination abilities
of the MLP approach.

- Neural Nets and the DTW or Viterbi algorithms: In order to better
account for the good discriminative properties of the Neural Networks
approach, as well as the good time alignment properties of DTW [147] or
Viterbi algorithms [93,58), some first attempts to use them in the same
framework can be found.

- Boltzman machini imulated annealing:

The Boltzman machine is also composed of nodes, and weighted
links between nodes. Unlike MLP, the nodes are not organized on
different layers, but one node can be connected to any other node (fully
connected). They are usually divided into visible and hidden nodes. The
visible nodes can also be divided into input and output nodes. Another
difference is that the nodes can usually take binary values. Each node is
given a probability to be 0 or 1. This probability function depends on the
"dilference of energy" (equal to the weighted sum of the energy issued
from the connected nodes) incoming in that node, whether it is set to 0 or
1. It also contains a term which is comparable to the temperature
parameter in Thermodynamics. The higher the temperature, the more the
node will be able to take the O or 1 values at random. The lower the
temperature, the more the node will be influenced by the state of the
nodes connected to it, and by the weights of the corresponding links. At
the beginning of the optimization process, the temperature is high, and
then it is decreased slowly. This process, known as “simulated anncaling’
[69], has the goal of avoiding system stabilization in a local minimum of
energy (corresponding to a non-optimal solution), thus missing the true
one, as it will help the system to quit that local minimum.

During the training phase, each node is first given a random
value, O or 1. Then, the stimulus is given to the input nodes, and the
desired response is given to the output nodes. The simulated annealing
method obtains the best equilibtium, corresponding to the lower energy of
the total network. For the whole training set, statistics are collected for
each link on how many times the nodes at each extremity of the link were
on simultaneously. The same process is used without giving any
information to the output nodes. The comparison of the two allows
network training, that is, updating the weights on the links, by decreasing,
or increasing, their value by a fixed amount. The recognition process
consists of applying the stimulus to the input nodes of the network, using
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the simulated annealing method to get the optimal solution, and
considering the output nodes to obtain the recognized pattern.
This approach has been used for multi-speaker vowel r

Hopficld Net has a single layer, each cell being connected to all the other
ones. It is used as an associative memory, and can restore noisy inputs.

as input ome spectrum to rcpresent a vowel
pronounced in isolation {126]. It has also been compared with a MLP
having the same number of nodes (50 hidden nodes) [127]. The results
showed that the Boltzman Machine was slightly better than the MLP
(about 3% difference: 2% error rate against 5% on the data used for
training after 25 training cycles, 39% against 42% on untrained data for
the same speakers, after 15 training cycles). It has also bgen noticed that
the MLP is about 10 times faster than the Boltzman Machine.

< Feature Maps:

The Feature Maps, or Phonotopic Maps [71], go on the
hypothesis that, for speech recognition, the information that is c}osely
related should also be topologically closely located, as it might be in the
brain {72]. It is an unsupervised approach since no information is given to
the system about the desired output during building of the map.

The process is similar to clustering. The nctwork can be
represented as a two-dimensional grid. Each point corresponds to a
prototype spectrum. When a mew spectrum of the speech data is
presented, it is compared with all the existing prototypes, using a similarity
measure like the Euclidean distance. When the closest one is found, the
corresponding prototype is averaged with the mew vector, taking into
account as a weight, the number of spectra that resulted in the prototype.
The eight adjacent neighbors are also modified according to the new
input, with a lower influence. The same can also be applied to the 16
following neighbors (Figure 12). At the end of this process, quantization is
obtained, as it would be with a clustering approach, but each prototype is
close to a prototype which is similar to it. The quality of this quantizer has
been compared to conventional ones [171]. The network is then labelled,

izing labelled

experiments,  usiny i

The H: ing net is similar to the Hopfield Net, but first computes a
H ing dist to p: the input vector with the reference
patterns [94].

Other approaches are on their way, but complete results have not
yet been pnb]ishgg. J.L. Elman and J.L. McClelland proposed the TRACE
model as an interesting model for speech perception, or an architecture
for the parallel processing of speech. The first version, TRACE 1,
accepted the speech signal as input [40]. An improved version, TRACE 11,
accepts only acoustic features as input [96].

- f Neural Networks for lany ing:

The use of the self-organizing approach has proved to be efficient
for Language Modeling, as it appears in Markov language models. Some
trials can also be found, that use the Neural Network approach. One
approach consisted of trying to extend the Bigram or Trigram models to
Ngram models {113]. For a basic bigram model, the MLP which is used
has 89 input cells (cor ding to 89 gr 1 cateﬁones) for the
word N, and 89 output cells for giving the category of the word N+ 1.
There are two hidden layers with 16 cells in each. This MLP has been
generalised to 4-grams. It was trained on 512 sentences, and tested on 512
other sentences. For a Trigram model, the results were comparable to
those obtained with a Markovian approach, the information being reduced
more than 130 times. Examination of the hidden cells showed that they
classified the word categories into significant groups.

Although the Neural Network approach looks very appealing and
quite promising, several probl are still Ilved: which archi €
should be chosen, how many layers, how many cells should be used, how
to deal with time processing, what should the representation of the

% and giving the corresponding labels,
with an_ appropriate_decision scheme, to the nodes in the grid. A
recognition process will correspond to a trajectory in the labelled network
(also called Feature Map). .
This approach has been applied with success to the recognition of
Finnish and Japanese (speaker-dependent, isolated words, 1000 word
bulary). The ph ition rate varies from 75% to 90%, the
word recognition rate varies from 9%6% to 98%, the orthographic
transcription of a word, using a language model, varies from 90% to 97%,
depending on the vocabulary, and the speaker [73].

Figure 12: Example of a Feature Map architecture
Each cell corresponds to a prototype in Vector Quantization, connected to its
neighbors, which are similar prototypes. If the cell in the middle is modified,
its 8 close neighbors and the 16 next ones will also be modified.

=~ Guided Propagation;

Another system is based on a principle of guided propagation,
supported by a topographic memory. Speech is transformed into a
spectrum of discrete and localized stimulation events processed on the fly.
These events feed a flow of internal signals which propagates along
parallel memory pathways corresponding to speech items (i.e. words).
Compared with the layered methods described above, this architecture
involves a set of pr ing units ized in pathways b layers.
Basically, each of these context-dependent units detects coincidences
between the internal activation it receives (context) from the path it
participates in, and stimulation events.

This approach has been used for the speaker-dependent
recognition of isolated digits (0-9) in noise, on a limited speech test
database. The noise is itself constituted of speech (an utterance of the
number 10 pronounced by the same speaker), with a 0 dB Signal-to-Noise
ratio. It has been compared with a classical DTW algorithm. The results in
noise-free conditions were no errors for the DTW algorithm, and 2%
errors for the connectionist model. When the noise is agﬂed, it gave 47%
error for the DTW algorithm, and 10% error for the connectionist model.
However, it should be noticed that the signal processing was different in
the two cases (cepstral coefficients for DTW, simplified auditory model
including lateral inhibition and shon fterm adaptation for the
Connectionnist system) (15,78).

- Other systems:

. Other connectionist systems, which can be applied to pattern
recognition in general, and speech recognition in particular exist. The
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pairs be, how is it possible to reduce the computation
time. At present, no definitc experiment in completely comparable
conditions, on a large enough scale, and on a sufficiently general task,
taking advantage of the interesting features of the two different
approaches, has proved the superiority of the Neural Network method
over statistical or pattern hing method

"Knowledge-Based® Methods

The "Knowledge-Based" approach became very popular when the
"Expert System" technique was proposed in Artificial Intelligence. The
idea is to separate the knowledge that is to be used in a reasoning process
(the Knowledge Base), from the strategy, or reasoning mechanism on that
knowledge (based on the Inference Engine, which fires rules). The
reasoning strategy is also reflected by the way the input information (the
"Facts") 1s processed (left-to-right or Island-Driven), and the order in which
the rules are introduced, or arranged as packets of rules in the knowledge
base. Most of the ipulation of inf i including _inputting
information to be processed, is taken care of through the Fact Base.
Knowledge is represented as “if Facts then Conclusion] else Conclusion2"
rules. It can be accompanied by a weight representing, as a heuristic, the
confidence that one could apply to a given rule conclusion. The Inference
Engine can try to match the goals to the input by applying the rules in the
Knowledge Base, starting from the goals present in the conclusion of the
rules, and then checking if the result of such firings is actually the input
(Backward Chaining, Goal Directed or Knowledge Driven). Or, on the
contrary, it can start from the input, find applicable rules, and fire them
until a goal is obtained (Forward Chaining, or Data Driven). The strategy
can ]change during the decoding process, on the basis of intermediate
results.

This approach implies that the knowledge has to be manually
entered, unless some automatic learning procedure is found. The effort
for obtaining a sufficiently large amount of knowledge for speaker-
independent continuous speech recognition, for large vocabularies, was
measured at the early ages of this approach (beginning of the *80s) to be
around 15 years.

- Spectrogram reading ex, tems:

As it has been shown that some expert spectrogram readers are
able to "read” speech sp gr with a high decoding score (80% to
90%), several attempts have been made to “mimic* those experts in a
"knowledge-based" expert system [31].

The expert has di ions with a "cogr (usually a
computer scientist), who has the role of extracting the facts, the
knowledge, and the strategics with which the expert is applying his
knowledge on the facts. Most of the time, such approaches aimed at
studying a specific set of phonemes for a specific speaker [162), or a set of
phonemes in a specific context, like word initial singleton stop consonants
at MIT, for any speaker [174), or even some specific cues.

A problem lies in the fact that the expert, before applying his
rules, uses visual cues, which are difficult to represent by rules applied on
symbols. A way to avoid this visual perception problem, which deals with
computer vision, is to manually verify all features measured by the system
[174], or to take as entries a list of features given by the user as he "reads’
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the speech spectrogram. The expert system can take the initiative of
asking questions [162].

= Other approaches:

Apart from the "expert spectrogram reader” project, work was
conducted at MIT for segmenting and labeling speech by using a
knowledge-based approach [175). The segmentation process produces a

lti-level rep: ion, called a "d gram”, very similar to the scale-
space filtering idea used in other areas like computer vision [170). The
speech spectrogram is segmented in units of different levels of description,
from fine to coarse, the last segment being the whole sentence. This
process is based on the putation of a similarity b
dj using an Euclid di on the average spectral
vectors of each region previously delimited, and on the merge of similar
ones. Segmentation results were 3.5% deletion, and 5% isertion errors,
on 100 speakers. A phoneme lattice is then obtained by using a statistical
classifier. The lexical repr ion has different p iations for each
word. The result is a word lattice. On a 225-sentence (est, with an average
256 word vocabulary, considering the rank order of words starting at ?ﬁe
same place as the correct word, but having better scores, shows that the
correct word is first in 32% of the cases, among the 5 top candidates in
67% of the cases, and among the 10 top in 80% of the cases. The
corresponding allophone recognition rate is 70% (top choice) and 97% (5
top).

The "Angel" system was developed within the DARPA program,
as a speaker-ind d i speech, large bul iti

Alvey initiative, the task is Voice Operated Database Inquiry Systems,
accessible to casval users via the telephone network {173]. The DTW-
based continuous speech recogniser is linked to a frame-based dialog
control. The first version, VODIS I, was based on tight syntactic
constraints. In VODIS Ii, the goal is to weaken these constraints,
following the results of ficld trials with naive users. The recognition
process, including syntactic ints obtained from a context free
grammar, produces linked lists of words, from which a lattice of
alternative words can be generated. This lattice is parsed by a bottom-up
chart parser, and the best scoring alternatives resulting from that parse are
converted to a frame format, including the "nextbest" solutions. The
semantics and pragmatics of the task are applied to the frames to obtain
the best acceptable solution. At BBN, a Chart Parser is also used on 2
word lattice [13].

Another project concerns the use of oral dialogue for air traffic
controller training [102]. The DTW-based continuous speech recogniser is
linked to a frame-based knowledge representation. At one step of the
dialogue, a sentence is recognized by an optimal DTW algorithm, with a
weakly constrained syntax. Analysis of the sentence determines its
category and instantiates the corresponding frame, putting the words in
the frame slots. A validity control process using the semantico-pragmatic
constraints associated with the frame detects system or user errors. Error
correction can be made either by checking in a word confusion matrix the
words which can be confused with the ones that have been recognised, and
arc syntactically and semantically acceptable, or by running a new
recognition process on the same speech signal with different parameters,
or by generating af question to the user. Interpretation of the message

of

P y
system, Recognition was conducted by using location and classification
modules, which have the task of segmenting and identifying the
corresponding segments. The output is a phoneme lattice, with™ label
probabilities for each segr E: les of such dules are stop,
fricative, closure, or sonorant modules. The system was tested on the
DARPA Resource Management Database.

Some work has aimed at integrating the knowledge-based
approach with a stochastic HMM approach [56]. Others tend to use more
complex knowledge-based system architectures like the Specialist Society
structure [54], or the Expert System Society structure, with inductive
learning [35]).

Speech processing and Natural language

Now that speech recognition systems obtain acceptable results
under acceptable conditions (the size of the vocabulary is large enough to
allow for interesting applications, the pronunciation is continuous, and any
speaker can be recognized with little, or no training), one of the major
remaining difficulties is the link with the language that will be used in the

lication. This ! may contain structures which are not
in the syntax, words that are not in the lexicon, hesitations, stuttering, etc.
At the present time, demonstrations of advanced systems ask people to
read a list ini ptabl so that the sentences read
follow the syntax rules, and that only the acceptable words are used.

When a real user pronounces a sentence that has not been
foreseen by the syntax, the system gets into trouble. Of course, the less

gives a seq 0 ds to the Air Control Simulator, updates the
task context and the dialogue history.

Related progress in other areas of Speech Processing

Of course, since Vector Quantization was primarily designed for
low bit rate speech coding (around 800 bits/s), many applications of VQ
can be found in this area. There have been Segment Coding
experiments. Initially, the goal was to design a "phoneme vocoder”, taking
into account the fact that, if the initial PCM rate is in the region of 64
Kbits/s, the rate for tr itting ph after gnition would be in
the range of 50 Bits/s! Morcover, it may not be necessary to recognize a
phoneme string without errors, since the human "upper levels” could bring
out the higher leve! information that helps to recognize the sentence,
despite the phoneme recognition errors. Experiments conducted in
modifying the phonemes in a text-to-speech synthesizer in French [89]
have shown that an error rate of over 15% on the phoneme string, or even
a grave phoneme recognition error, could prevent the recognition of a
whole sentence. This gives some idea of the lowest acceptable phonemic
recognition rate, in a situation where speech understanding systems have
upper levels as powerful as humans (for an undefined semantic universe).

Interestingly, the first hods based on diph: ition
[149] did not result in an acceptable recognition rate, and thus good
enough transmission intelligibility. While new attempts to use segment
coding, without labelling the recognized segments, gave acceptable results,
with slightly higher transmissign rates (around 200 bits/s) [142]. As in the

constrained the syntax, the more the system is able to accept
that deviate from an a priori human description of the possible sentences.
But at the same time, the syntax gives less help in avoiding acoustic
recognition errors. This is the case when a trainable word-pair or bigram
grammar is used in place of a deterministic context-free grammar.

In the case of written text, training is feasible by using a large
enough amount of text data. For spoken dialog, such data is difficult to
obtain. Also, if in-depth "understanding” is not y for a text
dictation task, it is mandatory in a dialog task, where the system must
activate the appropriate response (answer generation, or corresponding
action). The link with Natural Language Processing is a necessity. The
problem then is that most of the NLP methods are usable in the case of
deterministic input (a clean error-free word sequence). In the case of
speech, the word sequence is ambiguous, both at the acoustic decoding
level and at the level of segmentation into words, and the "understanding”
process itself intervenes 1n solving those ambiguities! Few attempts fo
address this problem under realistic conditions can be identified. Also,
using information relative to the semantics or the pragmatics of the task
will reduce the generality of a system to the task where it is used.

Very few advanced systems integrating Speech Recognition and
Natural Language P ing can ioned. In the MINDS system at
CMU [172)], the goal is to reduce the perplexity of the language by being
able to g predictions on which pts could be d in the

parison of the model with VQ, it is also apparent here
that labelling should be carried out only when decisions can, and must be
made. Similar segments have been used for speech synthesis [112].

Vector and S Q izati hniques have been used in
speaker verification [161,57), and in voice conversion [1]. For Voice
conversion, the codebook of a speaker is mapped with the codebook of
another speaker, thus giving the correspondence for each prototype. When
the reference speaker pronounces a sentence, the Vector Quantization
process is applied, and each label is replaced by the label of the
corresponding prototype of the other speaker, thus resulting in the same
sentence pronounced with the timbre of the second speaker. This
approach is used by ATR to synthesize the translation to Japanese of a
sentence initially pronounced in English with the voice that the English
speaker would have if he actually spoke Japanese.

HMMs have been used in Formant Tracking, Pitch Estimate and
Stress Marking (for speech synthesis), speaker recognition, written
language recognition (in order to choose the adequate grapheme-to-
Phoneme conversion rules), character recognition, automatic translation,
ete,

As already mentioned, connectionist approaches have been used,

not only for grapheme-to-phoneme conversion, but also speech
h signal pr ing, prosody marker assignment in speech
A possible. future application is its use in multimodal man-

ety

next sentence during a dialogue, quently making pr on the
corresponding vocabulary and syntax. The information used is the
knowledge of problem-solving plans, the semantic knowledge on the
application domain, the domain-independ k ledge on speaking
mechanisms, the dialog history, the user expertise and also the user
linguistic preferences. The test and training sets were obtained from the
TONE database (NOSC, US Navy). The use of such information reduced
test set perplexity from 242.4 words (when solely using grammar) to 18.3
words. Using the SPHINX system, with 10 speakers, each pronouncing 20
in a speaker-independent mode, the word accuracy went from
82.1% to 96.5%, and semantic accuracy from 80% to 100%.
In the VODIS project conducted in the framework of the UK

Accompanying hardware

The venue of specialised Speech Processing chips has been of major
importance in the recent history of Speech Processing. Texas Instruments
initiated this process, with its LPC synthesis chip in the Speak’n Spell
electronic game.

Digital Signal Processing chips: DSP chips have allowed real time digital
processing of speech signals, with various transforms, thus bringing
consistent analysis, flexibility and higher integration. First examples of
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such devices were the 2920 from INTEL , followed by the NEC 7720.
More recent DSP circuits are those of the TMS 320 family, the AT&T
DSP16 and DSP32, the MOTOROLA DSP56000, the ADSP-2100 from
Analog Devices, etc. While the first circuits allowed only for fixed-point
computation, the more recent ones, like the TMS 320C30 [164], the
DSPS56000 {158] or the DSP32 {18}, permit floating-point computation.

- DTW chips: DTW chips are chips specialised in computing Dynamic
Programming algorithms. As these algorithms ret‘:)ire much computing
power, it is g to have devices that do it fast. This allows for a larger
vocabulary, or improves the quality of the systems, by permitting the use
of optimal algorithms. NEC proposed its “chip set" for Isolated Word
Recognition (NEC 7761-7762) in 1983. They also presented a Connected
Word DTW chip (NEC 7764) at that time [61]. At Berkeley, a chip was
developed for the recognition of 1,000 isolated words in 1984 [67). A new
chip is now under study, at Berkeley and SRI, for the recognition of 1,000
words, continuous speech, that should be able to execute the Viterbi
algorithm for discrete HMMs with a speed of 75,000 to 100,000 arcs per
frame in real time [107]. VECSYS [128] and AT&T [51] propose DTW
chips with comparable power. The MUPCD from VECSYS is announced
for 70 MOPS (Million Operations per Second), recognizes 5,000 isolated
words, or 300 words, continuous speech, in real time. The GSM (Graph
Search Machine) from AT&T is announced for 50 MIPS (Million
Instructions per Second). It has also been tried for recognition using the
Hopfield Net [109].

- ial archi : The need for computing power may lead to special
architectures. By developing its proprictary "Hermes" chip, that was
integrated in its PI board which could fit in an PC-AT bus, IBM was able
to present in 1986 a system that ran in 1984 on 3 Array processors, an
IBM 4341, an Apollo workstation (and a PC!), with greater impact, and
the proof that HMMs were not only a mathematical tool reserved for
mainframe addicts !

At CMU, the SPHINX system benefited from the BEAM
architecture (3,000 arcs per frame in Real Time) [17]. The Level Building
algorithm has been installed at AT&T on the tree structured ASPEN
system [52]. The interesting parallel features of transputers also lead to
new results [28]. However, the size of the effort necessary to install
software on a special architecture with non-standard high level languages
should be proportionate to the expected increase in performance. C or
vectorised C ilers are d on the archi ioned

P prop
a

Assessment

One of the major failures of the ARPA-SUR project, conducted
from 1971 to 1976, was that at the end the systems were found to be
difficult to compare, since they were tested on completely different
languages, having different difficuity, and completely different tasks. Only
different systems coming from the same laboratory were compared on the
same data (such as HEARSAY and HARPY at CMU). The problem was
that in the initial call for proposals, only the size of the vocabulary was
given, not the difficulty of the language. In the present DARPA project,
special emphasis has been put on the definition of assessment

hodology, and the corresponding speech data bases, thus resulting in
regular testing and comparison of the systems on the very same data. This
is true both for ing the imp during the develop! of a
system, and comparing results obtained in different laboratories having
slightly, or very different approaches.

Measuring the a priori difficulty of a language to be recognized is
difficult. It includes both the constraints brought about by the syntax, and
the acoustic similarity of the words, if they can be uttered in the same time
slot, that is if they are present at the same node of the syntax. The
perplexity of the language gives its difficulty regardless of the acoustic
similarities between words. It can be computed from the entropy of the
language. This is easily achievable for a syntax given by a finite state
automaton. If the syntax is local, like bigrams or word pairs, it has to be
computed according to the test data (test set perplexity) [68].

To test a recognition system, the basic idea is to build a large test
corpus, and to test all the systems on that test set. Texas-Instruments (TT)
has been among the first to make large speech databases. In France, the
CNRS-GRECO has followed. The NATO RSGI10 group built a

Htili | datat in 1980. Depending on the size of the database, and
on the performance of the system, the accuracy of the results will be more
or less meaningful.

Test methodology is also of importance. The scoring technique
itself should be carefully defined. In continuous speech, different errors
may occur: substitutions (a word is recognized in place of another one),
inscrtions (a word is recognized when nothing was pronounced) and
deletions (nothing is recognized, whereas something was pronounced).
Two performance measures are proposed. The "Percent Correct® which
refers to the input word strings, and checks how many input words are
correctly recognized. Thus, it does not take into account the insertion
errors. The other measure, called "Word Accuracy”, considers the three
different types of errors. The addition of those three types of errors can
lead to negative recognition rates (the recognition of “You need" instead
of "unit" counts for two insertion errors (or one substitution and one
i ion) for the p iation of a single word, for example). Software

for the automatic extraction of scoring results has been designed by NIST
(National Institute of Standards and Technology, formerly NBS (US
National Bureau of Standards)) based on DTW, and is used to test the
systems designed in the present DARPA project {118]. At the present
time, NIST in the USA is continuing its effort in that direction. At the
European level, the SAM project is aiming at the definition and use of
Iarfc multilingual databases. A similar effort is under way in Japan. The

following tables give examples of systems that have been tested.
Lab System Speaker  Voc. % Word Date
7 ped tiad Corr. Act.
CMU Hearsay dept 1011 45 8% 1977
MU Harpy  dept 1011 45 9% 1977
IBM Laser dept 1000 2 91.1% 88.6% 1980
BBN BYBLOS  dept 97 60 94.8% R25% 1987
BBN BYBLOS  dept 97 0.1% 67.6% 1987
PSL SPICOS  dept a7 7 % 92 1
CSELT CSELT dept 1011 33 790% 1988
CMU ANGEL  indept 997 97 455% 41.0% 1986
TI TI inde| 997 997 555% 44.3% 1987
SR SRI indept 997 97 43.6% 404%
CMU SPHINX  dept 97 20 96.9% 958% 1988
CMU SPHINX  dept 97 60 94.9% 958% 1988
CMU SPHINX  dej bl 97 765% 95.8% 1988
SPHINX  indept 997 20 2% 95.8% 1988
CMU SPHINX indept 997 60 94.7% 93.7% 1988
MU SPHINX  indept 997 997 4.2% 70.6% 1988
Lincoln Lincoln dept 91 60 94.5% 1988
Lincoln Lincoln dept 91 991 80.7% 1988
Lincoln Lincoln indept 991 60 .9% 1988
Lincotn Lincoln indept 91 66.1% 1988

Table 1: Large Vocabulary Continuous Speech Recognition Systems
(After K'F. Lee {83, 122], PSI: Philips-Siemens-IPO, For TI resuits, only
Male Voice has been tested))

Lab System  Speaker Voc.  Pxty  Word sent. Date
Ace. cort.
Lincoln Lincoln d:‘fvt 991 60 945% 68.0% 1988
Lincoln Lincoln indept 991 60 89.9% 573% 1988
Table 2: Recoguition rate ¢ d to Word Accuracy [122]
Lab System  Speaker Voc.  Pxty % Date
Correct
IBM Tangora dept 5000 160 1% 1986
IBM Tangora dept 20000 250 0459 1987
Dragon  Dragon dc‘rl 97 21 98.6% 1988
writer  indept 2+ 919% 1988
INRS INRS dept 75000 67 895% 1988

Table 3: Some Large Vocabulary Isolated Word Recognition System
Results (with L Model) (* for obeying gr )
[38,154,64,141]

- Results on phoneme recognition:

Using a model very close to the one that was used in the SPHINX
system, KF. Lee at CMU tried on Speaker-Independent Phone
recognition in continuous speech. The test database is the TIMIT
datab 2830 from 357 sp were used for training, and
160 sentences by 20 speakers for testing. The overall model is a Looped
Phonetic Model (LPM), the best results being obtained with right-context-
dependent phone models. A bigram phone model can be used to give the
probability of two-phoneme successions. A unigram model giving the
probability of one phoneme has also been iried [81]. Comparable test
experiments have been conducted at IBM-Paris Scientific Center, in
speaker-dependent mode, with MMI training and a phoneme bigram
E\;;)]del {104], and at Helsinki University, with the Feature Map approach

Type of SPHINX IBM-F Helsinki
error (Indpt) (Depty (Dept)
Correct 738% 84.8% 15%- X%
Substitutions 19.6%

letions 6.6%
Insertions 1.7% 4.18%

Table 4: Phoneme Recognition Rates and types of errors

Class % correct Phone % correct
Lang. Mod.

sonorant 65.7% bigram 8%

:lpprve %222 unigram 4%

ricafit 4 69.

closurc 93.3% none %

Table 5: SPHINX Phoneme Recognition Rates by broad phone class, and
depending on the phone language model used [83]

How did the ICASSP conferences refl i nture ?
Most of the referenced papers in this article have been found in

the proceedings of the past 13 ICASSP conferences. This shows how much
the ICASSP conference, from the first one in 1976, in Philadelphia until
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the 14th in 1989 in Glasgow has been the annual meeting of the
international speech community. Since the fu-st IC.ASSP 2,000 papers
have been published on speech p! g (anal

coding or enhancement, and spcaker and | Ianguagc recogmtmn) [100]).

The variation in the total number of papers shows that each time
the ICASSP conference goes outside the US, it gained in the number of

pers for the follor year. The number of papers on Speech Processing
E:s always rcpr::sel:vtv:ég about onc third of the total number of papers.

If one considers the individual countries, 138 countries have
produced papers, but 7 countries (USAI Japan, France, UK, FRG, Italy
and Canada) ublished 90% of the p:

Ergest share of the pubhcanon of papers goes to the US,
which produced half. Europe is responsible for about one fourth, and
Japan for one eighth.

This share can vary dramatically when the conference takes place
outside the US, as it appears in 1982, when it first left the US for Paris
(40% for the US and for Europe), in 1986 when it went to Tokyo (about
30% for US, for Europe and for Japan), or this year in Glasgow.

The number of laboratories varies from country to country. About
150 laboratories produced papers in the US, 120 in Europe 40 in Japan,
and 70 in the other mun!ncs, for a total of 380 laboratories.

The 11 | ics that have published the most (AT&T Bell
Labs with 10% of the whole, BBN, MIT, Lincoln Lab, CMU, IBM-
Yorktown, NTT, TI, CNET, CSELT "and Gcorgla Tech) are responsible
for 30% of the papers.

‘onclusion

We have seen that interesting improvements can be reported
from the recent results in Speech Recognition. To summarize, the use of
Iargr, speech databases, with elaborated learning procedures, can allow for
speak contil -speech g witl y
results, if one considers word accuracy. At the same time, the phoneme
recognition rate also attains a quality level that may make large
performance recognition systems possible. Hidden Markov Models have
proved to be powerful fools. Connectionist Models may bring new
possibilities and improvements. The link with Natural Language
Processing is now a necessity, in order to determine how robust the
systems are when they process fluent speech in real applications, and how
to make them usable.

Some lmpnrtanl results have been found: there is no need for a
priori semcmahon, as an implicit segmentalmn is made in the
recognition process itself. The more data for training, the better the
recognition results. As it is easy to have data from many speakers,
speaker-independent recognition can be achieved with almost as good
results as speaker-dependent recognition, even if the difficulty of the task
is higher.

The introductory remark on using human expertise vs self-
organization may mean that we will be able to create systems with good
performance, without being able to actually understand in detail how they
work, )ust as humans are able to use their percepuon, action and
reasoning abilities without understanding the way it works (if we did, the
knowledge-based approach would be trivial). However, as the system uses
a model, the study oFthe parameters in the model after it has been trained
on the data base, may help understanding what the underlying hidden
structures are.

The past results give us confidence that the next ICASSP
conferences will continue to%nng exciting results, as they have done in the
recent history of Speech Recognition.
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